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Executive summary  
The ADEPT Cancer Imager (Phase II Final Report) 

 Agent-dependent early photon tomography 

Our	 Vision is for the ADEPT system to become an essential tool in every hospital’s cancer pathology lab and 
throughout the drug-development labs of every pharmaceutical company and academic medical center. The ADEPT 
system’s molecular sensitivity for imaging 0.5-1cm tissue will directly help to prolong the lives of cancer patients and 
improve their quality of life by identifying cancer early and by enabling life-saving drugs to be brought quickly to the 
market. 
Narrative. Almost 40% of the human population will develop cancer during their lifetime. The vast majority of solid 
cancer management employs some analysis of tumor and tissue biopsies to stage and guide treatment of cancer; however, 
current tissue pathology employs archaic protocols that only allow evaluation of less than 1% of the total tissue volumes. 
The ADEPT system that was developed from scratch upon awarding of the Nayar Prize in October 2015, provides an 
unprecedented means of visualizing whole tissue biopsy specimens in three-dimensions at a resolution that opens the door 
to a number of transformative clinical and preclinical applications. In phase II of the Nayar Prize, we laid the foundation 
for maturing two impactful applications in cancer medicine: (1) Improving the detection sensitivity of cancer spread to 
lymph nodes for cancer staging, and (2) Improving the mapping of tumor molecular heterogeneity. Efforts were separated 
into the following specific aims. 
Specific	Aims. The overarching aims of the Nayar Prize were to: 

1. Build a prototype optical imaging system (ADEPT) capable of ~100 micron resolution in ~1 cm sized tissues 
(completed in Phase I; Image A) 

2. Demonstrate that ADEPT was capable of detecting levels of cancer in excised lymph nodes that would not generally 
be detectable by standard lymph node pathology (completed in Phase II; Image B) 

3. Demonstrate that ADEPT can provide the first method to map molecular heterogeneity in tumor specimens and 
preclinical animal models (completed in Phase II; Image C)  

Summary	and	Highlights. Achievement of the Specific Aims is detailed in the following report and further reported 
in a total of 11 manuscripts (7 published, and 4 under review) and 5 PhD dissertations. The impact of the findings is 
further exemplified by our securing of a $500,000 NSF CAREER grant (for which preliminary data was a direct product 
of the Nayar prize) that will fund a lymph node clinical study out to January 2022.  

 
Guide	to	the	final	report. To aid conveyance of the 3 years worth of work accomplished in from the Nayar Prize 
funding, we have organized this report in layers, providing next an extended project summary (5-page report), followed 
by a relatively detailed Project Description (focusing on the background and motivation for the specific aims) and a more 
detailed categorization of the Project Achievements. Supplementary information includes more detailed lists of grants, 
scholarship, outreach, curriculum vitae for the project leaders, and copies of all Nayar related peer-reviewed publications.
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Extended project summary (Narrative) 
Project Objective and Innovation: Almost 40% of the human population will develop cancer during their 
lifetime. Clinicians and researchers agree that advancements in two key areas—earlier detection/diagnosis and drug 
development—will be required to significantly reduce the impact of cancer on society. To address this critical need, the 
overall objective of this Nayar Prize project was to develop a new medical imaging technology (the ADEPT cancer 
imager) that can (1) accurately measure the stage of a patient's cancer in tumor draining lymph nodes, so as to catch the 
most aggressive and dangerous cancers before it is too late to treat them; and (2) ) improving the mapping of tumor 
molecular heterogeneity so as to identify promising new drugs during the initial “preclinical” (animal research) phase of 
development, in order to get better drugs to patients more quickly. Advances in these areas will allow patients to live 
longer and healthier lives, benefitting not only the patients, but also their families and friends, and society as a whole. 
Therefore the aim of this project was to design an imaging system and protocol that can fill a technology gap allowing 
accurate imaging in mesoscopic (~100 um resolution in 1 cm tissue specimens) domain. Innovation: We have completed 
the development and preclinical evaluation of a novel agent-dependent enhanced optical projection tomography 
(ADEPT) imaging system and protocol. The ADEPT combines advances in two areas in which our team has long-
standing expertise: 1) optical projection imaging where we have used time-domain9,10 and angular-domain restriction to 
minimize the number of detected multiply scattered photons that add to imaging blur in tissue samples greater than 100 
µm in thickness; and 2) “paired-agent” molecular imaging, which can quantify targeted biomolecule concentrations 
through co-administration of targeted and untargeted/control imaging agents. I.e., the control agent permits correcting for 
the influence of tissue perfusion and non-specific uptake/retention of the targeted agent, so that specific binding can be 
accurately computed. These methods have been spearheaded by PI Tichauer5,6,8,11-31. 
Summary of achievements during Nayar Prize I (Phase I and II)  (See Project Achievements for 
more details): To deliver project objectives we have identified milestones for Phase I and Phase II of the Nayar Prize as 
follows: 
Phase I (Complete): Develop, optimize, and construct the ADEPT system, and demonstrate it has the technical 
characteristics needed to improve medical practice and lead to meaningful health outcomes. We demonstrated 
theoretically and experimentally that the ADEPT system is able to see details down to a resolution of  ~100 microns 
within ~1-cm-diameter tissues (see Nayar Prize Phase I report). This is critical for analyzing cancer tissue specimens and 
in preclinical animal studies of new drugs.  
Phase II (Complete): Demonstrate, in biological tissue, that the ADEPT system is able to: (1) provide a more sensitive 
method to stage cancer by mapping microscopic cancer spread in tumor-draining lymph nodes; and (2) improving the 
mapping of tumor molecular heterogeneity therefore enabling future evaluation of drug efficacy and its relationship to 
genetic/molecular variability within the cancers of human patients. These Phase II efforts allow us to translate the 
technological developments from Phase I to real-world applications in human patient studies and drug development 
studies.  
Specifically we demonstrated in a collection of peer-reviewed publications (and submitted articles), that the ADEPT 
system can offer: 

1) Excellent sensitivity in detecting microscopic cancer invasion into tumor draining lymph nodes (see Project 
Achievements). Note: the levels of cancer observed would only be detectable ~60% of the time with 
conventional lymph node biopsy. This can lead to a paradigm shift in how pathologists evaluate tissue 
specimens for cancer, allowing rapid and accurate assessment of cancer stage, which in turn will have its 
greatest impact in allowing more aggressive cancers to be identified early when therapies have greater chances 
of being successful.  

2) Unprecedented insights into genetic variability of cancer (thought to be the primary factor in drug resistance) in 
live animal models of human cancer where preliminary drug testing is carried out. The ADEPT system’s ability 
to monitor and visualize the molecular environment of cancers at sub-100-micron spatial resolution, before and 
after cancer drug delivery, will illuminate the connection between cancer variability and drug efficacy to 
identify and fast-track better drugs. 

Societal Impact: A quantitative means of spatially mapping and monitoring variability in the molecular environment of 
cancers, as uniquely offered by the ADEPT system, will have a major impact in many critical applications for human 
health. We selected the following two applications as the most promising and impactful to focus on in this project: 1) The 
primary means of staging a patient’s cancer in breast, melanoma, and head and neck cancer (populations that include ~4 
million individuals in the US alone) is through lymph-node biopsy; however, studies estimate that cancer spread goes 
undetected in 40% of these patients that have advanced metastatic disease.2 ADEPT has the potential to significantly 
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improve identification of these patients. Patients with more aggressive cancers that have begun to spread from the 
primary tumor require more aggressive therapies. ADEPT can provide a more sensitive evaluation of cancer invasion in 
tumor draining lymph nodes to identify patients at the early stages of high-risk metastatic disease when treatment can be 
more effective.  2) Broadly speaking, more than 30% of all cancers (1.7 million new cases each year in the US) eventually 
advance to a stage that is resistant to conventional chemotherapy.32 ADEPT can improve discovery of new drugs 
designed to overcome this resistance and can evaluate their efficacy at the preclinical stage, allowing the most 
promising drugs to be fast-tracked to clinical trials. This will help patients by getting better drugs to the clinic quicker, 
and will reduced costs of drug development. The amortized development cost for an approved drug is about $1 billion 
with 95% of this cost resulting from drugs that fail in clinical trials and never get to market. Preventing clinical trials that 
lead to a dead end is a key implication of our technology. 
Project Benefits to IIT; Commercialization potential. The funding from the Nayar Prize led to major technological 
advances of ADEPT: specifically, the uncovering of a novel way to greatly enhance visible detail by detecting extremely 
rare “early photons.” This new imaging technique can lead to a paradigm shift in how human tissue pathology analysis 
and drug discovery studies are carried out. As such, it has the potential to become a mainstay of the clinical pathology 
field and pharma labs worldwide, which is a multi-billion dollar industry. With such marketing potential, we pursued a 
patent application with IIT’s tech transfer office and submitted a Provisional U.S. Patent Application entitled, “Apparatus 
and method for enhanced early photon detection in optical projection tomography and paired-agent 3D fluorescence” 
(IIT-308-P; see attached).  
Academic visibility. In addition to the commercialization potential, this project brings IIT strong academic visibility. We 
have been exceedingly productive in advertising our Nayar Prize funded accomplishments at IIT through 11 peer-
reviewed publications in only 3 years that are direct products of Nayar Prize Phase I&II funding (6 published 
manuscripts, 1 review article, and 4 submitted manuscripts), 5 PhD dissertations, in addition to 5 full-length conference 
proceedings, 35 conference presentations (22 of which were awarded competitive oral presentations with at least 50 
scholars attending each), and 11 invited presentations. We had direct interaction and discussion with a number of 
investigators, students and scholars interested in biomedical imaging and cancer research from around the country 
including Harvard, Duke, UCLA, Massachusetts General Hospital, Georgia Tech, University of Michigan, University of 
Chicago, Yale, Emory, Vanderbilt, etc. (See section on Scholarship for an in depth list). Prior work by our group that 
tested a clinical application in animal studies was so significant that it garnered publication in Nature Medicine (impact 
factor: 28.054), the top preclinical medical journal in the world8 and we expect similar impact publications upon 
completion of future clinical studies. 
Outreach. Over the 3 years of this project, we have had 22 undergraduate and high school student research projects 
funded by the college and the National Science Foundation for work on the ADEPT project. 8 of these students received 
recognition for the quality of their work (2 first place prizes, and 3 second place prize at the IIT Armour R&D Expo, 
1 second place prize at the IIT Research Day, and 1 Jay Hoffmann Memorial Award for the high school student at a 
State-wide competition). Moreover, Dr. Tichauer has been involved with the Chicago Military Academy to develop a 
program to expose minority youths in the Chicago South Side to the STEM fields (see Outreach for more details). 
Federal funding. Over the 3 years of this project we have secured additional funding through (1) a presitgious NSF 
CAREER Award, that was directly focused on the ADEPT work and will support the project until January 30, 2022, to 
allow us to complete our proposed clinical study; (2) subcontract work on 1 NIH R21 and 1 NIH R37 that is supporting 
the mathematical modeling aspects of the ADEPT work, and (3) a $2.1million NIH R01 led by PI Brankov to take breast 
cancer imaging with Phase-contrast to the clinic. For more details on these awards, see Grants for more details. 
Immediate Future. Clinical Study. We are in collaboration with clinicians at UChicago and Sanford Research to carry 
out a direct comparison of ADEPT-guided lymph node biopsy against standard lymph node biopsy. This work will be 
supported by the secured $500,000 NSF CAREER grant that was funded for 5 years, starting April 2017 
Commercialization. In light of the ADEPT system’s commercialization potential, simultaneously with NIH translational 
research grants we will also seek NIH funding through the Small Business Technology Transfer (STTR) program, also 
known as America’s Seed Fund. The STTR program funds early stage small businesses, in collaboration with a research 
institution (IIT in this case) to commercialize innovative biomedical technologies. This funding will allow us to push the 
ADEPT imager toward real-world impact and hopefully make it an essential imaging instrument in every cancer 
pathology and drug development lab. 
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Extended project summary (Scholarly accomplishments) 

Awards 
NSF CAREER 1653627, “Development of Enhanced Early Photon Tomography for Cancer Staging,” 02/15/17-

01/30/2022, $568,245. (P.I. Tichauer) 
• This grant was awarded based on the prototype system and preliminary data acquired during Nayar Prize 

Phase I. In this proposal the basic outline of the Nayar Prize Phase II Proposal was extended with additional  
theoretical development and inclusion of  the clinical study. It has provided additional funding for the Nayar 
Prize work since April 2017, and will continue to support this work out to January 30, 2022 proliferating impact 
of the Nayar Prize. The grant was awarded with a score of “Highly Competitive” by a 20+ member review 
panel of established experts in the field of Biophotonics. Comments included: “The application addresses an 
important problem in human health.” “The PI is well qualified and has all the right collaborations in place to 
carry out the work.” “The experimental plan is well developed.” “The validation of the approach through Monte 
Carlo simulations is sound.” “The proposal presents some compelling preliminary results for observing cancer 
cells in the lymph nodes of mice using the two color approach and there is confidence in success of the 
approach.” 

Patents 
Kenneth M. Tichauer, Jovan G. Brankov, Lagnojita Sinha, “Enhanced early photon paired-agent 3D fluorescence 

mesoscope,” provisional patent submitted. Filed, 2017-04-26 US15497407. 
Publications 
(6 manuscripts, 1 review paper, 1 book chapter, 4 submitted manuscripts, 5 full-length conference proceedings, and 35 

conference abstracts Acknowledging Nayar Prize Support; for brevity, only the archival publications with 3-4 
reviewers per publication are listed*) *All of these are provided in the supplemental to provide highly detailed 
support of the work completed. 

1. Lagnojita Sinha, Jovan G. Brankov, Kenneth M. Tichauer. Enhanced detection of early photons in time-domain 
optical imaging by running in “dead-time” regime. Optics Letters, 41(14), 3225-8, 2016. 

2. Negar Sadeghipour, Scott C. Davis, Kenneth M. Tichauer. Generalized paired-agent kinetic model for in vivo 
quantification of cancer cell-surface receptors under receptor saturation conditions. Physics in Medicine and 
Biology, 62(2), 394-414, 2017. 

3. Xiaochun Xu, Yu Wang, Jialing Xiang, Jonathan T. C. Liu, Kenneth M. Tichauer. Rinsing paired-agent model 
(RPAM) to quantify cell-surface receptor concentrations in topical staining applications of thick tissues. Physics 
in Medicine and Biology, 62(12), 5098-113, 2017. 

4. Soyoung Kang, Yu Wang, Xiaochun Xu, Eric Navarro Comes, Kenneth M. Tichauer, Jonathan T. C. Liu. 
Microscopic investigation of topically applied SERS NPs for Raman-encoded molecular imaging of fresh tissue 
specimens. Journal of Biophotonics. 11(4), e201700246, 2018. 

5. Lagnojita Sinha, Morgan Fogarty, Wei Zhou, Andrea Giudice, Jovan G. Brankov, Kenneth M. Tichauer. Design 
and characterization of a dead-time regime enhanced early photon projection imaging system. Review of 
Scientific Instruments, 89(4), 043707, 2018. 

6. Negar Sadeghipour, Scott C. Davis, Kenneth M. Tichauer. Correcting for targeted and control agent signal 
differences in paired-agent molecular imaging of cancer cell-surface receptors, Journal of Biomedical Optics, 
23(6) 066004, 2018. 

7. Chengyue Li, Veronica C. Torres, Kenneth M. Tichauer. Noninvasive detection of cancer spread to lymph 
nodes: a review of molecular imaging principles and protocols. Journal of Surgical Oncology. Accepted May 6, 
2018 (Reference: JSO-2018-0259.R1) 

Under review 
8. Veronica Torres, Chengyue Li, Todd Wilson, Jovan G. Brankov, Kenneth M. Tichauer. Angular restriction dual 

fluorescent optical projection tomography to guide lymph node sectioning. Optics Letters. Submitted October 
16, 2018. 

9. Lagnojita Sinha, Chengyue Li, Francesc Massanes, Kenneth M. Tichauer, Jovan G. Brankov. Comparison of 
time- and angular-domain scatter rejection in mesoscopic optical imaging: a simulation study. Biomedical Optics 
Express. Submitted October 11, 2018 (Reference: 348108)  

10. Soyoung Kang*, Xiaochun Xu*, Eric Navarro Comes, Yu Wang, Jonathan T. C. Liu, Kenneth M. Tichauer. 
Modeling the binding and diffusion of receptor-targeted nanoparticles topically applied on fresh tissue 
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specimens. (*authors contributed equally). Physics in Medicine and Biology. Submitted August 31, 2018 
(Reference: PMB-107875). 

11. Chengyue Li, Xiaochun Xu, Nathan McMahon, Omar Alhaj Ibrahim, Husain Sattar, Kenneth M. Tichauer. 
Paired-agent fluorescence imaging of sentinel lymph node metastases using indocyanine green as a control agent 
for antibody-based targeted agents. Contrast Media & Molecular Imaging. Under Revision October 1, 2018 
(Reference: 7561862). 

Ph. D. Dissertations 	
1. Lagnojita Sinha,  Summer 2018; “Improving Spatial Resolution in Optical Projection Imaging by 

Rejection of Multiply Scattered Photons” 
2. Xiaochun Xu,  Fall 2018; “Mathematical Modeling for Optimization of Breast Cancer Margin 

Detection Using Nanoparticle Staining” 
3. Negar Sadeghipour,  Fall 2018;  “In Vivo Prediction and Monitoring of Cancer Therapeutic Efficacy 

Using Paired-agent Molecular Imaging” 
4. Veronica Torres  Fall 2019; “Whole tissue molecular biopsies with enhanced fluorescence projection 

tomography”  
5. Chengyue Li  Fall 2019;  “Microscopic detection of cancer spread to sentinel lymph nodes using 

paired-agent fluorescence molecular imaging” 
Outreach & Education 
5 thesis dissertations, 2 graduate students, 22 undergraduates, and 1 high school student have carried out work on the 

ADEPT project since it was initiated by the Nayar Prize funding. Their work led to 11 manuscripts, 5 conference 
proceedings, and 35 conference abstracts, all acknowledging support from the Nayar Prize. For a full list of 
proceedings, abstracts, undergraduate projects, and invited presentations, see Scholarship section. 

Industry outreach 
1.  Talked to representatives from Johnson & Johnson, serial entrepreneurs (Brandon Pearlman & Sandeep Sull), and a 

startup support company for guidance on commercialization. 
2.  Selected to be part of IP2Startup Program hosted by the National Council of Entrepreneurial Tech Transfer 

(NCET2), where 2 Fortune 500 Corporate Members and 3 Startup Development Officers have expressed interest in 
meeting with us. 

Tangential awards to Nayar Prize work: 
1. NIH/NCI R21 CA1215561, “Kinetic modeling of multiplexed SERS nanoparticles for quantitative molecular phenotyping 

(QMP) of breast cancer,” Jonathan Teng-Chieh Liu, P.I.; 04/01/17-03/31/19, Total grant: $438,075; Subcontract: $187,742. 
(Tichauer is Subcontract P.I.) 
Kinetic modeling work used to optimize lymph node and tissue biopsy staining for breast cancer applications (including 
ADEPT imaging) was awarded funding through to March 2019 by a collaborative R21 led by Assoc. Prof. Jonathan Liu at 
the University of Washington. 

2. NIH/NCI R37 CA212187, “Paired-agent imaging for resection during surgery (PAIRS) for head & neck cancers,” 
Kimberley Samkoe, P.I.; 12/04/17-11/30/22, Total grant: $1,823,350; Consultant contract: $50,000. (Tichauer is a consultant) 
The goal of this grant is to take paired-agent imaging to the clinical practice for guiding resection of head & neck cancers. 
Dr. Tichauer is a consultant on this grant as he provides Kinetic modeling support to the grant, particular with respect to 
quantifying and overcoming the effects of heterogeneity in targeted receptor expression, to maximize the amount of 
identifiable cancer despite heterogeneity. As there is a focus on heterogeneity, the finding from this work have been 
directly translatable to specific objective 2 of Phase II of the Nayar Prize 

3. NIH/NIBIB R01 EB023969, “Analyzer-based phase contrast imaging system development and evaluation,” Total grant: 
$2,500,000; 07/15/18-04/31/22. (Brankov is P.I., Tichauer is a key personnel) 
Through Brankov’s demonstrated expertise in photon imaging system development and Tichauer’s support in breast cancer 
models to system testing, the leaders of the ADEPT team have secured long-term substantial funding to support the 
optimization and application of an improved method for breast cancer screening (lower dose and higher sensitivity and 
specificity compared to mammography) using phase contrast computed tomography. The general outline of this work (system 
development, evaluation, clinical study) is nearly identical in structure to our Future goals for the ADEPT Project. We plan to 
augment the Nayar Prize work funding further through NIH R01 funding that will be built on the foundation of Tichauer’s 
CAREER along the structure of Brankov’s recent R01. 

  



	 5	

Research team  
Leadership Team: Ken Tichauer, PhD (Associate Professor, BME) and Jovan Brankov, PhD (Associate Professor, 
ECE) 
Postdoctoral Fellow: Wei Zhou, PhD (ECE) 
Graduate Students: Lagnojita Sinha, PhD (Graduated Summer 2018, BME), Veronica Torres, BSc (PhD Candidate, 
BME), Chengyue Li, MS (PhD Candidate, BME), Negar Sadeghipour, BS (PhD Candidate, BME), Clover Xu, MS 
(PhD Candidate, BME), Oriol Caudevilla, MS (PhD Candidate, ECE), Francesc Massanes, MS (PhD Candidate, 
ECE) 
Undergraduate and Masters Student Contributors (Current Location in Italics): Todd Wilson (Masters 
Program, ECE), Shengxuan Chen (Senior, BME), Jodi Curtin (Senior, BME), Christopher Beluska (Senior, BME), 
Dawid Walus (Project Engineer, Fresenius Kabi), Kushal Herur (Electrical Engineer II, Boston Scientific), Rina Sha 
(Masters, BME) Morgan Fogarty (Research Technician II, MGH/HST Martinos Center for Biomedical Engineering), 
Bhavya Dasari (Senior, BME), Diana Velasquez (Junior, BME), Yusairah Basheer (Senior, BME), Chandrika Haldar 
(Sophomore, BME), Eric Navarro Comes, BSc (PhD Candidate, ECE), Dongyang Li, MSc (QC Associate, Charles 
River Laboratories), Aishwarya Ghosh (Masters, BME), Vasundhara Agrawal (PhD Candidate, Northwestern 
University), Nirja Shah (Validation Engineer I, Baxter International Inc.), Kristin Wills (Senior, BME), Ilma Lodhi 
(Senior, BME), Conner Wiebel (Process Engineer, AveXis, Inc.), Omar Alhaj Ibrahim (Data & AI Consultant, 
Microsoft). Raul Pivoto Goncalves (BME undergrad, Santa Rita do Sapucai, Minas Gerais, Brazil) 
Collaborators/Consultants: Husain Sattar, MD (Associate Professor of Pathology, University of Chicago; Breast 
Cancer Pathology Support), Kristi Egland, PhD (Sanford Research, U South Dakota; Cancer Molecular Biology), 
Jesse Dirksen, MD (Breast Cancer Surgeon, Sanford Health), Sunil Singhal, MD (William Maul Measey Associate 
Professor in Surgical Research, University of Pennsylvania; Thoracic Surgery), Kimberley S. Samkoe, PhD (Assistant 
Professor, Dartmouth College; Molecular Imaging), Scott C. Davis, PhD (Assistant Professor, Dartmouth College; 
Biomedical Optics), Jonathan T. C. Liu, PhD (Bryan T. McMinn Associate Professor of Mechanical Engineering, 
University of Washington; Optical Engineering and Imaging Agent Diffusion Modeling), Jialing Xiang, PhD 
(Professor of Biology, IIT; Cancer Biology), David Song, MD (Chairman of Plastic Surgery, Georgetown University; 
Breast Reconstructive Surgery), and Rajendra Mehta, PhD (Professor Emeritus of Biology, IIT; Cancer Biology). 
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Project description (Technical) 

Background details and motivation are provided below for the two overlapping but 
distinct projects: 1) Lymph node imaging, and 2) tumor heterogeneity mapping. 
 
1) Lymph node imaging 
 
Motivation: The primary means of staging a patient’s cancer in breast, melanoma, and head and neck cancer 
(populations that include ~4 million individuals currently in the US alone) is through lymph-node biopsy, as the lymphatic 
system is the primary route for cancer spread (metastasis).33 However, pathologists generally examine less than 1% of the 
volume of each lymph node volumes by hemotoxylin and eosin staining of ~5-µm-thick slices taken every 2 mm. This 
method was developed to miss no “macrometastases” (arbitrarily defined as clusters of tumor cells with diameter >2 
mm).34 Yet, for tumor cell clusters <2 mm in diameter, the probability of missed detection increases with decreasing 
cluster size, and estimates of undetected micrometastases (0.2-2 mm diameter) using conventional methods range from 
30-60%.35  

 
Figure 1. Standard and proposed sentinel lymph node biopsy (SLNB) procedures. Once lymph nodes are removed (steps A-C), this project proposes 
to utilize ADEPT imaging to rapidly scan the lymph node (step D) for tumor burden, helping detect micrometastases and guide subsequent pathology 
(step E-G). Hematoxylin and eosin staining allows visual analysis by a trained pathologist to detect cancer (G). 

Our scientific premise, demonstrated in preliminary simulation and experimental results, is that ADEPT will provide 
>95% detection and localization of 0.2-mm-diameter micrometastases (smallest considered clinically significant35) in 1-
cm-diameter lymph nodes in 15 min imaging time (including acquisition (~1 min), tissue staining/rinsing (~10 min) and 
image reconstruction  (~1-4 min)). Preliminary results of clinical application are conservative since the breast nodes range 
from 0.3-1 cm and micromets, 0.2-2 mm. As part of the Nayar Prize, we have methodically designed, optimized and 
evaluated the ADEPT methodology and evaluated its potential clinical utility that will be taken forward in a clinical study 
funded by an NSF CAREER Award out to January 30, 2022. In the future clinical study, we will test our hypothesis that 
ADEPT-guided pathology provides significant improvements in sensitivity (>95% vs. 40%-70%35) without increasing 
false positives rates and reducing overall pathology time. 
 
Clinical Significance: Approximately 200,000 women are diagnosed with early stage invasive breast cancer or carcinoma 
in situ each year in the US36,37. Assuming 30% of these patients have undetectable (by current methods) lymph node 
metastases35, then a more sensitive method of lymph node analysis (estimated to be >95% with the prototype system, 
Fig. 7) would reduce the approximately 60,000 women per year  now misdiagnosed with stage I or II (indicating 
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chemotherapy is unnecessary)—when they are actually stage III (indicating a need for chemotherapy)—to fewer than 
10,000. It should be noted that the majority of the currently misdiagnosed patients have only micrometastases in their 
lymph nodes and there is some debate about the necessity for chemotherapy in these patients; however, there is mounting 
evidence that 5-year survival rates are improved by more than 10% when these patients are given chemotherapy1 (Table 
1). 
 

Importance of assessing cancer spread to tumor-draining lymph nodes (clinical problem being addressed). 
Approximately 1 in 8 women in the US will develop breast cancer in their lifetime. While death rates and incidence rates 
of breast cancer are on the decline, over 40,000 women died from the disease in 2016. Earlier and more accurate 
diagnostics of more aggressive disease are needed to further improve survival rates and life quality, since early diagnosis 
is the primary factor in treatment success. Surgical resection and pathology of clinically negative “sentinel” or tumor-
draining lymph nodes (lymph nodes draining the tumor that have no palpable tumor burden) is the current standard for 
detecting whether cancer has spread. If there is spread, it is considered high-grade cancer requiring aggressive therapy that 
would be considered overtreatment for patients with low-grade cancer. Because of the time-consuming nature of standard 
pathological assessment, less than 1% of a typical excised node volume is surveyed (illustrated in Fig. 1), and it is 
estimated that 30-60% of patients with metastatic early-stage breast cancer leave surgery with the wrong diagnosis (i.e., 
their metastases go undetected)35. Table 1 summarizes some key statistics in metastasis detection rates in lymph nodes 
(note that by convention, metastases have been 
arbitrarily characterized as “macrometastases” 
for tumor clusters >2 mm in diameter, 
“micrometastases” for tumor clusters between 
0.2-2 mm in diameter, or “isolated tumor 
clusters/cells” (ITCs) for single cells and 
tumor clusters <0.2 mm in diameter). More 
sensitive methods of detecting cancer spread 
to lymph nodes could enable earlier 
intervention for more aggressive cancer, 
which has been shown to be the single greatest 
influencer of positive therapeutic outcomes3,33,38.  
 
Current clinical methods of assessing cancer spread to tumor-draining lymph nodes. Tumor draining or sentinel lymph 
nodes are initially localized in a patient by peritumoral (next to tumor) injection of a radioactive colloid that is taken up by 
the lymphatics. Lymphoscintigraphy is then used to map the distribution of the radioactive agent to roughly locate the 
lymph node(s). Just prior to surgery, a blue dye (patent blue V, methylene blue, or isosulfan blue) is also injected 
peritumorally, which stains the lymph nodes blue so that they can be delineated during the surgery (Fig. 1A-C).39 Once 
located, these lymph nodes are excised by the surgeon and sent to pathology. Since it would take an enormous amount of 
time to evaluate an entire lymph node at a microscopic level, the current protocol is to section lymph nodes into ~2-mm-
thick slices prior to processing (Fig. 1E&F). Cells at the surface (touch imprint cytology) or 5-µm slices (after freezing or 
paraffin embedding) are then taken off the edge of these gross sections—such that no interface is missed—and stained 
with hematoxylin and eosin (H&E) to enhance cell morphology (Fig. 1G), providing the information necessary for a 
pathologist to accurately identify abnormal (cancerous) cells. This method was selected so as not to miss any 
“macrometastases,” while avoiding exceedingly long processing and analysis.34 Micrometastases (0.2–2 mm in diameter) 
and isolated tumor cell clusters (ITCs; < 0.2 mm in diameter) can be seen in lymph node sections if they overlap the 
region where the lymph node was cut; however, they will not be observed if they are located outside this region. This 
strategy samples less than 1% of the volume of a node, leading to substantial levels of missed micrometastases leading to 
the 30-60% false negative rates in sentinel lymph node biopsy (SLNB).  
 
The ADEPT solution for lymph node imaging. We have developed an augmented SLNB protocol using ADEPT that 
includes high-resolution quantitative molecular imaging of the lymph nodes prior to sectioning (Fig. 1D) to significantly 
reduce false negative rates of micrometastasis detection in conventional SLN pathology. More specifically, we finalized 
construction of an “agent-dependent enhanced optical projection tomography” (ADEPT) system prototype that we have 
shown provides 3D mapping of cancer biomarkers in excised lymph nodes and is capable of detecting and localizing 0.2-
mm micromets in <1-cm-diameter whole nodes. The resulting images will enhance sensitivity of cancer detection by (1) 
providing a map to guide subsequent gross-sectioning such that micrometastases are not missed through current blind 
sectioning, and (2) providing a rapid analysis of cancer stage on its own: paired-agent molecular imaging, which we have 

Table 1.  Statistics of metastasis detection and therapeutic outcome in clinical 
sentinel lymph node biopsy1-3 
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shown can provide microscopic levels of cancer detection, far exceeding the sensitivity of conventional pathology20 (Fig. 
13).  
 
Alternative/complementary solutions. ADEPT will complement other approaches being explored by various research 
groups and companies to improve sensitivity of SLNB: including rapid cytokeratin immunohistochemistry40, one-step 
nucleic acid amplification41, flow cytometry42, and immunomagnetic separation43. These approaches are in various stages 
of development and have all demonstrated advantages for improving detection of micrometastases and ITCs in breast 
cancer SLNB. Yet, most of the methods still rely on sampling only a small fraction of the lymph node volume, or involve 
digestion of the tissue such that subsequent pathology is impossible. Our ADEPT method can be used in conjunction with 
any of these other strategies and has the distinct advantage of (1) being nondestructive so that conventional or advanced 
pathology can be carried out subsequently, and (2) providing a 3D map estimating the location of the cancer, which can 
help guide sectioning, while maintaining the excellent specificity of conventional pathology. A number of in vivo imaging 
solutions have been investigated for diagnosing lymph node status going back more than four decades, as summarized in 
PI Tichauer’s recent review article accepted for publication in the Journal of Surgical Oncology28. However, at present, all 
in vivo methods suffer from unacceptable levels of false positives. 
 
Biomolecular target selection. The table on the right presents a list 
of breast cancer cell receptors and frequency of amplified-
expression of the markers in metastatic breast cancer. Recent 
studies on human breast cancer lymph node metastases 
demonstrated that in nearly 100 patients, 100% of lymph node 
metastases were positive for either CAIX or CAXII (or both)45 and 
greater than 90% were positive for SUSD254,55. Based on these 
results, our efforts were to adapt ADEPT to combined-targeting of 
CAIX, CAXII, and SUSD2 (all cell-surface receptors) to maximize 
the sensitivity to breast cancer lymph nodes metastasis for all 
patients. Note: ER, PR, and HER2 are more common targets in 
breast cancer; however, most ER and PR are not on the cell surface and therefore not accessible using antibody-based 
targeting when cells are not made permeable (as in whole node staining). And HER2, though having a molecular targeted 
drug in clinical use (Herceptin), is only overexpressed by ~18% of breast cancers50.  
 
2) Tumor heterogeneity mapping 
 
Current status of drug development paradigms. The last few decades have seen remarkable improvements in our 
understanding of and ability to treat cancer, yet cancer remains a leading cause of mortality, accounting for approximately 
600,000 deaths annually in the US alone56. The staggering impact of cancer on world health has driven vast investments 
(from industry and government) into the development of therapeutic agents, and with the commensurate high discovery-
rate of potentially therapeutic agents, and with 95% of cancer drugs failing to show effects in clinical studies57, it has 
become increasingly necessary to identify and select drugs with the highest potential for success at the earliest 
possible stages of drug development. In particular, the pharmaceutical industry would benefit greatly from new 
approaches to determine whether drugs are engaging their biologic targets in vivo in animal models. Growing 
development of “magic-bullet” molecular therapies has produced a number of effective drugs that allow therapies to be 
directed to specific molecular mechanisms of disease. A cancer hallmark that has been exploited to develop targeted 
therapeutics is the increased/selective expression of cell surface receptors by cancer cells. Therapies targeting such 
receptors can be employed in a number of strategies: (i) cancer-specific delivery of cytotoxic agents (e.g. trastuzumab 
emtansine58); (ii) inhibition of receptor signaling (e.g. epidermal growth factor receptor (EGFR) blockade by cetuximab 
in head and neck59 and colorectal cancers60); and (iii) immunotherapy, where antibodies stimulate the immune system to 
destroy cancer cells upon specific binding61. For each of these strategies, binding of the therapeutic to its target receptor is 
a critical step in producing and effect. 
 
The role of tumor heterogeneity in drug failure. The random mechanisms of gene-mutation in carcinogenesis, combined 
with the complexity of the human genome, mean that no two tumors are identical62. In fact, a number of solid tumor gene 
sequencing studies have now demonstrated large genetic variability amongst tumors from different patients, even within 
the same cancer subtype, including breast and colorectal cancer,63 renal carcinoma64, pancreatic cancer65, ovarian cancer66, 

Receptor Overexpression 
Androgen Receptor (AR) 75%44 

Carbonic Anhydrase IX (CAIX) 71%45 
Carbonic Anhydrase XII (CAXII) 76%45 

CAIX and/or CAXII 100%45 
Epidermal Growth Factor Receptor (EGFR) 40%46 

Estrogen Receptor (ER) 70-80%47 
Fibroblast Growth Factor Receptor Type 1 (FGFR1) 10-13%48 
Fibroblast Growth Factor Receptor Type 2 (FGFR2) 1-2%49 
Human Epidermal Growth Factor Receptor 2 (HER2) 18%50 

Insulin-Like Growth Factor Receptor (ILGFR) ~50%51 
Platelet-Derived Growth Factor Receptor Alpha (PDGFR) 70%52 

Progesterone Receptor (PR) 50%47 
Transforming Growth Factor B Receptor (TGFBR1) 81%53 

Sushi Domain Containing 2 (SUSD2) >90%54, 55 
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and glioblastoma multiforme67. This genetic variability in cancer is a major reason there is no single cure-all because each 
patient’s disease is unique. In response, more modern approaches to cancer therapy are adopting a more “personalized” 
approach to cancer therapy68. Essentially, the ultimate goal is to take the genetic fingerprint of an individual’s cancer, and 
treat accordingly with the optimal molecular therapy(ies)69. However, there is a sizeable body of evidence suggesting that, 
not only is there significant genetic heterogeneity in tumors amongst patients, there can also be significant genetic 
heterogeneity within primary tumors and metastatic sites in an individual patient70-76. Many believe the single largest 
factor contributing to drug failure is intratumor heterogeneity72,77-83. This means that a given molecular therapy may be 
effective in treating a significant fraction of a tumor; however, if a small fraction is resistant, that resistant fraction will 
parent future recurrence of cancer that is resistant to the initial therapies77. 
Clearly, advanced technologies capable of comprehensively evaluating heterogeneity of drug delivery and binding, as 
well as drug-target distribution within tumors are needed to improve our understanding of the role tumor heterogeneity 
plays in drug efficacy, as well as to explore and uncover novel approaches of addressing this complicated problem. 
Ideally, the optimal technologies should be low-cost, fast, quantitative, and capable of whole tumor (3D) imaging in 
preclinical models of cancer. 
 
Limitations of the conventional approaches that preclude quantifying drug efficacy in tumors. 
Immunohistochemistry: Pathology of tumor biopsies or resected tumor tissues represents the predominant mode of 
evaluating tumor biomarkers or protein expression in the clinic as well as in cancer research studies, currently84. In 
particular, absorption or fluorescence based immunostaining and microscopy of tissue is used to determine expression 
levels of key biomolecules of interest using the appropriate antibody labels85. While sensitive, these approaches are 
exceptionally time-consuming, and experimental variability in labeling procedures makes it impracticable to extract 
quantitative information about protein expression86. More importantly, immunohistochemistry cannot provide an 
evaluation of in vivo drug delivery profiles and drug binding, as drug populations will be washed away or influenced 
by the extensive tissue preparation procedures required. Despite this, pathology continues to be the gold standard for 
evaluating protein expression in tissues and the proposed research will utilize these approaches for validation. 
Molecular imaging: Conventional molecular imaging approaches using nuclear medicine modalities [single photon 
emission tomography (SPECT) or positron emission tomography (PET)] have shown some promise for mapping 
molecular heterogeneity of tumors in vivo87. However, there are a number of problems with these approaches that limit 
their use for understanding drug binding and target heterogeneity on the micron-scale at which it occurs. Most 
importantly, the advanced kinetic modeling approaches developed in PET to quantify neurotransmitter pathways88-92 
are not adaptable to cancer tissues because of the abnormal and highly variable vasculature of tumors21,93,94.  
Gene expression assessment in localized biopsy: Many studies have employed differential expression of certain genes to 
evaluate tumor heterogeneity70-72,74-76 of resected tumor tissues. Though these methods constitute informative methods of 
understanding the pathogenesis of intra-tumor heterogeneity, microarrays or selective gene expression analyses are too 
resource-intensive and time-consuming (on the order of hours per 50-µm voxel) to be used for comprehensive high-
resolution mapping of tumor heterogeneity. Moreover, gene expression alone is unable to provide insight into how the 
genotype is expressed throughout a tumor (phenotype), which could manifest in additional heterogeneity95. Instead, a 
method to map protein expression (phenotype), rather than gene expression, has key benefits since proteins expressed by 
the cells are targetable by pharmaceuticals96. 
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Proposed approach: ADEPT-guided pathology fills a technology gap in being able to imaging lymph node and 
tumor specimens at a resolution that would enable advancements to be made in medicine with respect to lymph node 
cancer staging, and tissue biopsy and preclinical tumor heterogeneity mapping for drug development and personalized 
medicine. 
We have completed the development and preclinical evaluation of a novel agent-dependent enhanced optical 
projection tomography (ADEPT) imaging system and protocol. The ADEPT combines advances in two areas in which 
our team has long-standing expertise: 1) Enhanced optical projection imaging where we have used time-domain7,8 and 
angular-domain restriction to minimize the number of detected multiply scattered photons that add to imaging blur in 
tissue samples greater than 100 µm in thickness; 2) Quantitative paired-agent molecular imaging, which can quantify 
targeted biomolecule concentrations through co-administration of targeted and untargeted/control imaging agents. I.e., the 
control agent permits correcting for the influence of tissue perfusion and non-specific uptake/retention of the targeted 
agent, so that specific binding can be accurately computed. These methods have been spearheaded by PI Tichauer4,6,9-27. 
 
1.) Enhanced (by scatter rejection) optical projection tomography. Absorption and fluorescence-based optical 
tomography has been heralded as a low-cost, ionizing radiation-free alternative to conventional medical imaging 
modalities for decades, particularly for tissue specimen and small animal imaging.97,98 However, a major limitation to 
optical tomography is the highly scattering nature of photon propagation in biological tissue. This scattering obfuscates 
the ability to predict the exact path of a detected photon, effectively setting spatial resolution limits to approximately 1 
mm.99 Time- and angular-domain imaging are two methods that have been used to reduce detection of highly scattered 
photons, isolating photons that have taken the straightest path through tissue and as a consequence, the number of detected 
photons is significantly reduced (or alternatively imaging time increased). The trade-off between resolution and imaging 
time for a given specific task has to be evaluated100 (as is shown later in Project Achivemnt). 
 Time-domain (early photon) imaging works through time-gated detection of pulsed light that is transmitted through the 
scattering medium (optically101-104 or electronically105) or by measuring arrival time of detected signal (by streak camera106 
or time-correlated single photon counting107). Angular-domain imaging works by restricting the angle of detected light so 
that only the straightest exiting photons are measured108.  The prototype ADEPT system (Fig. 1 full details in Sinha et al8) 
is equipped with the capability to enact angular-domain, time-correlated single photon counting (TCSPC), and optical 
gating imaging, independently or simultaneously.  
 
Current high-resolution “mesoscopic” imaging. The spatial resolution constraints of conventional nuclear medicine 
molecular imaging approaches (PET > 1 mm owing to positron travel distance; SPECT > 350 µm with cutting edge small 
animal imagers and high dose), limit their utility in mapping cancer cell distribution within an excised sentinel lymph 
node, which have approximately ~1-cm diameters. Imaging approaches capable of ~100-µm resolution that would be 
necessary for this application include: 1) wide-field tissue slice planar fluorescence imaging109, 2) photoacoustic 
microscopy110, 3) dual-isotope SPECT111, and 4) early-photon fluorescence projection tomography103,104. To date, none of 
these high-resolution imaging approaches has been employed in combination with molecular concentration 
quantification approaches, such as the paired-agent approaches that can be used to quantitatively map imaging agent 
binding rather than just map the distribution of the imaging agent. Since each of these imaging modalities could be 
adapted to paired-agent imaging, the findings of the proposed research could be expanded to all; however, we are focusing 
our efforts on ADEPT because it is relatively low cost and is based on fluorescence, which has much lower background 
signal than the absorption based contrast of photoacoustic microscopy112. Cryoslice imaging is also a promising approach 
and we will utilize comparable fresh tissue wide-field imaging13 for validation, but it is also very time consuming using 
current approaches, and ultimately we want to focus on a technology that can be used to rapidly map, in 3D, cancer cell 
distribution in lymph nodes without destruction of the tissue. 
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2.) Quantitative molecular imaging using paired-agent strategies. In an effort to address the limitations of 
conventional contrast in molecular imaging of cancer, 
our group has been focusing on developing imaging 
methodologies that provide true molecular contrast 
(contrast directly related to the molecular differences 
between cancerous/cancer-bearing and healthy tissue). 
The key to quantifying targeted molecule 
concentrations from the uptake of a targeted imaging 
agent is in accounting for the delivery rate and 
nonspecific retention in tissue. In the 1950s, Pressman 
et al. proposed a very direct method of achieving 
this;113 realizing that antibody uptake in tumors could 
be skewed by significant nonspecific background,114 
Pressman proposed the administration of a second, 
control/“untargeted” imaging agent in conjunction to 
their targeted antibody. The uptake of the control agent 
could then be used as an estimate of the extent of 
nonspecific uptake.113 The group coined this ingenious 
approach of estimating specific binding in tumors 
paired-labeling, which has since been referred to as 
ratiometric5 or dual-probe/reporter/tracer6,31,115 
imaging. In recognition of the original developers of 
this dual-imaging-agent approach, we refer to these 
methodologies as paired-agent techniques as 
highlighted in our recent review article on the 
subject.27 Optimizations of paired-agent tissue 
staining/rinsing/imaging protocols and data anaylsis 
are specific to each application (and detailed for the 
Project Achievements). However, it should be noted 
that in PI Tichauer’s hands, paired-agent imaging has 
been demonstrated as one of the first methods to be 
able to detect microscopic levels of cancer in whole 
animal imaging, as published in Nature Medicine20 in 
2014.  

Figure 2. Paired-agent imaging applications. (a) Three-dimensional microscopy of a human epidermal growth factor receptor 2 
(HER2)-targeted fluorescent contrast agent used to stain HER2-positive tumor cells suspended in a 3D matrix 5. The left image 
shows the signal from the HER2-targeted imaging agent, displaying significant nonspecific uptake in the surrounding matrix. The 
figure on the right demonstrates that HER2-positive cells are more readily identified when normalizing the signal from the HER2-
targeted imaging agent by the uptake of an untargeted imaging agent. (b) Temporal uptakes of an epidermal growth factor receptor 
(EGFR)-targeted imaging agent and an untargeted imaging agent in a low EGFR-expressing tumor line, 9L rat gliosarcoma (top 
row) and a high EGFR-expressing tumor line, A431 human epidermoid (bottom row). Higher retention of the targeted imaging 
agent is apparent in the low-EGFR tumor compared to the high-EGFR tumor. Quantitative analysis of the binding potential from 
the targeted (red-scale images) and untargeted imaging agents (green-scale images) can be used to map receptor concentration 6. 
(c) White-light images of large (L), medium (M), and small (S) tumors in a transgenic breast cancer mouse model (first column). 
Angiosense uptake, acting as an untargeted imaging agent, is presented in the second column. In the third column, either tumor-
specific Prosense (top row) or MMPsense (bottom row) enzyme-activated fluorescence is visualized. Tumor location only 
becomes obvious by normalizing the enzyme-activated fluorescence images to the Angiosense images [fourth column of images] 
31. (d) Application of paired-agent imaging for the detection of microscopic cancer burden in tumor-draining lymph nodes. A 
bioluminescence image on the left demonstrates the presence of metastatic bioluminescent human breast cancer tumor cells in the 
right axillary lymph node of an athymic mouse. EGFR-targeted imaging agent uptake is similar in both the right and left axillary 
lymph nodes upon injection in the front footpad (second image); however, by normalizing the targeted agent uptake with 
untargeted agent uptake (third image), the affected lymph node is clearly delineated. As few as 200 cells were detectable using the 
paired-agent method in this model 20	
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Project Achievements (Technical) 

From the onset of the project, we proceeded through a series of steps, including computer simulations, measurements, 
biological and chemical experiments, all to inform system development in terms of specifications of components, system 
layout, scanning, acquisition, and staining protocols. It is important to note that there is a complex interplay among all of 
these issues; therefore the project was (and still is) a complex hardware-software-biology-chemistry co-design process. 
The main elements in this process are outlined in logical order (not necessary in chronological order): 
 

• Development/optimization of ADEPT imaging system, which included: hardware selection, 
system assembling, writing and debugging acquisition software, imaging protocol and image 
reconstruction methods. To this end we developed: 1) realistic photon propagation modeling 
using Monte Carlo simulation; 2) optical system modeling tools; 3) validation of the simulation 
tools using experimental measurements; 4) optimization of imaging hardware and evaluation of 
trade-offs of resolution, angular sensitivity, photon flux, and system layout, using conventional 
and task-based methodologies. 

• Tissue staining/rinsing protocol optimization, which included: 1) selection of cancer specific 
proteins for imaging agent targeting, 2) experimental evaluation of human lymph node 
dimensions and optical properties. Then for lymph node imaging we 3) developed a 
mathematical model of diffusion and binding and 4) established a staining and rinsing protocol to 
achieve good tumor to background contrast within 15 min. Finally, for the tumor heterogeneity 
imaging, we developed protocols to 5) account of receptor saturation effects and 6) scaling factor 
differences in targeted and control imaging agent signals, followed by 7) an ex vivo 
demonstration that binding potentials can correlated to therapeutic response and that they 
correlate with receptor expression. 

• Experimental validation of ADEPT with respect to cancer cell cluster detection in the lymph 
node and quantification of tumor heterogeneity in biological cancer models using the optimized 
staining/rinsing protocols and the optimized ADEPT imaging system and protocol. 
 

At the end of this section we will briefly discuss the future of this project where we will perform clinical 
validation of ADEPT and ADEPT-guided pathology for lymph node imaging. This effort will be supported by 
NSF CAREER grant. 

	
Development/optimization of ADEPT imaging system in the Mesoscopic (~0.05-1 cm) 
domain. Full description of each step would require prohibitively long document therefore we will describe only some 
of the major components (see details in supplemental manuscripts). First, we will describe our Monte Carlo simulation 
software and major conclusions followed by task-based (detection and localization experiments) to determine ADEPT 
system sensitivity. 
Monte Carlo code development; We had originally planned to use existing stochastic (Monte Carlo) models of photon 
propagation in tissue for system optimization in our Phase II proposal; however, we realized that there were no available 
software packages that exactly fit our needs. As a result, we had to augment available code to make it work. Some details 
of the software package that we developed are here. For more details, our submitted manuscript is attached as a 
supplementary. 
To compare potential resolution improvements using time- and angular-domain imaging in biological specimens (1-6 mm 
in diameter), the Monte Carlo (MC) subroutine, mcsub.c, developed and distributed by Jacques et. al 116,117 was 
augmented in a few ways. Briefly, mcsub.c was designed to mimic the light propagation in finite sized, turbid (scattering) 
media with homogeneous optical properties, assuming Fresnel reflection at tissue/air interfaces. The code requires inputs 
of the size of the medium (s), the absorption coefficient of the medium (µa), the scattering coefficient of the medium (µs), 
the anisotropy of scattering (g), the refractive index of the medium (n1), the refractive index of the external medium (n2), 
and characteristics of the incident light beam (e.g., light shape and position of illumination). Briefly, in MC simulation, 
photon “packets” (which are commonly called photons in MC literature) are launched at a location and in a direction and 
distribution matching the desired illumination setup. Each packet is made to travel a random distance (step) before 
scattering (changing direction). The distribution of random distances is linked to the probability of scattering (µs) and the 
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distribution of random direction changes is linked to the anisotropy of the scattering (g). At the end of each step, the 
weight of the photon packet (which begins as 1) is adjusted, according to the absorption properties (µa). The process is 
then repeated until the photon packet leaves the medium, is detected, or reaches a selected lower limit of weight. The 
mcsub.c program then outputs a vector of escaping flux density versus radial position, 

 
J ri( ) , and a matrix of fractional 

density map of incident light transported 
  
T ri , zk( ) , recorded on cylindrical coordinate system. In order to make mcsub.c 

amenable to compare time- and angular-domain imaging in “small” (mesoscopic) tissue samples, and improve execution 
time, the following adjustments were made: 
(1) Detector subroutine was added such that one can define a detector’s acceptance in space (size, location), time, and 
angle. (comparing time- vs. angular-domain). 
(2) The complete path of each photon package was retained through the “life” of the photon packet (until it exited the 
medium or reached a weight that would trigger a drop). If the photon packet was accepted by the detector (see (1)), the 

path of that photon packet was added to a separate detected fractional density map of incident light transported 
  
D xi , y j , zk( )

, recorded on Cartesian coordinates. (comparing time- vs. angular-domain). 
(3) The incident Gaussian beam simulation was modified to propagate the beam as a solution of the paraxial Helmhotlz 
equation in the tissue until the first interaction point, as described by Hokr et al 118. (improving approximation of a 
Gaussian beam propagation in turbid medium). 
(4) A variance reduction technique defined by Kawrakow and Fippel 119 was employed to reduce the number of photon 
packets passing through the medium without having any interaction. Specifically, a factor DIV (0<DIV≤1) was 
introduced, where each photon package was then propagated a distance, Δs*DIV (where Δs is the standard step size 
derived by mcsub.c). Roulette was then used to determine if the photon packet was scattered. (improving execution time). 
(5) The code was optimized for parallelization on a GPU cluster. Specifically, a new random number generator 120 was 
used to avoid repeats of the same random seed numbers, when photons were initiated on different threads of the GPU at 
the same CPU clock time (used in the mcsub.c code as a randomizer for the random number generator). (improving 
execution time). 

 

Figure 3. Detected photons’ transported density maps determined by Monte Carlo simulation plotted as a function of axial distance (z-axis; along the 
direction of the illumination vector) and the radial distance (x-axis; perpendicular to the direction of the illumination vector). This figure provides a 
subset of results for the low scattering tissue (similar to lymph node tissue; μa = 0.3 cm-1, μs = 43 cm-1, g = 0.92), for object thickness between 3-6 
mm, angular-restriction between NA = 0.005-0.124, and time-domain restriction for 0.1-1 ps. All simulations were based on a 50-µm FWHM 
Gaussian light source incident on the object at its waist and a 50-µm diameter detector.	

 
The culmination of the simulation and lymph node optical property experimental results presented in this work provided 
guidance for the development of optical imaging system of tissue biopsy and in particular lymph nodes. Specifically, it 
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was demonstrated that low cost angular domain imaging (compare NA=0.005 and 1ps density maps in previous figure for 
6mm tissue thickness) could be used to achieve detection of the smallest clinically relevant micrometastases. Ultimately, 
this helped select ADEPT imaging systems components.	
 	
Task-based evaluation of ADEPT system sensitivity and resolution. In this simulation work, we used previously 
described  GPU parallelized version (NVidia GTX 1080 Ti) of the thoroughly validated 4-dimensional (3D space +1D 
time) Monte Carlo algorithm, MCML121 and the optical properties experimentally measured for lymph nodes (Fig. 6B, 
assuming scattering anisotropy, g = 0.9) to estimate attainable sensitivity and spatial resolution of the different scatter 
rejection system setups. Simulations were carried out making the following assumptions: 100 mW lasers, 4% light loss at 
every optical interface, 100 nM background fluorescence (estimated from Fig. 8C tests), 30% fluorophore quantum 
efficiency, 6 OD absorption of excitation light at fluorescence filter, and 30% quantum efficiency of the camera with 
camera pixels binned to 0.1 mm size. Fluorescence concentration in the micromets was set to 130 nM (assuming a binding 
potential of 0.3, the lowest value observed for all cell lines tested, see Fig. 5B). 120 tomographic views over 360 degrees 
were simulated. The following sub-system configurations were considered: laser beam: 1) focused with 0.050-mm waist 
with raster scanning and 2) expanded over 1x1 cm at surface; time domain restriction: 1) 0.1-ps time-binning (simulating 
second harmonic generation (SHG) crystals101-103, like BBO), 2) 1-ps binning, simulated existing TCSPC7,8 3) no time 
restriction (as in regular CCD camera or CW lasers); angular restriction (i.e. changing aperture size) with limited 
restriction (NA=0.124), moderate restriction (NA=0.059), and strict restriction (NA=0.005). For each combination (18 
systems in total) 1 min of total imaging time was assumed. The photon counting (Poisson) noise was added to 100 
simulated projections of 6-, 8-, 10, and 12-mm-diameter cylindrical “nodes” with 0.2-mm-diameter spherical “micromets” 
at half of the radius. Although full 3D simulation was carried out, only one 2D slice was then reconstructed at the height 
of the micromets (for simplicity) using filtered back-projection (FBP). In future this will be extended to full 3D 
reconstruction and iterative recon. For each configuration and 100 FBP reconstructed images, we evaluated micromet 
detectability in signal-known-exactly (SKE), location-known-exactly (LKE) paradigm100 and SKE, multiple-alternative 
forced choice (MAFC) localization where we simulated 15 random, non-overlapping locations where one of them 
contained signal100.  In these simulations, the results were quantified by ROC and LROC and area-under curves as AROC 
and ALROC, respectively (Fig 4B&C). Owing to the lower scatter observed in human lymph nodes, our preliminary 
results indicate that a simple, low-cost, angularly restricted system (expanded beam, no time restriction and NA=0.005) 
can provide the sensitivity and spatial resolution needed for detecting and localizing 0.2-mm micromets (smallest 
considered clinically relevant) in 1-cm-diameter nodes (maximum short-axis lymph node diameter measured, Fig. 6A).  
Note that: a) time restriction approaches provide higher resolution but much less photons (higher noise); and requires 
expensive time correlated detector b) focused beam requires excessively high frame rate CCD or expensive time 
correlated detector. We also demonstrated regularized iterative reconstruction with 20 iterations (shown for 8- and 10-mm 
nodes in Fig. 4B) obtained in less than 1 min using un-optimized MATLAB code. In summary, for a total imaging time of 
1 min, micromets were clearly observable using either image reconstruction methods. 
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Figure 4. 2D fluorescence reconstructions (filter back-projection and iterative reconstruction) for 3D simulated 200 µm micrometastases yielding 30 
nM contrast over background in 8-mm and 10-mm diameter lymph nodes are presented in (B). Simulations, based on established Monte Carlo, 
assume a 100 mW laser expanded over 70 degrees of cylindrical sample and 10 mm height, 0.005 NA detector acceptance, 30% quantum efficiency 
of CCD camera, 30% quantum efficiency of fluorophore, 5% light loss at every optical element, expected light loss in dichroic filters, with 120 views 
about 360 degrees, 0.5 s per view (1 min imaging time). Estimates of detectability in 6-12 mm diameter LNs are presented in terms of the area-under-
the-curve of the receiver operating characteristic (ROC) curve (AROC) (C). Estimates of localization are presented in terms of the area-under-the-
curve of the localization ROC (LROC) curve (ALROC) (D). LLF: lesion localization fraction; FPF: false positive fraction. 

 
Micrometastases in lymph nodes were simulated to estimate the detectability and localization capabilities of the ADEPT 
system. The results indicate that a simple, low-cost, angularly restricted system (expanded beam, no time restriction and 
NA = 0.005) can provide the sensitivity and spatial resolution needed for detecting and localizing 0.2-mm 
micrometastases (smallest considered clinically relevant) in 1-cm diameter nodes. As shown in figure bellow, micromets 
were clearly observable in both 8- and 10-mm diameter lymph nodes using simply FBP reconstruction methods, and this 
is visualized quantitatively with the receiver operating characteristic (ROC) and localization ROC (LROC) curves. The 
area-under-the-curve of the ROC curve (AROC) suggests 100% detectability in lymph nodes up to 10 mm in diameter; 
and more importantly, since localization is what will actually guide pathology, 95% localization in 10 mm nodes is 
estimated, as suggested by the area-under-the-curve of the LROC curve (ALROC). It should be noted that these are also 
conservative estimates. With 20 iterations of regularized iterative reconstruction, it was demonstrated that the resolution 
of micromets could be further improved.  
  
Tissue staining/rinsing protocol optimization	

Optimization of tissue staining and rinsing protocols for lymph 
nodes and in vivo heterogeneous tumors is an extremely complex 
process with many variables. Here we report on a few aspects, 
including, for the lymph node imaging: selection of cancer 
receptors to target, initial evaluations of human node sizes and 
optical properties, development of a mathematical model of 
diffusion and binding to guide experimental demonstration of a 15 
min staining and rinsing protocol. For tumor heterogeneity 
mapping, components included: development of systemic imaging 
agent application protocols to account for receptor saturation 
effects and scaling factor correction between targeted and control 
imaging agents, followed by an ex vivo demonstration of our 
ability to quantitatively map receptor expression and its relevance 
for predicting therapeutic response. 
 
Selection of cancer specific proteins for imaging agent 
targeting. Preliminary tests of combined SUSD2, CAIX, and 
CAXII targeting potential were carried out by labeling antibodies 
for CAIX (Clone 303123), CAXII (Clone 315602), and SUSD2 
(19E8, provided by Co-I Egland) with IRDye-700DX-NHS ester 
(LI-COR Biosciences, Lincoln, NE) using standard antibody 
labeling procedures. A non-targeted negative control antibody, 
immunoglobulin G (IgG), was labeled with IRDye800CW as a 
control agent.  With these agents, we have analyzed: A) SKBR3 
cell line with different knockdown variants for SUSD2 expression 
using flow cytometry, which measures cell fluorescence levels, 
which is proportional to number of biomolecules per cell (see Fig. 
5) the SKBR3 cell line and variants for SUSD2 and MDA-MB-
231, MDA-MB-361, BT-20 cell lines and healthy human node 
tissue for CAIX/CAXII expression using in vitro quantitative 
imaging6 (see Fig. 5B), which estimates biomolecule 
concentrations through binding potential.  
 

Figure 5. SUSD2, CAIX, CAXII expression in cell 
lines. A) Flow cytometry results of SUSD2 expression 
on breast cancer SKBR3 and variants cell lines 
(kd=knockdown, NT=non-targeting background). 
Shifts in fluorescence on the x-axis indicate amount of 
cell surface SUSD2. B) Experimental values of binding 
potential (BP) for various breast cancer cell lines (WT: 
wild-type, EV: empty vector), including CRISPR 
knockdown (SKBR3cr) and healthy human lymph 
node, for background signal assessments, carried out in 
triplicate in confluent cell culture assays6.  
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Experimental evaluation of human lymph node dimensions and optical properties.  
Lymph node size: The short- and long- axis diameters of 39 sentinel lymph nodes from Dr. Dirksen’s patients 
(collaborator in Aim 3 clinical study) were measured. The short-axis diameters ranged from 0.3-1 cm and the long-axis 
diameters ranged from 0.5-1.2 cm (Fig. 6A).  
Optical properties: a separate set of 10 fresh human cadaveric nodes were lightly compacted into a 3-cm-diameter clear 
cylinder and their optical properties—absorption and reduced scattering coefficients (µa and µs’)—were measured with our 
time-domain system10 using fitting of the time-domain diffusion approximation of the radiative transfer equation (Fig. 
5B).122 The measured µa and µs’ were 0.01 and 0.29 mm-1 at 680 nm, and 0.01 and 0.32 mm-1 at 780 nm, respectively. The 
level of absorption coefficient was a little lower than average biological tissue while the reduced scattering coefficients 
were approximately only 1/3rd of what is observed in average biological tissue123. Note that the reduction in scattering 
coefficients to only 1/3rd allows the imaging of ~1-cm-diameter lymph nodes at a resolution of ~0.01 cm; whereas the 
average biological tissue thickness for the same resolution would be ~0.1 cm.  
SUSD2 and hematoxylin 
counter-staining: The breast 
cancer patient nodes were 
additionally processed for 
tissue sectioning and 
immunohistochemistry and 
stained for SUSD2 and 
counterstained with 
hematoxylin (Fig. 6C-F). All 
tumor negative nodes 
exhibited negligible levels of 
anti-SUSD2 staining (no 
appreciable brown staining, 
Fig. 6C&D), while all 
positive nodes exhibited 

regions of clear anti-SUSD2 
staining (example in Fig. 
6E&F). These results further 
indicated the promise of 
SUSD2 for staining breast 
cancer lymph nodes owing to 
low background and nearly 
ubiquitous overexpression of 
SUSD2 in breast cancer cells.  
 
Development of a mathematical model of diffusion and binding to establish and optimize paired-agent 
staining/rinsing/imaging protocols in terms of quantitative mapping molecular heterogeneity in tissue biopsies that must 
be stained ex vivo. Fig. 7 provides support for a brief discussion (for more details see Supplemental for manuscript that is 
currently under review with Phys Med Biol). Contrast agents targeted to cancer biomarkers are increasingly being 
engineered for the early detection of cancer, guidance of therapy, and monitoring of response. There have been recent 
efforts to topically apply biomarker-targeted agents on tissue surfaces to image the expression of cell-surface receptors 
over large surface areas as a means of evaluating tumor margins to guide wide local excision surgeries. However, 
diffusion and nonspecific binding of the agents present challenges for relating agent retention on the tissue surface with 
the expression of cancer cell receptors. Paired-agent methods that employ a secondary “control” agent to account for these 
nonspecific effects can improve cancer detection. Yet these paired-agent methods introduce multidimensional complexity 
(with tissue staining, rinsing, imaging, and data analysis protocols all being subject to alteration), and could be greatly 
simplified with accurate, predictive in silico models of imaging agent binding and diffusion. We have outlined and 
validated such a model to predict the diffusion, as well as specific and nonspecific binding, of targeted and control agents 
topically applied on tissue surfaces. In order to inform the model, in vitro experiments were performed to determine 
relevant agent diffusion and binding rate constants in tissues. The predictive capacity of the model was validated by 
comparing simulated distributions of various sizes of NPs in comparison with experimental results. The regression of 

Figure 6. Preliminary clinical results. Lymph node diameter histogram of 39 clinical samples 
(A). Time-domain pulse dispersion analysis of human lymph node optical properties (example 
at 680 nm) (B). Analysis of SUSD2 in human lymph nodes (C-F). D and F are magnified 
versions of black box regions in stained healthy and tumor-bearing human breast cancer 
sentinel lymph nodes presented in C and F, respectively. Red arrows identify the margins of 
the lymph nodes. Blue is hemotoxylin, a counter stain to add contrast to the cells. Brown is the 
anti-SUSD2 antibody. 
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predicted and experimentally measured concentration-depth profiles yielded <15% error (compared to ~70% error 
obtained using a previous model of NP diffusion and binding). 
 

 
Figure 7. Mathematical Model figure: Illustration of the diffusion and binding model representing the binding and diffusion of 
targeted (A) and control (B) NPs topically applied on fresh tissue specimens. At the surface, Cf is assumed to be in equilibrium with 
the staining solution according to a scaling factor, vf (the tissue volume fraction of the free space). In addition, at the surface, the 
model includes a compartment for nonspecific retention of both the targeted and control NPs (Cns). At all layers, the targeted NP is 
able to bind specifically to the target biomolecule (Cb). Transport of both NPs between layers is assumed to be governed by Fick’s 
Law of Diffusion, represented by the diffusion parameter, D. Testing Protocol figure: A brief illustration of the experimental method 
used to fit the simple model and the optimized model. (1) Targeted and control NPs were prepared by conjugating NPs to monoclonal 
antibodies and different fluorophores. (2) Fresh tissue specimens were stained for 6 min with an equimolar NP mixture, rinsed and 
snap-frozen. (3) The specimens were then cryosectioned into 10 µm-thick slices and (4) imaged with fluorescence microscopy using 
different channels for the targeted and control NPs. Images were analyzed to obtain concentration-depth profiles of both NPs as a 
function of depth, z. (B-C) Experimental NP concentration profiles are shown in solid lines for targeted (red) and control (blue) NPs, 
which were used to fit all of the model parameters for: (B) the simple model and (C) the optimized model.  As described in the 
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manuscript, certain parameter ranges were determined based on in vitro experiments, as shown in Fig. 2. (D) The percent error (fitting 
error) in the concentration-depth profile is shown, in which there is increasing error as a function of depth for both models, and greater 
overall error seen with the simple model. 
 
Staining and rinsing protocols in excised fresh human lymph nodes. For the paired-agent imaging approach, the spatial 
distributions and time-evolution of the targeted and paired-control imaging-agents need to be equivalent throughout 
staining and rinsing. Fig. 8 demonstrates a promising approach that we discovered and evaluated using 12 fresh human 
cadaveric lymph nodes. Each node was immersed in a circulating water bath (Fig. 8A) and infused via two needles by 300 
nM of IRDye700-anti-SUSD2, IRDye700-anti-CAIX or  IRDye700-anti-CAXII (“targeted agent”) and co-administered 
with 300nM of IRDye800-IgG (“control agent”) at a rate of 0.1 ml/min for 4 min (4 node for each group). All nodes were 
then rinsed with PBS at the same infusion rate for 6 min. One example of targeted and control fluorescence an image is 
shown in (Fig. 8B). The mean time concentration curves (see Fig. 8C) of all imaging agents showed a strong correlation 
with each other in these tumor-free nodes, with 70% agent saturation in 4 min and 50% washout in 6 min, demonstrating 
the suitability of the staining/rinsing protocol and IRDye800-IgG to act as a suitable control agent for all tested targeted 
agents. Furthermore, four nodes were implanted with 10 micrometastases (with 6 controls), and a statistically significant 
difference in whole-node paired-agent binding potential was sufficient to discriminate between nodes with 100% accuracy 
(Fig. 8D). 
	

 
Figure 8. Paired-agent staining and rinsing protocol demonstrated in healthy human lymph nodes. Lymph nodes were infused with 
300 nM concentrations of mixed tumor targeted and control agents at 100 µl/min for 4 min through double needle inserted into the 
nodes, followed by 6 min rinsing with phosphate-buffered solution (A). Images of fluorescence in the targeted channel (top row) and 
control channel (bottom row) were taken every 2 min; examples shown in (B). From 4 nodes each in 3 groups (group 1: IRDye700-
anti-SUSD2, 2: IRDye700-anti-CAIX, 3: IRDye700-anti-CAXII, all co-administered with IRDye800-IgG as a control) calibrated 
mean +/- se concentrations of agents inside the nodes are displayed in (C). Ratio of targeted fluorescenct antibody to control 
fluorescent antibody increased significantly when cancer was added to lymph nodes, even when the total signal was ratioed (D). 
 
Development of a protocol to account of receptor saturation effects in paired-agent imaging24. For high spatial 
resolution 3D ADEPT tomography, there was a concern that doses of imaging agents would have to be higher than typical 
used in “trace”-level molecular imaging protocols, where it is assumed that the concentration of receptor bound to the 
imaging agent is always much lower than the concentration of the receptor itself. In response, we developed a novel 
mathematical that can account for non-trace levels of imaging agent (work that was published in Phys Med Biol24). For a 
full description of the model, please see our published work. Briefly, we demonstrated that our model (“GSRTM”) out-
performed existing models (“SRTM”), even those that attempt to account for saturation (“PSM”) (Fig. 9a-d), and our 
model can be used to predict the effect saturation depending on the physiology of the cancer (Fig. 9e&f). 
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Figure 9. Error in estimation of binding potential (BP) with GSRTM, SRTM and PSM: (a) Estimated BP for different % saturation for 9L_Sim. (b) 
Estimated BP for different injected imaging agent dose for 9L_Sim. (c) Estimated BP for different % saturation for U251_Sim. (d) Estimated BP for 
different injected imaging agent dose for U251_Sim. The green dot-dashed line is the PSM, the red dotted line is the GSRTM, the blue solid line is 
the SRTM and the black dashed line is the true BP value. (e) Map of K1 values that would result in a 20% saturation of receptors for a range of KD 
and initial injected drug dose values. (f) Another view of (e). Red and blue dots are showing the position of 9L-GFP and U251, respectively. For 
clarity, any application where the K1 is lower than the plane in (f) and (e) for a given dose and receptor concentration would be in the trace-level 
regime where SRTM would work, while any application with a K1 higher than the plane would be in the saturated regime where GSRTM would be 
required for an accurate estimate of binding potential. 
 
Development of a protocol to account for scaling factor differences in targeted and control imaging agent signals27. 
Another concern with the ADEPT application of paired-agent imaging was how to “normalize” the targeted and control 
fluorescent imaging agent signals to take accurate ratios that would reflect quantitative molecular heterogeneity. In 
response, we developed and published a method capable of accounting for optical property effects and scaling factor 
differences (work that was published in J Biomed Opt27). For a detailed description of this methodolgy, please see our 
publication. Briefly, we demonstrated in vivo using reflectance fluorescence imaging that our model (referred to as 
SPAMSF) was suitable for autocorrecting scaling factor differences when compared with a brute force method that 
requires rapid imaging immediately after injection of the imaging agents (referred to as SPAMPN). Fig. 10 demonstrates 
the suitability of the model, which was used for subsequent ADEPT imaging data analysis (Fig. 10C), and supports the 
ability for the model to highlight receptor heterogeneity (Fig. 10D) 
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Figure 10. In vivo experiment results: The linearized pixel-normalization simplified paired agent model (SPAMPN) compared with our scaling factor 
model (SPAMSF) in a pixel-by-pixel correlation of binding potential (BP) estimates in all regions of an image in exposed subcutaneous human 
glioblastoma (U251) tumors grown in athymic mice, (A) targeted (IRDye 800CW-anti-EGFR-Affibody) and control (IRDye 700DX-negative-
control-Affibody) imaging agents and (B) targeted (IRDye 800CW-anti-EGFR-Affibody) and control (IRDye 700DX-negative-control-Affibody) 
imaging agents. The dashed line is the line-of-identity. (C) A correlation between BP values estimated by SPAMSF and SPAMPN in both studies and 
with ADEPT tomography imaging are presented. (D) In vivo experiment results: binding potential (BP) parametric maps of estimated epidermal 
growth factor receptor (EGFR) concentration are depicted as calculated by either the linearized pixel-normalization simplified paired agent model 
(SPAMPN) or the scaling factor SPAM (SPAMSF). Here, results of 4 mice are displayed: 2 from the group imaged on the Odyssey System (targeted 
agent = IRDye 800CW-EGF; control = IRDye 700DX), and 2 from the group imaged on the Pearl System (targeted agent = ABY-029; control = 
IRDye 700DX-negative-control-affibody). The left two columns show the two mice imaged on the Odyssey, and the right two columns show the two 
mice imaged on Pearl. 
 
Ex vivo demonstration that binding potentials can correlated to therapeutic response and that they correlate with 
receptor expression. This work has not yet been submitted for publication and we have yet to write up a draft of the 
paper. Briefly, three human head and neck cancer cell lines were implanted into the tongues of athymic nude mice. Once 
the tumors reached a size of 3 mm in diameter, the mice were injected with an epidermal growth factor receptor (EGFR) 
targeted imaging agent (ABY-029) and a control imaging-agent (IRDye 700DX carboxylate). At three hours, the mice 
were euthanized under anesthesia and the tongues were excised. Binding potential (BP) imaging was carried out using the 
methods alluded to in the previous two sections. BP maps were then compared to immunohistochemistry staining of 
EGFR expression showing a strong correlation (Fig. 11A). In addition, paired-agent staining/rinsing was carried out in a 
total of seven human cancer cell lines that were known to respond independently to EGFR-targeted therapy. Fig. 11B 
demonstrates that paired-agent imaging can estimate the differences in EGFR expression between the cell lines (Fig. 11B, 
first panel), and independently, when measured during therapy, can be used to estimate the phosphorylation response of 
the receptors, which itself correlates with the sensitivity of each drug to therapy (Fig. 11B, second panel)—which on its 
own is not equivalent to EGFR expression level. In summary, these results (1) support the use of paired-agent binding 
potential to quantitatively map the molecular heterogeneity in cancer (further demonstrating that single-agent molecular 
imaging is insufficient because of nonspecific uptake and retention), and (2) demonstrate that the values measured during 
therapy can be used to predict therapeutic response of different subclones of a cancer. These results provide a foundation 
to guide future drug development that aims to account for heterogeneity or to ultimately help guided combined therapeutic 
strategies on a personalized patient level based on individual patient biopsy samples. 
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Figure 11. Ex-vivo results showing the correlation between paired-agent imaging binding potential (BP) for targeting of in three human head and 
neck cancers grown in the tongues of athymic nude mice (FaDu, Det 562, A431) – (A). “iPAI” a correlate of paired-agent BP, is demonstrated to 
match the gold standard expected level of EGFR expression in 5 tumor lines (B; first panel). iPAI during therapy, has also been shown to be equal to 
a phosphorylation response in the signaling pathway and is indicative of the EGFR drug sensitivity of seven different human cancer cell lines (B; 
second panel). 
 
  



	 22	

Experimental validation of ADEPT  
As before, we will describe the major components of the evaluation (see details in papers provided below). First we will 
describe our approach in a lymph node image (micrometastases detection) study followed by the evaluation of the tumor 
molecular heterogeneity study. 
 
Cancer bearing lymph node study of ADEPT sensitivity 
and resolution. To test conclusions drawn in the 
simulation study, experiments were conducted with a 
porcine lymph node metastases model. A human breast 
cancer cell line (MDA-MB-231) with known elevated 
expression of EGFR was transfected with GFP and grown 
in 3D cell culture so that cells could form spheroids to 
mimic the architecture of metastases. In one node, a 0.4-
mm-thick section from the node center was isolated for 
post-staining-ringing imaging (Fig. 12). 3 hotspots were 
observed on paired–agent normalized difference maps 
(Fig. 12C): Targeted Signal (Fig. 12A) – Control Signal 
(Fig. 12B) divided by Control Signal. Each of these 
hotspots corresponded to identifiable accumulations of 
cancer cells as demonstrated by red fluorescent protein 
(RFP) microscopy (the cell line was transfected with RFP 
gene) (Fig. 12E-G). These results demonstrate the 
feasibility of attaining measurable tumor contrast within 
10 min of staining and rinsing. 
In a separate study, the spheroids were allowed to grow to 
a diameter of approximately 200 µm (Fig. 12D) and then stained for 5 min with targeted fluorescent dye IR800-Erbitux 
(anti-EGFR) before being implanted in two spots of lymph nodes excised from fresh porcine neck tissue acquired from a 
local butcher (n =1.4). Specimens were then embedded in cylindrical transparent agarose gel to maintain orientation and 
prohibit deformation over the course of the imaging protocol. Whole node fluorescence tomographic imaging was done 
with the in-house made ADEPT system as follows. The sample was placed on a motorized rotation stage and illuminated 
with a 780 nm laser (FPL-02RFF1 Calmar Laser, Medocino, Palo Alto, CA) whose beam was cleaned up with an 
excitation filter and expanded using a Keplarian lens system. Fluorescent light exiting the sample passed through emission 
filters and another lens system to focus down the light through an aperture before reaching the detector. Images were 
captured using a sCMOS (Quantlux, ThorLabs, Newton, NJ) every 5˚ over 360˚ for a total of 72 tomographic views. The 
same collection range was applied for transmittance images. Reconstruction was done on both (fluorescence and 
absorption) data sets using filtered backprojection to create 3D fluorescence maps of the micromets and to recreate the 
node volume for structural context. Two-dimensional slices at the height of detected cells were also reconstructed. 
Following imaging, the samples were frozen-sectioned in OCT in 200 µm thick slices and imaged on a commercial wide-
field fluorescence imaging system (Pearl, LI-COR, Lincoln, NE) for comparison to reconstructed slices, and on a 
fluorescent microscope to validate the presence of cancer cells. 

Typical results of two out of 15 available lymph nodes, shown in Fig. 13, demonstrate the ability of the ADEPT system to detect 
and localize 0.2 mm micromets in approximately 1 cm lymph nodes, fulfilling the milestones for specific objective 1. The absorption 
images with overlaid fluorescence from a single tomographic view provided visualization of the two mircomets in each of the nodes; 
and 2D FBP reconstructed slices at the heights of where the fluorescent hot spots were revealed in whole node images verified their 
presence. This was confirmed in both the fluorescent wide-field and microscopy images of physically sliced sections matching those 
that were reconstructed. Since both mircomets were detected for all samples (and with relative ease), the predicted 100% detectability 
from simulation was confirmed. The fluorescence microscopy images showed that the measured fluorescent signal was indeed from 
the GFP-labeled cancer cells.   
 

Figure 12. ADEPT paired-agent imaging of stained and rinsed porcine 
lymph node with implanted MDA-MB-231-RFP human breast cancer 
cell micrometastases. Targeted (A) and Untargeted (B) agent 
fluorescence in 400-µm thick section of lymph node that was implanted 
with 10 micrometastases and was stained and rinsed using the optimized 
protocol. Paired-agent Binding Potential map of specific targeted agent 
binding (C). Microscopy of a single metastasis grown in hydrogel 
demonstrating out ability to achieve nontrivial growth of 3D spheroids 
(D). Zoomed in red fluorescent protein images of selected regions of (C) 
are presented in (E-G). 



	 23	

 
Figure 13. Summary of Nayar Prize Phase II Deliverable 1:  Unprecedented level of detection and localization in human-sized pig nodes (n = 2) 
implanted with two, 200-micron-diameter human breast cancer spheroids. NOTE: the likelihood of missing both of these cancer spheroids with 
current clinical procedures is greater than 80%. Column 1 shows an ADEPT system projection image of both nodes (Green coloring represents 
fluorescence coming from stained cancer cells plotted on gray-scale transmittance image). Column 2 shows reconstructed slices of the ADEPT 
reconstructed image at the 2 imaging planes, per node, with the strongest signals (Red dash is outline of node). Column 3 presents a wide-field 
fluorescence image from ADEPT Guided Sliced lymph nodes (making cuts at the imaging planes shown in Column 2). Column 4 shows zoomed 5-
micron thick slices off the cut surface imaged in Column 3 imaged at a green fluorescent protein (GFP) channel in our microscope: verifying the 
existence of the GFP overexpressing tumor line used in this preclinical work.  
 
Demonstration that ADEPT can be used to map molecular heterogeneity. 
4 athymic nude mice were inoculated subcutaneously with mixed U251 human glioma cells (moderate EGFR expression), 
and 9L rat gliosarcoma cells (low EGFR expression). Once tumors reach ~5 mm diameter (3 wks6), 0.3 nanomoles each of 
EGFR-targeted (ABY-029) and control agent (IRDye-700DX-carboxylate) were injected into a tail vein. Three hours after 
administration, the mice were positioned in the ADEPT imaging system and fluorescence from each agent was imaged. 
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Fig. 14 demonstates the ability of ADEPT to spatial discern between the two subclones of this mosaic tumor with a 
resolution on the order of 80 microns, matching the objective set forth in the phase II Nayar Prize proposal. 
 

 
Figure 14. ADEPT imaging of tumor heterogeneity. The white light figure shows a color photograph of the cut heterogeneous tumor. The different 
regions of high EGFR expressing U251 cancer and low EGFR expressing 9L cancer were visible to the naked eye. The location of the high EGFR 
expressing cancer was outlined in white dashed line. The first ADEPT image shows a slice from the 3D reconstruction of the control imaging agent 
fluorescence signal, while the second ADEPT image shows a slice from the targeted imaging agent fluorescence signal. Note: no clear markers of 
cancer difference were observable in either of these images. However, with analysis of binding potential (BP), the different clonal subtypes in the 
tumor were clearly observable in the expected locations. 
 
Validation of ADEPT and ADEPT-guided pathology for lymph node imaging. Here we would like to reiterate 
that this work will continue to be supported by the NSF CAREER grant and we applied for an NIH grant. Our imminent 
future goals will be to test our hypothesis that the sensitivity of ADEPT-guided lymph node pathology is significantly 
higher than the sensitivity of the conventional pathology without affecting specificity. We will also compare the total 
reading time of both approaches. 80 fresh breast lymph nodes specimens will be collected by Dr. Dirksen (Sanford) (see 
support letters) from consenting breast cancer patients (1 node per consenting patient). Node collection will take place 
over the next 2-3 years. Each node will be imaged on the described ADEPT imaging system with the described staining 
protocol, prior to a full pathology work-up at 0.2 mm slices. The pathology work-up will take place at the University of 
Chicago (UC) by a research team led by Dr. Sattar (see support letters). He will recruit 10 qualified pathologists and 
record readers’ findings.  The results will subsequently be used to compare ADEPT-guided pathology and conventional 
pathology in a human reader studies. The project will culminate in the creation of a Final Design Report (FDR) for the 
final system/protocol validation. The FDR will then be augmented with the following corresponding information: 1) the 
recommended data-acquisition protocol; 2) the quantitative image-quality results; and 3) the statistical analyses of the 
final reader studies. These FDRs will form the basis for a future project to conduct a systematic, IRB approved, clinical 
trial of ADEPT methodology. 
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Grants 

1.1.2 Directly supporting Nayar Prize work: 
	
1. NSF CAREER 1653627, “Development of Enhanced Early Photon Tomography for Cancer Staging,” 02/15/17-

01/30/2022, $568,245. (P.I. Tichauer) 
• This grant was awarded based on the prototype system and preliminary data acquired during Nayar Prize 

Phase I. In this proposal the basic outline of the Nayar Prize Phase II Proposal was extended with additional  
theoretical development and inclusion of  the clinical study. It  has provided additional funding for the Nayar 
Prize work since April 2017, and will continue to support this work out to January 30, 2022 proliferating impact 
of the Nayar Prize. The grant was awarded with a score of “Highly Competitive” by a 20+ member review 
panel of established experts in the field of Biophotonics. Comments included: “The application addresses an 
important problem in human health.” “The PI is well qualified and has all the right collaborations in place to 
carry out the work.” “The experimental plan is well developed.” “The validation of the approach through Monte 
Carlo simulations is sound.” “The proposal presents some compelling preliminary results for observing cancer 
cells in the lymph nodes of mice using the two color approach and there is confidence in success of the 
approach.” 

 

1.1.2 Tangential to Nayar Prize work: 
2. NIH/NIBIB R01 EB023969, “Analyzer-based phase contrast imaging system development and evaluation,” Total 

grant: $2,500,000; 07/15/18-04/31/22. (Brankov is P.I., Tichauer is a key personnel) 
• Through Brankov’s demonstrated expertise in photon imaging system development and Tichauer’s support in 

breast cancer models to system testing, the leaders of the ADEPT team have secured long-term substantial 
funding to support the optimization and application of an improved method for breast cancer screening (lower 
dose and higher sensitivity and specificity compared to mammography) using phase contrast computed 
tomography. The general outline of this work (system development, evaluation, clinical study) is nearly identical 
in structure to our Future goals for the ADEPT Project. We plan to augment the Nayar Prize work funding further 
through NIH R01 funding that will be built on the foundation of Tichauer’s CAREER along the structure of 
Brankov’s recent R01. 

3. NIH/NCI R21 CA1215561, “Kinetic modeling of multiplexed SERS nanoparticles for quantitative molecular 
phenotyping (QMP) of breast cancer,” Jonathan Teng-Chieh Liu, P.I.; 04/01/17-03/31/19, Total grant: $438,075; 
Subcontract: $187,742. (Tichauer is Subcontract P.I.) 
• Kinetic modeling work used to optimize lymph node and tissue biopsy staining for breast cancer applications 

(including ADEPT imaging) was awarded funding through to March 2019 by a collaborative R21 led by Assoc. 
Prof. Jonathan Liu at the University of Washington. 

4.    NIH/NCI R37 CA212187, “Paired-agent imaging for resection during surgery (PAIRS) for head & neck cancers,” 
Kimberley Samkoe, P.I.; 12/04/17-11/30/22, Total grant: $1,823,350; Consultant contract: $50,000. (Tichauer is a 
consultant) 
• The goal of this grant is to take paired-agent imaging to the clinical for guiding resection of head & neck cancers. 

Tichauer is a consultant on this grant as he provides Kinetic modeling support to the grant, particular with respect 
to quantifying and overcoming the effects of heterogeneity in targeted receptor expression, to maximize the 
amount of identifiable cancer despite heterogeneity. As there is a focus on heterogeneity, the finding from this 
work have been directly translatable to specific objective 2 of Phase II of the Nayar Prize.  
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Scholarship (Publications) 

	
 
Scientific Articles 
1.2.1 Published 
1. Lagnojita Sinha, Jovan G. Brankov, Kenneth M. Tichauer. Enhanced detection of early photons in time-domain 

optical imaging by running in “dead-time” regime. Optics Letters, 41(14), 3225-8, 2016. 

2. Negar Sadeghipour, Scott C. Davis, Kenneth M. Tichauer. Generalized paired-agent kinetic model for in vivo 
quantification of cancer cell-surface receptors under receptor saturation conditions. Physics in Medicine and Biology, 
62(2), 394-414, 2017. 

3. Xiaochun Xu, Yu Wang, Jialing Xiang, Jonathan T. C. Liu, Kenneth M. Tichauer. Rinsing paired-agent model 
(RPAM) to quantify cell-surface receptor concentrations in topical staining applications of thick tissues. Physics in 
Medicine and Biology, 62(12), 5098-113, 2017. 

4. Soyoung Kang, Yu Wang, Xiaochun Xu, Eric Navarro Comes, Kenneth M. Tichauer, Jonathan T. C. Liu. 
Microscopic investigation of topically applied SERS NPs for Raman-encoded molecular imaging of fresh tissue 
specimens. Journal of Biophotonics. 11(4), e201700246, 2018. 

5. Lagnojita Sinha, Morgan Fogarty, Wei Zhou, Andrea Giudice, Jovan G. Brankov, Kenneth M. Tichauer. Design and 
characterization of a dead-time regime enhanced early photon projection imaging system. Review of Scientific 
Instruments, 89(4), 043707, 2018. 

6. Negar Sadeghipour, Scott C. Davis, Kenneth M. Tichauer. Correcting for targeted and control agent signal 
differences in paired-agent molecular imaging of cancer cell-surface receptors, Journal of Biomedical Optics, 23(6) 
066004, 2018. 

7. Chengyue Li, Veronica C. Torres, Kenneth M. Tichauer. Noninvasive detection of cancer spread to lymph nodes: a 
review of molecular imaging principles and protocols. Journal of Surgical Oncology. 118(2), 301-314, 2018. 

1.2.2 Submitted 
8. Veronica Torres, Chengyue Li, Todd Wilson, Jovan G. Brankov, Kenneth M. Tichauer. Angular restriction dual 

fluorescent optical projection tomography to guide lymph node sectioning. Optics Letters. Submitted October 16, 
2018. 

9. Lagnojita Sinha, Chengyue Li, Francesc Massanes, Kenneth M. Tichauer, Jovan G. Brankov. Comparison of time- 
and angular-domain scatter rejection in mesoscopic optical imaging: a simulation study. Biomedical Optics Express. 
Submitted October 11, 2018 (Reference: 348108)  

10. Soyoung Kang*, Xiaochun Xu*, Eric Navarro Comes, Yu Wang, Jonathan T. C. Liu, Kenneth M. Tichauer. 
Modeling the binding and diffusion of receptor-targeted nanoparticles topically applied on fresh tissue specimens. 
(*authors contributed equally). Physics in Medicine and Biology. Submitted August 31, 2018 (Reference: PMB-
107875). 

11. Chengyue Li, Xiaochun Xu, Nathan McMahon, Omar Alhaj Ibrahim, Husain Sattar, Kenneth M. Tichauer. Paired-
agent fluorescence imaging of sentinel lymph node metastases using indocyanine green as a control agent for 
antibody-based targeted agents. Contrast Media & Molecular Imaging. Under Revision October 1, 2018 (Reference: 
7561862). 

	



	 34	

	
Scholarship (Conference Proceedings & Abstracts) 

 
Proceedings: 
	

C1. Xiaochun Xu, Soyoung Kang, Eric Navarro Comes, Yu Wang, Jonathan T. C. Liu, Kenneth M. Tichauer. 
Thick tissue diffusion model with binding to optimize topical staining in fluorescence breast cancer margin 
imaging. Proceedings of SPIE, 10478, 104780N, 2018. 

C2. Lagnojita Sinha, Jovan G. Brankov, Kenneth M. Tichauer. Getting more early photons with less background: 
detection rate and signal-to-background improvements in enhanced early photon imaging. Proceedings of 
SPIE, 10486, 104860E, 2018. 

C3. Negar Sadeghipour, Scott C. Davis, Kenneth M. Tichauer. Quantifying cancer cell receptors with paired-
agent fluorescent imaging: a novel metod to account for tissue optical property effects. Proceedings of SPIE, 
10497, 1049723, 2018. 

C4. Chengyue Li, Xiaochun Xu, Yusairah Basheer, Yusheng He, Husain A. Sattar, Jovan G. Brankov, Kenneth 
M. Tichauer. Paired-agent fluorescent imaging to detect micrometastases in breast sentinel lymph node 
biopsy: experimental design and protocol development. Proceedings of SPIE, 10484, 1048402, 2018. 

C5. Alisha V. DSouza, Kayla A. Marra, Jason R. Gunn, Kimberley S. Samkoe, Kenneth M. Tichauer, Brian W. 
Pogue. Methods for effective fluorophore injection and imaging of lymphatics in small animals. Proceedings 
of SPIE, 96960W, 96960W-4, 2016. 

	
Abstracts: 
	

1.  KS Samkoe, C Wang, M Folaron, E Chen, PJ Hoopes, K Tichauer. Paired-agent imaging of EGFR provides 
high sensitivity and specificity oral head and neck cancers for surgical resection. SPIE BiOS, San Francisco, 
CA, February 2019. 

2.  N Sadeghipour, MR Folaron, B Meng, RR Strawbridge, KS Samkoe, KM Tichauer, SC Davis. Paired-agent 
cross-modality imaging: dynamic imaging of optical targeted and MR untargeted imaging agents to estimate 
cell surface receptors concentration. SPIE BiOS, San Francisco, CA, February 2019. 

3.  B Meng, MR Folaron, N Sadeghipour, RR Strawbridge, KS Samkoe, K Tichauer, SC Davis. Noninvasive 
quantification of drug-target engagement using MRI-coupled dual-agent fluorescence tomography. SPIE 
BiOS, San Francisco, CA, February 2019. 

4.  C Li, VC Torres, X Xu, JG Brankov, KM Tichauer. Paired-agent fluorescent imaging to detect 
micrometastases in resected breast lymph nodes. SPIE BiOS, San Francisco, CA, February 2019. 

5.  VC Torres, T Wilson, C Li, L Sinha, J Brankov, KM Tichauer. Localization of micro-inclusions in excised 
lymph nodes using angle constrained fluorescent optical projection tomography. SPIE BiOS, San Francisco, 
CA, February 2019. 

6.  KS Samkoe, C Wang, KM Tichauer, E Chen. Paired-agent imaging of EGFR provides high molecular 
contrast increasing detectability of oral head and neck cancers during surgical resection. World Molecular 
Imaging Congress, Seattle, WA, September 2018.  

7.  B Meng, M Folaron, RR Strawbridge, N Sadeghipour, KM Tichauer, SC Davis. Dynamic dual-agent MRI-
guided fluorescence tomography estimates receptor availability during receptor-targeted therapy. World 
Molecular Imaging Congress, Seattle, WA, September 2018.  
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8.  S Kang, X Xu, E Navarro Comes, Y Wang, KM Tichauer, JTC Liu. Microscopic investigation and modeling 
of topically applied nanoparticles for enhanced molecular imaging of tissues. World Molecular Imaging 
Congress, Seattle, WA, September 2018. 

9.  N Sadeghipour, SC Davis, KM Tichauer. Cell-surface receptor concentration imaging by paired-agent 
method and correcting for tissue optical property differences within the kinetic model. World Molecular 
Imaging Congress, Seattle, WA, September 2018.  

10.  N Sadeghipour, G Lu, EL Rosenthal, SC Davis, KM Tichauer. A non-invasive method to measure antibody 
receptor occupancy using paired-agent imaging with affibodies to accurately estimate receptor concentration. 
World Molecular Imaging Congress, Seattle, WA, September 2018.  

11.  X Xu, S Kang, E Navarro Comes, Y Wang, JTC Liu, KM Tichauer. Quantitative molecular phenotyping of 
breast cancer surgical margins: kinetic and diffusion modeling with binding (DMB) to optimize staining and 
rinsing protocols. World Molecular Imaging Congress, Seattle, WA, September 2018.  

12.  C Li, X Xu, Y Basheer, VC Torres, JG Brankov, KM Tichauer. Detecting breast cancer micrometastases in 
resected whole lymph nodes using paired-agent fluorescent imaging: imaging agent administration methods. 
World Molecular Imaging Congress, Seattle, WA, September 2018.  

13.   C Li, X Xu, KM Tichauer. Noninvasive detection of sentinel lymph node metastases using paired-agent 
imaging with indocyanine green as a control agent for an antibody-based targeted imaging agent. World 
Molecular Imaging Congress, Seattle, WA, September 2018.  

14.  VC Torres, L Sinha, C Li, JG Brankov, KM Tichauer. Guiding lymph node pathology with an early photon 
dual wavelength fluorescent optical projection tomography system. World Molecular Imaging Congress, 
Seattle, WA, September 2018. 

15.   L Sinha, JG Brankov, KM Tichauer. Image resolution improvements in optical imaging: comparison of 
angular vs. time-domain restriction of highly scattered photons. Optical Society of America (OSA) Biomedical 
Optics Topical Meetings, Hollywood, Florida, April 2018. 

16.  VC Torres, C Li, L Sinha, JG Brankov, KM Tichauer. Demonstration of dual channel fluorescent optical 
projection tomography to guide lymph node pathology. Optical Society of America (OSA) Biomedical Optics 
Topical Meetings, Hollywood, Florida, April 2018. 

17.  X Xu, S Kang, Y Wang, JTC Liu, KM Tichauer. Intraoperative and quantitative molecular phenotyping 
(IQMP) of breast cancer surgical margins: comparison of data analysis methods for topically applied 
nanoparticles. SPIE BiOS, San Francisco, CA, January 2018. 

18.  C Li, X Xu, Y Basheer, KM Tichauer. Paired-agent fluorescent imaging to detect micrometastases in breast 
sentinel lymph node biopsy. SPIE BiOS, San Francisco, CA, January 2018. 

19.  L Sinha, JG Brankov, KM Tichauer. Getting more early photons with less background: detection rate and 
signal-to-background improvements in enhanced early photon imaging. SPIE BiOS, San Francisco, CA, 
January 2018. 

20.  N Sadeghipour, SC Davis, KM Tichauer. Quantifying cancer cell receptors with paired-agent fluorescent 
imaging: a novel method to account for tissue optical property effects. SPIE BiOS, San Francisco, CA, 
January 2018. 

21. N Sadeghipour, K Wills, SC Davis, KM Tichauer. Connection between molecular targeted drug response and 
molecular environment in cancer therapy: testing EGFR status vs. Erbitux therapy. World Molecular Imaging 
Congress, Philadelphia, PA, September 2017. 

22. L Sinha, W Zhou, JG Brankov, KM Tichauer. Early photon optical tomography signal-to-noise ratio 
improved by almost two orders-of-magnitude by running in the “deadtime” regime. World Molecular 
Imaging Congress, Philadelphia, PA, September 2017. 
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23. C Li, X Xu, Y Basheer, KM Tichauer. Sentinel lymph node metastases detection in breast cancer: evaluation 
of CAIX/CAXII antibody targeted agents and indocyanine green for paired-agent fluorescence imaging 
protocols. World Molecular Imaging Congress, Philadelphia, PA, September 2017. 

24. X Xu, S Kang, EN Comes, Y Wang, JTC Liu, KM Tichauer. Quantitative molecular phenotyping of breast 
cancer surgical margins: kinetic and diffusion modeling to optimize staining and rinsing protocols. World 
Molecular Imaging Congress, Philadelphia, PA, September 2017. 

25.  KS Samkoe, E Schultz, Y Park, C Yang, RP Goncalves, K Smith, KM Tichuaer, S Gibbs. Quantitative 
molecular imaging of intracellular signaling in an in ovo avatar model of pancreatic cancer for predicting 
personalized response to molecular therapies within one week of biopsy. World Molecular Imaging Congress, 
Philadelphia, PA, September 2017. 

26.  A Rangnekar, KS Samkoe, KM Tichauer. Optimizing tumor contrast during surgery: ideal imaging agent 
parameters for paired-agent methods. Biomedical Engineering Society (BMES) Annual Meeting, Minneapolis, 
MN, October 2016. 

27.  N Sadeghipour, SC Davis, KM Tichauer. In vivo quantification of cancer cell-surface receptors under 
saturation conditions by generalized paired-agent kinetic model. Biomedical Engineering Society (BMES) 
Annual Meeting, Minneapolis, MN, October 2016. 

28.  X Xu, Y Wang, JTC Liu, J Xiang, KM Tichauer. Staining Paired-Agent Model (SPAM) For Cell Surface 
Receptor Concentration Estimation In Thick Tissue Imaging. Biomedical Engineering Society (BMES) 
Annual Meeting, Minneapolis, MN, October 2016.  

29.  C Li, X Xu, KM Tichauer. Using indocyanine green as a control agent in paired-agent fluorescence imaging 
for sentinel lymph node metastases detection. Biomedical Engineering Society (BMES) Annual Meeting, 
Minneapolis, MN, October 2016.  

30.  L Sinha, W Zhou, JG Brankov, KM Tichauer. Improved spatial resolution in optical projection imaging with 
enhanced early photon detection. Biomedical Engineering Society (BMES) Annual Meeting, Minneapolis, 
MN, October 2016.  

31.  N Sadeghipour, SC Davis, KM Tichauer. Generalized paired-agent kinetic model for in vivo quantification of 
cancer cell-surface receptors under receptor saturation conditions. World Molecular Imaging Congress, New 
York, NY, September 2016. 

32.  L Sinha, W Zhou, JG Brankov, KM Tichauer. Detector saturation helps to achieve high spatial resolution 
images in optical tomography. World Molecular Imaging Congress, New York, NY, September 2016. 

33.  C Li, X Xu, KM Tichauer Paired-agent fluorescence imaging of sentinel lymph node metastases in breast 
cancer with indocyanine green as a paired control agent. World Molecular Imaging Congress, New York, 
NY, September 2016. [Selected as a highlight lecture] 

34.  X Xu, L Sinha, J Xiang, KM Tichauer. Simplified paired-agent model (SPAM) to rapidly estimate cell 
surface receptor concentration in live tissue culture. World Molecular Imaging Congress, New York, NY, 
September 2016. 

35. L Sinha, W Zhou, R Mehta, JG Brankov, KM Tichauer. Enhanced detection of early photons in time-domain 
optical tomography using dead-time characteristics of SPADs. Optical Society of America (OSA) Biomedical 
Optics Topical Meetings, Ft. Lauderdale, Florida, April 2016. 

36. X Xu, L Sinha, J Xiang, KM Tichauer. Quantification of cell surface receptor in live tissue culture using a 
paired-agent stain and rinse approach. Optical Society of America (OSA) Biomedical Optics Topical 
Meetings, Ft. Lauderdale, Florida, April 2016. 
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Scholarship (Invited Presentations) 

	
P1.  TBD. OSA Biophotonics Congress: Optical Molecular Probes, Tucson, AZ, April, 2019. 

P2. “Molecular Imaging Strategies to Quantify Cancer-Specific Markers:  
Kinetic Modeling and Paired-Agent Principles.” Department of Radiology Seminar, University of Chicago, 
Chicago, IL, February 8, 2018. 

P3. “Is it really molecular guided surgery (or just EPR effect)? Understanding and overcoming the effects of 
cancer physiology on tumor contrast.” SPIE Photonics West, Molecular-Guided Surgery, San Francisco, CA, 
January 28, 2018. 

P4. “Molecular imaging strategies to quantify cancer-specific markers: in vitro to in vivo.” Sanford Research, 
Sioux Falls, SD, October 20, 2017. 

P5. “Quantitative molecular imaging of cancer using paired-agent protocols: from single cell studies to humans and 
everything in between.” Cancer Center Carcinogenesis and Chemoprevention Program Seminar, UIC College 
of Medicine, Chicago, IL, June 8, 2017. 

P6. “The ADEPT Cancer Imager: A Path to Personalized Medicine.” Board of Trustees Partners’ Program, 
Illinois Tech, Chicago, IL, May 25, 2017. 

P7. “Making molecular imaging more quantitative: in vitro, ex vivo, and in vivo applications.” Biophotonics 
Seminar Series, University of Washington, Seattle, WA, May 17, 2017. 

P8. “Making molecular imaging more quantitative: in vitro, ex vivo, and in vivo applications,” Biomedical 
Engineering Department Seminar, Oregon Health and Science University, Portland, OR, February 16, 2017. 

P9. “Evaluating image quality in optical surgical navigation: definitions, underpinnings, and enhancements,” World 
Molecular Imaging Congress, Optical Surgical Navigation Session, New York, NY, September 8, 2016. 

P10.  “The benefits of paired-agent imaging in molecular-guided surgery: an update on methods and applications,” 
SPIE Photonics West, Molecular-Guided Surgery, San Francisco, CA, February 13, 2016. 

P11.  “Cancer Imaging at the Molecular Level,” Mechanical Engineering Departmental Seminar, University of 
Washington, Seattle, WA, October 20, 2015. 
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Education & Outreach (Undergraduate Projects) 

	
U1.  Chandrika Haldar, “Molecular imaging for antibody chemotherapy monitoring in cancer treatment,” 

undergraduate research project (Summer Research Immersion Program – ENGR 499.04, 3 credits), Summer 
2018. 

U2. Jodi Curtin, “Tracking cancer spread to breast cancer draining lymph nodes: methods of cancer cell 
counting,” undergradate research project (IIT Armour R&D), Summer 2018. 

U3. Shengxuan Chen, “Diffusion-binding models to predict molecular imaging contrast in topical staining 
applications,” BME 597 special problems research project, Spring 2018. 

U4. Dawid Walus, “Monte Carlo simulations of light propagation in tissue: pushing the limits of microscopy,” 
BME 597 special problems research project, Spring 2018. 

U5. Kushal Herur, “Iterative image reconstruction in the void between backprojection and diffuse optical 
tomography,” BME 597 special problems research project, Spring 2018. 

U6. Chandrika Haldar, “Developing models to predict drug receptor occupancy using paired-agent molecular 
imaging principles,” undergradate research project (IIT Armour R&D), Spring 2018. 

U7. Christopher Beluska, “Development of a window chamber model for direct and longitudinal investigations 
into paired-agent molecular prediction of chemotherapy efficacy,” undergradate research project (IIT Armour 
R&D), Fall 2017. 

U8. Yusairah Basheer, “Sensitive Detection of Cancer Spread to Lymph Nodes: Evaluating Imaging Agent 
Delivery Protocols,” undergradate research project (IIT Armour R&D), Fall 2017. 

U9. Todd Wilson, “Image reconstruction optimization in ADEPT cancer imager,” undergraduate research project 
(IIT Armour R&D), Summer 2017. 

U10. Rina Sha, “Breast cancer margin identification by paired-agent molecular imaging: effects of diffusion, stain 
time, and rinse time on sensitivity and specificity,” BME 597 special problems research project, Summer 
2017. 

U11. Bhavya Dasari, “Simulating photon travel times and exit angles as they propagate through cancer tissue 
biopsy for optimization of ADEPT cancer imager,” undergraduate research project (Summer Research 
Immersion Program – ENGR 499.03, 3 credits), Summer 2017. 

U12. Diana Velasquez, “Paired-agent molecular imaging to predict response of molecular targeted cancer therapies 
for rapid drug screening and personalized medicine,” undergraduate research project (Summer Research 
Immersion Program – ENGR 499.04, 3 credits), Summer 2017. 

U13. Ilma Lodhi, “Modeling imaging agent delivery to cancers in support of rapid pathology using angular 
dependent early photon tomography (ADEPT),” undergraduate research project (BME 492-155, 3 credits 
total), Spring 2017. 

U14. Morgan Fogarty, “High resolution fluorescence mapping with angular dependent early photon tomography 
(ADEPT),” undergraduate research project (BME 492-155, 2 credits total), Spring 2017. 

U15. Yusairah Basheer, “Light propagation modeling for imaging cancer spread to tumor draining lymph nodes 
with angular dependent early photon tomography (ADEPT),” undergraduate research project (BME 492-155, 
3 credits total), Spring 2017. 

U16.  Dongyang Li, “Quantitative kinetic modeling for cancer molecular imaging,” BME 597 special problems 
research project, Fall 2016. 
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U17. Dawid Walus, “Simulating early-photon propagation for the ADEPT Cancer Imager,” undergraduate research 
project (IIT Armour R&D), Fall 2016. 

U18. Morgan Fogarty, “Validating performance of optical imaging system for diagnosis of metastatic breast 
cancer,” undergraduate research project (IIT Armour R&D), Fall 2016. Current Position: Research 
Technician at The MGH/HST Martinos Center for Biomedical Imaging. 

U19. Yusairah Basheer, “Sensitive detection of cancer spread to lymph nodes: evaluating imaging agent delivery 
protocols,” undergraduate research project (IIT Armour R&D), Fall 2016. 

U20.  Raul Pivoto Goncalves, “Quantitative imaging of intracellular proteins in pancreatic cancer,” undergraduate 
research project (Brazil Scientific Mobility Program – ENGR 499.10, 3 credits), Summer 2016. 

U21. Eric Navarro Comes, “Rapid evaluation of breast cancer margins: accounting for diffusion in paired-agent 
SERS nanoparticle tissue staining,” undergraduate research project (BME 597-155, 3 credits total), Spring 
2016 & Summer 2016 

U22. Vasundhara Agrawal, “Solutions to mathematical models governing receptor saturation in healthy and 
cancerous breast tissue to study their effect on quantitative accuracy in lumpectomy margin assessment 2,” 
undergraduate research project (IIT Armour R&D), Summer 2016. 

U23. Kristin Wills, “Novel molecular imaging protocols to predict efficacy of targeted cancer therapy,” 
undergraduate research project (IIT Armour R&D), Summer 2016. 

U24. Dawid Walus, “Adapt to ADEPT: A 3D MATLAB Approach for the Modification of the Agent-Dependent 
Early-Photon Tomography System,” undergraduate research project (IIT Armour R&D), Summer 2016. 

U25.  Kushal Herur, “Born Normalization Shows Early Photons Improve Image Quality,” undergraduate research 
project (IIT Armour R&D), Spring 2016. 

U26.  Nirja Shah, “Investigating effect of tissue staining and rinsing protocols for analysis of remnant cancer at the 
margins of breast surgery tissue samples,” undergraduate research project (IIT Armour R&D), Spring 2016. 

U27.		 Vasundhara	 Agrawal,	 “Solutions	 to	 mathematical	 models	 governing	 diffusion	 of	 imaging	 agents	 in	
healthy	 and	 cancerous	 breast	 tissue	 to	 study	 their	 effect	 on	 quantitative	 accuracy	 in	 lumpectomy	
margin	 assessment,”	 undergraduate	 research	 project	 (IIT	 Armour	 R&D),	 Spring	 2016.	 Current	
Position:	 PhD	 Candidate,	 Department	 of	 Biomedical	 Engineering,	 Northwestern	 University,	
Chicago,	IL.	

	
 

	 		
Figure 15. Demonstration of the success of past broader outreach activities. Left image is Mr. Frontera’s Senior Physics class at 
the Chicago Military Academy just down the street from Illinois Tech showing their appreciation for a “meet a scientist” segment 
Dr. Tichauer was a part of, presenting Nayar Prize work as an example of biomedical engineering. Middle image is a state-wide 
Jay Hoffman Memorial Award won by high school student Wasan Kumar for research completed in our lab on the Nayar Prize 
project, as part of a research exposure program at the Illinois Math and Sciences Academy. Right image is picture of awardees 
from an Engineering College-wide poster competition for undergraduate research—of 80 students, 6 awards given: 3 of who were 
working on the ADEPT project (top left: Omar Alhaj Ibrahim; middle top: Conner Wiebel, bottom right: Vasundhara Agrawal). 
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Commercialization 

Patents 
1. Kenneth M. Tichauer, Jovan G. Brankov, Lagnojita Sinha, “Enhanced early photon paired-agent 3D fluorescence 

mesoscope,” provisional patent submitted. Filed, 2017-04-26 US15497407. 
 
Grants in preparation 
1. NIH STTR to be submitted January 5, 2019 to fund further commercialization of the ADEPT Cancer Imager 
 
Industry outreach 
1.  Talked to representatives from Johnson & Johnson, serial entrepreneurs (Brandon Pearlman & Sandeep Sull), and a 

startup support company for guidance on commercialization. 
2.  Selected to be part of IP2Startup Program hosted by the National Council of Entrepreneurial Tech Transfer 

(NCET2), where 2 Fortune 500 Corporate Members and 3 Startup Development Officers have expressed interest in 
meeting with us. 
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Leadership Biosketches 

Kenneth Tichauer, PhD 
 

POSITION TITLE: Associate Professor, Department of Biomedical Engineering, IIT 

EDUCATION/TRAINING  

University of British Columbia, Vancouver, BC, 
Canada 

B.Sc. 
Honors 

05/2003 Biophysics 

University of Western Ontario, London, ON, 
Canada 

Ph.D. 06/2008 Medical Biophysics 

Lawson Health Research Institute, London, ON Postdoc 07/2010 Medical Imaging 

Dartmouth College, Hanover, NH, USA Research 
Associate 

12/2012 Biomedical 
Engineering 

A. Personal Statement 

This application focuses on the advancement and validation of a paired-agent imaging optical projection tomography 
system capable of significantly improving the sensitivity of micrometastasis detection in resected sentinel lymph nodes. 
The project requires collaborative expertise is a wide range of specialties including image processing, optical engineering, 
molecular imaging, kinetic modeling, breast cancer molecular biology, breast cancer oncology, breast cancer surgical 
oncology, and breast cancer pathology. The expertise I bring in leading this project is specific to molecular imaging, 
biomedical optics, and kinetic modeling, and I have close relationships with all members of the team, meeting with each 
of them at least monthly at present. I was recently promoted to Associate Professor of Biomedical Engineering at Illinois 
Tech in 2018, and my independent lab now has over a dozen publications (8 of which I am senior author on). My total 
publication count is 52, with 6 articles published in the last year including an invited review on lymph node imaging by 
the Journal of Surgical Oncology that is directly pertinent to the proposed grant (1). Moreover, we have two publications 
describing the innovation and details of the ADEPT imaging system that will be advanced in this proposal that are direct 
results of the close collaboration between Dr. Brankov, who is a co-investigator of the grant, and me (2,3). I have 
personally been spearheaded much of the advances in so-called paired agent molecular imaging that have emerged over 
the last 7 years (I have over 20 publications in the area in that time frame; see Section C). The work that first demonstrate 
the exquisite sensitivity provided by paired-agent imaging for detection cancer spread to lymph nodes was published in 
Nature Medicine and was a result of a project that I managed and funded from a CIHR postdoctoral fellowship during my 
postdoctoral work at Dartmouth College (4). 
1. Li, C., Torres, V.C., Tichauer, K.M. (2018). Noninvasive detection of cancer spread to lymph nodes: a review of 

molecular imaging principles and protocols. Journal of Surgical Oncology, Accepted. Impact Factor: 3.244 
2. Sinha, L., Fogarty, M., Zhou, W., Giudice, A., Brankov, J.G., Tichauer, K.M. (2018). Design and characterization of 

a dead-time regime enhanced early photon projection imaging system. Review of Scientific Instruments 89(4):043707. 
Impact Factor: 1.515 

3. Sinha, L., Brankov, J.G., Tichauer, K.M. (2016). Enhanced detection of early photons in time-domain optical 
imaging by running in “dead-time” regime. Optics Letters 41(14):3225-8. Impact Factor: 3.416 

4. Tichauer, K.M., Samkoe, K.S., Gunn, J.R., Kanick, S.C., Hoopes, P.J., Barth, R.J., Kaufman, P.A., Hasan, T., Pogue, 
B.W. (2014). Microscopic lymph node tumor burden quantified by macroscopic dual-tracer molecular imaging. 
Nature Medicine. 20(11):1348-53. Impact Factor: 28.054 

Positions and Honors 

Positions and Employment 
2002-2003 Research Assistant, Positron Emission Tomography Lab, University of British Columbia, Vancouver, 

BC, Canada 
2003-2008 Graduate Student Researcher, Department of Medical Biophysics, University of Western Ontario, 

London, ON, Canada 
2008-2010 Postdoctoral Fellow, Imaging Division, Lawson Health Research Institute, London, ON, Canada 
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2010-2012 Research Associate, Thayer School of Engineering, Dartmouth College, Hanover, NH 
2013-2018  Assistant Professor, Department of Biomedical Engineering, Illinois Institute of Technology, Chicago, 

IL 
2018- Associate Professor, Department of Biomedical Engineering, Illinois Institute of Technology, Chicago, 

IL 
 
Other Experience and Professional Memberships 
2004- Member, Optical Society of America (OSA) 
2007-  Selected Journal Reviewer - Nature Reviews Clinical Oncology, Optics Letters, PLoS ONE, Optics 

Express, Biomedical Optics Express, Journal of Biomedical Optics, Physics in Medicine and Biology, 
etc… 

2009- Member, World Molecular Imaging Society (WMIS) 
2010- Member, Society of Photo-optical Instrumentation Engineers (SPIE) 
2013- Member, Biomedical Engineering Society (BMES) 
2013- Scientific Reviewer – Department of Defense 

Breast Cancer Research Program 
Prostate Cancer Research Program 

2015- Committee Member, Young Professionals Interest Group, WMIS 
2015-  Editorial Board Member – Nature Scientific Reports 
2016 Session Chair, SPIE Photonics West, BiOS 
2017- Program Committee, Molecular Guided Surgery, SPIE Photonics West, BiOS 
2017 Session Chair, SPIE Photonics West, BiOS 
2018- Program Committee, Optical Molecular Probes, OSA Biophotonics Congress 
 
Honors 
2005 Travel Bursary to Brain ‘05 
2006 First Prize, Poster Competition, Imaging Network of Ontario 
2006 Dean’s Award for Research Excellence, Western Research Forum 
2007 Graduate Thesis Research Award, University of Western Ontario 
2007 Third Prize, Poster Competition, Imaging Network of Ontario 
2009-2012 Travel Bursary to World Molecular Imaging Conference (2009, 2011, and 2012) 
2012 Urbach Travel Award to American Society of Photobiology 
2015 Nayar Prize I Finalist, Illinois Tech 
2016 Biomedical Engineering Excellence in Teaching Award 
2016 Nayar Prize I Winner, Illinois Tech 
2017 NSF CAREER Awardee 
2017 Biomedical Engineering Excellence in Teaching Award 
2017 Sigma Xi Award, Outstanding Accomplishments in Research and Scholarship, IIT 
2017 Rave Award for Excellence in Student Employment Services, Illinois Tech 
2018 Biomedical Engineering Excellence in Teaching Award 
 

Contribution to Science most relevant to the application (of 53 peer-reviewed articles) 

NCBI My Bibliography URL: 
http://www.ncbi.nlm.nih.gov/sites/myncbi/kenneth.tichauer.1/bibliography/45302058/public/?sort=date&directi
on=descending   
1. Li, C., Torres, V.C., Tichauer, K.M. Noninvasive detection of cancer spread to lymph nodes: A review of molecular 

imaging principles and protocols. Journal of Surgical Oncology. 118(2), 301-314, 2018. Impact Factor: 3.244. Invited 
Review. (ACKNOWLEDGES NAYAR PRIZE) 

2. Sadeghipour, N., Davis, S.C., Tichauer, K.M. Correcting for targeted and control agent signal differences in paired-
agent molecular imaging of cancer cell-surface receptors. Journal of Biomedical Optics. 23(6), 1-11, 2018. Impact 
Factor: 2.859. (ACKNOWLEDGES NAYAR PRIZE) 
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3. Sinha, L., Fogarty, M., Zhou, W., Guidice, A., Brankov, J.G., Tichauer, K.M. Design and characterization of a dead-
time regime enhanced early photon projection imaging system. Review of Scientific Instruments. 89(4), 043707, 
2018. Impact Factor: 1.428. (ACKNOWLEDGES NAYAR PRIZE) 

4. Kang, S., Wang, Y.W., Xu, X., Navarro, E., Tichauer, K.M., Liu, J.T.C. Microscopic investigation of topically 
applied nanoparticles for molecular imaging of fresh tissue surfaces. Journal of Biophotonics. 11(4), e201700246, 
2018. Impact Factor: 3.768. (ACKNOWLEDGES NAYAR PRIZE) 

5. Xu X., Wang, Y., Xiang, J., Liu, J. T.C., Tichauer, K.M. Rinsing paired-agent model (RPAM) to quantify cell-surface 
receptor concentrations in topical staining applications of thick tissues. Physics in Medicine and Biology. 62(12), 
5098-5113, 2017. Impact Factor: 2.761. (ACKNOWLEDGES NAYAR PRIZE) 

6. Sadeghipour, N., Davis, S.C., Tichauer, K.M. Generalized paired-agent kinetic model for in vivo quantification of 
cancer cell-surface receptors under receptor saturation conditions. Physics in Medicine and Biology. 62(2), 394-414, 
2017. Impact Factor: 2.761. (ACKNOWLEDGES NAYAR PRIZE) 

7. Sinha, L. Brankov J.G., Tichauer, K.M. Enhanced detection of early photons in time-domain optical imaging by 
running in “dead-time” regime. Optics Letters. 41(14), 3225-8, 2016. Impact Factor: 3.179(ACKNOWLEDGES 
NAYAR PRIZE) 

8. Tichauer, K.M., Samkoe, K.S., Gunn, J.R., Kanick, S.C., Hoopes, P.J., Barth, R.J., Kaufman, P.A., Hasan, T., Pogue, 
B.W. (2014). Microscopic lymph node tumor burden quantified by macroscopic dual-tracer molecular imaging. 
Nature Medicine. 20(11):1348-53. Impact Factor: 28.054 PMCID: PMC4224611 

9. DSouza, A.V., Elliott, J.T., Gunn, J.R., Barth, R.J., Samkoe, K.S., Tichauer, K.M., Pogue, B.W. (2015) Nodal lymph 
flow quantified with afferent vessel input function allows differentiation between normal and cancer-bearing nodes. 
PMCID: PMC4399669 

10. Tichauer, K.M., Samkoe, K.S., Sexton, K.J., Hextrum, S.K., Yang, H.H., Klubben, W.S., Gunn, J.R., Hasan, T. & 
Pogue, B.W. (2012). In vivo quantification of tumor receptor binding potential with dual-reporter molecular imaging. 
Molecular Imaging and Biology, 14(5), 584-592. Impact Factor: 2.869 PMCID: PMC3526808 

11. Davis, S.C., Samkoe, K.S., Tichauer, K.M., Sexton, K.J., Gunn, J.R. Deharvengt, S.J., Hasan, T., Pogue, B.W. 
(2013). Dynamic dual-tracer MRI-guided fluorescence tomography to quantify receptor density in vivo. Proceedings 
of the National Academy of Science 110(22):9025-9030, 2013. Impact Factor: 9.809 PMCID: PMC3670304 

12. Samkoe, K.S., Tichauer, K.M., Gunn, J.R., Wells, W.A., Hasan, T., Pogue, B.W. (2014). Quantitative in vivo 
immunohistochemistry of epidermal growth factor receptor using a receptor concentration imaging approach. Cancer 
Research. 74(24):7465-74. Impact Factor: 9.284 PMID: 25344226 

 
1. Development of “paired-agent” quantitative molecular imaging. Background: Molecular imaging encompasses a 
broad range of medical imaging applications that attempt to map the distribution of specific biomolecule concentrations in 
vivo. Providing such a rich source of information, molecular imaging has long been touted as a future cornerstone for 
disease diagnosis and treatment planning using disease-specific targeted therapeutics. However, most conventional 
molecular imaging approaches require the administration of a biomolecule targeted imaging agent, and while the 
assumption is that delayed retention of the agent should mirror the biological distribution of the targeted biomolecule, 
variability in physiology can significantly obfuscate this relationship in a great many applications. I have been 
spearheading the advancement of a strategy capable of accounting for variable imaging agent tissue delivery and 
nonspecific retention using information from the kinetics of a simultaneously injected concentration of a control 
(untargeted) imaging agent. This so-called “paired-agent” approach offers an unprecedented means of accurately mapping 
imaging agent specific target binding and target density (in addition to the standard imaging agent retention maps 
provided by conventional approaches). With collaborators, I recently wrote a review article on the history of paired-agent 
imaging and its use current to 2015 (1). My original work in the area, published as a postdoctoral fellow in 2012 has now 
been cited over 80 times (2). I and my lab have published over 20 publications in the area now with some recent articles 
focusing on a new mathematical model to account for scaling differences between different fluorescent channels (3), and 
an application to improve identification of cranial nerves in neurosurgery applications (4).  
13. Tichauer, K.M., Wang Y., Pogue, B.W., Liu, J.T.C. (2015). Quantitative in vivo cell-surface receptor imaging in 

oncology: kinetic modeling & paired-agent imaging principles from nuclear medicine and optical imaging. Physics in 
Medicine and Biology 60(14), R239-69. Impact Factor: 2.761 

14. Tichauer, K.M., Samkoe, K.S., Sexton, K.J., Hextrum, S.K., Yang, H.H., Klubben, W.S., Gunn, J.R., Hasan, T. & 
Pogue, B.W. (2012). In vivo quantification of tumor receptor binding potential with dual-reporter molecular imaging. 
Molecular Imaging and Biology, 14(5), 584-592. Impact Factor: 2.869 
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15. Sadeghipour N., Davis, S.C., Tichauer, K.M. (2018). Correcting for targeted and control agent signal differences in 
paired-agent molecular imaging of cancer cell-surface receptors. Journal of Biomedical Optics 23(6):066004. Impact 
Factor: 2.859 

16. Torres, V.C., Vuong, V.D., Wilson, T., Wewel, J., Byrne, R.W., Tichauer, K.M. (2017). Cranial nerve contrast using 
nerve-specific fluorophores improved by paired-agent imaging with indocyanine green as a control agent. Journal of 
Biomedical Optics 22(9):096012. Impact Factor: 2.859 

 
2. Multispectral time-domain fluorescence tomography. Background: There is considerable interest from large 
Pharma in the development of imaging tools capable of assessing drug efficacy in small animal preclinical studies. 
Fluorescence tomography is a relatively new imaging modality for small animals and tissue biopsies that has great 
promise as it is low-cost and ionizing radiation-free. However, high probability of light photon scattering in biological 
tissue makes accurate image reconstruction particularly difficult. My lab has been working on developing optical 
projection tomography systems to reject multiply scattered light such that image resolution in tissue biopsies can be 
improved. In Section A, I summarized the recent publications associated with these efforts that have been funded largely 
by competitive institutional funding (the Nayar Prize) and an NSF CAREER award. As precursors for my independent 
labs efforts, I worked to develop a multispectral (multi-color: capable of imaging multiple fluorescent imaging agents 
simultaneously) “time-domain” (based on pulsed light and photon transit time stamping) fluorescence tomography system 
to further advance this exciting new modality for use as a laboratory tool in cancer biology and big Pharma. Central 
findings: I began my work on this project by developing optimal methods of data collection and calibration and (1), 
demonstrating the extremely high sensitivity of the approach by producing the first whole body fluorescence tomography 
results in rats (2), demonstrating key improvements provided by time-domain fluorescence detection (3), and creating 
novel “paired-agent” background subtraction approaches to significantly improve in vivo fluorescence tomography in 
whole 3D mouse imaging (4). 
1. Tichauer, K.M., Holt, R.W., El-Ghussein, F., Zhu, Q., Dehghani, H., Leblond, F., Pogue, B.W. (2011). Imaging 

workflow and calibration for CT-guided time-domain fluorescence tomography. Biomedical Optics Express 
2(11):3021-36. Impact Factor: 3.497 

2. Leblond, F., Tichauer, K.M., Holt, R.W., El-Ghussein, F., Pogue, B.W. (2011). Toward whole-body optical imaging 
of rats using single-photon counting fluorescence tomography. Optics Letters 36(19):3723-5. Impact Factor: 3.385 

3. Holt, R.W., Tichauer, K.M., Dehghani, H., Pogue, B.W., Leblond, F. (2012). Multiple-gate time-domain diffuse 
fluorescence tomography allows more sparse tissue sampling without compromising image quality. Optics Letters 
37(13):2559-61. Impact Factor: 3.385 

4. Tichauer, K.M., Holt, R.W., El-Ghussein, F., Davis, S.C., Samkoe, K.S., Gunn, J.R., Leblond, F., Pogue, B.W. 
(2013). A dual-tracer background subtraction approach for fluorescent molecular tomography studies. Journal of 
Biomedical Optics 18(1):016003. Impact Factor: 3.145 

 
3. Noninvasive monitoring of blood flow and oxygen metabolism. Background: Blood flow and oxygen 
metabolism status are key indicators of tissue function and pathology. For investigating functional status of the brain, it is 
often sufficient to monitor changes in blood flow and metabolism from a resting state, and a number of imaging 
modalities now exist that are capable of measuring these changes. However, to detect pathology, one needs absolute 
measures of blood flow and metabolism as it is the baseline values that are most interesting. Early in my career, I 
developed a system based on near-infrared light reflectance that was capable of quantitatively measuring absolute blood 
flow and oxygen metabolic rate in the brain of newborns. Central findings: The first validation of the approach was 
published in 2006 (1); and I subsequently explored the ability to detect birth asphyxia in newborn pigs (2) and evaluated 
the ability to predict severity of birth asphyxia (3). Since leaving that project, the system I developed has now gone on to 
clinical trials in newborns at Victoria Hospital in London, Ontario, Canada. I have recently picked up these approaches 
again to develop tools to measure blood flow and vascular permeability in the retina as a method of early detection of 
diabetic retinopathy (4). 
1. Tichauer, K.M., Hadway, J., Lee, T.-Y., St. Lawrence, K. (2006). Measurement cerebral oxidative metabolism with 

near-infrared spectroscopy: a validation study. Journal of Cerebral Blood Flow and Metabolism, 26(5):722-30. 
Impact Factor: 5.339 

2. Tichauer, K.M., Wong, D.Y.L., Hadway, J.A., Rylett, R.J., Lee, T.-Y., St. Lawrence, K (2009). Assessing the 
severity of hypoxia-ischemia using near-infrared spectroscopy to measure the cerebral metabolic rate of oxygen in 
piglets. Pediatric Research 65(3):301-6. Impact Factor: 2.673 
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3. Tichauer, K.M., Elliott, J.T., Hadway, J.A., Lee, T.-Y., St. Lawrence, K. (2009). Cerebral metabolic rate of oxygen 
and amplitude-integrated electroencephalography during early reperfusion after hypoxia-ischemia in piglets. Journal 
of Applied Physiology 106(5):1506-12. Impact Factor: 3.732 

4. Tichauer, K.M., Guthrie, M., Hones, L., Sinha, L., St. Lawrence, K., Kang-Mieler, J.J. (2015). Quantitative retinal 
blood flow mapping from fluorescein videoangiography using tracer kinetic modeling. Optics Letters, 40(10), 2189-
92. Impact Factor: 3.385 

 

Research Support 

Ongoing Research Support 
R01 EB023969     Brankov (PI)      07/15/18 – 04/31/22 
NIH        (Co-investigator) 
Analyzer-based phase contrast imaging system development and evaluation 
 
ERIF      Tichauer (PI)      06/01/18 – 05/31/19 
IIT         
X-ray Fluorescence Imaging to Quantify Chemotherapy Binding in Pancreatic Cancer: A Window into Overcoming Drug 
Resistance 
 
R37 CA212187    Samkoe (PI)      12/04/17 – 11/30/22 
NIH/Dartmouth College   (Consultant) 
Paired-agent imaging for resection during surgery (PAIRS) for head & neck cancers 
 
CAREER 1653627   Tichauer (PI)      12/01/16-11/30/21 
NSF 
Development of enhanced early photon tomography for cancer staging. 
 
R21 CA1215561   Liu (PI)       04/01/17-03/31/19 
NIH      (Subcontract to Tichauer) 
Kinetic modeling of multiplexed SERS nanoparticles for quantitative molecular phenotyping (QMP) of breast cancer. 
 
Nayar Prize Phase II Awardee                Tichauer (PI)                    11/01/16-10/31/18 
IIT 
ADEPT Cancer Imager 
 
R01 CA184354    Davis (PI)      05/01/14 – 04/30/19 
NIH/Dartmouth College   (Subcontract to Tichauer at IIT) 
MRI-fluorescence tomography for quantifying tumor receptor concentration in vivo 

Completed Research Support  
 
Armour-Schweppe Pilot Project    Tichauer (PI) 09/01/15-08/31/16    
Rush University 
Maximizing resection of cancer with novel quantitative subsurface fluorescence imaging methods 
 
Nayar Prize Phase I Awardee    Tichauer (PI) 11/01/15-10/31/16    
IIT 
ADEPT Cancer Imager 
 
Start-up Fund  Tichauer (PI)           01/01/13 - 12/31/15    
IIT         
3-year start-up package to develop molecular imaging laboratory. 
 
Pritzker Seed Grant    Tichauer (PI)          
 08/01/14 – 07/31/15     
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IIT         
Development of an early photon tomography system for analyzing molecular properties in bulk tumor specimens 
The long-term objective of this work is to develop and construct the first imaging system capable of mapping microscopic 
heterogeneity in the molecular environment of tumors. Dr. Tichauer is responsible for guiding and supervising the 
development and of the system. 
 
ERIF        Tichauer (PI)       
   01/01/14 – 12/31/14     
IIT         
Mapping molecular heterogeneity in tumors for advanced personalized cancer therapy 
 
Postdoctoral Fellowship  Tichauer (PI)  07/01/11 - 12/31/12 
Canadian Institutes of Health Research (CIHR)   
Imaging HER2 receptor binding in breast during the course of therapy with dual-agent fluorescence 
 
OGS  Tichauer (PI) 05/01/06 – 04/31/08 
Ontario Graduate Scholarship 
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NAME 
Jovan G. Brankov, Ph.D. 

POSITION TITLE 
Associate Professor 
Electrical and Computer Engineering, 
Biomedical Engineering 

eRA COMMONS USER NAME 
BRANKOVJ 
EDUCATION/TRAINING  (Begin with baccalaureate or other initial professional education, such as nursing, and include postdoctoral training.) 

INSTITUTION AND LOCATION DEGREE 
(if applicable) YEAR(s) FIELD OF STUDY 

University of Belgrade Dipl. Eng. 1996 Electrical Engineering 
Illinois Institute of Technology M.S. 1999 Electrical Engineering 
Illinois Institute of Technology Ph.D. 2002 Electrical Engineering 

 
A. Personal Statement 
 
I have extensive experience with various aspects of medical imaging (including hardware and software) and 
use of image processing, data mining and pattern recognition methods for biomedical applications. I have been 
awarded over $ 5 million in grants as Principal Investigator (P.I.) or subcontract P.I., and he has been a key co-
investigator on over $16.5 million in additional grants. I have received several grants from the National 
Institutes of Health (NIH). As PI or co-Investigator on several university- and NIH-funded grants, I laid the 
groundwork for the task-based medical image quality assessment by machine learning methodologies as well 
as several of the basic mathematical properties of analyzer based phase–contrast imaging modality which is 
important pioneering work in this emerging area. In addition, I successfully administered the projects, 
collaborated with other researchers, and produced several peer-reviewed publications from each project. My 
research efforts have resulted in 38 papers in leading peer-reviewed journals, 125 peer-reviewed conference 
proceedings and abstracts, and one book chapter. My journal papers have been cited in peer-reviewed journal 
articles more than 942 times, and have achieved an h- index of 15 (according to Web of Science). (Google 
Scholar lists total citations as 2040, with h- index of 19). I am currently serving as: Associate editor for Medical 
Physics (AAPM), Journal of Medical Imaging (SPIE and IS&T) and Trans. Medical Imaging (IEEE). In addition I 
serve as program committee member for the IEEE International Symposium on Biomedical Imaging and SPIE 
Image Perception conferences and Associate Member of the BioImaging and Signal Processing (BISP) 
Technical Council of the IEEE Signal Processing Society. 

B. Positions and Honors. 
 

Positions and Employment 
	
1994-1995 Hardware and Software System Designer for Embedded Microcontrollers, ZIS 2 Company, 

Krusevac, Yugoslavia 
1996 PC Hardware and Software Technical Support, Sova Racunari, Belgrade, Yugoslavia 
1996-1998 Research and Development for Electronics	Scales, Tuf Co. Belgrade, Yugoslavia 
1998-2002 Research assistant/Teaching assistant, Illinois Institute of Technology, Chicago, IL 
2002-2004 Senior Research Associate, Illinois Institute of Technology, Chicago, IL 
2004-2008 Research Assistant Professor, Illinois Institute of Technology, Chicago, IL 
2004-2007 Consultant, Siemens Medical Solution, Hoffman Estate, IL  
2008-2014 Assistant Professor, Illinois Institute of Technology, Chicago, IL 
2014- Associate Professor, Illinois Institute of Technology, Chicago, IL 
 
Other Experience and Professional Memberships 
2005  IEEE Senior Member,  
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2012 - Associate Member BioImaging and Signal Processing (BISP) Technical Committee of the IEEE 
Signal Processing Society  
2005 – present Associate Editor,  Medical Physics (AAPM) 
2013 – present Board of Ass. Ed. Medical Physics (AAPM)   
2015-2018   Associate Editor, Trans. on Medical Imaging 
2014-present   Associate Editor, Journal of Medical Imaging 
2011-2014   Associate Editor, Journal of Electronic Imaging 
2014 -2015   Area Chair, IEEE International Conference on Image Processing (ICIP) 
2011- present Program committee, SPIE Image Perception, Observer Performance, and Technology 

Assessment Conference (SPIE Medical Imaging Meeting),  
2007-present  Grant reviewer for: U.S. Civilian Research & Development Foundation  
  (Qatar National Research Fund) 
2009  Grant reviewer for: The Center for Scientific Review at the NIH ZRG1 SBIB-V (58) R 
2009-2010   Grant reviewer for: Italian Ministry of Health in association with US NIH 
2013-2014 Research Foundation – Flanders (Fonds Wetenschappelijk Onderzoek - Vlaanderen, FWO), 
Belgium  
2015 - NSERC Discovery Grants – Extranet 1510 - Electrical and Computer Engineering, Canda 2015 
 
Honors  
2006 Institute of Physics (IOP) selected the following paper by IOP editors for novelty, significance and 
potential impact on future research; “A physical model of multiple-image radiography,” Physics in Medicine and 
Biology, vol. 51, pp. 221-236, 2006.  
2014 Institute of Physics (IOP) Vol. 59, Issue 8. selected the following paper as a featured article; K. 
Majidi, J. Li, C. Muehleman, and J. G. Brankov, “Noise and Analyzer-Crystal Angular Position Analysis for 
Analyzer-Based Phase-Contrast Imaging,” in press Physics in Medicine and Biology, Vol. 59, pg. 1877-1897 
2014.  
2015  AIP publishing  (Medical Physics) selected the following paper as Editor's Pick (granting it free 
open access status) and longlisted for the Greenfield award. In addition, two illustrations are selected as cover 
art for the February issue; L. de Sisternes, J. G. Brankov, A. M. Zysk, R. A. Schmidt, R. M. Nishikawa, and M. 
N. Wernick, “A computational model to generate simulated three-dimensional breast masse “  Medical Physics, 
vol. 42, Issue 2, 2015. 
 
C. Contributions to science  
	
My research interests include the development of image processing and analysis methods and novel imaging 
techniques, specifically: 

• Automated image quality assessment for medical imaging, with an emphasis on cardiac SPECT 
imaging,  

• Imaging systems and simulation tools for analyzer-based phase contrast X-ray imaging (ABI)  
• Advanced image reconstruction methods for cardiac SPECT imaging,  
• Mesoscopic optical projection tomography (this grant) 
• High-performance computing for image processing, using graphical processing units (GPUs).  

The following is a summary of three of the main thrusts of my current research. 
1. Model observers for medical imaging. In the early days of image processing, image quality was judged 
by classical metrics such as signal-to-noise ratio (SNR) or mean-square error (MSE). However, it is has 
become widely accepted that these metrics do not necessarily reflect the degree to which the images help to 
achieve a desired goal, such as accurate performance of a diagnostic task in medical imaging. Therefore, such 
metrics are being replaced by so-called task-based evaluations. Ideally, if a human expert will use the images 
to perform a diagnostic task, then human experts should be used to measure image quality in this way. 
However, it is not always practical, particularly in early stages of algorithm of hardware design, to ask experts 
to look at large numbers of images. Thus, computer algorithms that model the expert—so-called model 
observers—are now widely used in the optimization and testing of medical imaging methods. 
In my work, I have demonstrated that existing model observers have major limitations, and I have shown that 
they can be derived more accurately by using machine learning techniques to create model observers that 
emulate humans. 
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In this way, my students and I have created a suite of model observers, that shed light on a comprehensive set 
of clinical tasks, offering greater accuracy than existing methods. Specifically, we have developed model 
observers for: 1) perfusion defect detection, 2) perfusion defect localization and 3) motion defect detection. 
This research is significant because it yields an evaluation methodology that can be used very widely by the 
research community, underpinning the development of a variety of kinds of imaging hardware and software. To 
this end Siemens Medical Solutions and Philips Healthcare have expressed interest in collaboration and 
employing these model observer techniques in their imaging system evaluations. My aim in the near future is 
to strengthen this collaboration and promote the wide use of our model observers. This project is supported by 
an NIH R01 grant which I was fortunate to be awarded on the first try. 

• A. Ba, C. K. Abbey, J. Baek, M. Han, R. W. Bouwman, C. Balta, J. Brankov, F. Massanes, H. C. Gifford, 
I. Hernandez, G. Wouter, J. H. Veldkamp, D. Petrov, N. Marshall, F. W. Samuelson, R. Zeng, J. B. 
Solomon, E. Samei, P. Timberg, H. Förnvik, I. Reiser, L. Yu, H. Gong, F. O. Bochud, “Inter-laboratory 
comparison of channelized hotelling observer computation,” Medical Physics Accepted  2018T.  

• Marin, M. M. Kalayeh, F. M. Parages, and J. G. Brankov, “Numerical surrogate of a human observer for 
cardiac motion defect detection in SPECT imaging,” IEEE Transactions on Medical Imaging, vol. 33, no. 
1, 2014. 

• J. G. Brankov, “Evaluation of channelized Hotelling observer with internal-noise model in a train-test 
paradigm for cardiac SPECT defect detection,” Physics in Medicine and Biology, vol. 58, pp. 7159-7182, 
2013. 

• M. N. Wernick, Y. Yang, J. G. Brankov, G. Yourganov and S. C. Strother, “Machine Learning in Medical 
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2. Analyzer-based phase contrast X-ray imaging. X-ray phase-contrast imaging permits visualization of 
soft-tissue structures that are not detectable by use of conventional X-ray radiographic methods, and typically 
delivers a much smaller radiation dose to the subject. Because of this, it holds great potential for a wide range 
of human, small-animal, and microscopic bioimaging applications. Analyzer-based phase-contrast imaging 
utilizes a semiconductor crystal, called an analyzer, to selectively measure certain diffracted components of an 
X-ray wavefield illuminating the object to be to imaged. Such methods can reveal diagnostic information that is 
not measured by conventional absorption-based methods. 
To further this research, I founded the Advanced X-ray Imaging Laboratory (AXIL) at IIT, where we are 
developing a prototype tabletop imaging system based on the analyzer concept. Because the project involves 
development of experimental instrumentation, it has taken several years of effort; however, the system is in the 
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earlier work in which I investigated methods of image reconstruction, and the physics of image formation, for 
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3. Advanced image reconstruction methods for cardiac SPECT imaging. Radiation exposure of patients 
via medical imaging has become a significant concern. This project investigates software methods that may 
allow the radiation dose in cardiac SPECT imaging to be reduced by a factor of eight or more. This will be 
accomplished by: optimizing the image processing that is used, further developing new and better image 
processing methods, and developing a method of "personalized imaging", in which, for each individual patient, 
the minimum amount of imaging agent needed to obtain a good image is computed. 
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Optical tomography can yield anatomical and molecular in-
formation about biological tissue. However, its spatial resolu-
tion is poor in thick samples owing to high scatter. Early
photon approaches, where photon arrival times are measured
with time-resolved detectors, provide one means of improving
spatial resolution through selection of photons that travel a
straighter path. Here, a novel approach to significantly en-
hance detection of early photons in time-correlated single pho-
ton counting with avalanche photodiodes has been discussed.
Results suggest that the early photon detection rate can be
increased by about 10 orders of magnitude by running the
detector in a dead-time regime. © 2016 Optical Society of
America

OCIS codes: (170.3890) Medical optics instrumentation; (170.6920)

Time-resolved imaging; (170.6960) Tomography.
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Absorption and fluorescence-based optical tomography has
been heralded as a low-cost, ionizing radiation-free alternative
to conventional medical imaging modalities for decades, par-
ticularly for tissue specimen and small animal imaging [1,2].
However, a major limitation to optical tomography is the
highly scattering nature of photon propagation in biological
tissue. This scattering obfuscates the ability to predict the exact
path of a detected photon, effectively setting spatial resolution
limits of approximately 1 mm [3]. One solution to improving
spatial resolution is so-called early photon tomography. Early
photon tomography requires pulsed light sources and advanced
time-resolved detection of the transmitted photons so that the
earliest arriving photons, having taken the most direct path
between source and detector, can be selectively isolated to
improve reconstructed image spatial resolution. There are a
number of ways to achieve early photon detection with time-
resolved detectors [4–10]; this Letter presents a method to sig-
nificantly enhance the detection rate of the earliest possible
photons by running laser power high enough to ensure that
time-correlated single photon counting (TCSPC) single pho-
ton avalanche photodiode (SPAD) illumination is far above

the count rate that causes dead time of the detectors.
Henceforth, this will be referred to as the “dead-time regime.”

Through tissues thicker than 1 mm, the vast majority of pho-
tons reaching the detector in transillumination (light source and
detector on opposite sides of the sample) mode will be diffuse
photons, having taken an indirect path through the tissue. All
photons will have some interaction with the tissue at this level;
however, photons that tend to scatter in a forward direction and
are not absorbed (very early arriving or “forward scattering” pho-
tons), I f s, can be estimated from the Beer–Lambert Law:

I f s�l� � I0e−l�μa�μs�; (1)

where l is the diameter of the sample being imaged; μa and μs are
the absorption and scattering coefficients of light in the tissue,
respectively; and I 0 is the rate of photons emitted from the light
source: typical values of μa and μs are 0.02 and 10 mm−1,
respectively, in the near-infrared regime (700–900 nm) [11].

A comparative approximation of the rate of all photons reach-
ing the detector in diffuse media can be estimated by the diffu-
sion approximation to the radiative transfer equation [12]:

I all�l� � I0
3μs�1 − g�NA

4πl
e−l

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
3μa�μa��1−g�μs�

p
; (2)

where g is the anisotropy of the scatter and is generally
considered to be approximately 0.9 for biological tissue [11],
and NA is the numerical aperture of the detector. Assuming
NA � 0.05; g � 0.9, μa � 0.02 mm−1, and μs � 10 mm−1,
the proportion of detected photons that are forward scattering
as a function of sample thickness is

I f s�l�
I all�l�

� 4πl
3μs�1 − g�NA

e−l�μa�μs−
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
3μa�μa��1−g�μs�

p � � 27πl e−9.8l :

(3)

Equation (3) estimates that through 1 mm tissue, as many as 1 in
200 near-infrared photons reaching the detector may be forward
scattering, However, as tissue thickness increases, the exponential
nature of Eq. (3) dominates and, by 4 mm, as few as 1 in 1014

photons reaching the detector are forward scattering. To identify
rare forward scattering photons (the earliest arriving photons),
one would require a detector with as fine a temporal resolution
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as possible. To date, the best temporal resolution is provided by
time-correlated single photon counting (TCSPC) systems, typ-
ically using either photomultiplier tubes (PMTs) or SPADs to
amplify the signal from a single photon event. However, conven-
tional use of such systems has aimed to keep photon count rates
low enough to limit dead-time/“pile-up” effects (i.e., limiting the
occurrence of more than one photon arriving at the detector
within the duration of the dead time of the system). By running
these detectors in a sub-dead-time regime, the far more abundant
diffuse photons will swamp forward scattering and other very
early arriving photons. This keeps count rates of these rare pho-
tons below typical background levels [Fig. 1(a)] so that, even
with increased exposure, signal cannot be recovered.

Using relatively robust SPAD detectors rather than PMTs
for TCSPC, the latter of which is sensitive to overheating dam-
age with high photon incidence rates, can allow for use of
higher-powered light sources. In addition, while longer dead
time of these detectors also limits the maximum photon count

rate to ∼106 per second, as long as the inverse of the laser rep-
etition rate is longer than the dead time of the TCSPC system,
the earliest arriving photons within each pulse period will be
detected preferentially to any later arriving photons [13]. In
other words, the use of SPAD-based TCSPC systems in a
dead-time regime can provide a means to significantly enhance
the number of detected early photons, while the later arriving
photons will become increasingly masked by the detector’s dead
time as photon rate at the detector increases.

Temporally discriminating the extremely rare forward scatter-
ing photons may not be possible with current temporal resolu-
tion limitations in TCSPC; however, significant improvements
in spatial resolution have been demonstrated by carrying out im-
age reconstruction only on the photons in the earliest time gate
possible [4–8]. Thus, while the preceding theoretical handling
of the problem focused on forward scattering photon statistics
for simplicity, the principles can be scaled to the population
of photons arriving within the earliest gate of the TCSPC system.
Therefore, by exposing TCSPC detection systems to pulsed
light sources that will far exceed the detection dead-time limit
of the detector, many orders of magnitude improvement can
be achieved in the probability of detecting photons arriving
in the earliest detectable gates. The remainder of this Letter ex-
plores these dead-time improvements in more detail through
simulation and phantom experiments, demonstrating that the
number of detected early photon remains linear at high laser
power, and significant improvements in spatial resolution can
be achieved by even marginally enhancing laser power.

The analytical solution of photon propagation through a
4 mm thick tissue was used to simulate a typical photon tissue
transit-time point spread function with reduced scattering
coefficient μ 0

s � 1 mm−1 and absorption coefficient μa �
0.02 mm−1 [12]. This solution was then scaled to various pho-
ton count rates in 4 ps time bins (matching the characteristics
of the TCSPC system described below) by normalizing to
power levels achievable experimentally with an LDH-PC780
pulsed diode laser (PicoQuant, Berlin, Germany). The satura-
tion and dead-time effect of the detector were implemented
[14] with an assumption that the dead time was 80 ns (com-
parable to the detector in our system described below). The
table in Fig. 1(b) demonstrates that with increasing laser power,
the rate of photons reaching the detector increased linearly;
however, because of the dead-time effect, the maximum rate
of photon detection saturated at about 5 × 105 photons/s, as-
suming a laser pulse repetition rate of 5 MHz. The plots in
Fig. 1(c) demonstrate that the rate of photons detected will
underestimate the rate of photons incident on the detector
at higher laser powers, with photon count rates in later gates
decreasing as governed by dead-time effect principles [14].
Figure 1(d) demonstrates that with increasing power, the
dead-time effect leads to an apparent shift in photon arrival
time detection to earlier gates, thus boosting the probability
of early photon detection at the expense of late arriving photon
counting. This shift is not a true shift to earlier photons. In fact,
the shape of the photon arrival time distribution incident on
the detector does not change; only the scale increases [dashed
curve in Fig. 1(c)]. It is rather the fact that the probability of
detecting photons arriving in the early gates remains unchanged
with laser power, while the probability of detecting the later
arriving photons diminishes significantly with increased laser
power because of the dead time of the detector.

Fig. 1. Effects of dead time on time-resolved pulsed light detection.
(a) Rate of forward scattered photons reaching the detector is presented
when running the laser at the ANSI safety limit (blue curve, 1019 pho-
tons/s laser output) and at a power just below the dead-time regime
threshold (red curve, 107 photons/s laser output). The orange shaded
region represents photon count rates below the background (popula-
tions that cannot be recovered by increased exposure time).
(b) Relation between laser power, rate of photons hitting the detector,
and rate of photons counted. (c) Simulated photon count rates as a
function of arrival time just above the dead-time threshold (blue
dashed curve, upper plot) and well above the dead-time threshold
(black dashed curve, lower plot). The corresponding solid curves dem-
onstrate how the dashed curve will be observed with dead-time satu-
ration of later gates. The green curves demonstrate the probability of
detecting a photon at the detector in a given time bin. (d) Simulated
photon counts for various power levels as shown in (b). Note that all
but the one corresponding to the 0.002 mW∕mm2 power (blue curve)
are affected by dead time. (e) Schematic of the system.
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The early photon system [Fig. 1(e)] consisted of a 785�4nm
wavelength pulsed diode laser (LDH-PC780, PicoQuant) pow-
ered by a laser driver (PDL 800-B, PicoQuant) illumination
source pulsed at 5 MHz and at full power. The pulse width of
this laser is approximately 100 ps. (Note that shorter pulsed lasers
are available that could further enhance this dead-time regime
methodology; however, this laser is sufficient for demonstrating
the effect, in principle.) A 0-4 OD attenuator (Thorlabs,
Newton, NJ) was used to control the power of the laser source
incident on the scattering medium without changing the shape
of the laser pulse. Laser power exiting the variable attenuator was
monitored with a power meter (S120C, Thorlabs). A 5 mm diam-
eter cuvette filled with 1% Intralipid (Sigma-Aldrich, St. Louis,
MI) and India ink (Winsor & Newton, London, UK) in water
to match the optical properties of the simulations [11] was used as
a phantom. Lenses (Thorlabs, Newton, New Jersey) were used for
focusing the signal. The transmitted signal was then detected by
a SPAD (PDM, PicoQuant) connected to a TCSPC module
(PicoHarp 300, PicoQuant) to obtain temporal information at
4� 25 ps temporal resolution over the 200 ns pulse repetition
period and with a dead time of approximately 80 ns. The effective
detector area of the SPAD was 50 μm × 50 μm. The TCSPC
system and laser driver were connected through a TTL port to
reference the time of arrival of each photon to the nearest laser
pulse. All control of the system was carried out with in-house soft-
ware developed inMATLAB (Mathworks, Natick,Massachusetts).

Attenuation of the laser down to a power of 0.005 μW was
needed to completely avoid dead-time effects at the detector.
This occurs with this TCSPC approach when the inverse of
the rate of photon detection is less than 5% of the duration
of the dead time (∼80 ns), capping the photon detection rate
at approximately 2.5 × 105 photons/s. Increasing the laser
power above this threshold triggered a warning on the built-
in PicoHarp software, to notify the user that dead-time effects
may be affecting photon count rates. Since the purpose of this
Letter was to evaluate the effects of this dead time in aiding
detection of rare early photons, the variable attenuator was
decreased to increase power over a range of 0.05 to 0.5 mW,
which was the maximum power of the laser under the defined
settings. It should be noted that this was well below the ANSI
safety limit for skin, which is ∼2 W for this wavelength and type
of light source. With ANSI safety limits being conservative limits
for in vivo human studies, it is conceivable that the laser power
could be increased by up to four or five orders of magnitude
(to observe thicker tissue) compared to what was used as a
maximum power in this Letter, further supporting the enormous
potential of detecting early photons in a dead-time regime.

Figure 2(a) demonstrates the saturation characteristics ob-
served with dead time in TCSPC match what was predicted
by simulations of dead time [Fig. 1(d)]; specifically, that
early-gate photon count rates increase with increased laser
power, while later-gate photon count rates decrease commen-
surately maintaining the total count rate below the saturation
limit for all laser powers yielding photon incidence rates at the
detector that exceed 1/dead time. The saturation effect of the
detector mainly affects the later gates of the temporal point
spread function (TPSF), while the earliest gates are not affected.
Moreover, as power increases from a range where all time bins
are linear with power (detection rate <5% of pulse rate), the
likelihood of one or more photons arriving at the detector
within the dead time caused by detection of an earlier arriving

photon increases. Since these photons will not be counted, ear-
lier photons will always be detected preferentially to later arriv-
ing photons at high fluence rates, keeping their linearity in
response to photon fluence at the expense of later-arriving
photon detection efficiency [Fig. 2(b)]. Only at very high flu-
ence rates, when close to one earliest gate photon arrives at the
detector every pulse, will the linearity be affected in all gates.

To make the detector reach its saturation, the laser needs to
be ramped up, and such a high signal can cause an effect called
afterpulsing in the detector. In saturation mode after the dead
time is over the trapped carrier can generate a late signal, which
decreases exponentially but can spread over a few microseconds,
also called afterpulsing. However, results of TPSFs presented in
Fig. 2(c) in the dead-time regime and sub-dead time suggest that
even though afterpulsing increases at higher intensities, it has no
time correlation and can be considered an offset in the signal.
To correct for this offset of temporally uniform background,
the average rate of afterpulse detection per bin can be estimated
from regions of the TPSF far from the measured light pulse,
and then subtracted from all bins in the TPSF.

For further analysis, Monte Carlo simulation was used
to test how much better resolution could be achieved if a cer-
tain time window was used for reconstruction [15]. Dead-time
regime early-gate photons were compared to conventional
early-gate photons, defined here as gates taken over a time
span of 120 ps centered at 25% of the peak of the measured
photon arrival distribution collected at a laser power below the
detector dead-time regime [8,16]. The sensitivity function at a
detector at location rd for a light source at rs was obtained by
convolving the time-resolved Monte Carlo (MC) simulation for
a 4 × 4 × 4 mm sample with optical properties similar to
tissue (μa � 0.02 mm−1 and μs � 10 mm−1, g � 0.9) with
the instrument response function (IRF) [Fig. 2(d)]:

Fig. 2. Experimental observations. (a) Change in shape of the pulses
as the dead-time effect increases through increasing the laser power; can
be compared to the simulation results in Fig. 1(d). (b) Demonstration of
the linearity between the early-gate photons (blue dashed line in (a) at
t � 0.07� 0.016 ns) and laser power. (c) After-pulsing was observable
for TPSFs collected in the dead-time regime (saturated, blue data), but
not for standard TPSFs (unsaturated, red data). (d) Instrument response
function (IRF) of the system. The acquisition time of the detector for
each measurement was 100 ms.

Letter Vol. 41, No. 14 / July 15 2016 / Optics Letters 3227



sensitivity�rs; rd ; t� �
Z

t

0

MC�rs; rd ; τ� � IRF�t − τ�dτ: (4)

Three inclusions were added to the sample of length 200 μm,
each having a higher absorption coefficient than the background
(Δμa � 1 mm−1) [Fig. 3(c)]. Projection profiles were estimated
by taking the product of theMonte Carlo sensitivity photon like-
lihood path distributions through the sample [for dead-time
regime early photons and conventional photons, Figs. 3(a) and
3(b), respectively], assuming adjacent source-detector positions
to be ranging from −0.5–0.5 mm in the vertical direction.

Figure 3(d) provides a preliminary demonstration of the res-
olution gains that can be obtained with dead-time regime early
photons compared to conventional early photons. It should be
noted that the Monte Carlo was carried out with 5 × 108 pho-
tons, while ANSI safety limits would allow for far greater fluence
in reasonable imaging times (a rate that is very time-consuming
to simulate with Monte Carlo) and, thus, the Monte Carlo data
here are likely to suffer from the same issues of inefficient photon
detection rates in early gates, as with conventional TCSPC de-
tection discussed in the introduction. Thus, even in this very
conservative estimate, getting the earliest gate photons in the
dead-time regime can provide significant improvements on spa-
tial resolution in diffuse optical tomography over conventional
early photons. The experimental data [Fig. 3(e)] were well sup-
ported by the simulation. The phantom used was a 4 × 4 ×
4 mm box filled with the lipid solution (μa � 0.02 mm−1,
and μ 0

s � 1 mm−1) with centrally placed three bars having much
higher absorption (μa∼ � 8 mm−1) separated by 200 μm, as in
the simulation. The 4 mm width was specially selected so that
significant saturation effects could be observed with the laser
power (∼1 mW) used in this first generation of the system.
Wider samples will be explored with higher-powered laser
sources in future; however, the work serves to demonstrate
the principles of early photon detection enhancement through
dead-time effects.

The signal to noise ratio (SNR) was computed by the fol-
lowing relation:

SNR � μsignal∕σnoise; (5)

where μsignal is the average of the signal intensity, while σnoise is
the standard deviation of the noise in the image. The SNR was
computed to be 100.56 using our approach, while as low as
6.45 using the same bin in an unsaturated case, keeping in
mind that a trade-off exists between the selection of the early
photon and higher noise level in the images.

In this Letter, to the best of our knowledge, a first demon-
stration of a novel method to enhance detection of low-scatter-
ing, early arriving photons in time-resolved diffuse optical
tomography is presented. We showed that by running a
TCSPC detector in the dead-time regime detection of early ar-
riving photons can be maintained while only later arriving pho-
tons will be affected by dead time. Our simulations suggest that
up to 10 orders of magnitude improvements in early photon
detection can be achieved through tissues thicker than a few
millimeters. Furthermore, we demonstrate this phenomenon ex-
perimentally and through simulation, highlighting the fact that
the earliest photons, once detected at rates higher than the back-
ground level, are detected in a linear fashion for a wide range of
laser powers (and despite the severe nonlinearity of later-arriving
photon detection in this regime). Finally, a preliminary simula-
tion of the levels of spatial resolution improvement achievable in
the dead-time regime early photons compared to conventional
early photons is presented with an SNR improvement of almost
20 times, with the caveat that lasers of much higher power and
narrower pulse width can be used to further enhance spatial res-
olution to match the many orders of magnitude improvements
predicted by the analytical models.
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Abstract
New precision medicine drugs oftentimes act through binding to specific cell-
surface cancer receptors, and thus their efficacy is highly dependent on the 
availability of those receptors and the receptor concentration per cell. Paired-
agent molecular imaging can provide quantitative information on receptor 
status in vivo, especially in tumor tissue; however, to date, published approaches 
to paired-agent quantitative imaging require that only ‘trace’ levels of imaging 
agent exist compared to receptor concentration. This strict requirement may 
limit applicability, particularly in drug binding studies, which seek to report 
on a biological effect in response to saturating receptors with a drug moiety. 
To extend the regime over which paired-agent imaging may be used, this work 
presents a generalized simplified reference tissue model (GSRTM) for paired-
agent imaging developed to approximate receptor concentration in both non-
receptor-saturated and receptor-saturated conditions. Extensive simulation 
studies show that tumor receptor concentration estimates recovered using the 
GSRTM are more accurate in receptor-saturation conditions than the standard 
simple reference tissue model (SRTM) (% error (mean  ±  sd): GSRTM 0  ±  1 
and SRTM 50  ±  1) and match the SRTM accuracy in non-saturated conditions 
(% error (mean  ±  sd): GSRTM 5  ±  5 and SRTM 0  ±  5). To further test the 
approach, GSRTM-estimated receptor concentration was compared to SRTM-
estimated values extracted from tumor xenograft in vivo mouse model data. 
The GSRTM estimates were observed to deviate from the SRTM in tumors 
with low receptor saturation (which are likely in a saturated regime). Finally, a 
general ‘rule-of-thumb’ algorithm is presented to estimate the expected level 
of receptor saturation that would be achieved in a given tissue provided dose 
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and pharmacokinetic information about the drug or imaging agent being used, 
and physiological information about the tissue. These studies suggest that the 
GSRTM is necessary when receptor saturation exceeds 20% and highlight 
the potential for GSRTM to accurately measure receptor concentrations 
under saturation conditions, such as might be required during high dose drug 
studies, or for imaging applications where high concentrations of imaging 
agent are required to optimize signal-to-noise conditions. This model can also 
be applied to PET and SPECT imaging studies that tend to suffer from noisier 
data, but require one less parameter to fit if images are converted to imaging 
agent concentration (quantitative PET/SPECT).

Keywords: molecular imaging, tracer kinetic modeling, cancer

(Some figures may appear in colour only in the online journal)

1. Introduction

The role of molecular imaging in the clinical detection, diagnosis, and treatment of cancer is 
continually evolving, with the full benefits yet to be realized (Weissleder 2006, Kircher et al 
2012). As more molecular imaging agents become approved for human-use, molecular imag-
ing has a clear future supporting precision medicine strategies that aim to target specific cell-
surface proteins or ‘receptors’ with amplified expression by cancerous cells (Mammatas et al 
2015, Ulaner et al 2016). Molecular imaging also has the potential to significantly improve 
cancer treatment through enhancing preclinical small animal studies for drug discovery and 
development. With nearly 85% of drugs failing to advance through phase II clinical trials 
(Mak et al 2014), more detailed preclinical studies to test drugs before entering the clini-
cal phase are necessary (Weissleder 2002). In both clinical and preclinical applications of 
molecular imaging, quantitative approaches are required. Typical quantification in molecular 
imaging is limited to determining concentrations of imaging agent or labeled drug retention in 
tumors and, at best, involves measuring pharmacokinetics and pharmacodynamics. In general, 
little attention is paid to more advanced quantitative methods capable of decoupling uptake 
from binding by assessing in vivo affinity (kA), binding potential (BP), and concentration of 
available receptors (Bavail), which have the potential to provide a much more complete pic-
ture for assessing or predicting molecular targeted drug efficacy (Weissleder and Pittet 2008, 
Tomasi et al 2012, Tichauer et al 2015).

Paired-agent imaging is a promising method for quantifying tumor receptor concentrations 
and drug binding in solid tumors (Tichauer et al 2012b, Tichauer et al 2015). These approaches 
employ co-administration of a control (non-targeted) imaging agent and a molecular targeted 
imaging agent (or labeled molecular therapeutic) and use the kinetics of these paired-agents to 
account for delivery variability and non-specific retention of the targeted agent, circumventing 
the need to take arterial blood samples. The most advanced paired-agent imaging approaches 
quantify binding potential (BP) (Tichauer et al 2012b), a parameter directly proportional to 
the targeted receptor concentration (Innis et al 2007), and they were adapted from the refer-
ence tissue models introduced in the brain positron emission tomography literature (Bernard 
Sadzot 1991, Hume et al 1992, Logan et al 1996). These molecular imaging methods enabled 
quantification of receptor activity using a single agent by comparing the agent kinetics in 
receptor-free ‘reference’ regions to the regions of interest. Unfortunately, reference tissue 
models are not well-suited for solid tumor studies, as there are no suitable reference tissues 
in a healthy organism that are representative of the abnormal hemodynamics and enhanced 
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permeability and retention effects often observed in cancerous tissues (Tichauer et al 2012a). 
Paired-agent approaches address this problem by substituting the reference tissue with the 
kinetics of a reference or ‘control’ agent; however, use of paired-agent approaches requires a 
number of additional assumptions. First, the blood plasma kinetics and vascular permeability 
characteristics of the targeted and control imaging agents need to be sufficiently similar during 
the imaging window, though a correction algorithm has been developed to account for poten-
tial differences (Tichauer et al 2014b). Second, while targeted and control imaging agents do 
not have to be directly quantified; their measured signals must be on the same scale. This can 
be done through normalization to early time-point images of paired-imaging-agent delivery 
(Kanick et al 2014), which has been shown even for fluorescence imaging applications with 
high optical property heterogeneity as observed in melanomas (Tichauer et al 2014a). Finally, 
the concentration of targeted imaging agent must be negligible (at ‘trace’ levels) compared 
to targeted receptor concentrations (Lammertsma and Hume 1996). In many experimental 
models this assumption is valid; however, there are a number of cases that could preclude this 
condition holding:

 (1) Applications where higher doses of imaging agent are needed to improve signal-to-noise 
ratios. This may be particularly important for adaptations of paired-agent imaging to 
fluorescence tomography (Davis et al 2013).

 (2) ‘Theranostic’ studies where the same molecule/agent is acts as both an imaging agent 
and a drug, and therefore injected doses of these agents are designed to obtain receptor-
saturating levels.

 (3) Imaging of tumors with high enhanced permeability and retention (EPR) (Maeda 2001) 
effects that could skew concentrations of even trace level injected imaging agent doses to 
high receptor saturation levels.

In these cases, the concentration of bound targeted imaging agents may not remain negligi-
ble compared to total concentration of receptors, leading to underestimations in paired-agent 
imaging estimations of receptor concentration using established kinetic models. In order to 
analyze paired-agent imaging data, different mathematical models have been used. Models 
including the full reference tissue model (FRTM) (Lammertsma et al 1996), graphical analy-
sis reference tissue model (GARTM) (Logan et al 1996), simplified reference tissue model 
(SRTM) (Lammertsma and Hume, 1996), and a linearized version of SRTM (SRTM_lin) 
(Ichise et al 2003) have all been evaluated for paired-agent imaging (Hamzei et al 2014). 
All models were found to provide comparably accurate estimations of receptor concentration 
through the binding potential (BP) parameter under ‘trace’ levels of imaging agents; however, 
it is known that each of these models will underestimate in vivo BP when bound imaging agent 
concentrations approach levels of targeted receptor concentrations (Mintun et al 1984).

One way to overcome issues of non-trace imaging agent doses in the estimation of recep-
tor concentration is to use a partial-saturation model (PSM). This model was developed to 
estimate the concentration of receptor sites available for binding (Bavail) and the in vivo ‘disso-
ciation constant’, KD, essentially by employing a dynamic Scatchard analysis (Delforge et al 
1995). In nuclear medicine applications, these parameters are extracted from the slope and 
intercept of a Scatchard plot where the difference of measured imaging agent in a region of 
interest and a reference region (ROI(t)  −  REF(t)) is approximated to be the ‘bound’ imaging 
agent concentration and the reference region alone is approximated to be the ‘free’ imaging 
agent concentration (Iyo et al 1991, Delforge et al 1993). While this model is robust in that 
it only requires a linear fit with 2 free parameters, it does make the assumption that the con-
centration of imaging agent in a reference region (one devoid of targeted receptor) approxi-
mates the concentration of unbound agent in the region of interest. Extended to paired-agent 
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methodology, this is analogous to stating that the concentration of control imaging agent in 
the region of interest approximates the concentration of unbound targeted imaging agent in 
the region of interest. Furthermore, the method requires imaging agent concentrations to be 
measured over a range of receptor saturation levels, requiring careful design of dosing. Thus, 
developing a more generalized kinetic model capable of recovering accurate estimations of 
BP in both the saturation and non-saturation regime was the primary focus of this work.

A constrained 4-parameter kinetic model capable of accurately estimating BP despite 
receptor saturation, and without assuming that the ‘free’ concentration of imaging agent is 
approximated by a reference region or control agent, is described and evaluated in simulations 
and animal models. This generalized model could easily be adapted to applications where 
reference tissue models are suitable, as it is based on the simplified reference tissue model 
(SRTM) (Lammertsma and Hume 1996). In accordance with the nomenclature of the field, 
this new ‘saturation’ model is referred to henceforth as the generalized SRTM (GSRTM), even 
though it is demonstrated with paired-agent imaging, rather than reference tissue imaging.

2. Theory

2.1. Compartment models for paired-agent kinetic analysis

This article introduces a more general form of the simplified reference tissue model (GSRTM) 
that can approximate binding potential (BP)—a parameter proportional to targeted receptor 
concentration—even under conditions where the targeted imaging agent saturates the targeted 
receptor concentration (non ‘trace’ levels). Simulation studies with experimentally relevant 
noise were used to determine the best-case accuracy of the model in quantifying BP and 
establish rules-of-thumb to determine whether an imaging study will be in the saturated or 
unsaturated regime. Additionally, this new model was evaluated on data from previously pub-
lished tumor xenograft mouse experiments. The following section provides a brief overview 
of the derivation, assumptions, and outputs of SRTM as it forms the foundation to the new 
saturation-resilient GSRTM.

In paired-agent molecular imaging applications, both SRTM and GSRTM rely on approxi-
mating the targeted imaging agent kinetics with a two-tissue compartment model and the 
control imaging agent kinetics with a one-tissue compartment model (figure 1). These models 
have been discussed in detail elsewhere (Innis et al 2007, Gunn et al 2015, Tichauer et al 
2015); however, a brief review of the pertinent parameters is warranted. The parameters, K1,T 
and K1,C are first order rate constants of extravasation or leakage of the targeted and control 
imaging agents, respectively, out of the blood plasma volume and into the extravascular inter-
stitial fluid. k2,T and k2,C are first order rate constants associated with the ‘efflux’ of targeted 
and control imaging agents, respectively, from the free tissue water compartment back to the 
blood plasma. k3,T and k4,T are rate constants associated with the probability of a targeted 
imaging agent binding to and dissociating from its targeted biological molecule, respectively. 
Table 1 provides definitions and units of these parameters.

If the blood plasma input functions of the targeted and control agents (Cp,T and Cp,C, 
respectively) are similar, and assuming K1,T/k2,T  =  K1,C/k2,C (which has been shown to apply 
in both reference tissue models in neurotransmitter PET (Gunn et al 2015), and in various 
cancer xenografts using paired-agent imaging (Tichauer et al 2012a)), the system of differ-
ential equations  in figure  1 can be solved analytically to achieve the full reference tissue 
model, FRTM, relating the targeted imaging agent signal in a region of interest (ROIT) with 
the control imaging agent signal in the same region of interest (ROIC) as a function of time, t 
(Lammertsma et al 1996):
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t R t a t b tROI ROI ROI e ROI e .ct dt
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= + ⋅ ∗ + ⋅ ∗− −
 (1)

Equation (1) has at least four unknowns, R1  =  K1,T/K1,C, k2,T, k3,T, and k4,T, which are comp-
onents of the simplified constants a, b, c, and d in equation (1). It is also possible that this 
model requires fitting of a fifth unknown parameter, the ratio of detection efficiencies for 
the targeted and control agents, ηT/ηC, respectively, if this parameter cannot be determined 
experimentally. Such a complex model has been shown to be highly sensitive to experimental 
levels of noise in paired-agent imaging (Hamzei et al 2014), and so it is preferable to explore 
simplified versions of equation (1). Moreover, even if noise-insensitive optimization strate-
gies are developed for data fitting with equation (1), this model still requires the ‘trace’ level 
assumption.

2.2. Simplified reference tissue model (SRTM)

To reduce the number of parameters in FRTM from 4 to 3, a simplified reference tissue model 
was originally proposed (Lammertsma and Hume 1996), that employed the ‘adiabatic approx-
imation’ for simplification, assuming the ratio of bound imaging agent concentration to free 
imaging agent concentration remains relatively constant at all imaging times. SRTM was 
adapted for paired-agent imaging in 2012, with model demonstrating accurate measures of 
BP for epidermal growth factor receptor (EGFR: a cell-surface transmembrane protein over-
expressed by many cancers (Nicholson et al 2001)) in various human cancers grown in mouse 
models (Tichauer et al 2012b, Samkoe et al 2014). On its own, SRTM can be represented for 
paired-agent imaging as:
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Figure 1. Mathematical model for paired-agent imaging principles. A two-tissue 
compartment model and a one-tissue compartment model are used to approximate 
targeted and control imaging agent distributions, respectively, as a function of time in 
biological tissue, in response to intravascular injection of the agents. See table 1 for a 
description of all symbols and parameters with conventional units.
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2.3. Generalized simplified reference tissue model (GSRTM)

The requirement that the concentration of targeted imaging agent is negligible compared to 
the concentration of receptors in most reference tissue models is applied at the level of the 
k3,T binding parameter. As long as the targeted agent remains at trace levels compared to the 
receptor, binding will conform to first-order kinetics; however, if targeted agent concentra-
tions reach non-negligible levels, binding will be governed by second-order kinetics such that:

k t K B C t ,3,T on avail b,T( ) ( ( ))= − (3)

where, Kon is the in vivo rate constant of binding, and Bavail is the concentration of receptors 
available for targeted agent binding prior to agent injection in the region of interest (table 1). 
As such, the system of differential equations in figure 1 for the targeted and control imaging 
agents must be modified as follows:
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This new system of differential equations is no longer solvable by analytical means and can 
only be solved through numerical methods (e.g. Runga–Kutta, which was used to simulate 
data in this study), or alternatively, by reinterpreting the system in equation (4) in terms of 
measurable quantities, ROIT(t) and ROIC(t), the measured signals from the targeted and con-
trol agents, respectively, as a function of time, t, in a region of interest (equations for which 
are defined in figure 1). To simplify the system in equation (4) while retaining the saturation 
term, a first set of assumptions are required: (1) that the plasma input functions are equivalent 
between targeted and control agents (Cp(t)  =  Cp,T(t)  =  Cp,C(t); see other work for correction 
algorithms if this assumption is not correct (Tichauer et al 2014b)), (2) that the concentration 
from the plasma is negligible compared to the contribution from ‘tissue’ concentrations of 
imaging agent at time of imaging (VwbCwb,T(t) � Ctissue,T(t) and VwbCwb,C(t) � Ctissue,C(t) for 
t  >  t0, where t0 is typically on the scale of a few minutes (Lammertsma et al 1996)), and (3) 
that the ratio of K1,T/k2,T is equivalent to K1,C/k2,C (Lammertsma and Hume 1996). Based on 
these assumptions, the system in equation (4) can be simplified to:
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In order to make use of equation (5) for estimating receptor concentration through the param-
eter, BP, the free concentration of targeted imaging agent, Cf,T(t) must be represented as a 
function of the measured signal detected from the targeted agent in the region-of-interest, 
ROIT(t). This can be done in a two-step process. A relationship between ROIT(t) and Cf,T(t) 
can be found in the following equation:

t C t C t
1

ROI ,
T

T f,T b,T( ) ( ) ( )
η

= + (6)

requiring Cb,T(t) now to be expressed as a function of Cf,T(t), which can be achieved through 
the following rearrangement of the second expression in equation (4):
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Table 1. Symbols and units.

Symbol Description Typical Units

Cp,T Blood plasma concentration of targeted agent nmol · (l of plasma)−1

Cf,T Free concentration of targeted agent nmol · (l of tissue)−1

Cb,T Bound concentration of targeted agent nmol · (l of tissue)−1

K1,T Rate constant for targeted agent transfer 
from blood plasma to free tissue  
compartment (extravasation)

(l of plasma) · (l of tissue)−1 · min−1

k2,T Rate constant for targeted agent transfer 
from free tissue compartment to blood plasma 
(efflux)

min−1

k3,T Rate constant for targeted agent binding to 
targeted receptor (binding)

min−1

k4,T Rate constant for targeted agent release 
from targeted receptor (dissociation)

min−1

Cp,C Blood plasma concentration of control agent nmol · (l of plasma)−1

Cf,C Free concentration of control agent nmol · (l of tissue)−1

Cwb,T Whole blood concentration of targeted agent nmol · (lof tissue)−1

Cwb,C Whole blood concentration of control agent nmol · (l of tissue)−1

Ctissue,T Tissue concentration of targeted agent nmol · (l of tissue)−1

Ctissue,C Tissue concentration of control agent nmol · (l of tissue)−1

K1,C Rate constant for control agent transfer 
from arterial plasma to free tissue 
compartment (extravasation)

(l of plasma) · (l of tissue)−1 · min−1

k2,C Rate constant for control agent transfer 
from free tissue compartment to blood plasma 
(efflux)

min−1

ηT Correction factor relating detected targeted 
agent signal to targeted agent concentration

Signal units · (l of tissue) · nmol−1

ηC Correction factor relating detected control 
agent signal to control agent concentration

Signal units · (l of tissue) · nmol−1

ROIT Detected targeted agent signal measured in a 
region of interest

Signal units

ROIC Detected control agent signal measured in a 
region of interest

Signal units

R1 Ratio of K1,T/K1,C Unitless
kD  =  koff/kon In vitro dissociation constant nmol · (l of diffusible ‘free’ space)−1

kon In vitro association rate constant (l of free space) · min−1 · nmol−1

koff In vitro dissociation rate constant (assumed to 
be equivalent to in vivo k4) (Innis et al 2007)

min−1

KD  =  vfkD In vivo dissociation constant nmol · (l of tissue)−1

Kon  =  vfkon In vivo association rate constant (l of tissue) · min−1 · nmol−1

vf Diffusible free space volume fraction (l of free space) · (l of tissue)−1

Vwb Whole blood volume Unitless
Bavail Maximum concentration of receptors that 

could be bound by the targeted imaging agent 
prior to agent injection

nmol · (l of tissue)−1

BPa  =  Bavail/
(KD)

Binding potential Unitless

a BP is displayed as BPND (Nondisplaceable binding potential) in some other references (Innis et al 2007).
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At t  =  0, just prior to imaging agent injection, when Cb,T(t)  =  0, dCb,T(t)/dt will be equiva-
lent to KonBavailCf,T(t) in the numerator of equation (7); however, at later times, as the Cb,T(t) 
increases, dCb,T(t)/dt will become relatively small compared to KonBavailCf,T(t); hence, sub-
stituting equation  (7) into equation  (6), and considering the definitions, BP  =  Bavail/KD, 
KD  =  koff/Kon, and k4,T  =  koff (table 1 and (Innis et al 2007)), Cf,T(t) can be solved for in equa-
tion (8) by the quadratic formula as (assuming Cf,T(t)  >  0 for all t):
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Finally, plugging equation (8) into equation (5) and integrating both sides of the equation with 
respect to t, results in the generalized SRTM (GSRTM) for paired-agent imaging:
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Equation (9) relates the measurable functions of targeted and control agent kinetics, ROIT(t) 
and ROIC(t), respectively, in an equation with 6 potentially unknown constants: R1, ηT, ηC, 
k2,T, KD, and Bavail. Since BP (=Bavail/KD) is the main parameter of interest, the goal is to 
reduce the number of unknown parameters to as few as possible without significantly affect-
ing the estimation of BP. In nuclear medicine reference tissue applications, it is possible to 
determine ηT and ηC with some accuracy based on imaging system calibration and attenua-
tion correction (Rosenthal et al 1995). In paired-agent imaging, particularly in fluorescence, 
it is much more difficult to accurately determine ηT and ηC, though efforts have been made 
(Valdes et al 2012). Early time point normalization in paired-agent imaging can be used to 
adjust the measured signal so that ηT  =  ηC (Kanick et al 2014). This would leave equation (9) 
with 5 unknown constants to fit: R1, ηT, k2,T, KD and Bavail. Values of R1 and ηT can be esti-
mated with relative accuracy and are relatively stable between different tissue types, with only 
small variations expected. As such, these two parameters were heavily constrained in fitting 
procedures. Furthermore, KD is potentially measurable with in vitro or in vivo methods for 
any given targeted imaging agent and receptor pair. Therefore, this parameter was defined as 
a user-set input value. Such control of R1, ηT, and KD, allowed complete flexibility for fitting 
estimations of k2,T and the main parameter of interest, Bavail, which can both vary substantially 
in heterogeneous cancers.

2.4. Partial-saturation model (PSM)

In this manuscript, GSRTM is also compared with the partial-saturation model (PSM), 
(Delforge et al 1995), which was originally based on a Scatchard analysis of PET data with 
single injection of a targeted imaging agent. More specifically, the method makes use of a 
modified version of the ‘in vitro equilibrium equation’ and can be extended to paired agent 
imaging as follows:
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The relationship in equation (10) forms a linear equation with a slope approximating  −1/KD 
and the intercept approximating Bavail/KD (equivalent to BP).

3. Materials and methods

3.1. Simulation study

To examine the error in estimates of the BP (binding potential) parameter recovered using 
SRTM, PSM, and GSRTM under different dosing conditions, a simulated dose-dependent 
study was performed. Fluorescence data were computer-generated using in-house software 
and based on a 4th-order Runge–Kutta numerical approximation solution to the differential 
equations in equation (4)—ode45() function in MATLAB-R2015b (Mathworks, Natick, MA). 
In general each of the following parameters, which can all influence the level of receptor 
saturation, have the potential to vary from one paired-agent imaging experiments to the next: 
K1,T, K1,C, k2,T, k2,C, k3,T, k4,T, Bavail, KD, dose, and plasma input function, Cp(t). With these 
high degrees-of-freedom, it was necessary to constrain the simulation study to a reasonable 
range so that it would be at least possible to demonstrate the benefits of GSRTM over SRTM 
in satur ation conditions. On the other hand, PSM only has two parameters to fit for (Bavail and 
KD). In the simulation for PSM, it was considered that ηT, ηC and KD are known, so they were 
not fitted unless otherwise stated. As an example, this study focused on an application using 
fluorescently labeled epidermal growth factor (EGF) to target a commonly overexpressed 
receptor in cancers, epidermal growth factor receptor (EGFR). For this targeted imaging 
agent, the plasma input function was assumed to be a bi-exponential decay with parameters 
determined from blood plasma-sampled fluorescence measurements collected from animal 
experiments (Samkoe et al 2012):

C t 0.2443e 0.0485et t
p

0.497 0.0486( ) = +− − (11)

The binding dissociation rate constant k4 (or koff) for EGF to EGFR was assumed to be 
0.1 min−1, the binding association rate constant, kon, was assumed to be 0.1 nM−1 · min−1, 
and the dissociation constant of EGF to EGFR was assumed to be KD  =  1 nM based on prior 
reports (Zhou et al 1993). Note: these prior reports were carried out in vitro, so the in vivo KD 
should be this value scaled by the free volume fraction, vf. However, since vf can be variable 
(see Discussion and error analyses below), it was assumed to be 1 for the purposes of these 
simulations. Extravasation and efflux kinetic rate constants, K1 and k2, were assumed to be 
the same for targeted and control imaging agents based on previous experiments in the tumor 
lines selected in this paper (Tichauer et al 2012a), which are similar to those found in human 
tumors (de Lussanet et al 2005), and ranged between 4 orders of magnitude with maximum 
levels of 0.01 ml · min−1 · cm−3 and 1 min−1, based on physiological limits (de Lussanet et al 
2005). Input values for ηT and ηC were set to be 2. Scaling these parameters had no effect on 
the accuracy of BPND estimations in any simulations (results not shown). 3% Gaussian noise 
was added to the simulated fluorescence signals. BP and Bavail recovery using the models were 
repeated 10 000 times to report on the noise sensitivity of estimated parameters in fitting. 
Simulated data were also used to test error in KD input value.

Two special cases were also considered based on realistic conditions from two tumor lines 
known to exhibit very different kinetics were used as input (Tichauer et al 2012b). The first sim-
ulation (9L_Sim) was based on a 9L rat gliosarcoma line known to express low levels of EGFR, 
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with Bavail of 0.2 nM. This tumor line is highly vascular with high blood flow and leaky vascu-
lature as demonstrated by average K1 and k2 of 0.004 ml · min−1 · cm−3 and 0.2 min−1, respec-
tively, measured through fitting the Kety model (Kety 1951) to control imaging agent kinetics 
in the 9L tumors with a measured group average plasma input function (Samkoe et al 2012). 
The second simulation (U251_Sim) was based on a U251 human glioblastoma cell line known 
to overexpress EGFR, with Bavail of 2 nM. This tumor line exhibited a far lower blood flow 
and vascular permeability compared to 9L with average K1 and k2 of 0.0001 ml · min−1 · cm−3  
and 0.08 min−1, respectively. With the 40-time greater K1 in 9L tumors compared to U251, it was 
hypothesized that the 9L would be more likely to be affected by receptor saturation, owing to a 
40-time higher imaging agent accumulation for an equivalent imaging agent dose.

It should be noted, that even though simulations were constrained to a specific imaging 
agent-biomolecule-target case in this study, the developed software can be used based on 
information from any imaging agent-target pair, requiring knowledge of imaging agent bind-
ing and pharmacokinetics, tissue/tumor physiology, and dose. As such, the code has been 
made available to readers in the supplemental files in this publication along with instructions 
on use, so that users can evaluate their own models or estimate likelihood of receptor satur-
ation based on experimental conditions.

3.2. Animal experiment

As mentioned, the simulation groups were based on previously published data (Tichauer et al 
2012b) that was included in this study to further test the accuracy of the proposed GSRTM 
paired-agent kinetic model. For in depth details on the methodology of the experiment, the 
reader is referred to the prior publication (Tichauer et al 2012b); however, in brief, two groups 
of 6 weeks-old severe combined immunodeficient (SCID) male mice (n  =  5 each) were inocu-
lated subcutaneously on the left flank with 105 cells of either a human neuronal glioblastoma 
line (U251; from Dr Israel at Dartmouth College) or a rat gliosarcoma line (9L-GFP; from Dr. 
Bogdanov at Dartmouth College). These two tumor lines were chosen because of their varying 
levels of EGFR expression, with a moderate level of EGFR overexpression in U251, and low 
level in 9L-GFP. As a result, it was expected that EGFR in 9L-GFP tumors would be more 
saturated than U251 because of a lower Bavail, causing underestimation in BP with SRTM, but 
not with GSRTM. After anesthetizing the mice, and removing superficial tissue surrounding 
the tumors, the mice were imaged with an Odyssey® Scanner (LI-COR Biosciences, Lincoln, 
NE). The scanning procedure included collecting a pre-injection scan to determine back-
ground fluorescence followed by a tail vein injection of 0.05 µmol kg−1 of an EGFR-targeted 
reporter (IRDye® 800CW EGF; LI-COR Biosciences) mixed with 0.05 µmol kg−1 of a non-
targeted reporter (carboxylate form of the IRDye® 700DX NHS Ester; LI-COR Biosciences). 
Scans were repeated every 90 s up to 20 min and then at intervals of approximately 5 min up 
to 1 h post-injection (figure 2).

For each tumor line, the average BP of the targeted reporter was measured fitting the SRTM 
and GSRTM pair-agent models to the calibrated fluorescence-time curves of the paired-agents 
using constrained non-linear least-squares coded in MATLAB (Mathworks, Natick, MA). For 
GSRTM fitting, R1, and ηT were constrained to  ±30% of an expected estimate, while KD 
was directly assumed (and therefore was not fitted as a free parameter). For R1 the expected 
estimate was 1 assuming K1,T is approximately equal to K1,C, as supported by prior work 
(Tichauer et al 2012a). For ηT, the expected value was estimated based on an image of a cali-
bration stock solution acquired for each experiment. For KD, the expected value was 1 nM, 
based on literature values of KD for EGF to EGFR binding (Goldstein et al 1995). The fluo-
rescence time curves used in this study were acquired by averaging targeted and control agent 
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fluorescence at each time point from a region of interest over the area of the tumor that was in 
contact with the slide (determined from a white-light image) and for comparison to a receptor 
free area, from a comparable region of interest on the exposed leg muscle.

3.3. Statistics

Statistical analyses were carried out using the statistical package, SPSS (IBM®, Armonk, NY, 
USA). Linear regression was employed to evaluate the strength of the correlation between 
the SRTM and GSRTM estimates of BP. Statistical significance was based on p  <  0.05. All 
data are presented as mean  ±  sd. The goodness of real data and model fits were evaluated by 
standard χ2 values analysis.

4. Results

4.1. Simulation results

4.1.1. Forward modelling of paired-agent uptake under saturated and unsaturated condi-
tions. Noise free compartment concentration and plasma input curves from equation  (4) 

Figure 2. In the current study, the targeted imaging agent was fluorescently labeled 
epidermal growth factor (IRDye® 800CW EGF) and the control imaging agent was 
an unbound fluorescent molecular (IRDye® 700DX Carboxylate). Temporal kinetics 
of both imaging agents were measured in surgically exposed subcutaneous xenograft 
tumors grown in severe combined immunodeficiency (SCID) mice using a dual-channel 
fluorescent scanner (Odyssey® Imaging System, LI-COR Biosciences) at 2–5 min 
intervals up to 60 min post-agent-injection.
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for 9L_Sim and U251_Sim groups are presented in figures 3(a)–(c). For the 9L_Sim data-
set, with Bavail of 0.2 nM, the maximum value of bound targeted imaging agent (Cb,T) was 
0.11 nM; whereas, for the U251_Sim dataset, with Bavail of 2 nM, the maximum value of 
bound targeted imaging agent of the bound concentration was 0.13 nM. Using the formula 
max(Cb,T(t))/Bavail  ×  100% to quantify percent of saturation, these simulations estimated 
receptor saturation of 57% and 6.7% for 9L_Sim and U251_Sim, respectively.

4.1.2. Potential errors from assumptions in GSRTM, PSM, and SRTM. One of the assump-
tions in the derivation of the GSRTM was that the second term in the numerator of equa-
tion (7)—the rate of change of the bound concentration of the targeted agent, dCb,T(t)/dt—is 
negligible compared to the first term (the product of the concentration of free targeted agent, 
Cf,T(t), the concentration of receptors available for binding, Bavail, and the on-rate of bind-
ing, Kon); or in mathematical terms, dCb,T(t)/dt � KonBavailCf,T(t). Figure 4(a) demonstrates 
that at high concentrations and at longer time points after injection of the imaging agents, 
the dCb,T(t)/dt term is negligible, yet this is not so at lower concentrations and early times. 
Figure 4(b), however, demonstrates that even at lower concentrations, estimates of BP using 
GSRTM remain relatively accurate despite not including dCb,T(t)/dt in its fitting model. This 
stability in BP estimation appears to be accounted for by errors in estimates of other kinetic 
parameters. As an example, figure 4(c) demonstrates that R1 (=K1,T/K1,C) fitting was underes-
timated in simulations with lower concentration of imaging agents.

While PSM and SRTM do not explicitly make the assumption that dCb,T(t)/dt is negligible, 
each make potentially more substantial assumptions. The PSM assumes that the reference 
region or control imaging agent concentration is equivalent to the free concentration of the 
targeted imaging agent in the region of interest. Figure  4(d) compares dynamic Scatchard 
plots using PSM compared to ‘true’ values of free (Cf,T) and bound (Cb,T) imaging agent 
concentration derived directly from the 9L simulation experiment described in section 3.1, 
without noise addition. Scatchard analysis was applied after 25 min (when the plot was linear 
as is the protocol with PSM (Delforge et al 1995)). For PSM, Bavail estimation was 0.17 nmol, 
compared to a ‘true’ value of 0.2 nmol; the fit for KD was 0.46 nmol · l−1, compared to the 
‘true’ value of 1 nmol · l−1; and the calculated BP was 0.38 compared to a true value of 0.2.

The SRTM’s major assumption is that the ratio of bound to free concentrations of imaging 
agent (Cb,T/Cf,T) remains relatively constant over time (adiabatic approximation), and 

Figure 3. (a) Plasma input curve of 9L_Sim and U251_Sim. (b) Concentration of 
imaging agents in different compartments over time of imaging for noise-free 9L_Sim. 
(c) Concentration of imaging agents in different compartments over time of imaging 
for noise-free U251_Sim. The dashed black lines in (b) and (c) are representing the 
maximum of available receptor concentration in vivo.
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equivalent to BP. Figure 4(e) demonstrates that under U251_Sim data, this ratio approaches a 
plateau after 30 min that is within 15% of the simulated BP.

4.1.3. SRTM-, PSM-, and GSRTM-recovered binding potential and regimes of applica-
tion. Figures 5(a) and (b) show the relationship between BP estimation—separated into BP 
determined by SRTM (BPSRTM), PSM (BPPSM), and GSRTM (BPGSRTM)—and the concen-
tration or dose of injected imaging agents (also presented in the form of percent receptor 
saturation). In general, BPSRTM significantly underestimated the true BP as receptor saturation 
increased; whereas, there was less than a 13% error in BPGSRTM for up to 80% saturation. Sen-
sitivity to experimental noise in the raw data was observed to increase in BPGSRTM estimates 
at the highest levels of saturation. The mean relative error  ±  sd for BPGSRTM at 80% satur ation 
in the 9L_Sim dataset was 0.09  ±  0.26, compared to 0.03  ±  0.05 at 20% saturation. On the 

Figure 4. Simulation results. (a) Ratio of the rate of change of the bound concentration 
of targeted imaging agent (dCb,T(t)/dt) to the competing term in equation (7), which is a 
product of the rate constant of agent-receptor association, the available concentration of 
receptors and the free concentration of the targeted imaging agent (KonBavailCf,T(t)) for 
60 min. (b) Estimated binding potential (BP) and (c) R1 (a parameter of fit accounting for 
differences in extravasation rate constants for the targeted and control imaging agents) 
for different injected imaging agent concentrations. (d) Noise-free dynamic Scatchard 
plots for both the partial-saturation model (PSM: (ROIT(t)  −  ROIC(t))/ROIC(t) versus 
(ROIT(t)  −  ROIC(t)); solid blue data) and the ‘true’ bound and free concentrations 
directly from the numerical simulations (True: Cb,T(t)/Cf,T(t) versus Cb,T(t); solid red 
data). The blue and red open symbols are data points before 25 min (the time after 
which data became linear). The red line depicts the linear fit of the PSM data and the 
green line depicts the linear fit of the ‘true’ data. (e) Noise-free ‘true’ Cb,T(t)/Cf,T(t) 
versus time for tracer dose conditions. The black dashed lines in (b), (c) and (e) indicate 
true values of BP, R1 and BP, respectively.
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other hand, BPPSM was observed to overestimate true BP at low saturation doses, with the 
mean relative error  ±  sd of 1.22  ±  0.07 at 20% saturation for 9L. As the saturation levels were 
increased, the accuracy of BPPSM improved with an error of 0.46  ±  0.07 for 90% saturation. 
However, it should be noted that the PSM was found to be particularly noise sensitive if the 
input KD was not fixed. E.g. without fixing KD, there error in BP estimate with PSM at 80% 
saturation increased to 1.56  ±  1.41. The results of the dose study for the U251_Sim dataset 
presented similar patterns, as shown in figures 5(c) and (d).

In order to establish general rules-of-thumb for when a tumor-imaging agent binding is 
under saturated or unsaturated conditions, thus requiring different models for analysis, the 
% saturation was calculated as a function of dissociation rate constant (KD), injected targeted 
imaging agent dose, and rate of extravasation (K1); the three dominant factors affecting the 
level of binding. Figures 5(e) and (f), show two different views of the map of K1 values that 
would result in a 20% saturation for a range of KD and initial imaging agent dose values. 
This level was chosen based on the results in figures 5(a) and (c), which suggest the SRTM 
underestimation becomes significant at this threshold. As shown in figures 5(e) and (f), satur-
ation is highly dependent on the rate constant values. For clarity, K1, KD, and dose parameter 
combinations that fall below the plane in these figures are in the sub-saturation regime where 
SRTM is sufficient for accurate estimate of BP; whereas parameter combinations that fall 
above the plane are in the saturation regime where GSRTM is required for accurate estimate 

Figure 5. Error in estimation of binding potential (BP) with GSRTM, SRTM and PSM: 
(a) estimated BP for different % saturation for 9L_Sim. (b) Estimated BP for different 
injected imaging agent dose for 9L_Sim. (c) Estimated BP for different % saturation for 
U251_Sim. (d) Estimated BP for different injected imaging agent dose for U251_Sim. 
The green dot-dashed line is the PSM, the red dotted line is the GSRTM, the blue solid 
line is the SRTM and the black dashed line is the true BP value. (e) Map of K1 values 
that would result in a 20% saturation of receptors for a range of KD and initial injected 
drug dose values. (f) Another view of (e). Red and blue dots are showing the position 
of 9L-GFP and U251, respectively. For clarity, any application where the K1 is lower 
than the plane in (f) and (e) for a given dose and receptor concentration would be in the 
trace-level regime where SRTM would work, while any application with a K1 higher 
than the plane would be in the saturated regime where GSRTM would be required for 
an accurate estimate of binding potential.
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of BP. In general, the higher K1, the higher the dose, and/or the lower the KD, the more likely 
satur ation is to occur. Parameters of the two tumor lines in the animal experiments analyzed in 
this study, the 9L-GFP data is above the plane and as a result is a saturated, and the U251 cell 
line is under the plane and is non-saturated.

4.1.4. Noise sensitivity profile in BP estimation. Figures 6(a)–(d) presents a more detailed 
study of noise sensitivity in BP estimates based on simulation data for both saturated (9L_
Sim) and unsaturated (U251_Sim) regimes for a 0.05 µmol kg−1 dose of injected targeted 
and control imaging agents, as was carried out in the animal experiments (section 3.2). The 
mean  ±  sd of BPGSRTM were 0.204  ±  0.024 and 2.14  ±  0.09 for the 9L_Sim and U251_Sim 
groups and were 0.12  ±  0.01 and 2.00  ±  0.07 for BPSRTM.

4.1.5. Response of GSRTM to k2 variability and errors in input KD. The GSRTM was evalu-
ated in more detail to see how the model would respond to a range in drug extravasation rates 
(k2 values) and errors in KD input values. As shown in figures 7(a) and (b), k2 values of less 
than 0.05 min−1 can cause overestimation of BP and increased sensitivity to noise in both 
satur ated and unsaturated groups. Figures 7(c) and (d) demonstrate that errors in KD input 
to the GSRTM have only a minimal influence on the accuracy of BP estimation for both 

Figure 6. Sensitivity of BP estimation in 9L_Sim data using GSRTM (a) and SRTM 
(b), and analysis of U251_Sim data analyzed with GSRTM (c) and SRTM (d). 3% 
of Gaussian noise added to each curve for 10 000 iterations. The red dashed and the 
red solid vertical lines indicate the positions of the means of the fit and the true BP, 
respectively.
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saturated and unsaturated cases. Sensitivity was highest in the saturated case, yet BP error 
remained less than 10% for up to 40% errors in KD input.

4.2. Animal experiment results

Fluorescence signal uptake of targeted and control imaging agents from each 9L-GFP and 
U251 mouse data sets were fitted with the GSRTM and SRTM. These values are plotted 
against one another in figure 8, with each point representing the recovered BP of a tumor in 
each mouse. The average BPSRTM were 0.36  ±  0.20 and 1.97  ±  0.62 for 9L-GFP and U251, 
respectively; and BPGSRTM were 0.49  ±  0.30 and 2.08  ±  0.55. The goodness of fit was evalu-
ated with a χ2 test. Similar levels of χ2 were observed for all animals and groups with aver-
age values of 0.005  ±  0.002 and 0.003  ±  0.002 for GSRTM and SRTM in 9L-GFP data, and 
0.021  ±  0.017 and 0.009  ±  0.005 in U251 data. Correlations between BPGSRTM and BPSRTM 
for each 9L-GFP and U251 cell lines are presented in figures 8(a) and (b). For the 9L-GFP 
and U251 tumors, linear regression demonstrated statistically significant correlations. For the 
9L-GFP group, the slope of the regression was 0.70 (r  =  0.97, p  <  0.05); for the U251 group 

Figure 7. BPGSRTM for different values of k2: (a) 9L_Sim and (b) U251_Sim. BPGSRTM 
for errors in KD input value in the model: (c) 9L_Sim and (d) U251_Sim.
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the slope was 1.00 (r  =  0.90, p  <  0.05), suggesting that the two models recover similar values 
when receptors are unlikely to be saturated. Deviation from the identity line was statistically 
significant for the 9L-GFP group (p  <  0.05), which suggests that in a potentially saturated 
regime, the SRTM underestimated BP as compared to the GSRTM.

5. Discussion

Paired-agent kinetic modeling based molecular imaging studies can offer the ability to quanti-
tatively estimate the concentration of targeted biological receptors in cancer that may help 
detection, diagnosis and guidance of precision medicine. The goal of this work was to evaluate 
a generalized kinetic model to estimate the binding potential (BP) in different drug-receptor 
concentration regimes—specifically, saturated and unsaturated cases. In most quantitative 
molecular imaging studies based on kinetic modeling, every effort is made to avoid recep-
tor saturation so that SRTM and similar models are valid. While in general it is thought that 
‘trace’ levels of imaging agent can be achieved simply by tuning the injected dose of the imag-
ing agent, some molecular imaging studies require higher imaging agent doses to improve 
signal-to-noise conditions such as in fluorescence tomography (Davis et al 2013). Moreover, 
as demonstrated in this study, significant occupancy/saturation can be highly dependent on 
the rate of extravasation and efflux of the imaging agent in the region of interest. Finally, in 
theranostic studies (Janib et al 2010), where the same molecule/structure is used as both an 
imaging agent and a therapy, receptor-saturating doses are actually preferred.

Alternatively, kinetic modeling approaches exist to account for receptor saturation 
(Delforge et al 2002, Chernomordik et al 2010), most notably the partial-saturation model 
(PSM) (Delforge et al 1995), and there are approaches that exploit receptor saturation as a 
means of estimating in vivo KD values (Laruelle et al 1993); however, such approaches require 
imaging agent concentrations to be measured at various levels of saturation, and that the high 
end levels of saturation are significant (>75% for the simulations carried out in this work as 
demonstrated in figures  5(a)–(d)), which can make correct dosing difficult, particularly in 
cancer applications where the physiology of the tumor can be variable and can either block 
or enhance imaging agent delivery and retention (Jain 1990, Maeda 2001). Moreover, these 
methods require the assumption that a reference tissue or control agent concentration directly 

Figure 8. Comparison of BP estimated by SRTM and GSRTM for (a) 9L-GFP and 
(b) U251 cell lines. Black dashed lines represent the identity lines in both figures.
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approximates the free concentration of the targeted agent in the region of interest, which is not 
always the case as demonstrated in figure 4(d).

The generalized simplified reference tissue model (GSRTM) presented here does not make 
the same assumptions as either the SRTM or PSM and can be adapted to both paired-agent 
imaging and reference tissue imaging studies (Innis et al 2007, Tichauer et al 2015), which 
have key advantages: no blood sampling is required, and in the case of paired-agent imaging in 
cancers, the control agent can account for substantial nonspecific retention effects (Pressman 
et al 1957). While it was demonstrated that GSRTM can be used in both unsaturated and satur-
ated cases, there are five potential degrees of freedom in the model (R1, ηT, k2,T, KD and Bavail), 
which can lead to inaccuracy in estimation of each parameter. In this study, a 30% constraint 
of R1 and ηT in the fitting process, combined with use of in vitro KD as an input, were found to 
significantly enhance the stability of GSRTM, at least in the experimental and simulated data 
tested. The improvements of GSRTM over SRTM (and comparable performance to PSM) in 
saturating conditions, the improvements of GSRTM over PSM (and comparable performance 
to SRTM) in unsaturated conditions, and the relative insensitivity of BP estimation accuracy 
using GSRTM to errors in KD estimates, support the feasibility of using this constrained  version 
of GSRTM in cell-surface receptor molecular imaging applications with one caveat. Model 
output for BP was shown to be somewhat dependent on the range of k2, with overestimation 
of BP for very low k2 values. This overestimation can potentially be mitigated with longer 
imaging windows (results not shown); therefore, if using larger imaging agents with slower 
vascular permeability (de Lussanet et al 2005), longer imaging times are necessary. However, 
longer imaging times increases the potential for secondary effects such as intracellularization 
or metabolism of the imaging agents to occur, phenomena that are not accounted for, in SRTM, 
PSM, or GSRTM. Such complications support the use of smaller imaging agents when the aim 
is to achieve quantitative estimates of a targeted biological molecule in molecular imaging.

Higher variance in BPGSRTM was observed at the highest levels of saturation, but restricting 
the upper and lower bounds of parameters during the fitting process could control this (results 
not shown). Although KD can be measured in vitro, there is evidence that in vivo KD may differ 
substantially (potentially by orders-of-magnitude) from in vitro measures (Innis et al 2007), 
and can even vary within a tumor (Ozcan et al 2006). As such, it may be preferable to roughly 
estimate in vivo KD on a case-by-case basis using PSM, which was shown to have an error 
of less than 40% in simulation studies carried out in this work (at least less than an order-of-
magnitude error). The effect of erroneous estimates in KD as a direct fixed input value was 
explored under saturated and unsaturated conditions (figures 7(c) and (d)). Interestingly, the 
accuracy of BP estimation with GSRTM was very stable in response to errors in the KD input 
value, at least for up to this 40% error in KD approximation. This phenomenon stems from 
the fact that BPGSRTM is calculated from the ratio of Bavail, which is determined in the fit, and 
the input parameter, KD (BPGSRTM  =  Bavail/KD). Therefore, errors in KD propagated into Bavail 
estimates in such a way as the error was relatively cancelled out in the BP estimate. This insen-
sitivity to errors in KD of GSRTM further supports its applicability as a generalized model to 
estimate BP in both paired-agent and reference tissue molecular imaging studies.

GSRTM, which has been shown in this study to accurately estimate BP despite receptor 
saturation, could also be beneficial for quantitative assessment in the vast number of molecu-
lar imaging studies that prefer to use receptor saturating doses of targeted imaging agents 
to achieve optimal cancer-to-background contrast using single imaging agents (Wu 2014). 
Addition of a control imaging-agent to these studies could further improve contrast through 
quantification of receptor concentrations through paired-agent GSRTM (though it may be 
preferable to achieve receptor quantification through paired-agent SRTM at trace doses of 
imaging agents for patient safety as these methods are eventually translated to the clinic).
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Results from this work support and further demonstrate the generally accepted idea that 
receptor binding in a specific tissue is dependent on three main factors: (1) how much agent 
is injected (dose), (2) the efficiency of agent delivery to the tissue (governed primarily by 
K1: proportional to blood flow and vascular permeability), and (3) the ‘affinity’ of the agent 
for the receptor (represented as 1/KD here). In principle, all three of these factors could be 
approximated for any given experiment: (1) dose is obvious, (2) K1 in a tumor could be 
extracted from hemodynamic imaging, such as CT Perfusion (Yeung et al 2014), and (3) KD 
can be approximated in vitro or through in vivo methods as discussed above. As such, the 
simulation code developed to approximate the level of receptor saturation, which could have 
significant implications for dosing in ‘trace’ level molecular imaging experiments as well 
as personalized drug applications, has been made available to the field in the supplementary 
files of this manuscript.

6. Conclusion

A new kinetic model for evaluating cell-surface receptor concentrations with exogenous tar-
geted imaging agents was studied; with particular emphasis on cases where conventional 
reference tissue models fail because of their limitation to ‘trace’ levels of imaging agent. 
Although SRTM has its own strengths in terms of high noise stability and accuracy of BP esti-
mates in non-saturating conditions, the experimental and simulation results in this work sup-
port the use of GSRTM whenever saturation is possible as it demonstrated similar accuracy to 
SRTM under non-saturated conditions and significantly improved BP estimation in saturation 
conditions. Conversely, GSRTM demonstrated preferential accuracy to PSM at non-saturation 
conditions and comparable accuracy under saturation conditions. GSRTM is adaptable to any 
reference tissue or paired-agent molecular studies and thus could have significant impact on 
the growing field of image-guided precision medicine where therapy often expressly aims to 
saturate molecular binding sites.
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Abstract
Conventional molecular assessment of tissue through histology, if adapted to 
fresh thicker samples, has the potential to enhance cancer detection in surgical 
margins and monitoring of 3D cell culture molecular environments. However, 
in thicker samples, substantial background staining is common despite 
repeated rinsing, which can significantly reduce image contrast. Recently, 
‘paired-agent’ methods—which employ co-administration of a control 
(untargeted) imaging agent—have been applied to thick-sample staining 
applications to account for background staining. To date, these methods have 
included (1) a simple ratiometric method that is relatively insensitive to noise 
in the data but has accuracy that is dependent on the staining protocol and the 
characteristics of the sample; and (2) a complex paired-agent kinetic modeling 
method that is more accurate but is more noise-sensitive and requires a precise 
serial rinsing protocol. Here, a new simplified mathematical model—the 
rinsing paired-agent model (RPAM)—is derived and tested that offers a 
good balance between the previous models, is adaptable to arbitrary rinsing-
imaging protocols, and does not require calibration of the imaging system. 
RPAM is evaluated against previous models and is validated by comparison 
to estimated concentrations of targeted biomarkers on the surface of 3D cell 
culture and tumor xenograft models. This work supports the use of RPAM as a 
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preferable model to quantitatively analyze targeted biomarker concentrations 
in topically stained thick tissues, as it was found to match the accuracy of the 
complex paired-agent kinetic model while retaining the low noise-sensitivity 
characteristics of the ratiometric method.

Keywords: breast cancer, quantitative imaging, epidermal growth factor 
receptor, tracer kinetic modeling

S  Supplementary material for this article is available online

(Some figures may appear in colour only in the online journal)

1. Introduction

Many preclinical and clinical applications in oncology would benefit from a rapid and repeat-
able method of evaluating cell-surface receptor expression (common targets of drug therapeu-
tics) in thick tissues. For example, such a method could improve cancer resection surgery by 
providing an intraoperative means of assessing surgical margins for residual cancer (Singletary 
2002, Nitin et al 2009, Zhang et al 2017). It could also be used in drug screening to elucidate 
the molecular mechanisms of targeted therapies and the effects of molecular heterogeneity on 
drug efficacy in 3-dimensional (3D) cell culture studies (Justice et al 2009, Haycock 2011), 
which are replacing monolayer 2D cell culture studies that fail to mimic the complexity of in 
vivo tissues (Friedl and Alexander 2011).

Methods have been developed to assess cell-surface receptor expression in thick fresh tis-
sues via direct topical staining (e.g. with fluorescence (Davis et al 2013) or surface-enhanced 
Raman scattering (SERS) agents (Wang et al 2016a)) without the significant sample process-
ing required in conventional immunohistochemistry, tissue microarrays, or mass spectrom-
etry of non-vital tissues (Kononen et al 1998, Lockhart and Winzeler 2000, Cukierman et al 
2001, Stoeckli et al 2001, Dabbs 2013). Theoretically, such methods could be carried out with 
various imaging systems including clinical imaging systems (Keating et al 2016), confocal 
fluorescence microscopy (Schiffhauer et al 2009, Dobbs et al 2016), spectrally encoded con-
focal microscopy (Brachtel et al 2016), multi-photon microscopy (Zipfel et al 2003), super- 
\resolution microscopy (Huang et al 2008), wide-area optical-sectioning structured illumina-
tion microscopy (SIM) (Fu et al 2013), and microscopy with UV surface excitation (Fereidouni 
et al 2015). However, most of these approaches require long imaging times, with the excep-
tion of wide-field fluorescence, SIM, and UV surface excitation, and all of these approaches 
are susceptible to high background signals because unbound contrast agents (i.e. nonspecific 
staining) can be difficult or impractical to remove with tissue rinsing. Furthermore, tissue-
dependent and wavelength-dependent variations in tissue optical properties also make it dif-
ficult to estimate target concentrations based on the detected intensity of the staining agents. 
These limitations have forced clinicians to rely upon traditional time-consuming histopathol-
ogy methods to evaluate surgical margins, in which patients are sent home before the results 
can be attained. Expensive re-excision procedures often result from such post-operative analy-
ses, such as in the case of breast cancer resection, where up to 40% of patients require call-
back surgeries (Jacobs 2008).

Recent work has established the potential for paired-agent methods to overcome the limita-
tions of direct topical staining of thick tissues (Liu et al 2009, Davis et al 2013, Wang et al 
2014a, 2015, 2016b, Sinha et al 2015). Such methods utilize the signal from a control (untar-
geted) imaging agent that is co-administered with one or more targeted agent(s) to account 
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for background staining and variable optical properties (Tichauer et al 2015). Moreover, a 
few studies have demonstrated that paired-agent kinetic modeling—an analysis of tempo-
rally varying signals (kinetics) of paired-agents—is capable of quantifying targeted receptor 
concentrations (Blasberg et al 1987, Huang et al 1989, Tichauer et al 2012b). This achieve-
ment is essentially the ultimate goal of most molecular imaging protocols and has recently 
been shown to provide unprecedented levels of sensitivity in cancer detection (Tichauer et al 
2014b). The receptor concentration here is defined as the number of receptors within the vol-
ume of entire pixel, which is equivalent to the product of multiplication of the cell density and 
the average number of receptors per cell (which is different for different cell lines).

To date, most paired-agent kinetic models have been applied to in vivo studies employ-
ing systemic administration of imaging agents (Tichauer et al 2015). Only one model has 
been applied to thick tissue imaging, a paired-agent model accounting for nonspecific binding 
(DPM-NS) (Sinha et al 2015). Though it was the first method capable of quantifying receptor 
concentration using optical nanoparticles topically applied on fresh tissues, the model requires 
estimation of 5 kinetic parameters, making it sensitive to experimental noise. Furthermore, it 
can only analyze serial rinsing data in which each rinse step is identical, a requirement that 
can be difficult to achieve in certain applications. All other paired-agent applications have 
employed very simple, quick, and relatively noise-insensitive, ‘non-kinetic-modeling’ ratio-
metric approaches (Liu et al 2009, Davis et al 2013, Wang et al 2015, 2016b): i.e. dividing 
the targeted agent signal by the control agent signal (ratiometric). These methods have been 
shown to correlate with receptor concentration under certain conditions (Sinha et al 2015); 
however, the linearity of the correlation is highly dependent on the sample type and exper-
imental protocol.

In this paper, an improved simple and adaptable rinsing paired-agent kinetic model (RPAM) 
is presented that offers an optimal balance between the accuracy of DPM-NS, as well as the 
noise-insensitivity and simplicity of ratiometric methods. Moreover, RPAM does not require a 
specific staining and rinsing procedure, and can theoretically be applied to data obtained with 
arbitrary staining protocols and potentially non-uniform rinsing steps. To evaluate RPAM, 
data from two distinct experiments were analyzed using RPAM, DPM-NS, and a ratiometric 
method—one experiment in which 3 D cell cultures were stained in vitro, and the other experi-
ment in which tumor xenograft tissues were stained ex vivo. In each case, epidermal growth 
factor receptor (EGFR) concentrations (a cell surface transmembrane protein upregulated in 
many cancers (Nicholson et al 2001)) were targeted and the results from all paired-agent esti-
mates of EGFR concentration were compared against flow cytometry measures.

2. Methods

2.1. 3D cell culture experiment

Two cancer cell lines, human epidermoid carcinoma (A431; from Dr Pogue at Dartmouth 
College) and human neuronal glioblastoma (U251; from Dr Pogue at Dartmouth College) 
were used to test the accuracy of receptor concentration estimation for the various paired-
agent methods. Both cell lines were cultured in Dulbecco’s Modified Eagle Medium (DMEM) 
with 10% fetal bovine serum (FBS) and 1% penicillin-streptomycin (PS). As a simple approx-
imation of standard 3D cell culture, cells were seeded homogeneously in a single layer of 
0.3% agarose without adding growth medium in four different concentration groups. This 
involved resuspension of cells in 500 µl of warm phosphate buffered saline (PBS) solution 
followed by mixing with 500 µl of 0.6% warm agarose gel. The solutions were immediately 
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seeded into a transparent 6-well plate at various concentrations, including a blank (Control; 
0 cells ml−1), low (L; 5  ×  104 cells ml−1), medium (M; 5  ×  105 cells ml−1) and high  
(H; 5  ×  106 cells ml−1) cell concentration (figure 1(a)). These cell densities were chosen to 
match the cell concentration in 3D cell culture (Holy et al 2000). The depth of all cell culture 
models was approximately 1 mm.

After creating 3D cell culture models with various cell concentrations, all samples were 
stained, followed by repeated rinsing-and-imaging steps (figure 1). A planar fluorescence 
imaging system (Pearl® Impulse, LICOR Biosciences, Lincoln, NE) was used to image 
white light reflectance and fluorescence emission at both 700–740 nm (‘700 channel’) and  
800–840 nm (‘800 channel’) arising from excitation at 685 nm and 785 nm excitation, respec-
tively. All imaging steps were performed in rapid succession within a 30 s time window. 
Before adding imaging agents to the four 3D cell culture suspensions, images were first col-
lected from all channels (figure 1(b)) in order to measure the background autofluorescence. 
A 1 ml mixed solution of 44 nM IRDye® 800CW EGF and a 4 nM IRDye® 700DX NHS ester 
solution (LICOR Biosciences) was added to the surface of each sample as the ‘staining’ step 
in figure 1(c). The targeted agent (IRDye® 800CW EGF) was mixed with the control agent 
(IRDye® 700DX) only after the control agent was reacted with distilled water for 1 h at room 
temperature to hydrolyze and deactivate the reactive NHS ester. The 3D cell cultures were 
allowed to soak in the mixed imaging agent mixture for 45 min to achieve an even distribu-
tion of imaging agent within the agarose gel (determined by modeling of agent diffusion in 
the cellular matrix—results not shown). ‘Zero-rinse’ images, figure 1(d), were acquired after 

Figure 1. Stepwise illustration of staining and rinsing procedures for 3D cell cultures 
in a well plate. (a) Various cell concentrations in 0.3% weight per volume agarose gel. 
(b) A background image was taken for image analysis. (c) 1 mL of mixed imaging agent 
solutions were added to stain the 3D cell culture tissues for 45 minutes. Supernatant 
was removed after staining. (d) An image of the initial imaging agent signal in tissues 
was taken. (e) 1 mL solutions of PBS were added to each well of 3D cell culture and 
removed after 5 minutes of rinsing. (f) An image of the imaging agent signals in the 
tissues was taken after rinse. Step (e–f) were repeated 10 times. All images are obtained 
with supernatant removed. These procedures were applied to all wells.
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carefully removing all of the remaining solution on the surface of the cellular matrix. These 
images were used as initial values for the signal intensity of the imaging agent. Then, ten 
subsequent rinses were carried out on all wells by incubating the cell cultures in 1 ml of PBS 
for 5 min per rinse, figures 1(e) and (f ). Imaging was carried out after carefully pipetting away 
the supernatant after each rinse.

2.2. Ex vivo tumor xenograft experiment

To evaluate the accuracy of receptor concentration estimation on ex vivo tissue samples, data 
from this study were compared with data collected in a previous study (Sinha et al 2015). 
Briefly, in the previous study, excised A431 and U251 tumor xenografts were developed sub-
cutaneously in male nude mice (n  =  8 for U251; n  =  9 for A431). All animal experiments 
were carried out under the approval of the Institutional Animal Care and Use Committee 
(IACUC) at Stony Brook University. Animals were euthanized when the tumor was greater 
than 5 mm in diameter and then the tumor, and a control muscle tissue of equivalent size, were 
excised. A tissue-background spectrum was acquired before and after paired-agent staining. 
The staining procedure involved adding 15 µl of a mixture of targeted and control surface-
enhanced Raman scattering nanoparticles (SERS NPs) of different ‘flavours’ (150 pM per NP 
flavour). The targeted NPs were coated with EGFR-targeted anti-EGFR monoclonal antibod-
ies and the control NPs were coated with isotype control monoclonal antibodies. Spectral 
signals from the NPs were measured periodically between each of the 10 serial rinses (spray 
with 0.1 ml of PBS solution followed by gentle removal). Concentrations of the two NPs were 
then extracted from the raw signals by spectral decomposition (Wang et al 2014a).

2.3. Image pre-processing

Each pair of fluorescent images (for the targeted and control agents) required correction for 
(1) autofluorescence; (2) differences in detection efficiency between different imaging chan-
nels (only required for ratiometric and DPM-NS methods); and (3) differences in targeted and 
control imaging agent diffusion into (for staining) and out of (for rinsing) the cellular matrix 
(only needed for the 3D cell culture data). Autofluorescence was removed through subtraction 
of pre-staining images (for the respective imaging channels) from all subsequent post-staining 
images. The relative signal intensities of the targeted and control imaging agents were cali-
brated by imaging a stock staining solution of a known concentration and concentration ratio 
(for additional details, see references (Liu et al 2009) and (Wang et al 2014b)). A deconvolu-
tion algorithm (Tichauer et al 2014a) was used to correct for differences in the diffusion of 
various fluorophores within tissues. Numbers shown were averaged signal intensity over the 
entire well or tissue.

2.4. Image analysis

Four image-analysis methods were employed to estimate EGFR concentrations in 3 D cell 
cultures and ex vivo experiments.

2.4.1. Conventional fluorescence. The raw signal from targeted imaging agents, after stain-
ing and sufficient rinsing (3 rinses), were assessed as a possible correlate of receptor concen-
tration (the vast majority of tissue staining studies assume this to be the case).
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2.4.2. Ratiometric. This method involved dividing the pre-processed control imaging agent 
signal/map (SC) from the targeted agent signal/map (ST) and then subtracting by one (Tichauer 
et al 2012a):

BP ≈ BPRatio(ti) =
ST (ti)
SC (ti)

− 1, (1)

where ti is an arbitrary imaging time point after rinsing (evaluated at all points in this study). 
The binding potential (BP) parameter is often used in quantitative molecular imaging stud-
ies as it is equivalent to the product of the affinity of the targeted imaging agent (Ka) for its 
receptor and the concentration of the receptor (Innis et al 2007). While used for decades, the 
ratiometric method was only recently demonstrated to be an approximation of BP, defined 
here as BPRatio (Tichauer et al 2012a).

2.4.3. Paired-agent model with nonspecific binding (DPM-NS). This method is mathemati-
cally complex and a full description of the method can be found in a previous publication 
(Sinha et al 2015). Briefly, it requires signals from kinetic measurements of contrast agent 
intensities (both targeted and control) from multi-rinse imaging data in which the rinsing 
steps are carried out identically at each step to be measured and quantified (i.e. converted to 
imaging agent concentration). Factors that obfuscate the relationship between the signal from 
a targeted agent and receptor concentration (specifically, the rinsing and nonspecific binding 
parameters) are estimated from the kinetics of the control agent and then used in the analysis 
of the targeted agent kinetics to accurately measure receptor concentration (BP).

2.4.4. Rinsing paired-agent model (RPAM). This novel method is derived and explained 
in detail in the supplementary section (stacks.iop.org/PMB/62/5098/mmedia). Briefly, this 
method takes in any sequence of targeted and control imaging agent signals in the process of 
repeated staining (ST(t) and SC(t), respectively) and normalizes them to the signals measured 
at an arbitrary time point, ti (i.e. any one time point in the sequence), to attain the normalized 
targeted agent signal, ST(t)/ST(ti), and the normalized control agent signal, SC(t)/SC(ti). If the 
properties of the targeted and control imaging agents are very similar (save the fact that the 
targeted agent will stick to the biomarker of interest while the control agent will not), then it 
is possible to mathematically relate the normalized targeted and control imaging agent signals 
in a region of interest as a function of the binding potential (BP), a parameter directly propor-
tional to the concentration of the biomarker in that region of interest. Assuming the rinsing 
protocol acts equally on the targeted and control agents, this mathematical relationship can be 
simplified to obtain an estimate of BP (BPRPAM) as:

ST(t)
ST (ti)

=

(
SC(t)
SC (ti)

) 1
1+BPRPAM

, (2)

where ti is any single arbitrary imaging time point after rinsing, and t denotes a time vector 
(i.e. ST(ti) is the targeted agent signal at an arbitrary time point; whereas, ST(t) is the signal at 
multiple time points, which could include ti).

2.5. Simulation experiment

All receptor concentration estimation methods were tested on computer-simulated targeted 
and control agent kinetic curves in which random Gaussian-distributed noise was added 
(where ‘true’ values of all fitting parameters, e.g. BP, are known). A detailed description of 
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the simulations can be found in the supplementary section. The testing was carried out over 
a range of rinse durations and BP levels. For every case, receptor concentration estimation 
methods were applied to 1000 iterations of simulated data (with random noise that approxi-
mated experimental noise levels). This allowed us to evaluate the precision and accuracy of 
each method under the various conditions.

2.6. Statistical analyses

SPSS 23 (IBM) was used for all statistical analyses. A repeated-measures MANOVA with 
Bonferroni correction to correct for multiple comparisons and Tukey’s-B post hoc tests were 
used to identify statistically significant effects amongst the different cell concentration and 
cell type groups, with rinse number as the within-subject variable, and cell concentration and 
cell type as the between-subjects variables. A univariate ANOVA test was used to compare 
BP estimates as a function of different concentrations, cell types, and methods for estimating 
receptor concentration. Statistical significance was based on p  <  0.05. All data are presented 
as mean  ±  SD.

3. Results

3.1. In vitro 3D cell culture

The retention of control and EGFR-targeted fluorescent imaging agents in a U251 3D cell 
culture (after ten rinses) is shown in figures 2(a) and (b), respectively. Signal intensity from 
targeted and control imaging agents averaged over all repeated datasets for each well as a 
function of the number of rinses are presented in figure 2(c) for the U251 cell line group and in 
figure 2(d) for the A431 cell line group. Using a repeated measures MANOVA (see methods), 
the only statistically significant effects identified were that the fluorescence measured from 
the high-cell-concentration wells in both U251 and A431 groups were significantly higher 
than all other wells within the same group ( p  <  0.001). There were no other statistically sig-
nificant effects between cell concentration wells within the same cell type groups ( p  >  0.05, 
NS). Figures 2(e) and (f) present the BPRatio from the cell culture studies as a function of rinse 
number for the U251 and A431 cell type groups, respectively. Paired samples t-tests with 
Bonferroni corrections indicated significant changes in BPRatio within the first 4 rinses, but no 
statistically significant differences amongst data collected after rinse number 4. The point with 
the highest contrast-to-noise between cell concentration groups was rinse 8.

To compare each analysis method with the expected receptor concentration (determined by 
flow cytometry), root-mean-square error (RMSE) and the sum of absolute error (SAE) were 
calculated, table 1. RPAM estimation of receptor concentration (BPRPAM) exhibited the small-
est error compared with receptor concentration estimates based on raw fluorescence signal, 
BPDPM-NS, and fluorescence ratios, BPRatio. To visualize the correlation error, absolute errors 
(fluorescence or BP values) were plotted against the expected receptor concentrations (figure 3), 
which were obtained from flow cytometry experiments carried out in a previous study (Sinha 
et al 2015). By the definition of binding potential (BP  =  KaBavail) (Innis et al 2007), the slope 
of the correlation curve between receptor concentration (Bavail) and BP should be Ka (associa-
tion constant) or 1/KD (dissociation constant). The estimated KD were 0.21 nM, 0.38 nM and 
1.77 nM for the ratiometric method, DPM-NS, and RPAM, respectively.

Figures 4(a)–(d) present boxplots of data from 3D cell cultures of blank, U251, and A431 
cell lines (medium concentration) 3D cell cultures to further evaluate the characteristics of 
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each method for estimating receptor concentration (raw fluorescence, ratiometric, DPM-NS, 
and RPAM). No statistically significant differences in cell lines were observed using fluo-
rescence alone (figure 4(a)). BPRatio (figure 4(b)) and BPDPM-NS (figure 4(c)) displayed sta-
tistically significant separations between groups ( p  <  0.05), while RPAM achieved the best 
separation between the two tumor cell lines as determined by the contrast-to-variance ratio 

Figure 2. (a) and (b) Fluorescence images of a 6-well plate after 10 rinses for (a) 
control imaging agent (700 nm fluorescence channel) and (b) targeted imaging agent 
(800 nm fluorescence channel), with 0 (blank, B), 5  ×  104 (low, L), 5  ×  105 (medium, 
M) and 5  ×  106 (high, H) cells. Targeted imaging agent signal as a function of number 
of rinses for (c) U251 and (d) A431 cell cultures. Calculated BPRatio as a function of 
number of rinses for (e) U251 and (f) A431 cell cultures. Blank (purple dot diamond 
marker), Low (red dash square marker), Medium (green dash-dot triangle marker) and 
High (blue line cross marker). Error bars represent standard deviation.
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between groups (p  <  0.01) (figure 4(d)). Based on flow cytometry validation data, the relative 
ratio of EGFR expression between A431 cell and U251 cell was used as a method to validate 
the accuracy of receptor concentration estimations. The expected ratio for EGFR expression 
was 3.05  ±  0.88 from an in vitro study (Sinha et al 2015). Based on the experimental result, 
the estimated EGFR expression ratio (A431 versus U251) was 1.70  ±  1.93, 4.20  ±  4.56, 
2.09  ±  2.47, and 2.31  ±  1.81 for fluorescence, ratiometric, DPM-NS, and RPAM estimations, 
respectively.

3.2. Ex vivo tumor tissue

Figures 4(e)–(h) present similar data to figures 4(a)–(d) but with the four methods applied to 
ex vivo tumor tissue data rather than 3D cell culture data. Nanoparticle concentration levels 
were found to be significantly higher in tumors than in muscle (normal) tissue (p  <  0.05); 
however, no statistically significant difference was observed between the two tumor cell lines, 

Table 1. Measurements of correlation error.

Root-mean-
square error

Sum of absolute 
error (all data points)

Sum of absolute 
error (averaged)

Fluorescence 0.343 78.7 3.61
BPRatio 0.434 75.3 4.10
BPDPM-NS 0.324 78.9 3.65
BPRPAM 0.288 68.1 3.43

Figure 3. Correlation between absolute error in receptor concentration of (a) raw 
fluorescence intensity, (b) BPRatio, (c) BPDPM-NS, (d) BPRPAM and expected receptor 
concentration. White circle indicate U251 results and red square indicate A431 results. 
Error bars indicate standard deviation.
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in which the receptor concentration ratio between A431 and U251 xenografts was expected 
to be 2.1  ±  0.3 (Sinha et al 2015) (figure 4(e)). Conversely, all other methods, BPRatio (figure 
4(f )), BPDPM-NS (figure 4(g)), and BPRPAM (figure 4(h)) were found to exhibit statistically sig-
nificant differences between normal tissue, U251 xenografts, and A431 xenografts (p  <  0.01 
for all comparisons with Bonferroni correction). In addition, the relative standard deviation of 
each group was significantly smaller compared to the raw fluorescence signal data. The EGFR 
expression ratios between U251 and A431 were 0.99  ±  0.41 based on raw fluorescence signal, 
2.80  ±  1.12 for the ratiometric method, 2.09  ±  1.18 for the DPM-NS and 1.87  ±  0.96 for the 
RPAM.

3.3. Simulation

Simulation results are shown in figure 5. The fluorescence signal was expected to be linear 
with the increase of BP (proportional to receptor concentration). However, nonspecific signal 
from the ‘free’ compartment caused an overestimation in fluorescence signal, particularly at 
shorter simulated rinsing times and with lower simulated binding potentials. No rinsing proto-
col was found to correlate linearly with binding potential (figure 5(a) demonstrates the analy-
sis at rinse number 3). BPRatio also failed to correlate linearly with BP using any single rinsing 
strategy, though longer rinse times resulted in over-enhancement of BP estimation, which 
could be used to enhance differences between groups (figure 5(b)). On the other hand, BPRPAM 
demonstrated a strong correlation with BP input for all rinse strategies with the 10 min cumu-
lative rinsing time for 10 rinses resulting in the best correlation (lowest RMSE of the correla-
tion) compared to all other rinsing times.

Figure 4. Estimating receptor expression levels for different tissues (normal tissue, 
U251 and A431 tumor models (n  =  8)) based on various methods: (a) and (e) raw 
fluorescence signals, (b) and (f ) BPRatio, (c) and (g) BPDPM-NS, (d) and (h) BPRPAM. The 
top row shows data from 3D cell cultures stained with a fluorescent EGFR probe. The 
bottom row shows data from tumor xenografts in mice stained with EGFR-targeted 
SERS nanoparticles.
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4. Discussion

Kinetic modeling in tissue fluorescence imaging provides a promising means of improving 
receptor concentration estimation in a sensitive and linear way for both ex vivo thick-tissue 
staining applications and in vitro 3D cell culture models. Fluorescence signals from topically 
applied imaging agents have long been used as a gold standard to approximate and indicate 
targeted molecule receptor concentrations in thin tissues (after sufficient rinsing). However, 
this study demonstrated through simulations, 3D cell culture staining experiments, and ex vivo 
xenograft tumor staining experiments, that this widely used approach can fail to correlate with 
receptor concentration in many scenarios. Not only did the raw fluorescence signal display the 
poorest RMSE and SAE in a correlation study analysis (table 1, figure 3(a)), it failed to dif-
ferentiate between different tissue types in 3D cell culture studies and tumor xenograft studies 
(figures 4(a) and (e), respectively) and exhibited a non-linear relationship with receptor con-
centration in a simulation study (figure 5(a)).

The absence of a correlation between EGFR concentration and measured fluorescence of 
the EGFR-targeted imaging agents in this study reflects the complications that spatial vari-
ability of staining, rinsing, and nonspecific retention (retention of imaging agent in tissue that 
is not attributable to specific binding to the molecular target) can have on topical molecular 
imaging of thicker tissue samples. The paired-agent methods presented in this study rely on 
co-administration of a targeted imaging agent with a second, control imaging-agent to correct 
for these complications. It should be noted, however, that despite these complications, there is 
a large body of work demonstrating that topical staining can provide significant improvements 

Figure 5. Simulation of BP (receptor concentration) estimation using (a) raw 
fluorescence signal, (b) BPRatio and (c) BPRPAM as a function of different BP inputs and 
rinsing durations. The coloured surface is the simulated data and the transparent mesh 
is: (a) the expected signal distribution, (b) and (c) the BP input map. Colour bar is set to 
be the same for panel (b) and (c) to compare the estimated BP value.
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in tissue identification (DaCosta et al 2005, Nitin et al 2009, Foersch et al 2010, Hsiung et al 
2008, Shin et al 2010, Nguyen and Tsien 2013, Park et al 2014, Barth and Gibbs 2017). Other 
work has demonstrated improvements in signal-to-noise achievable with activatable imaging 
agents (Urano et al 2011, Cutter et al 2012) or induced autofluorescence (Leunig et al 2001), 
that mitigate problems of non-specific retention (though can still be affected by uneven stain-
ing or rinsing). Paired-agent models do not aim to compete with these approaches, rather, they 
could be adapted to any of them to improve tissue identification. Three paired-agent molecu-
lar imaging analysis methods were tested: a straight forward ratiometric method (Liu et al 
2009), a complex DPM-NS method that aims to correct for nonspecific binding in addition to 
nonspecific retention of the imaging agents (Sinha et al 2015), and a new RPAM method that 
offers a balance between the first two models in terms of the tradeoffs between complexity and 
sensitivity to noise and experimental error.

Although the measurements of RMSE and SAE for the ratiometric and DPM-NS methods 
showed that these methods can have a poor correlation with receptor concentration—similar 
to the raw-fluorescence-based estimates in the correlation analysis (table 1, figures 3(b) and 
(c))—both the ratiometric and DPM-NS methods displayed improved separation of the dif-
ferent tissue types (p  <  0.05, figure 4) by accounting for nonspecific signal retention through 
paired-agent imaging principles (Tichauer et al 2015). Thick ex vivo tissue rinsing did show 
a promising outcome with larger SERS nanoparticles (figures 4(f ) and (g)), typically associ-
ated with higher levels of nonspecific retention owing to slow diffusion in tissue (Sinha et al 
2015). But there can be multiple problems related to these methods in a situation with lower 
nonspecific retention, as shown in the in vitro 3D cell culture study.

Specifically, the simulation study (figure 5(b)) demonstrated that non-linearity is the major 
problem for the ratiometric approach. This is further supported by the overestimation of the 
ratios observed in BPRatio values between the two tumor models in both ex vivo and in vitro 
studies (figures 4(b) and (f )). This overestimated ratio, while not accurate, could potentially 
be used to enhance tumor detection. However, a more rigorous evaluation of contrast-to-noise 
is warranted as these approaches are expanded to wide-field imaging studies of tissue speci-
mens to ensure that the enhanced differentiation between groups is not overshadowed by an 
enhancement in the background signal noise and variability. Another limitation of this char-
acteristic is that the pattern of non-linearity will be highly dependent on the conditions of the 
experiment (e.g. diffusion, tissue thickness, depth sensitivity of imaging system), so there 
would be a need to calibrate or optimize the method in an application-to-application basis.

Comparatively, DPM-NS estimation of BP was found to have the most linear prediction of 
receptor concentration in the ex vivo study (figure 4(g)). The limitation of DPM-NS is primar-
ily in the rigidity of the modeling approach, which requires each rinse step to be very similar 
throughout the study. This is difficult to achieve in practice owing to experimental variability 
and the fact that rinsing may be driven by the concentration of the imaging agent in the sam-
ple (Fick’s Law), which will change over time. Simulations in this work demonstrated that 
even with equal duration staining and rinsing, the impact of the rinse (what fraction of agent 
is removed from the sample) can change (diminish) with repeated rinsing (data not shown). 
For DPM-NS, this change can lead to significant errors in BP estimation, which is why these 
results were not shown in the simulation studies (figure 5) that employed equal rinse durations 
between imaging.

The newly developed RPAM, in general, demonstrated the best performance of all four 
methods for both in vitro and ex vivo studies. It is mathematically simple and adaptable, and 
able to account for differences in rinsing efficacy/duration amongst rinse number. Not only did 
it exhibit the lowest RMSE and SAE in correlation studies (table 1, figure 3(d)), it was also 
the most effective in differentiating between the different tissue types (figures 4(d) and (h)). 
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Furthermore, in simulation studies, RPAM was the only model that exhibited a statistically 
significant linear correlation with BP for all rinsing strategies (p  <  0.05, figure 5). For valida-
tion studies with tumor xenografts and 3 D cell cultures, the disassociation constant estimated 
via RPAM (KD, 1.77 nM) were the closest to the expected KD range (2–5 nM) as compared to 
alternative methods (Klein et al 2004, Bjorkelund et al 2011).

It should be noted that all of the paired-agent models evaluated in this study (ratiometric, 
DPM-NS, and RPAM) are derived from compartment models that assume the free concentra-
tion of both targeted and control imaging agents in the tissue can be approximated as a single 
well-mixed compartment. However, in thick tissues, slower rates of imaging agent diffusion 
can significantly reduce the potential for even distribution of imaging agents throughout the 
imaging volume. Preliminary simulations carried out using a numerical solution to a diffusion 
equation that includes this complexity demonstrated that all models worked best in thick tis-
sue under two conditions: (1) when the staining and total rinsing times are close to the char-
acteristic diffusion time (L2/D; where L is the thickness of the sample and D is the diffusion 
coefficient), thus allowing time for even mixing and rinsing of the agents through the whole 
sample; and (2) when staining and rinsing times are much less than the characteristic diffusion 
time, so that much of the staining happens just at the surface of the tissue (results not shown). 
Rough estimates of diffusion coefficients of the IRDye-800CW-EGF in 0.6% agarose and 
SERS nanoparticles in the tissue are on the order of 1  ×  10−9 m2 s−1 (Liang et al 2006) and 
1  ×  10−15 m2 s−1 (experimentally derived), respectively. For the 3D cell culture, the media 
was ~1 mm in depth, yielding a characteristic diffusion time of ~20 min. With total staining 
and total rinsing times exceeding 45 min, this experiment matches well with the first condition 
of single-compartment assumption accuracy. On the other hand, for the ex vivo SERS study, 
tissue thickness was on the order of 5 mm, yielding a characteristic diffusion time of approxi-
mately 800 years. The estimated distance diffused within the staining and rinsing proto col was 
less than the diameter of a cell, so most of the binding occurred right at the surface of the tis-
sue (which is all we care about for the application of margin assessment), matching well with 
the second condition of single-compartment assumption accuracy. A more in-depth analysis 
of the effect of diffusion on paired-agent models and an exploration of alternative models 
that are less sensitive to these effects are outside of the scope of this article but of key interest 
going forward.

Other concerns with any targeted molecular imaging study include the influence of non-
specific binding and cellular internalization of the targeted agent, each of which can affect the 
accuracy of the estimation of receptor concentration through binding potential. Significant 
amounts of non-specific binding or cellular internalization of the targeted imaging agent alone 
will typically lead to overestimations in binding potential; however, these will be mitigated 
in all paired-agent methods as long as the level(s) of non-specific binding (and/or internaliza-
tion) are similar for the control imaging agent. While it is known that the two targeted agents, 
IRDye800CW-EGF and SERS nanoparticles can be internalized (Felder et al 1992, Song et al 
2012), little is known about the non-specific binding of these agents. An in-depth analysis of 
both nonspecific binding and imaging agent internalization are outside of the scope of this 
article but are also of interest for future work. However, it should be noted that the recep-
tor concentrations estimated using both pairs of imaging agents for the two cell lines in all 
conditions, matched well with expected levels of EGFR. These agents have also been used 
extensively and validated in other work, where EGFR concentrations matched well with gold 
standard and expected levels (Tichauer et al 2012a, 2012b, Leigh et al 2013, Samkoe et al 
2014, Wang et al 2014b, 2015, 2016b). This body of work suggests that both non-specific 
binding and internalization are relatively negligible, at least within 1 h of initial administration 
of the imaging agents.

X Xu et alPhys. Med. Biol. 62 (2017) 5098



5111

5. Conclusion

Amongst the three methods compared in this study, RPAM shows the best outcome in recep-
tor concentration prediction and is the only method to provide a linear estimation of receptor 
concentration. This linearity is crucial for imaging 3D cell cultures and tissues with hetero-
geneous molecular phenotypes, and can be used to differentiate between different cell lines. 
Furthermore, this model is not limited to a fixed rinsing protocol and has the flexibility to be 
applied for the analysis of serial rinsing data with unequal rinsing steps as well. Both in vitro 
and ex vivo data were tested in this study, demonstrating the strength of the RPAM method 
compared to conventional detection of a single fluorescent imaging agent, paired-agent ratio-
metric approximations of binding potential, and a more advanced but rigid DPM-NS model 
that requires identical rinse steps.
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Previous studies have shown that func-
tionalized nanoparticles (NPs) topically
applied on fresh tissues are able to
rapidly target cell-surface protein
biomarkers of cancer. Furthermore,
studies have shown that a paired-agent
approach, in which an untargeted NP is
co-administered with a panel of tar-
geted NPs, controls for the nonspecific
behavior of the NPs, enabling quantita-
tive imaging of biomarker expression.
However, given the complexities in
nonspecific accumulation, diffusion, and chemical binding of targeted NPs in tis-
sues, studies are needed to better understand these processes at the microscopic
scale. Here, fresh tissues were stained with a paired-agent approach, frozen, and sec-
tioned to image the depth-dependent accumulation of targeted and untargeted NPs.
The ratio of targeted-to-untargeted NP concentrations—a parameter used to distin-
guish between tumor and benign tissues—was found to diminish with increasing NP
diffusion depths due to nonspecific accumulation and poor washout. It was then
hypothesized and experimentally demonstrated that larger NPs would exhibit less
diffusion below tissue surfaces, enabling higher targeted-to-untargeted NP ratios. In
summary, these methods and investigations have enabled the design of NP agents
with improved sensitivity and contrast for rapid molecular imaging of fresh tissues.

KEYWORDS

biomedical optical imaging, molecular imaging, nanomedicine, nanoparticle,
optical tags, Raman spectroscopy, SERS nanoantennas, SERS nanotags

1 | INTRODUCTION

Early detection and effective treatment of cancer are essential
for minimizing morbidity and mortality. Existing cancer
screening methods include imaging techniques (eg, X-ray, CT,
MRI, white-light endoscopy, and ultrasound) and cytological
approaches (Pap smear or occult blood detection). These tradi-
tional detection methods, however, are often limited in terms
of detection sensitivity and the ability to differentiate between

benign and malignant lesions, which ultimately hinders their
ability to detect cancers at the earliest stages [1–4]. For intra-
operative guidance of tumor resection, a variety of imaging
approaches have also been employed, including 2-dimensional
specimen X-ray and frozen-section pathology. However, the
sensitivity and specificity of specimen X-ray is limited and
frozen-section pathology suffers from sampling limitations and
artifacts, especially for tissues with high lipid content (eg,
breast tissue) that do not freeze well [5–7].
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Molecular imaging approaches have the potential to
identify tumors with a high degree of sensitivity and speci-
ficity [8–10]. However, studies have shown that there is sig-
nificant molecular heterogeneity among different patients,
and even within individual patients over time due to molec-
ular changes associated with tumor progression [11, 12].
Therefore, multiplexed imaging of many biomarkers is nec-
essary to detect tumors in diverse patient populations with
high sensitivity.

Advances in nanotechnology have enabled multiplexed
molecular profiling of tumors for early detection and intra-
operative guidance of tumor resection [13–16]. A variety of
nanoparticles (NPs) are now available for use as contrast agents
in medical imaging; these NPs include quantum dots, carbon
nanotubes, gold NPs, and nanowires [17–21]. Surface-
enhanced Raman scattering (SERS) NPs have attracted particu-
lar interest as contrast agents for optical imaging studies owing
to their brightness, low toxicity, photostability, as well as the
unique and well-defined light spectrum emitted by each “fla-
vor” of SERS NP when illuminated at a single common wave-
length (eg, 785 nm) [22–31]. Since each flavor of SERS NP
has a distinct spectral signature that identifies it from other
SERS NP flavors, many biomarkers can be targeted simulta-
neously with a panel of NP flavors (each targeted to a different
biomarker) to acquire a more complete picture of the molecu-
lar phenotype of tissues. Note that these SERS NPs are often
referred to as optical tags, SERS nanotags, or SERS nanoan-
tennas [32–35]. However, to be consistent with the terminol-
ogy used in our previous publications, we will continue to
use the term SERS NPs here. Surface functionalization of
these and other NPs with targeting moieties (ie, antibodies,
oligonucleotides, aptamers, peptides, and other small mole-
cules) can impart the NPs with a high specific binding affin-
ity to a variety of cell-surface cancer biomarkers for
enhanced retention of the NPs at biomarker-positive cancer
sites [19, 36, 37].

Previously, we have developed a NP-based molecular
imaging (NMI) strategy, with which we have demonstrated
that rapid, multiplexed molecular detection is possible under
time-limited staining and detection conditions, as encoun-
tered in point-of-care clinical settings [24–26, 38–41]. In
our initial studies, fresh tissue specimens were topically
stained with a panel of SERS NPs (in vivo or ex vivo) and
imaged after a brief rinse step to rapidly identify/quantify
the presence of tumor-related biomarkers (Figure S1, Sup-
porting information). Unfortunately, uneven NP delivery,
retention, and wash out at different tissue locations often
result in misleading image contrast [25, 26]. For example,
we have observed that increased diffusion and passive reten-
tion can often result in higher nonspecific accumulation of
topically applied NPs in benign tissues in comparison to
denser tumor tissues [25]. One method that has been utilized
to mitigate these nonspecific effects is to co-administer an
untargeted (control) NP flavor simultaneously with the tar-
geted NP(s) during imaging experiments. By calculating the
ratio of the concentration of targeted NP(s) to the untargeted

control NP, the effects of nonspecific accumulation may be
normalized away. We have shown that these NP ratios pro-
vide a linear and quantitative readout that correlates with bio-
marker expression levels [25, 26, 39, 40].

Despite the strengths of such a ratiometric imaging
approach, nonspecific accumulation and passive retention of
NPs is often quite high, which can limit the sensitivity and
accuracy of biomarker detection/quantification. In order to
better understand and quantify the specific vs nonspecific
accumulation of our NPs, here we developed a method to
investigate the diffusion and accumulation of targeted and
untargeted NPs as a function of depth in fresh tissues at the
microscopic scale. In short, we stained fresh tissues with a
paired-agent approach using fluorophore-labeled NPs, and
then snap-froze the tissues at various time points to immobi-
lize the NPs within the tissues. We then performed fluores-
cence microscopy of thin frozen sections of these tissues
(cross-sectional views of the tissue) and quantified the pene-
tration and binding of the targeted and untargeted NPs as a
function of depth. The findings from these studies led us to
hypothesize that the use of larger NPs could reduce the dif-
fusion of the NPs, and therefore reduce the nonspecific
accumulation of the NPs in tissue. We show that this allows
for molecular imaging of fresh tissue surfaces with higher
NP ratios (targeted vs untargeted) compared with our origi-
nal NPs, and that the staining can be achieved more rapidly
than before (6-minute topical application).

2 | MATERIALS AND METHODS

2.1 | SERS NPs and functionalization

SERS NPs were purchased from BD (Becton, Dickinson and
Company, Franklin Lakes, NJ, USA). These NPs consist of a
60-nm diameter gold core, a layer of Raman reporters adsorbed
onto the surface of the gold cores, and a 30-nm-thick silica
coating that encapsulates the gold cores, resulting in an overall
diameter of �120 nm. Transmission electron microscopy
(TEM) images were obtained to confirm the uniform size dis-
tribution of the 120-nm NPs (Figure S2). This size distribution
is consistent with what has been measured in the past by others
utilizing these same types of commercial SERS NPs [42, 43].
The 2 “flavors” of NPs used here are identified as S420 and
S440, and each of these emits a characteristic Raman spectrum
attributable to chemical differences in the Raman reporter
layer. The NPs, which contain reactive thiols at their surface,
were first reacted with fluorescent maleimides and then conju-
gated to monoclonal antibodies (mAbs) via a bifunctional PEG
linker (Thermo Scientific, PI22112, Waltham, MA, USA). The
NP flavor S420 was reacted with the fluorophore DyLight
650-4xPEG Maleimide (Thermo Scientific, Product
No. 62294, Waltham, MA, USA) and then conjugated with an
anti-Epidermal growth factor receptor (EGFR) mAb (Thermo
Scientific, MS-378-PABX) at 500 M equivalents per NP,
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while the NP flavor S440 was reacted with fluorophore
DyLight 550-2xPEG Maleimide (Thermo Scientific, Product
No. 62292) and then conjugated with an IgG1 isotype-control
mAb (Thermo Scientific, MA110407) at 500 M equivalents
per NP. All reactions were performed using a reaction buffer
consisting of 10 mM 3-(N-morpholino)propanesulfonic acid
(MOPS) (Sigma-Aldrich, part No. M1254, St. Louis, MO,
USA) buffer, pH 7.25. The NP conjugates were stored at 4�C
and protected from light before use. UV-Vis spectrophotome-
try (Agilent 8453, Santa Clara, CA, USA) was used to measure
the concentration of the NP conjugates. Hereafter, the EGFR-
targeted NPs and the IgG1 isotype-control NPs will be referred
to as “targeted NPs” and “untargeted NPs,” respectively.

Previous flow cytometry experiments demonstrated pref-
erential binding of the EGFR-targeted NPs to A431 cells,
which highly overexpress EGFR. Experiments have shown
that the isotype NP is a highly accurate control for the non-
specific behavior of targeted NPs. This has been demon-
strated using both flow cytometry and imaging of EGFR-
negative cells and tissues, respectively, in which both the
targeted and untargeted NPs have always exhibited identical
levels of nonspecific accumulation [24–26, 39].

2.2 | Tumor xenografts

Nude mice (Taconic Farm Inc., Germantown, NY, USA)
were used to develop tumor xenografts. Approximately
1 × 106 A431 cancer cells were suspended in matrigel
(BD Biosciences, 354234) in a 1:1 volume ratio to form a
100-μL mixture. At 7 to 9 weeks of age, nude mice were
subcutaneously implanted with the cell mixture (1 × 106

cells per injection) subcutaneously on their flanks. After
2 to 4 weeks, when the tumors reached a size of 8 to
10 mm, the mice were euthanized by CO2 inhalation and
the implanted tumors were surgically removed. Benign tis-
sue (control) was obtained from male Fischer 344 inbred
rats (10 weeks, Harlan Laboratories Inc., Indianapolis, IN,
USA), which were euthanized via inhalation of CO2, fol-
lowed by the surgical removal of 1 × 1 cm2 sections of nor-
mal muscle tissue. All animal work was approved by the
Institutional Animal Care and Use Committee (IACUC,
No. 4345-01) at the University of Washington.

2.3 | Staining, rinsing, and snap-freezing of fresh
tissue specimens (micro-NMI)

Fresh tissue specimens were stained for up to 15 minutes
with an equimolar mixture of the targeted NP and the untar-
geted NP (150 pM). Tissue staining was accomplished by
placing the tissue surface of interest onto a drop of the stain-
ing mixture and gently dipping the specimen in and out of
the solution (�50 μL), which has been shown in previous
publications to promote convection of the NP mixture at
fresh tissue surfaces, allowing for accelerated binding of
NPs to their respective biomarker targets [40, 44]. The tis-
sues were then submerged briefly (�2 seconds) into 20 mL
of phosphate buffered saline (PBS)—to rinse off unbound
NPs at the surface of the tissue—and placed in a
10 × 10 × 5 mm3 cryomold containing Tissue-Tek optimal
cutting temperature (OCT) compound (Sakura Finetek USA
Inc., Torrance, CA, USA). The cryomold was quickly fro-
zen (<10 seconds) in 2-methylbutane (Sigma-Aldrich,

FIGURE 1 Micro-NMI method. (1) One SERS NP flavor was reacted with DyLight 550 and conjugated to IgG1 isotype-control antibodies (mAbs), while
a different SERS NP flavor was reacted with DyLight 650 and conjugated to anti-EGFR mAbs. (2) Fresh tissues were stained with an equimolar mixture of
EGFR-targeted and untargeted (isotype-control) NPs, followed by (3) a brief rinse in PBS (�2 seconds) to wash away any excess NP solution from the
surface of the tissues. (4) The tissues were then placed in a cryomold containing OCT (freezing media). (5) the cryomold was snap-frozen in 2-methylbutane
chilled in liquid nitrogen (<10 seconds) and (6) cryosectioned into 10-μm-thick sections. These sections were then placed on a glass slide, fixed in formalin,
and coverslipped. (7) A Leica DMi8 widefield fluorescence microscope was used to obtain bright field images of the tissue sections, as well as fluorescence
images of the untargeted NPs (conjugated to DyLight 550) and the targeted NPs (conjugated to DyLight 650). Scale bar represents 25 μm

KANG ET AL. 3 of 10



St. Louis, MO, USA) chilled in liquid nitrogen and cryosec-
tioned into 10-μm-thick sections. These sections were then
placed on a glass slide, fixed in formalin, and covered with
a cover slip. This procedure is illustrated in Figure 1 and is
hereafter referred to as “micro-NMI.”

2.4 | Fluorescence microscopy

Fluorescence microscope images were acquired on a Leica
DMi8 widefield microscope with a ×20 Plan Apochromat
0.70 numerical aperture (NA) lens. The ET555 emission fil-
ter was used for imaging untargeted NPs (reacted with
DyLight 550 fluorophores) and the ET645 emission filter
was used for imaging targeted NPs (reacted with DyLight
650 fluorophores). A DFC9000 sCMOS camera was used
for fluorescence detection. Images were collected using the
Leica Application Suite and processed in MATLAB. The
effective pixel size (Nyquist sampling) was 0.46 μm.

2.5 | Image processing

The image processing method is shown in Figure 2 for a tis-
sue section from a single A431 tumor xenograft stained for
15 minutes with an equimolar NP mixture. Bright field and
fluorescence images are shown on the left. The average of
all raw line profiles oriented perpendicular to the tissue sur-
face is shown for the targeted NPs (top row) and untargeted
NPs (bottom row). The fluorescence intensity was calibrated
using fluorescence images of the staining mixture at a
known concentration (here, the staining concentration was
150 pM). The tissue autofluorescence background was mea-
sured from the average intensity of the unlabeled tissue, and
was subtracted from the NP profiles (“Background subtrac-
tion”). The maximum intensity of the NP intensity profiles

was assumed to correspond to the tissue surface, which
defines the zero depth on the x axes in Figure 2 (“Crop to
surface”). Finally, the depth-integrated NP concentrations
(area under the curve) were evaluated to verify that the
micro-NMI results agreed with the signals obtained with the
wide-area NMI technique (“Depth-integrated NP concentra-
tion”). Note that this assumes that the penetration depth of
the NPs is small enough that the wide-area NMI technique
collects the depth-integrated signal from all NPs at each
point (pixel) on the tissue that is probed during raster-
scanned spectral imaging (ie, the effects of tissue scattering/
absorption are negligible at such short tissue depths of
<20 μm). All image processing was carried out in
MATLAB R2015a, Natick, MA, USA.

2.6 | Silica NP thiolation and conjugation

To investigate the impact of NP diameter on tissue diffusion
and molecular imaging contrast, silica NPs (SiNPs) with
diameters of 200 and 300 nm were purchased from Nano-
Composix, San Diego, CA, USA (SISN200-10M and
SISN300-10M) and conjugated to fluorescent dyes and anti-
bodies in a similar manner to our SERS NPs. SiNPs were
used due to the lack of commercial SERS NPs available in
different sizes. Note that since the SERS NPs are encapsu-
lated in a silica shell, the behavior of these NPs (SERS NPs
and SiNPs) is similar in terms of diffusion and chemical
binding (both specific and nonspecific) when functionalized
in a similar manner. To enable PEGylation and conjugations
comparable to that of our SERS NPs, sulfhydryl groups
were introduced on the SiNP surfaces by heating the SiNPs
for 1 hour at 72�C in ethanol containing 1% vol/vol. (3-mer-
captopropyl) trimethoxysilane (Sigma Aldrich) according to

FIGURE 2 Image processing. Bright field and fluorescence images of a tissue section from a tumor xenograft stained for 15 minutes with an equimolar NP
mixture are shown on the left. the average of all line profiles oriented perpendicular to the tissue surface is shown for the fluorescence images of targeted
NPs (top row) and untargeted NPs (bottom row). The tissue autofluorescence background was measured as the average intensity in the unlabeled tissue, and
was subtracted from the NP profiles (“background subtraction”). The maximum intensity of the NP intensity profiles was assumed to correspond to the tissue
surface, which defines the zero depth on the x axes in “crop to surface.” finally, the depth-integrated NP concentrations (area under the curve) were evaluated to
verify that the micro-NMI results (“depth-integrated NP concentration”) agree with the signals obtained with the wide-area NMI technique. See text for more details
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a protocol described previously [45]. The surface-modified
SiNPs were thoroughly washed with ethanol and water to
remove the surface modifier and were then redispersed in
the reaction buffer (10 mM MOPS, pH 7.25). PEGylated
SiNPs were then functionalized in the same manner as the
SERS NPs—each NP size was subjected to 2 different sets
of conjugation reactions: (1) DyLight 650-4xPEG Malei-
mide and an anti-EGFR mAb or (2) DyLight 550-2xPEG
Maleimide and an IgG1 isotype-control mAb. UV-Vis spec-
trophotometry (Agilent 8453) was then used to measure the
concentration of the SiNP conjugates.

To ensure that the brightness of the fluorescence from
each of the NP sizes was relatively well matched, the NP
concentrations used in the conjugation reactions were tuned
such that total surface area of the NPs (total sum of the
mixture) was identical to that of the 120-nm SERS NPs
used in previous experiments (and reacted with the same
concentration of fluorophores). To verify that this was true,

we used a spectrofluorometer (Perkin Elmer, LS-50B,
Waltham, MA, USA) to show that the different NP sizes
exhibited comparable levels of fluorescence for aliquots
with identical total NP surface areas (Figure S4). Flow cyto-
metry experiments were performed to verify that the bind-
ing of the targeted NPs to EGFR-positive cell lines was
also comparable in magnitude for all NP sizes when stain-
ing cells with NP concentrations that were matched in terms
of total NP surface area (Figure S5).

3 | RESULTS

We first verified that the signals obtained with micro-NMI
agree with our standard wide-area NMI approach for imag-
ing fresh tissue surfaces (Figure 3). Fresh tumor xenografts
and benign tissue specimens (ex vivo) were stained with an
equimolar NP mixture (150 pM for each NP flavor) and

FIGURE 3 Conventional wide-area NMI is used to verify the accuracy of the depth-integrated ratios calculated from micro-NMI. The ratio of the depth-
integrated concentrations of the targeted and untargeted NPs are calculated because they provide a reliable estimate of biomarker expression levels that are
much less sensitive to nonspecific effects such as uneven illumination, variable staining concentrations, and heterogeneous tissue properties (eg, diffusion
constants). (A) A fresh tissue specimen is stained with an equimolar mixture of targeted and untargeted NPs, rinsed briefly (�2 seconds) to remove excess NPs
from the surface, and imaged with a customized wide-area NMI device that produces a raster-scanned image of the tissue surface. A ratiometric image of EGFR-
targeted vs untargeted NPs shows elevated ratios for the A431 tumor xenograft (which overexpresses EGFR) and a ratio of unity (no differential binding of the
targeted NP) for the benign tissue. (B) Depth-integrated concentrations (area under the curve) of targeted and untargeted NPs (plotted as a function of depth from
the tissue surface) from the micro-NMI experiments are shown for tumor xenografts (left) and for benign tissues (right). Concentrations of targeted and untargeted
NPs as a function of depth are shown in the red curve (Ctar) and blue curve (Cuntar), respectively. Depth-integrated NP concentrations are calculated for the regions
shaded in red and blue as

Ð
Ctardz and

Ð
Cuntardz, respectively. (C) Ratios are plotted as a function of staining time for both NMI (black circles) and micro-NMI

(gray triangles), showing good agreement (<5% error). Error bars show the standard deviation from N = 5 experiments for each staining time
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rinsed briefly (�2 seconds). Wide-area NMI images were
obtained according to the protocol described in Figure S1.
Ratiometric images of EGFR-targeted vs untargeted NP
concentrations showed elevated ratios (1.60 � 0.18) for
A431 tumor xenografts (which overexpress EGFR) and a
ratio of unity (1.08 � 0.05; negligible differential binding
of the targeted NP) for benign tissues (Figure 3A). An iden-
tical tissue-staining protocol was used with identical tissues,
which were then snap-frozen after various staining time
points and processed with the micro-NMI technique illus-
trated in Figures 1 and 2. Figure 3B illustrates the concen-
trations of targeted and untargeted NPs as a function of
depth in the red curve (Ctar) and blue curve (Cuntar), respec-
tively. Depth-integrated NP concentrations (

Ð
Ctardz and

Ð
Cuntardz) were calculated for the areas shaded in red and

blue, respectively. As described in section 2.5, the depth-
integrated concentrations of targeted and untargeted NPs
obtained with micro-NMI are directly proportional to the
signals that would be collected with conventional wide-area
NMI of an identical tissue specimen stained with an identi-
cal protocol. This is attributable to the fact that the NPs only
accumulate within the first 20 to 30 μm beneath the tissue
surface (see Figure 2), and surface imaging with a 785-nm
light source (or other visible light source) would excite and
detect all of these superficially located NPs with minimal
tissue attenuation: the transport mean free path of tissue at
visible wavelengths is typically 1/μs0 � 1 mm, and it is even
longer at near-infrared wavelengths. In Figure 3C, we dem-
onstrate that the ratio of the depth-integrated concentrations
(targeted vs untargeted) agrees (within <5% error) with the
ratio obtained from wide-area NMI for various staining
times (3-15 minutes), for both the tumor xenografts and
benign tissues. We observe that for tumor xenografts, ratios

increase with staining time and plateau at an average ratio
of 1.59 � 0.24, whereas for benign tissue the ratios remain
near unity for all staining times (0.90-1.09).

Figure 4 shows the average of thousands of concentra-
tion curves (ie., thousands of line profiles) of targeted and
untargeted NPs as a function of depth from the tissue sur-
face after 15 minutes of staining. The preferential binding
of targeted NPs in tumor xenografts can be seen in
Figure 4A, whereas a similar behavior for both the targeted
and untargeted NPs is observed in the benign tissues
(Figure 4B). As in previous studies, a higher level of diffu-
sion is observed in the benign tissue, presumably owing to
the greater porosity of benign tissue compared to the dense
tumor xenografts. Figure 4C and D shows the concentration
ratios of targeted vs untargeted NPs as a function of depth
for tumor xenografts and benign tissues, respectively.
Figure 4C shows an elevated ratio of nearly 2 at the tissue
surface, which diminishes as NPs diffuse deeper into the tis-
sue. This suggests that by limiting the diffusion of NPs into
tissue, it could be possible to obtain higher ratios in conven-
tional wide-area NMI and increase the contrast between
tumor and benign tissue for improved margin assessment.
Note that the ratio of the targeted vs untargeted NPs appears
to dip below unity at greater tissue depths. We hypothesize
that this could be attributable to a “binding-site barrier”
effect that has been previously reported by others, and
which will be discussed in the next section [46–50].

From the results of our micro-NMI experiments, we rea-
soned that minimizing diffusion would allow for higher bind-
ing ratios. In order to achieve reduced diffusion, we chose to
utilize larger NPs, which would physically limit the diffusion
of NPs into tissue. This is based on the generalized Stokes-
Einstein equation in which the diffusion coefficient of a spher-
ical particle in porous media scales inversely with particle size

FIGURE 4 The average of ~1000 curves
showing the concentration of targeted (red) and
untargeted (blue) NPs as a function of depth
from the tissue surface after the tumor
xenografts (a) or benign tissues (B) were
stained for 15 minutes. Shaded regions
represent the standard deviation for ~1000
curves collected from N = 3 specimens of each
tissue type. The concentration ratios of targeted
vs untargeted NPs as a function of depth are
shown in (C, D) for tumor xenografts and
benign tissues, respectively. Shaded regions
represent the propagation of error from the
shaded regions in A, B, respectively
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[51]. Since larger SERS NPs are not commercially available,
we used silica NPs (SiNPs) that are 200 and 300 nm in diame-
ter that were then PEG-ylated and functionalized with EGFR
or isotype-control mAbs in order to compare their staining
behavior with our standard 120-nm silica-coated SERS NPs.
As described in section 2.6 , the SERS NPs are encapsulated
in a silica shell and the behavior of these NPs (SERS NPs and
SiNPs) is therefore similar in terms of diffusion and chemical
binding (both specific and nonspecific) when functionalized in
a similar manner. Also, as described in the same section 2.6,
conjugation reactions were performed to ensure that the fluo-
rescence and mAb labeling densities were roughly equivalent
for all of the NP sizes based on total NP surface areas. Data
confirming that the NPs were conjugated evenly across all
sizes, and that their biomarker-targeting properties were similar
(flow cytometry), may be found in Figures S4 and S5.

In order to improve their utility for time-constrained
clinical applications (eg, surgical guidance), we endeavored
to develop NPs that could yield adequate tumor-to-benign
tissue contrast in less than 10 minutes (staining plus imag-
ing time). Therefore, for these final sets of experiments,
tumor xenografts were stained for just 6 minutes. We tuned
the staining concentration, C0, for each NP size to ensure
that the total NP surface area (and binding avidity, see
Figure S5) was relatively well matched between all sets of

experiments (C0 = 150, 54, and 24 pM, respectively, for
the 120, 200, and 300-nm NPs). After staining, the speci-
mens were rinsed briefly and snap-frozen according to the
micro-NMI method illustrated in Figures 1 and 2. Figure 5
shows the average and standard deviation of ~1000 micro-
NMI concentration curves as a function of depth for each
NP size. The depth at which the concentration of the untar-
geted NP diminished to 10% of the initial staining (starting)
concentration is indicated in gray in Figure 5A. Figure 5B
shows the depth-integrated ratio (the ratio of the integrated
area under the 2 curves) for each NP size.

4 | DISCUSSION AND CONCLUSION

This study explored the diffusion and chemical binding of
NPs targeted to cell-surface proteins that were topically
applied onto the surfaces of fresh tissues. We have previ-
ously described the development of a NMI system to enable
rapid multiplexed molecular imaging of fresh excised tis-
sues for intraoperative guidance of breast-conserving sur-
gery, which is the most common treatment for patients
diagnosed with early-stage breast cancer [24–26, 38, 39, 41,
52]. With this technology, fresh surgical specimens are topi-
cally stained with a panel of NPs (potentially in vivo or

FIGURE 5 Comparing micro-NMI for 3 different NP sizes. Three different NP sizes were functionalized with either EGFR or isotype-control mAbs.
Tumor xenografts were stained with an equimolar mixture of targeted and untargeted NPs for 6 minutes, using either the 120-nm, 200-nm, or 300-nm
diameter NPs. After staining, the specimens were rinsed briefly and snap-frozen for examination with the micro-NMI method. (A) The average of ~1000
concentration curves are shown for the targeted NPs (red line) and untargeted NPs (blue line) as a function of depth for each NP size and are normalized to
the initial staining concentration. The initial staining concentrations are different for each NP size to account for differences in the total surface area of the
NPs (see text for details). Shaded regions represent the standard deviation for ~1000 curves collected from N = 5 specimens for each NP size. The gray
dashed lines and gray text indicate the depth at which the concentration of the untargeted NP diminishes to 10% of the initial staining (starting)
concentration. (B) The depth-integrated ratios (targeted vs untargeted NPs) for each NP size. Error bars are based on N = 5 experiments for each NP size
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ex vivo) and imaged after a brief rinse step to rapidly iden-
tify/quantify the presence of tumor-related biomarkers.
Owing to uneven NP delivery/retention/rinse removal at dif-
ferent tissue locations, which often generates misleading
image contrast, we utilize a control NP flavor that is co-
administered with the targeted NP flavor(s) in an equimolar
mixture during imaging experiments to normalize for non-
specific effects. While this NP ratio has been shown in pre-
vious studies to provide an accurate representation of
biomarker expression levels, nonspecific accumulation and
passive retention of NPs is often quite high, which reduces
the sensitivity and accuracy of detection (ie, the ratios are
lower than we would like).

Here, we have investigated the topical application of
NPs on fresh tissue specimens at the microscopic level. We
have developed a method to investigate the diffusion and
accumulation of NPs near the tissue surface, a method we
refer to as micro-NMI. We performed well-controlled
“proof-of-concept” experiments using tumor xenografts with
known biomarker receptor expression levels and uniform,
reproducible tissue properties. We stained and rinsed these
fresh tissue specimens with a paired-agent approach identi-
cal to that of our standard wide-area NMI approach, in
which the targeted and untargeted NPs were labeled with
different fluorescent dyes to allow thin frozen tissue sec-
tions to be imaged with a fluorescence microscope [24, 25,
38, 39, 41]. An image processing method was developed
for analyzing the NP distributions (Figure 2). We verified
that the depth-integrated concentrations (area under the
curve) agreed with wide-area NMI signals by comparing
ratios of targeted vs untargeted NPs obtained with both
methods (Figure 3). Analysis of NP concentration ratios as
a function of depth (Figure 4) led us to hypothesize that by
limiting the diffusion of NPs into tissue, higher NP ratios
could be obtained with NMI, thereby improving tumor-to-
benign tissue contrast and detection sensitivity. We tested
this hypothesis using 200-nm and 300-nm silica NPs func-
tionalized with the same concentration of mAbs (per NP
surface area) as our standard 120-nm NPs. Figure 5 shows
that larger NPs diffuse less into tissue (Figure 5A), resulting
in higher overall targeted vs untargeted NP ratios
(Figure 5B). Furthermore, we were able to achieve such
high NP ratios in less time (6 minutes of staining) compared
with our previous experiments that required 10 minutes or
more of staining when utilizing our standard 120-nm NPs.

Previous studies on NP delivery have suggested that a
binding-site barrier, in which NP binding can impede NP
penetration in tissue, may be preventing our targeted NPs
from penetrating as deeply into tissues as our untargeted
(control) NPs, which penetrate passively (unobstructed by a
binding-site barrier) into the tissue [47, 48, 53–55]. This
theory is supported by our experimental data in Figure 4A
and C, where the ratio of the targeted vs untargeted NPs dip
below unity at the furthest depths within the tumor tissue.
This suggests that our targeted and untargeted NPs are not
being delivered identically, resulting in ratios that are less

than ideal. Further studies are needed to verify that our
experimental results are in fact attributable to a binding-site
barrier effect. However, as a preliminary step, we developed
a mathematical model of the diffusion of NPs topically
applied in fresh tissue. This model included association and
dissociation rate parameters describing the binding and
unbinding of targeted NPs to their biomarker targets,
respectively, whereas the untargeted NPs are described only
by passive diffusion into tissue. An illustration of this simple
model, with governing equations, is shown in Figure S6.
Model simulations (shown in Figure S6C) predict that, for
biomarker-positive tumor tissue, the concentration of targeted
NPs is elevated near the surface (attributable to binding) and
drops to zero concentration at a shallower depth than the
untargeted NPs, whereas for benign tissue both NP flavors
diffuse similarly into tissue. These model simulations agree
with our experimental work, suggesting that the presence of
a binding-site barrier may be impeding the delivery of tar-
geted NPs in comparison to untargeted NPs. Our results
shown in Figure 5 further indicate that the effects of this pre-
sumed “binding-site barrier” are mitigated with the use of
larger NPs, in which both the targeted and untargeted NPs
remain closer to the tissue surface. These results are consis-
tent with the excellent staining performance of larger NPs
witnessed by other investigators in the past [56].

In summary, the results of this study are significant in
showing that larger NPs may be used in NMI to improve
the ratio of targeted vs untargeted NPs after a rapid staining
protocol on fresh tissues. We note that while studies shown
here employed the use of xenografts, further studies are
needed to validate that higher ratios can be achieved with
larger NPs on human tissues. This could potentially allow
for better differentiation of tumor and benign tissues for
clinical applications such as early detection and intraopera-
tive assessments of surgical margins. Future clinical studies
are also needed, with large numbers of patient specimens, to
validate that these improvements are consistent across clini-
cal cohorts. Note that we have already shown, in a recent
clinical study, that NMI with 5 multiplexed SERS NP fla-
vors (to target 4 cancer biomarkers) enables the detection of
breast carcinoma with high sensitivity and specificity [57].
However, as we add more biomarker targets into our multi-
plexed panel, higher detection SNR and sensitivity will be
needed (as well as faster staining times). We have shown
through this study that it is possible to optimize the specific
vs nonspecific accumulation of our targeted NPs, as well as
staining speeds, based on an improved understanding of
their behavior at the microscopic scale (micro-NMI).
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Figure S1. Wide-area nanoparticle-based molecular imaging
(NMI) of fresh tissue topically stained with SERS NPs.
A 10-mW 785-nm diode laser illuminates tissue with a spot
size of 0.5 mm. A custom spectrometer disperses the col-
lected signal onto a cooled deep-depletion spectroscopic
CCD. Raster-scanned spectral imaging of the sample is per-
formed by scanning the tissue sample, while keeping the
fiberbundle imaging probe stationary. A direct classical
least-squares (DCLS) algorithm is used to compute the rela-
tive SERS NP weights and the weights of all broadband
background components. The ratio of the weights of tar-
geted vs untargeted SERS NPs is used to obtain a ratio-
metric image of the tissue specimen. Additional details
about the imaging system have been described previ-
ously [1–6]
Figure S2. TEM images of (A) unconjugated NPs and
(B) antibody-conjugated NPs with uniform size distribution
around 120-nm in diameter
Figure S3. We hypothesize that the design of conjugated
NPs with larger sizes could reduce the diffusion of the NPs
and therefore reduce the nonspecific accumulation of the
NPs in tissue. This could in turn allow for molecular imag-
ing of fresh tissue surfaces with higher NP ratios (targeted
vs untargeted) compared with our original 120-nm NPs
Figure S4. In order to ensure that the relative brightness of
the fluorescence from each of the NP sizes was well
matched, the NP concentrations used in the conjugation
reactions were tuned such that total surface area of the NPs
was identical to that of the 120-nm NPs used in previous
experiments. Here, we used a spectrofluorometer to show
that the different NP sizes exhibit comparable levels of fluo-
rescence for aliquots with identical total NP surface areas.
Background subtraction was applied using the fluorescence
intensity of stock NPs that have not been reacted with
fluorophores
Figure S5. Flow cytometry validation of conjugated NPs of
various sizes with cell lines of varying biomarker (EGFR)
expression levels. Flow cytometry experiments were per-
formed to verify that the binding of the EGFR-targeted NPs
to EGFR-positive cell lines was comparable in magnitude
for various NP sizes when staining cells with NP concentra-
tions that were matched in terms of total NP surface areas.

EGFR-NPs and isotype-NPs of various sizes were individu-
ally used to stain 3T3 (top row, EGFR−), U251 (middle
row, EGFR+), or A431 (bottom row, EGFR++). The col-
umns are separated by NP size (120, 200, and 300-nm
diameter). The fourth column shows the mean fluorescence
intensity between the EGFRtargeted NP vs untargeted NP
to compare binding levels of the various NP sizes
Figure S6. A mathematical model of the diffusion of NPs
topically applied in fresh tissue. (A) An illustration of our
simplified model of NP diffusion and binding. The NP solu-
tion is an infinite reservoir that establishes a constant NP
concentration at the tissue surface. NPs are allowed to dif-
fuse into the tissue, where they bind to cell-surface bio-
markers or remain unbound. (B) A representation of our
mathematical model showing targeted and untargeted NPs
diffusing into the tissue with diffusion coefficient D, where
the targeted NPs bind to and unbind from cell-surface bio-
markers with rate constants ka and kd, respectively. The
compartments in the reaction network are defined as
unbound targeted NPs, Ctu; bound targeted NPs, Ctb; and
untargeted NPs, Cuu. The total concentration of targeted
NPs is Ctar = Ctu + Ctb, while the concentration of untar-
geted NPs is Cuntar = Cuu. (C) Our kinetic model was run
using the implicit and unconditionally stable Crank-
Nicolson method and fit to the concentration curves
obtained experimentally with the micro-NMI method
(Figure 4) using a nonlinear least-squares algorithm (lsqnon-
lin in MATLAB). We note that this simple model of diffu-
sion and binding of topically stained NPs on fresh tissue,
while not a perfect fit to our experimental data, does predict
a binding-site barrier for tumor tissue. Improved fitting of
the model with our experimental data may potentially be
achieved by taking into account the nonspecific binding of
NPs to cell-surface receptors with a nonspecific binding
compartment for both targeted and untargeted NPs, as previ-
ously described in the literature [7]
APPENDIX S1. REFERENCES
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Abstract 

Scattering of visible and near-infrared light in biological tissue reduces spatial resolution for imaging of tissues 
thicker than 100 microns. In this study, an optical projection imaging system is presented and characterized that 
exploits the dead-time characteristics typical of photon counting modules based on single photon avalanche diodes 
(SPAD). With this system, it is possible to attenuate the detection of more scattered late-arriving photons, such that 
detection of less scattered early-arriving photons can be enhanced with increased light intensity, without being 
impeded by the maximum count rate of the SPADs. The system has the potential to provide transmittance based 
anatomical information or fluorescence based functional information (with slight modification in the 
instrumentation) of biological samples with improved resolution in the mesoscopic domain (0.1-2 cm). The system 
design, calibration, stability, and performance were evaluated using simulation and experimental phantom studies. 
The proposed system allows for the detection of very-rare early-photons at a higher frequency and with better 
signal-to-noise ratio. The experimental results demonstrated over a 3.4-fold improvement in the spatial resolution 
using early photon detection vs. conventional detection, and a 1000-fold improvement in imaging time using 
enhanced early detection vs. conventional early photon detection in a 4-mm thick phantom with a tissue-equivalent 
absorption coefficient of µa = 0.05 mm-1, and reduced scattering coefficient of µs’ = 5 mm-1.  

I. INTRODUCTION 

Analysis of human tissue biopsy specimens currently requires time-consuming and destructive histology 
procedures that often fail to provide a complete picture of the three-dimensional organization of the tissue1, 2.  This 
can be particularly problematic for cancer specimens where selective tissue sectioning may not represent the 
heterogeneity of the disease3, or in the case of lymph node assessment, where microscopic populations of cancer 
may be missed4, 5. As such, there are efforts to develop so-called mesoscopic imaging systems capable of providing 
high (< 1 mm) resolution in tissues up to about 1 cm in thickness (the typical size of a human lymph node or large 
biopsy)6. Optical projection tomography (OPT) is one of the promising modalities emerging in this field, where the 
transmission of excitation or fluorescence light—typically in the near-infrared spectral range, 600-1000 nm, where 
tissue absorption is relatively low7—is imaged at multiple projections around an object8. However, because the light 
scattering in tissue limits imaging resolution, most OPT applications require samples to be relatively transparent or 
optically cleared9, and even then, diameters should be no larger than a millimeter or two. 

To reduce the negative impact of scattering on image resolution in optical projection imaging, a number of 
approaches have been developed to either restrict highly scattered photons from reaching the detector (e.g., through 
time-gated detection of the earliest arriving photons10-13, angular restriction14, harmonic holography15, or beam-
shaping16), to account for scattering in image reconstruction models17, 18, or to employ phase contrast techniques that 
are less dependent on scattering19. This work details and evaluates an optical projection imaging system capable of 
OPT data collection that employs what we term “dead-time enhanced early-photon detection.” This allows the 
capture of very rare early photons, i.e. the ones that have taken the most direct path between the source and 
detector20, at a higher frequency and with better signal-to-noise ratio compared to other approaches.  

A. Time-domain and early photon detection 

The high probability of light scattering in tissue (approximately 10 scattering events per mm traveled by a 
photon)7 and the stochastic nature of scattering, mean that every detected photon may take a unique path through the 
tissue and the length of that path will vary from photon to photon. Time-domain detection systems measure the 
arrival times of photons from pulsed light sources providing data in the form of a temporal point spread function 
(TPSF, Fig 1a)21. While most detected photons undergo multiple scattering events in tissues greater than 1 mm in 
thickness, a small percentage will take a more direct route through the tissue with minimal scattering (Fig 1b). 
These are the early arriving photons, which, if collected in sufficient numbers, can be used exclusively to reconstruct 
higher resolution images than the ones reconstructed using mainly later-arriving photons11, 12, 22-25.  



  

 

Figure 1. Propagation of photons through a 
tissue. (a) An illustration depicts how a laser 
pulse broadens in the time-domain as it 
travels through a highly scattering medium 
such as biological tissue; temporal profiles of 
the light input and output are presented with 
respect to their normalized intensities. The 
red arrows indicate the path of a photon 
might take with minimal scatter, while most 
photons take a more circuitous path, an 
example of which is represented by the 
brown arrows. (b) The corresponding colors 
in the detected temporal point spread function 
represent the earlier arrival of the minimally 
scattered photons. 

 

For applications in diffuse biomedical optical imaging (light detection through scattering biological tissue), a 
number of approaches have been explored to isolate the early arriving photons. These have included time-gated 
detectors based on either intensifier11, 25 or second harmonic generation optical shutters10, 12, 13, streak cameras26, and 
time-correlated single photon counting (TCSPC)27-29. All methods have demonstrated improved spatial resolution 
over conventional diffuse optical imaging, achieving resolutions as low as 50 µm through a 2-mm thick tissue22. In 
general, time-gating approaches allow a higher frequency of early photon detection, as detectors are not 
overwhelmed by the more abundant later arriving photons and laser intensity can be increased up to tissue safety 
levels to achieve the desired early photon count rates. The downside to time-gated detection is that the arrival time 
of the early photons is dependent on sample thickness, which may vary over the volume of the sample, so use of a 
consistent gate for all data projections may fail to identify early photons at all locations. Streak camera and TCSPC 
approaches will always capture the earliest photons (since all arrival times are equally sampled); however, the 
majority of the dynamic range of these detectors will be occupied by the more abundant diffuse photons, therefore 
restricting the early photon detection rate. Recently, our group proposed a method capable of early-photon collection 
at high counting rates, without the ambiguity of gate placement, by carrying out TCSPC measurements with SPAD-
based photon counting modules and exploiting their unique dead-time characteristics 20. 

B. Principles of dead-time enhanced early photon detection  

Normally, for acquiring a TPSF, TCSPC is used. With these techniques, it is possible to reconstruct a fast pulse 
at temporal resolutions not possible with analog avalanche photodiodes (APDs)—owing to bandwidth and/or 
sensitivity limitations—by using single-photon detectors such as photomultipliers tubes (PMT) or single-photon 
avalanche diodes (SPAD). The TCSPC method is based on the precise time stamping of the arrival times of each 
single-photon impinging the detector, measured in respect to a triggering event (typically a synchronization signal 
generated by the pulsed laser used for the excitation). The counts are accumulated in a histogram that is “built up” 
by repeated pulsing of the laser and accumulation of single-photon counts until statistically sufficient number of 
events is acquired. As single photon counters typically do not have photon number resolving capabilities (i.e. the 
ability to count the number of photons arriving at the same time) and, like any TCSPC time sorter, are blind for a 
well-defined period following each triggering (dead-time). Typically, light pulse intensities arriving at the detector 
are attenuated such that the probability of having two or more photons reach the detector per pulse is low. In this 
way it is possible to obtain a system that measures the probability of detecting a photon at any arrival time, instead 
of the probability of detecting the first photon. This is normally obtained by making sure that the detector count rate 
is lower than 5% (or better, 1%) of the excitation laser repetition rate30.  

A TPSF is thus obtained, with the standard TCSPC method, by repeatedly measuring the transit times of 
photons travelling through the tissue, as the time difference between the light source sync signal and the single-
photon detection event. As many photons must be collected and time-stamped from many light pulses30, this 
technique is very lossy and time-consuming. However, for early photon imaging applications, there is no need to 
collect the later arriving photons. In fact, in this case, the information is in the early (first) photons to arrive at the 
detector and not in the late ones that can and should be discarded. If a late photon arrives during the dead-time 
caused by an earlier photon, neither will it contribute to the count rate of the detector, nor will it produce a dead-



time, which could mask any subsequent early photons from the following pulse. This allows a user to increase the 
light source intensity to any level to achieve the desired count rate of rare early photons at the expense of the far 
more abundant and diffuse late-arriving photons20. Indeed, TCSPC 5% (1%) limitation is no longer required. Of 
course, this dead-time masking is beneficial as long as the detector is not damaged by high photon illumination. We 
call this new time-domain technique: dead-time enhanced detection of rare early-photons. While the principle of 
enhancing the detection rate of early photons was demonstrated in a previous article20, this paper provides an in-
depth description and evaluation of an optical imaging system optimized for incorporation of enhanced early photon 
imaging. Specifically, it includes an optimization of the lens assembly, measurements of system stability, 
measurement of the instrument response function, demonstration of enhanced signal to background at high early 
photon count rates (up to 3 orders-of-magnitude improvement in the presented system), and a correction method for 
time shifting of temporal pulse spread functions, attributable to time-walk31, at high incidence rate. 
 
SYSTEM DESIGN 

A. Overview  

The enhanced early photon imaging system is illustrated schematically in Fig. 2a and a photograph is presented 
in Fig. 2b. In this prototype system, a 780-nm 12-mW femtosecond (< 90 fs FWHM) laser with a pulse rate of 10 
MHz (Mendocino, Calmar Laser, Palo Alto, CA) was used as a light source. The light emitted from the laser had a 
divergence of 0.4 mrad and a beam diameter of 1.5 mm. The illumination light was first directed through a laser 
cleanup 10-nm band-pass filter centered at 785 nm (ZET785/10x, Chroma Technology, Bellow Falls, VT) and then 
through a motorized filter wheel containing a range of neutral density filters (Thorlabs, Newton, NJ) to control the 
intensity of illumination at the surface of a sample. The light was then focused down to a sub-50-µm sized spot on 
the surface of the sample holder using a 75-mm focal length aspheric doublet lens (Thorlabs; see Section IIC). The 
sample holder consisted of a clear acrylic tank containing acrylic refractive index matching liquid (Cargille 
Laboratories, Cedar Grove, NJ) that allowed for free movement of a 1-cm diameter cylindrical acrylic tube used as a 
sample container, with minimal light distortion. This container was mounted onto a motorized stage assembly 
(Thorlabs) with 3 degrees-of-freedom (lateral, vertical, rotational) to allow for tomographic imaging in future. A 
pair of 100-mm focal length aspheric doublet lenses (Thorlabs) was positioned opposite to the illumination 
component of the system (i.e., at the back of the samples holder), to collect light from a 50-µm diameter region on 
the back of the sample holder and focus it onto a SPAD (50 µm active area diameter PDM, Micro Photon Devices, 
Italy). The laser driver and SPAD were connected to a time-correlated single photon counting (TCSPC) module 
(HydraHarp, PicoQuant, Berlin, Germany), which was designed to time stamp every detected photon with respect to 
the nearest sync signal coming from the laser driver. Our system dead-time was 77ns. The TCSPC module, filter 
wheel, and motorized stage assembly were all connected to a PC and controlled using in-house software developed 
in MATLAB (Mathworks, Natick, MA). An in-depth discussion on the selection of each component of the system is 
described below.  



 
Figure 2. Enhanced early photon projection imaging system. (a) Illustrated schematic of the system.; (b) Top view and side view 
photograph of the system is presented, with a zoom on the sample holder, which was designed to allow tomographic images of a 
sample. 

B. Laser repetition rate 

In order to select the best laser repetition rate for the experiment, detector (SPAD) and TCSPC instrumentation 
(HydraHarp, PicoQuant), dead-time must be taken into account. As previously discussed, the dead-time for a single 
photon counter is the time following each avalanche triggering during which the sensor is unable to detect a 
subsequent photon32, while for a TCSPC instrumentation, it is the time needed by the internal electronics to be able 
to record another start-stop time difference following a previous measurement. As the HydraHarp and the SPAD 
have about the same dead-time (77 ns for the PDM, < 80 ns for the HydraHarp), for simplicity, the dead-time was 
assumed to be attributable only to the detector. It follows that any photon impinging the detector during the dead-
time is completely discarded (Fig. 3a). Fig. 3b demonstrates the probability of photon detection as a function of 
time supposing the ideal detector (100% sensitivity), apart from during the dead-time, and that the laser power is 
high enough so that many photons per pulse impinge the detector. In this way, the early photons trigger the SPAD 
immediately as they arrive at the detector thus masking any subsequent photon of the same pulse. As a consequence, 
the overall photon detection probability quickly decreases in time after the earliest possible photon arrival time 
(dashed perpendicular line). The higher the number of photons per pulse, the stronger the masking and the faster the 
decrease in probability of later photon detection. In Fig. 3b, 2.35x109 photons per pulse arriving at the SPAD were 
simulated. Fig. 3b demonstrates what happens when the laser pulse repetition rate is changed from 10 to 40 MHz, 
without changing the laser pulse energy. If the laser repetition rate is high enough so that a laser pulse can arrive 
during a dead time generated by a previous laser pulse, the overall detection efficiency is reduced. For example, by 
using a laser with a period of 50 ns (20 MHz repetition rate) and assuming a high number of photons per pulse 
impinging a SPAD with a dead-time of 77 ns, 50% of the laser pulses on average can fall in the dead time of 
previous pulse thus accordingly reducing the detection probability. Finally, the TPSFs, Q(t), were simulated using a 
Green’s function—denoted G(t)—solution to the diffusion approximation of the radiative transfer equation 
(assuming an instantaneous source pulse)33, convolved with an instrument response function, IRF(t): 
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where, I0 is the number of photons reaching the surface of the sample in one pulse, NA is the solid angle of light 
collection at the detector, A is the area of the detector (50-µm diameter, circular), η is the quantum efficiency of the 



detector at the wavelength of light employed (0.15), v is the speed of light in the medium, l is the thickness of the 
tissue, D represents the diffusion coefficient (D = [3(µa  +  µs’)]-1), with µa  and  µs’ representing the absorption and 
reduced scattering coefficients, respectively, and the * symbol represents the convolution operator. The IRF(t) was 
measured directly using the system (see Fig. 6).  An example of an expected TPSF, in the absence of dead-time 
effects, is shown in Fig. 3c (green dashed curve), with the number of photons corresponding to 6 mW of laser power 
for 10 MHz laser pulse frequency, and for a tissue of thickness of 4 mm, having optical properties of µa = 0.02 mm-1 

and  µs’ = 5 mm-1: typical of biological tissue7.  
To evaluate the effect of dead-time on high power applications with TCSPC, Qi was defined as the discrete 

form of Q(t): specifically, Qi = Q(iΔt), where Δt is the size of the time intervals used to “bin” photon counts by the 
TCSPC module in creating the numerical TPSF, and i = 1, 2, 3, …, (FΔt)-1—where F is the laser pulse rate. With 
conventional use of TCSPC (count rates < 5% of the laser pulse rate), the number of photons detected in a given bin 
(qi) is identical to Qi. However, dead-time will reduce the number of detected photons with variability in the 
reduction effect amongst bins depending on the laser frequency and duration of the dead-time. Similar effects have 
been modeled previously.32 Here, a modified version of this model is presented that includes the possibility of the 
dead-time extending over more than one pulse period (dead-time > laser pulse period). The relationship can be 
defined as: 
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where, FQi is the number of photons in 1 s of acquisition time, M is the number of time bins between laser pulses 
(equivalent to the pulse period divided by the time bin) and mod(j, M) performs the modulo operation (generating 
the remainder when j is divided by M). Each time bin was set to 4 ps to match the time binning of the TCSPC 
system used in this study, and the dead-time, τ, represented the dead-time in number of time bins (the dead-time of 
the system used in this study was approximately 77 ns, thus τ was set to 77 ns/4 ps = 19250 bins). 

 

Figure 3. Effects of system dead-time on the probability of photon detection. (a) A schematic depiction of photon rejection when 
dead-time is triggered for different laser pulse-rates, assuming a dead-time of 77 ns. The red arrow depicts a laser pulse (~90 fs 
FWHM) while the blue arrows depict arrivals of single photons at the detector. All photons arriving within the dead-time of the 
detector (striped region), will not be detected. Upon reset, the detector will detect the first subsequent photon.; (b) A simulation 
study demonstrating a comparison of the probabilities of photon arrival time detection for time-correlated single photon counting 
procedures of different laser frequencies. Power of light per pulse incident on the detector was maintained for all the frequencies. 
The probability of detecting photons in each 4 ps bin for a photon arrival rate far exceeding the laser pulse rate for 10, 20, and 40 
MHz light sources are shown in orange, yellow, and purple, respectively. The x-axis is arrival time of photons. Note, the range of 



the time is arbitrary as it is a difference between arrival time of laser and detector signals. The vertical dashed line represents the 
arrival time of the first photons coming from the laser. (c) The distribution of arrival of photons detected at the detector during 
one pulse is presented. The theoretical arrival time distribution of photons per pulse at the detector is shown by the green dashed 
line, Qi.  A 4 ps time-binning of photon arrival times was used for the experiment. 
 

The average qi, , was calculated by iterating Eq. 2 until the normalized error in  between k and k+1th 
iteration was less than 0.1% relative to value of kth iteration, with initial assumption that . The likelihood 
of detecting a photon at a particular time bin can then be estimated by: 

  . (3) 

When the time between photons arriving at the detector was greater than the dead-time, pi was independent of 
laser pulse rate, and the earliest arriving photons retained a probability of detection of 1, despite lowered probability 
of detecting later-arriving photons (left of the black dashed curve in Fig. 3b and 3c). Note: all pulse rates with 
periods greater than the dead-time of the system will provide identical results to the 10 MHz data presented in Fig. 
3b and 3c, and were therefore not shown. This is critical for using early photons for image reconstruction, since 
measured signal should be proportional to (linear with) the signal intensity reaching the detector. However, for 
lasers with pulse periods shorter than the dead-time (20, 40 MHz), the probability of early photon detection was 
reduced, thereby also attenuating detection of early arriving photons in addition to the later photons (bottom of Fig. 
3a). This would cause increase heat load on tissue being imaged without providing benefit in early photon detection. 
Therefore 10 MHz was selected as the optimal frequency in the current system to maintain optimal detection 
efficiency of early photons.  
 

C. Laser focusing lens selection 

A 75 mm focal length lens was used to focus the laser beam to a waist (FWHM of width) of less than 50 µm in 
diameter for a 5 mm wide range at the surface of the sample to ensure limited variability in spot size for small in-
homogeneities in the structure of the sample surface, or small system misalignments. This was optimized using a 
free space Gaussian beam propagation law for each optical element, curved interface, and propagation distance, 
defined by a transfer matrix (also commonly termed as the ABCD matrix34).  

The calculations for various focal length lenses are shown in Fig. 4a. One can observe that as long as the focal 
length of the focusing lens is shorter than 130 mm, the FWHM of the beam, at the focal distance, is smaller than 50 
µm. We also calculated the distance around the focal spot for which the FWHM of the beam was < 50 µm (assuming 
the beam traverses through air) for various theoretical focal length lenses as well as for some commercially available 
lenses (Fig. 4b). Here, one can observe that lenses with focal lengths between 50-120 mm satisfy the criterion of 
producing a spatial range of greater than 5 mm about the focal spot for which the FWHMbeam is < 50 µm. 

 
Figure 4. Selection of the laser-focusing lens. (a) The full width at half maximum (FWHM) of the Gaussian beam profile with 
respect to changing length of focal distance. (b) As the focal length of lens changes the distance for which the FWHM of the 
beam is below 50 µm varies peaking in the range of 75-100 mm.; (c) The sensitivity at detector is shown with respect to changing 
focal length of the lens and a highly sensitive lens (75 mm) is used for our purpose with a moderately large FWHM as shown by 
the blue dot. 

To facilitate system alignment and instrument response function measurement a metric for the alignment 
sensitivity was developed to ensure that the beam waist at the detector, in the absence of an imaging subject, should 
be such that a slight change in the position of a perfectly centered beam results in a significant change in the 
measured power at the detector.  
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Therefore alignment sensitivity was defined as: 

 , (4) 

where Δ denotes the displacement of the detector (for example 10 µm), which is limited by the translation stage on 
which it was placed, the  is the Gaussian function representing the beam profile, represents 
the beam waist at the detector, and Da is the detector area (50-by-50 µm). The sensitivity study showed that the 
lenses between 50 mm and 130 mm provide the highest sensitivity (see Fig. 4c). 

Here we finally selected a 75 mm focal length lens as optimal however a 100 mm lens would be an equally good 
choice. At full power, the current system focuses a 6 mW beam down to a 50 µm spot size at the surface of the 
sample, yielding 0.03 mJ cm-2 per pulse, about 3 orders-of-magnitude below the ANSI safety limit for skin for a 
single pulsed near-infrared laser 30 mJ cm-2. Repeated pulsing used in the described system could amplify effects; 
however, it should be noted that a similar setup with 9 orders-of-magnitude higher light power density demonstrated 
no change on cellular reproduction of exposed living hamster embryos over 24 h of exposure35. 

D. Optical elements before the detector  

A bi-telecentric lens design was chosen such that the area of the detector (Section IIE) would match the area of 
light detection on the surface of the sample. This can be done with any two equal-focal length lenses that are 
arranged such that the distance between them is double the focal length, the location of the back surface of the 
sample is positioned at the focal length of the first lens, and the position of the detector is placed at the focal length 
of the second lens (Fig. 5a). In this work, two 100-mm focal length lenses were selected, as this allowed some 
constriction of photon acceptance angle (longer focal length lenses have smaller numerical aperture, which can 
also improve rejection of scattered photons14), without making the system overly large. Further improvements in 
detection optics and the trade-off between photon collection rate and angular constriction of detected photons will be 
investigated in future work. 

 
Figure 5. Selection of the lenses on the detection side. (a) The Gaussian beam profile (red = FWHM, green = 95% of the beam; 
magenta = 99% of the beam) is shown as it passes through different elements in its path (assuming no diffusive medium is placed 
at the sample position). (b) The same Gaussian profile as shown in (a) varies depending on the focal length of the lenses used at 
the detection side as observed in—shown here in FWHM . 

E. Detector and TCSPC module 

Single photon avalanche photodiodes (SPADs) and photomultiplier tubes (PMTs) are two commonly used 
detectors for single photon detection, a detection scheme that is necessary for time-correlated single photon counting 
(TCSPC) in time-domain optical systems. A SPAD (PDM Series, Micro Photon Devices, Bolzano, Italy) was 
selected as the detector in the current system for a two reasons: 1) SPADs typically have much better temporal 
resolution (lower jitter) compared to conventional PMTs36; 2) SPADs are much more robust than PMTs and can be 
exposed to high incident light power without damage28.  

PDM modules generate electrical output pulses, according to the NIM standard, with 20 ns pulse-width. Their 
falling edge very precisely marks photon arrival times and thus was fed to the TCSPC module (HydraHarp, 
PicoQuant) in order to measure the arrival time of each detected photon with respect to the laser pulse. A system 
instrument response function (IRF), i.e. the convolution of the detector’s and the TCSPC instrumentation’s IRFs 
with the laser pulse shape, was determined experimentally to have a FWHM of ~35 ps (Fig. 6a). The SPAD used in 
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this research also had a dead-time of approximately 77 ns, immediately following each detected photon, which was 
“non-extendable”: any incident photon onto the detector during the dead-time, does not extend the duration of the 
dead-time. This characteristic is critical for the method of enhanced early photon detection used in the described 
system (Section IB). The TCSPC module can be run in either time tagging-mode, where the time stamp of each 
photon with respect to the corresponding laser pulse and the clock time is recorded independently for each event, or 
in a histogram mode, where photons are binned into desired number of bins (smallest being 1 ps) for a desired length 
of time. For example 200 ms exposure would include photon detection from 2 million laser pulses using a 10 MHz 
laser all binned into a single histogram of arrival times. In this study, the TCSPC module was run in histogram 
mode. 

F. System control and data acquisition. 

In-house software written in MATLAB 2015a (Mathworks, Natick, MA) installed on a single CPU (Inspiron 
3847 with 4th generation Intel® Core™ i5-4460 processor) was used to control the system. The software controlled 
all shutters, stages, and the TCSPC module for data acquisition. Specifically, the motorized stages and laser shutter 
were controlled through ActiveX Controls (Thorlabs) incorporated into the MATLAB environment and the TCSPC 
module was controlled using MATLAB functions provided by the manufacturer (PicoQuant) in their HHlib library. 

A typical experiment requires system stabilization, which is obtained by powering on the system at least 25 
minutes before any measurement (Section IIID). After stabilization, the instrument response function (IRF) of the 
system is measured (Section IIIA), followed by the positioning of the sample in the sample holder. The user is then 
able to define the area and the spatial pattern for projection data collection, the acquisition duration for each 
projection, and the laser intensity. All data is then acquired automatically. During the data collection, the motion 
stages are moving continually and the data collection, at each pixel, is synchronized with stage movement. Each 
acquired TPSF histogram is saved to a computer hard-drive. The in-house program allows visualization of the 
acquired data in a form of an image where the display is updated after each line-scan is performed. This helps the 
users to ensure positioning of the sample remains rigid throughout the scan. After the full acquisition is complete the 
shutter automatically shuts the laser light off using the laser’s interlock system. 

II. SYSTEM CHARACTERIZATION 

A.  Instrument response function (IRF) of system.  

The IRF of the system was defined as the measured TPSF of the laser; i.e., the TPSF measured by the system 
without any sample in the holder (Fig. 2). To avoid potential laser shape differences at different laser operating 
powers, all measurements in this study were made with the laser running at 95% of full power, while adjusting 
tunable neutral density (ND) filters, in front of the laser, to control the power incident on the sample. Using this 
approach for controlling laser power, the IRF of the system was measured over 4 orders-of-magnitude, with the 
lowest power at a level such that the detector’s counting rate was just below the 5% of pulse rate, as required by the 
TCPSC technique. In all cases, the laser repetition rate was at 10 MHz and the acquisition time was set to 200 ms. 
The estimated power of the laser hitting the detector in each case was 3.2 µW, 7.6 µW, 69.7 µW, 799 µW, and 8.4 
mW, respectively. The full measured IRF of the lowest laser power is presented in Fig. 6a. There was a significant 
time shift in the IRFs toward earlier time bins for the higher laser power conditions (Fig. 6b). This shift was in 
accordance with the fact that at high counting rates there is both a statistical distortion of the IRF due to the higher 
probability in detecting earlier photons respect to the late ones (as described above), but also with a typical effect 
related to the SPAD’s internal physical mechanism exploited to detect single photons. The latter, typically observed 
in satellite tracking experiments, is referred to as “time walk”31. Indeed, the time delay between photon absorption 
and the avalanche current build-up (considering a fixed threshold) depends on the number of incident photons: as 
more photons are absorbed, the faster the avalanche build-up is and the shorter the time delay (time walk delay). As 
demonstrated in the subsequent section, the shift can be empirically accounted for, and can also be accounted for in 
future using hardware advances31. The shift was quantified by fitting a 3rd order polynomial to the rising edge of the 
normalized IRFs and finding the histogram time associated with a count of 5 photons. The shifts were 0 ps, -7 ps, -
25 ps, -44 ps, and -90 ps, respectively, compared to the lowest laser power IRF.  



 
Fig 6. Instrument response function (IRF) of the system. (a) The IRF when the detector is not saturated. FWHM of the IRF is 35 
ps. 1 ps time binning resolution of HydraHarp was used for the experiment. (b) The time shift (“time walk”) observed in the IRFs 
with increasing laser power 

B. Linearity of early photon signal as a function of laser power. 

In order to test the linearity of early photon detection rates at high laser powers—i.e. with detector counting 
rates much higher than 5% of the laser repetition rate—equivalent light energy scenarios were compared: (1) one 
with the system at high laser power (e.g., 10 mW) and short exposure time (e.g., 200 ms, for a total light energy 
delivered at the sample surface of 2 mJ), and (2) one at low laser power (e.g., 0.01 mW so that standard  TCSPC 
conditions were met) and long exposure time (e.g., 200 s, also for the total energy of 2 mJ). Henceforth similar 
comparisons will be referred to as energy-matched saturation and conventional modes, respectively. Experimentally, 
a 2-mm-thick 1.7 cm x 2 cm rectangular tissue-mimicking optical phantom (see Section IIIE for details) having 
absorption and reduced scattering coefficients of 0.05 mm-1 and 5 mm-1, respectively, was placed in the system at 
the location of the sample holder (Fig. 2a) and a 70/30 beam-splitter (BS) was placed after the first lens on the 
detection side to split the transmitted beam onto 2 separate SPAD detectors connected to the TCSPC unit. The first 
detector, accepting 70% of the light, was used to measure the TPSF of the transmitted light; while light from the 
30% beam was attenuated with characterized ND filters such that the count rate never exceeded the 5% TCSPC 
typical limit. The total photon counts, corrected for the absorption of the ND filter and beam splitter, in the second 
detector were used to estimate the energy of light deposited on the first detector by the following relationship (note: 
total photon counts on the first detector cannot be used to correctly measure the incident light power due to dead-
time effects in case of high photon fluxes): 

 , (5) 

where 0.7 and ND are the beamsplitter and neutral density filter attenuation, N is the number of photons detected, h 
is  Planck’s constant, c is the speed of light, and λ is the wavelength of light used. From an initial detector’s incident 
laser power of 0.01 mW, either (1) acquisition time was varied over 4 orders-of-magnitude (0.2 s, 2 s, 20 s, 200 s) 
with 0.01mW laser power (conventional mode); or (2). laser power was adjusted with tunable neutral density filters 
over 4 orders-of-magnitude higher (0.01, 0.1, 1, and 10 mW) with 0.2 s acquisition time (saturated mode). 

As expected, at higher laser powers, significant shifts in TPSFs in the saturated mode data were observed with 
higher energy incidence at the detector tending to shift the TPSFs to earlier time bins (Fig. 7a, solid data). To correct 
for these shifts, the timing of each TPSF was referenced to a power-at-detector matched IRF (Fig. 7a, dashed data). 
More specifically, the TPSFs were simply shifted forward in time by the magnitude of the time difference between 
the power-matched IRF and the IRF in conventional mode, described in Section IIIA (Fig. 7b). The number of early 
photons detected for each energy level was calculated within a given time window defined by 40 bins preceding the 
time at which the conventional IRF reached 0.7% of the max count rate on the rising slope (Fig. 7a, vertical dashed 
lines). Without correcting for the TPSF time-shifts at higher laser powers, the number of early photons will be 
grossly overestimated because the TPSF shifted so far as to position the window onto the falling edge of the TPSF 
(see Fig. 7 a and d). In contrast using TPSF time-shifts correction the number of early photons calculated at the 
highest power is in line with the power-scaled number of photons measured in conventional approach. Finally by 
employing the time-shift correction described before calculating the number of early photons in the saturation mode 
TPSFs (Fig. 7c displays an example shifted saturation mode TPSF with energy-matched conventional mode TPSF), 
a strong correlation between energy-matched early photons from saturation mode and conventional mode TPSFs 
was observed (Fig. 7d; r = 0.99, p < 0.01).  
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C. Afterpulsing in saturated and conventional modes 

Afterpulsing is a phenomenon of many single photon counting detectors (PMT, SPAD). In the case of SPAD 
detectors it is attributable to the fact that, during an avalanche current pulse, some avalanche carriers can be trapped 
inside the junction at deep levels and subsequently released with a statistical delay that normally follows an 
exponential distribution. If these trapped carriers are released after the end of the SPAD’s dead-time, they can 
trigger an avalanche that is correlated with the previous one: the afterpulse. For the SPADs used in the presented 
system, the decay time-constants of trapped charges, are in the range of microseconds and thus this phenomenon is 
slow compared to the dynamics of the TPSF37. Furthermore, with a laser repetition rate of 10 MHz, TCSPC 
acquisitions are repeated every 100 ns and the afterpulsing decay curve, which would start immediately after the end 
of the dead time, is thus acquired folded many times over the 100 ns observation window. As a consequence, 
considering the 77 ns dead-time, the 100 ns observation window and the typical experimental start-stop difference, 
afterpulsing can be very well approximated as a bias offset in the measured TPSFs with a very small peak far away 
from the TPSF. It follows that the mean of such folding can be subtracted from the data by calculating the 
“background” signal in a region of the TPSF where no laser pulse is expected to exist. Note, background can be a 
mixture of dark counting rate (DCR) and afterpulsing; however, dark counts were so rare that the background signal 
in our experiments were dominated by afterpulsing. The region for background subtraction should be selected close 
to the initiating of the detected TPSF incase the afterpulsing is not exactly a flat bias. 

 
 

Fig 7. Linearity of early photon detection rate and increase in signal-to-background ratio (SBR) using dead-time enhanced early 
photon detection. (a) Temporal shift observed in both temporal point spread functions (TPSFs) - bold curves, as energy is 
delivered to a 2-mm-thick tissue-mimicking optical phantom (μa =0.05 mm-1, μs’ = 5 mm-1) and the corresponding instrument 
response functions (IRF) - dotted curves, as power increases. The TPSFs are collected with saturated detector at higher incident 
energy. The dark blue dashed lines illustrate the range where early photons were collected.; (b) Time-shift corrected TPSFs; (c)  
Example TPSFs for conventional and shift-corrected saturated mode. Both curves correspond to 1.6x10-4 J energy delivered to 
phantom. The black data corresponds to non-saturating power of 0.01mW over 20 s of acquisition and the red data corresponds to 
deadtime inducing power of 1mW over 0.2 s of acquisition.; (d) Number of early photon counts detected (mean ± 2*standard 
deviation) as a function of light energy delivered to the sample before and after shift correction is performed.; (e) The number of 
background (or afterpulsed) photons detected within an equivalent range to the early photon window for the same dataset 
presented in (d). A linear fit is provided to the conventional mode data (blue dashed line).; (f) SBR, given by number of early to 
number of background photons normalized to the lowest power/shortest acquisition time for the dataset presented in (d) and (e) . 
(b-f) Black data (SBR~1) corresponds to non-saturating laser power (~10 µW) for a range of exposure times (0.2 – 200 s) to 



modify energy delivered and red data corresponds to deadtime inducing laser powers (~10 µW – 10 mW) for an exposure time of 
0.2 s. 

 
The number of afterpulsing events is proportional to the total count rate. Therefore, in the conventional mode 

experiments described in Section IIIB, the number of afterpulsing events increased linearly with the laser energy 
delivered to the sample (Fig. 7e). However, in the saturated mode experiments, the number of detected afterpulsing 
events saturated at higher laser energies (Fig. 7e). This saturation was expected, matching the saturation of the total 
number of detected events, since, at the highest laser powers20, photon incidence rates far exceeded maximum 
detector counting rates (1.3x107 photons/s). Furthermore, the fact that the background signal saturated with counting 
rates saturation, is a further validation that this background is dominated by the folded afterpulsing. 

Since the number of early photons remains linear with laser energy incident on the sample in the saturated 
mode, while the background (afterpulsing) is proportional to total number of detected photons which cannot exceed 
1.3x107 photons/s, the saturated mode offers significant enhancements in terms of signal-to-background ratio of the 
early photons (Fig. 7f). At the highest laser power in this system, the improvement in early photon to background 
signal ratio was 74 ± 3 times greater in the saturated mode compared to the conventional mode for matched laser 
energies. This is independent of the significant improvements in acquisition time achievable by the saturated mode 
detection. The acquisition time of the conventional mode experiment needed to be 1000 times longer than the 
saturated mode experiment to detect the same number of early photons. 

 

D. Stability of system.  

To evaluate the “warm-up” time of the system, the system was turned off for 24 h. It was then turned on and the 
IRF was monitored in 1 s acquisitions every 5 s for 150 min at a count rate below the 5% laser repetition rate 
(conventional mode). Mean photon arrival time, full widths at half maximum (FWHM), and maximum intensity of 
the IRF are plotted over time in Fig. 8a-c, respectively. All parameters reached a stable threshold by 25 min with 
mean values of 2.1 ns, 0.04 ns and 1.1e4 ± 328. The drift in the IRF at early time points was found to arise from the 
detection system and not the laser. This was observed by keeping the detection system on, while turning off the laser 
in 2 different ways, either by switching off power to the driver, or through the turn key operation. After 12 hours the 
laser was turned back on by reversing whatever procedure was used to turn it off, and the IRF was measured as 
before. No appreciable drift in the IRF was observed, even at the earliest time points, and the stability of the IRF 
matched that observed in the first stability experiment (mean 2.11 ns, 0.04 ns and 9.98e4 ± 276). To summarize, it 
was observed that the laser does not take much time to stabilize while the TCSPC is safe to use after 25 minutes of 
start-up only.  

 
Fig 8. Stability of the system. The stability of the system is considered when just the TCSPC module is switched on alone (a-c) 
and also when the laser was switched on keeping the detection module on (d-f). Mean arrival time (a, d), FWHM (b, e) and peak 
intensity of  the beam (c, f)  is measured for the first few minutes after the system is switched on till the system gets to a stable 
state. The laser driver has both a switch and a key, while the switch turns the entire laser driver up, the key is used to turn the 
laser beam on. The experiment was performed at 4 ps temporal binning resolution. 

E. Phantom experiment 

A phantom with tissue-mimicking optical properties was made with a defined absorption pattern to test spatial 
resolution improvements with the presented enhanced early photon imaging system. The phantom was composed of 



a USAF pattern that was printed on transparent projection paper and the paper was sandwiched between two 2-mm 
thick sheets (5 cm diameter circular sheets cast in a plastic petri dish) of light scattering medium in a molding 
process. The base material for the scattering medium was a clear polyester casting resin (Castin Craft™, 
Environmental Technology Inc, Fields Landing, CA) that was mixed with titanium dioxide (DuPont™ Ti-PureⓇ, 
DuPont Titanium Technologies, Wilmington, DE) as a scatterer. 6 mg of TiO2 were added per 1 mL of resin to 
achieve a reduced scattering coefficient of 5 mm-1, and 10 µL of ethanol 1 per mL of resin were added to distribute 
the particles per layer.7 Next, 5 drops of catalyst (Castin Craft™, Environmental Technology Inc, Fields Landing, 
CA) were added and the mixture was stirred for 1 min before being poured into the petri dish. The 2-mm thick layer 
was cured for an hour before placing the absorptive USAF pattern and adding the next layer. Once the final layer, 
which was also 2-mm thick, was added, the phantom was kept at room temperature for at least 24 h, to fully cure, 
before being imaged.  

The phantom was imaged in two ways: with the optical projection imaging system by raster scanning TPSFs (at 
1 ps histogram binning by the TCSPC) at 50-µm intervals over a field of view of 1.5 cm x 1.5 cm (1) at a laser 
power of 6 µW (conventional mode for all projections) and for 100 ms acquisitions per pixel, and (2) at a laser 
power of at 6 mW (saturated mode) and for a 0.1 ms acquisition at each pixel. The saturated case, with 3 orders-of-
magnitude higher laser power and 3 orders-of-magnitude shorter acquisition was selected to match the early photon 
count rates of the conventional case. Three images were then constructed for comparison. (1) A conventional optical 
projection image (Fig. 9a), which was created by mapping the sum of the TPSFs at each projection. (2) A 
conventional early photon image (Fig. 9b), created by summing a 50-ps early time window of all conventional data 
TPSFs (as identified by the first 50 1-ps bins after the first non-background time-bin of the instrument response 
function). (3) A saturated early photon image (Fig. 9c), created by summing TPSFs of the high power, short 
acquisition time data over the same time window as in the conventional early photon image case. Contrast and 
contrast-to-noise ratio (CNR), as defined by Eq. (6), in the regions defined in Fig. 9 (proximal to the 600-µm spaced 
vertical bars) were calculated for each case. To quantitatively evaluate images we used contrast and contrast-to-
noise ratio (CNR), defined as: 

 contrast =
SW − SB
SW + SB

, CNR =
SW − SB
σW
2 +σ B

2
,  (6) 

where SW and SB are the maximum of the signals measured in the non-absorbing (white) and absorbing (black) 
region-of-interest (ROI) as defined in Fig. 9 (proximal to 800 µm spaced vertical bars); σW and σB are the standard 
deviation of the measured signals within ROI. The contrast values for the conventional, conventional early photon, 
and saturated early photon images were calculated as 0.21, 0.68, and 0.69, respectively, for an improvement of at 
least 3.4-fold using early photon detection over conventional mode detection. The calculated CNR values of the 
conventional, conventional early photon and saturated early photon images were: 3.35, 3.65, and 4.46, respectively. 
A small improvement in CNR of the saturated case resulted from the reduced detection rate of background 
afterpulsing photons in the saturated photons as demonstrated in Fig. 7. 

 

 
 



Fig 9. USAF pattern imaging. (a) Conventional optical imaging in trans-illumination mode (conventional time-integrated), which 
in this case is the time-integrated light intensity at every location in the image (6 µW laser power, 100 ms acquisition per 
position); (b) conventional early photon image (the first 50 ps of the temporal point spread functions from the data presented in 
(a) were integrated); and (c) saturation early photon image (high power early photon; the first 50 ps of temporal point spread 
function of data collected at 6 mW laser power, 0.1 ms acquisition per position were integrated). (i) Demonstrates the images of 
these data binning patterns and (ii) displays vertical mean intensity values obtained from the rectangular marked regions in (i).  
 

III. CONCLUSION 

This paper discusses the challenges during the construction and testing of an enhanced early photon projection 
system. A 3.4-fold improvement in spatial resolution was demonstrated by employing early photon detection over 
conventional optical projection imaging. Moreover, with a relatively modest power femtosecond pulsed laser (12 
mW), early photon detection rates were 3 orders of magnitude greater than that achievable for detection in 
conventional mode (reducing needed acquisition time 1000-fold), and signal-to-background improvements of over 
70-times were observed. Future work will further advance enhanced early photon detection by including the addition 
of angular domain constriction on detected photon (for further restriction of late photon detection)14, adding a more 
powerful laser, and adapting the system to 3D tomography applications in fluorescence and tissue samples. 
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Abstract. Paired-agent kinetic modeling protocols provide one means of estimating cancer cell-surface recep-
tors with in vivo molecular imaging. The protocols employ the coadministration of a control imaging agent with
one or more targeted imaging agent to account for the nonspecific uptake and retention of the targeted agent.
These methods require the targeted and control agent data be converted to equivalent units of concentration,
typically requiring specialized equipment and calibration, and/or complex algorithms that raise the barrier to
adoption. This work evaluates a kinetic model capable of correcting for targeted and control agent signal
differences. This approach was compared with an existing simplified paired-agent model (SPAM), and modified
SPAM that accounts for signal differences by early time point normalization of targeted and control signals
(SPAMPN). The scaling factor model (SPAMSF) outperformed both SPAM and SPAMPN in terms of accuracy
and precision when the scale differences between targeted and imaging agent signals (α) were not equal to
1, and it matched the performance of SPAM for α ¼ 1. This model could have wide-reaching implications
for quantitative cancer receptor imaging using any imaging modalities, or combinations of imaging modalities,
capable of concurrent detection of at least two distinct imaging agents (e.g., SPECT, optical, and PET/MR).©2018
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1 Introduction
The development of more quantitative methods to noninvasively
measure drug-targetable biomolecules in cancerous tissues could
significantly assist the advancement of precision medicine.1

Overexpressed cancer cell surface receptors serve as strong prog-
nostic biomarkers in a spectrum of solid tumors. Accordingly,
targeting cell surface receptors has become a major focus for
molecular imaging and therapy.2 Targeted imaging agents can
detect the overexpressed receptors on the surface of cancer cells
dynamically through noninvasive imaging techniques at least
qualitatively.3 Applying quantitative analyses to the qualitative
imaging data would potentially establish a standard identification
tool to select the targeted drug for individual patients. For exam-
ple, epidermal growth factor receptor (EGFR), a receptor that is
overexpressed on the surface of many cancerous cell types,
controls cellular proliferation by its tyrosine kinase signalling
pathways.4 As a result, quantifying the concentration of available
EGFR receptors could assist in guiding the use of therapies
capable of targeting these pathways.5 Recently, paired-agent im-
aging techniques have been demonstrated to be able to quantify
cancer cell surface receptors in vivo.6,7 In these methods, an
untargeted “control” imaging agent with chemical characteristics
similar to the targeted agent is coadministered with the targeted
imaging agent. The signal of the control agent can then be
used to account for the effects of hemodynamics and nonspecific
uptake and retention on the targeted imaging agent signal,

allowing the binding kinetics to be isolated.8 To image both
the targeted and control agent signals concurrently in optical
imaging applications, the two agents are typically labeled with
different fluorophores that have distinguishable excitation and
emission peak wavelengths, allowing for signal discrimination
based on relatively straightforward filtering. Therefore, to convert
the fluorescence signal intensities to their respective imaging
agent concentrations in tissue, different correction factors (repre-
sented as ηT and ηC for the targeted and control imaging agents,
respectively) must be considered for each imaging agent.

The correction factor differences are affected by a number of
parameters: including the power of the light source at the respec-
tive excitation wavelengths, the sensitivity of the detector(s) at
the respective emission wavelengths, the quantum efficiencies
of the respective fluorophores used, and the differences in tissue
optical properties at the respective excitation/emission wave-
lengths. Although light source, detection efficiency, and quan-
tum efficiency effects can be accounted for by imaging a
calibration standard/solution of known fluorophore concentra-
tions with the system employed, accounting for optical property
effects is more complicated. Tissue optical properties in the
near-infrared are dominated by blood volume and oxygenation,
and photon scatter, factors that can be spatially heterogeneous,
particularly in cancerous tissues or around cancer margins,
owing to the abnormal effects cancers have on angiogenesis
and vasculogenesis.9 In previous work, a pixel-by-pixel nor-
malization was developed to account for differences in the
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correction factors.10 This method assumed that the control and
the targeted signals should be equal to each other in all locations
at a very early time point after injection (<2 min), as preferential
retention of the targeted agent in regions overexpressing the tar-
geted biomolecule would not be evident until the washout phase.
One of the problems with pixel-by-pixel normalization is that it
is highly dependent on the time of normalization after admin-
istration of the imaging agents, as demonstrated in this work,
and it also assumes that the more dynamic first pass kinetics
of the targeted and control agents are equivalent.

In this study, we present a kinetic model we have named the
“linearized scaling factor simplified paired-agent model”
(SPAMSF) in reference to its similarity to the simplified refer-
ence tissue model, SRTM,11 and specifically the linearized
version of the model,12 widely used in positron emission tomog-
raphy (PET) studies. One key difference of all paired-agent
applications is the replacements of the reference tissue input
with the colocalized reference (control) imaging agent signal
input. This is typically employed predominantly for cancer
imaging owing to the difficulty in selecting suitable reference
tissues for cancer.13 Existing paired-agent kinetic modeling
methods based on SRTM require the targeted and control imag-
ing agent signals as a function of time to estimate three param-
eters: R1, the ratio of extravasation rate constants for the targeted
and control agents (K1;T∕K1;C); k2;T , the tissue-to-blood efflux
rate constant of the targeted agent; and BP, the “nondisplace-
able” binding potential, a parameter that is proportional to
the product of the targeted imaging agent affinity and the con-
centration of the targeted biomolecule.14 However, in SPAMSF,
it is assumed that R1 ¼ 1, and instead the ratio of α ¼ ηT∕ηC is
incorporated as a fitting parameter. Computer simulations and
mouse models of human cancer were employed to establish
the validity of BP estimation with SPAMSF, and its precision
and accuracy were compared with linearized SRTM directly
applied to paired-agent data (SPAM) and the pixel-by-pixel
normalization SPAM method (SPAMPN).

Here, we present a pure blind identification method termed
the “multiple reference tissue method” (MRTM). As in other
approaches, the MRTM utilizes two or more reference tissues
to estimate the AIF, but in this case assumes only that the
AIFs in the reference tissues have the same shape, with a pos-
sible difference in bolus arrival time. Importantly, the MRTM is

a mathematical framework equipped with efficient algorithms
that can be applied to any kinetic model, including nonlinear
models, and to any CE imaging modality. The constructed
AIF is smooth and has high temporal resolution. Because
there is no limitation on the kinetic models that can be utilized,
the tumors themselves can be used as a source of reference
tissues. In fact, the inherent heterogeneity of tumors can be
exploited by utilizing individual subregions with different prop-
erties as “reference tissues.” This ability avoids the necessity of
including multiple normal reference tissues in the FOV.

2 Theory
Paired-agent kinetic modeling is designed to estimate binding
potential (BP)—a parameter directly proportional to the targeted
receptor concentration—in molecular imaging studies, and in
particular, cancer molecular imaging studies.7 To accurately
extract quantitative parameters, the dynamic behavior of a tar-
geted and control imaging agent pair can be represented by
a system of equations, assuming “trace” concentrations of the
targeted imaging agent and instantaneous spatial mixing of im-
aging agent concentrations in each “compartment” as defined by
the model in Fig. 115

EQ-TARGET;temp:intralink-;e001;326;509

dCf;TðtÞ
dt

¼K1;TCp;TðtÞ− ðk2;T þ k3;TÞCf;TðtÞþ k4;TCb;TðtÞ;
(1)

EQ-TARGET;temp:intralink-;e002;326;450

dCb;TðtÞ
dt

¼ k3;TCf;TðtÞ − k4;TCb;TðtÞ; (2)

EQ-TARGET;temp:intralink-;e003;326;414

dCf;CðtÞ
dt

¼ K1;CCp;CðtÞ − k2;CCf;CðtÞ; (3)

EQ-TARGET;temp:intralink-;e004;326;377ROITðtÞ ¼ ηT ½vpCp;TðtÞ þ Cf;TðtÞ þ Cb;TðtÞ�; (4)

EQ-TARGET;temp:intralink-;e005;326;351ROICðtÞ ¼ ηC½vpCp;CðtÞ þ Cf;CðtÞ�; (5)

where Cp;TðtÞ and Cp;CðtÞ represent the blood plasma concen-
trations of the targeted and control imaging agents as a function
of time, t; Cf;TðtÞ and Cb;TðtÞ represent the concentrations of

Fig. 1 A schematic of subcutaneous mouse tumor model is shown. The targeted and control imaging
agent compartmental models are shown on the left and right, respectively. Cp;T ðtÞ and Cp;CðtÞ represent
the blood plasma concentrations of targeted and control imaging agents, respectively, as a function of
time, t ; Cf ;T and Cf ;C represent the free (unbound) concentrations of the two imaging agents, Cb;T rep-
resents the bound concentration of the targeted agent; K 1;T and K 1;C represent rate constants governing
targeted and control imaging agent extravasation (transport from blood to extravascular extracellular
space); k2;T and k2;C represent rate constants governing targeted and control agent tissue efflux (trans-
port from extravascular extracellular space to blood); and k3;T and k4;T represent rate constants
governing targeted agent binding and dissociation from the targeted biomolecule.
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the targeted agent in free and bound spaces/compartments,
respectively; Cf;CðtÞ represents the concentration of the control
imaging agent in the free space; K1;T and K1;C are the rate con-
stants governing extravasation of targeted and control imaging
agents, respectively, from blood plasma to the free space; k2;T
and k2;C are the rate constants governing efflux of the targeted
and control imaging agents, respectively, from free space to the
plasma; k3;T and k4;T are the rate constants governing targeted
imaging agent binding and dissociation from targeted receptors/
biomolecules; ROITðtÞ and ROIUðtÞ represent the measured
signals from the targeted and control agents, respectively, in
a region-of-interest; ηT and ηC represent the correction factors
relating tissue concentration to detected signal for the targeted
and control agents, respectively; and vp is the blood plasma vol-
ume fraction in the region-of-interest (volume of blood plasma/
volume of region-of-interest).

Three main assumptions are typically made to solve the sys-
tem of differential equations in Eqs. (1)–(3), which are nearly
identical to those employed in widely used reference tissue mod-
eling:14 (1) the free and bound concentrations of the targeted
imaging agent are in rapid equilibrium (known as the adiabatic
approximation), such that Eqs. (1) and (2) can be combined
into a single compartment equation;11 (2) the magnitude of
any imaging agent signal arising from the plasma compartment
is negligible compared with the signal arising from the tissue
compartments;11 and (3) the ratios of the rate constants of
extravasation and tissue efflux are the same between
targeted and control imaging agent models (i.e., K1;T∕k2;T ¼
K1;C∕k2;C). Such assumptions have led to the derivation of
the linearized simplified reference tissue model (commonly
referred to as SRTM) that is employed primarily in brain PET
studies12 but that has also been evaluated for paired-agent
imaging,16 which is referred to as the simplified paired-agent
model (SPAM) in this work and is expressed as

EQ-TARGET;temp:intralink-;e006;63;378ROITðtÞ ¼ R1ROICðtÞ þ k2;T

Z
t

0

ROICðuÞdu

−
�

k2;T
1þ BP

�Z
t

0

ROITðuÞdu; (6)

where u is a dummy variable of t, R1 ¼ K1;T∕K1;C and BP ¼
k3;T∕k4;T is the nondisplaceable “binding potential” that is
directly proportional to the targeted biomolecule,14 and is there-
fore the key parameter of interest in this type of modeling.
If ROIT and ROIC are known/measured, R1, k2;T , and BP
can all be estimated explicitly through least squares regression
of Eq. (6).

Paired-agent imaging requires that two additional assump-
tions be accurate for SRTM to be adopted for BP estimation:
(1) that the plasma input functions of the targeted and control
agents be similar (i.e., Cp;T ¼ Cp;C)—however, methods for
correction if this equivalence is not true have been
developed17—and (2) that the correction factors relating tissue
concentration to detected signal for both the targeted (ηT ) and
control (ηC) imaging agents be known/calculated, or at least that
the ratio of the two correction factors (ηT∕ηC) be known. One
method of estimating the ratio of the correction factors is by
assuming that the concentrations of the targeted and control
imaging agents are equivalent at a very early time point, te,
typically within 2 min of imaging agent injection.10 Under
this assumption, any differences in measured targeted and con-
trol agent signal at te can be attributed to differences in the

correction factors, ηT and ηC, which can be affected by local
optical properties, such that ηT∕ηC can be represented by
ROITðteÞ∕ROICðteÞ. One advantage of this method is that it
can be applied on a pixel-by-pixel (or region-by-region) basis
such that spatial heterogeneity in optical properties (and their
effects on the correction factors) can be accounted for. This
pixel-normalization method can be expressed in terms of the
SPAM as SPAMPN

EQ-TARGET;temp:intralink-;e007;326;664

ROITðtÞ ¼
ROITðteÞ
ROICðteÞ

�
R1ROICðtÞ þ k2;T

Z
t

0

ROICðuÞdu
�

−
�

k2;T
1þ BP

�Z
t

0

ROITðuÞdu: (7)

However, SPAMPN has a few limitations. As ROITðteÞ and
ROICðteÞ are collected at a single imaging time point, the vari-
ance in the ratio estimate is more sensitive to experimental noise
and errors in motion correction than a multitime point normali-
zation would be. Furthermore, binding characteristic differences
between the targeted and control agents could lead to differences
in tissue concentrations even at very early time points depending
on the imaging agents used. As such, this work presents a scal-
ing factor SPAM (SPAMSF) that provides a more robust correc-
tion for optical property-based effects on the correction factors
ηT and ηC.

2.1 Linearized Scaling Factor Simplified Paired
Agent Model

Here, a derivation of the SPAMSF model is presented directly
from Eqs. (1)–(5). First, assuming Cp;T and Cp;C are different,
they can be related generally as

EQ-TARGET;temp:intralink-;e008;326;396Cp;TðtÞ ¼ Cp;CðtÞ � gðtÞ; (8)

where gðtÞ is any function that can be convolved with Cp;C that
will match its shape to Cp;T , and * represents the convolution
operator. Equation (3) can be rearranged to achieve

EQ-TARGET;temp:intralink-;e009;326;331Cp;CðtÞ ¼
1

K1;C

dCf;CðtÞ
dt

þ k2;C
K1;C

Cf;CðtÞ: (9)

Then, Cp;TðtÞ can be approximated as a function of ROICðtÞ
by combining Eqs. (8) and (9) and assuming Cf;C ≫ vpCp;C

from Eq. (5) (the later assumption is often assumed for fast
clearing imaging agents11)

EQ-TARGET;temp:intralink-;e010;326;241Cp;TðtÞ ¼
�

1

ηCK1;C

dROICðtÞ
dt

þ k2;C
ηCK1;C

ROICðtÞ
�
� gðtÞ:

(10)

Concurrently, assuming the adiabatic approximation [i.e.,
Cb;TðtÞ∕Cf;TðtÞ ¼ constant], and Cf;T ≫ vpCp;T from Eq. (4),
Eqs. (1) and (2) can be combined to form

EQ-TARGET;temp:intralink-;e011;326;150

dROITðtÞ
dt

¼ ηTK1;TCp;TðtÞ −
k2;T

1þ BP
ROITðtÞ: (11)

Combining Eqs. (10) and (11), integrating both sides, and
assuming K1;T∕k2;T ¼ K1;C∕k2;C produces
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EQ-TARGET;temp:intralink-;e012;63;752ROITðtÞ ¼
ηT
ηC

�
R1ROICðtÞ � gðtÞ þ k2;T

Z
t

0

ROICðuÞ

� gðuÞdu
�
−
�

k2;T
1þ BP

�Z
t

0

ROITðuÞdu; (12)

where K1;T and K1;C are the primarily influenced by the blood
flow and vascular permeability of the tissue, approximated as

EQ-TARGET;temp:intralink-;e013;63;665K1 ¼
�
1 − e−

PS
F

�
F; (13)

where PS is the permeability-surface area product (leakiness of
the blood vessel multiplied by blood vessel surface area) and F
is the blood flow.18 Therefore, for chemically similar targeted
and control imaging agents an assumption that K1;T ¼ K1;C
and therefore R1 ¼ 1, is likely valid, yielding SPAMSF with
plasma input function correction
EQ-TARGET;temp:intralink-;e014;63;560

ROITðtÞ ¼ αROICðtÞ � gðtÞ þ αk2;T

Z
t

0

ROICðuÞ � gðuÞdu

−
�

k2;T
1þ BP

�Z
t

0

ROITðuÞdu; (14)

where α ¼ ηT∕ηC. Under the condition where targeted and con-
trol agents are selected such that Cp;TðtÞ ¼ Cp;CðtÞ, gðtÞ is equal
to a Dirac-delta function, δðtÞ, and Eq. (14) simplifies to the
standard SPAMSF

EQ-TARGET;temp:intralink-;e015;63;446ROITðtÞ ¼ αROICðtÞ þ αk2;T

Z
t

0

ROICðuÞdu

−
�

k2;T
1þ BP

�Z
t

0

ROITðuÞdu; (15)

which can be solved explicitly using least squares to estimate α,
k2;T , and BP. If Cp;TðtÞ and Cp;CðtÞ are not equivalent, then gðtÞ
can either be estimated by deconvolving direct measures of
Cp;TðtÞ and Cp;CðtÞ, or by deconvolving targeted and control
kinetic curves taken from a “reference” region (one devoid of
target biomolecule). These methods have been described in
detail previously;17 however, there is a subtle difference in
this reference region correction method that requires an addi-
tional note in the case where the ratio of correction factors
(ηT∕ηC) is not the same in an ROI and the reference region
(REF). Briefly, Eq. (1) can be solved in the absence of binding
(k3;T ¼ 0) for the reference region, REFT

EQ-TARGET;temp:intralink-;e016;63;245REFTðtÞ ¼ ηT;REFK1;T;REFCp;T � e−k2;T;REFt; (16)

where ηT;REF represents the targeted concentration-to-signal cor-
rection factor for the reference region specifically. Similarly,
Eq. (2) can be solved for the reference region

EQ-TARGET;temp:intralink-;e017;63;180REFCðtÞ ¼ ηC;REFK1;C;REFCp;C � e−k2;C;REFt; (17)

If the K1s and k2s again are considered equivalent in the
reference region, it can be shown that the deconvolution of
REFT and REFC will yield

EQ-TARGET;temp:intralink-;e018;63;114gREFðtÞ ¼ αREFgðtÞ; (18)

where αREF ¼ ηT;REF∕ηC;REF. Therefore, Eq. (14) must be
amended slightly to

EQ-TARGET;temp:intralink-;e019;326;752

ROITðtÞ ¼
α

αREF
ROICðtÞ � gREFðtÞ þ

α

αREF
k2;T

Z
t

0

ROICðuÞ

� gREFðuÞdu −
�

k2;T
1þ BP

�Z
t

0

ROITðuÞdu: (19)

3 Methods

3.1 Simulation Study

To compare the scaling factor model, SPAMSF, with two estab-
lished models, SPAM and SPAMPN, targeted and control imag-
ing agent kinetic data were generated from an analytical solution
to the compartmental model system of differential equations
presented in Eqs. (1)–(3), based on parameter estimates
described below and experimentally derived plasma input func-
tions of epidermal growth factor (EGF) labeled with IRDye
800CW (LI-COR Biosciences, Lincoln, Nebraska).19 Resulting
curves were interpolated to 60-min time windows at 1-min time
intervals and scaled such that the highest concentration curve in
all simulated curves would be representative of 50% of signal
saturation on a 16-bit detector. Assuming noise in light detection
is dominated by shot-noise, Poisson noise was then added to
all curves using the Matlab built-in function, poissrnd()
(Mathworks, Natick, Massachusetts). “Typical” targeted and
control kinetic curves were approximated by setting K1;T and
K1;C to 0.13 min−1, and k2;T and k2;C values to 0.08 min−1,
which were in the range of what was measured previously
for IRDye 800CW-EGF;13 and k3;T and k4;T values were set
to 0.2 and 0.1 min−1 in the tumor, based on direct measures
of EGF binding to its receptor, EGFR.20,21 To evaluate the
effects of differences in the concentration-to-signal correction
factors, ηT and ηC, on the fitting models (SPAM, SPAMPN,
and SPAMSF), αwas varied over a range of 0.1 to 10 while hold-
ing all other parameters constant. For optical imaging applica-
tions, α depends on the fractional differences between the
optical properties of the tissue (absorption and scattering) expe-
rienced by the light emitted from the targeted and control
imaging agent, as long as all other differences in channel sen-
sitivity are accounted for. It can vary significantly from location
to location with magnitudes that will depend on a number of
factors that are difficult to approximate. In a previous study
mouse human xenograft study, the measured range of α was
1.5 to 2.7 for paired agents at wavelengths with very similar
tissue optical properties.10 The rangewas expanded here for gen-
eralization to a greater array of conditions. In addition, separate
simulations were carried out holding α ¼ 1 and varying BP, k2
and R1 from 0.5 to 5.5, 0.03 to 0.1 min−1, and 0.5 to 1.5, respec-
tively. These ranges were selected from previous studies of BP
measurement in a wide range of EGFR overexpressing tumor
lines6 and from tumor imaging with various sized imaging
agents, measuring variability in K1 and k2.

22 Under all condi-
tions, 1000 noise realizations were repeated to evaluate BP esti-
mation accuracy and precision using the different fitting models.

To understand the effect of errors in the assumption that
R1 ¼ 1 on the BP estimation of SPAM, SPAMSF, and SPAMPN,
the simulations were altered for R1 not equal to 1. As
R1 ¼ K1;T∕K1;C, so it can be manipulated by either changing
K1;T or K1;C (or a combination of both). All methods were
explored, yet results were only displayed for changing K1;T
while keepingK1;C constant as all methods led to similar results.
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3.2 Animal Experimental Protocol

Animal studies were performed in accordance with a protocol
approved by the institutional animal care and user committee
at Illinois Institute of Technology. The performance of
SPAMSF was also investigated in a set of in vivo human glioma
(U251) xenograft mouse model studies using two different im-
aging systems and two different sets of paired imaging agents to
evaluate EGFR receptor status (via BP estimation). In the first
group, five 6-week-old severe combined immunodeficient
(SCID) male mice (Charles River, Wilmington, Massachusetts)
were implanted with 106 U251 human glioblastoma cells
(ATCC, Manassas, Virginia) subcutaneously on the left flank.
Tumors were allowed to grow until they reached 5 mm in diam-
eter. The mice were then anesthetized with an i.p. injection of
ketamine-xylazine (100 mg∕kg∶10 mg∕kg) and the skin sur-
rounding the tumors was removed, prior to taping the mice
down onto a glass slide and placement into a fluorescent imag-
ing system (Odyssey®, LI-COR Biosciences). One nanomole of
each IRDye 800CW-EGF and hydrolyzed IRDye 700DX
(reacted with water at room temperature for 3 h) were injected
i.v. into a tail vein and fluorescence images from 700 to 740 nm
(with 685 nm excitation) and from 800 to 840 nm (with 785 nm
excitation) were collected every 2 to 5 min for 60 min. In a sep-
arate study, five 6-week-old athymic nude male mice (ENVIGO,
Indianapolis, Indiana) were similarly implanted with U251
tumor cells. When the tumors reached a diameter of 5 mm,
the mice were anesthetized with 3% isoflurane and maintained
with 1% to 3% isoflurane inhalation in 100% O2. Tissue sur-
rounding the tumors was then removed and the area was flushed
with PBS and capped with clear plastic wrap to prevent the tis-
sue from drying during imaging. Other areas of the mice were
covered with nonfluorescent black felt to minimize sources of
signal outside the tissues of interest. The mice were then fixed to
the 37°C heated bed of a Pearl® Imaging System (LI-COR
Bioscience), and 0.2 nanomoles each of IRDye 800CW-labeled
anti EGFR Affibody (Affibody AB, Solna, Sweden) and IRDye
700DX-labeled negative-control-Affibody (Affibody AB) were
injected i.v. via a tail vein. The targeted Affibody agent is
a good-manufacturing-procedures (GMP) produced agent that
is a product of a clinical trial at Dartmouth College,23–27 and
is referred to as ABY-029. Fluorescent images at the same wave-
length ranges as defined for the Odyssey were then collected for

1 h at two-min intervals. In all experiments, a section of leg
muscle in the opposing leg to the location of the tumor was
exposed to act as a reference region. To further test the
model on an orthotopic study, previously published fluorescence
tomographic data of U251 cells implanted in mice brain was
used.28 Briefly, once brain tumors were visible through gadolin-
ium-enhanced magnetic resonance imaging (Gd-MRI), athymic
nude mice (n ¼ 5) were injected via a tail vein with a cocktail of
0.2 nmol each of IRDye 800CW-anti-EGFR Affibody (targeted)
and Alexa Fluor 750 labeled negative control Affibody (control)
imaging agents. The mice were then imaged on an MRI-coupled
fluorescence molecular tomography (MRI-FMT) system.29

The dynamic uptake of the targeted and control imaging
agent kinetics was imaged in the tumor using hard-prior
reconstruction for 1 h at two-min intervals. In the Odyssey and
Pearl studies, kinetic curves were extracted pixel by pixel and
for whole tumor regions-of-interest using lab software created
in MATLAB. SPAMPN and SPAMSF were fitted directly to
targeted and control imaging agent kinetic curve pairs after
correcting for potential differences in plasma input function
kinetics by deconvolution of the reference region kinetic curves
(see Sec. 2). No plasma input correction was carried out for
tomography study as the two agents were shown to have
very similar plasma curves.28

3.3 Statistics

Statistical analyses were carried out using the statistical pack-
age, SPSS (IBM®, Armonk, New York). Linear regression was
employed to evaluate the strength of the correlation between the
SPAMSF and SPAMPN estimates of BP in the case of no scaling
factor. Statistical significance was based on p < 0.05. All data
are presented as mean� sd. The goodness of real data and
model fits were evaluated by standard χ2 value analyses.

4 Results

4.1 Simulation Results

Examples of simulated, noise-added targeted, and control imag-
ing agent kinetics from Eqs. (1)–(3) and corresponding fits of
the data using SPAM, SPAMPN, and SPAMSF models to the
data are presented in Fig. 2. The average of χ2 values for all

Fig. 2 Simulation results. Generated noisy targeted and control agent curves and model fits for (a) the
linearized SPAM (b) the pixel-normalization SPAM (SPAMPN), and (c) the scaling factor SPAM
(SPAMSF). The blue dots represent the targeted imaging agent signal intensity, ROIT ðtÞ. The orange
dots represent the control imaging agent signal intensity, ROIC ðtÞ. Poisson noise was added to
the data. The solid red, blue, and green lines represent SPAM, SPAMPN, and SPAMSF fit results, respec-
tively. The simulated values of kinetic parameters to create these simulated curves were:
K 1 ¼ 0.013 min−1, k2 ¼ 0.08 min−1, k3 ¼ 0.2 min−1, k4 ¼ 0.1 min−1, and α ¼ 1, and simulated time
was 60 min.
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three model fits over a range of α from 0.1 to 10 was from 0.06
to 0.33 with all fits looking similar in quality to those displayed
in Fig. 2.

Figure 3 shows a comparison of the accuracy of all three fit-
ting models over a range of simulated parameters—specifically,
α, BP, k2, and R1—as defined by errors in estimations of
simulated BP values. In these experiments, the time point for
approximating α with SPAMPN [te from Eq. (7)] was set to
1 min postimaging agent administration [Fig. 4(a) presents the
effect of this selection]. While setting R1 ¼ 1, k2 ¼ 0.08 min−1,
and BP ¼ 2, average errors in BP estimation for both SPAMPN

and SPAMSF remained <10% for values of α between 0.1 and
10, whereas SPAM yielded average errors that were directly pro-
portional to the percent difference in α from 1 [Fig. 3(a)]. For
example, α ¼ 1.1 led to a 10% overestimation in BP using
SPAM, whereas α ¼ 0.5 led to a 50% underestimation in BP.
No statistically significant differences were observed between
BP estimates using SPAMPN and SPAMSF; however, a small
negative bias in BP error using SPAMPN was observed,
along with a variance that was more than four times larger than
the error observed using SPAMSF (SPAMPN average BP error ¼
−3.25� 9.85%; SPAMSF average BP error ¼ 0.17� 2.02%).

Fig. 3 Simulation results: BP estimation errors are presented for all three kinetic models tested in this
study as a function of the ratios of correction factors, α (a), BP (b), the tissue-to-blood efflux rate constant,
k2 (c), and ratio of the targeted and control imaging agent blood-to-tissue extravasation rate constants,
R1 (d). The linearized SPAM results are presented in red, the pixel normalization SPAM (SPAMPN)
results are presented in blue, and the scaling factor SPAM (SPAMSF) results are presented in green.

Fig. 4 Simulation results: (a) errors in BP estimation using the linearized pixel-normalization SPAMPN as
a function of. Different colors correspond to sets of data created from different ratios of correction factors
(α ¼ ηT ∕ηC ). (b) Errors in BP estimation using SPAMPN and the SPAM scaling factor model (SPAMSF) as
a function of time-spacing of imaging data (t e) where t e also represents the first time point after agent
administration with keeping α ¼ 1. SPAMPN and SPAMSF results are presented in blue and green,
respectively.
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At α ¼ 1, SPAM and SPAMSF were found to have equivalent
performance. The magnitude of BP and k2 had little effect on the
accuracy of all three models, with α ¼ 1, K1 ¼ 0.013 min−1

[Figs. 3(b) and 3(c), respectively]. No statistically significant
differences in BP estimation were observed between any of
the models over a k2 range of 0.03 to 0.1 min−1 and a BP
range of 0.5 to 5.5. However, again there was a slight BP under-
estimation in SPAMPN that was amplified at higher k2 values,
and the variance in SPAMPN was more than four times that of
SPAM and SPAMSF in all cases. Errors in the approximation

that R1 ¼ 1 resulted in significant errors in both SPAMPN

and SPAMSF which were inversely proportional to the scale
of error in R1 [Fig. 3(d)]. As these simulations were carried
out at α ¼ 1, SPAM performed well for all levels of R1 tested,
with an average BP error of 0.28� 3.18%. For testing of R1

sensitivity, the K1;T∕k2;T ¼ K1;C∕k2;C equivalency was held,
such that R1 ¼ 1.1 corresponded to K1;T ¼ 1.1 � K1;C and
k2;T ¼ 1.1 � k2;C. If only K1;T was changed, then SPAMPN

and SPAMSF were found to be insensitive to the value of R1,
as long as k2;T ¼ k2;C (results not shown). However, SPAM

Fig. 5 In vivo experimental results: The linearized pixel-normalization simplified paired agent model
SPAMPN in (a) targeted (IRDye 800CW-EGF) and control (IRDye 700DX) imaging agent signal curves
measured with the Odyssey System in exposed subcutaneous human glioblastoma (U251) tumors
grown in athymic mice, (b) targeted (IRDye 800CW-anti-EGFR-Affibody) and control (IRDye 700DX-
negative-control-Affibody) imaging agent signal curves measured with the Pearl System in exposed
subcutaneous U251 tumors and (c) targeted (IRDye 800CW-anti-EGFR-Affibody) and control (IRDye
700DX-negative-control-Affibody) imaging agent signal curves measured with an MRI–FMT system
from a typical tumor region-of-interest, respectively. Corresponding model fits using the scaling factor
SPAM (SPAMSF) are presented in (d)–(f), respectively. The blue dots represent the targeted imaging
agent signal intensity, the orange dots represent the control imaging agent signal intensity before cor-
recting for plasma input function differences, the black dots represent the control imaging agent signal
intensity after correcting for plasma input function differences. The solid light blue line represents the
SPAMPN fit and the solid green line represents the SPAMSF fit. In (g) and (h) a pixel-by-pixel correlation
of SPAMSF and SPAMPN BP estimates in all regions of an image on the same mouse data presented in
(a) and (b) are presented. The dashed line is the line-of-identity. A correlation between BP values esti-
mated by SPAMSF and SPAMPN in Odyssey, Pearl and tomography imaging studies are presented in (i)
for average tumor region-of-interest fits.

Journal of Biomedical Optics 066004-7 June 2018 • Vol. 23(6)

Sadeghipour, Davis, and Tichauer: Correcting for targeted and control agent signal differences. . .



exhibited errors proportional to the value of R1 as it strictly
requires that K1;T∕k2;T ¼ K1;C∕k2;C, which is not held in this
simulation (results not shown).

Irrespective of the ratio of correction factors (α ¼ ηT∕ηC), the
accuracy of SPAMPN, defined by the error in estimation of the
BP, was observed to be highly dependent on the time point after
imaging agent delivery that was selected for normalization of α
[Fig. 4(a)]. Specifically, the later the time point selected for nor-
malization, the larger the underestimation in BP. Average sd in
the BP estimation error at α ¼ 0.1 was 24.10%, and at α ¼ 10

was 5.13%. When normalization was carried out at 1-min post-
agent-administration for SPAMPN at α ¼ 1, the average percent-
error was −3.8� 6.62%; whereas, when carrying out the nor-
malization at 5 min the average was −12.67� 4.72%. Although
the SPAMSF requires no selected time of normalization (as the
normalization is included as a fitting parameter), it was assumed
that a delayed time of normalization in SPAMPN would
only arise if data were not sampled as frequently after imaging
agent administration. Therefore, the effect of data collection at
a period of te (time of normalization for SPAMPN) on the accu-
racy of SPAMSF was evaluated in comparison with time of nor-
malization for SPAMPN [Fig. 4(b)]. For te ¼ 1 min at α ¼ 1,
the average percent-error of SPAMSF was −0.01� 1.94%,
for te ¼ 5 min, the average was −7.60� 3.56%. An increase
in the error of the SPAMSF with data-spacing (te) was commen-
surate with the expected truncation error increase from a numeri-
cal analysis perspective. Here, SPAM was not evaluated as it
resulted in identical results to SPAMSF since α ¼ 1.

Examples of targeted (IRDye 800CW-EGF) and control
(IRDye 700DX) imaging agent signal curves in a typical
U251 tumor are shown in Figs. 5(a) and 5(d), along with fit
results using SPAMPN and SPAMSF, respectively. Examples of
targeted (ABY-029) and control (IRDye 700DX-negative-con-
trol-Affibody) imaging agent signal curves in a typical U251
tumor are shown in Figs. 5(b) and 5(e), along with fit results
using SPAMPN and SPAMSF, respectively. Examples of targeted
(IRDye 800CW-anti-EGFR-Affibody) and control (IRDye
700DX-negative-control-Affibody) imaging agent signal curves
in a typical orthotopic U251 tumor are shown in Figs. 5(c) and
5(f), along with fit results using SPAMPN and SPAMSF, respec-
tively. Note: SPAM fits evaluated but not displayed or
discussed owing to large errors attributable to α not equal to
1 [see Fig. 3(a)]. The average goodness of the fit, quantified
by χ2, of SPAMPN and SPAMSF for all tumors were not
significantly different statistically and were 0.05� 0.02 and
0.08� 0.03, respectively. The statistically significant correla-
tion held for all individual animal datasets when BP estimation
from SPAMPN and SPAMSF were compared on a pixel-by-pixel
level (average r ¼ 0.95� 0.06, p < 0.001 for all cases).
Examples of correlations from a single animal from the EGF-
Odyssey and Affibody-Pearl groups are shown in Figs. 5(g)
and 5(h), respectively. The mean� sd of BP for SPAMPN

and SPAMSF were 1.34� 0.47 and 1.49� 0.52 for the EGF-
Odyssey group, respectively, 1.40� 0.37 and 1.41� 0.44 for
the Affibody-Pearl group, respectively (when accounting for
differences in EGF and anti-EGFR affinity), and 0.87� 0.14

and 0.85� 0.14 for the orthotopic tomography group. A sta-
tistically significant correlation was observed between BP
estimates determined using SPAMSF and SPAMPN (r ¼ 0.98,
p < 0.001) when including data from all experimental groups.
The correlation was not significantly different from the line-of-
identity, statistically. The mean� sd for R1 and k2 in all

SPAMPN cases were 1.00� 0.03 and 0.07� 0.04 min−1,
respectively. The mean� sd for α and k2 in all SPAMSF

cases were 0.91� 0.01 and 0.06� 0.03 min−1, respectively.
The BP maps from two representative mice each from the
EGF-Odyssey and Affibody-Pearl groups are presented in
Fig. 6.

5 Discussion
The development of accurate, noninvasive methods to quantify
cell surface receptor concentrations in cancer molecular imaging
could have far-reaching impacts on the future of precision medi-
cine,30 drug development,31 and molecular guided surgery.32

Paired-agent kinetic modeling, where the kinetics of a control
(untargeted) imaging agent that is coadministered with a tar-
geted imaging agent are used to account for nonspecific effects,
has proven great promise in being capable of quantifying cancer
cell surface receptor concentrations in vivo.7 The paired-agent
imaging kinetic models were adopted from the simplified refer-
ence tissue model (SRTM), used widely in PET studies,14 and
are referred to here as SPAM. Recently, our group derived a gen-
eralized form of SRTM and SPAM, capable of accounting for
receptor saturation.33 In this work, we present a modification to
SPAM in particular, allowing the automatic correction for signal
scaling differences between the detected signals of targeted and
control imaging agents. This advance is particularly relevant for
fluorescence imaging-based applications of SPAM, where tissue
optical properties can differ heterogeneously in tissue making it
difficult to accurately achieve imaging agent concentration maps
of both agents.

The accuracy and precision of this scaling factor SPAM
(SPAMSF) was compared against an existing method that cor-
rects for scaling differences between targeted and control imag-
ing agent signals by normalizing the signals at a very early time
point after agent administration10—assuming early signal is
dominated by delivery, rather than binding, such that early
targeted and control agent signals should be measured to be
the same. This method is referred to here as SPAMPN. The
SPAMSF and SPAMPN models were compared both in physio-
logically informed, noise-added numerical simulations of tar-
geted and control agent uptake in tumors, as well as in three
different animal study groups. In each study, EGFR was targeted

Fig. 6 In vivo experimental results: BP parametric maps of estimated
epidermal growth factor receptor (EGFR) concentration are depicted
as calculated by either the linearized pixel-normalization SPAMPN or
the scaling factor SPAM (SPAMSF). Here, results of four mice are dis-
played: two from the group imaged on the Odyssey System (targeted
agent = IRDye 800CW-EGF; control = IRDye 700DX), and two from
the group imaged on the Pearl System (targeted agent = ABY-029;
control = IRDye 700DX-negative-control-affibody). The left two col-
umns show the two mice imaged on the Odyssey, and the right
two columns show the two mice imaged on Pearl.
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by either fluorescently labeled native ligand to EGFR, EGF, or
with an anti-EGFR Affibody. The results demonstrated both
improved accuracy and precision of BP estimation using
SPAMSF compared with SPAMPN in the simulation studies,
and a strong correlation between SPAMSF and SPAMPN in
the animal studies.

With respect to the simulation results, SPAMPN exhibited a
slight underestimation in BP under all conditions tested, owing
to errors in the assumption that there is no preferential retention
of the targeted agent over the control agent by 1-min postinjec-
tion. In the simulation studies at least, there is some divergence
of the targeted and control curves at this time, which amplified
over time (Fig. 4). Furthermore, the standard deviation in the
BP estimates using SPAMPN was found to be ∼3 times larger
than those found for SPAMSF. This improvement in precision of
SPAMSF over SPAMPN is attributable to the fact that SPAMSF

essentially “fits” for the scaling factor, α, over as many time
points as are in the dataset, whereas SPAMPN directly estimates
α by normalizing targeted and control agent signals at a single
time point. Therefore, it is expected that SPAMPN is consider-
ably more sensitive to noise.

An additional finding from the simulation study was that
errors in the assumption that R1 ¼ 1 caused significant and
similar errors in the BP estimation with both SPAMSF and
SPAMPN: specifically, BP estimation using SPAMPN and
SPAMSF was found to be inversely proportional to the scale
of error in the R1 ¼ 1 assumption [Fig. 3(d)]. The sensitivity
of SPAMSF to R1 errors was expected because the model
expressly requires R1 ¼ 1. The sensitivity of SPAMPN was ini-
tially difficult to explain as it fits for R1. However, the scaling
method in SPAMPN was found to partially normalize out R1,
which forcing an erroneous fit of true R1, which in turn affected
the accuracy in the estimation of both k2;T and BP.

An important assumption in all introduced models that war-
rants discussion is that K1;T∕k2;T ¼ K1;C∕k2;C. The superiority
of paired-agent imaging methods to conventional reference tis-
sue models comes back to this assumption, as in conventional
reference tissue imaging, it is important that the reference tissue
and the region of interest have the same partition coefficients,
which can be particularly difficult in cancer imaging.13

However, in paired-agent imaging, as long as both imaging
agents experience diffusion/permeability limited delivery, the
K1;T∕k2;T ¼ K1;C∕k2;C assumption should always be accurate
as both should be equivalent to the inverse of the partition
coefficient. Ensuring that similar vascular permeability be expe-
rienced by both the targeted and control agents in all environ-
ments requires the agents to have similar size, charge, and
lipophilicity,22 which is true for the agents employed in this
study and is generally not difficult to achieve, though should
be verified by ensuring the agents have equivalent kinetics is
tissues devoid of the targeted biomolecule.6,34

The two obvious molecular imaging modalities capable of
carrying out paired-agent imaging (for application of SPAM
models)—where signal for two distinct imaging agent signals
must be resolvable—include SPECT and optical imaging.
Considerable effort is ongoing in dual-isotope SPECT35 to
achieve signal quantification, involving correction for signal
cross-talk, and photon absorption and scattering property
differences in different energy windows. In SPECT, the photon
absorption and scattering tissue property differences can be
subtle, but they are considerably more complex in fluorescence
imaging. Even so, much work has gone into designing protocols

that minimize these effects. For instance, employing excitation
at wavelengths with low tissue attenuation can avoid high tissue
absorption by hemoglobin,36 and multispectral fluorescence im-
aging can allow multiple fluorescence agents to be imaged
within similar wavelength ranges.28 Use of surface-enhanced
Raman scattering nanoparticles takes this idea to the limit as
multiple “flavors” of particles can be excited with the same
wavelength, and their respective, unique spectral signatures
can be measured over identical spectral windows such that
the optical properties of excitation and emission are nearly
identical.37 Moreover, the idea of epi-illumination surface imag-
ing, where both source and detector are focused at the same
location, could minimize absorption and scattering effects by
limiting the detectable fluorescence events to those close to
the surface.38 It is also possible to mitigate optical property
effects by normalizing fluorescence signals to simultaneously
measured excitation light signals,39,40 or the excitation light
spectrum can be employed in more sophisticated terms to
quantify the optical properties.41

In summary, it can be stated that if the data being collected is
more likely to conform to α ¼ 1, but R1 not equal to 1 (“case
1”), then SPAM (which is similar to SRTM in conventional
reference tissue imaging) is the model of choice. If the data
is more likely to conform to R1 ¼ 1, but α is not equal to 1
(“case 2”), then SPAMSF is the model of choice (outperforming
SPAMPN, which is also more accurate than SPAM for “case 2”).
Examples of “case 1” include studies where imaging agent con-
centration can be readily quantified from images such as PET
neurotransmitter receptor imaging. Examples of “case 2”
include studies where a control agent signal in the region of
interest is used to account for agent delivery kinetics and non-
specific retention—require simultaneous imaging of two agents
such as dual-isotope single photon emission tomography
(SPECT) or fluorescence optical paired-agent imaging. In both
modalities, accurate concentration quantification from signal is
not straightforward, such that it may not be possible to ensure
that α ¼ 1. Yet, if the targeted and control agents are designed
such that they experience the same levels of blood vessel per-
meability (PS), based on their size, charge, and lipophilicity,42

then it is conceivable by Eq. (13) that the R1 ¼ 1 assumption
would hold. Despite the potential for signal quantification in
both SPECT and optics, all of the methods require either
specialized equipment or unique expertise in data analysis.
The advantage of SPAMSF—demonstrated in this work in sim-
ulations and animal studies—is that it does not require either
the targeted or control imaging agent signals to be quantified.
The scaling error in quantification is instead incorporated
into the fitting algorithm, which is accurate as long as
R1 ¼ 1 and K1;T∕k2;T ¼ K1;C∕k2;C: conditions that are highly
likely as long as the chemical properties of the targeted and
control agents are similar.
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IdentificationQ3 of cancer spread to tumor‐draining lymph nodes offers critical

information for guiding treatment in many cancer types. Current clinical methods

of nodal staging are invasive and can have substantial negative side effects. Molecular

imaging protocols have long been proposed as a less invasive means of nodal staging,

having the potential to enable highly sensitive and specific evaluations. This review

article summarizes the current status and future perspectives for molecular targeted

nodal staging.

K E YWORD S

lymph node staging, metastasis, molecular imaging, targeted imaging agents

1 | INTRODUCTION

Differentiation of “localized” cancer (stages I and II) from “metastatic”

cancer (stages III and IV) is widely used to decide whether or not

systemic chemotherapy is required after surgery for many cancer

subtypes. Specifically, patients with metastatic cancers (cancers

that spread from the primary tumor site) are generally treated with

adjuvant chemotherapy; however, such therapies will be avoided

owing to their adverse side effects in patients with localized cancer

that can be removed through surgery. First introduced in the 1970s,1

surgical biopsy and histology of the so‐called sentinel lymph node(s)—

the lymph node(s) draining a primary tumor site—have become the

gold standard in differentiating localized from metastatic solid

cancers.2 It has become a standard of care in breast cancer,

cutaneous melanoma management (at least for patients without

obvious metastases: large secondary cancers or palpable lymph

nodes),3 and is being increasingly used in the management in a

number of other solid tumor cancer types, including colon, head and

neck, penile, gastric, lung, and gynecologic.4

Lymph node biopsy typically involves 3 steps: 1) in vivo mapping/

localization of the lymphatics draining a primary tumor, 2) surgical

removal of the sentinel lymph node(s), and 3) histological assessment

of the resected nodes to identify the presence or absence of

metastatic cancer. Considerable variability exists in the protocols

used within each step. For example, lymph node mapping has been

carried out with lymphoscintigraphy, x‐ray computed tomography,

near‐infrared fluorescence, etc,5 all using various imaging agents to

add contrast to the lymphatics. Surgical approaches vary from

institute‐to‐institute and surgeon‐to‐surgeon, and can include micro-

surgical methods to minimize risks of lymphedema.6 Finally, methods

of lymph node histology can involve standard hematoxylin and eosin

(H&E) staining, touch‐preparation cytology,7 rapid cytokeratin

immunohistochemistry,8 one‐step nucleic acid amplification,9 flow

cytometry,10 and immunomagnetic separation.11 A full examination

of the various protocols used or proposed in the literature at each

step of lymph node biopsy is out the scope of this article; however,

the reader is directed to a number of excellent reviews and seminal

articles for further details.12-29

Even with sentinel lymph node biopsies, which are associated

with far lower rates of morbidity than more complete lymph node

dissections (eg, complete axillary lymph node dissection in breast

cancer management30), there remain risks of postsurgical patient

pain/discomfort, nerve damage, and lymphedema.31,32 Moreover,

conventional histological analyses are laborious and can delay

subsequent procedures. In response to these limitations in standard

lymph node biopsy protocols, considerable efforts from a number of

clinical and research groups have been focused on developing and

testing methods capable of “staging” lymph nodes noninvasively, ie,

detecting the presence or absence of cancer in tumor‐draining lymph

nodes through imaging, rather than surgery and pathology. Potential

noninvasive imaging solutions now span nearly every common (and

experimental) imaging modality, with most applications requiring the
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administration of some type of imaging agent to improve lymphatic

or cancer cell contrast. In this review article, the methods that have

been developed for noninvasive lymph node staging are categorized

into 4 areas that are as follows:

1. Imaging agent–free methods—those that capitalize on intrinsic

signals specific to cancer‐bearing nodes compared to cancer‐free

nodes.

2. Nontargeted imaging agent methods—those that use administration

of a lymphatic contrast agent in an attempt to improve identification

of abnormal lymph node based on either structure/morphology or

function.

3. Metabolic imaging agent methods—those that use imaging agents

that exhibit uptake and retention in tissue based on metabolic

processes that may be upregulated in cancers (eg, glucose,

thymidine, and choline analogs).

4. Molecular targeted imaging agent methods—those that use

administration of a cancer‐specific imaging agent or agents to

enhance retention in cancer‐bearing lymph nodes.

This review focuses predominantly on molecular targeted imaging

agent methods; however, advances in each of the first 3 areas are briefly

summarized, generalizing the achievements made using different imaging

modalities applied to different cancer types. With respect to molecular

targeted nodal staging methods, a summary of the optimal chemical

properties (eg, hydrodynamic radius, charge, and biomolecular target) and

delivery routes (eg, systemic vs intradermal/local) of imaging agents is

provided. This discussion is followed by in‐depth descriptions and a

discussion of kinetic modeling and paired‐agent methods that are

increasingly being used to achieve more quantitative measures of

targeted cancer biomolecule concentrations by accounting for lymph

node physiology. With the rapidly growing number of optical imaging

solutions, a discussion of the depth limitations of these methods is also

provided with a summary of approaches that have been designed to

enhance depth sensitivity. Finally, we provide an overview of past and

present clinical trials testing lymph node staging methods, with our

opinions about where the field can be advanced further in the future

(Figures 1-4).

2 | IMAGING AGENT–FREE, NONTARGETED
AGENT, AND METABOLIC AGENT METHODS

There are numerous preclinical and clinical studies attempting to use

agent‐free, nontargeted agent, and metabolic agent methods to

detect cancer spread to lymph nodes for a number cancer types. A

thorough review of these methods is out of the scope of this review

article; however, a brief summary of the approaches is provided to

give context to the more in‐depth discussion of molecular targeted

agent nodal staging methods that follow.

Nearly all approaches developed to estimate cancer spread to

lymph nodes that require no imaging agent to be injected have been

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

2 | LI ET AL.
C

O
LO

R
F

IG

F IGURE 1 Overview of noninvasive nodal staging. (Top left) Examples of imaging agent–free methods: DWI‐MRI40 and ultrasound.157

(Top right) Examples of nontargeted imaging agent methods: MRI‐USPIO158 and contrast‐enhanced ultrasound.159 (Bottom left)
18F‐FDG‐PET160 and 18F‐FLT‐PET.53 (Bottom right) 68Ga‐PET85 and NIR imaging.88 DWI; diffusion‐weighted MRI; FDG, XXX; FLT, XXX; MRI;

magnetic resonance imaging; NIR, XXX; PET,Q5 positron emission tomography; USPIO, ultrasmall superparamagnetic particles of iron oxide



carried out by ultrasound (US), magnetic resonance imaging (MRI),

computed tomography, or photoacoustics. In US, 2 important

sonographic features for nodal staging are grayscale, which can be

used to assess the nodal morphology and architecture, and color

Doppler imaging that can evaluate intranodal vascular distribution.33

MRI has the potential to directly image lymph node morphology as

well; however, the morphology‐dependent analyses have had limited

success in detecting lymph node metastases, with sensitivity range

from 24% to 85%.34-36 Several groups of investigators have reported

more promising results by using diffusion‐weighted MRI, and it is

now being used to evaluate nodal status in a number of applica-

tions.37-40 Magnetic resonance spectroscopy has also been used to

look at the nodal status.41 Photoacoustics has also emerged as a

promising modality for the detection of cancer spread to lymph

nodes, particularly in patients with melanoma, where the melanin in

the spreading cancer cells provides recognizable contrast in multi-

spectral optoacoustic tomography,42,43 but also in other applications

where metastases can affect tissue oxygenation.44

Nontargeted imaging agents—ie, those with no targeting to

cancer cells—have generally been used to identify cancer‐bearing

lymph nodes in 1 of 2 ways: 1) to enhance the morphological

assessment of lymph nodes and 2) to measure lymphatic function or

lymph fluid dynamics in nodes. In US, contrast is typically enhanced

with local injection (interstitial injection near the primary tumor) of

microbubbles,45 MRI is typically enhanced with local injection of

ultrasmall superparamagnetic particles of iron oxide,46 and optical

imaging is typically enhanced by indocyanine green.47 Most of the

MRI and US nontargeted agent methods identify the presence of

cancer burden in lymph nodes by an incomplete distribution of

contrast agent in the volume of a lymph node, which suggests that

there are cancer cells taking up some fraction of the lymph volume. In

optical imaging, spatial resolution is not sufficient to make these

types of evaluation, but there are encouraging results demonstrating

abnormalities in lymph flow rates calculated from dynamic imaging of

contrast agent delivery and washout.47-50

Metabolic imaging agent methods in nodal staging are predomi-

nantly carried out with positron emission tomography, where radio-

active analogs of essential nutrients such as glucose (eg, 18F‐FDG

Q6energy metabolism),51 choline (eg, 11C‐Cho, cell membrane, and

neurotransmitter production),52 or thymidine (eg, 18F‐FLT; DNA

synthesis),53 for example, are used to highlight the presence of cancer

based on the expected increased metabolic rates of aggressive cancer

cells. While there are continuing advances in agent‐free, nontargeted

agent, and metabolic agent nodal staging methods, many of these

methods have been used clinically for decades, and there are now a

number of meta‐analysis reviews comparing various methods, for

example, as applied to cervical cancer,54,55 head and neck cancer,56

and prostate cancer.57

3 | MOLECULAR TARGETED IMAGING
AGENT METHODS

While agent‐free, nontargeted, and metabolic imaging agent methods

have all demonstrated advantages in discerning nodal status, there is a

general consensus that sensitivity and specificity can be improved

further by “functionalizing” imaging agents with vectors designed to

have an affinity for 1 or more cancer‐specific biomolecules. Such

targeted molecular imaging methods have been proposed and tested

for many decades in many applications (eg, cancer, neurodegenerative
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F IGURE 2 Clinical examples of agent‐free, nontargeted agent, and metabolic agent nodal staging methods. (A,B) Diffusion‐weighted
magnetic resonance imaging (DWI) in head and neck cancer patients with nonmetastatic (A) and metastatic (B) lymph nodes.40 (C,D) MRI with

superparamagnetic nanoparticles in patients with prostate cancer shows a normal lymph node (C) and an iliac lymph node completely replaced
by tumor (D).158 (E,F) 18F‐FDG in a patient with early‐stage cervical carcinoma; coronal (E) and transaxial (F) views show increased uptake
in right internal iliac lymph node metastasis.160 FDG, XXX; MRI; magnetic resonance imaging



disorders, and cardiac disease).58,59 Yet widespread adoption for any

application in the clinic has remained elusive to date.

In 2008, Sampath et al60 provided a thorough summary and

history of molecular targeted imaging agent methods for lymph node

staging. To provide a framework for a discussion of the advances

made since that work, a brief summary of Sampath et al is warranted.

The field was founded on nuclear medicine studies dating back to the

1970s, where 131I‐labeled antiferrin immunoglobulin retention in

lymph nodes was observed to correlate with breast carcinoma and

lymphoma positive nodes.61 Subsequently, a number of clinical trials

were carried out using “immunolymphoscintigraphy” (gamma camera

imaging of lymphatics after intradermal injection of radioactive,

cancer‐targeted antibodies) to noninvasively assess nodal tumor

burden in various applications (cancer types, molecular targets).62-72

The majority of these studies reported sensitivity rates of greater

than 80%; however, specificity was often a problem. Significant levels

of false positives occurred as a result of nonspecific retention of

imaging agents in tumor‐free nodes that was caused by slow

clearance rates (~48 h).60 The article concluded by highlighting the

benefits of novel fluorescent imaging approaches and dual‐labeled

(both radioactively and fluorescently labeled) imaging agents for

overcoming these limitations because fluorescent signals do not

suffer from loss of signal to radioactive decay and provide high

photon counts that can allow real‐time imaging of lymph

function.47,73-75

In the decade since the review by Sampath et al, there have been

significant advancements in the quest to establish molecular targeted

imaging for nodal staging as a routine protocol in the clinic. The goal

of molecular targeted lymph node staging is to use an imaging agent

that will bind to or be cleaved by a biological molecule that tends to

be overexpressed—is more abundant—in, on, or around cancerous

cells. In doing so, it is assumed that the agent may either be

preferentially retained in cancer‐positive nodes, or may undergo

amplification in signal in cancer‐positive nodes. At least to date, no

single cancer‐specific marker has been identified that would be

overexpressed by all cancers, so the ideal biomolecule to target will
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F IGURE 3 Examples of clinical and preclinical molecular targeted nodal staging applications. (A) 68Ga‐PSMA‐ligand PET/CT positive lymph
node identification in patients with prostate cancer.85 (B,C) Noninvasive small‐animal PET/CT and NIR fluorescence images after dual‐labeled

mAb 153 targeted to EpCAM: three‐dimensional view of PET/CT shows metastatic renal, lumbar, and sciatic lymph nodes (B); same
cancer‐positive lymph nodes were detected via in situ NIR fluorescence imaging (C)—sciatic lymph node was observed in NIR imaging of the
dorsal side.97 (D) An overlay image shows surgical view of lung adenocarcinoma patient with folate receptor‐alpha targeted fluorescent
imaging agent.90 (E) Fluorescence images show a xenograft model with axillary lymph node metastasis using fluorescent antibody targeted to

carbonic anhydrase IX.99 PSMA, prostate‐specific membrane antigen; PET, positron emission tomography; CT, computed tomography; NIR,
XXX; EpCAM, Epithelial cell adhesion molecule
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F IGURE 4 Paired‐agent and ratiometric methods in nodal staging. (A) Illustration of the distribution of molecular imaging agents in a tissue.

On the left, a single targeted agent is dispersed throughout, in both specific bound (cancer cells) and nonspecific free space (normal tissue)
resulting in poor contrast. On the right, good contrast is achieved using paired‐agent or ratiometric imaging, where the ratio of targeted to
control imaging agents is greater in cancerous tissue than normal tissue. (B) Ratiometric imaging of activatable cell‐penetrating peptides

improves detection of cancer metastases with lymph node invasion as low as 8%.130 (C) Location and small (S), medium (M), and large (L) tumors
in a breast cancer mouse model show no correlation with targeted imaging agent signal until normalized with a control agent.126 (D) Targeted
imaging agent uptake suggests the presence of tumor in both axillary lymph nodes in a xenograft mouse model; however, on addition of a
control agent and ratiometric analysis, the true tumor‐bearing side is identified only on the right134



depend on the type of cancer (eg, breast, head and neck, and

melanoma). For ultimate sensitivity, it may depend on the specific

individualʼs cancer. For a thorough review of the various biomolecule

targets of interest in various cancer types, readers are referred to the

following review papers discussing promising markers, generally,76 in

breast cancer,77 head and neck cancer,78 melanoma,79 lung cancer,80

and colorectal cancer.81

3.1 | Cancer‐specific biomolecules targeted
in nodal staging

Clinical studies using molecular targeted imaging agents for nodal

staging remain relatively few in number considering the long history of

these methods (Table 1). However, with the maturation of fluores-

cence‐guided surgery, a number of clinical trials have been initiated

within the last decade using targeted fluorescent molecules to

highlight cancerous tissues, as reviewed recently,93-95 and lymph node

status has been investigated as an adjunct to many of these studies.

This, along with some encouraging prostate node imaging studies, has

renewed interest in the field of molecular targeted nodal staging. In

patients with prostate cancer, prostate‐specific membrane antigen has

been targeted with antibody‐based83,84 and small molecule85,86

radiolabeled imaging agents for nodal staging. A comprehensive

review of the clinical studies to date was provided by Sankineni

et al,96 with the small molecule agent studies providing greater than

85% sensitivity for lymph node metastasis detection, while maintaining

100% specificity. Slightly lower sensitivities were observed in a recent

prospective evaluation of prostate lymph node status using positron

emission tomography imagingQ7 with 68Ga‐HBED‐CC.87 In patients with

head and neck cancer, epidermal growth factor receptor (EGFR) was

targeted with cetuximab‐IRDye800CW in a 12‐patient pilot study,

where 34 of 35 positive nodes were fluorescent.88 In patients with

breast cancer, human EGFR 2 (HER2) was targeted with 68Ga‐ and
111In‐labeled anti‐HER2 affibody in a 3‐patient proof‐of‐principle

study, demonstrating enhanced signals in some positive lymph

nodes.89 Finally in lung cancer,90 ovarian cancer,91 and endometrial

cancer,92 targeting of folate receptor alpha has yielded early promising

results for detecting lymph node metastases in pilot patient studies.

Preclinical studies using molecular targeted imaging agents for

nodal staging are far more numerous than the clinical studies, as

expected. Here, only a few recent studies are listed based on the

novelty of their molecular targets and/or promise for future clinical

translation. Epithelial cell adhesion molecule is a transmembrane

protein expressed by many cancers, and so could be used as a

relatively ubiquitous target. A recent study has demonstrated its

promise for prostate cancer nodal staging in a mouse model.97 In

breast cancer, while HER2 is a target in aggressive cancers,

approximately 20% of the cancers are HER2‐positive. Conse-

quently, efforts have been made to target more generally

overexpressed molecules such as mammaglobin‐A98 and carbonic

anhydrase IX and XII,99 which have both been demonstrated to

provide high sensitivity in mouse studies. A ligand for epithelial

leukocyte adhesion molecules, CA19.9, has been identified as one of

the first promising targets for tracking lymph node metastases in

pancreatic cancer.100

New cancer targets and molecular pathways are continually

being discovered, so some abstract discussion of what an optimal

target would be and what the optimal imaging agent would be is

warranted. First, it should be noted that heterogeneity in cancers

and mutation during tumor development mean that no 2 tumors are

identical and there can be significantly different genetic populations

of cancer even within an individual.101 There are of course some

general hallmarks of cancer102 and greater similarities exist within

the same cancer types (eg, breast vs prostate) and subtypes

(eg, ductal carcinoma in situ vs invasive ductal carcinoma). By the

time nodal staging is warranted, the type and often the subtype of

cancer is known. There may even be molecular information

available from a primary tumor biopsy. Under these conditions, it

is likely unnecessary to find 1 single molecular target that will be

overexpressed by lymph node metastases across different cancer

types. EGFR in head and neck cancer103 and prostate‐specific

membrane antigen in prostate cancer104 are good examples of

targets that are overexpressed by a large percentage of tumor cells

within their respective cancer types. In addition to the targets

already mentioned for breast cancer, Sushi Domain Containing 2 is

another promising target for breast cancer nodal imaging, which

was recently found to be overexpressed in the breast cancers of

44 of 45 patients with lymph node metastases.105

As an alternative to identifying a single, “perfect” biomolecule

that is overexpressed by 100% of cancers within a cancer type,

another strategy is to target multiple targets, such that cancers

should be identified if they overexpress just one of the targeted

biomolecules. Such multitargeting can be achieved in a number of

ways. It is possible to synthesize a single imaging agent species

that encompasses multiple vectors, each targeted to a different

biomolecule106 or it is possible to combine multiple imaging agents

that are each targeted to a different biomolecule. The latter can

either be achieved by using the same imaging reporter on the

different imaging agents, if there is no interest in identifying the

specific biomolecules that are overexpressed, or each imaging

agent can be labeled with a distinct reporter that could allow some

molecular phenotyping of the cancer present in the lymph nodes,

as was carried out on a recent breast cancer margin imaging

study.107 In addition, as more molecular targeted imaging agents

get approved for clinical use, future nodal staging may benefit

from the primary tumor biopsy results. This could guide the

selection of the optimal nodal staging imaging agent based on the

molecular phenotype of the patientʼs own cancer. A final point on

optimal biomolecule targets is that, in general, they should be

expressed either on the outside of tumor cells or within the

extracellular environment proximal to the cancer cells. Cellular

membranes can significantly mitigate rates of imaging agent

delivery and washout when using imaging agents targeted to

intracellular biomolecules. However, it should be noted that

pharmacokinetics of imaging agents can significantly affect even

extracellular targeted agents.
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3.2 | Pharmacokinetic considerations

The pharmacokinetics of imaging agents are influenced by many

factors including imaging agent properties (eg, size, charge, and

lipophilicity), route of imaging agent administration (eg, intravenous

vs intradermal), and physiology (eg, blood/lymph flow, vascular

permeability, and rates of excretion). The ideal imaging agent would

likely rapidly perfuse throughout every tissue of the body, quickly

bind (with high affinity) to the targeted biomolecule, and the imaging

agent that was not specifically bound would then rapidly washout

from the system. Yet there are a number of hurdles in achieving

these ideal properties. The chemistry of imaging agents is a mature

field that is continually advancing. For a more complete discussion,

the reader is referred to a number of recent review articles on the

subject.108-112 There are a few principles worth expanding on here in

the context of molecular targeted nodal staging. One is centered on

the route of administration.

To generalize, imaging agents can either be injected systemically

(typically intravenously) or locally (typically interstitially, proximal to

the primary tumor). Conventional molecular imaging usually uses

systemic injection, and this method has also been used for a number

of molecular targeted nodal staging applications (see Table 1). In

these applications, the imaging agent is delivered to tissues through

the blood, so for it to gain access to a specific lymph node, it must

first extravasate out of the blood and into the interstitial space of the

tissues that are drained by the specific lymph node. Then, it has to be

transported through the lymphatics to the node, where it has a

chance to bind specifically to whatever cancer‐specific biomolecule it

is targeted to (then unbound agent needs time to wash out). In some

respects, this may seem highly inefficient because the vast majority

of the imaging agent will be delivered to tissues drained by nodes

that may be of no interest at all to the imaging application. However,

there are a couple of key advantages to this approach. First,

individual lymph nodes have multiple input (afferent) vessels,113

and it is known that metastases can block one or more afferent

vessels114; therefore, systemic injection ensures that the imaging

agent will have the greatest chance of accessing the lymph node

because it will arrive at all afferent vessels. Moreover, highly

diffusible imaging agents may be able to gain access to the lymph

node directly through the nodeʼs own blood supply, circumventing

the need to enter the node through the lymphatics (which may be

blocked). Another advantage of systemic administration is that it

enables the use of smaller imaging agents that have shorter biological

half‐lives110,115 (Note: as detailed in the following paragraph, local

administration requires large imaging agents). This, in turn, allows for

imaging of molecular targeted contrast at earlier time points after

injection, which can be particularly beneficial in nuclear medicine

studies, where radioactive decay rates must be taken into account.

Lymph node mapping methods15,116,117 used clinically in all lymph

node biopsy applications use a local injection of contrast agents

(eg, 99mTc‐colloid, methylene blue). For these approaches to work, a

significant fraction of the injected agent must be taken up

preferentially by lymphatic vessels rather than blood vessels

(to achieve contrast in lymph nodes compared with surrounding

tissue). In general, at least with hydrophilic imaging agents, the larger

the imaging agent, more likely it is to be taken up by the

lymphatics,118,119 and it has been demonstrated that agents with

molecular weights greater than 16 kDa will have more than 50%

absorption into the lymphatics after subcutaneous injection.120 A

number of molecular targeted nodal staging methods that use

sufficiently large imaging agents have also used this local administra-

tion (see Table 1), and they have a unique set of benefits compared

with systemic injection methods. First, because the majority of the

injected dose will pass through the lymph nodes of interest, local

injection makes it possible to use far lower doses of imaging agent

compared with systemic injection. This may be helpful for patient

safety and clearing regulatory hurdles. Second, at least at early time

points after injection, the majority of the imaging agent will be

confined to the lymphatics, such that background signals may be very

low or negligible depending on the imaging modality being used. In

addition to the obvious benefits of minimizing background signal, this

may be particularly helpful for fluorescence imaging applications,

which are highly “surface‐weighted” in terms of their sensitivity. That

is, fluorescence created at the surface will be detected as much

brighter than a similar level of fluorescence created at depth.17,121,122

Ultimate depths sensitivities are limited to a few centimeters

depending on the wavelength of the fluorescence, the system

geometry and sensitivity, and method of data collection (for more

details, see the section on depth sensitivity).

There are also some significant drawbacks to local injection

methods that are likely the reason why they have not been widely

adopted in the clinic despite first being proposed in the 1970s.1 First,

larger imaging agents, like the ones required for local administration,

also have longer residual times at the site of injection.118 This,

coupled with the fact that they tend to have longer biological half‐
lives,110 means by the time the unbound imaging agent washes away,

molecular contrast can be confounded by background signal. Second,

there is substantial variability in lymph flow rates among nodes and

for different sites of injection.47,48 This can be problematic for setting

a threshold on what level of imaging agent concentration would be

indicative of cancer burden. Finally as mentioned, delivery of imaging

agents to lymph nodes may be significantly mitigated by the presence

of cancer in a lymph node blocking one or more afferent vessels.

With a local injection, the site of injection may only have access to a

node through a single afferent vessel. All of these complications can

increase the risk of both false positives (cancer‐free nodes being

identified as cancer bearing) and false negatives (cancer‐bearing

nodes being identified as cancer free).

In fact, lymph node and cancer physiology, rather than cancer‐
specific binding, can dominate the pharmacokinetics of imaging

agents in terms of their accumulation and retention in lymph nodes

for both systemically123 and locally60 delivered methods. To account

for this, a growing number of groups have been using so‐called

paired‐agent or ratiometric imaging methods.
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4 | PAIRED ‐AGENT AND RATIOMETRIC
METHODS

Paired‐agent molecular imaging refers to all molecular imaging

methods that use coadministration of a control (nontargeted)

imaging‐agent with a molecular targeted agent. By selecting an

appropriate control agent—ie, one that does not bind to the

biomolecule of interest and exhibits similar delivery and retention

kinetics as the targeting agent in a tissue devoid of the targeted

biomolecule—signal from the control can be used to account for all

nonspecific targeted imaging agent signal. This allows elucidation of

specific binding effects from all nonspecific physiological effects on

the delivery and retention of the targeted imaging agent. Paired‐
agent imaging has a long history in cancer molecular imaging dating

back to the 1950s.124 Likely owing to the difficulties in resolving

signal from multiple imaging agents using more conventional

molecular imaging methods (eg, positron emission tomography and

single‐photon emission computed tomography), adoption of paired‐
agent imaging has been limited. Yet with the maturation of optical

imaging (which makes multiagent imaging relatively easy), there has

been a resurgence in the methodology,125-127 with a recent

demonstration that it can be used to accurately quantify targeted

biomolecule concentrations.128 For a full history and overview of

paired‐agent imaging, the reader is referred to a recent review article

discussing its application for quantifying cell‐surface receptors in

cancer imaging.129

It is worthy to note that ratiometric imaging agents, which have

multiple fluorophores that exhibit differential changes in quantum

efficiency on binding/activation,130 detection of fluorescence lifetime

differences between bound and unbound imaging agent,131 detection

of polarization differences between bound and unbound imaging

agent,132 and use of molecularly targeted plasmonic nanosensors

that shift absorption patterns on binding133 are all more cutting‐edge

methods of isolating specifically bound from unbound fractions of

single molecular target imaging agents. Each of these methods has

the potential to reduce the effects of nonspecific imaging agent

signals that confound single agent nodal staging and other cancer

molecular imaging applications. In addition, many of the mathema-

tical models developed for paired‐agent imaging129 can be directly

applied to these novel methods to achieve more quantitative

measures of targeted biomolecule concentrations.

With the long‐standing problems of nonspecific effects associated

with molecular imaging in lymph nodes that have restricted widespread

adoption in the clinic,60 molecular nodal staging is an ideal candidate for

exploring the improvements paired‐agent (and similar) imaging ap-

proaches can make. To date, there are only 3 preclinical studies that

have explored the advantages of paired‐agent and ratiometric imaging in

lymph node staging, all of which have demonstrated exquisite sensitivity

and specificity for detecting even microscopic levels of tumor invasion

with wide‐field imaging. In 2009, using a transgenic mouse model of

breast cancer, Baeten et al126 demonstrated that the level of

fluorescence detected from either ProSense or MMPSense (pan

cathepsin and matrix metalloproteinase protease‐activatable fluoro-

phores), after systemic administration, showed no correlation with the

extent of breast cancer in tumor‐draining lymph nodes unless these

“targeted” imaging agent signals were normalized to the fluorescence

signal from a control, nontargeted, imaging agent (AngioSense). In 2013,

Savariar et al130 reported on the ability to use systemic administration of

an MMP/elastase cleavable ratiometric cell penetrating peptide to

significantly improve detection of breast cancer metastases in cervical

lymph nodes of a xenograft mouse model as compared with using an

activatable agent alone. And, in 2014, our group demonstrated that it

was possible to detect as few as 200 breast cancer cells in the axillary

lymph nodes of a xenograft mouse model using local coadministration of

IRDye 800CW‐cetuximab (fluorescent antibody targeted to EGFR) with

a control IRDye 700DX‐immunoglobulin G (fluorescent isotype control

antibody).134 In each of these studies, no correlation was observed

between the targeted agent signal on its own and the extent or presence

of cancer in the lymph nodes, further highlighting the significant

confounding variability in lymph physiology on imaging agent delivery

and retention. The promising results from normalizing to control or

unbound signals warrants a discussion of the prospects for future clinical

translation of these paired‐agent and ratiometric methods.

4.1 | Considerations for clinical translation of
paired‐agent and ratiometric protocols

A common concern regarding the clinical translation of paired‐agent

imaging protocols is that it is already very onerous to approve 1 imaging

agent for clinical use, let alone 2. With respect to this, there are recent

unpublished results in our lab suggesting that indocyanine green—which

is already approved for clinical use and has now been used in multiple

lymph node mapping applications17,18,23,135-137—can act as an ideal

control imaging agent when coadministered with IRDye700DX‐labeled

antibodies, such as the GMP‐produced, and ready‐for‐human‐use,

anti‐EGFR agent developed by de Boer et al.123

Another complication with paired‐agent imaging, in general, is

that even when equal concentrations of both the targeted and

control imaging agents are injected, signals may not be on the same

scale owing to differences in: 1) quantum efficiency between

the agents, 2) detection sensitivity of the imaging system in the

“channels” used to image each imaging agent (including light

source and detector differences), and 3) tissue properties at the

respective wavelengths. Quantum efficiency and system sensitivity

differences can be corrected for using a calibration standard or

imaging of a diluted stock solution of the injected cocktail of

imaging agents. Correction for tissue optical property effects is

more complicated. One method to correct for these effects is to

normalize signals from targeted and control imaging agents in

lymph nodes at early time points after paired‐agent injection when

delivery of both agents is expected to be equivalent.134,138

However, it may not be feasible/preferable to collect fluorescence

uptake and retention in the lymph nodes for long periods of time.

Instead, it will likely be preferable to use only paired‐agent lymph
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node imaging at a single optimal time after injection when the

estimation of cancer burden is optimal. In this case, another

method of imaging agent detection normalization is preferred. One

method to correct for optical property effects in fluorescence

imaging is Born normalization,139 wherein the measured fluores-

cence is divided by the measured light used to excite each

fluorophore that is remitted from the tissue. This optical property

normalization can be carried out in an even more sophisticated

manner by a full spectral analysis of the tissue,140 or by faster

methods that map optical properties on a wider field of view.141

Alternatively, it is possible to avoid the need for optical property

correction by using targeted and control agents that have emission

profiles in the same wavelength range but with different

fluorescence lifetimes.142 Similarly, the usage of surface‐enhanced

Raman scattering particles instead of fluorophores can enable high

levels of multiplexing with narrow wavelength ranges.143,144

4.2 | Depth sensitivity considerations

To date, all of the paired‐agent and ratiometric methods have required

optical imaging strategies for signal detection. As mentioned previously,

depth sensitivity is limited for optical imaging of biological tissue, and

most human applications are confined to imaging of the skin, surgical

margins, or using endoscopic procedures. Lymph nodes can be found at

any depth in the human; however, nodes that are involved in breast

cancer, head and neck cancer, and skin cancers are on an average within

1 cm of the skin surface,145 making them accessible to optical imaging

strategies. In the absence of background signal (ie, if the majority of the

imaging agent is confined to the lymphatics), as would be expected in

locally administered imaging agent applications, it is possible to observe

fluorescence signal from most nodes in patients with breast cancer.146

This was observed after local injection of ICG, which fluoresces in the

near infrared (~800 nm) where tissue absorption is low, without using

any specialized equipment. Depth sensitivity and discrimination can be

improved through a number of approaches, including time‐domain

fluorescence detection with isolation of late‐arriving photons,147,148

masked detection of structured light illumination,149 spectral analy-

sis,150 multiple source‐detector distances,151 and US‐guided tomogra-

phy152; however, an ultimate depth sensitivity of anything more than a

few centimeters is inconceivable at this point. For further increases in

depth sensitivity, marginal gains can be achieved by adapting paired‐
agent imaging to multispectral photoacoustic imaging meth-

ods.42,133,153-155 For deeper applications (eg, prostate, lung, and gastric),

paired‐agent imaging could be adapted to dual‐isotope single‐photon

emission computed tomography or lymphoscintigraphy.156

5 | CONCLUSIONS AND PERSPECTIVES
ON MOLECULAR TARGETED LYMPH NODE
STAGING

Molecular targeting ultimately has the potential to be more sensitive than

all other noninvasive imaging methods for lymph node staging because

tumor burden must be significant before it produces changes in lymph

node morphology, function, or metabolism that is observable by the

agent‐free, nontargeted agent, and metabolic agent methods summar-

ized. However, despite clinical applications of molecular lymph node

staging dating back to the 1970s, nonspecific imaging agent accumulation

and imaging agent delivery variability have diminished sensitivity and

specificity of the methods, such that widespread adoption has not been

realized. Recent approaches using paired‐agent and ratiometric molecular

imaging methods have shown extraordinary promise in animal models to

overcome the effects of lymph node physiology on molecular targeted

imaging agent contrast, allowing microscopic levels of cancer burden to

be detectable on wide‐field‐of‐view imaging. Clinical translation of these

methods will require intelligent selection of a suitable molecular target or

targets, which will likely depend on the cancer type, and perhaps the

individual patient. Furthermore, the location of the lymph nodes of

interest will likely define the optimal imaging system with optical imaging

providing promise for superficial nodes, photoacoustic imaging for slightly

deeper nodes, and single‐photon emission computed tomography of

lymphoscintigraphy for deeper nodes.
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SYNOPSIS

This review article provides a current overview of the clinical and preclinical imaging approaches that have been used to noninvasively identify

cancer spread to tumor‐draining lymph nodes.
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Lymph node biopsy is a primary mean for staging breast 
cancer, and yet, less than 1% of the total node volume is 
assessed using standard pathological techniques. Resultant 
high false negative rates warrant the need for improved 
sensitivity. Here, a simple low cost imaging system is 
proposed where angular restriction is used to overcome 
the spatial resolution limitations of conventional optical 
projection tomography in mesoscopic-sized biological 
tissues. It is demonstrated through porcine lymph node 
metastases models that simple backprojection 
reconstruction is sufficient to detect and map 200 µm 
metastases (the smallest clinically significant) in 1 cm sized 
lymph nodes.  

http://dx.doi.org/10.1364/OL.99.099999	

An estimated one in eight women in the US is expected to develop 
breast cancer in their lifetime and this rate continues to increase. 
While the number of deaths is on the decline, over 40,000 women 
still succumbed to the disease in 2017 [1], and this stems largely 
from misdiagnosis of early stage invasive cancer (their metastases 
go undetected). Timely and accurate diagnoses have proven to be 
the single greatest influencer of positive therapeutic outcomes, 
improving 5-year survival rates by more than 10%; thus, more 
sensitive methods of cancer spread are needed [2-5]. The current 
standard for detecting metastases is through pathological 
assessment of sentinel lymph node biopsy (SLNB) tissues; but 
because this process is so time consuming, the method only 
evaluates less than 1% of the whole lymph node volume. This leads 
to 30-60% of micrometastases (0.2-2 mm diameter) to be missed 
and patients misdiagnosed as having low-grade cancers (stage I or 
II) when in reality they have high-grade aggressive diseases (stage 
III) for which they do not receive necessary additional treatment 
[6].	 

Various methods such as flow cytometry, dual-isotope SPECT, 
and photoacoustic microscopy offer potential solutions to improve 
the detection of micrometastases in SLNB. Fluorescent optical 

projection tomography (OPT), however, is a more attractive 
alternative because it is low cost, free of ionizing radiation, and 
non-destructive. Additionally, fluorescence provides higher signal 
to background compared to the absorption based contrast of 
photoacoustic microscopy [7-9]. The limitation of conventional 
OPT becomes apparent in the evaluation of lymph nodes – where 
microscopic levels of sensitivity are required – because of the 
highly scattering nature of biological tissue that limits spatial 
resolution to approximately 1 mm. One way to account for the 
problem of scattering, is to collect only early photons. Imaging in 
the time domain [10-12] and angular domain [13-14] achieves this 
by minimizing the number of detected multiply scattered photons 
that add to image blur. Time domain imaging reconstructs images 
from the earliest arriving photons through gated detection of pulsed 
light or by constraining the arrival time of detected signal. On the 
other hand, angular domain imaging collects only the straightest 
traveling photons by restricting the detector’s acceptance angle. 
Since there is a tradeoff between the level of scatter rejection and 
measured number of photons, the amount of spatial resolution 
enhancement and manner in which it is achieved (time or angle 
restriction) is finite and constrained by the application. For 
improving detection of micromets in lymph node evaluation, where 
the relevant conditions are (1) low scattering optical properties, (2) 
3-6 mm diameter samples, and (3) 200 µm sensitivity, it has been 
demonstrated that angular restriction is the preferred option [15].   

The work presented here capitalizes on this finding for the 
development of a novel agent-dependent enhanced optical 
projection tomography (ADEPT) imaging protocol. The 
combination of angularly restricted tomography and paired-agent 
fluorescence imaging (a molecular imaging technique which 
quantifies targeted biomolecule concentrations through co-
administration of targeted and untargeted/control imaging agents) 
[16] can non-destructively map microscopic levels of cancer spread 
in SLNB specimens to guide pathology sectioning and staging, 
therefore reducing false negative rates of stage III diagnosis.  

Through Monte Carlo simulation and optical property 
experiments, a simulation study was conducted to characterize the 
optimal instrument design specifications (numerical aperture and 



associated optical components) and estimate levels of sensitivity 
and  

 

Fig. 1.  (a) System schematic. (b)  Experimental protocol. 

spatial resolution that could be achieved. The MCML Monte Carlo 
algorithm to model photon propagation in biological tissue 
developed by Jacques et. al [17,18] was used and adjusted so that 
photon exit angle from the tissue was collected and detector angle 
of acceptance was defined (for better representation of angular-
domain imaging). Using experimentally determined lymph node 
optical properties (µa = 0.3 cm-1, µs = 43 cm-1, g = 0.92) [15], 0.2 
mm diameter spherical “micromets” at half the radius of 6, 8, 10, 
and 12 mm diameter cylindrical “lymph nodes” were simulated. 
Based on reconstruction results with filtered backprojection (FBP), 
it was estimated that up to 100% detectability and 95% localization 
could be achieved in 10 mm nodes as suggested by performance 
metrics of receiver operating characteristic (ROC) and area-under-
the-curve of the ROC curve (AROC), and localization ROC 
(LROC) and area-under-the-curve of the AROC curve (ALROC), 
respectively.  These predictions were generated from a system 
configuration with expanded beam illumination, no time restriction 
and strict angular constriction (NA = 0.005), and an image 
acquisition procedure of 120 tomographic views over 360˚ with 1 
min imaging time; therefore, verifying the potential for 
implementation of a simple, low-cost and relatively quick system 
with the ability to detect and localize the smallest clinically 
significant metastases. It should also be noted that these estimates 
are conservative because resolution could be improved with more 
complex methods of reconstruction such as regularized iterative 
reconstruction, where with 20 iterations using non-optimized 
MATLAB code, qualitative detectability of micromets was 
enhanced (not shown here). With the requirement of strict angle 
restriction in mind, ray transfer or ABCD matrix analysis was 

conducted to determine the combinations of iris size and lens 
system needed to achieve NA= 0.005.  

To test the simulated results, the ADEPT system was built to 
match the specifications of the simulations, and experiments were 
conducted with a porcine lymph node metastases model (Fig. 1). A 
human breast cancer cell line (MDA-MB-231) with known 
elevated expression of EGFR was transfected with GFP and grown 
in 3D cell culture so that cells could form spheroids to mimic the 
architecture of metastases. The spheroids were allowed to grow to a 
diameter of approximately 200 µm and then stained for 5 min with 
targeted fluorescent dye IR800-Erbitux (anti-EGFR) before being 
implanted in two spots of lymph nodes excised from fresh porcine 
neck tissue acquired from a local butcher (n = ?). Specimens were 
then embedded in cylindrical transparent agarose gel to maintain 
orientation and prohibit deformation over the course of the imaging 
protocol. Whole node fluorescence tomographic imaging was done 
with the in-house made ADEPT system as follows. The sample 
was placed on a motorized rotation stage and illuminated with a 
780 nm laser (FPL-02RFF1 Calmar Laser, Medocino, Palo Alto, 
CA) whose beam was cleaned up with an excitation filter and 
expanded using a Keplarian lens system. Fluorescent light exiting 
the sample passed through emission filters and another lens system 
to focus down the light through an aperture before reaching the 
detector. Images were captured using a sCMOS (Quantlux, 
ThorLabs, Newton, NJ) every 5˚ over 360˚ for a total of 72 
tomographic views. The same collection range was applied for 
transmittance images. Reconstruction was done on both 
(fluorescence and transmittance) data sets using filtered 
backprojection to create 3D fluorescence maps of the micromets 
and to recreate the node volume for structural context. Two-
dimensional slices at the height of detected cells were also 
reconstructed. All raw fluorescence signal was thresholded and 
presented images were scaled independently such that the 
minimum value chosen was the optimum lower threshold to 
maximize contrast. Following imaging, the samples were frozen-
sectioned in OCT in 200 µm thick slices and imaged on a 
commercial wide-field fluorescence imaging system (Pearl, LI-
COR, Lincoln, NE) for comparison to reconstructed slices, and on 
a fluorescent microscope to validate the presence of cancer cells. 

	

Fig. 2. Porcine lymph nodes implanted with GFP-labeled human breast cancer cell 
(MDA-MB-231) spheroids. Columns from left to right: False-colored fluorescence 
overlaid onto transmittance images from a single tomographic view; ADEPT 



reconstructed virtual sections at the height of detected cells with the node structure 
outlined in red-dashed lines; Pearl images of lymph node sections sliced at the same 
heights; fluorescent microscope images of the regions outlined in yellow dashed boxes. 
Top and bottom rows for each node correspond to top and bottom detected micromets 
respectively. Scale bars are 2 mm unless stated otherwise.  

Results of two representative lymph nodes shown in Fig. 2 
demonstrate the ability of the ADEPT system to detect and localize 
0.2 mm micromets in approximately 1 cm lymph nodes. The 
transmittance images with overlaid fluorescence from a single 
tomographic view provide visualization of the two mircomets in 
each of the nodes; and 2D FBP reconstructed slices at the heights of 
where the fluorescent hot spots were revealed in whole node 
images verified their presence. This was confirmed in both the 
fluorescent wide-field and microscopy images of physically sliced 
sections matching those that were reconstructed. Since both 
mircomets were detected for all samples (and with relative ease), 
the predicted 100% detectability from simulation was confirmed. 
More rigorous experimental validation through quantitative 
performance metrics will be applied in future work, however, the 
qualitative analysis presented here suggests positive localization 
capabilities. The fluorescence microscopy images showed that the 
measured fluorescent signal was indeed from the GFP-labeled 
cancer cells.  

As part of the proposed new protocol, the potential for paired-
agent imaging was tested on the ADEPT system. Porcine lymph 
nodes were embedded with two fluorescent agarose inclusions 
approximately 2 mm in diameter made of IRDye700DX, 
IRDy800CW, or a combination of the two (LI-COR, Lincoln, NE). 
The same procedure for image acquisition and reconstruction 
described above was employed, but with the addition of another 
fluorescent channel [685 nm laser illumination (LDH-PC690, 
PicoQuant, Berlin, Germany) with appropriate filters]. 
Tomographic data sets were collected sequentially for a total of 
three for each sample: two fluorescence channels (700 nm and 800 
nm) and one transmittance.  

Figure 3(a-e) illustrates a node implanted with one IRDye700Dx 
inclusion and one IRDye800CW inclusion. As expected, imaging 
in the 800 nm channel revealed the presence of the IRDye800CW 
bead alone [Fig. 3(a)], while only the IRDye700DX inclusion was 
present when imaging in the 700 nm channel [Fig. 3(b)]. Then, by 
combining the two fluorescent maps and overlaying them on to a 
white light image, 2D virtual slices were reconstructed. Again, FBP 
was sufficient for reconstructing images where inclusions within 
lymph nodes could be resolved with ease. The solid yellow and 
blue lines indicate slices which pass through the 800 nm bead and 
700 nm bead, respectively, and their corresponding ADEPT 
reconstructed sections are show in Figs. 3(d) and 3(e). These 
findings are important because it demonstrates that each 
wavelength channel can be imaged with no cross-talk. Although 
paired-agent imaging was not applied here, that capability of 
exciting and imaging two different contrast agents with no bleed-
through is crucial for the technique. Figure 3(f-i) shows similar 
results of detectability, but for a node embedded with two 
inclusions containing equal concentrations of IRDye700DX and 
IRDye800CW; thus, both agarose beads were expected in images 
of each channel and in the same locations. This was found to be 
true in measures of raw fluorescence from a single sample 
projection [Fig. 3(f,g)] and from reconstructed slices at the height of 

the inclusions represented by the yellow and blue dashed lines [Fig. 
3(h,i)]. These results are also important for application of paired-
agent imaging because it shows that neither of the two fluorescent 
signals masks the other. Several publications have detailed the 
theory of paired-agent imaging and proven its utility [17-21]; 
however, to further elucidate the motivation behind these proof-of-
concept studies it will be discussed in brief.   With the addition of a 
second, untargeted/control imaging agent, the influence of tissue 
perfusion and non-specific uptake/retention of the targeted agent 
can be accounted for so that specific binding can be accurately 
computed. This metric, defined as binding potential, can be 
quantified by subtracting the control signal from the targeted signal, 
and normalizing to the control. The result is a value directly 
proportional to the biomolecule concentration of interest. 
Therefore, the ability to perform paired-agent imaging with the 
ADEPT system permits further improvement of spatial resolution 
and contrast; quantitative data, which alternative methods lack; and 
the potential for whole node rapid analysis of tumor burden 
because of microscopic sensitivity on its own. 

	

Fig. 3.  Representative ADEPT acquired images of porcine lymph nodes with 
fluorescent inclusions. (a-e) Images from a node with one IRDye700DX and one 
IRDye800CW inclusion. (f-i) Images from a node with two 
IRDye700DX+IRDye800CW inclusions. False-colored fluorescence images from a 
single tomographic view in the (a) 800 nm channel, (b) 700 nm channel, and (c) both 
channels overlaid on to a white light image after thresholding. (d, e) Virtual sections of 
the node reconstructed at the solid yellow and blue lines in (c), respectively. Raw 
fluorescence images from a single tomographic view overlaid onto a transmittance 
image in the (f) 800 nm channel and (g) 700 nm channel. (h,i) Reconstructed 



transverse sections corresponding to slices highlighted by the yellow and blue dashed 
lines.  

In this Letter, preliminary results that support the development of 
a novel low cost angular domain imaging system to enhance the 
sensitivity of SLNB pathology are presented. Through porcine 
lymph node metastases models, simulation-predicted levels of 
detectability and localization of the smallest clinically relevant 
metastases were verified using simple angular restriction and 
backprojection reconstruction techniques. Ultimately, this 
demonstrates the potential for such a system and protocol to  
outperform conventional pathology by providing 3D maps of 
cancer cell spread, which can eliminate blind gross-sectioning and 
in turn reduce the high rate of false negatives in breast cancer 
diagnosis. Future steps will include the use of task-based evaluation 
metrics to compare ADEPT performance  to current standard 
methods; the investigation of iterative reconstruction techniques for 
improved image quality; and implementation of a paired-agent 
staining protocol to further enhance cell detection.  
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Abstract: Optical imaging offers exquisite sensitivity and resolution for assessing biological 
tissue in microscopy applications; however, for samples that are greater than a few hundred 
microns in thickness (such as whole tissue biopsies), spatial resolution is substantially limited 
by the effects of light scattering. To improve resolution, time- and angular-domain methods 
have been developed to reject detection of highly scattered light. This work utilizes a 
modified version of a commonly used Monte Carlo light propagation software package 
(MCML) to present the first comparison of time- and angular-domain improvements in spatial 
resolution with respect to varying sample thickness and optical properties (absorption and 
scattering). Specific comparisons were made at various tissue thicknesses (1-6 mm) assuming 
either typical (average) soft tissue scattering properties, µs’ = 10 cm-1, or low scattering 
properties, µs’ = 3.4 cm-1, as measured in lymph nodes. 
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OCIS codes: (170.3660) Light propagation in tissues; (170.7050) Turbid media; (170.6920) Time-
resolved imaging. 

1. Introduction 

Optical imaging is used extensively for assessing biological tissue specimens (biopsies) 
through tissue staining and microscopy of thin tissue slices taken from selected locations of 
the specimens. However, the time intensive nature of these procedures limits more complete 
assessment of specimen volumes. Lymph node biopsy, used to stage metastatic cancer in a 
number of tumor types, is one example of a clinical application that would benefit from 
imaging strategies capable of evaluating larger volumes of tissue, as clinically important 
micrometastases can be missed with current protocols [1]. Optical imaging with photons in 
the near-infrared window (600-1000 nm)—where the absorption is low and scattering 
dominates—offers the potential to carry out whole specimen analyses if scattering can be 
accounted for [2-4]. Two of the more common methods of scatter rejection to improve 
resolution in imaging of scattering biological tissue include (1) time-domain imaging (also 
called early-photon imaging) [5-8], where pulsed light sources are used and images are 
reconstructed only from the photons that arrived earliest at the detector (having taken the 
most direct path through tissue); and (2) angular-domain imaging [9-11], where only the 
straightest photons exiting the tissue are collected (presumably limiting collection of photons 
that have deviated far from the most direct path through the tissue). 

In both approaches, there are a number of instrument design considerations that can affect 
level of scatter rejection (i.e., time resolution in time-domain applications and numerical 
aperture of the collection optics in angular-domain applications). Yet, while greater levels of 
rejection (smaller the time window or smaller the aperture) can theoretically provide better 



spatial resolution, there is a tradeoff in resolution and collected number of photons. As such, 
the question of how to reject scattered photons and to what extent is complex and will depend 
on the conditions of the application (size and optical properties of the specimen). This work 
presents the development of a simulation tool to directly compare time- and angular-domain 
imaging at different levels of time- and angular- scatter rejection. Specific comparisons were 
made at various tissue thicknesses assuming either typical (average) soft tissue scattering 
properties (µs’ = 10 cm-1 [12]) or low scattering properties (lymph node: µs’ = 3.4 cm-1, 
measured in this work, see Section 2.4 & 3.1). Simulations were carried out with an 
augmented version of a commonly used Monte Carlo simulation subroutine, mcsub.c [13, 14], 
which was optimized for GPU parallelization and modified such that the path and exit angles 
of the light that “hit” the designated detector was saved separately from the overall fluence 
map. This was critical for comparing time- and angular-domain resolution and contrast  
tradeoffs. The augmented Monte Carlo code is available to anyone upon a request. 

2. Method 

2.1 Monte Carlo simulation 

To compare potential resolution improvements using time- and angular-domain imaging in 
biological specimens (1-6 mm in diameter), the Monte Carlo (MC) subroutine, mcsub.c, 
developed and distributed by Jacques et. al [13, 14] was augmented in a few ways. Briefly, 
mcsub.c was designed to mimic the light propagation in finite sized, turbid (scattering) media 
with homogeneous optical properties, assuming Fresnel reflection at tissue/air interfaces. The 
code requires inputs of the size of the medium (s), the absorption coefficient of the medium 
(µa), the scattering coefficient of the medium (µs), the anisotropy of scattering (g), the 
refractive index of the medium (n1), the refractive index of the external medium (n2), and 
characteristics of the incident light beam (e.g., light shape and position of illumination). 
Briefly, in MC simulation, photon “packets” (which are commonly called photons in MC 
literature) are launched at a location and in a direction and distribution matching the desired 
illumination setup. Each packet is made to travel a random distance (step) before scattering 
(changing direction). The distribution of random distances is linked to the probability of 
scattering (µs) and the distribution of random direction changes is linked to the anisotropy of 
the scattering (g). At the end of each step, the weight of the photon packet (which begins as 1) 
is adjusted, according to the absorption properties (µa). The process is then repeated until the 
photon packet leaves the medium, is detected, or reaches a selected lower limit of weight. The 
mcsub.c program then outputs a vector of escaping flux density versus radial position, 

 
J ri( ) , 

and a matrix of fractional density map of incident light transported 
  
T ri , zk( ) , recorded on 

cylindrical coordinate system. In order to make mcsub.c amenable to compare time- and 
angular-domain imaging in “small” (mesoscopic) tissue samples, and improve execution time, 
the following adjustments were made: 

(1) Detector subroutine was added such that one can define a detector’s acceptance in space 
(size, location), time, and angle. (comparing time- vs. angular-domain). 

(2) The complete path of each photon package was retained through the “life” of the photon 
packet (until it exited the medium or reached a weight that would trigger a drop). If the 
photon packet was accepted by the detector (see (1)), the path of that photon packet was 
added to a separate detected fractional density map of incident light transported 

  
D xi , y j , zk( ) , 

recorded on Cartesian coordinates. (comparing time- vs. angular-domain). 

(3) The incident Gaussian beam simulation was modified to propagate the beam as a solution 
of the paraxial Helmhotlz equation in the tissue until the first interaction point, as described 



by Hokr et al [15]. (improving approximation of a Gaussian beam propagation in turbid 
medium). 

(4) A variance reduction technique defined by Kawrakow and Fippel [16] was employed to 
reduce the number of photon packets passing through the medium without having any 
interaction. Specifically, a factor DIV (0<DIV≤1) was introduced, where each photon 
package was then propagated a distance, Δs*DIV (where Δs is the standard step size derived 
by mcsub.c). Roulette was then used to determine if the photon packet was scattered. 
(improving execution time). 

(5) The code was optimized for parallelization on a GPU cluster. Specifically, a new random 
number generator [17] was used to avoid repeats of the same random seed numbers, when 
photons were initiated on different threads of the GPU at the same CPU clock time (used in 
the mcsub.c code as a randomizer for the random number generator). (improving execution 
time). 

2.2 Simulated phantom experiment 

The augmented Monte Carlo software was used to evaluate how the scatter rejection by time- 
and angular-domain restrictions can influence spatial resolution and contrast in transmission 
optical projection tomography of average and low (lymph node) scattering coefficient tissues 
over a range of tissue thicknesses: 1-6 mm. Average soft tissue optical properties for 780 nm 
wavelength light (absorption coefficient: µa = 0.2 cm-1, scattering coefficient: µs = 100 cm-1, 
anisotropy factor: g = 0.9) were taken from Jacques [12], and lower scattering lymph node 
optical properties (µa = 0.3 cm-1, µs = 43 cm-1, g = 0.92) were estimated experimentally 
(Sections 2.4 & 3.1). For each optical property group and every thickness, four levels of 
angular-domain restriction were tested (numerical apertures (NA) of 0.124, 0.059, 0.025, and 
0.005), including all photon arrival times, and at NA = 0.124, three time-domain restrictions 
(also called time gates) were tested (1, 0.3, and 0.1 ps). The illumination source was 
simulated as a Gaussian beam reaching its waist at the surface of the sample and having a 
full-width-half-maximum waist of 50 µm. The size of the source was selected to minimize the 
spot size while maintaining a non-divergent beam through the thickness of the samples 
(divergence increases with smaller spot sizes) [18]. Detector size (50 µm diameter, circular) 
was selected to match the size of the illumination point since the resolution will be dominated 
by the light source beam width. Source and detector were simulated to be directly opposite on 
either side of the scattering media. The tissue index of refraction was set to 1.4 [12] and the 
surrounding was simulated as air.  

Under each imaging condition and assuming a small perturbation of the absorption (Fig. 
6a), the detected intensity at x-axis location, xm, and y-axis location, yn was estimated by: 

 N m,n( ) = N0 D xi − xm , y j − yn , zk( ) 1−
δµ xi , y j , zk( )

µa +µs

⎛
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where 
  
D xi , y j , zk( )  is the detected fractional density map of transported incident light obtained 

in Monte Carlo simulations defined on a 10 µm pixel grid over a 2d x 2d x d mm3 uniform 
object area, with d denoting the object thickness, 

  N0
 representing the number of launched 

photons per source-detector location, and δµ  representing the perturbation in the absorption 
coefficients of the scattering medium [19].  

2.3	Analyzing	spatial	resolution	

To evaluate achievable resolution for each simulated condition, two metrics were employed: 
modulation transfer function (MTF) and object to background contrast.  



The MTF [20] was reported as the spatial frequency (cycles/cm) at which the modulation 
dropped to 10%, MTF10%. Here, Eq. 1 was used as defined in Section 2.2. The absorption 
coefficient of a single pixel (10x10x10 µm3) inclusion was set to 10% higher than the 
background absorption coefficient. 

The object to background contrast was calculated as: 

 contrast = I1 − I2
I1 + I2

	 (2) 

where, I1 and I2 were the mean intensities measured from 50x50 µm2 regions about the center 
of mass of one absorber (I1) and in the center of mass of the space between the absorbers (I2). 
Here we assumed two, 200x200x200-µm3-square inclusions separated by 200 µm in the 
central axial plane of the objects.  

2.4 Optical properties of lymph nodes 

Lymph node optical properties were estimated in two steps: 1) using a time-domain optical 
imaging system, diffusion approximation of the radiative transfer equation, and thick tissue 
samples to estimate µa  and ′µs ; 2) Beer-Lambert law and thin tissue sample to estimate g . 

 1). Estimation of µa  and ′µs ; Thirty lymph nodes were surgically removed from the neck 

tissue of freshly slaughtered pigs provided by a local butcher. The nodes were packed into a 
4x4-cm2 clear square glass container. On the same day, the lymph node filled container was 
placed in the imaging field of an time-domain optical imaging system [18]. Briefly, the 
system employed a 780 nm femtosecond pulsed laser (Mendocino, Calmar Laser, Palo Alto, 
CA) for illumination and a single photon avalanche diode detector (PDM, Micro Photon 
Devices, Italy) connected to a time correlated single photon counting module (HydraHarp, 
PicoQuant, Berlin, Germany) to measure the temporal point spread function of light arrival at 
a time resolution of 4 ± 12 ps. The system was used to collect the transit time distribution of 
photons passing through the 4-cm-thick lymph node sample. At this thickness, it was assumed 
that the diffusion approximation of the radiative transfer equation was sufficient to model the 
collected time-domain signal [21]. Specifically, the following expression was used to estimate 
the average absorption coefficient, µa , and reduced scattering coefficient, ′µs , of lymph nodes 

through least squares optimization using MATLAB (Mathworks, Natick, MA) code: 

 φ t( ) = φ0 t( )∗at −
3
2 exp −

3 µa + ′µs( )d 2
4vt

− µavt
⎛
⎝⎜

⎞
⎠⎟
, 	 (3) 

where ϕ(t) is the measured temporal point spread function of the laser after passing through 
the lymph node sample, ϕ0(t) is the measured instrument response function of the system, * 
represents the convolution operator, a is a scaling factor and fitting parameter, d is the 
thickness of the sample (4 cm), and v represents the speed of light in the medium (with an 
assumed index of refraction of 1.4 [12]). 

2). Estimation of g ; Lymph nodes then frozen in TissueTek OCT Compound (Sakura 
Finetek, Torrance, CA) and cryostat sectioned in d=100-µm thick slices. The samples were 
mounted using a wet cell geometry as developed by Hall et. al [22] to prevent dehydration of 
the tissues. Briefly, samples were placed on 1-mm-thick glass slides with phosphate buffered 
saline above and below the tissue, and topped with a coverslip. The slide was sealed using 
Vaseline. Thin tissue slices permitted the condition of single scattering, and thus, use of the 
Beer-Lambert law to model transmission:  

		 P = P0 exp −µtd( ) ,	 (4) 



where P is the measured transmitted power after passing through the lymph node sample, P0 
is the measured incident power, d is the tissue thickness, and µt is the total attenuation 
coefficient comprised of the absorption and scattering coefficients (µt = µa + µs). Each tissue 
section was illuminated with the 780 nm femtosecond laser in two spots – one in the center of 
the sample and the other on the edge to account for variability in the biological structure of 
lymph nodes and corresponding optical properties [23]. Incident and transmitted power were 
measured with a photodiode power sensor (S120C, Thorlabs, Newton, NJ). The scattering 
anisotropy factor was calculated using g = 1 – µs’/µs. 

To verify the methods described above, the procedure was carried out on optical tissue-
mimicking phantoms (Biomimic, INO, Quebec, Canada) where optical properties were 
known (µa = 0.05 cm-1, µs’ = 10 cm-1, g = 0.62, n = 1.51). The thick tissue diffuse 
approximation experiment was conducted with a 3x3x4.8 cm3 block of the phantom, while 
the thin tissue attenuation experiment was done on a 3x3x0.4 cm3 slab. 

3. Results and Discussion 

3.1 Lymph node optical property estimation 

The absorption and reduced scattering coefficients were obtained from fitting measured 
temporal pulse spread functions with the diffusion approximation to the radiative transfer 
equation (Eq. 3). The estimated optical property values were µa = 0.30 cm-1 and µs’ = 3.37 
cm-1. To further characterize the lymph nodes, transmittance measurements were acquired 
from thin tissue samples, and Eq. 4 was used to calculate µt and subsequently obtain µs so 
that the anisotropy factor could be attained. The average attenuation coefficients were µt = 
46.4 ± 17.2 cm-1 and µt = 40.3 ± 19.6 cm-1 at the edge and center of the lymph node sections 
respectively. Higher values at the edge compared to the bulk are consistent with findings from 
an in-depth analysis of local attenuation coefficient in human lymph nodes conducted by 
Scolaro et al. [23]. It is expected that regions of fibrous stroma from the capsule (periphery of 
the node) have higher attenuation, while the paracortex and medullary sinuses (bulk of the 
node) will have lower attenuation; and the obtained results follow this trend. The above 
values are also comparable to the coefficients presented in the literature, which were found to 
be in the range 45 – 153 cm-1 at 1320 nm using optical coherence tomography. A mean of µt = 
43.3 cm-1 was used for calculations and provided a resultant anisotropy factor of 0.92—again 
consistent with other values of g in the literature for biological soft tissue [12].  

The optical properties of a phantom with known absorption coefficient, reduced scattering 
coefficient, and anisotropy factor were chracterized to confirm the validity of the 
experimental methods. The obtained values were µa = 0.055 cm-1, µs’ = 9.377 cm-1 and g = 
0.636, providing an error of 10%, 6.2%, and 2.6% for the absorption coefficient, reduced 
scattering coefficient and anisotropy factor, respectively (target values: µa = 0.05 cm-1, µs’ = 
10 cm-1 and g = 0.62—provided from the manufacturer). These coefficient values fall within 
the expected margin of error that results from a time resolved transmittance characterization 
method (11.3% for absorption coefficient and 6.8% for reduced scattering coefficient [24]). 
Although the expected error for g is not reported, the obtained result is in good agreement 
with the target value, and within 0.1% of the standard deviation (g = 0.62 ± 0.015). Based on 
these findings, the validity of the aforementioned techniques to characterize optical properties 
was confirmed, and the estimated lymph node optical properties could then be applied to 
simulation studies with confidence.  

3.2 Simulated phantom results 

First, in Fig. 1, the detected fractional density map of transported incident light  recorded on a 
cylindrical coordinate system, normalized to maximum of one, is reported for the studied 
range of time- and angular-domain restriction for the low-scattering tissue (i.e., lymph node 
like) and thicknesses of 3-6 mm. In general, angular-domain restriction provided the highest 



improvement in potential spatial resolution as one can determine from the density map profile 
at the half thickness of the object, relative to the object thickness, with improvements over no 
restriction diminishing with increasing object thickness. On the other hand, time-domain 
restriction tended to provide greater improvements in potential spatial resolution for thicker 
samples. Though results are not provided in Fig. 1, if one would increase scattering 
properties, µs, or lower scattering anisotropy, g, similar trend can be observed as with 
increased sample thickness. 

 

Figure 1. Detected photons’ transported density maps determined by Monte Carlo simulation 
plotted as a function of axial distance (z-axis; along the direction of the illumination vector) 
and the radial distance (x-axis; perpendicular to the direction of the illumination vector). This 
figure provides a subset of results for the low scattering tissue (similar to lymph node tissue; µa 
= 0.3 cm-1, µs = 43 cm-1, g = 0.92), for object thickness between 3-6 mm, angular-restriction 
between NA = 0.005-0.124, and time-domain restriction for 0.1-1 ps. All simulations were 
based on a 50-µm FWHM Gaussian light source incident on the object at its waist and a 50-µm 
diameter detector. 

3.2.1 Modulation transfer function 

The detected-photons’ transported density maps of various optical projection setups (e.g., Fig. 
1) in average and lymph node-like biological tissues were further analyzed in terms of their 
modulation transfer functions for thicknesses of 1-3 mm for average tissue and 1-6 mm for 
lymph node tissue; the results of which are presented in Fig. 2. These results further 
supported the conclusions from the Fig. 1: that angular-domain restriction is only effective at 
improving spatial resolution for thinner and/or lower scattering tissues. Specifically, 
significant angular restriction (NA = 0.005) only provided improvements in MTF10% 
compared to more standard imaging (e.g., NA = 0.124) up to tissue thicknesses of about 2 
mm for average tissue (Fig. 2a); whereas in lower scattering lymph nodes, it was predicted 
that improvements in MTF10% with angular restriction could be observed at least up to 6 mm. 
This is significant, as the vast majority of excised lymph nodes have elliptical shape with 
short-axis diameters of up to 6 mm (results not shown), thus demonstrating the potential to 
use relatively inexpensive angular domain imaging methods to significantly improve spatial 
resolution in whole lymph node imaging. Moreover, with MTF10% estimated to be above 50 
cyles/cm at 6-mm diameter nodes (Fig. 2c), it is possible to resolve 200-µm diameter objects, 
a size that is recognized to correlate to the smallest clinically relevant metastases in lymph 
node biopsy pathology (e.g. [25, 26]). 



The MTF10% of various time-domain restrictions (0.1, 0.3, and 1 ps duration) are presented 
for average tissue and lymph node-like tissue in Fig. 2b & d, respectively. A 1 ps time-
resolution is about the limit for time-correlated single photon counting technology at present 
[27]. This temporal resolution was shown to be unable to improve resolution over standard 
optical detection in average tissue until thickness was greater than 1 mm, and greater than 4 
mm in lymph node-like tissue. Another limitation of this form of time-domain restriction is 
that detection rates are restricted by the dynamic range of detectors and most of the dynamic 
range is used up by later arriving photons; however, gated detectors [28] and dead-time 
enhanced early photon detection [29] can help overcome this limitation. More restrictive early 
photon gating is possible with optical gating approaches (width proportional to the duration of 
each light pulse emitted by the light source: ~0.1 ps for a “femtosecond” laser) [30]. With 0.1 
ps time-domain restriction, substantial improvements in MTF10% were observed at nearly all 
thicknesses and tissues investigated, with improvements increasing with tissue thickness. 
These results suggest that optical gating with femtosecond lasers has the potential to 
significantly improve resolution in mesoscopic imaging; however, it should be noted that, 
experimentally, optimal selection of the location of the 0.1 ps gate can be difficult, 
particularly considering the variability in specimen thickness across a field of view. 

 

Figure 2. MTF10% values obtained for different sample types with different restrictions. The 
values are plotted for average tissue optical properties (µa = 0.2 cm-1, µs = 100 cm-1, g = 0.9; 
column 1), and for lymph node-like optical properties (µa = 0.3 cm-1, µs = 43 cm-1, g = 0.92; 
column 2). All simulations were based on a 50-µm FWHM Gaussian light source incident on 
the object at its waist and a 50-µm diameter detector. Variations in time- and angular-domain 
restriction are presented in rows 1 and 2, respectively. 

3.2.2 ANSI Safety Limits 

One limitation to scatter rejection approaches that requires consideration is the potential for 
loss of signal-to-noise ratio as restrictions become more substantial. Based on the light source 
and detector sizes simulated in this work, the amount of energy that would be needed to 



deliver 1 fJ of light energy at the detector for different lymph node-like tissue thicknesses is 
presented in Fig. 3. This energy is equivalent to approximately 4000 photons for a 780 nm 
laser, which would be considered a reasonable amount of signal with detector efficiencies of 
approximately 30% [31]. Assuming a dwell time of 10 ms (< 2 min imaging of 5x5 mm field-
of-view at 50 µm steps), the laser power required to achieve 1 fJ at the detector in the most 
restrictive case evaluated (angular restriction of NA = 0.005) and at the thickest distance 
evaluated (6 mm) would be only 0.01 mW, which is achievable by most commercially 
available 780 nm light sources. When this power is focused to a 50-µm diameter spot, this 
results in approximately 100 mW/cm2, just below the 300 mW/cm2 recommended ANSI skin 
safety limit for exposures of longer than 10 seconds [32]. With only a 10 ms illumination 
required and higher limits of pulsed laser systems, adequate number of photons is achievable 
for reasonable imaging times using all scatter restrictive approaches examined in this work. It 
should be noted that ~2 min per projection may be too slow if the eventual goal is to expand 
this to tomography where more that 180 views would require imaging times of more than 6 h. 
However, for angular restriction applications, there is no need to use a single detector, but 
rather a CCD camera could be used for detection, allowing imaging times to reduce to 
minutes (unpublished results). Even for time-domain applications, optical gating allows the 
use of CCD detectors to acquire many projection simultaneously [30], and there is work to 
advance time-correlated single-photon counting SPAD arrays [33]. 

 

Figure 3. Monte Carlo simulation results estimating the amount of light energy required at 
illumination to detect 1 fJ of energy (~4000 photons at 780 nm) at various thickness of a 
lymph node-like tissue (µa = 0.3 cm-1, µs = 43 cm-1, g = 0.92), assuming a 50-µm FWHM 
Gaussian light source incident on the object at its waist and a 50-µm diameter detector at three 
example restrictions along with the no restriction case. 

3.2.3 Contrast 

For applications where exact localization of an object may not be crucial, and rather it is just 
necessary for a lesion to be detectable (e.g., lymph node imaging, where the goal is not 
necessarily to localize cancer burden, but detect metastases greater than 200 µm in diameter), 
a metric of contrast, such as that defined in Eq. 2, may be more informative. Figure 4 
presents the comparison of normalized contrast for a range of time- and angular-domain 
scatter rejection methods in terms of detecting a 200-µm inclusion in varying sized tissues 
(both those with average optical properties, and those with lymph-node like properties). 
Interestingly, angular-domain rejection did not offer much improvement over standard 
imaging in average soft tissue; however, contrast improvements for lymph node-like tissues 
were substantial even at 6 mm diameter (a thickness matching the largest short-axis diameters 
of human sentinel lymph nodes—unpublished results). In terms of time-domain rejection, the 
contrast improvements were minimal for 1-mm diameter objects; however, the level of 



improvement of each level of restriction amplified as the diameter of the object was 
increased. This makes sense conceptually because as the object size increases, the range of 
pathlengths of photons collected within a set arrival-time interval do not change, thus 
amplifying the improvement of early photon. It is this principle that makes it possible to 
improve imaging resolution with time-domain rejection imaging even for whole mouse 
imaging (~30 mm diameter) [6]. However, it should be noted that to avoid tissue damage 
(requiring some restriction on the laser power used) while maintaining signal-to-noise in 
terms of the photon budget, 0.1 ps time gates are likely not possible for tissue imaging past 3 
mm diameter in typical tissue or 6 mm diameter in lymph node like tissue, without 
significantly increasing imaging time. 

Angular domain improvement did not exhibit the same effect as time-domain, and in fact 
demonstrated improved MTF and contrast in small objects because the angular distribution of 
photons arriving at the detector loses it “memory” the as the thickness of the scattering 
medium increases or the level of scattering increases. So for thinner and/or lower scattering 
media, a narrow acceptance angle at the detector will provide detection of a higher proportion 
of photons traveling straight between the source and detector (the scattered photons don’t 
have enough space to scatter back into a straight path). However, this fraction diminishes as 
the thickness and/or the level of scattering of the medium increases, until all possible photon 
paths are equally probable for any acceptance angle (i.e., the diffusion regime, which is 
typical assumed to be around 1-2 cm for typical biological tissue [34]). 

 

Figure 4. Contrast values obtained for different sample types with different restrictions. The 
values are plotted for average tissue optical properties (µa = 0.2 cm-1, µs = 100 cm-1, g = 0.9; 
column 1), and for lymph node-like optical properties (µa = 0.3 cm-1, µs = 43 cm-1, g = 0.92; 
column 2). All simulations were based on a 50-µm FWHM Gaussian light source incident on 
the object at its waist and a 50-µm diameter detector. Variations in time- and angular-domain 
restriction are presented in rows 1 and 2, respectively. 

3.2.4 Visual comparison 

A more visual representation of the achievable spatial resolutions for each scatter rejection 
method was produced by simulating two, 200-µm three-dimensional square absorbers 
positioned in the center of a 6 mm thick object with lymph node-like optical properties and a 
3 mm thick object with average optical properties (as demonstrated in Fig. 5a). Simulated 



projections for raster scanning the object at 10-µm spacing (Fig. 5a) were created by the 
method described in Section 2.3, based on Eq. 1. Line profiles of simulated light detection 
across the region of the inclusions (Fig. 5b) were used to compare resolution for time- and 
angular- scatter rejection for the 6 mm lymph node-like object (Fig. 5c). This figure 
demonstrates visually what it means to have improved contrast using time restriction with a 
0.1 ps time gate compared to a 0.005 NA angular restriction (Fig. 4d vs. 4c), while the 
angular restriction can provide similar MTF characteristics (Fig. 2c vs. 2d). Specifically, a 0.1 
ps time-gate restriction provided the best contrast of the methods tested (greatest difference in 
signal between absorbers vs. on absorbers); however, the shape of the contrast profile was 
quite smooth compared to the shape that would be expected with no scattering (sharp edges). 
The 0.005 NA angular restriction profile provided the most accurate representation of the 
shape, but with diminished contrast. 

A further visual comparison of the resolutions achievable by time and angular restrictions 
is presented in Fig. 5d, presenting 2D projection images of the absorbing inclusions in the 6 
mm thick object with lymph node-like optical properties and the 3 mm thick object with 
average optical properties. In these images, Poisson noise was added assuming 1 fJ energy 
detected at each raster scanned position for the most restrictive case (0.005 NA); all other 
conditions were scaled accordingly. Without any scatter rejection, it was not possible to 
resolve the objects in the 3 mm average tissue simulation; however, the low scattering nature 
of the lymph node simulation did make it possible to “see something” even with no scatter 
rejection for a 6 mm thick object. In both scattering cases, 0.1 ps time gate improved 
observation of the inclusion, further supporting the ability of narrow window (optical gating) 
can improve optical imaging resolution in the mesoscopic range [30]. As expected from the 
MTF and contrast spatial resolution metrics (Fig. 2 & 4, respectively), angular restriction with 
an NA = 0.005 was not sufficient to improve identification of the inclusions for the higher 
scattering 3 mm thick average tissue-like object; whereas, significant improvements in 
identification were observed for the lower scattering 6 mm thick lymph node like object (also 
supported by the MTF and contrast metrics). 



 

Figure 6. One- and two-dimensional simulated optical projections with various levels of time- 
and angular-domain scatter rejection. A depiction of the simulation setup with two inclusions 
placed on a plane half the distance (d/2) between the illumination surface and the detection 
surface; inclusions were 200x200x200 µm3, separated by 200 µm is presented in (a). The 
orange dots indicate the raster scan points every 10 µm of the simulated imaging and the red 
arrows indicate the locations of the source and detector at one position. A cross section of the 
inclusions is presented in (b). The red dashed line identifies the projection of measured light 
intensity measured by each scatter rejection system that is presented in (c). NA = numerical 
aperture of angular scatter restriction; 0.1 and 1 ps refer to time gated simulation data. Poisson 
noise was added assuming 4000 photons detected for the lowest in the non-absorbing region. 
These comparisons refer to simulated transmission data for lymph node-like optical properties 
(µa = 0.3 cm-1, µs = 43 cm-1, g = 0.92; at 780 nm) with a 50 µm FWHM radius Gaussian light 
source incident on the object at its waist and a 50 µm radius detector. Two-dimensional 
projection images for 3 mm thick average soft tissue (µa = 0.2 cm-1, µs = 100 cm-1, g = 0.9) and 
6 mm thick lymph node like tissue are presented for conventional imaging (left column), 
angular restriction of NA = 0.005 (middle column), and 0.1 ps time restriction (right column) 
in (d). 

4. Conclusion 

The culmination of the simulation and lymph node optical property experimental results 
presented in this work provides guidance for the development of optical imaging system of 
tissue biopsy and in particular lymph nodes. Specifically, it was demonstrated that low cost 
angular domain imaging could be used to achieve detection of the smallest clinically relevant 
micrometastases. Ultimately, this can help develop lymph node imaging systems able to 
outperform standard pathology protocols in terms of processing time and sensitivity of 
detecting cancer spread. Future steps will include the development of lymph node staining 



protocols to enhance cancer cell contrast through targeted fluorescent of other optical imaging 
agents, and the long term ability to detect micrometastases in excised human nodes will 
require task-based evaluation metrics to demonstrate improved sensitivity and specificity over 
existing clinical protocols. 

A broader impact of this work is the development and dissemination of a Monte Carlo 
software optimized for mesoscopic imaging. The nuances demonstrated in the work between 
optical properties and methods of scatter rejection with respect to their effects on spatial 
resolution in mesoscopic optical imaging reinforce the complexity of optical imaging in this 
regime. They also highlight the critical role that an accurate, fast, and informative photon 
propagation simulator can play in further developing and optimizing the future of mesoscopic 
optical imaging systems. The software utilized and provided by this work offers such ability, 
as an augmented version of the Monte Carlo subroutine employed by the “MCML” software 
widely used for visible and near-visible photon propagation modeling in scattering biological 
tissues [35]. Specifically, the code was (1) optimized for GPU-parallelization, (2) amended to 
allow the paths of photons arriving at a detector within definable time windows and/or at 
definable angles of incidence to be separated from the paths of all other photons, and (3) 
amended to allow modeling of coherent propagation of a Gaussian light source prior to the 
first interaction point. While neither GPU parallelization of MCML [36], addition of time and 
angular constraints [10], nor Gaussian propagation [15] in photon propagation are on their 
own new, the presented code is the first code to combine all of these optimizations, providing 
unique capability to accurately compare time- and angular-domain systems, which 
encompasses the immediate future of advances in optical projection imaging in the 
mesoscopic range. 
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Abstract	

Nanoparticle (NP) contrast agents targeted to cancer biomarkers are increasingly being engineered for the early detection of 
cancer, guidance of therapy, and monitoring of response. There have been recent efforts to topically apply biomarker-targeted 
NPs on tissue surfaces to image the expression of cell-surface receptors over large surface areas as a means of evaluating 
tumor margins to guide wide local excision surgeries. However, diffusion and nonspecific binding of the NPs present 
challenges for relating NP retention on the tissue surface with the expression of cancer cell receptors. Paired-agent methods 
that employ a secondary “control” NP to account for these nonspecific effects can improve cancer detection. Yet these paired-
agent methods introduce multidimensional complexity (with tissue staining, rinsing, imaging, and data analysis protocols all 
being subject to alteration), and could be greatly simplified with accurate, predictive in silico models of NP binding and 
diffusion. Here, we outline and validate such a model to predict the diffusion, as well as specific and nonspecific binding, of 
targeted and control NPs topically applied on tissue surfaces. In order to inform the model, in vitro experiments were 
performed to determine relevant NP diffusion and binding rate constants in tissues. The predictive capacity of the model was 
validated by comparing simulated distributions of various sizes of NPs in comparison with experimental results. The 
regression of predicted and experimentally measured concentration-depth profiles yielded <15% error (compared to ~70% 
error obtained using a previous model of NP diffusion and binding).  

Keywords: nanoparticle, contrast agents, optical molecular imaging, optical tags, nanomedicine, biomedical optical imaging 

1.	Introduction	

Wide local excision is commonly used for surgical 
treatment of sarcoma, skin, breast, pancreatic, 
gastrointestinal and other cancers, where removal of some 
healthy tissue surrounding the cancerous tissue would not 
significantly affect the quality-of-life of the patient. For 
example, in the treatment of breast cancer, wide local 
excision (lumpectomy) followed by radiation provides equal 
survival rates to full breast removal (radical mastectomy) so 
long as the lumpectomy surgical margins are negative (i.e., 
the surfaces of the resected tissue specimens are absent of 
cancerous tissue) [1]. Unfortunately, excised surgical 
specimens from 6-8% of patients with skin cancer [2,3], 20-
50% with breast cancer [4–6], 20-35% of patients with 
sarcoma [7], 14-76% of patients with pancreatic cancer [8,9], 
and approximately 7% of patients with head and neck cancer 

[10] exhibit positive margins when assessed in post-operative 
pathology, typically necessitating a callback surgery to 
remove the residual tumor. The development of 
intraoperative methods capable of accurately assessing 
surgical margins could help to eliminate the morbidity, 
psychological trauma, and financial burden of these callback 
surgeries. Approaches that have been tested include frozen 
section pathology [11,12], intraoperative cytology [13,14], 
RF spectroscopy [15,16], ultrasound [17,18], specimen 
radiography [12,19], molecular endoscopy [20–22], optical 
coherence tomography [23], nonlinear microscopy [24,25], 
structured illumination microscopy [26–29], photoacoustics 
[30], light-sheet microscopy [31], and molecular imaging 
with topically applied agents [20,32–39]. Of these methods, 
frozen section pathology and intraoperative cytology have 
been investigated most extensively to date; yet both methods 
only provide limited sampling of the surgical margin (<1% 
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of the specimen surface). In addition, the high fat content in 
breast tissue negatively impacts the quality of frozen sections 
[40,41]. 

The topical application of agents targeted to cancer 
biomarkers has recently been explored to rapidly assess 
tissue margins [33,35,42–45]. Key advantages of topical 
application, for eventual clinical translation, include reduced 
toxicity and regulatory issues. However, nonspecific 
accumulation and off-target binding of imaging agents in 
tissue specimens often confound the interpretation of 
imaging results [46]. One way to normalize for nonspecific 
effects is to utilize a paired-agent method in which a control 
agent is co-administered with a cancer-targeted agent. 
Compared to the conventional approach where only targeted 
agents are used, such a paired-agent method has been shown 
to improve biomarker quantification when using various 
types of agents such as fluorescent dyes [32,39,46–49] and 
nanoparticles [20,21,33–35,37,38,44,50,51].  

Despite the strengths of such a paired-agent approach, 
tumor-to-benign tissue contrast in paired-agent topical 
staining is affected by multiple factors, such as the staining 
and rinsing protocol (e.g., method, duration), diffusion rates 
of the imaging agents in the tissue, nonspecific binding of the 
agents, on- and off-rates of specific binding of the targeted 
imaging agent, and the method of data analysis [20,33,47–
49,52]. Preliminary studies using nanoparticle (NP)-based 
imaging agents have sought to optimize staining, rinsing and 
imaging protocols through exhaustive trial-and-error 
experiments in tissues [20,33,51]. However, as the number of 
different NPs available for cancer-targeted imaging continues 
to grow, in which their diffusion and binding properties are 
unique [53–55], selecting the optimal 
staining/rinsing/imaging/analysis protocols for each new 
imaging agent will be prohibitive in terms of time and 
resources.  

Here, we present and validate a mathematical model that 
can accurately simulate tumor-to-benign tissue contrast with 
paired-agent topical staining in which only an approximate 
range of parameter values is needed to inform the model. For 
example, we will show that rough order-of-magnitude 
estimates of the diffusivity and binding of the NPs in the 
tissues of interest, as well as the conditions of the staining 
and rinsing protocol, are sufficient to ensure accurate model 
predictions. As such, this model can be used in multiple 
ways to improve tumor-to-benign tissue contrast in 
molecular imaging of cancer with topically applied NPs, 
such as: 1) guiding development of NPs (i.e., helping to 
identify ideal diffusion and binding properties when 
developing the agents), 2) optimizing staining and rinsing 
protocols to achieve sufficient tumor-to-benign tissue 
contrast within intra-operative time frames, and 3) helping to 
compare and select data analysis approaches for more 
quantitative estimates of cancer receptor expression (which 
could be used in the future for improved tumor staging 
and/or guiding adjuvant chemotherapy). 

Previous models describing the binding and diffusion of 
targeted agents (e.g., antibodies, targeted NPs, etc.) within 
tissue are not ideal for simulating the behavior of topically 

applied NPs in thick tissues [56–59]. For example, the 
intracellularization diffusion model describes the 
internalization of agents, which is not relevant for the NPs 
used in our studies due to their large size (120-nm in 
diameter) [56]. The cylindrical diffusion model is tailored for 
systemically delivered antibodies [57,58], and the 
fluorescence recovery after photobleaching (FRAP) model is 
an analytical solution to diffusion, binding, and FRAP [59]. 
These models were not developed for topical staining of 
thick tissue, nor do they take into account nonspecific 
binding/accumulation of targeted agents. Recently, our group 
published a preliminary model to simulate the topical 
staining of thick tissues with NPs [34]. This model was based 
on a model of drug diffusion and binding in tumor spheroids 
[60], and consisted of a system of partial and ordinary 
differential equations, combining Fick’s second law of 
diffusion with first-order binding kinetics. Here, we build on 
this previous model with new boundary conditions based on 
experimental observations and present the optimization and 
validation of this improved model. For example, to improve 
the regression of simulated concentration-depth profiles to 
experimentally measured profiles, and to expand the 
application of the model to larger NPs, the updated model 
assumes: 1) the possibility of nonspecific binding at the 
tissue surface; and 2) inclusion of a volume fraction 
parameter (vf), which is the fraction of the tissue volume that 
is accessible to agents delivered within a staining/rinsing 
solution. This optimized model was evaluated and validated 
experimentally with epidermal growth factor receptor 
(EGFR)-targeted and control (untargeted) NPs of different 
diameters (120, 200, and 300 nm) used to stain human tumor 
xenografts implanted subcutaneously in athymic nude mice. 
The model exhibited 55% less error in comparison to a 
previous model for predicting the concentration-depth profile 
of larger NPs. 

2.	Theory	

A model of NP binding and diffusion was derived based 
on a previously published mathematical model describing 
drug penetration and binding in tumor spheroids in which 
Fick’s second law of diffusion was combined with first-order 
binding kinetics [60]. The tissue was modeled to be a 1-
dimensional vector in depth, perpendicular to the tissue 
surface, assuming negligible changes caused by lateral 
diffusion. 

A direct modification of the drug penetration model for 
paired-agent imaging in a rectangular tissue geometry was 
described in detail in a previous study [34]; however, it failed 
to reliably predict NP diffusion and binding of NPs of 
different sizes. The updated model, which is based on 
homogeneous, 1-dimensional (in depth, z) diffusion and 
reversible binding in the tissue, is represented by the 
following system of differential equations and is illustrated 
in Fig. 1 as a pair of compartmental models: 
!"#,% &,'

!' = ) !*"#,% &,'
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where Cf,T and Cf,C represent the concentrations of the 
targeted and control NPs, respectively, that can freely diffuse 
in the interstitial tissue volume; Cb represents the 
concentration of the targeted NPs that are bound to the cell-
surface target biomolecules; D represents the diffusion 
coefficient (assumed to be the same for the targeted and 
control NPs); k3 represents the rate constant governing the 
likelihood of the targeted NP binding to its target 
biomolecule (e.g., cell-surface receptor); and k4 represents 
the rate constant governing the likelihood of bound NPs 
becoming dissociated from their targets. This representation 
of binding assumes that the concentration of target 
biomolecules is equal at all depths (z). It also assumes that 
the concentration of bound (targeted) NPs is always much 
lower than the concentration of target biomolecules, such 
that binding site saturation effects that would lower k3, are 
negligible, though the model could easily be modified to 
incorporate saturation by replacing k3 with: 

!"($, &) = !)* +,-.,/-12 $, &    (2) 

where Bmax,T is the total concentration of target biomolecules 
and kon is the ex vivo association rate constant of binding. 

The boundary condition at the tissue surface was set such 
that the spatial gradient of the free concentrations was equal 
to zero: 
!"#,% &,'

!( = !"#,* &,'
!( = 0   (3) 

and the initial conditions were set to: 

!",$ %, 0 = !",( %, 0 = 0; 	% ≠ 0   

!",$ 0,0 = !",' 0,0 = const.   (4) 

Here, we assume that some equal fraction of both the 
targeted and control NPs are able to “stick” nonspecifically 

to the surface of the tissue (perhaps owing to surface tension 
forces, or off-target chemical binding). The addition of the 
nonspecific compartment at the surface was based on 
experimental observations of NP retention at the tissue 
surface that could not be accounted for by our earlier model. 
Note that an addition of a nonspecific binding compartment 
below the tissue surface provided no additional 
improvements in the accuracy of the mathematical model, 
and therefore was omitted in order to minimize complexity 
and to improve the convergence of our model to a unique 
solution. A “volume fraction” correction factor has also been 
included to account for the fact that many structures (e.g., 
cells, extra-cellular matrix) in the tissue can limit the volume 
that the NP can access (depending on the chemical properties 
of the NP). The volume fraction (0 < vf  < 1) is incorporated 
into the model at the surface layer, (z = 0), by assuming an 
instantaneous equilibrium between the staining solution 
concentration of the agent, Cs, and the  concentration of the 
agent in the accessible volume fraction of the tissue, vfCf(z = 
0). The complete surface boundary condition can be 
represented as: 

!",$ 0, & = !",( 0, & = )"!*(&)   
!"# $,&

!& = ()*+,, 0, . -(0*1(0, .)   
!"#$ %
!% = '()*,, 0, . -'0)12 .    (5) 

where Cns represents the concentration of NPs that have 
nonspecifically bound to the surface of the tissue, k5 is the 
rate constant governing the likelihood of nonspecific binding 
at the surface, and k6 is the rate constant governing NP 
dissociation from the nonspecific sites. Note: the fraction of 
the tissue volume accessible to the NP, vf, is assumed to be 
equivalent at all layers of the tissue; however, it only needs 
to be incorporated into the model at the surface, as all deeper 
layers are driven by the vfCs concentration at the surface. 

 
Figure 1. Illustration of the diffusion and binding model representing the binding and diffusion of targeted (A) and control 
(B) NPs topically applied on fresh tissue specimens. At the surface, Cf is assumed to be in equilibrium with the staining 
solution according to a scaling factor, vf (the tissue volume fraction of the free space). In addition, at the surface, the model 
includes a compartment for nonspecific retention of both the targeted and control NPs (Cns). At all layers, the targeted NP is 
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able to bind specifically to the target biomolecule (Cb). Transport of both NPs between layers is assumed to be governed by 
Fick’s Law of Diffusion, represented by the diffusion parameter, D. 

3.	Materials	and	methods	

3.1	NP	functionalization	

The functionalization of surface-enhanced Raman 
scattering (SERS) NPs has previously been described 
[20,33,45,61]. These NPs were purchased from BD (Becton, 
Dickinson and Company), and consist of a 60-nm diameter 
gold core, a layer of Raman reporters adsorbed onto the 
surface of the gold cores, surrounded by a 30-nm thick silica 
coating, resulting in an overall diameter of ~120 nm. NPs 
were first reacted with fluorophores for the purposes of 
fluorescence microscopy described later. One SERS NP 
“flavor” was reacted with a reactive fluorophore, DyLight 
650-4xPEG Maleimide (Thermo Scientific, Product No. 
62294, Rockford, IL), and functionalized with monoclonal 
antibodies (mAb) to target the epidermal growth factor 
receptor (EGFR; Thermo Scientific MS-378-PABX, 
Fremont, CA). A negative control was prepared by reacting a 
different NP “flavor” with another reactive fluorophore, 
DyLight 550-2xPEG Maleimide (Thermo Scientific, Product 
No. 62292, Rockford, IL), and conjugating the NP to isotype 
control mAbs (mouse IgG1; Thermo Scientific, MA110407, 
Rockford, IL). Previous studies have shown that the isotype 
NP is a highly accurate control for the nonspecific behavior 
of the targeted NPs [33]. UV-VIS spectrophotometry 
(Agilent 8453) was used to measure the concentration of the 
NP conjugates. Previous flow cytometry experiments 
[20,33,45,61] demonstrated robust binding of the EGFR-
targeted NPs to A431 cells (human epidermoid, ATCC, 
Manassas, VA), which highly overexpress EGFR. 

For studies with larger NPs, silica NPs (SiNPs) with 
diameters of 200-nm and 300-nm were purchased from 
NanoComposix (SISN200-10M and SISN300-10M, San 
Diego, CA) and conjugated to fluorescent dyes and 
antibodies in a similar manner to the SERS NPs, and as 
previously described [34]. Note that SiNPs were used due to 
the lack of commercial SERS NPs available in different 
sizes, and that since the SERS NPs are encapsulated in a 
silica shell, the behavior of these NPs (SERS NPs and 
SiNPs) are similar in terms of diffusion and chemical binding 
(both specific and nonspecific) when functionalized in a 
similar manner. The SiNPs were first PEGylated, to enable 
conjugations comparable to those with the SERS NPs, by 
introducing sulfhydryl groups on the SiNP surfaces by 
heating the SiNPs for 1 h at 72oC in ethanol containing 1% 
(v/v) (3-Mercaptopropyl) trimethoxysilane (Sigma Aldrich) 
according to a protocol described previously [62]. The 
surface-modified SiNPs were functionalized in the same 
manner as the SERS NPs—all NP sizes were subjected to 
two different sets of conjugation reactions: 1) DyLight 650-
4xPEG Maleimide and an anti-EGFR mAb or 2) DyLight 
550-2xPEG Maleimide and an IgG1 isotype control mAb. 
UV-VIS spectrophotometry was then used to measure the 
concentration of the SiNP conjugates. We have previously 
shown that the relative brightness of the fluorescence from 
each of the NP sizes was well-matched when tuning the NP 
concentrations used in the conjugation reactions such that the 

total surface area of the NPs (total sum within the mixture) 
was identical to that of the 120-nm SERS NPs used in 
previous experiments (and reacted with the same 
concentration of fluorophores) [34]. We have also previously 
verified with flow cytometry experiments that the binding of 
targeted NPs to EGFR-positive cell lines was comparable in 
magnitude for all NP sizes when staining cells with NP 
concentrations that were matched in terms of total NP 
surface area [34]. 

3.2	 In	 vitro	 experiments	 to	 estimate	 NP	 binding	 and	
diffusion	parameters	

Due to the large number of parameters (6) used in the 
model compared to the number of input signals (targeted and 
control curves), the initial parameter values can play a role in 
model fitting. To more accurately estimate the range of some 
of the most-important binding and diffusion parameters 
described in Section 2 (specifically, k3, k4, and D), in vitro 
experiments were carried out based on previously published 
protocols [63,64].  

3.2.1	Estimating	binding	rate	constants.		A 96-well plate 
with a 200-µm-thick glass bottom was used to culture EGFR-
positive cancer cells (A431) into monolayers. Cells were 
counted and seeded into wells (1×105 A431 cells in 200 µL 
of media per well). After incubation for 24 h, confluent cell 
monolayers were observed in all wells. An equimolar 
mixture of EGFR-targeted and isotype-control NPs was 
added for staining the confluent monolayers. The staining 
procedure was followed by 3 rounds of rinsing with saline 
solution. Spectral measurements were collected after the final 
rinse step using the Raman-encoded molecular imaging 
(REMI) system described in Supplementary Figure S1. Prior 
to staining the cell monolayer, Raman spectra were first 
collected in the absence of NPs for background 
measurement. A direct classical least-squares (DCLS) 
demultiplexing method was used to compute the relative NP 
weights and the weights of all broadband background 
components, as previously described [21,33,65]. 

An approximate model based on single-cell binding and 
internalization [56] was used to obtain direct estimates of 
specific binding rate constants from the in vitro experiments. 
In this study, we assumed that the NPs were too large (120-
nm in diameter) to be internalized by the cell within the short 
staining durations (<1 h), so the internalization component 
was excluded from the model. Instead, we assumed there was 
nonspecific binding of the control NPs, and both specific and 
nonspecific binding of the targeted NPs. The model 
equations to approximate single-cell interactions with NPs 
were then simplified to: 
!"# $
!$ = &'(,*+, -.-0. 1 -&'22,*0.(1)    

!"#$ %
!% = '(),"+,- ."+-0"+ 1 -'(22,"+0"+ 1     (6) 



Journal	XX	(XXXX)	XXXXXX	 Kang	&	Xu,	et	al		

	 5	 	
	

where NS(t) represents the number of NPs specifically bound 
at the cell surface as a function of time, t; NNS(t) represents 
the number of NPs nonspecifically bound at the cell surface 
as a function of t; BS and BNS represent the number of specific 
and nonspecific binding sites, respectively; kon,S, koff,S, kon,NS 
and koff,NS represent the association (binding) and dissociation 
rate constant for specific and nonspecific binding, 
respectively; and C0 represents the concentration of NP in the 
staining solution (assumed not to change over time; “infinite 
reservoir”). The system of equations in (6) can be solved for 
total number of control NPs bound at the cell surface (NC), 
by setting BS = 0:  

!"#,%(') = *+,,-.%/0-.
1+,,-.%/2*+33,-.

1 − 6- *+,,-.%/2*+33,-. 8     (7) 

The total number of targeted NPs bound at the cell surface 
(NT) is the summation of NPs bound specifically (NS,T) and 
nonspecifically (NNS,T). If we assume that  NS,C(t) = NS,T(t): 

!" # -!% # = '(),+,-.+
/(),+,-0'(11,+

1 − 4- '(),+,-0'(11,+ 5     (8) 

Nonlinear curve fitting is used to determine the available 
number of specific and nonspecific binding sites, BS and BNS; 
nonspecific binding rates, kon,NS and koff,NS; and the specific 
binding rates, kon,S and koff,S. In this case, Eqs. (7)-(8) are fit 
to NP concentration measurements from confluent cell 
monolayers. 

With confluent monolayers, it was assumed that the total 
exposed surface area of the cell membranes was equal to the 
area of the well, which allowed for the calculation of the 
number of NPs bound per unit cell membrane area. The 
average surface area per cell (assumed to be 2800 µm2 for 
A431 cells based on past work [66,67]) was used to convert 
the number of NPs bound per unit cell area to the number of 
NPs bound per cell. The total number of nonspecific binding 
sites, BNS, was estimated by staining cell monolayers with 
various concentrations of NPs (20-600 pM) for 1 h 
(sufficient staining time to assume equilibrium was reached) 
prior to rinsing the monolayer with a saline solution in 
triplicate and imaging the monolayer with the REMI system. 
Under these conditions, Eq. (7) simplifies to NNS = BNS. The 
total number of specific binding sites, BS, used in the 
calculation was obtained from previous work [48]. 

The fitted association and dissociation rate constants were 
then determined by fitting Eqs. (7)-(8) to data collected by 
exposing confluent monolayers to an equimolar mixture of 
targeted and control NPs (150 pM) and measuring the 
number of NPs bound per cell as a function of time (15-120 
min). The resulting rate constants, k3 and k4, were used in 
mathematical model simulations and compared to data as: 

𝑘! = 𝑘!",!𝐵!"#,!  

𝑘! = 𝑘!"",! (9) 

where Bmax,T is the concentration of target receptors in the 
tissue converted from BS, the number of specific binding sites 
per cell. The equation for k3 is simplified from Eq. (2), 
assuming Cb << Bmax,T. Note: it is assumed that the level of 
nonspecific binding is very different between ex vivo tissue 

studies and the in vitro experiments performed here, so k5 
and k6 cannot similarly be estimated. 

3.2.2	Estimation	of	diffusion	coefficient.  The effective 
diffusion coefficient for 120-nm NPs topically applied on 
tissues, D, was calculated using a hydrogel drug release 
model [64] that represents the concentration of NPs released 
into the wash solution. The hydrogel drug release model, FD, 
was updated to include a term that takes into account the 
release of nonspecifically bound NPs, FN. The updated model 
was written as: 

𝐹! = 1 − !
!!!! !!!

exp −𝐷 2𝑛 + 1 ! !
!!
!!

!
!!!   

𝐹! =
!!

!!!!!
1 − exp −𝑘!𝑡    

𝐹 = 𝑓𝐹! + 1 − 𝑓 𝐹!  (10) 

where F represents the fraction of NPs rinsed out into the 
wash solution in comparison to concentration of NPs within 
the maximally stained tissue. This fraction, F, includes NPs 
released into the wash solution as a result of diffusion, FD, 
and as a result of the dissociation of nonspecifically bound 
NPs, FN. FD and FN are multipled by f and (1-f), respectively, 
where f describes the fraction of NPs released as a result of 
diffusion. 

Experimental data for the release model was obtained by 
staining porcine muscle tissues (cut into 40 mm × 40 mm × 
0.4 mm pieces to emulate 1D diffusion; n=3 pieces) 
overnight with 120 nm SiNPs (NanoComposix, San Diego, 
CA) that were conjugated with IRDye 700DX-labeled-NP 
(LI-COR Bioscience, Lincoln, NE). Specimens were imaged 
with a Pearl imager (LI-COR) at room temperature prior to 
staining, immediately after staining, and thereafter as a 
function of time as the specimen was rinsed in PBS, to 
calculate the fractional release value, F. 	

3.3	Ex	vivo	experiments	to	validate	the	mathematical	
model	

3.3.1	 Animal	 experiments.	All animal experiments were 
performed in accordance with guidelines approved by the 
Institutional Animal Care and Use Committee (IACUC) at 
the University of Washington. Nude mice (Taconic Farms 
Inc, model NCRNU-F, Rensselaer, NY) were used to 
develop tumor xenografts. 1×106 A431 cancer cells were 
suspended in Matrigel (BD biosciences, 354234, San Jose, 
CA) in a 1:1 volume ratio to form a 200-µL mixture. At 7-9 
weeks of age, nude mice were subcutaneously implanted 
with a cell mixture on their flanks. After 2-4 weeks, when the 
tumors reached a diameter of 8-10 mm, the mice were 
euthanized by CO2 inhalation, followed by the surgical 
removal of the implanted tumors.	

3.3.2	 Concentration-depth	 profiles	 obtained	 from	
microscopic	 imaging	 of	 sectioned	 tissues. Experimental 
concentration-depth profiles used to validate the 
mathematical model were obtained using a previously 
described method [34]. Briefly, fresh tissues obtained from 
tumor xenografts were stained with a NP mixture (150 pM 
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each of 120, 200 and 300 nm EGFR-targeted and control 
NPs) for 6 min, briefly rinsed (~2 s) in 20 mL of PBS, snap-
frozen, and cryosectioned into 10-µm-thick sections. The 
sectioned tissues were then mounted onto slides, fixed with 
formalin and imaged as illustrated in Fig. 2A with 
fluorescence microscopy (Leica DMIRB microscope with a 
CoolSnap CCD camera) to obtain depth-resolved 
microscopic images of the penetration of the targeted and 
control NPs within the tissues.  

3.4	Numerical	methods.   

The methodology for solving Eqs. (1)-(5) are detailed in 
the supplemental information. Briefly, the system of 
equations are 2nd-order parabolic partial differential 
equations that are solved implicitly by a Crank-Nicholson 
method where stability is maintained by ensuring: 
! "#$"% &'(

&)*(
< 0.5    (11) 

where ts and tr are the staining and rinsing times, 
respectively. Eq. (8) was maintained by adjusting the number 
of time point evaluations, Nt. The number of spatial point 
evaluations, Nz, was selected such that the spatial resolution 
((Nz-1)/L = 0.1 µm) of the solution was one tenth of the 
resolution of the microscope used in the tissue imaging 
experiments. The motivation for this is provided in the next 
section (accurate convolution with the microscope’s point 
spread function to model the effects of diffraction).  

3.5	 Point-spread-function	 correction	 of	 simulation	
results	for	comparison	with	microscopy	data.   

To compare the model output (numerical simulations of 
NP diffusion and binding) with experimentally measured 

concentration profiles, each simulated concentration profile 
was convolved with a numerical point-spread-function (PSF) 
based on published software [68] along with the 
specifications of the fluorescence microscope (Leica DMIRB 
microscope with a CoolSnap CCD camera) used to obtain 
concentration profiles experimentally: numerical aperture = 
0.7, objective magnification = 20, refractive index of the 
objective immersion medium = 1 (air), and refractive index 
of the specimen medium = 1.41. The excitation and emission 
wavelengths were 555 nm and 605 nm, respectively, for the 
control NP and 645 nm and 705 nm, respectively, for the 
targeted NP.  

4.	Results	

4.1	Estimating	the	initial	range	of	k3	and	k4	

Nonlinear least squares fitting of Eq. (7) to the in vitro 
data shown in Fig. 2B produced estimates of BNS = 85×103 ± 
30×103, which is the number of nonspecific binding sites 
available for NP binding per cell. The total number of 
specific binding sites, BS, was estimated to be 1.2×106 based 
on previous work [48]. The resulting Bmax,T was 7.6 ± 1.5 nM 
(number of nonspecific binding sites available for NP 
binding per liter of tissue in A431 tumor), assuming a cell 
density in A431 xenografts of 3.8×104 cells/mm3 [48] and a 
xenograft EGFR expression of ~10% of in vitro EGFR 
expression for the A431 tumor line [69]. According to Eq. 9, 
k3 and k4 were estimated to be between 0.021 to 2.1 min-1, 
and 0.003 to 0.3 min-1, respectively. Note that the in vitro 
experiments are not exact representations of how NPs bind 
within thick tissues, which is why the parameter estimates 
were allowed to vary within 1-to-2 orders of magnitude. 

 
Figure 2. In vitro experiments to estimate certain model parameters. (A) For each well in a 96-well plate, A431 cells 
were (1) grown to a confluent monolayer (~24 h), (2) then the cell monolayer was stained with NPs, (3) the cell monolayer 
was rinsed three times to wash away unbound NPs, and (4) spectral measurements were collected with a Raman-encoded 
molecular imaging (REMI) system described in Supplementary Figure S1. The measured SERS signals were converted to 
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NPs bound per cell using the calculations described in the Methods section. Note that the figure is not to scale. (B-C) 
Experimental data (error bars based on n = 3 repeated experiments) and fitted curves (dashed lines) for determining: (B) the 
available number of nonspecific binding sites, B, and (C) the association and dissociation rate constants for targeted (red) and 
control (blue) NPs. The shaded regions indicate the uncertainty in the fitted curves based on the error (standard deviation) in 
the experimental data. Curve fits were based on Eqs. (7)-(8). The staining time for the data in panel (B) was 1 h and the 
staining concentration for the data in panel (C) was 150 pM. 
The fractional release data (Section 3.2.2) was fitted with Eq. 
10 to obtain an estimated diffusion coefficient. The estimated 
diffusion coefficient for 120-nm NPs in thin tissue was D = 
1.18 ± 0.14 µm2 s-1 and this parameter was therefore allowed 
to vary between 0.118 and 11.8 µm2 s-1. 

4.2	Model	fitting	to	concentration-depth	profiles			

Both the optimized model of paired agent diffusion and 
binding (Section 2) and the previous model [24] were fitted 
to concentration-depth profiles of targeted and control NP 
obtained from excised A431 xenografts following 6 min of 
topical staining with the NPs. Fig. 3A shows a simple 
illustration of the process for obtaining depth-resolved 
microscopic images of sectioned tissues, which was used to 
fit the model. The concentration-depth profiles of the 
experimental data are shown in Fig. 3B-C in solid lines for 
the targeted (red) and control (blue) NPs. The fitted curves 
for the previous (simple) and newly optimized models are 
shown as dashed lines in Fig. 3B and Fig. 3C, respectively. 
Table 1 lists the final fitted parameter values from the 
optimized model as well as the initial parameter ranges that 

were determined from in vitro experiments (section 3.2). 
Figure 3D shows that the percent error in concentration-
depth profiles increased as a function of depth for both 
models, with the previous model exhibiting a greater error 
compared to the newly optimized model. The average R-
squared regression values for the targeted and control 
imaging agent was 0.32 for the previous model and 0.97 for 
the optimized model.  

Table 1. Comparison of initial parameter ranges from in 
vitro experiments and final parameter values from the 
optimized model. 

 
Initial ranges from in 

vitro experiments 
Final values from 
optimized model 

D (μm2.s-1) 0.118-11.8 0.23 
k3 (min-1) 0.021-2.1 0.38 
k4 (min-1) 0.0015-0.6 0.34 
BP 0.675-60.75 1.12 
k5 (min-1) N/A 0.74 
k6 (min-1) N/A 0.29 
vf N/A 0.68 

 

 
Figure 3. Fitting the simple model and the optimized model to depth-resolved microscopic images of NP distributions 
in tissues. (A) A brief illustration of the experimental method used to fit the simple model and the optimized model. (1) 
Targeted and control NPs were prepared by conjugating NPs to monoclonal antibodies and different fluorophores. (2) Fresh 
tissue specimens were stained for 6 min with an equimolar NP mixture, rinsed and snap-frozen. (3) The specimens were then 
cryosectioned into 10 µm-thick slices and (4) imaged with fluorescence microscopy using different channels for the targeted 
and control NPs. Images were analyzed to obtain concentration-depth profiles of both NPs as a function of depth, z. (B-C) 
Experimental NP concentration profiles are shown in solid lines for targeted (red) and control (blue) NPs, which were used to 
fit all of the model parameters for: (B) the simple model and (C) the optimized model.  As described in the manuscript, 
certain parameter ranges were determined based on in vitro experiments, as shown in Fig. 2. (D) The percent error (fitting 
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error) in the concentration-depth profile is shown, in which there is increasing error as a function of depth for both models, 
and greater overall error seen with the simple model. 
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4.3	Model	prediction	of	larger	NPs			
We further demonstrated the value of the optimized model 
by simulating the concentration-depth profiles of larger NPs.  
This was done by modifying the diffusion coefficient, D, 
according to the Stokes-Einstein generalized equation (in 
which D scales inversely with the radius of the NP) while 
fixing all other model parameters to the same values as 
determined from previous experiments with the 120-nm NPs. 
To verify the accuracy of model simulations for larger NPs, 
200-nm and 300-nm NPs were prepared in an identical 
manner as the 120-nm NPs used in previous studies, 
according to a previously published protocol [34], and 
concentration-depth profiles were obtained for A431 tumor 
xenografts stained for 6-min. Figure 4 shows model 
predictions (dashed lines) and experimental results (solid 
lines) for both the targeted (red) and control (blue) NPs with 
diameters of: (A) 200-nm and (B) 300-nm. The percent 
errors in the area under the curves are shown for the simple 
and optimized models in Fig. 4C, where the simple model 
shows ~70% error and the optimized model shows ~15% 
error. This demonstrates the power of the optimized model 
for predicting the behavior of biomarker-targeted NPs 
topically applied on fresh tissue specimens. 

 
Figure 4. Predicting the concentration-depth profiles of (A) 200-
nm and (B) 300-nm NPs using the simple model (left) and the 
optimized model (right). The models were run with identical 
parameters to those derived from the curve fits shown in Fig. 3, 
with the exception of the diffusion coefficient, D, which was 
modified according to the Stokes-Einstein generalized equation (in 
which D scales inversely with the radius of the NP). Model 
predictions are shown in dashed lines for the targeted (red) and 
control (blue) NPs. Experimental data are shown in solid lines and 
were obtained from A431 tumor xenografts stained for 6 min with 
NPs of varying sizes. In (C), the percent errors in the area under the 
curves are shown for  the simple and optimized models. The dashed 
grey line indicates 10% error. 

4.	Discussion 

Previous models for the binding and diffusion of targeted 
agents (e.g., antibodies, targeted NPs, etc.) within tissue have 
not been developed to describe the topical application of NPs 
on thick tissue surfaces, and have not taken into account the 
nonspecific accumulation of agents. In this paper, we 
developed and validated an optimized model for topical 
staining of receptor-targeted and control NPs in thick tissue 
(Fig. 1), in which the model was initialized with key 
parameter values (rough order-of-magnitude ranges) derived 
from in vitro experiments (Fig. 2). This allowed a final set of 
model parameters to be obtained by fitting the model to data 
from ex vivo experiments with NPs topically applied on fresh 
tissue specimens (Fig. 3). By accurately simulating the 
concentration-depth profile of topically applied NPs (Fig. 4), 
this model can potentially be used to establish optimized 
protocols for paired-agent molecular imaging of fresh tissue 
surfaces. 

Several factors were considered in the development of this 
model, including diffusion, optical diffraction, and 
nonspecific retention. The model presented here accurately 
predicted the diffusion and binding of NPs in thick tumor 
tissues while retaining as much simplicity as possible. The 
key novelties in this model over a simpler model that 
accounted only for diffusion and specific binding [24] were: 
1) inclusion of a volume fraction parameter (vf), which is the 
fraction of the tissue volume that is accessible to agents 
delivered within a staining/rinsing solution, and 2) taking 
into account nonspecific retention of NPs at the tissue 
surface. Significant nonspecific binding/accumulation of the 
NPs has been observed in previous studies [20,21,33,34,37], 
including in cell-monolayer experiments (Fig. 2C), in which 
a significant fraction of control NPs are nonspecifically 
retained. Introducing a nonspecific compartment below the 
surface of the tissue did not improve model accuracy. 
Therefore, a nonspecific binding compartment was only 
introduced at the surface layer of the tissue to reduce the 
complexity of the model and to improve the speed and 
convergence of the model to a unique solution.  

We note that this model is highly simplified and does not 
include such complexities as NP trapping in fresh tissue and 
heterogeneities in tissue structure (e.g., due to vessels, 
glands, and other microstructures). However, the agreement 
of the model to experimentally obtained concentration-depth 
profiles, coupled with the predictive value of the model for 
simulating the behavior of NPs of differing sizes, highlights 
the potential of this model to “test out” various topical 
staining protocols rapidly in silico rather than via time-
consuming and expensive experiments. These models will 
also be of value for developing and optimizing various NP-
based imaging strategies and image-processing algorithms 
for the ultimate goal of achieving quantitative imaging of 
biomarker expression levels at tissue surfaces, including 
surgical margins.  
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Abstract 

 

Purpose Paired-agent molecular imaging methods, which employ co-administration of an 

untargeted, “control” imaging agent with a targeted agent to correct for nonspecific 

uptake, have been demonstrated to detect 200 cancer cells in a mouse model of metastatic 

breast cancer. This study demonstrates that indocyanine green (ICG), which is approved 

for human use, is an ideal control agent for future paired-agent studies to facilitate 

eventual clinical translation. Methods The kinetics of ICG were compared with a known 

ideal control imaging agent, IRDye-700DX-labeled immunoglobulin G in rat popliteal 

lymph nodes (n = 3) after co-administration, intradermally in the footpad. Results The 

kinetics of ICG and IRDye-700DX-IgG in tumor-free rat lymph nodes demonstrated a 

strong correlation with each other (r = 0.98, p < 0.001) with a measured binding potential 

of -0.04 ± 0.02 at 20 min post agent injection, Conclusion This study indicated a potential 

for microscopic sensitivity to cancer spread in sentinel lymph nodes using ICG as a 

control agent for antibody-based molecular imaging assays. 

Key words: Paired-agent fluorescence imaging, Sentinel lymph node metastases, 

Indocyanine green 

 

 

Introduction 

 

Identification of cancer spread to tumor draining (sentinel) lymph nodes through lymph 

node dissection and histology assessment is an established staging procedure in the 
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management of many cancers, predominantly breast carcinoma and melanoma [1]. The 

clinical protocol in breast carcinoma varies slightly from institute to institute but typically 

involves (1) node localization through lymphoscintigraphy (gamma probe detection of 

99mTc-sulfur colloid spread from peritumoral or subareolar injection site to tumor 

draining lymph node(s) [2]) and/or visualized blue dye mapping [3], (2) surgical 

dissection of the lymph node, and (3) histological examination by a trained pathologist 

who manually scans select slices of the H&E stained lymph node for cancer cell presence 

[4]. However, the procedure is associated with overtreatment concerns and some 

considerable morbidity, including lymphedema, seroma formation, numbness and 

restricted arm movement [5-6]. Furthermore, histology analysis of lymph nodes can be 

time-consuming and delay subsequent procedures; and pressure to achieve earlier 

detection of more aggressive breast cancer has led to an increasing number of dissections 

on tumor-free nodes: estimated to be higher than 70% [7]. Motivated by these drawbacks, 

considerable efforts have been made to develop imaging techniques that can assess the 

metastatic status of sentinel lymph nodes non-invasively [8]. 

 

The more promising imaging methods have aimed to quantify tumor burden through 

accumulation of cancer targeted imaging agents [9-13] or through aberrations in the 

transport kinetics of untargeted imaging agents [14-15]. With respect to targeted imaging 

agent studies, a complication is that variable delivery and nonspecific uptake/retention of 

the imaging agents in lymph nodes can significantly confound sensitivity and specificity. 

A novel approach, paired-agent imaging of sentinel lymph node (PAISLY), was 

developed to account for the variable delivery and nonspecific uptake/retention of cancer 



	 4	

targeted imaging agents by co-administering an untargeted, “control” imaging agent. 

Recently in a metastatic mouse model, PAISLY was demonstrated to be capable of 

quantitatively estimating the number of cancer cells in sentinel lymph nodes with a 

sensitivity of fewer than 200 cells [16], which matches or may exceed the sensitivity of 

invasive standard lymph node biopsy.  

While these early results using PAISLY are encouraging, the approach’s requirement that 

two different imaging agents be injected, could represent a substantial barrier towards 

clinical adaptation of this methodology. One way to accelerate the clinical translation of 

PAISLY, is to utilize imaging agents that have already been approved by the Food and 

Drug Administration (FDA) for human use. At present, all FDA-approved fluorescent 

imaging agents are untargeted—i.e., they do not bind specifically to cancer—and could 

therefore be suitable to be used as control agents in PAISLY. The FDA-approved 

indocyanine green (ICG), in particular, has several characteristics that make it a 

promising control imaging agent candidate. Specifically, its fluorescence emission 

spectrum is in the near-infrared where light absorption by tissue is minimal, it exhibits 

low toxicity and rapid excretion [17-18], it has been used off-label for localization of 

lymph nodes [19-24], and its effective size (after binding to plasma proteins) is similar to 

the most commonly used targeted imaging agents, supporting the potential for similar 

kinetics in the lymphatic system [25]. 

A number of studies have demonstrated the potential for fluorescently labeled cancer 

targeted antibodies to detect different forms of cancer in the operative setting both 

preclinically and clinically [26-30]. Sensitivity and specificity of cancer detection using 

these antibodies could be improved by employing PAISLY protocols, and recently, 
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fluorescently labeled non-targeted immunoglobulin G (IgG) antibody has been shown to 

be an ideal control agent for these antibody-based targeted agents [16]. However, 

fluorescently labeled IgG is not FDA-approved. The purpose of the work presented in 

this paper was to demonstrate that ICG, an FDA-approved dye, could be used to replace 

fluorescent IgG for antibody-based PAISLY studies by comparing the kinetics of ICG 

and fluorescently labeled IgG in rat lymph nodes. In brief, it was found that the protocol 

of imaging agent mixing and concentration of ICG affected the similarity in the kinetics 

and an optimal strategy is presented. 

 

Materials and Methods 

 

 

Paired-agent imaging of sentinel lymph node (PAISLY) 

 

The paired-agent imaging of sentinel lymph node (PAISLY) approach was derived from 

“paired-agent” compartmental modelling where the kinetics of a control imaging-agent is 

used to account for nonbinding related kinetics of a cancer-targeted imaging agent (Fig. 

1) [31]. By co-injecting the targeted and control agents and concurrently monitoring their 

uptake and retention in a tumor-draining lymph node, it is possible to account for 

delivery variability and non-specific retention of the targeted agent, enabling the 

concentration of targeted receptors to be quantified through kinetic modelling. 

Specifically, the compartment model describes the concentration of targeted imaging 

agent as a function of time, t, in a lymph node as a sum of two concentrations: unbound, 
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Cf(t), and bound, Cb(t). The concentration of agent in the upstream, afferent lymphatic 

vessels, Cl(t), enters and drains the lymph node at a lymphatic flow rate, Fl. Rate-

constants k3 and k4 describe targeted agent-to-receptor association and dissociation, 

respectively. The compartment model for the control agent is identical to the targeted 

with an absence of a bound compartment, and Cf is re-labelled Cf,C (control agent free 

concentration) to represent a possible discordance in the amount of freely associated 

targeted and control agent owing to the influence of binding. The ratio of k3/k4, known as 

the “binding potential” (BP) [32], is the parameter of interest from the compartment 

model as it is equivalent to the product of the concentration of the targeted receptor and 

the affinity of the targeted agent for the receptor (the latter of which can be measured ex 

vivo) [33]. If the control agent concentration measured in the lymph node is similar to the 

unbound concentration of the targeted agent (i.e., if Cf,C ≈ Cf), then the difference of the 

targeted agent concentration (Cf + Cb) and the control agent concentration (≈ Cf) will be 

approximately equal to Cb. Dividing by the control agent concentration results in Cb/Cf, 

which can be shown to be equivalent to k3/k4 by assuming the adiabatic approximation 

(free and bound compartment always in equilibrium) [34], from the following equation 

describing the rate of change in time of the bound targeted agent concentration: 

 dCb

dt
= k3Cf − k4Cb.  (1) 

Therefore the binding potential can be estimated by the following:  

 BP ≈ Tar −Contr
Contr

,  (2) 

where Tar is the measured concentration of targeted agent and Contr is the measured 

concentration of the control agent in the lymph node. Much of this work stems from 
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previous publications that have demonstrated the development and validation of this 

approach for intravascular co-administration of targeted and control agents. 

 

 

Figure 1. Compartment model for targeted and control agent kinetics in a lymph node. In each 

case, the agents are assumed to enter and leave any lymph node region-of-interest at a rate of the 

lymph fluid flow (Fl), governed by the concentration input curve (Cl). The targeted agent is then 

able to reach an equilibrium between bound (Cb) and unbound (Cf) states with a rate constant of 

binding, k3, and a rate constant of dissociation, k4. The control agent is unable to bind and is only 

assumed to be in a freely associated space, Cf,T. 

 

 

ICG preparation 

 

Indocyanine green (ICG; Chem-Impex International, Inc., Wood Dale, IL) was dissolved 

in Dimethyl sulfoxide (DMSO, Amresco, Solon, OH) to yield a 1 M concentration stock 

solution for repeated uses. To prepare single doses, the ICG stock solution was diluted 

with phosphate-buffered saline (PBS) to obtain a series of solutions with a range of final 

concentrations. ICG molecules are known to bind rapidly and completely to albumin [35], 
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which increases fluorescence efficiency and thus detection sensitivity [36]. To study ICG 

characteristics in blood serum in vitro, bovine serum albumin (BSA; Sigma-Aldrich, St. 

Louis, MO) was chosen as a model for ICG conjugation. A solution was created by 

dissolving 40 mg of BSA in 1 mL of distilled water. For in vivo fluorescence imaging, rat 

albumin (MP Biomedicals, Santa Ana, CA) was used to compose an ICG:Albumin 

complex before use for injection.    

 

 

Synthesis of antibody-based imaging agent  

 

To the test the ability for ICG to match the delivery and retention of a fluorescent 

antibody imaging agent in lymphatics, rat immunoglobin G (IgG), a nonspecific 

antibody, was selected to mimic any antibody-based targeted imaging agent. Rat IgG 

antibody (MP Biomedicals, Santa Ana, CA), was labeled with the NHS ester form of a 

fluorescent dye, IRDye-700DX (LICOR Biosciences, Lincoln, NE) using manufacturer 

supported protocols. Briefly, 2 mg of antibody was dissolved in 200 µL of PBS. 20 µL of 

1-M sodium bicarbonate solution was then added to the solution to increase pH for 

optimal binding to the fluorophore as per manufacturer instructions. The fluorophore was 

dissolved in DMSO and added to the antibody solution in a 5:1 dye-to-antibody ratio. 

The final solution was covered with aluminum foil to protect it from light and then mixed 

on a magnetic stir plate for 2 h at room temperature. The fluorophore-labelled antibody 

conjugate was separated from free dye by using a 40K Zeba spin desalting column 
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(Thermo Fisher Scientific). The final concentration of antibody-based imaging agent was 

measured by a NanoDrop 2000 spectrophotometer (Thermo Fisher Scientific). 

  

 

ICG characteristics in albumin in vitro 

 

The ICG fluorescence signals from 800-840 nm were measured for a range of ICG 

concentrations (0.001 to 1000 µM) when mixed with a concentration of BSA equivalent 

to albumin concentrations observed in the lymphatic system [37]. ICG concentrations 

within a linear signal range (i.e., a concentration range where the fluorescence and 

concentration of ICG displayed a linear relationship) were identified to determine 

appropriate dosing levels of ICG concentration for the in vivo study.  

 

The influence of protein binding on ICG fluorescence quantum yield was determined for 

mixtures of ICG concentrations (between 0.1 to 25 µM in PBS) and BSA concentrations 

(between 0 and 75 µM in distilled water). All solutions were protected from light and 

tested immediately after preparation. 200 µL of each sample was added to a separate well 

in a flat bottom 96-well plate. Fluorescence intensity of ICG was evaluated for 

investigating the binding properties of albumin with ICG on a widefield fluorescence 

scanner (Pearl® Imager, LI-COR Biosciences).  

 

The influence of preloading time of ICG and albumin was determined at an ICG 

concentration of 1 µM and an albumin concentration of 50 µM. 10 mL total of ICG and 
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albumin were gently mixed, then 200-µL samples for each well were taken from the 

mixture and placed into a well in a flat bottom 96-well plate at the first 1 min, followed 

by immediate imaging on the Pearl, then 6 time points were recorded at 5 min interval up 

to a maximum of 30 min. Tested samples were discarded once exposed to light to prevent 

effects of photobleaching. Sample mixtures were covered with aluminum foil to prevent 

any exposure to light at room temperature, during the mixing. 

 

Since ICG signal and lymph kinetics were optimal when pre-bound to albumin prior to 

injection, and the ICG needed to be mixed with the fluorescently labeled antibody for co-

administration, the effect of mixing order of the imaging agents and albumin was also 

evaluated at concentrations of 1 µM ICG, 0.2 µM fluorescent antibody, and 50 µM 

albumin (determined to be optimal based on the initial experiments described in this 

paper). In the preparation of the first mixing group, ICG and albumin were allowed to 

mix in a light protected container for 15 min at room temperature. Subsequently, the 

antibody-based imaging agent was added to the mixture and gently mixed. 200-µL 

samples were placed in a flat bottom 96-well plate and ICG and IRDye-700DX-antibody 

fluorescence intensities were recorded immediately after sample preparation on the Pearl 

Imager. The second mixing group was prepared by adding antibody-based imaging agent 

and albumin at the beginning, mixing for 15 min and then ICG was added. In the third 

mixing group, ICG and antibody-based imaging agent concentrations were added 

together before mixing with albumin. Except for the order of addition, the same mixing 

and imaging protocols were used as mentioned above for the first group. ICG 
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fluorescence of each group were then compared to determine the suitable mixing order 

for solution mixture. 

 

 

Animals 

 

Female Fischer-344 rats (n = 3) with an average weight of 245 ± 12 g (Envigo, 

Indianapolis, IN) were used in the study. All animal experiments were carried out in 

accordance with the Institutional Animal Care and Use Committee (IACUC) at Illinois 

Institute of Technology under an approved protocol. All rats were fed a fluorescence-free 

diet (Teklad global 16% protein rodent diet, 2016S, Envigo) for a week prior to imaging 

to reduce tissue antofluorescence. In order to reduce autofluorescence from fur, animals 

were shaved and a commercial topical hair removal cream (Nair®) was applied over hind 

legs 24 h prior imaging. Only one hind foot was tested and injected per animal to image 

uptake in a model lymph node system: the popliteal lymph node. 

 

 

In vivo fluorescence imaging 

 

Each rat was anesthetized with 1.5-3% isoflurane (Butler Schein Animal Health, Dublin, 

OH) in 1.5 L/min oxygen (level of anesthesia was monitored by response to toe-pinch). 

The animals were then placed in a lateral position on the heated bed (37°C) of a Pearl 

Impulse Small Animal Imaging System (LICOR Bioscience, Lincoln, NE) with the right 
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hind leg taped out on a non-fluorescence box to expose the popliteal lymph node behind 

the knee and reduce unwanted motion from animal breathing. A 50-µL volume of 

imaging agent mixture for each animal was prepared prior imaging. 0.05 nanomoles ICG 

in PBS were preloaded in 50 µM of rat albumin for 15 min before adding 0.01 nanomoles 

of antibody-based imaging agent (IRDye-700DX-IgG). A pre-injection image was 

acquired to evaluate the background levels caused by autofluorescence. Subsequently, the 

cocktail of two imaging agents were then co-injected intradermally using a 30-gauge 

syringe-needle (BD PrecisionGlide Needle) into the right rear footpad of rats. Caution 

had to be taken while injecting to ensure the needle was not too deep as deep injections 

lead to delayed uptake of imaging agents into the lymphatic system (results not shown). 

Immediately after injection, white light, and fluorescence at 700-740 nm and 800-840 nm 

(from 685 and 785 nm excitation, respectively) were acquired at 1-min intervals for 2 h to 

obtain the uptake and retention dynamics of both imaging agents in the popliteal lymph 

nodes (Fig. 2). Temporal images were then analyzed using MATLAB (R2015b, 

Mathwork, Natick, MA) on a pixel-by-pixel basis. A circular region-of-interest of 3.4 

mm diameter was selected over the visible lymph node and the time-course of binding 

potential (BP) was produced for further analysis based on Eq. (2). 
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Figure 2. Images of a single rat after paired-agent injection of an antibody-based imaging agent 

and ICG in the rear footpad are shown. The images show the uptake and retention of both 

imaging agents. The top row represents the time-course signal acquired at the 700 nm channel 

(false-colored red) indicating antibody-imaging agent fluorescence, and the bottom row 

represents the signal acquired at the 800 nm channel (false-colored green) indicating ICG 

fluorescence.  

 

Statistical analyses 

 

SPSS 23 (IBM) was used for all statistical analyses. A repeated-measures ANOVA, with 

time as a within-subjects variable and imaging agent as a between-subjects variable, was 

used to identify the presence of any statistically significant differences between the 

temporal kinetics of IRDye-700DX-IgG and ICG in the rat popliteal lymph nodes 

imaged. Paired-t-tests with a Bonferroni correction to correct for multiple comparisons 

were used to identify statistically significant differences in signals at different time 

points. A linear regression was also used to evaluate the strength of correlation between 

the ICG and IRDye-700DX-IgG signals over time, reporting a Pearson’s correlation 

coefficient. Statistical significance was based on p < 0.05. All data are presented as mean 

± SD unless stated otherwise. 

 

Results 

 

Figure 3 presents an overview of the paired-agent imaging of sentinel lymph node 

(PAISLY) methods using ICG as a control agent to compare with an antibody-based 
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imaging agent in the absence of binding. Fig. 3b & c display the uptake of the antibody-

based imaging agent (IRDye-700DX-IgG; shown in red) and the uptake of ICG (shown 

in green), respectively, from an injection site in the rear footpad of a rat to the popliteal 

lymph node 1 h post-injection. A background subtraction algorithm was applied to both 

imaging agent uptake curves to minimize the interference from autofluorescence 

(subtraction of pre-injection fluorescent images from all post-injection images). In all the 

rat lymph nodes, the temporal uptake of ICG and antibody-based imaging agent matched 

each other within a 5% difference at all time points by 20 min after the injection. The 

measured time-course of fluorescence from both ICG and IRDye-700DX-IgG in the 

popliteal lymph nodes (n = 3) for 2 h is shown in Fig. 3d. The results show the kinetics of 

the ICG and antibody-based imaging agent demonstrated a strong correlation with each 

other over 2-h imaging (r = 0.981, p < 0.001), and no statistically significant differences 

were observed in the time-by-imaging agent or imaging agent omnibus tests in the 

repeated-measures ANOVA. The measured binding potential of IRDye-700DX-IgG 

measured by Eq. 2 is presented as a function time after injection in Fig. 3e. On average, 

the measured BP was -0.04 ± 0.02 after 20 min injection, and did not change significantly 

over time as determined by the repeated-measures ANOVA. However, these data were 

obtained only under certain pre-loading time of ICG and albumin. Otherwise, the signal 

of both imaging agents failed to correlate consistently with each other by simply mixing 

the IRDye-700DX-IgG with the ICG and albumin at the same time as shown in Fig. 3a (n 

= 1 demonstration without statistics). 
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Figure 3. Kinetics of antibody-based agent (IRDye-700DX-IgG) and ICG signal in a rat popliteal 

lymph node over time after intradermal footpad injection. Fluorescence images of ICG (green) 

and antibody-based agent (labeled IRDye-700CW-IgG; red) in the popliteal lymph node at 1 h 

post-injection of the right rear footpad are presented in (b) and (c), respectively. The time-course 

of fluorescence from both imaging agents failed to correlate with each other when all agents were 

mixed simultaneously just prior to injection as shown in (a). After the correction of mixing order 

and the pre-loading time, the potential ability for ICG to mimic the delivery and retention of an 

antibody-based imaging agent is presented in (d), depicting the mean fluorescence for both 

imaging agents in n = 3 rats in the lymph nodes as a function of time (error bars are SE). 

The binding potential for lymph nodes as a function of time after injection are presented in (e), 

with a maximum error of less than 0.05 in the absence of binding, further offering strong support 

that ICG is ideal for use as a control imaging agent in the PAISLY approach. 
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Figure 4 displays the fluorescence intensity of ICG in albumin as a function of ICG 

concentration. The ICG concentration was ranged from 0.001 µM to 1000 µM. The plot 

demonstrates that fluorescence intensity of ICG increased with concentration up to an 

ICG concentration of 50 µM. Higher concentrations of ICG exhibited nonlinearity in 

fluorescence signal with concentration and gradually decreased with an increase in 

concentration (Fig. 4a). This result indicated that ICG self-quenching in albumin is 

obtained at concentrations of 50 µM and above. In order to avoid self-quenching effects, 

care must be taken to ensure that the ICG concentration used in the experiment is far 

below the quenching threshold. To determine the optimal working concentration of ICG, 

the correlation of concentration and fluorescence intensity of ICG within a linear range 

was identified. The relationship of ICG concentration within 0.005-1.5 µM and its 

fluorescence intensity was highly significant (r = 0.999, p < 0.001, Fig. 4b).  

 

 

 

Figure 4 Fluorescence intensity of ICG in albumin as a function of ICG concentration. 

Fluorescence is maximum was observed at 50 µM (quenching threshold) with the concentration 

range 0.001-1000 µM in albumin concentration equivalent to concentration in lymphatic system 
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(a). A correlation between ICG concentration and its fluorescence intensity is presented in (d). 

The dash line represents the linear regression of the data.  

 

Figure 5 shows the plot of fluorescence intensity of ICG versus albumin concentration. 

The ICG concentration was tested over a range from 0.1 µM to 25 µM, along with the 

albumin concentration from 0-75 µM. The plot demonstrates a substantial increase in 

ICG fluorescence intensity upon albumin binding. As the concentration of albumin was 

increased, the fluorescence intensity of ICG also increased until the signal reached a 

plateau. The concentration of albumin for ICG to reach to its maximum fluorescence was 

dependent on the ICG concentration used. As the concentration of ICG was increased, it 

required higher concentrations of albumin to saturate ICG binding. Figure 4b 

demonstrates that at an ICG concentration of 1 µM, fluorescence intensity asymptotes to 

a maximum at an albumin concentration of approximately 50 µM, after which there is no 

further increase in ICG signal despite the concentration of albumin increase. This result 

suggests that a 50-µM albumin concentration is sufficient for all ICG (at 1 µM) to reach 

an ICG-albumin binding maximum. 
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Figure 5 Fluorescence intensity of ICG as a function of albumin concentration with various ICG 

concentrations. Higher concentrations of ICG required higher concentration of albumin to reach a 

maximum fluorescence intensity (a). ICG Fluorescence plateaued at 50 µM albumin with 1 µM 

ICG suggesting it reached its maximum with all ICG bound to albumin in a ratio of 50:1 

albumin:ICG (b). 

 

 

Figure 6a shows the effect of mixing order of imaging agents on ICG fluorescence 

intensity. The concentrations used were 1 µM, 0.2 µM, and 50 µM for ICG, antibody-

based imaging agent, and albumin, respectively. ICG fluorescence was observed to be 

highest in the solutions where ICG and albumin were pre-mixed prior to the addition of 

the antibody agent and lowest when ICG was pre-mixed with the antibody. The pre-

mixing of antibody and albumin prior to addition of ICG lead to a signal somewhere 

between what was observed in the other two mixing protocols. The results showed 

statistically significant differences between the groups of ICG pre-mixing with albumin 

and ICG pre-mixing with IRDye-700DX-IgG (p < 0.05). 

 

 

To determine the optimal preloading time of ICG and albumin, the influence of 

fluorescence intensity of ICG as a function of pre-mixing time was monitored at room 

temperature and is shown in Fig. 6b. The initial time point was chosen at 1 min after 

mixing and the plot represents the binding kinetics of ICG and albumin over the time 

extended up to 30 min. The plot shows the change in fluorescence intensity over time of 

ICG interacting with albumin, demonstrating a gradual intensification of signal. The peak 
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fluorescence intensity was recorded at 15 min after mixing. This indicated that ICG had 

reached a maximum binding ratio to albumin at this time point without agitation at room 

temperature. Further preloading time should be prevented as ICG exhibited an 

irreversible degradation profile in aqueous solution for longer time periods (results not 

shown).  

 

Figure 6 Influence of mixing order and preloading time of ICG and albumin on ICG 

fluorescence. Fluorescence from ICG varied when mixing in different order of ICG, albumin and 

antibody-based agent (AI) IRDye-700DX-IgG as presented in (a). ICG preloaded with albumin 

prior to mixing with antibody-based agent allowed ICG to reach its highest intensity without 

quenching its fluorescence. The fluorescence profile of ICG in albumin as a function of time is 

shown in (b). Fluorescence intensity of ICG was maximum at 15 min, suggesting that ICG has 

completely bound to albumin at this point. 

 

 

 

Discussion   

 

Sentinel lymph node status is one of the most important prognostic factors guiding 

adjuvant treatment in breast and other cancers; and surgical lymph node dissection has 
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become a standard care for determining the nodal stage of the disease [1]. However, the 

removal of lymph nodes, even sentinel nodes, can impact the quality of life of patients [6] 

as the surgery carries a significant risk of morbidity; and with the majority of lymph 

nodes identified as cancer-negative [7], overtreatment is a serious concern. These 

limitations of standard lymph node biopsy have led to a demand for the development of 

an approach to estimate tumor burden lymph nodes non-invasively. A paired-agent 

imaging of sentinel lymph nodes (PAISLY) method is one approach that has recently 

been developed to fulfill this demand, and early preclinical work in a mouse model of 

human breast metastatic cancer demonstrated that PAISLY could noninvasively detect 

microscopic levels of tumor burden in the lymph nodes [16]. Translation of PAISLY to 

the clinic will require FDA approval of a targeted and a control imaging agent, yet 

translation could be accelerated with the use of an existing FDA-approved control 

imaging-agent, such as indocyanine green (ICG). This study experimentally 

demonstrated that ICG can indeed be used as a control agent in PAISLY methods that 

employ antibody-based targeted imaging agents, as long as the ICG is premixed with 

albumin prior to mixing with the antibody-based agent. 

 

There are other available FDA-approved fluorescent imaging agents that have the 

potential to be used as control imaging agents, such as fluorescein or methylene blue, 

which have been widely used in clinical applications already [3]. ICG was chosen as it 

emits light in the near-infrared where light absorption in tissue and tissue 

autofluorescence is relatively low, allowing imaging sensitivity deeper in tissue [38]. 

Methylene blue also emits within the near-infrared range and would be an option; 
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however, the main concern is that it exhibits only partial binding to proteins in lymph 

fluid. This lead to an observation of fast (free associated dye) and slow (protein bound 

dye) components of methylene blue arrival at lymph nodes, kinetics that would not be 

exhibited by antibody-based imaging agents [14]. 

 

For use as a control agent in PAISLY, some non-optimal features of ICG had to be 

accounted for. For instance, the fluorescence quantum yield and spectrum of ICG is non-

linear versus concentration [36]. To overcome this first limitation, ICG fluorescence was 

measured with the Pearl System over a large range of concentrations, and a nearly 3-

orders-of-magnitude linear range in concentration was identified with a high-end 

concentration of approximately 1 µM. Since the imaging agent concentration has been 

found to dilute by a factor of about 10-100 from injection site to lymph node [16], this 

high-end concentration was selected as the optimal concentration to inject to ensure all 

signal was linear with concentration during in vivo imaging. Another complicating 

characteristic of ICG is its propensity to bind non-convalently to proteins in the blood 

plasma, such as albumin, which enhances its fluorescence depending on the extent of 

protein binding [39]. In this study, it was demonstrated that concentration ratios of more 

than 50:1 (albumin:ICG) yielded the highest levels of ICG fluorescence, which would 

remain stable as a function of ICG concentration throughout lymph node imaging. The 

affinity of ICG to non-covalently bind to proteins added a further complication for use in 

PAISLY as it was found that addition of ICG to the antibody-based imaging agent 

changed the fluorescence of the ICG, suggesting that ICG was binding to the antibody 

protein. This is problematic for PAISLY, as (1) this interaction could interfere with the 
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ability of the antibody to bind to the biomolecular target, and (2) for ICG to act as an 

ideal control agent, its kinetics should approximate those of the freely associated targeted 

agent only (but with binding to the targeted agent, it will represent both bound and free 

fractions of the targeted agent, at least in part). The solution to this problem was to mix 

the ICG with albumin at greater than a 50:1 albumin:ICG ratio (Fig. 5b) for more than 15 

min (Fig. 6b) prior to mixing with the antibody-based agent to minimize the number of 

free ICG molecules able to associate with the antibody instead of the albumin. It should 

also be noted that by ensuring the vast majority of the ICG is bound to albumin prior to 

injection, studies have demonstrated that the ICG will drain preferentially through 

lymphatic vessels when injected intradermally [40]: similar to the antibody-based agents 

[8], which makes the albumin-bound ICG a much better candidate to act as the control 

imaging agent. 

 

To test the potential for ICG to work as a control agent in PAISLY for antibody-based 

targeted agents, its uptake was compared against IRDye-700DX-labeled_IgG, which has 

already been demonstrated to be an adequate control imaging agent for an antibody-based 

targeted imaging agent in PAISLY [16]. The idea is that future studies could replace the 

IgG in the untargeted IRDye-700DX-IgG with a targeted antibody, allowing the 

ICG:albumin to act as a control agent in PAISLY for the IRDye-700DX-labeled targeted 

antibody. IRDye-700DX is an ideal fluorophore to be paired with ICG. Its emission is 

around 700 nm, far from the 800 nm emission peak of ICG to minimize cross-talk, but 

still in the near-infrared window where light absorption in tissue is low. There is also a 

similarity in optical properties at 700 and 800 nm in most tissues, which means that 
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imaging at either wavelength will interrogate the same volume/depth of tissue, allowing 

normalization of signal in paired agent imaging to account for optical property, system 

detection, and imaging agent concentration differences between the two wavelength 

ranges [41]. While there are no FDA-approved IRDye-700DX-labeled targeted antibodies, 

good manufacturing practices- (GMP-) produced IRDye-700DX can be acquired from the 

manufacturer, and the dye is currently under several clinical trials having exhibited 

excellent safety [17-18]. Furthermore, a GMP-produced IRDye-700DX-Cetuximab 

(antibody for epidermal growth factor receptor) has recently been taken through toxicity 

studies in preparation for preliminary clinical studies [42], which could open the way to 

more IRDye-700DX-labeled antibodies acquiring clinical approval in the coming years.  

 

 

The rat popliteal lymph node was chosen as a proof-of-principle test case for comparing 

the kinetics of ICG and IRDye-700DX-IgG since this node is relatively large and tends to 

be spatially isolated from other nodes (so there are no adjacent nodes that could obfuscate 

kinetic measurements in the node of interest). The area it drains is also well defined and 

includes the foot, footpad and hind leg [43], which are all drained through large 

lymphatic vessels that also show up on wide-field fluorescent imaging (Fig. 2&3b) and 

can be helpful for understanding the impact of the afferent vessel fluorescent agent “input 

functions” [14]. Considering interstitial fluid movement is intrinsically linked to 

lymphatic drainage, Swartz et al. demonstrated that the infusion rate of imaging agents 

was linearly proportional to infusion pressure in lymphatic drainage [44]. Therefore, for 

examining the systemic drainage mechanisms of an imaging agent, large changes in 
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interstitial pressure upon imaging agent administration should be avoided, as it is possible 

that pressure-based delivery of agents to the lymph node may lead to larger discrepancies 

of targeted and control agent delivery rates owing to differences in size compared to 

delivery through physiological levels of lymph fluid flow rate. (No rigorous testing was 

done to prove this; however, past experience has suggested high volume, fast injections 

yield greater differences in paired-agent delivery rates). High tissue pressures were 

avoided in this study by injecting a small volume of imaging agents (0.05 mL) over a 

relatively long period of time (~15 s) using a 30-gauge syringe-needle, intradermally into 

the right rear footpad of rats. Caution had to be taken while injecting to ensure the needle 

was not too deep, as deep injections lead to delayed uptake of imaging agents into the 

lymphatic system [45].  

 

After paired-agent injection, peak fluorescence signal peak was observed at 6 ± 2 min for 

both ICG and IRDye-700DX-IgG (Fig. 3d). The in vivo results demonstrated an excellent 

ability for ICG to match the delivery and nonspecific retention of the antibody-based 

imaging agent, IRDye-700DX-IgG, using the optimal imaging agent mixing protocol 

described. It should be emphasized that the mixing protocol was critical as the kinetics of 

ICG and IRDye-700DX-IgG failed to correlate significantly with each other when ICG, 

IRDye-700DX-IgG, and albumin were mixed directly without preloading ICG with 

albumin immediately prior to injection (Fig. 3a). With the early failure of this method, 

few datasets were collected, so findings were not statistically significant, but it appeared 

that under these condition, ICG exhibited a slower initial delivery to the lymph node 

(lower initial peak), while the IRDye-700DX exhibited heightened nonspecific retention 
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(slower washout from the node). It’s not clear what the causes of these differences were; 

however, it is possible that ICG delivery was reduced owing to binding of remaining free 

ICG to more stationary proteins in vivo upon injection; and it is possible that ICG binding 

to the IRDye-700DX-IgG could have led to slower washout from the lymph node. Thus, 

the optimal mixing protocol is required to ensure ICG is completely bound to albumin 

prior to mixing with the antibody-based imaging agent.    

 

 

While the presented method and results demonstrated that ICG has the potential to act as 

control agent in PAISLY, for this proposed approach to be ultimately effective in 

replacing conventional lymph node dissection to evaluate lymph node metastasis, the 

targeted imaging agent must be able to identify the highest fraction of metastatic breast 

cancer cells. Recently, Tafreshi et al. proposed that carbonic anhydrase isoforms 9 and 

12, CAIX and CAXII, respectively, were potential targets as reliable intrinsic biomarkers 

for cancer targeting, as one or the other of these two markers were found to be expressed 

in 100% of breast cancer lymph node metastasis surveyed [10]. As a result, future studies 

will adapt PAISLY to dual-targeting of CAIX and CAXII with ICG as a control imaging 

agent to maximize the sensitivity to breast cancer lymph node metastasis for all patients 

potentially.   

 

 

Conclusion 
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Animal study results that demonstrated the high sensitivity and specificity of PAISLY for 

noninvasively detecting cancer spread to tumor draining lymph nodes makes PAISLY a 

promising methodology for clinical translation. This study made a first step toward 

translation by demonstrating that ICG, an untargeted fluorophore approved for clinical 

use, could be used as a control imaging-agent for antibody-based targeted agents in 

PAISLY. Specifically, this work identified an optimal strategy for mixing ICG with 

antibody-based agents to avoid confounding interactions between the agents, identified 

an optical concentration of ICG for injection, and demonstrated that ICG premixed with 

albumin exhibits near-identical kinetics in rat popliteal lymph nodes as compared to a 

untargeted antibody-based imaging agent. 
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