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ABSTRACT 

Cancer treatment response assessment is particularly challenging in the setting of metastatic 

cancer in part because patients can present with hundreds of metastatic lesions through their body, 

which often respond heterogeneously to treatment. The current standard in clinical practice to reach a 

patient-level disease assessment is a partial response evaluation of a subset of lesions that is grouped 

and analyzed jointly. This suboptimal practice disregards heterogeneity in lesion-level response as it 

averages the lesion response, in addition to assessing only a fraction of the lesions. To achieve a more 

complete understanding of cancer response to treatment, comprehensive, lesion-level, and longitudinal 

disease assessment is necessary, but precluded by requiring manual matching of corresponding lesions, 

which is a tedious, subjective, and error-prone task. Therefore, the main goal of the present dissertation 

is to develop an automated, comprehensive, lesion-level, longitudinal evaluation of metastatic cancer 

to enable enhanced treatment response assessment, and to evaluate the improvement in treatment 

response prediction both at the patient- and at the lesion-level. 

To that end, we have developed and validated a lesion-tracking methodology that allows 

longitudinal, lesion-level information to be extracted from all the identifiable cancerous lesions in a 

patient across time. We then investigated the use of such information to build models of patient- and 

lesion-level treatment response prediction. These predictions were investigated for metastatic 

neuroendocrine tumor (mNET) patients treated with peptide receptor radiation therapy (PRRT), though 

the methodology was validated broadly across cancer and treatment types. The main reason for 

choosing mNETs was the newly introduced PRRT treatment, which is not well understood, especially its 

widely variable response across patients and lesions.  
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The developed methodology had high accuracies for lesion matching (0.98) and tracking (0.90), 

thus enabling automated disease response assessment. When used for treatment response prediction, 

we showed that the comprehensive, lesion-level, longitudinal information can predict mNET lesions that 

resist treatment and exhibit a long-term persistence (prediction accuracy of 0.78). On the patient-level, 

we found that utilizing the information provided by the developed methodology resulted in superior 

treatment response prediction than previously established methods. We obtained a significant 

prediction of progression-free survival (PFS) (𝑝 ≪ 0.001) and a stratification between good and poor 

responders to PRRT better than established approaches (0.88 vs. 0.65 AUC). 

In summary, this dissertation is the first work to show that the use of comprehensive, lesion-level, 

and longitudinal disease information is possible for various types of metastatic solid cancers via an 

automated methodology. Furthermore, this information was shown to improve the predictability of the 

treatment response of mNET patients and their individual lesions to PRRT. The potential impact of 

improved lesion- and patient-level treatment response prediction in the management of cancer patients 

is promising.  Potential uses include: a lesion selection framework for subtotal targeted lesion ablation, 

inform the selection of patients for clinical trials, optimize treatment monitoring frequency, optimize 

time of treatment change, and support decisions for combination of different treatments. The 

introduced treatment response prediction approach has the ultimate intention of meaningfully 

contributing towards prolonged and higher quality-of-life for metastatic cancer patients.
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1 INTRODUCTION 

1.1 METASTATIC CANCER RESPONSE HETEROGENEITY 

Metastasis is the leading cause of cancer-related mortality (Chaffer & Weinberg, 2011). Although cancer 

patients have treatment options, the treatment response among lesions can be substantially different. Some 

lesions might respond to treatment while other lesions continue to progress. This receives the name of response 

heterogeneity and poses a great challenge to cancer management in metastatic patients because the behavior 

of one lesion (or even a few) is likely unrepresentative of the global response. Treatment response 

heterogeneity is frequent in metastatic cancer and has been observed in various cancer types, like breast cancer 

(Huyge et al., 2010), melanoma (Carlino et al., 2013), colorectal cancer (Hendlisz et al., 2015; Russo et al., 2016; 

Van Helden et al., 2016), renal cell carcinoma (Crusz et al., 2016), prostate cancer (Harmon et al., 2016; 

Kyriakopoulos et al., 2020), non-small cell lung cancer (Dong et al., 2017; Humbert et al., 2020; Y. Lee et al., 

2014; Tazdait et al., 2018; Tozuka et al., 2020), and neuroendocrine tumors (Perk et al., 2020). The heterogenous 

response to treatment is caused by selective treatment resistance, which can be intrinsic or acquired. Intrinsic 

resistance exists in a treatment naïve setting and is caused by pre-existing random genetic mutations (Maitland, 

2021), while acquired resistance can be caused by various factors like selective expansion of pre-existing 

subclonal cell populations under therapeutic selective pressure (Dagogo-Jack & Shaw, 2018), compensatory 

increase in survival pathways, or the downregulation of antigens to escape immunological response. An 

interplay between resistance types can also occur. For example, it has been observed that intrinsic resistance 

can lead to a higher degree of acquired resistance in metastatic prostate cancer patients (Kyriakopoulos et al., 

2020). Importantly, both modes of resistance can lead to clinical progression. Intrinsic resistance lesions can 

continue to progress, whereas initially responding lesions can later progress. Thus, identifying and targeting 
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intrinsic resistant lesions, as well as identifying and targeting acquired resistant ones can lead to a delay of 

clinical progression. 

Patients with advanced metastatic cancer are usually treated with systemic therapies that are expected to 

halt the proliferation of the cancer cells present in every lesion. However, different effects across the various 

lesions can be observed due to selective treatment resistance. This commonly leads to a temporally limited 

management of metastatic disease, eventually reaching a failure point, defined as the time to progression (TTP) 

(Strosberg et al., 2017). Time to progression can be determined by patient-level metrics, such as prostate-

specific antigen (PSA) level in prostate cancer, and by imaging criteria such as the RECIST or PERCIST criteria 

(Eisenhauer et al., 2009; Therasse et al., 2000; Wahl et al., 2009). In clinical practice, when disease progression is 

clinically determined, it is common to discontinue the systemic treatment. However, for metastatic cancer 

patients, the determination of patient-level disease progression could be driven by the progression of only one 

or a few resistant lesions (oligoresistant), while many other lesions are well controlled by systemic therapy. For 

example, Kyriakopoulos et al. observed that, in metastatic prostate cancer patients, some lesions continue to 

respond even after progression time has been determined (Kyriakopoulos et al., 2020). This state where a few 

lesions resist therapy is defined as the oligoprogressive disease state (Palma et al., 2014). In these cases, 

stopping systemic therapy may not be the right course of action. Importantly, response heterogeneity 

information is crucial to make an optimal treatment stopping or modification decision, and this information is 

rarely available. The only way to fully understand the heterogeneity in response, and thus completely 

understand the metastatic cancer response to treatment, is to acquire spatiotemporally resolved information by 

tracking individual lesions (lesion-level) and all the lesions (comprehensive) in a patient across the treatment 

and post-treatment periods (longitudinally). Medical imaging is the gold-standard method to provide such 

spatiotemporal resolution. 
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1.2 MEDICAL IMAGING 

The spatial resolution capabilities confer medical imaging with the capacity to capture different 

quantitative and qualitative characteristics of each disease site. This allows for the identification of inter-lesion 

treatment response heterogeneity (Humbert et al., 2020). The increasing role of medical imaging in treatment 

response assessment is causing the heterogenous characteristic of cancer response to be increasingly noted and 

investigated (Humbert & Chardin, 2020). Medical imaging can provide anatomical and molecular information, 

which are complementary in nature. Anatomical Information is a proven efficacious approach to assess patient 

response to cancer treatments (Curran et al., 2006). It is invaluable since treatment agents that cause the 

shrinkage of solid tumors are correlated with improvement in overall survival (Eisenhauer et al., 2009). 

Anatomical-based treatment response guidelines are well established via the RECIST criteria (Eisenhauer et al., 

2009). However, despite being fundamental, RECIST is not all-encompassing since some cancer types are 

characterized by slow growing lesions, for which anatomical changes are preceded by functional changes, for 

example metastatic neuroendocrine tumors (mNET) (De Mestier et al., 2014). Especially in these cases, 

molecular information captured by imaging modalities such as PET/CT can play an important role in response 

assessment. PET/CT imaging captures molecular information in the form of standardized uptake values (SUV) 

which quantifies underlying biological processes and can be used to detect metastatic lesions and monitor their 

progression. The biological processes observed are dependent on the biological molecule used in the tracer in 

association with a radionuclide. For example, 18F-FDG is the most common PET tracer used and is a marker of 

glucose uptake, or cell metabolism (Fletcher et al., 2008). The PERCIST criteria are guidelines for evaluating 

tumor response using 18F-FDG PET/CT (Wahl et al., 2009). However, all response evaluation criteria (e.g., RECIST 

and PERCIST) are limited in the amount of information they utilize to perform treatment response evaluation. 

Furthermore, for tracers introduced more recently, such as 68Ga-DOTATATE, guidelines for response evaluation 

criteria are incipient. 68Ga-DOTATATE is a marker of peptide (somatostatin) expression on the cell membrane, 

which is overexpressed in well-differentiated neuroendocrine tumors (Kwekkeboom et al., 2010). Molecular 
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information is becoming increasingly important for lesion identification and treatment monitoring (Baum et al., 

2010; Scarpelli et al., 2018; Vanderhoek et al., 2013; Weissleder, 2006). 

Beyond the spatially rich nature of molecular imaging, the acquisition of multiple scans across time adds 

another dimension of information: the temporal. Longitudinal variations in PET tracer uptake can be 

representative of lesion response to treatment (Wahl et al., 2009). In the span of their disease management, 

cancer patients can receive multiple scans as part of diagnosis, staging, and treatment monitoring. Longitudinal 

imaging response assessment of cancer has been identified as a predictor of long-term treatment outcome and 

adverse events in various settings (Haug et al., 2010; Hribernik et al., 2022). When put together, the spatial and 

temporal information provided by molecular images has great potential to support clinical patient management 

through improved treatment response assessment. However, this potential is commonly underutilized. 

Frequently, clinical response assessment reduces the rich heterogeneous lesion-level image information to 

patient-level information either by summarizing all the lesions into a single score (Gallamini et al., 2014; Larson, 

1999) or by evaluating a subset of lesions (Eisenhauer et al., 2009; Wahl et al., 2009) (e.g. RECIST or PERCIST). 

The labor-intensive aspect of the manual task of extracting the lesion-level response information limits the 

clinical and investigational use of such information. Late-stage cancer patients can present with hundreds of 

lesions, hence individually evaluating each lesion’s temporal evolution (i.e. establishing lesion tracks) is complex, 

tedious, and error prone (Schwartz et al., 2003). Furthermore, these patients’ metastases can be spread through 

their whole-body, making the lesion-level disease response assessment even more challenging. To unleash the 

full potential of the cancer treatment response information contained in medical imaging, the manual aspect of 

the analysis needs to be overcome. For that, the automation of the image analysis tools that allow for the 

comprehensive extraction of lesion-level response information is necessary. 
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1.3 COMPREHENSIVE, LESION-LEVEL, LONGITUDINAL IMAGE ANALYSIS 

The image-based lesion-level quantification of disease response relies on a few major image analysis steps: 

(1) lesion identification and segmentation, (2) longitudinal lesion matching, i.e. establishing longitudinal lesion 

correspondence from one imaging time-point to the next, (3) quantification of lesion characteristics, and (4) 

establishing changes of lesion characteristics over time. Lesion identification and segmentation has been the 

object of much investigation. The pioneer methods have explored optimal threshold limits to perform lesion 

segmentation (Bosc et al., 2003; Otsu, 1979; A. J. Weisman et al., 2020b). Recently, with the advent of 

convolutional neural networks (CNN), new and more reliable methods for automated lesion segmentation have 

emerged (Isensee et al., 2021; Kamnitsas et al., 2017; Schott et al., 2023; A. J. Weisman et al., 2020a). These 

recent advances have largely fulfilled the necessity for automated lesion identification and segmentation. 

Therefore, they are not the focus of this work. Instead, we draw on previous works of our research group for 

these important steps (Perk et al., 2018; Schott et al., 2023; A. Weisman et al., 2022; A. J. Weisman et al., 

2020a). 

Longitudinal lesion matching, on the other hand, still requires an automated solution that enables its 

widespread use in clinical practice and academic investigation. The main task of a lesion-matching automated 

solution is to establish the correct intra-patient correspondence between lesions identified in multiple images 

acquired at different time-points. Some of the challenges associated with this task are (1) the merging and 

splitting of lesions that can occur because of treatment response or disease progression, (2) considering multiple 

imaging modalities used in different time-points, (3) guaranteeing that the lesion-matching performance is 

satisfactory throughout the entire patient anatomy, and (4) devising a way to optimize the global lesion 

correspondence decision in the face of multiple concurrent possibilities for matching. If lesion matching 

automation is achieved, lesion-level response can be assessed and inter-lesion heterogeneity can be quantified, 

providing potentially valuable information for improved cancer management. Examples of the clinical impact of 

the assessment of heterogeneous response to treatment include treatment response prediction (Humbert & 
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Chardin, 2020), patient selection for combined locoregional and systemic therapies (Lyu et al., 2020), and 

serving as guiding information for lesion biopsies, improving biopsy success rates (Harmon et al., 2016). The 

development of image analysis tools that enable lesion matching is crucial for automation of comprehensive, 

lesion-level, longitudinal information extraction, which could lead to improved image biomarkers 

1.4 COMPREHENSIVE, LESION-LEVEL, LONGITUDINAL IMAGE BIOMARKERS 

Image biomarkers are defined as “an objective characteristic derived from an in vivo image measured on a 

ratio or interval scale as indicators of normal biological processes, pathogenic processes, or a response to a 

therapeutic intervention" (Kessler et al., 2015). The quantitative biomarkers in PET images commonly consist of 

statistics calculated from the SUV distributions of volumes of interest (VOI) (Figure 1). One of the most common 

image biomarkers in PET is SUVmax, consisting of the maximum value of the SUV distribution in a VOI (e.g.: a 

lesion or an organ at risk); other commonly used statistics are the mean (SUVmean) and the total (integrated 

distribution - SUVtotal). Comprehensive, lesion-level, longitudinal image analysis can enrich the level of 

information contained in image biomarkers. Making these images biomarkers more informative can have an 

impact on treatment response assessment and prediction, since image biomarkers have been shown to be 

predictive of clinical endpoints such as overall survival and progression-free survival, which are correlated to 

clinical outcomes. 
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Figure 1 – examples of image biomarkers extracted from a PET image volume of interest. Adapted from Huff  
(Huff, 2022). 

Various cancers have shown strong associations between SUVmax, tumor stage, and prognosis (Al-Taan et 

al., 2014; H.H. et al., 2014; Namura et al., 2010; Pan et al., 2009; Park & Lee, 2014; Walentowicz-Sadlecka et al., 

2014). For example, in lung cancer, many studies have demonstrated that 18F-FDG PET avidity is associated with 

increased cellular abnormality (poor tumor biology) and increased risk for recurrence (Melloni et al., 2013). 

SUVmax measured longitudinally on multiple FDG PET/CT scans acquired throughout treatment showed promise 

in identifying good responders among lung cancer patients, as measured by 80% decreases in SUVmax (Cerfolio et 

al., 2004). Despite these promising results, 18F-FDG SUVmax consistently fails to represent an independent 

predictor of overall survival in lung cancers (Agarwal et al., 2010). This could be due to the limited nature of the 

used biomarkers (non-comprehensive, non-longitudinal). Furthermore, it is now accepted that limiting FDG 

biomarkers to a single measurement (e.g., SUVmax ) does not account for the wealth of information contained 

within the entire tumor volume (Lambin et al., 2012). Another example is metastatic prostate cancer, where 

studies have demonstrated that both the number of lesions identified by physicians and corresponding uptake 

on 18F-NaF PET/CT scans during or after treatment show correlation with clinical outcomes (Apolo et al., 2016; 

Yu et al., 2015). In a small cohort of patients undergoing chemotherapy, changes in patient-level SUVmax on 18F-

NaF PET/CT uptake showed modest correlation with progression-free survival at 12 weeks (Yu et al., 2015). The 

modest correlation found is possibly limited by the incomplete utilization of image biomarkers. Furthermore, in 

metastatic neuroendocrine tumor patients, PET-derived image biomarkers have been shown to be correlated to 
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progression-free survival and overall survival. In a recent systematic review of 39 studies, Lee et al concluded 

that PET-based biomarkers can impact treatment decision-making and may predict PRRT response in patients 

with NETs (O. N. Y. Lee et al., 2022). Additionally, the authors issued a call for further research on the topic: 

“more robust studies should be conducted to better elucidate the prognostic role of somatostatin receptor 

PET/CT in optimizing treatment for clinical outcome”. 

1.5 METASTATIC NEUROENDOCRINE TUMOR 

There are some characteristics that make comprehensive, lesion-level, longitudinal response assessment 

particularly useful for metastatic cancers. First, showing a large and still poorly understood variation in patient-

level response to a systemic therapy. Second, showing varied individual lesion response to a systemic treatment 

(lesion response heterogeneity). Third, showing metastases that spread through the whole body. Fourth, 

showing specific pathological consequences associated to lesions that do not respond to therapy. Finally, 

showing disease evolution characteristics that challenge the conventional treatment response assessment (i.e., 

RECIST or PERCIST). Neuroendocrine tumors are heterogeneous cancers that originate in the diffuse 

neuroendocrine system and that present all these characteristics*. First, the recently introduced peptide 

receptor radiation therapy (PRRT) shows wide variation in patient-level response (Liberini et al., 2020). The 

introduction of PRRT has significantly improved the standard of care for mNET patients (Kwekkeboom et al., 

2008; Strosberg et al., 2017). However, it is well known that NET patients benefit differently from PRRT. For 

example, Werner et al. reported that in a cohort of 141 NET patients undergoing PRRT, the maximal progression 

free survival was 85 months while the minimal was 4 days (Werner et al., 2017). Second, it has been observed 

that, when receiving PRRT, the individual lesion response to treatment is varied (lesion response heterogeneity) 

 

* Despite the great applicability of the lesion matching methodology to mNET patients, other cancer types (e.g., 
metastatic melanoma) present similar characteristics. Therefore, care was taken in the lesion matching methodology 
development to make it broadly applicable. In its development, we have used images from patients with multiple types of 
metastatic solid cancers. 
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(Krenning et al., 2005; O’Connor et al., 2017; Roll et al., 2021). Third, the most common type of NET is originating 

in the midgut and the pancreas, but it can also originate in lung tissue and the pituitary gland (Kulke et al., 2012), 

and it can metastasize to the whole body, with sometimes hundreds of lesions distributed through various types 

of tissues (e.g.: bone, liver, lymph nodes). Fourth, almost half (about 40%) of NETs secrete hormones, causing 

carcinoid syndrome and greatly reducing patients’ quality of life. Finally, most NETs are slow growing (Ahmed, 

2020), which brings challenges to the classical anatomical treatment response assessment (i.e.: RECIST). 

Furthermore, despite being a relatively rare cancer, mNET incidence in the United Stated increased from 1 in 

100,000 in 1973 to 7 in 100,000 in 2012 (Ahmed, 2020). It is believed that improved imaging technology and 

improved recognition of neuroendocrine diseases are the reason for the perceived frequency increase (Cives & 

Strosberg, 2018). The imaging of mNET patients with somatostatin receptor imaging (SRI) (e.g., 68Ga-DOTATATE 

PET/CT) is a clinical standard to select patients for PRRT. Clinical guidelines state that the uptake of all lesions 

must be higher than the background uptake of the liver at a baseline SRI to start PRRT, i.e.: Krenning score of at 

least grade two (Becx et al., 2022). When performed longitudinally (before and after treatment), SRI depicts the 

early lesion-level response to PRRT and provides a spatiotemporal complete portrait of the early disease 

response (Sahani et al., 2013). Using SRI images, biomarkers have been studied for treatment response 

assessment and prediction in mNET patients. However, the potential of comprehensive, lesion-level, longitudinal 

PET biomarkers remains unexplored. 

1.6 TREATMENT RESPONSE PREDICTION 

In some studies, PET imaging has been shown to be an early predictor of long-term response to treatment 

(Campana et al., 2010; Haug et al., 2010). Motivated by these results, various studies have assessed the value of 

SRI for predicting PRRT response of NETs (O. N. Y. Lee et al., 2022). However, the image information available to 

explore the treatment response prediction has always been limited, which hinders the predictive value of the 

images and precludes the exploration of lesion-level response prediction. On the lesion-level, comprehensive 
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response assessment enables investigation on the prediction of resistant lesions. These lesions could be 

candidates for receiving locoregional therapies in addition to the systemic therapy regimen. Locoregional 

therapies have been shown to improve patient quality of life and increase survival in patients with 

oligometastatic disease (Akyildiz et al., 2010; Elias et al., 2009; Hafez & Gettinger, 2020; Mohan et al., 2015). 

Oligometastatic is the state where patients have few metastases, commonly defined as less than five, and all 

metastases are limited to one organ (Palma et al., 2014). In contrast to the oligometastatic stage, delivering 

locoregional treatment to widely metastatic cancer patients, as in the case of most mNET patients, presents a 

greater clinical challenge due to the elevated number of lesions. Invasive interventions performed on tens of 

lesions can be accompanied by high rates of morbidities and complications (Elias et al., 2009). However, if 

provided with comprehensive, lesion-level response assessment, clinicians could perform subtotal locoregional 

therapies, selecting only the resistant lesions to receive the locoregional treatments. The use of locoregional 

therapies in mNET patients has achieved some success, for example, stereotactic body radiation therapy (SBRT) 

has been used with curative intent (Jo & Yeo, 2019; Sharabi et al., 2017). The benefits observed in 

oligometastatic patients who received locoregional ablation could then potentially be transferred to 

oligoprogressive patients receiving systemic therapies, such as mNET patients receiving PRRT. In this way, 

selective locoregional intervention to resistant lesions could delay disease progression and improve patient 

quality of life. The potential benefits would have to be tested in phase II clinical trials; however, studies of 

feasibility are needed prior to a prospective trial. 

Going beyond the lesion-level response prediction, we hypothesize that comprehensive, lesion-level, 

longitudinal image biomarkers can improve the patient-level prediction of treatment outcomes because of 

capturing the heterogeneous (inter-lesion) disease response. Various studies have assessed the value of SRI for 

predicting therapy response of NETs (Figure 2), however they have always been limited in various ways. Efforts 

into investigating the SRI predictive power for PRRT in NETs started over a decade ago when Haug et al and 

Gabriel et al investigated the predictive power of the early functional response of a single lesion (Gabriel et al., 
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2009; Haug et al., 2010; Öksüz et al., 2014). The SUV of a limited subset of lesions at baseline SRI has also been 

investigated as a predictor of PRRT in NET patients (Ambrosini et al., 2015; Atkinson et al., 2021; Campana et al., 

2010; Carlsen et al., 2020; Graf et al., 2020; Kratochwil et al., 2015; Soydal et al., 2016; Teker & Elboga, 2021; 

Werner et al., 2017, 2019; Zwirtz et al., 2022). While these works have expanded the number of lesions 

observed, they forfeited the valuable longitudinal early functional response information. This information has 

been taken into account by a smaller number of works (Huizing et al., 2020; Ortega et al., 2021; Sharma et al., 

2019; Urso et al., 2023; Weber et al., 2020). These investigations, however, remain limited as to the extent of 

disease being used to explore the SRI predictive potential since a non-comprehensive subset of lesions were 

quantified and analyzed. PRRT is indicated for advanced, well-differentiated, normally widely metastatic mNET 

patients hence these patients present with tens, sometimes hundreds of metastases throughout their bodies 

and limiting the number of lesions from which the biomarkers are used for prediction implies a significant 

underutilization of the available information 

More recently, with the advent of methodologies to automatically or semi-automatically segment all 

lesions in a PET/CT image (Carlsen et al., 2021; Wehrend et al., 2021), the complete set of lesions in the SRIs 

could be segmented and quantified. Taking advantage of such technologies, Carlsen et al. investigated the 

predictive power of SRI uptake of the complete set of lesions (Carlsen et al., 2021). However, this study did not 

take longitudinal information into consideration. Recent works investigated the predictive power of SRI using 

both the complete set of lesions and longitudinal early response information (Durmo et al., 2022; Ohlendorf et 

al., 2020; Opalińska et al., 2022; E. Pauwels et al., 2020). However, these studies evaluated early variation of 

patient features (patient-level response), and the individual early variation of lesion features (lesion-level 

response) was not calculated. Both approaches to variation calculation are shown in equations (1) and (2). 

Patient-level response: [∑𝑖𝑆𝑈𝑉𝑗,𝑝𝑜𝑠𝑡−𝑇

𝑖

] − [∑𝑖𝑆𝑈𝑉𝑗,𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒

𝑖

] 
(1) 
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Lesion-level response: 
∑[𝑖𝑆𝑈𝑉𝑗,𝑝𝑜𝑠𝑡−𝑇 − 𝑖𝑆𝑈𝑉𝑗,𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒]

𝑖

 
(2) 

where 𝑖 indexes the lesions and 𝑗 indexes the measured feature (e.g.: max, mean, etc.). Therefore, until this 

moment, no work has performed the SRI-based treatment response prediction of mNET patients using 

comprehensive, lesion-level, and longitudinal PET biomarkers. 

To conclude, a lesion-level understanding of the spatiotemporal patterns of disease progression can 

provide a framework for novel local and systemic therapy combinations, but also has the potential to enhance 

patient-level response prediction. Therefore, this dissertation aims on assessing the added value of using 

comprehensive, lesion-level, longitudinal information for mNET patients in two scenarios: identification of 

resistant lesions (Lubner et al., 2013; Roth et al., 2020) and prediction of patient-level treatment outcomes 

(Gayed et al., 2004; Schwarz et al., 2005). 
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Figure 2 – Venn diagram of previous works and their characteristics of SRI information usage for PRRT response 

prediction. 

1.7 AIMS 

We hypothesize that comprehensive, lesion-level, and longitudinal imaging biomarkers will lead to 

improved treatment response prediction because of capturing disease response heterogeneity. Therefore, the 

main goal of the presented thesis was to develop an automated, comprehensive, lesion-level, longitudinal 

evaluation of metastatic cancer to enable enhanced treatment response assessment, and to evaluate the 

improvement in treatment response prediction both at the patient- and at the lesion-level. To this end, we 

have the following aims (Figure 3). 
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Figure 3 – Schematic representation of the dissertation’s organization 

Aim 1:  To develop a method for automated comprehensive, lesion-level, longitudinal matching of disease. 

Manual disease response assessment between consecutive imaging time-points is clinically infeasible on a 

lesion-level but is paramount to the complete utilization of the information available in medical images. There is, 

therefore, a clear need to automate the quantification of such treatment response assessment metrics. The 

description of the method’s development is described in Chapter 2. 

Aim 2: To expand the developed lesion matching methodology to allow for the assessment of multiple 

imaging time-points, as opposed to a consecutive pair, and to allow for the analysis of lesions identified in 

different imaging modalities. Cancer patients are imaged with multiple modalities on various time-points as part 

of their treatment response assessment. It is therefore paramount that the comprehensive, lesion-level, 

longitudinal analysis can be used in these scenarios. The description of the method’s expansion is described in 

Chapter 3. 

Aim 3: To assess the value of comprehensive, lesion-level, longitudinal disease metrics for treatment 

outcome prediction on the lesion- and patient-level. On the lesion-level, improved response prediction can 

inform the use of selective locoregional therapies. On the patient-level it can help inform decisions regarding 

treatment tradeoffs and explore different treatment options. This investigation described in Chapter 4. 
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2 DEVELOPMENT AND VALIDATION OF A LONGITUDINAL SOFT-TISSUE METASTATIC 

LESION MATCHING ALGORITHM 

In chapter 2, the lesion matching problem is introduced and tackled for a pair of imaging time-points. 

Material from this chapter is adapted from a manuscript titled “Development and validation of a longitudinal 

soft-tissue metastatic lesion matching algorithm” published in Physics in Medicine and Biology in 2021 (Santoro-

Fernandes et al., 2021). Furthermore, the methodology was patented through the Wisconsin Alumni Research 

Foundation under the title “system and method for monitoring multiple lesions”, number P210212US01. 

2.1 MOTIVATION 

In this chapter we aim to develop a methodology for automated lesion matching across paired images. The 

matching of individual lesions across multiple time points has been investigated via rigid registration for 

identification of new cancerous lesions (Moltz et al., 2009) and for treatment response assessment of multiple 

sclerosis brain lesions (Bosc et al., 2003; Köhler et al., 2019; Shahar & Greenspan, 2005). Going beyond rigid 

registration, Yip et al introduced a hierarchical articulated registration that enabled treatment response 

assessment of late-stage prostate cancer bone lesions (Yip et al., 2014; Yip & Jeraj, 2014). Finally, two 

dimensional (2D) deformable registration was previously explored as a means of refining the rigid registration-

based lesion matching of lymphoma lesions (Xu et al., 2011). 

The aforementioned studies demonstrated that rigid, articulated, and deformable image registration 

enable lesion matching in specific organs (e.g. skeleton, brain, liver). However, a complete algorithm that 

enables matching of metastatic lesions spread across the entire patient anatomy remains unavailable. Rigid 

registration applicability is limited to certain body-parts (e.g. brain) and fails to account for skeletal movement 
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and soft-tissue deformations. Deformable registration showed promising results to aid in lesion matching, but 

the 2D nature of its previous application fell short on exploring the full potential of the deformations.  

In this chapter, we introduce a novel algorithm for lesion matching of metastatic lesions spread through the 

whole-body that is based on several distinctive steps, including 3D deformable registration, lesion dilation, 

clustering, and linear assignment of lesions. The lesion matching algorithm was tested in a population of cancer 

patients that received longitudinal PET/CT scans as part of their treatment response assessment. 

2.2 ALGORITHM DESCRIPTION 

We pose the lesion matching task as a linear assignment problem. Following image registration (Step 1), the 

matching algorithm includes lesion dilation (Step 2), clustering (Step 3), and linear assignment (Step 4). A 

schematic description of the algorithm’s structure is presented in Figure 4. 

  
Figure 4 - schematic description of the lesion matching algorithm 

The algorithm acts on a scan-pair of anatomical medical images, each one having an associated binary 

lesion mask. The goal of the algorithm is to automatically perform lesion matching decisions based on lesion 

superposition. A matching decision consists of identifying if a lesion present in one scan has an associated lesion 

(homologous lesion) in the paired scan. If so, the longitudinal pair of lesions is called single corresponding lesion 

(CL). Lesions that have no corresponding lesion in the paired scan are either new lesions (NL) or disappearing 

lesions (DL). In each scan-pair, one matching decision has to be made for each unique lesion and the number of 

unique lesions per scan-pair is defined as the sum of CLs, NLs, and DLs. The concepts of scan-pairs, unique 

lesions, matching decisions, corresponding lesions, new lesions, and disappearing lesions are illustrated in Figure 

5. 
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Figure 5 – Illustration of types of unique lesions per scan-pair: corresponding lesions (CL), new lesions (NL), and 

disappearing lesions (DL). 

In the first step, 3D deformable image registration is used to superimpose anatomically homologous 

regions of a scan-pair. The deformation vector field is estimated by minimization of the sum of square 

differences between voxel intensities in the moving and the fixed anatomical medical images, respectively the 

later and the earlier scans. Deformable registration is done using free-form deformation with 3rd order B-splines 

interpolation and hierarchical control grid (Rueckert et al., 1999). This technique was chosen for its wide 

acceptance in the medical image registration field, its local support, and relatively simple and fast calculations 

(Sotiras et al., 2014). The hierarchical control grid approach is also well established and is known to help in 

preserving the smoothness of the registration (S. Lee et al., 1996; Mattes et al., 2003; Rueckert et al., 1999). 

The calculated transformation field 𝑇 is then applied to the binary lesion mask of the later scan in the scan-

pair, 

 𝐿𝑇 =  𝑇(L) (3) 
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where 𝐿 is the set of coordinates of the lesions in the binary mask of the later scan and LT is this set of 

coordinates after transformation. 

In the second step, a morphologic conformal lesion dilation operation (𝐷) is applied to the binary lesion 

masks (on both time points in the scan-pair) to increase the lesion superposition probabilities (Figure 6).  

 𝐿𝑇,𝐷 = 𝐷(𝐿𝑇) (4) 

 𝐸𝐷 = 𝐷(𝐸) (5) 

where 𝐸 is the set of coordinates of the lesions in the binary mask of the earlier scan, 𝐸𝐷 is the conformal 

dilation of the set 𝐸, such that 𝐸 ⊂ 𝐸𝐷, and 𝐿𝑇,𝐷 is the conformal dilation of the set 𝐿𝑇, such that 𝐿𝑇 ⊂ 𝐿𝑇,𝐷. 

Subsequently, the individual lesion components are numbered based on connected components analysis, the 

superposition of the lesions is evaluated and a matrix 𝑀 of intersections is automatically constructed as  

 𝑀𝑖𝑗 = |𝐸𝐷𝑖 ∩ 𝐿𝑇,𝐷j
| (6) 

where 𝐿𝑇,𝐷𝑗
⊂ 𝐿𝑇,𝐷 is the subset of the coordinates of the jth lesion in the later scan, 𝐸𝐷𝑖 ⊂ 𝐸𝐷 is the subset of 

the coordinates of the ith lesion in the earlier scan, and 𝑀𝑖𝑗 is the cardinality of the intersection of these subsets. 

The matrix 𝑀 is a square matrix with 𝑁2 elements where 𝑁 is the maximal integer between 𝑁𝐸  and 𝑁𝐿, which 

are the number of lesions identified in the earlier and in the later scans. 

The algorithm’s third step involves the clustering of lesions, an important consideration for treatment 

response assessment, which can occur due to merging or splitting of multiple lesions from one to another 

imaging time point (Shafiei et al., 2021). Merging is usually a result of disease progression in adjacent lesions. 

Conversely, lesion splitting is usually caused by one lesion responding to treatment and separating into two or 

more smaller disjoint lesion components.  
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After the second step, a lesion may intersect multiple lesions on the paired scan. This may be a spurious 

intersection with a neighboring lesion (Figure 6C), or may be due to merging or splitting (Figure 6D). We 

developed a novel lesion clustering algorithm designed specifically to distinguish between these two instances, 

so that the overall matching algorithm considers sets of components originating from splitting, and sets of 

components that eventually merge, as individual lesions. A set of lesion components is clustered when: 

i. The components intersect to at least one common lesion on the other scan (Figure 7B), 

considering the dilation introduced on the second step 

ii. The distance 𝑢⃗  between the centroids of the components (Figure 7C) is smaller than a distance 

𝑑  (Figure 7D) 

The distance 𝑑  is defined as the longest chord in the common matching lesion that makes a smaller than 5° 

angle with the vector 𝑢⃗  connecting the centroids of the components to be clustered (Figure 7), the angular 

constraint is expressed as  

 arccos (
𝑢⃗ ⋅ 𝑑 

|𝑢⃗ | ⋅ |𝑑 |
) ≤ 5°. (7) 

Assuming perfect registration, if a set of components originate from a homologous lesion in the paired scan 

(either merging or splitting), the components should all be spatially contained in the homologous lesion, in 

which case the condition |𝑑 | > |𝑢⃗ | will be satisfied. If registration is not perfect, but the dilation step guarantees 

that all the components overlap to the homologous lesion, the relationship between the vectors 𝑢⃗  and 𝑑  will still 

hold. The angular constraint of equation (7) is imposed to consider that a chord 𝑑  in a direction in which the 

homologous lesion is long might be an overly lenient threshold for evaluating a vector 𝑢⃗  connecting components 

separated along a different direction, in which the homologous lesion is short. The necessity for an angular 

constraint is illustrated in Figure 8. The 5° tolerance in equation (7) is used to consider that 𝑑⃗  and 𝑢⃗  need not be 

exactly parallel, but approximately so. The 5° value is an algorithm hyperparameter and different values could 

be explored depending on the application. 
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 In the fourth step, the lesions are renumbered and voxels that pertain to a given lesion are reevaluated 

based on the clustering decision. A new intersection matrix 𝑀′ is calculated under the new conditions. A cost 

matrix 𝐶 is then defined as 𝐶𝑖𝑗 = 1/𝑀𝑖𝑗
′ . The lesion matching problem is thus reduced to a linear assignment 

problem (Jaqaman et al., 2008), which consists of finding an optimal permutation matrix 𝐴 

 𝐴 = argmin
𝐴

(∑∑𝐴𝑖𝑗𝐶𝑖𝑗

𝑁

𝑗=1

𝑁

𝑖=1

) (8) 

within the constraints to the permutation matrix 𝐴 

 ∑ 𝐴𝑖𝑗 = 0 𝑜𝑟 1𝑁
𝑖=1  and ∑ 𝐴𝑖𝑗 = 0 𝑜𝑟 1𝑁

𝑗=1  (9) 

where summations might be zero if a lesion is superimposed to no other (NLs or DLs). The Munkres assignment 

algorithm (Munkres, 1957) is used to solve the linear assignment problem. One of the possible mathematical 

interpretations of the Munkres algorithm is that it finds the optimal permutation matrix A that minimizes the 

global sum of costs defined by equation (8) within the constraints imposed by equation (9). Briefly, the Munkres 

algorithm performs a non-greedy minimization of 𝐶, which is equivalent to a maximization of the volume of 

intersection between all lesions in a scan-pair. 
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Figure 6 – Illustration of the conformal dilation role in lesion matching. For clarity, lesion dilation is represented 
only on one scan of the scan-pair (blue). Lesions (solid contours) and lesions’ conformal dilations (black dotted 

lines) colors indicate lesions from different scans in a scan-pair. (A) Corresponding lesions are matched based on 
direct superposition. (B) Despite no direct superposition, match is still possible because of the conformal dilation. 
(C) lesion dilation yields a correct (1) and one incorrect (2) superposition, however, the Munkres algorithm selects 

the correct match. (D) Two lesions are superimposed to the dilation and are merged and matched. (E) A single 
disappearing lesion. (F) A single new lesion. 

 
Figure 7 – Situation illustrating clustering as lesion merging caused by disease progression. The blue masses are 

from an earlier scan and the orange mass is from a later scan. (A) Before registration, the lesions are not 
superimposed. (B) After registration, lesions are superimposed. (C) illustrates the vector  𝑢⃗  between centroids 

and (D) the vector 𝑑 . After the clustering, the two blue masses correspond to one single lesion (orange). 
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Figure 8 - Illustration of the rationale for using a small angle constraint in the lesion clustering step. If lesion 
overlap were considered alone, lesions L1, L2, L3, and L4 would cluster since all of them overlap to lesion E1 

(considering dilation). Using the constraint |𝑢⃗ | < |𝑑 | without an angular constraint would still be insufficient and 

imply in wrongful clustering of L1, L2, L3, and L4. Using the angular constraint, L3 and L4 are correctly excluded 
from the cluster. 

2.3 ALGORITHM VALIDATION 

The developed algorithm was evaluated in 172 PET/CT images of 32 patients with metastatic cancer, all 

images were acquired under the institutional standard procedures. PET/CT images provide anatomical structure 

and molecular information of the location of diseased tissue, which makes them suitable for validating the 

algorithm. The PET/CT images were retrospectively acquired from two independent clinical trials (Table 1). One 

of the trials contained 19 metastatic melanoma patients, for whom lesion-level disease assessment is 

particularly challenging because of the plurality of metastatic sites and the elevated number of lesions, which in 

the most extreme case was of 64 unique lesions spanning from the legs to the head. A second dataset 

containing 10 different types of cancers was included to evaluate the algorithm for its robustness regarding 

disease type. 

In the validation dataset, a scan-pair was defined as two longitudinal and sequential PET/CT scans of the 

same patient. Therefore, if 𝑛 is the number of scans that a patient received, 𝑛 − 1 is the number of scan-pairs; 

e.g. a patient that received four scans (𝑠1, 𝑠2, 𝑠3, 𝑠4), will have three scan-pairs 𝑠1 to 𝑠2, 𝑠2 to 𝑠3, and 𝑠3 to 𝑠4. 

The dataset contained 140 scan-pairs. 
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Table 1 - Patient population description 

# of 
Patients Tracer Scanner Disease Treatment Design 

19 18F-FDG 
GE Discovery IQ 
GE Discovery 710 
GE Discovery STE 

Metastatic Melanoma 
immune checkpoint 
inhibitor and 
antiangiogenic drugs 

Retrospective 

13 18F-FLT GE Discovery VCT 

Upper tract urothelial, 
rectal, breast, 
lung (non-small cell), 
prostate, colon, ovarian, 
appendiceal, adenoid, 
and squamous cell 

antiangiogenic drug 
Prospective 
(Scarpelli et al., 
2016) 

 

In the validation, CT images served as the anatomical information, while the binary lesion masks were 

derived from the PET image. Using radiology reports as guidance, cancerous lesions, indicated by elevated 

18F-FDG or 18F-FLT PET SUV uptake relative to background, were manually contoured, defining thus the binary 

lesion masks associated to each PET/CT image. The manual contouring started by using an active-contours 

algorithm to automatically conform the contours to the lesions (Yang et al., 2009), then the contours were 

reviewed by a nuclear medicine physician and manually corrected when necessary. Reference matching 

decisions were made by visually analyzing the scan-pairs’ images for each patient and preparing a reference 

lesion matching decision matrix for each scan-pair. The merging or splitting of lesions over time was accounted 

for in the reference matching decisions. Clustering decisions were made when two or more lesions occupied the 

same anatomical position within the patient body as a larger lesion in the corresponding scan (Figure 7B). 

The main metric used to assess the algorithm performance on the validation dataset was the overall 

accuracy of lesion matching, determined as the number of correct lesion matching decisions made divided by 

the total number of matching decisions. Additionally, the accuracy of matching corresponding lesions and the 

accuracy of identifying vanishing lesions and new lesions were estimated separately. 
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2.3.1.1 Image Registration Sensitivity Analysis 

To fully understand the impact of image registration on lesion matching, we studied the algorithm 

performance under four distinct registration methods. Two deformable registration approaches were 

investigated: (1) Articulated Deformable Registration (ADR) which was preceded by Whole-body Rigid 

Registration (WRR) and Articulated Rigid Registration (ARR) and (2) Whole-body Deformable Registration (WDR), 

which was preceded only by WRR (Figure 9). Both deformable registration approaches (WDR and ADR) were 

done using free-form deformation with 3rd order B-splines interpolation and hierarchical control grid (Rueckert 

et al., 1999). Additionally, lesion matching was assessed after WRR and ARR alone. 

 
Figure 9 – Diagram illustrating the approaches to arrive at whole-body and articulated deformable registrations. 

The centroids of corresponding lesions were used as landmarks to analyze the performance of image 

registration, only lesions whose volume varied less than 50% between scans were used because high volume 

variation can lead to displacements of the lesion centroids which are unrelated to registration performance. The 

Wilcoxon signed-rank test was used to compare the centroid distance distributions. Additionally, the impact of 

the registration methods on lesion matching performance was assessed using the McNemar test to 

intercompare all the registration methods (0.05 significance level). 

2.3.1.2 Lesion Dilation Sensitivity Analysis 

A sensitivity study was conducted to assess dependence of the lesion matching accuracy on the magnitude 

of the conformal dilation (Step 2) by varying the dilation from 0 to 55 mm in 5 mm increments. 
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2.3.1.3 Anatomic Distribution Sensitivity Analysis  

The overall lesion matching accuracy evaluation was stratified for the whole body and per individual body 

parts. The individual body parts considered were head + neck, chest + abdomen, pelvis, upper arms, forearms, 

hands, thighs, legs, and feet. 

2.3.1.4 Lesion Burden Sensitivity Analysis 

The lesion matching accuracy was analyzed on a subset of high burden scan-pairs to investigate if an 

accuracy drop would be observed in those cases. High burden scan-pairs were defined as those containing 10 or 

more unique lesions, twice as much as what is recommended for visual human evaluation. In a clinical setting 

and without automation, individual comprehensive lesion-level response assessment of these scan-pairs is 

prohibitive. Therefore, satisfactory performance of the algorithm on these scan-pairs is paramount for its 

possibility of translation into the clinic. 

2.4 RESULTS 

In this study, 736 matching decisions were necessary to analyze all 140 scan-pairs. Based on the reference 

matching decisions, 298 of the 736 matching decisions (40%) were corresponding lesions and 438 (60%) were 

new or disappearing lesions. The accuracy of lesion matching is shown in Table 2. These results represent the 

accuracy with no dilation. 

Table 2 - Accuracy of lesion matching when no dilation is used. 

 Accuracy 

Registration 
Corresponding Lesions 

N = 298 
New or disappearing lesions 

N = 438 
Overall 
N = 736 

Whole-body deformable (WDR) 0.75 1.00 0.90 
Articulated deformable (ADR) 0.72 0.99 0.88 

Whole-body rigid (WRR) 0.58 0.99 0.82 
Articulated rigid (ARR) 0.68 1.00 0.87 
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2.4.1.1 Image Registration Sensitivity Analysis 

The centroids of 186 corresponding lesions were used as landmark. The landmark distance distributions are 

shown in Figure 10. All distributions were significantly different (𝑃 < .001). A visual understanding of how 

registration influences landmark distance, and thus proximity of corresponding lesions, is shown in Figure 11. 
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Figure 10 – Landmark distance distribution of the 186 landmark lesions. Results on the left are for the 3D 

deformable registration methods: whole-body deformable (WDR) and articulated deformable (ADR). Results on 
the right are for previous explored registration methods: whole-body rigid (WRR) and articulated rigid (ARR). 

 
Figure 11 -Visualization of the impact of different registrations on proximity of corresponding lesions. The CT 

contour is shown in light gray. Earlier scan lesions are shown in blue and later scan lesions in orange. Red ellipses 
highlight the corresponding lesions that had visible proximity. Images are shown for whole-body rigid (WRR), 

articulated rigid (ARR), articulated deformable (ADR), and whole-body deformable (WDR) registrations. Column 
(A) compares WRR to ARR. Column (B) compares ARR to ADR. And column (C) compares ARR to WDR. 

The McNemar test was used to intercompare the deformable registration approaches’ impact on the lesion 

matching performance. Lesion matching performance using WDR was better than ADR, nevertheless with 
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marginal statistical significance (𝑃 = .04).  We also used the McNemar test to compare both deformable 

approaches to the rigid approaches, WRR and ARR. Comparison of both approaches with WRR yielded 

statistically significant differences (𝑃 < .001). WDR significantly improved lesion matching when compared to 

ARR (𝑃 < .001). Improvement observed with ADR was close on the verge of significance (𝑃 = .06). 

2.4.1.2 Lesion Dilation Sensitivity Analysis 

An increase in matching accuracy was observed for corresponding lesions across the dilation range (Figure 

12A). By contrast, the accuracy for new or disappearing lesions decreased with lesion dilation, (Figure 12B). The 

overall accuracy was observed to have an initial increase associated with the CL accuracy trend, followed by a 

decrease associated with the NL/DL accuracy trend (Figure 12C). The optimal dilation magnitude was 

determined by the peaks in the overall accuracy curves. The optimal dilations were of 25 mm for all registration 

methods besides WRR, which had an optimal dilation of 30 mm. The optimal overall accuracy of 0.98 was 

achieved for WDR at 25 mm dilation. 
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Figure 12 – Accuracy as a function of dilation magnitude for (A) corresponding lesions (CL), (B) new or 

disappearing lesions (NL/DL), and (C) all lesions. The markers corresponding to 0 mm of dilation represent the 
accuracy of the method without lesion dilation. 

2.4.1.3 Anatomic Distribution Sensitivity Analysis 

The data in Table 3 are derived from our observation of the 736 lesions present in the patients in our 

datasets, the location of all unique lesions are shown in Table 3, most of which were the chest+abdomen (52% - 

380/736) and in the pelvis (21% - 156/736). The thighs (13% - 99/736) and the legs (8% - 60/736) also presented 

with relatively high disease densities. 

Table 3 – Number of lesions per body-part 

Body-part # of lesions % Body-part # of lesions % 

Chest+abdomen 380 52% Feet 9 1.2% 

Pelvis 156 21% Forearms 5 0.7% 

Thighs 99 13% Arms 5 0.7% 

Legs  60 8% Hands 3 0.4% 

Head & neck 19 3%    
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For the four body-parts with highest number of lesions (chest+abdomen, pelvis, thighs, and legs), 

assessment of the overall accuracy was performed separately. The overall accuracies per body-part, evaluated at 

the optimal dilations (Figure 13) saw minimal variation across registration methods and body-parts. No accuracy 

result was smaller than 0.90 (WRR in the Thigs). 

 
Figure 13 – Overall accuracy, using each registration method in the four body-parts with highest number of 

lesions at the optimal dilations. 

2.4.1.4 Lesion Burden Sensitivity Analysis 

In the complete patient population, containing all 140 scan-pairs, the median number of lesion matching 

decisions was 3, with minimum of 1 and maximum of 68. In the high lesion burden subset, the median number 

of lesion matching decisions was 19, with minimum of 11 and maximum of 68. The high lesion burden subset 

accounted for 345 of the 736 matching decisions (47% of the total) and for 12 of the 140 scan-pairs (8.5% of the 

total). Accuracy results were evaluated for the optimal dilation magnitudes (Figure 14). 
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Figure 14- Comparison between overall accuracies obtained with the whole dataset and with the subset of high 

disease burden scan-pairs (more than 10 matching decisions per scan-pair). Results on the left are for the 3D 
deformable registration methods: whole-body deformable (WDR) and articulated deformable (ADR). Results on 
the right are for previously explored registration methods: whole-body rigid (WRR) and articulated rigid (ARR). 

The optimal lesion dilation was used, namely 25 mm for ARR, ADR, and WDR; and 30 mm for WRR. In addition to 
overall accuracy, the analysis was separated into corresponding lesions (CL) and new or disappearing lesions 

(NL/DL). 

2.5 DISCUSSION 

In this chapter we presented a lesion matching algorithm based on 4 steps: image registration, lesion 

dilation, lesion clustering, and linear assignment (Figure 4). The algorithm was validated on two independent 

patient populations and the lesion matching accuracy obtained for the algorithm with the best performing 

parameters was excellent (0.98 overall accuracy). No trend in accuracy was observed across patient populations, 

overall accuracies were 0.98 for both. We explored the lesion matching accuracy sensitivity regarding image 

registration methods, lesion dilation magnitude, anatomic distribution, and lesion burden. The deformable 

registration techniques (WDR and ADR) showed superior registration results, when compared to rigid 

techniques (WRR and ARR) as shown by the landmark distance (Figure 10), which led to a significant 

improvement in the lesion matching accuracy. Furthermore, for WDR and ADR, residual registration error was in 

accordance with literature for image intensity based methods (Yin et al., 2011). 
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Use of lesion dilation magnitude was an important factor in achieving the excellent accuracy level. For the 

best performing registration approach (WDR), the use of dilation caused overall accuracy to increase by 0.08, 

from 0.90 with no dilation to 0.98 with the optimal dilation of 25 mm (Table 2, Figure 12). In addition, the 

excellent accuracy levels were minimally dependent on lesion body-part location (Figure 13) and were sustained 

on the analysis of high burden scan-pairs (Figure 14). Lastly, the matching criteria used by our methodology are 

positional and make no assumption regarding lesion shape, instead, the shape is taken into consideration by the 

methodology via conformal dilation (step 2) and via the use of lesion derived distance metrics for clustering 

(step 3). 

Previous works have explored rigid registration-based lesion matching (Bosc et al., 2003; Köhler et al., 2019; 

Moltz et al., 2009; Shahar & Greenspan, 2005; Xu et al., 2011). Moltz et al. suggested that rigid registration 

suffices for lesion matching applications; however, we hypothesize that this conclusion was based on their focus 

on liver and lung cancer lesions. These organs are located in the chest+abdomen body-part, where we observed 

WRR-based matching to have its best performance (0.96 overall accuracy - Figure 13). However, for the purpose 

of whole-body soft tissue lesion matching, the rigid registration method (WRR) resulted in the worst overall 

matching accuracy; matching accuracy of corresponding lesions was of only 0.58 without dilation (Table 2). 

When compared to the ARR method (Yip et al., 2014), use of 3D deformable registration resulted in a 

remarkable lesion matching improvement, 29%, from 0.58 to 0.75 (Table 2). Deformable registration has been 

previously employed for the task of lesion matching (Xu et al., 2011). However, it was limited to 2D deformation 

of a few image slices. The use of 3D deformable registration for lesion matching purposes is one of the novelties 

presented in this chapter. Other novelties of our work are the use of conformal dilation for lesion matching, the 

development of a novel lesion clustering methodology that is specific for longitudinal monitoring of merging and 

splitting lesions, and the use of a non-greedy optimizer to solve a linear assignment problem in the setting of 

whole-body longitudinal disease matching using in-vivo imaging of human patients. Most importantly, the main 
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novelty of our work consists in combining several image analysis techniques to solve the problem of whole-body 

soft tissue lesion matching, which had not been done previously. 

One challenge of our work was defining the reference dataset for the lesion matching decisions, which is 

subject to human error and bias in its nature. However, these same limitations would be encountered in manual 

lesion matching performed for clinical decisions. In other words, some arbitrariness is unavoidably associated 

with visual interpretation of medical images. We observed, however, that this limitation is likely to have little 

impact on the validation of the algorithm because the correspondence between the vast majority of lesion pairs 

was conspicuous. 

The 12 incorrect matching decisions made by the algorithm for the best performer parameters (WDR with 

dilation of 25 mm) had three causes.  First, lesion dilation caused 2 incorrect decisions where a new and a 

disappearing lesion were registered close enough that dilation led to incorrect superposition. Second, 

misregistration caused 4 incorrect decisions, all in the same scan-pair and located in the patient’s legs. Largely 

different legs positioning resulted in a large deformation vector field that failed to accurately approximate the 

corresponding lesions; use of ADR for matching lesions in the legs is one way of overcoming this limitation. 

Finally, Incorrect clustering caused 6 incorrect decisions (Figure 15), where two or more lesions (blue) that 

should not cluster were superimposed to a common lesion (orange). Due to the particular geometric 

positioning, the threshold distance 𝑑  (Figure 7D) and the angle restriction failed to prevent the incorrect 

clustering. This limitation could be overcome by use of an adaptive dilation magnitude parameterized by local 

lesion density, which was part of the methods extension presented in chapter 3. The impact of lesion matching 

decisions on clinical applications of the herein presented algorithm, such as treatment response prediction, will 

be explored in chapter 4. 
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Figure 15 - illustration of incorrect cluster decision 

While the presented algorithm was validated using PET/CT images, we hypothesize that it is generalizable 

to other types of medical imaging modalities. The requirements for application of the algorithm are anatomical 

information that is used to guide the registration step and the existence of lesion conspicuity, which in our 

validation dataset was obtained through PET scans. We note, however, that the implementation of the method 

to other imaging modalities would require sensible adaptation of hyperparameters involved in all four steps of 

the algorithm. These adaptations are explored in chapter 3. 

2.6 CONCLUSION 

In this chapter we introduced an algorithm that enables automated matching of metastatic lesions across 

paired images. We validated the algorithm for whole-body longitudinal PET/CT scans of metastatic cancer 

patients and showed it has high overall accuracy. One novelty of our algorithm is the leveraging of 3D 

deformable image registration, which outperformed the existing methods for every studied scenario and was a 

significant improvement, when compared to previously established methods. Our study suggests that whole-

body lesion matching can be done automatically, possibly facilitating lesion-level disease assessment of 

metastatic cancer patients in clinical practice and in clinical trials, ultimately leading to enriched information for 

treatment response assessment and facilitating the development of novel treatment combinations.  
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3 EXPANDING THE METHODOLOGY TO LESION TRACKING  

Chapter 3 describes an expansion of the lesion matching methodology to a lesion tracking framework. In 

lesion tracking, an arbitrary number of imaging time-points is used to track the disease evolution. In addition, 

other enhancements are made to the methodology, such as the ability to use multiple imaging modalities and 

the use of automated lesion dilation magnitudes. Material from this chapter is adapted from a manuscript titled 

“An automated methodology for whole-body, multimodality tracking of individual cancer lesions” submitted to 

Physics in Medicine and Biology in May of 2023. Furthermore, the methodology was patented through the 

Wisconsin Alumni Research Foundation under the title “system and method for monitoring lesion progression 

over multiple medical scans”, number P230131US01. 

3.1 MOTIVATION 

In this chapter we aim to expand the lesion matching methodology introduced in chapter 2 in four 

meaningful aspects: (1) the tracking of lesions across multiple time-points, (2) across both PET/CT and PET/MRI. 

Additionally, improvements were made to the method to allow and facilitate its applicability to a wider set of 

problems, these were (3) the definition of an automated lesion dilation magnitude, conferring an anatomical 

location label to each lesion, and (4) locally constraining the lesion clustering step. 

Methodologies for the automated lesion-level evaluation of longitudinal image series (lesion tracking) have 

been previously investigated. Lesion tracking is defined as establishing the correspondence between lesions 

across multiple time-points. Longitudinal studies of the same patient provide better information than single 

time-point studies because of tracking the progression of various individual lesions over time. The first 

developments used rigid image registration to evaluate longitudinal changes in brain anatomy captured by MR 

images (Freeborough et al., 1996; Hajnal et al., 1995; Lemieux et al., 1998). Subsequent developments 

investigated individual tracking of brain lesions identified in MR images (Bosc et al., 2003; Gerig et al., 2000; 
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Kikinis et al., 1999; Köhler et al., 2019; Kuckertz et al., 2021).  Methodologies for tracking of cancer lesions have 

also been investigated for lung, liver, and lymphatic lesions using CT images (Kuckertz et al., 2022; Moltz et al., 

2009; Szeskin et al., 2023; Xu et al., 2011). Yip et al. introduced a methodology to track lesions spread through 

the whole-body in PET/CT images, however these were constrained to bone (Yip et al., 2014). In the case of the 

methodology introduced in section 2, the limitation is that the evaluation is constrained to only two subsequent 

imaging time-points and it was only validated for soft-tissue lesions. 

All previously developed methodologies use images of a single modality as input. However, metastatic 

cancer patients can undergo multiple imaging procedures spanning various imaging modalities (e.g., CT, MR, 

PET/CT, PET/MR) as part of their disease response assessment (Pirasteh et al., 2021). A methodology capable of 

performing individual lesion tracking across different modalities has not been developed. In this chapter, we 

develop a methodology capable of whole-body individual lesion tracking across an arbitrary number of imaging 

time-points, using multiple imaging modalities, which has the potential to improve both the understanding of 

disease evolution and treatment decision-making for metastatic cancer patients. 

3.2 METHODOLOGY DESCRIPTION 

 
Figure 16 – Schematic representation of the lesion tracking methodology’s main steps. This schema is an 

expansion of the one presented in Figure 4. 

The developed lesion tracking methodology acts on an image series with associated lesion masks, i.e., it 

assumes that all lesions have been identified and segmented on all scans in the series and the individual lesion 

components are separated and numbered based on connected components analysis. The methodology 

performs lesion matching between each possible scan-pair within a series, and then combines the lesion 

matching decisions to establish lesion tracking across the entire image series. Differently from lesion tracking, 

lesion matching is defined as establishing the correspondence between lesions in one single scan-pair. For each 
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scan-pair, matching decisions are made to identify each lesion as a corresponding lesion (CL), a new lesion (NL), 

or a disappearing lesion (DL). The concepts of lesion tracking and matching decisions are illustrated in Figure 17. 

The developed methodology has six steps: (1) multimodality image registration, (2) lesion body-part labeling, (3) 

region-based lesion-level dilation, (4) projection-constrained lesion clustering, (5) combinatorial linear 

assignment, and (6) lesion graph display. 

 
Figure 17 – Illustrations of lesion tracks with examples of lesion merging (track 6), lesion splitting (track 2), and 

an intermittent lesion (track 4). The corresponding lesion (CL) matching decision is illustrated in track 2. The new 
lesion (NL) matching decision is illustrated in track 4. The disappearing lesion (DL) matching decision is illustrated 

in track 3.  

In step 1, all images from different time-points in a series are registered to the baseline image, resulting in 

𝑁 − 1 registrations of scan-pairs, where 𝑁 is the number of images in a series. The intra-patient nature of the 

registration averts the need for registration atlases, which are commonly used for inter-patient registrations 

(Hellier et al., 2001). For every scan-pair, the registration mode can be either direct or indirect. Direct 

registration is defined as the registration between the baseline image and any other subsequent image, whereas 

indirect registration is defined as the registration of two subsequent images whose transformation fields were 

calculated to the baseline image. The registrations are performed using a whole-body rigid registration (WRR) 
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followed by whole-body deformable registration (WDR). The WRR performs an initial alignment of the images to 

prepare for the more detailed deformable step. In the WDR, a hierarchical control-grid B-spline free-form 

deformation (FFD) is used with a thin metal sheet bending energy regularizer (Rueckert et al., 1999). This 

approach has been previously validated for whole-body intra-modality image registration in section 2. The 

optimization metrics used are the normalized mutual information for inter-modality registration (e.g., CT to MR) 

(Studholme et al., 1998) and the normalized cross-correlation for intra-modality (e.g., CT to CT  and MR to MR) 

(Avants et al., 2008). 

Both metrics are optimized using a gradient descent approach (Klein et al., 2007) with the cost function 

 𝜇̂ = 𝑎𝑟𝑔𝑚𝑖𝑛[𝐶(𝜇 ; 𝐼𝐹 , 𝐼𝑀) + 𝜔𝑅(𝜇 )] 
(10) 

where 𝐶 denotes the optimization metric (normalized mutual information or normalized cross-correlation) as a 

function of the moving image (𝐼𝑀), the fixed image (𝐼𝐹), and the set of parameters of the image transformation 

(𝜇 ), which are translation and rotation parameters for WRR, and the parameters of a deformation field for the 

WDR (Sederberg & Parry, 1986). The function 𝑅(𝜇 ) is a penalty term (bending energy) that enforces the 

smoothness of the transformation (S. & Wahba, 2006).  The optimal transformation field 𝑇𝑛 (for image 𝑛) is then 

applied to the coordinates of the lesion masks 𝐿𝑛 associated with each of the 𝑁 images in the series, generating 

a registered lesion mask 𝐿𝑛𝑇. The transformation field is the identity for 𝑛 = 1 (baseline image). 

 𝐿𝑛𝑇 = 𝑇𝑛(𝐿𝑛) 
(11) 

In step 2 the individual lesions are labeled according to the anatomical region (body-part) where they are 

located. The body-parts used were head and neck, chest, pelvis, abdomen, spine, arms, and legs. Lungs were 

defined as a subset of the chest and liver as a subset of the abdomen. A whole-body segmentation atlas is 

registered to the baseline image of every series following the same registration procedure described in step 1. 

Every lesion is labeled according to the overlap of the lesion’s volume to the body-part segmentation atlas. If 
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more than one body-part overlaps with a lesion volume, the lesion is labeled according to the greatest volume 

of overlap. 

In step 3, the lesion contours are dilated to account for possible inaccuracies in the registration and 

increase the probability of lesion superposition. In section 2 a fixed dilation was used for all lesions and its 

magnitude was object of a sensitivity study. Here, the dilation magnitude is decided automatically and 

independently for each lesion and is based on the local density of lesions in the anatomical region where each 

lesion is situated. A morphologic conformal lesion dilation operation is applied to each lesion in an image. The 

lesion-specific dilation magnitude (𝐷𝑖) is defined for each lesion as 

 𝐷𝑖 = min (
min(𝑑𝑖,𝑗)

2
, 𝐷𝑚𝑎𝑥) 

(12) 

where 𝑑𝑖,𝑗  is the distance between a lesion 𝑖 and every other lesion 𝑗 in the same image, and 𝐷𝑚𝑎𝑥 is a user 

defined parameter to set a maximum allowed dilation magnitude. Figure 18 illustrates the definition of 𝐷𝑖. A 

new dilated lesion mask 𝐿𝑛𝑇,𝐷 is then defined as 

 𝐿𝑛𝑇,𝐷 = ⋃𝐷𝑖(𝐿𝑛,𝑖𝑇
)

𝑖

 (13) 

where 𝑖 indexes each lesion in the mask. 

After the dilation, the overlaps between the individual lesions (𝑖 and 𝑗) of different time-points (𝑛 and 𝑞) 

are calculated for every possible scan-pair in the series as 

 
𝑀𝑛,𝑞𝑖,𝑗

= |𝐿𝑛𝑇,𝐷𝑖
∩ 𝐿𝑞𝑇,𝐷j

|  
(14) 

The matrices 𝑀𝑛,𝑞  are square matrices containing the volume of overlap between the lesions of time-points 𝑛 

and 𝑞. They have 𝜔2 elements where 𝜔 is the maximal integer between the number of lesions identified in 

time-point 𝑛 (𝜔𝑛) and time-point 𝑞 (𝜔𝑞). The number of superposition matrices 𝑀𝑛,𝑞 created after the whole 

image series evaluation is 𝑁(𝑁 − 1)/2. 
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Figure 18 – Illustration of process to determine the automated lesion dilation. All lesions belong to the same 

time-point. 

In step 4, disconnected lesion regions are clustered if they result from lesion merging or splitting. This can 

occur as part of the treatment response when a lesion volume shrinks and splits into many smaller lesion 

components or when many lesion components grow and merge as part of disease progression (Shafiei et al., 

2021). A subroutine was developed to perform clustering decisions (Figure 19). The clustering decisions are 

made for every scan-pair by selecting the lesion pairs that have a common intersecting lesion and using 

geometrical considerations to decide if these pairs consist of separate lesions or if they are components of the 

same lesion that have merged or split. In short, lesions are clustered if a characteristic distance between them 

(𝑢) is smaller than the longest chord of the common intersecting lesion (𝑑). The lesion clustering subroutine 

consists of the sub-steps in Table 4. The main difference between the clustering approaches presented in 

sections 2 and 3 is the projection constraining aspect. This aspect is vital for correctly clustering lesions with 

markedly different volumes. Without the constraining step, the chord 𝑑 is likely to be overestimated when the 

intersecting lesion is much bigger than the lesion being considered for clustering. 



41 

 

Table 4 – Description of the lesion clustering subroutine. 

Sub-step Description Rationale 

4.1 
Determines a connecting orientation 𝑡̂ 
between the lesion pair 

The distances 𝑢 and 𝑑 will be measured 
along this orientation 

4.2 
Defines a characteristic separation distance 
𝑢 between both lesions in the pair, where 𝑢 
is aligned with the orientation 𝑡̂ 

The distance 𝑢 characterizes the 
separation of the lesion pair 

4.3 
Projects the lesion pair contours along 𝑡̂ to 
constrain the common intersecting lesion 
contour 𝐶 

The measurement of 𝑑 needs to be locally 
constrained (see 𝑑∗ in Figure 19D) 

4.4 

Determines the length 𝑑 of the longest 
chord within the constrained common 
intersecting lesion contour (𝐶𝐶), where 𝑑 is 
aligned with the orientation 𝑡̂ 

The distance 𝑑 defines a limit separation 
assuming the lesion pair originated from 
lesion merging (or splitting) 

4.5 
Compares 𝑑 and 𝑢 to make the clustering 
decision (positive for cluster if 𝑑 > 𝑢) 

Makes the final clustering decision 

 

In step 4.1, the orientation 𝑡̂ is defined as the weighted mean of all the vectors connecting each voxel of 

both lesions in the pair 

 𝑡̂ =
1

𝑉
∑ 𝑡 𝑖 ⋅ 𝑤𝑖

𝑁

𝑖=1

 
(15) 

where 𝑡𝑖⃗⃗  is a connecting vector, 𝑉 is the total number of connecting vectors, and the weights 𝑤𝑖 are defined as 

the inverse L2 norm of each vector 

 𝑤𝑖 =
1

|𝑡 𝑖|
 

(16) 

In step 4.2, the distance 𝑢 is determined as the 95th percentile of the distribution of the norms of all vectors 

𝑡𝑖⃗⃗   that satisfy the angular constraint 

 𝑢 = 𝑃95(𝑡 𝑖), subject to arccos (
𝑡 𝑖 ⋅ 𝑡̂

|𝑡 𝑖| ⋅ |𝑡̂|
) ≤ 5°. (17) 
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this imposes a soft constraint that the vectors being considered to determine 𝑢 are aligned with 𝑡̂. The 5 degrees 

value is a hyperparameter of the methodology that can be adapted according to each application. The 95th 

percentile was chosen instead of a maximal operation because it is more robust against outliers in the 

distribution (Huff et al., 2021). 

In step 4.3, a constrained version (denoted by 𝐶𝑐) of the common intersecting lesion contour (𝐶) is 

determined by projecting the contours (𝐿𝑖  and 𝐿𝑗) of both lesions in the pair in the orientation 𝑡̂, generating the 

projected contours (𝐿𝑖,𝑝 and 𝐿𝑗,𝑝). 𝐶𝑐 is then defined as  

 𝐶𝑐 = 𝐿𝑖,𝑝 ∩ 𝐿𝑗,𝑝 ∩ 𝐶 
(18) 

𝐶 needs to be constrained to account for lesions of significantly different dimensions (as demonstrated in Figure 

19D). 

In step 4.4, 𝑑  is determined as the longest of the chords 𝑑 𝑖  within 𝐶𝑐 subject to an angular constraint,  

 

 
𝑑 = 𝑚𝑎𝑥(|𝑑 𝑖|), subject to arccos (

𝑑 𝑖 ⋅ 𝑡̂

|𝑑 𝑖| ⋅ |𝑡̂|
) ≤ 5°. (19) 

this enforces again that the chord 𝑑  is oriented in a similar orientation as 𝑡̂, hence the distances 𝑑 and 𝑢 are 

both measured along similar orientations. 

Finally, in step 4.5, 𝑢 and 𝑑 are compared, and if 𝑢 < 𝑑 then the lesion pair is considered as a cluster, 

rather than as two disconnected lesions. Figure 19 illustrates the clustering sub-routine. After step 4, the 

superposition matrices 𝑀𝑛,𝑞 for the whole series are reevaluated based on the altered lesion masks, generating 

modified matrices 𝑀𝑛,𝑞
′ . 
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Figure 19 – Illustration of the clustering subroutine. (A) shows the lesions in the initial condition, where a lesion 𝐶 
has shrunk to a much smaller lesion 𝐿𝑖  in the time-point 2 and a new lesion 𝐿𝑗  appeared. In (B) the direction 𝑡̂ is 

determined. In (C), the characteristic distance 𝑢 is determined and 𝐿𝑖  and 𝐿𝑗  are projected to create the 

constrained contour 𝐶𝑐. In (D) the longest chord distance 𝑑 is determined and compared to 𝑢. The lesions 𝐿𝑖  and 
𝐿𝑗  are not clustered since 𝑑 < 𝑢. Importantly, lesions 𝐿𝑖  and 𝐿𝑗  would be wrongfully clustered if the lesion 

projection was not considered since 𝑑∗ > 𝑢. 

In step 5, lesion matching decisions are made by evaluating every possible scan-pair combination in the 

series and establishing lesion correspondence. The combinatorial linear assignment process defines a cost 

matrix Κ for each matrix 𝑀𝑛,𝑞
′  as Κ𝑛,𝑞𝑖,𝑗

= 1/𝑀𝑛,𝑞
′

𝑖,𝑗
. Lesion matching is reduced then to a linear assignment 

problem of finding the optimal permutation matrices 𝐴𝑛,𝑞 that globally maximize the overlap between the 

lesions in the scan-pair (Jaqaman et al., 2008) 

 𝐴𝑛,𝑞 = argmin
𝐴𝑛,𝑞

(∑∑𝐴𝑛,𝑞𝑖,𝑗
Κ𝑛,𝑞𝑖,𝑗

𝜔

𝑗=1

𝜔

𝑖=1

) (20) 

within the constraints to the permutation matrix 𝐴 

 ∑ 𝐴𝑛,𝑞𝑖,𝑗
= 0 𝑜𝑟 1𝜔

𝑖=1  and ∑ 𝐴𝑛,𝑞𝑖,𝑗
= 0 𝑜𝑟 1𝜔

𝑗=1  (21) 

where the sum of the matrix elements can be zero if there are no matches for the lesions represented by those 

rows and columns. The Munkres assignment algorithm (Munkres, 1957) is used to find each optimal matrix 𝐴𝑛,𝑞 

via a non-greedy minimization of the cost matrices Κ𝑛,𝑞. 
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Finally, in step 6, the lesion tracking information of the image series is summarized as a lesion graph 

(Kuckertz et al., 2021; Szeskin et al., 2023; Yan et al., 2018). This structure has one layer per image in the series 

and each node represents one lesion in each time-point, if many lesion components are clustered, each 

component is still represented by an individual node in the lesion graph. The edges represent the temporal 

correspondence between the lesions, i.e., the lesion matches. The lesion graph corresponding to the illustration 

of Figure 17 is shown in Figure 20. A lesion track is defined by a connected subset of the graph that is 

disconnected from every other subset.  

 
Figure 20 – Lesion graph of the hypothetical patient exhibited in Figure 17. Each lesion track is presented in a 

different color. 

3.3 METHODOLOGY BENCHMARKING AND SENSITIVITY ANALYSES 

The methodology was benchmarked on a population of mNET patients. A mNET patient population was 

used for methodology benchmarking in this chapter to expand on the cancer types validated in chapter 2, since 

NET was not included there. More importantly, mNET patients’ treatment response assessment is of interest 
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given the significantly different responses these patients present to PRRT (Werner et al., 2017). The patient 

response to PRRT and how comprehensive, lesion-level, longitudinal analysis impacts the predictability of 

treatment response will be studied in detail in chapter 4. Furthermore, some NET characteristics pose relevant 

challenges to the proposed methodology, and thus serves as an appropriate test set for benchmarking. First, 

NET diagnosis and staging relies on multiple anatomical and molecular imaging modalities (Pirasteh et al., 2021). 

Second, NET patients undergo numerous imaging procedures due to the tumors’ slow growing nature and 

patients’ relatively long overall survival (5 year survival rate of 77%) (Figiel et al., 2020). Third, the patients 

present lesions both in the soft-tissue and in bones. The patient cohort was retrospectively collected from the 

University of Wisconsin Hospitals and Clinics Picture Archiving and Communication System (UWHC-PACS). All the 

ethical guidelines and requirements of the institutional review board were followed. The inclusion criteria were 

metastatic NET patients that had received both PET/CT and PET/MR whole-body scans as part of their care in 

UWHC. PET/CT and PET/MR were used because they have whole-body fields-of-view (FOVs) and because the 

PET image provides great lesion conspicuity. In this chapter we have constrained the patient population to those 

that received both PET/CT and PET/MR because one of our goals was to benchmark the lesion tracking 

methodology using various imaging modalities. The search returned 6 patients that were scanned a total of 15 

times, resulting in 7 PET/MR and 8 PET/CT scans. The PET/CT images were acquired on the scanners GE 

Discovery 710, GE Discovery MI, and Siemens Biograph mCT. The PET/MR images were acquired on a GE Signa 

Scanner. The PET tracer for all images was 68Ga-DOTATATE. The median injected dose was 162 (range: 118 to 

467) MBq, and the median time interval from radiopharmaceutical injection to image acquisition was 83 

minutes (range: 53 to 101). More details about the image acquisitions are presented in Table 5. The images had 

varying voxel-sizes and all images were resampled to 2x2x2 mm. 
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Table 5 – Patient population and imaging information 

Patient ID Time-Point Inj. dose (MBq) Scanner Type ∆time (weeks) # of Lesions 

1 

1 175 GE Discovery 710 PET/CT 0 106 

2 189 GE Signa PET/MR 51 90 

3 168 GE Discovery MI PET/CT 73 128 

4 150 GE Signa PET/MR 101 83 

2 

1* 467 GE Discovery LS PET/CT 0 16 

2* 198 Siemens Biograph mCT PET/CT 75 44 

3 155 GE Signa PET/MR 183 26 

3 
1 145 GE Signa PET/MR 0 34 

2 202 GE Discovery MI PET/CT 39 70 

4 
1 150 GE Discovery MI PET/CT 0 83 

2 118 GE Signa PET/MR 37 42 

5 
1 137 GE Discovery MI PET/CT 0 7 

2 194 GE Signa PET/MR 64 14 

6 
1 162 GE Discovery MI PET/CT 0 27 

2 144 GE Signa PET/MR 91 20 

*Image acquired outside UWHC and imported to UWHC-PACS 

  

The cancer lesions were identified and contoured manually. This process was performed by an image 

scientist and supervised by a nuclear medicine physician. Segmentation was performed on the fused PET/CT 

images of all time-points by observing and manually segmenting regions of conspicuous elevated tracer uptake 

in relation to the local tracer background. Volumes of naturally occurring elevated uptake were not included in 

the segmentations. The anatomical information contained in the CT and MR scans was used to compute the 

image registration transformation fields, which were then applied to the binary lesion masks. The registration 

step was implemented using elastix (Klein et al., 2010; Shamonin et al., 2014) with the SimpleElastix python 

wrapper (Marstal et al., 2016) and using a variation of the gain factor variables published by Akbarzadeh et al. 

(Akbarzadeh et al., 2013). The methodology’s steps 2 through 6 were implemented in MATLAB version R2022b 

(The Mathworks Inc.). 
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3.3.1 Gain Factor Optimization 

In the gradient descent framework used to calculate the deformable registration vector field, the 

parameter set (𝜇 ) is iteratively optimized according to the equation 

 𝜇 𝑘+1 = 𝜇 𝑘 − 𝑎𝑘  |
𝜕𝐶

𝜕𝜇 
|
𝜇⃗⃗ 𝑘

   
(22) 

where 𝑘 is the iteration index and 𝑎𝑘 is a decaying gain factor defined by  

 𝑎𝑘 =
𝑎

(𝐴 + 𝑘)𝛼
 

(23) 

with variables 𝑎 > 0, 𝐴 ≥ 1 and 0 < 𝛼 < 1 (Klein et al., 2007).  

The gain factor variables defined by Akbarzadeh et al. were used in our work as references, around which 

an optimization was employed to tailor the registration to our needs (Akbarzadeh et al., 2013). In their work, 

gross anatomical mismatches, such as different head positions, were not accounted for. These can differ 

considerably for PET/CT and PET/MR scanners. Hence the motivation for further optimization of the gain factor 

variables. 

The gain factor variables were optimized using a random sampling framework. The deformable registration 

hierarchical control-grid had 5 layers with different grid spacing and gaussian blurring intensities (image 

resolution). Each layer had its own gain factor variables that were optimized independently. In the optimization, 

sets of gain factor variables were sampled from intervals defined around the variables published by Akbarzadeh 

et al. To avoid redundancy, a sampled set was rejected if any variable was too close to any other variable 

previously selected, where closeness was determined by a predefined rejection distance. For each layer, the 

final set of variables selected was the one that minimized the image similarity cost function (normalized mutual 

information). A list of the reference grid parameters, reference gain factor variables, sampling intervals, and 

rejection distances is shown in Table 6.  
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Table 6 – Reference parameters, intervals, and rejection distances used in the random sampling optimization of 
gain factors (equation 23). 

 Description Layer 0 Layer 1 Layer 2 Layer 3 Layer 4 

Grid parameters 
Spacing 

(mm) 
120 60 60 30 30 

 𝜎(mm) 2 1.5 1 0.5 0.5 

Reference gain 
factors 

(Akbarzadeh et al) 

𝑎 2000 7000 20000 20000 30000 

𝐴 50 50 50 50 50 

𝛼 0.602 0.602 0.602 0.602 0.602 

Sampling Intervals 

𝑎 [500, 4000] [1750, 14000] [5000, 40000] [5000, 40000] [7500, 60000] 

𝐴 [100, 400] [100, 400] [100, 400] [100, 400] [100, 400] 

𝛼 [0.1, 0.6] [0.1, 0.6] [0.1, 0.6] [0.1, 0.6] [0.1, 0.6] 

Rejection distances 

𝑎 100 350 1000 1000 1500 

𝐴 5 5 5 5 5 

𝛼 0.01 0.01 0.01 0.01 0.01 

 

3.3.2 Image Registration Accuracy and Sensitivity Analyses 

The distances between the centroids of landmark lesions were used to evaluate the accuracy of image 

registration. A lesion was used as landmark when there was no more than 50% volume variation of that lesion 

within the scan-pair being registered. This volume constraint was introduced to limit the biasing in the expected 

value of the centroid difference by lesions significantly growing or shrinking. Three registration accuracy 

sensitivity analyses were performed. The first compared the WRR and the WDR accuracies. The second 

compared direct vs. indirect registration modes. The third sensitivity analysis was done to compare the 

accuracies of intra-modality (CT-CT and MR-MR) against inter-modality registration (CT-MR). 

3.3.3 Performance of Lesion Matching and Tracking 

Reference lesion matches were manually prepared by an imaging scientist (VSF) and served to evaluate the 

methodology’s lesion matching and lesion tracking performances. Matching accuracy was evaluated as the 

number of correct matching decisions divided by the total number of reference matching decisions. Accuracy 

was separately determined for corresponding lesions (CL) and for new and disappearing lesions (NL/DL). To 

evaluate the lesion tracking accuracy, the number of automated lesion tracks identified by the methodology 
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with an identical reference track was determined. An identical reference track means that the automated and 

the reference tracks contain the same lesions and lesion matches. The identical track ratio was determined by 

dividing the number of identical tracks by the total number of reference tracks. 

Another way to evaluate the matching performance is the precision/recall (or PPV/sensitivity) approach. In 

this approach, every possible lesion pair was evaluated. If they were included in the same lesion track, the 

decision was a TP or a FP (depending on automated-reference agreement). If they were not included in the 

same track, the decision was a TN or a FN. The F-score was calculated from the sensitivity and the PPV as 

 
𝐹 =

2

1
𝑠𝑒𝑛𝑠

+
1

𝑃𝑃𝑉

 
(24) 

 

3.3.4 Sensitivity Analyses 

3.3.4.1 Lesion Dilation Sensitivity Analysis 

The lesion matching and lesion tracking accuracies were evaluated by employing various fixed magnitudes 

of lesion dilation (0 to 18 mm in 3 mm steps) and using the automated dilation (as described in section 3.2, step 

3) to determine an optimal dilation strategy. 

3.3.4.2 Anatomic Distribution Sensitivity Analysis 

A reference set of body-part labels was manually established by an imaging scientist (author VS) and the 

lesion body-part labeling accuracy was determined as the number of correct automated labels divided by the 

total number of lesions. The lesion body-part labeling, the lesion matching, and the identical track ratio 

accuracies were evaluated in relation to the body-part in which the lesions were located. A body-part labeling 

confusion matrix was prepared (Stehman, 1997). 
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3.3.4.3 Image Modality Sensitivity Analysis 

The impact on lesion matching accuracy was evaluated with respect to the image modalities involved in the 

registration step of the methodology. This was done by inter-comparing the lesion matching accuracy of CT-MR, 

CT-CT, and MR-MR registrations. The identical track ratio could not be used in the image modality sensitivity 

analysis. To measure the identical track ratio, every scan in a patient’s series is necessary. Therefore, modalities 

cannot be separated. 

3.3.4.4 Registration Mode Sensitivity Analysis 

The lesion matching accuracy was evaluated for the direct and the indirect registration modes. The identical 

track ratio could not be used in the registration mode sensitivity analysis. To measure the identical track ratio, 

every scan in a patient’s series is necessary. Therefore, registration modes cannot be separated.  

3.3.4.5 Track Size Sensitivity Analysis 

The identical track ratio was evaluated as a function of the number of layers in the track and of the number 

of lesion contours included in the track (number of nodes). 

3.3.4.6 Failure Modes 

The reason for every false lesion matching decision made by the automated lesion tracking methodology 

was investigated and a qualitative analysis was performed to group the errors into similar failure modes. 

3.3.5 Statistical Analysis 

Statistical analysis was performed across the studies described in Sections 3.3.1 to 0. For the evaluation of 

registration accuracy, the direct and indirect registration landmark distributions were compared using the 

Wilcoxon signed-rank test. For the testing of different imaging modalities, a Kruskal-Wallis’ test was used to 

evaluate if all distributions could be drawn from the same underlying distribution, followed by a Wilcoxon rank 

test for difference in the distributions, if necessary. The significance level considered was 𝑝 < .05. The 

Bonferroni method was used to correct for multiple comparisons. The patient-wise standard deviation was 
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calculated for matching accuracies and identical track ratios. The patient-wise Pearson correlation coefficient 

between the overall accuracy and the identical track ratio was calculated to evaluate the degree of dependence 

between lesion matching and lesion tracking accuracies. The standard deviations of the accuracies and identical 

track ratios were calculated across patients and across lesion body-parts as a metric of the methodology’s 

robustness. In the intra- vs. inter-modality registration accuracy analysis, the image modality sensitivity analysis, 

and the registration mode sensitivity analysis, only images from the patients who had more than two images in 

their series were used (patients 1 and 2) to avoid category imbalance. 

3.4 RESULTS 

There were 790 unique lesion contours in the patient population. After visual analysis, lesions were 

grouped into 396 reference lesion tracks consisting of 1,183 reference matching decisions. The results per 

patient are shown in Table 7. 

Table 7 – Results from the reference lesion matching analysis, used to benchmark the methodology. 

Patient ID Images in Series Individual 
Lesions 

Ref. Tracks Ref. Matching Decisions 

1 4 407 145 812 
2 3 86 54 141 
3 2 104 75 87 
4 2 125 88 98 
5 2 21 8 15 
6 2 47 26 30 

Total 15 790 396 1,183 

 

3.4.1 Gain Factor Optimization 

Table 8 shows the parameter optimization results for the deformable registration process. The optimization 

procedure was performed for a single pair of images (CT-MR). However, a noticeable qualitative improvement in 

registration was observed for all patients and scan-pairs. 
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Table 8 – Gain factor variables results from the random sampling optimization. 

Parameters 
Layer 

0 

Layer 

1 

Layer 

2 

Layer 

3 

Layer 

4 

𝑎 3500 14000 20000 20000 31000 

𝐴 290 150 150 300 10 

𝛼 0.004 0.017 0.073 0.007 0.403 

 

 

Figure 21 – sagittal and coronal slices of qualitative demonstration of anatomical alignment improvement from 
rigid (RHS) to deformable registration (LHS). Arrows indicate (a) improvement in head position registration, (b) 

better liver superposition, and (c) better spine alignment. 

3.4.1.1 Image Registration Accuracy and Sensitivity Analyses 

Out of the 790 lesions in the dataset, 291 (37%) fulfilled the volume variation constraint to be landmark 

lesions. The median landmark centroid distance (Figure 22A) using WRR was 4.2 mm and using WDR it was 2.6 

mm. The registration accuracy for WDR was significantly higher than for WRR (𝑝 < 0.001). The two most 

prominent outliers seen on the WDR distribution (25.7 and 26.7 mm) come from lesions whose diameters are 

considerably larger than 25 mm (Figure 23), therefore these registrations can still be considered acceptable. 

The results for the comparison between direct and indirect WDR are shown in Figure 22B. Direct and 

indirect registrations had non-distinguishable performances (p = 0.1). 



53 

 

Finally, the intra- and inter-modality distributions of centroid distances (Figure 22C) were significantly 

different. The Kruskal-Wallis p-value for the Chi-Square test was 𝑝 ≪ 0.001, the pairwise tests were done using 

a Bonferroni-corrected significance level of 0.02. Only patients who received all three possible modality 

combinations (patients 1 and 2) were included in the inter-modality analysis, consequently 265 of 291 lesion 

pairs were used. The median centroid distance for CT-MR, MR-MR, and CT-CT registrations were 2.9, 2.4, and 

1.7 mm, respectively. Inter-modality (CT-MR) registration performance was significantly worse than intra-

modality performance (CT-CT and MR-MR). Both intra-modality registration performances (CT-CT and MR-MR) 

were indistinguishable. 

 
Figure 22 – Registration performance sensitivity analysis with respect to (A) registration technique, comparing 

whole-body rigid registration (WRR) and whole-body deformable registration (WDR) techniques. (B) by direct vs. 
indirect registration. (C) by modalities involved in the registration. 

 
Figure 23 – Coronal slice of abdominal region displaying the lesion involved in causing centroid distance outliers 

observed in Figure 22A (≥ 25.7 𝑚𝑚). The PET signal was omitted to improve visibility of the anatomic structures. 

3.4.1.2 Performance of Lesion Matching and Tracking 

WDR was used for all lesion matching and tracking performed in this chapter’s analyses since it showed 

superior registration accuracy (than WRR) and was previously demonstrated to yield optimal lesion matching 
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results (Santoro-Fernandes et al., 2021) (also shown in Section 2.4). Without the use of lesion dilation (step 3), 

the identical track ratio was 85%, the overall matching accuracy was 0.86, CL matching accuracy was 0.75 and 

NL/DL matching accuracy was 0.99. In terms of precision/recall, the lesion matching method achieved 0.89 recall 

(sensitivity) and 0.90 precision (PPV) leading to an F-score of 0.90, when no lesion dilation was used. 

3.4.2 Sensitivity Analyses 

3.4.2.1 Lesion Dilation Sensitivity Analysis 

The automated lesion matching accuracy and identical track ratio for each fixed dilation magnitude and for 

the automated dilation approach are shown in Figure 24. In general, the automated dilation magnitude 

surpassed any of the fixed dilation magnitude results, leading to 356 out of 396 identical tracks (90% identical 

track ratio) and an overall accuracy of 0.91. The CL accuracy for 9 and 12 mm dilations was better than for the 

automated dilation case, however the slightly better CL accuracy was offset in the overall accuracy by the 

inferior NL/DL accuracy. Automated dilation led to CL accuracy of 0.83 and NL/DL accuracy of 1. 
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Figure 24 – Results for (A) Identical track ratio, (B) overall lesion matching accuracy, (C) corresponding lesions 

(CL) accuracy, and (D) new or disapearing lesion (NL/DL) accuracy. 

Table 9 shows the performance metrics per patient in the automated dilation case. The correlation 

between the overall accuracy (indicative of lesion matching performance) and the identical track ratio (indicative 

of lesion tracking performance) was 𝜌 = 0.3. 

Table 9 – Lesion matching and lesion tracking accuracies shown by patient. Results using automated dilation. 

Patient ID CL Acc. NL/DL Acc Overall Acc. 
Identical 

Tracks Ratio 

1 0.84 0.99 0.90 86% 

2 0.66 1.00 0.78 89% 

3 0.90 1.00 0.93 96% 

4 0.84 1.00 0.89 93% 

5 0.85 1.00 0.92 75% 

6 1.00 1.00 1.00 100% 

Total 0.83 1.000 0.91 90% 

Std. dev. 0.11 0.004 0.07 9% 

 

Figure 25 shows the lesion matching results as a function of the dilation magnitude in terms of precision 

(PPV) and recall (sensitivity). 
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Figure 25 – Lesion matching results in terms of sensitivity, PPV, and F-Score. 

3.4.2.2 Anatomic Distribution Sensitivity Analysis 

The 790 lesions were distributed from head to thighs, with greater prevalence in the abdominal area. The 

automated lesion body-part determination step had a sensitivity of 0.86, correctly labeling 678 lesions out of the 

790, Figure 26 shows the confusion matrix for lesion body-part labeling. Table 10 shows the number of lesions 

and lesion tracking performance metrics per body-part. 
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Figure 26 – Confusion matrix for lesion body-part labeling. “Abdomen-Liver” is a sub-category of the “Abdomen” 

category, and “Chest-Lungs” is a sub-category of the “Chest” category. 

 

Table 10 - Results of lesion body-part sensitivity analysis, using automated dilation. 

Body-part # of lesions 
Labeling 

Sensitivity 
CL 

Acc. 
NL/DL 
Acc. 

Overall 
Acc. 

Identical 
Tracks Ratio 

Abdomen 343 (43%) 0.83 0.81 1.00 0.91 91% 

Liver 272 (34%) 0.79 0.82 1.00 0.92 93% 

Spine 152 (19%) 0.83 0.82 1.00 0.88 89% 

Chest 150 (19%) 0.81 0.90 1.00 0.94 97% 

Lungs 20 (3%) 0.90 0.94 1.00 0.97 100% 

Pelvis 89 (11%) 1.00 0.84 1.00 0.91 100% 

Head-neck 21 (3%) 1.00 0.77 0.94 0.89 82% 

Arms 21 (3%) 0.95 0.73 1.00 0.90 78% 

Thighs 14 (2%) 1.00 0.91 1.00 0.96 88% 

Total 790 0.86 0.83 1.00 0.91 90% 

Std. dev.  0.09 0.07 0.02 0.03 8% 
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3.4.2.3 Image Modality Sensitivity Analysis 

When evaluating the dependence of lesion tracking performance with imaging modality involved in the 

registration step (Table 11), using different modalities (CT-MR) resulted in a slightly lower performance than 

using the same modality for registration (CT-CT and MR-MR). 

Table 11 – Image modality sensitivity analysis of lesion matching accuracy results, using automated dilation. 

Registration 
Modalities 

# of Matching 
Decisions 

CL Acc. NL/DL Acc Overall Acc. 

CT-CT 199 0.89 1.00 0.94 
CT-MR 640 0.80 0.99 0.90 
MR-MR 114 0.91 1.00 0.94 

3.4.2.4 Registration Mode Sensitivity Analysis 

Table 12 shows the lesion matching accuracy results for the direct and indirect registration modes. The 

results for both registration modes were similar, with CL accuracy results that differed by 0.02, the same NL/DL 

accuracy, and overall accuracy that differed by only 0.01. 

Table 12 – Registration mode sensitivity analysis of lesion matching accuracy results, using automated dilation. 
Only considered patients with more than two images in their series (patients 1 and 2) 

Registration 
Mode 

# of Matching 
Decisions 

CL Acc. NL/DL Acc Overall Acc. 

Direct 490 0.83 1.00 0.90 
Indirect 463 0.81 1.00 0.89 

3.4.2.5 Track Size Sensitivity Analysis 

Figure 27 shows the identical track ratio as a function of numbers of layers (images) and number of nodes 

(lesion contours) in the tracks. Tracks with 4 layers were exclusively from patient 1 and tracks with 3 layers were 

exclusively from patient 2. Most lesion tracks had fewer than 5 lesions. There were 19 tracks with five or more 

nodes. This includes 10 tracks with 5 nodes, 3 tracks with 6 nodes, and 6 individual tracks each with 9, 10, 11, 12, 

18, and 19 nodes. 
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Figure 27 – Track size sensitivity analysis of identical track ratio results. The numbers next to the markers indicate 

how many tracks were present in each category. 

3.4.2.6 Failure Modes 

There were 108 errors out of 1,183 (9%) automated matching decisions made using automated dilation. 

The most common failure mode was in the registration (55/108 errors), where lesions were incorrectly 

superimposed due to inaccuracies in registration either by presenting a spurious overlap, or by failing to overlap 

when lesions should have. This failure mode was further divided into four sub modes (Table 13). The borderline 

sub mode was defined as lesions that wrongfully did not intersect but shared a border. The liver and spine 

registration failure sub modes denote that an inaccuracy in registration of these organs was the driver of the 

error. The second most common failure mode was inaccurate lesion clustering (32 errors), where incorrect 

lesion clustering resulted in a matching error. Less frequent failure modes were shoulder lesion (9 errors), which 

failed to intersect when the patient’s arm positioning changed significantly between scans (e.g., patient imaged 

with arms up, then imaged with arms down). The resection failure mode (7 errors) happened exclusively for one 

patient (patient 2) that had the inferior portion of the liver resected between scans. In this case, the WDR 

wrongfully distorts the resected liver to match the unresected liver, resulting in matching errors. Finally, the 

least common failure mode was field of view (FOV) (5 errors), which happened in the edges of the imaging FOV 

where the registration had higher inaccuracies, impairing lesion intersection. 
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Table 13 - Breakdown of the failure modes involved in the 108 errors made using automated dilation. 

Failure Modes # of Errors – n (%) 

Registration 55 (51%) 
Registration 

(borderline) 
39 (36%) 

Registration (liver) 6 (6%) 

Registration 
(various) 

4 (4%) 

Registration (spine) 6 (6%) 

Cluster 32 (30%) 

Shoulder lesion 9 (8%) 

Resection 7 (6%) 

Field of view (FOV) 5 (5%) 

Total 108 

 

3.5 DISCUSSION 

In this chapter we introduced a lesion tracking methodology that was validated on a population of 

neuroendocrine tumor patients with high-burden metastatic disease. The methodology is based on lesion 

contour superposition from registration of longitudinal multimodality images to the baseline image of an image 

series. Image registration was accurate, with a median residual landmark error of 2.6 mm for WDR (Figure 22) 

which is comparable to the landmark based residual errors presented in section 2 for whole-body PET/CT 

(Santoro-Fernandes et al., 2021) and for lung CT (Yin et al., 2011). We studied the lesion matching and tracking 

performances under various fixed and automated dilations, of which the latter resulted in the highest 

proportion of identical lesion tracks (90%) and overall accuracy (0.91) (Figure 24). The weak correlation (𝜌 =

0.3) between the overall accuracy (indicative of lesion matching performance) and the identical track ratio 

(indicative of lesion tracking performance) suggests a considerable degree of independence between the two 

metrics because multiple matching mistakes can be included in the same track or spread through various tracks. 

Lesion tracking accuracy variation by anatomical region was low. The lowest lesion matching accuracy was 

observed in the spine (0.88), and the lowest identical track ratio was observed in the arms (78%), with standard 

deviations of 0.03 for lesion matching accuracy and 8% for identical track ratio across anatomical regions (Table 
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10). This suggests that the methodology performance is robust regarding body-part. Use of inter-modality led to 

inferior registration accuracy (Figure 22) and lesion matching (Table 11), indicating a degree of correlation 

between registration and lesion matching performances, highlighting the importance of accurate registration as 

a prerequisite for accurate lesion matching. 

The method introduced by Yan et al is a non-registration approach to lesion tracking that consists of 

evaluating the similarity between lesion features derived using deep learning methods (Yan et al., 2018). They 

performed whole-body lesion tracking limited to a single modality (CT). Their work is the only whole-body lesion 

matching work that reported on lesion matching accuracy. They reported precision and recall, which were 

respectively 0.86 and 0.92, leading to an F-score of 0.89. In comparison, our methodology had higher precision 

(0.91), recall (0.94), and F-score (0.92). These gains in precision and recall and minor and suggest the non-

inferiority of the methodology introduced in this work. However, the methodology herein introduced has the 

additional advantage of handling multiple imaging modalities.  In lieu of precision/recall, we chose the lesion 

matching accuracy (overall, CL, and DL/NL) as a performance metric for lesion matching because its 

interpretation is more intuitive. Furthermore, the precision-recall analysis used by Yan et al. considers lesion 

matches that aren’t introduced by the automated tracking, since two lesion within the same track might not be 

a match (have a connecting edge). 

In a recent work, Szeskin et al. introduced a simultaneous lesion tracking and segmentation approach that 

utilizes image registration followed by a convolutional neural network simultaneous segmentation approach. 

Their work is specific for liver lesions on CECT and was benchmarked on 50 scan-pairs containing 492 lesions. 

They report precision of 0.86 and recall of 0.90, leading to a F-score of 0.88. All lesion matching metrics were 

inferior when compared to the results of this chapter (0.91 precision, 0.94 recall, 0.92 F-score). In summary, our 

methodology achieved superior lesion matching results on a more strenous test, that of tracking lesions across 

multimodalities, multiple time-points, and spread through the whole-body. 
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The main challenge in this chapter was, just as in chapter 2, to determine the reference lesion matches and 

tracks, which is subject to unavoidable observer bias. Nevertheless, most of the lesion matching decision are 

conspicuous, and the decisions that elicit confusion would also be subject to inter-observer variability in a 

clinical setting. Therefore this challenge does not take away from the potential clinical utility of the developed 

methodology. Another challenge is the limited number of patients available for benchmarking the methodology. 

Despite only testing on 6 patients, many matching decisions (1,183) were available to validate the lesion 

matching performance. Furthermore, the standard deviation across patients for lesion matching accuracy was 

0.07 and for identical track ratio was 9% (Table 11), which indicates a small outcome variation between patients. 

However, further investigations with more patients and different applications (imaging modalities, FOVs, cancer 

types, etc.) are necessary to evaluate the robustness of the methodology. A third challenge was the different 

arm positioning between PET/CT and PET/MR (above the head, to the side of the torso), which introduces 

anatomical discrepancies that cannot be reconciled by the deformable registration approach without unrealistic 

image distortion. To circumvent this limitation, the whole-body images were constrained to head, torso, and 

legs when needed (arm lesions were absent in these instances). 

The use of the lesion tracking methodology in clinical applications should be cautious since an important 

drop in the identical track ratio was observed as the lesion tracks increased in number of layers and in number 

of nodes (Figure 27). This result is expected since identical track ratio is a very strict metric (a single error 

suffices to break the identicalness). This issue can be diminished in clinical applications by considering the most 

recent image series subset for patient evaluation, especially when the patient is surveilled over many years. 

More importantly, automated lesion tracking should serve as an aid to the physician, allowing for human 

intervention to correct errors in the lesion tracks. A work by Moltz et al. (Moltz et al., 2012) has shown that 

automated lesion matching can save time and reduce inter-reader variability of clinical decisions, suggesting that 

human correction can be faster than the infeasible task of manual lesion tracking. The feasibility of the human 

corrections is reliant on sufficient automated tracking accuracy, which this work has shown to be encouraging 
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(90% overall identical track ratio). Another factor that facilitates human correction of lesion tracks is that errors 

in lesion matching often lead to joined lesion tracks rather than completely incorrect decisions. This is mostly 

observed in anatomical regions of dense lesion population. Figure 28 illustrates a situation where three 

reference lesion tracks joined because of wrong automated lesion matches. In a clinical setting, providing that 

the implementation of the automated lesion tracking methodology allows for rapid and guided manual 

intervention, an operator could separate the three tracks in less time than individually matching all 15 lesion 

contours involved. 

 
Figure 28 – LHS: sagittal slices of the thoracic spine for each time-point. The PET signal was omitted to improve 
visibility of the anatomic structures. The red dashed outline indicates the clusters determined by the automated 
tracking methodology. RHS: section of the reference lesion graph containing the lesion tracks, reference clusters 
are indicated by a red contour around nodes. Due to matching errors, the three tracks shown in the figure were 

joined during automated tracking. 

Individual lesion tracking allows for the construction of lesion graphs (Figure 20), which are mathematical 

representations of the pathology identified in the image series of a metastatic cancer patient. The nodes of the 

graph represent the lesions and can encode information such as lesion volume, tracer uptake, grey levels, 

radiomics metrics, or any other quantitative information desired. The edges of the graph (lesion matches) 

establish the temporal relationship between these quantities, making for a complete tool in the quantitative 

imaging context. Graphs have been previously used as input for predictive models (Cangea et al., 2018; 

Duvenaud et al., 2015), using lesion graphs and lesion-level information as predictive metrics for patient 
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response to cancer treatment holds immense potential. Other future investigations include lesion tracking of 

images with intersecting but unequal FOVs, establishing the degree of certainty of the matchings to guide 

manual lesion track corrections, and automatically addressing different arms positionings. 

Finally, our novel lesion tracking methodology not only performs with high accuracy, but also presents a 

few other advantages when compared to the 4D connectivity approach, which is the most commonly used and 

relies entirely on the lesion superposition caused by registration (Gerig et al., 2000; Kikinis et al., 1999; Köhler et 

al., 2019; Kuckertz et al., 2021; Metcalf et al., 1992). The first advantage is the automated lesion dilation (step 

3), which increases the probability of establishing lesion correspondence without relying on registration 

accuracy alone. A second advantage is the ability to establish lesion tracks even when the lesion falls below the 

detectability limit in an intermediate time-point (intermittent lesion - Figure 17), which is possible in our 

methodology due to the combinatorial linear assignment (step 5). A third advantage is avoiding the wrongful 

joining of tracks caused by spurious overlap. Instead, the linear assignment (step 5) disregards spurious overlaps 

by globally optimizing lesion overlap volume, while lesion clustering (step 4) enables the matching of disjoint 

lesions. A fourth advantage is performing whole-body lesion tracking. Previous works have been limited to brain 

(Gerig et al., 2000; Kikinis et al., 1999; Köhler et al., 2019; Kuckertz et al., 2021; Metcalf et al., 1992; Shahar & 

Greenspan, 2005), liver (Kuckertz et al., 2022; Szeskin et al., 2023), or bone tissue (Yip & Jeraj, 2014). The fifth 

advantage is performing lesion tracking with multiple image modalities (PET/CT and PET/MR), this is the main 

addition to the methodology presented in section 2. Previous works that developed whole-body lesion matching 

were limited to PET/CT (Hering et al., 2021; Santoro-Fernandes et al., 2021) or CT images (Yan et al., 2018). In 

summary, the lesion tracking methodology developed in this chapter achieved highly accurate results and is the 

first registration-based whole-body methodology that does not present the 4D connectivity limitations and 

accepts multiple imaging modalities and multiple time-points as input. Other novelties of our methodology 

include accounting for lesion merging and splitting by considering lesion morphology and angular constraints, 

and an automated selection of the magnitude for the conformal lesion dilation to account for local variations in 
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lesion density. Finally, the introduced methodology is tracer independent since it assumes a pre-existing lesion 

contour map. 

 

3.6 CONCLUSION 

In this chapter we have developed a whole-body and multimodal lesion tracking methodology that enables 

lesion-level treatment response assessment of metastatic cancer patients. The developed methodology 

achieved high accuracy in lesion matching and tracking in a NET patient population imaged with 68Ga-DOTATATE 

PET/CT and PET/MR. The novel methodology introduced for tracking lesions through all time-points of an image 

series was made possible by using scan-pair-wise lesion matching decisions with a combinatorial approach that 

leads to lesion tracks. Our results are evidence that individual lesion tracking is feasible in a multimodality 

setting. However, the methodology benchmarking presented is limited and further validation is needed to 

identify the methodology’s strengths and weaknesses and to consider clinical translation. 
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4 TREATMENT RESPONSE PREDICTION BASED ON COMPREHENSIVE, LESION-

LEVEL, LONGITUDINAL DISEASE METRICS 

In chapter 4, we apply the previously developed and validated methodology to build predictive models of 

peptide receptor radiotherapy (PRRT) outcomes in mNET patients. The predictive models are developed on the 

lesion-level and on the patient-level.  Material from this chapter is adapted from a manuscript titled “Models 

using comprehensive, lesion-level, longitudinal PET-derived uptake features lead to superior prediction outcome 

in neuroendocrine tumor patients treated with 177Lu-DOTATATE” currently under preparation for submission to 

the European Journal of Nuclear Medicine and Molecular Imaging. 

4.1 MOTIVATION 

The treatment response of mNET patients treated with PRRT can vary significantly both on the lesion-level 

and on the patient-level. In the lesion-level, it is known as mixed response, heterogeneous response, or atypical 

response (Lyu et al., 2020). For these cases, introducing subtotal locoregional therapy targeting the persistent 

lesions could improve the overall clinical condition, leading to improved quality of life, meaningful disease 

burden reduction, delay of progression, and possibly to improved survival. However, currently, lesions are 

chosen at the discretion of the interventional radiologist based on technical factors, such as ease of access and 

proximity to vessels (Duffy et al., 2017). A methodology to identify and select lesions that are the optimal 

candidates to receive subtotal locoregional therapy is lacking. 

In the patient-level, the response discrepancy in mNET patients treated with PRRT (section 1.4) renders 

predictive analysis of PRRT essential for personalized care of NET patients. If credibly informed with a patient-

specific treatment outcome prediction, attending physicians could improve their decision-making regarding 

selection of patients for clinical trials, optimal monitoring frequency, optimal time for switching therapy, or for 
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combining different therapy strategies. One promising approach to stratify patients into good and poor 

responders is by using the standardized uptake value (SUV) of molecular somatostatin receptor imaging (SRI) 

(e.g., 68Ga-DOTATATE PET imaging). As described in detail in section 1.6, treatment Response prediction of mNET 

patients receiving PRRT has always been limited in one or more of the following ways: it did not take into 

account all of the lesions (non-comprehensive) (Ambrosini et al., 2015; Campana et al., 2010; Carlsen et al., 

2020; Gabriel et al., 2009; Graf et al., 2020; Haug et al., 2010; Kratochwil et al., 2015; Öksüz et al., 2014; Werner 

et al., 2017, 2019; Zwirtz et al., 2022), it neglected longitudinal early response information (Carlsen et al., 2021; 

Ortega et al., 2021; Sharma et al., 2019; Urso et al., 2023), it was performed on the patient- rather than the 

lesion-level (Durmo et al., 2022; Ohlendorf et al., 2020; Opalińska et al., 2022; E. Pauwels et al., 2020). 

Moreover, SRI features are normally explored as single outcome predictors. A few works have suggested 

combination of features; Carlsen et al. suggested a combination of features through establishing cutoffs and 

grouping patients into classes (Carlsen et al., 2021), while Zwirtz et al. introduced a combination of features 

through multiplication of CT Hounsfield units and SRI features (Zwirtz et al., 2022). However, the combination of 

SRI features is in its infancy. 

In summary, current efforts in lesion-level response prediction are incipient due to the technical difficulty 

in performing lesion-level assessment of response (chapters 2 and 3). On the patient-level, there is a possibility 

that comprehensive, lesion-level, longitudinal image analysis will improve treatment response prediction. In this 

chapter, we investigate the value of comprehensive, lesion-level, longitudinal imaging information to predict 

treatment response in the patient- and in the lesion-level. The treatment response prediction was investigated 

through mathematical models of long-term lesion persistence for the lesion-level, and progression-free survival 

for the patient-level. 
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4.2 MATERIALS AND METHODS 

4.2.1 Patient Population and Study Design 

This multicentric retrospective study enrolled metastatic NET patients from the University of Wisconsin-

Madison Carbone Cancer Center (UWCCC) and our collaborators at the Roswell Park Comprehensive Cancer 

Center (RPCCC). This study was reviewed and approved by the internal review board of both institutions and all 

ethics guidelines were followed. Patients that received their 1st cycle of treatment between March 2018 and 

December 2021 were included. All patients were treated with PRRT (177Lu-DOTATATE), imaged with SRI (68Ga-

DOTATATE PET/CT or PET/MR) on the baseline (before 1st cycle of PRRT) and post-therapy (after last cycle of 

PRRT). A subset of the patients was also imaged in a third time-point, after post-therapy, named the long-term 

time-point.  

For each patient a detailed chart review was performed, and the progression free survival (PFS) was 

determined as the time between the last PRRT cycle and the date of progression. Patients were followed until 

May 2023. Progression was determined by radiological progression (using RECIST 1.1), overall worsening of the 

clinical presentation, decision to change or perform additional treatment, or patient death.  

4.2.2 Image Acquisition and Analyses 

A diagram summarizing the image acquisition and analysis involved in this chapter is shown in Figure 29. 
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Figure 29 - Diagram of chapter’s 4 data acquisition and analysis. *The long-term images were used in the lesion-

level response prediction only. **Patient-level feature engineering was used only for patient-level response 
prediction. 

4.2.2.1 Image acquisition and Treatment 

Image acquisition followed standard clinical procedures. Patients fasted for 4 hours, and short acting 

somatostatin drugs were held for 24 hours before the scanning procedure. The administered activity was 0.054 

mCi per kg of bodyweight of 68Ga-DOTATATE, with a lower limit of three and an upper limit of 5.4 mCi. The 

scanning started 60 minutes after tracer administration and the acquisition lasted 5 minutes per bed position. 

The standard treatment protocol was 4 cycles of 177Lu-DOTATATE PRRT (standard activity of 7.4 GBq (200 mCi) 

per cycle) administered eight weeks apart. 

4.2.2.2 Lesion segmentation 

The lesions present in the PET/MR images were segmented manually, similarly to the procedures described 

in sections 2 and 3. The lesions present in the PET/CT were automatically segmented using an in-house trained 

convolutional neural network (CNN). Despite the utilization of the lesion segmentation outputs, the CNN 

training was not performed as part of this dissertation. However, the training details are described here for a 

better understanding of the lesion segmentation used in subsequent response prediction steps. Two state-of-

the-art 3D CNN architectures were employed for automated lesion delineation. The first was the nnUNet, which 
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follows a standard U-Net like architecture with automated hyperparameters inferred from input data feature 

and available compute infrastructure information (Isensee et al., 2021). Image patches of size 224×80×128 

voxels were extracted for training and the loss function was set as the sum of Dice Coefficient and Cross 

Entropy. The model was trained for 1000 epochs using a batch size of 2 and 250 minibatches per epoch. Data 

augmentation was applied during training using the following techniques: rotation, scaling, gaussian noise, 

gaussian blur, brightness, contrast, low resolution simulation, gamma augmentation, and mirroring. 

The second CNN architecture was the Retina U-Net (Jaeger et al., 2018). This model follows a feature-

pyramid-like architecture for object detection with added high-resolution pyramid layers to encode semantic 

information, enhancing delineation accuracy. Image patches of size 128×128×128 voxels were extracted for 

training and the loss function was set as the sum of Dice Coefficient and Cross Entropy. The model was trained 

for 250 epochs with 600 minibatches per epoch and a batch size of 4. Random rotations and scaling were 

applied during training as data augmentation.  

Each model was trained to delineate lesions (foreground) from background in a binary manner. The 

networks were trained on 116 images from 59 NET patients. 5-fold cross validation was utilized with identical 

train-test splits between the nnUnet and Retina U-Net models where 80% of the data was used for training and 

the remaining 20% was used for testing for each fold. Care was taken to ensure that scans of the same patient 

(i.e., follow-up imaging) were not distributed into training and testing groups for a given fold. In addition to 

assessing the performance of each method separately, we compiled ensembled delineation maps using the 

outputs of the nnUNet and Retina U-Net models via Union and Intersection ensembling. Thus, we assessed a 

total of four automated lesion delineation outputs: nnUnet, Retina U-Net, Union Ensembling, and Intersection 

Ensembling. The nnUNet and the Retina U-Net models were trained on a NVIDIA RTX Titan GPU and a NVIDIA 

GeForce RTX 3090 workstation, respectively, both with 25 GB of memory. Performance details are presented 

elsewhere (A. Weisman et al., 2022). The generated contours were manually reviewed and corrected under the 
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advice of a senior nuclear medicine physician. Lesions smaller than 1 cm3 were disregarded to avoid partial-

volume effects. 

4.2.2.3 Anatomical segmentation 

The body-part associated with each lesion was determined by registering segmentation atlases to all 

images. Eight body-parts were segmented using the atlas registration, namely head and neck, chest, lungs, 

abdomen, liver, spleen, thighs, arms, and spine. Using the atlas registration, the background liver and spleen 

uptakes were automatically extracted by selecting the statistical mode of the SUV distribution for each organ 

volume, these quantities were named 𝑆𝑈𝑉𝑙𝑖𝑣𝑒𝑟 and 𝑆𝑈𝑉𝑠𝑝𝑙𝑒𝑎𝑛.  Normal background uptake normalization was 

shown to be useful in outcome prediction (Durmo et al., 2022; Haug et al., 2010; Opalińska et al., 2022; Ortega 

et al., 2021; E. Pauwels et al., 2020; Sharma et al., 2019; Urso et al., 2023). This approach is robust against 

registration inaccuracies, SUV spilling from other anatomical structures, and presence of lesions (tissue volumes 

more avid to somatostatin receptor within the organs). Details about the body-part labeling method were 

discussed in section 3.2. 

4.2.2.4 Lesion matching 

Following lesion segmentation, the novel method developed and validated in this work (chapters 2 and 3) 

was used to longitudinally track the lesions present across the baseline, the post-therapy, and the long-term 

images (when applicable) (Santoro-Fernandes et al., 2021). This algorithm accounts for lesion clustering that can 

be caused by lesion merging and splitting during treatment response. This process was extensively discussed in 

chapters 2 and 3. 

4.2.2.5 Lesion-level Feature Extraction 

Lesion-level quantitative features were extracted from each lesion contour. The following five features 

were extracted from each lesion (Table 14): iSUVmax, iSUVmin, iSUVmean, iSUVmedian, iSUVtotal, iSUVvol, and iSUVvar, 

iSUVskew, and iSUVkurt (The preceding “i” denotes the lesion-level nature of each SUV feature). 
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Table 14 - Lesion-level features extracted. *Skewness and kurtosis were only used for lesion-level predictions 

Feature Symbol Meaning 

𝑖𝑆𝑈𝑉𝑚𝑎𝑥  SUV from the voxel with maximal uptake within lesion “𝑖” 

𝑖𝑆𝑈𝑉𝑚𝑖𝑛  SUV from the voxel with minimal uptake within lesion “𝑖” 

𝑖𝑆𝑈𝑉𝑚𝑒𝑎𝑛  Mean uptake of all voxels within lesion “𝑖” 

𝑖𝑆𝑈𝑉𝑚𝑒𝑑𝑖𝑎𝑛  Median uptake of all voxels within lesion “𝑖” 

𝑖𝑆𝑈𝑉𝑡𝑜𝑡𝑎𝑙  Sum of the uptake of every voxel within lesion “𝑖” 

𝑖𝑆𝑈𝑉𝑣𝑜𝑙  Segmented volume of lesion “𝑖” according to the functional imaging 

𝑖𝑆𝑈𝑉𝑣𝑎𝑟  Variance of the uptake of all voxels within lesion “𝑖” 

𝑖𝑆𝑈𝑉𝑠𝑘𝑒𝑤*  Skewness of the uptake of all voxels within lesion “𝑖” 

𝑖𝑆𝑈𝑉𝑘𝑢𝑟𝑡* Kurtosis of the uptake of all voxels within lesion “𝑖” 

 

After lesion matching, longitudinal feature variation was calculated, namely ∆iSUVmax, ∆iSUVmin, ∆iSUVmean, 

∆iSUVmedian, ∆iSUVtotal, ∆iSUVvol, ∆iSUVvar, ∆iSUVskew, and ∆iSUVkurt where 

 Δ𝑖𝑆𝑈𝑉𝑗 =  𝑖𝑆𝑈𝑉𝑗,𝑝𝑜𝑠𝑡−𝑇 −  𝑖𝑆𝑈𝑉𝑗,𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 
(25) 

and the index 𝑗 denotes each SUV feature. The relative feature variation was also measured as 

 Δ𝑖𝑆𝑈𝑉𝑗𝑟𝑒𝑙 =
𝑖𝑆𝑈𝑉𝑗,𝑝𝑜𝑠𝑡−𝑇 −  𝑖𝑆𝑈𝑉𝑗,𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒

𝑖𝑆𝑈𝑉𝑗,𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒
 

(26) 

The inter-correlation between each lesion-level feature relative variations in the three-image time-point 

subset was calculated to assess the degree of independence between the features. 

4.2.2.6 Lesion-Level feature Change Assessment 

Lesion matching allowed for determining the longitudinal feature variations. Using the matching 

information, lesions were classified into favorably responding or unfavorably responding response categories. 

These response categories were based on the feature change from baseline to post-therapy images. Favorably 

responding lesions were the ones with feature change ≤ 30% and disappearing lesions. Unfavorably responding 

lesions were those with feature change >30% and new lesions. The rationale for this classification was that the 

lesions showing an increase in uptake despite PRRT administration are likely to be persistent lesions. The 

threshold in increase of 30% was selected based on similar findings for other PET tracers (Lin et al., 2016). Based 
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on their identification in the long-term image, the lesions were further classified as disappearing lesions (DL) or 

persistent lesions (PL). A PL lesion was identified and segmented on the long-term PET image. A DL lesion was 

not present in the long-term image. This later lesion classification was only performed in the subset of patients 

that were imaged on three time-points since a long-term image was necessary. 

4.2.2.7 Patient-Level Feature Engineering 

Patient-level features were engineered by calculating seven statistics across all lesions: count, sum, 

average, median, minimum, maximum, and variance. Furthermore, the features were used with and without 

liver or spleen background mean uptake normalization. The patient-level feature engineering process was 

repeated for 4 variations of lesion-level features: (1) at the baseline scan, (2) at the post-therapy scan, (3) their 

longitudinal variation, and (4) their relative longitudinal variation. Additionally, this process was performed for 

subsets of lesions separated by their anatomic location (AL) and by their persistence status (DL, NL, PL). To 

illustrate this process, Figure 30 shows the engineering of one example patient-level feature. 
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Figure 30 – (a) Example of the patient-level feature engineering. In this example the engineered features were (b) 
the average iSUVmax of the new lesions at the post-therapy scan, and (c) the minimal iSUVmean of lesions located in 

the leg normalized to the background liver uptake. 

4.2.3 Lesion-Level Response Prediction 

4.2.3.1 Lesion Response Modeling  

A random forest (RF) model was trained to classify each lesion into (PL) or (DL) categories. The input to the 

RF model were longitudinal feature pairs. A longitudinal feature pair consists of a pair of lesion-level feature 

values (Table 14) for the same lesion, one value extracted from the baseline image, and one extracted from the 

post-therapy image. Only the lesions present (i.e., identified, and segmented) at the baseline or at the post-

therapy images were used for the lesion-level response prediction analysis. The RF model was implemented in 

MATLAB (The MathWorks Inc.) version 2019a and was trained using data from the baseline and the post-therapy 

images. The lesions identification in the long-term image was used as the reference classification criterion of 

lesion-level response. The RF model output was a per-lesion binary classification of persistent lesion (PL) or 

disappearing lesion (DL). To prevent overfitting, the final model consisted of an ensemble of 30 decision trees, 
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and 5-fold cross validation was used in the model training process. In training the RF model, two sensitivity 

analyses were performed for the tuning of hyperparameters and of selected features: (1) we varied the number 

of allowed splits per tree from one to ten, (2) we varied the number of longitudinal feature pairs used as model 

input from one to nine (all available feature pairs). The feature selection process was performed iteratively by 

selecting in each iteration the feature whose addition would maximize the model’s area under the receiver 

operating curve (AUC). 

RF model performance was evaluated by measuring its AUC. The AUC confidence intervals were estimated 

using the bootstrap method. The models’ AUCs were compared and the optimal model was defined by AUC 

maximization. For the optimal model, a detailed performance analysis was done by calculating its accuracy, 

specificity, and sensitivity at the optimal operating point determined via the Youden criterion. 

4.2.3.2 Longitudinal Sensitivity Analysis 

To assess the impact of longitudinal lesion-matching in the lesion persistence prediction performance, RF 

models were trained by neglecting either the baseline PET features or the post-therapy PET features. These 

models were compared to the optimal RF model. 

4.2.3.3 Lesion Classification Accuracy 

Lesion classification into PL or DL was performed in two ways: using the RF model, and using the lesion-

level response categories (favorably or unfavorably responding). The accuracy of these two ways were 

compared using the Wilcoxon signed-rank test with significance value of 0.05 before correction by the 

Bonferroni method (0.006 after correction for 9 tests). 

4.2.4 Patient-Level Response Prediction 

4.2.4.1 Feature Selection and PFS Modeling 

The feature engineering step of section 4.2.2.7 generates features which can be highly correlated. A 

technique for maximal relevance, minimal redundancy, and maximal robustness was used to select features, 
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similar to that used by Peng et al. (Peng et al., 2005). To select for relevance, the correlation of all the features 

to PFS was calculated (maximal relevance). For robustness, the correlations were evaluated using 5-fold cross 

validation and the average correlation was used for the analysis. The feature with the highest correlation was 

selected, and all features that had an absolute correlation coefficient to the selected feature above a threshold 

of 0.5 were removed from the pool of possible features (minimal redundancy). After which the remaining 

feature with the highest correlation to the outcome was selected. This process was iteratively repeated until the  

ten most relevant features were determined. The 0.5 threshold is a parameter of the feature selection method 

and can be tuned to balance model accuracy (lower threshold) vs. robustness (higher threshold). The most 

relevant patient-level features were then used to build classical multivariate linear regression (MLR) models of 

predicted PFS (denoted as 𝑃𝐹𝑆̂). The models were fitted using a leave-one-out cross validation approach to 

prevent overfitting. Each model fitted in each fold of the leave-one-out cross validation process used the same 

set of selected features. 

The number of features used in the models was varied from one to ten to determine an optimal number of 

features (𝑁𝑜𝑝𝑡) that maximized the model’s concordance index (C-index). This quantity is commonly used in 

survival analysis and measures the correlation between the observed PFS and  𝑃𝐹𝑆̂ taking the censored 

observations into account. The 𝑁 optimal features were used in each iteration. To avoid overfitting, the 𝑁𝑜𝑝𝑡 

was selected considering a compromise between performance and number of patients per feature (Vittinghoff 

& McCulloch, 2007). 

4.2.4.2 Model Performance Assessment 

The modeling performance was assessed by evaluating the C-index. The C-index uncertainty was derived 

from the binomial distribution standard deviation. A classification study was performed to assess the ability of 

the predicted  𝑃𝐹𝑆̂ to distinguish between good and poor responders. The patient population was stratified into 

good and poor responders and a receiver operating characteristics (ROC) analysis was used to evaluate the 
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classification performance and an optimal cutoff for 𝑃𝐹𝑆̂ was determined by maximizing the Youden J statistic. 

In the ROC analysis, the observed PFS served as the ground truth for classification into poor and good 

responders according to a threshold determined empirically based on the observed PFS distribution, while 𝑃𝐹𝑆̂ 

was the predictive variable whose optimal cutoff was determined. Bootstrapping was used to evaluate the 

uncertainty of the ROC analysis outcomes. The 𝑃𝐹𝑆̂ was used as predictor for a Kaplan-Meyer survival analysis, 

and the log-rank test was used to evaluate the significance of the stratification. In the Kaplan-Meier analysis, the 

optimal cutoff was the one that minimized the log-rank p-value between stratified groups. Additionally, 

univariate Cox Proportional Hazards Model analysis was performed. 

4.2.4.3 Model Sensitivity to Selected Features 

Several sensitivity analyses were performed to probe the robustness of the outcomes to different aspects 

of the employed methodology. In all of them, the optimal number of features (𝑁𝑜𝑝𝑡) identified was used. The 

robustness of feature selection was evaluated by using alternative features to fit the MLR model. The four most 

correlated alternative features were associated with each 𝑁𝑜𝑝𝑡 selected feature. The most correlated alternative 

features were the ones that had the highest correlation to the original selected feature.  The MLR models were 

fitted using alternative feature sets and the C-Index of the prediction was evaluated as a function of the feature 

variation degree. This is a measure of the distance between the used set of alternative features and the 

originally selected ones. For example, a feature variation degree of 0 means that the model was trained with the 

original features. A feature variation degree of 1 means that one of the original features was varied to its 

correspondent first most correlated alternative feature. A feature variation degree of 2 means that two original 

features were varied to their correspondent first most correlated alternative feature or that one original feature 

was varied to the second most correlated alternative feature, etc. Every possible combination for each feature 

variation degree was assessed and the median C-index was calculated. 
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4.2.4.4 Model Sensitivity to Image Analysis 

The sensitivity of the prediction results to four aspects of image acquisition and analysis was investigated. 

First, the longitudinal information sensitivity analysis simulated the lack of post-therapy images. Therefore, only 

features from the baseline were considered for modeling. Second, the comprehensiveness sensitivity analysis 

simulated using only the five most prominent lesion contours (highest SUVtotal). We have chosen to evaluate five 

lesions since it is a common number for non-comprehensive studies, justified by RECIST1.1 and PERCIST 

guidelines. Third, the anatomical segmentation sensitivity analysis simulated the lack of body-part labels and 

liver and spleen background uptake normalizations. Fourth, the lesion matching sensitivity analysis simulated 

the lack of lesion matching, therefore the lesion-level uptake variation and the persistence status of the lesions 

were not considered, however, patient-level uptake variation was still available. 

4.2.4.5 Benchmarking 

Significant predictor image features were identified from the literature and were used to benchmark the 

prediction performance. Features previously identified as predictors in the literature were disregarded if the 

reported significance would not pass a Bonferroni corrected hypothesis test. These features were directly used 

in Kaplan-Meier and Cox proportional hazards ratios survival analyses. The results were compared to MLR PFS 

modeling using the C-index, AUC, and hazard ratios (HR). For the latter, the values were normalized to the 

maximal range value so that HRs are intercomparable. 

4.3 RESULTS 

4.3.1 Patient Population and Study Design 

In total, 36 patients were enrolled in this retrospective study, details about the patient population are 

shown in Table 15. All patients underwent 1 to 4 cycles of PRRT (standard activity of 11.1 GBq (300 mCi) per 

cycle). Reasons for fewer than 4 cycles (10 of 36 patients) were the occurrence of adverse events, death, or 
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patient election to discontinue treatment. The median time between baseline image acquisition and start of 

therapy was 10 weeks (IQR = 12). The median time between the last cycle of therapy and the post-therapy 

image acquisition was 13 weeks (IQR = 13). The median observed PFS was 19 months (IQR=30). Details about 

imaging and treatment timings are shown in Table 16. The patient population was stratified into poor (PFS < 25 

mo) and good (PFS ≥ 25 mo) responders. The stratification (Figure 31) was determined empirically based on a 

prominent ten-month discontinuity on the progression free survival trend. For ten of the 36 patients the 

progression observation was censored (28%). Only one of the ten censored patients was classified in the poor 

responder group. 
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Table 15 – Patient demographics, disease, and treatment characteristics. 

Parameter Value N Patients Percentage 

Number of patients  36  

Institution 
UWCCC 31 86% 

RPCCC 5 14% 

Sex 
Male 15 42% 

Female 21 58% 

Age 

<50 4 11% 

50 to 60 10 28% 

≥60 22 61% 

Number of PRRT cycles 

1 4 11% 

2 2 6% 

3 4 11% 

4 26 72% 

Primary Site 

Adrenal 2 6% 

Liver 2 6% 

Lung 1 3% 

Pancreas 6 17% 

Colon 2 6% 

Small Bowell 21 58% 

Thymus 1 3% 

Unknown 1 3% 

WHO Grade 

G1 17 47% 

G2 12 33% 

G3 4 11% 

 Unknown 3 8% 

Previous Treatment 

Somatostatin Analog 36 100% 

Resection 21 58% 

Chemotherapy 13 36% 

Radiation 10 28% 

Embolization 9 25% 

Everolimus 4 11% 

Other 8 22% 
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Table 16 – Timing details of study design 

Time interval Median 1st Quartile 3rd Quartile 

Baseline PET to 1st Cycle (wk) 10 5 17 

Last cycle to Response PET (wk) 13 8 21 

Total follow-up observation time (mo) 48 33 59 

Progression free survival (mo) 19 9 39 

 

 
Figure 31 – Progression Free Survival evaluated for each patient. Vertical red dashed line marks the cutoff point 

dividing poor responders (to the left), and good responders (to the right). Censored data is denoted by solid filled 
bars. Patients are numbered from worst to best response to PRRT. 

4.3.1.1 Lesion-Level Response Prediction Subset 

Thirteen of the 36 patients were imaged at three time-points. This patient subset demographic information, 

primary site, and WHO grade are shown in Table 17 and the timing between the images and treatment delivery 

is shown in Table 18 and Figure 32. 
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Table 17 – Details of the patient population subset used for lesion-level response prediction. 

Parameter Value # of patients Percentage 

Number of patients  13  

Sex 
Male 6 46% 

Female 7 54% 

Age 

<50 2 15% 

50 to 60 3 23% 

≥60 8 62% 

Number of PRRT cycles 

2 1 8% 

3 2 15% 

4 10 77% 

Primary Site 

Ileum 5 38% 

Pancreas 2 15% 

Adrenal 1 8% 

Right colon 1 8% 

Small Bowell 4 31% 

WHO Grade 

G1 8 62% 

G2 4 31% 

Unknown 1 8% 

 

Table 18 – Timing details between imaging and treatment. 

Time interval Median 1st quartile 3rd quartile 

Baseline PET to 1st Cycle (wk) 10 6 14 

Last Cycle to post-therapy PET (wk) 16 10 20 

Last Cycle to long-term PET (wk) 65 52 72 
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Figure 32 – Time of acquisition of the somatostatin receptor images. The black continuous line represents the 

duration of PRRT treatment. 

4.3.2 Image Acquisition and Analyses 

Eighty-five PET/CT and PET/MR scans were obtained in this study, two for each of the 36 patients and one 

additional image for each of the 13 patients with long-term image. Seventy-nine scans were PET/CT (92%), with 

only six (7%) PET/MR scans (Table 19). 

Table 19 - Image acquisition scanner information. 

Parameter Value Number  Percentage 

Number of Scans Total 85  

Per Scanner 

GE - Discovery 710 19 22% 

GE - Discovery IQ 10 12% 

GE - Discovery MI 43 51% 

GE - Signa (PET/MR) 6 7% 

GE – Discovery ST 1 1% 

Philips - Vereos 4 5% 

Siemens - Biograph mCT 2 2% 

 

Considering the baseline and post-therapy, 2307 lesion tracks were identified in the patient population. The 

median number of lesions identified per patient was 35, with a minimum of 3 lesions and a maximum of 328 
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lesions (IQR = 66). More image acquisition and lesion-specific information is shown in Table 20. An example of 

maximum intensity projections of the PET/CT images is shown in Figure 33, where the lesion and anatomical 

segmentations can be observed. 

 

Table 20 –Lesion-level image analysis characteristics. 

Parameter Value Number  Percentage 

Number of lesion tracks Total 2307  

Per Body-part 

Chest 386 17% 

Abdomen 441 19% 

Arms 117 5% 

Head 104 5% 

Pelvis 254 11% 

Legs 95 4% 

Liver 433 19% 

Lung 176 8% 

Spine 301 13% 

Per persistence status 

Persistent lesion 880 38% 

New lesion 714 31% 

Disappearing lesion 713 31% 
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Figure 33 – Example patient: a 73-year-old male presenting with 162 unique lesion tracks. This patient 
progressed 18 months after the 1st cycle of PRRT. The images are a) a maximum intensity projection (MIP) of the 

CT and the body-part segmentation atlas, b) along with a MIP of the PET/CT fusion with the lesion mask 
superimposed for the baseline PET/CT acquisition and c) for the post-therapy acquisition. 

In the subset of patients with three imaging time-points, 39 images were analyzed, three per patient (Table 

21). The image analysis process identified and contoured 632 lesions. The median number of lesions per patient 

was 33, with a minimum of 3 and maximum of 198 lesions per patient. Two of the 39 scans were PET/MRs. Of 

the 632 lesions, 110 were identified on the long-term image only. Therefore, 522 lesions were available for 

lesion response modeling. 
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Table 21 – Imaging information and lesion-level patient information. 

Parameter Value Number Percentage 

Number of Scans Total 39  

Number of lesions Total 632  

Per Body-part 

Chest 109 17% 

Abdomen 84 13% 

Arms 32 5% 

Head 28 4% 

Pelvis 69 11% 

Legs 15 2% 

Liver 121 19% 

Lung 38 6% 

Spine 136 22% 

 

The correlation between the relative variation of each lesion-level feature between baseline and post-

therapy images is shown in Figure 34. 

 
Figure 34 – Correlation between the extracted lesion-level PET features 
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4.3.3 Lesion-Level Response Prediction 

4.3.3.1 Lesion Response Modeling  

The number of longitudinal feature pairs used in the RF model had no significant impact in the model’s AUC 

(Figure 35). The AUC fluctuates randomly and mildly. Therefore, we decided to use the simplest possible 

approach, including one single longitudinal feature pair to train the RF model. 

 
Figure 35 – Random Forest model performance as a function of the number of selected longitudinal feature pairs 

for training. The error bars represent the 95% confidence interval. 

To decide which longitudinal feature pair to use, we studied the model’s behavior when trained with each 

one (Figure 36). The AUC variation across lesion feature used to train the RF model was mild. The minimal AUC 

value was 0.76 for iSUVskew and the maximal AUC was 0.83 for iSUVmedian. Considering the statistical equivalence 

between the longitudinal feature pairs, we have selected iSUVmax to be used due to its straightforward 

interpretation and common use in the literature. 
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Figure 36 – Performance (AUC) for a Random Forest model trained with a single longitudinal feature pair as a 

function of the chosen feature pair. The error bars represent the 95% confidence interval. 

Using the iSUVmax as the input longitudinal feature pair, we have determined the optimal number of splits in 

the RF model by maximizing its AUC. AUC trends up slightly as the number of splits increases. The model AUC 

increased from 0.72 for one split to 0.82 at four splits, after which it plateaued (Figure 37). Therefore, the RF 

models used in this work were trained with 4 splits. 



89 

 

 
Figure 37 – Random Forest model performance (AUC) as a function of the maximal number of splits allowed. The 

longitudinal feature pair used was the iSUVmax. The error bars represent the 95% confidence interval. 

 

The detailed performance analysis for the RF model trained using the iSUVmax as the longitudinal feature 

pair with 4 maximal possible splits is shown in Figure 38. We have observed an AUC of 0.82, accuracy of 0.78 

with specificity of 0.80 and sensitivity of 0.75. The box-plot for the RF classification scores is also displayed in 

Figure 38 showing the separation between the PL and the DL groups. 
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Figure 38 – Detailed performance of the random forest model trained using the iSUVmax longitudinal feature pair 

with 4 maximal splits. Left-hand side shows the ROC, and the right-hand side shows the boxplot of the model 
stratification between the two classes, namely persistent lesions (PL) and disappearing lesions (DL). The 

horizontal dashed line (right) and red dot (left) represent the optimal ROC cutoff. 

Figure 39 illustrates one of the 30 trees in the trained ensemble of the model described in in Figure 38. 
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Figure 39 – Example of one decision tree of the Random Forest model using iSUVmax as the input variable. The 

final classes are persistent lesion (PL) and disappearing lesion (DL). 

4.3.3.2 Longitudinal Sensitivity Analysis 

The longitudinal information sensitivity analysis results show that the prediction performance of the RF 

model was highly dependent on the longitudinal information (Figure 40). When the iSUVmax longitudinal feature 

pair was used to train the model, an AUC of 0.86 was achieved, significantly higher than the AUC for baseline 

(𝑝 = 0.01) and post-therapy (𝑝 = 0.03) features alone. When only baseline features were used, the AUC was 

0.64 and when only post-therapy features were used, the AUC was 0.60. 
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Figure 40 – Comparison between the model performance using only baseline feature information, only post-
therapy feature information, and longitudinal iSUVmax feature information. The error bars represent the 95% 

confidence interval. 

4.3.3.3 Lesion Classification Accuracy 

The lesion classification accuracy (Figure 41) using the trained RF model was superior to the accuracy of 

classifying lesions by any other response category approach based on a single feature (all 𝑝 < .003). 
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Figure 41 – Lesion classification accuracy for different used methods. The single feature methods were based on 

early lesion response categories. 

4.3.4 Patient-Level Response Prediction 

4.3.4.1 Feature Selection and PFS Modeling 

The feature engineering process generated 8,162 unique, non-zero patient-level features, from which ten 

were selected according to the method of section 4.2.2.5. The feature number sensitivity analysis results are 

shown in Figure 42. The model performance initially increased with the number of features but plateaued at 6 

features. Model prediction accuracy decreased starting from seven to ten features. The maximal C-Index of 

0.842 occurred when both six and seven features were selected. However, the number of patients per selected 

feature must be also taken into consideration, a small number of patients per selected feature leads to 

overfitting of the model (Vittinghoff & McCulloch, 2007). Using 𝑁𝑜𝑝𝑡 = 6 results in six patients per selected 

feature, while using 𝑁𝑜𝑝𝑡 = 4 results in a much more reliable operating point of nine patients per selected 
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feature. The 2% (0.016) gain in accuracy (from 0.826 to 0.842) does not justify the increase in 𝑁𝑜𝑝𝑡 and likely 

decrease in model robustness to other patient populations. Therefore, we have chosen 𝑁𝑜𝑝𝑡 = 4 features as the 

desirable operating point. The classification, survival analysis, sensitivity analyses, and the benchmarking were 

performed using a 4 feature MLR model. 

 
Figure 42 – C-Index as a function of the number of features used to train the multivariate linear models. Each 
point in the plot corresponds to the accuracy of a model trained with the optimal set of its x-value number of 

features. 

The four features selected for the model are shown in Table 22. An a posteriori explanation of the clinical 

meaning of the selected features is presented in the discussion section. The correlation between the selected 

features was mild due to the minimum redundancy algorithm employed, the highest correlation in absolute 

values was found between F2 and F4 (𝜌 = 0.4). Table 23 shows the inter-correlation between the selected 

features. The model parameters estimated without cross-validation (𝑃̂) are reported to allow for the 

reproduction of the model. 
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Table 22 – Features selected for the MLR modeling of PFS. The estimated parameters 𝑃̂ did not consider leave-
one-out cross validation and were not used for predictions within this work. 

F# 
Lesion-
level 
feature 

Norm. Time A.L. P.S. 
Patient Level 
Statistic 

Correlation 
to PFS 

𝑷̂ Range 

F1 iSUVmean Liver Post-T WB NL Min -0.49 -20.7 [0, 1.2] 

F2 iSUVvar No Variation Spine All Median -0.47 -1.7 [-6.8, 6.8] 

F3 iSUVmean Spleen Baseline Chest All Min 0.42 43.3 [0, 0.7] 

F4 iSUVvar No Post-T Head PL Sum -0.40 -0.34 [0, 50] 

Norm. = Normalization; A.L. = Anatomical Location; P.S. = Persistence Status; 𝑃̂ = Estimated Parameters 

Table 23 - Correlation between the four selected features. 
 F1 F2 F3 F4 

F1 1 0.36 0.01 0.05 

F2  1 0.06 0.40 

F3   1 -0.07 

F4    1 

 

4.3.4.2 Model Performance Assessment 

Using the selected features (Table 22), the predicted PFS (𝑃𝐹𝑆̂) for each patient is shown in Figure 43. The fit of 

the model to the data showed a tendency of underestimating the PFS in the good responders’ group and 

overestimating PFS in the poor responders’ group (Figure 43C). The mean residual was 0.33 months with 12 

months standard deviation. 
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Figure 43 – A) Results of PFS prediction compared to observed PFS, B) histogram of the prediction residuals with 

the mean and standard deviation, and C) absolute residuals per patient. 

The classification analysis resulted in an AUC of 0.88 with optimal operation point of 26 months, for which 

the specificity was 0.85 and sensitivity was 0.81 (Figure 44). Patient number 20 was removed from the 

classification analysis since this patient was the only one censored in the poor responder group and it is 

impossible to ascertain if this patient classification was correct. 



97 

 

 
Figure 44 – (A) Receiver operating curves for the classification of patients into good and poor responders based 

PFS prediction. The red dot indicates the optimal operating point. The area under the curve (AUC), specificity, and 
sensitivity at the optimal operating point are shown in the plot. (B) Shows the boxplot of the patients classified 

into good (G.R.) and poor responders (P.R.). Np= number of patients. 

The Kaplan-Meier plot is shown in Figure 45, the cutoff was 23 months, which resulted in a statistically 

significant difference between the groups (𝑝 ≪ .001, log-rank test). The Cox proportional hazards ratio 

univariate analysis resulted in a normalized hazard ratio of 3× 10−5 which was statistically significant (𝑝 ≪

.001). 
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Figure 45 - Kaplan-Meier curve using the MLR model predicted PFS as the group discriminator. The cutoff, hazard 

ratio (HR), p-value for a univariate Cox proportional hazards ratio model, and p-value for a log-rank test are 
shown on the plot. 

4.3.4.3 Model Sensitivity to Selected Features 

Table 24 shows the alternative features that were used for each of the four features selected (Table 23). The 

aspects of each feature that vary from the original feature are highlighted in red. 
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Table 24 - Features resulting from the feature variation degree analysis. The red highlights indicate aspects of 
each degraded feature that are different from the selected feature.  

 Variation 
Degree 

Lesion-
level 
feature 

Norm Time A.L. P.S. 
Patient 
level 
Statistic 

𝝆𝐬𝐞𝐥  𝝆𝐏𝐅𝐒 

Fe
at

u
re

 #
1

 

Original 
feature 

SUVmean Liver Post-T WB NL Min N/A -0.49 

1 SUVmax Liver Post-T WB NL Min 0.94 -0.44 

2 SUVmax No Post-T WB NL Min 0.89 -0.48 

3 SUVmean No Post-T WB NL Min 0.88 -0.47 

4 SUVmean Spleen Post-T WB NL Min 0.82 -0.44 

Fe
at

u
re

 #
2

 

Original 
feature 

SUVvar No Variation spine All Median N/A -0.47 

1 SUVvar Liver Variation spine All Median 0.94 -0.43 

2 SUVmax No Variation spine All Median 0.74 -0.19 

3 SUVmax Liver Variation spine All Median 0.72 -0.21 

4 SUVmax Liver Variation spine All Mean 0.65 -0.28 

Fe
at

u
re

 #
3

 

Original 
feature 

SUVmean Spleen Baseline Chest All Min N/A 0.42 

1 SUVmean No Baseline Chest All Min 0.92 0.28 

2 SUVmax Spleen Baseline Chest All Min 0.91 0.31 

3 SUVmean Liver Baseline Chest All Min 0.90 0.33 

4 SUVmean Spleen Baseline Chest All Mean 0.83 0.40 

Fe
at

u
re

 #
4

 

Original 
feature 

SUVvar No Post-T head PL Sum N/A -0.40 

1 SUVvar No Post-T head All Sum 0.97 -0.39 

2 SUVvar No Post-T head PL Max 0.95 -0.36 

3 SUVmax No Post-T head PL Max 0.94 -0.40 

4 SUVvar No Post-T head All Max 0.93 -0.34 

 

Norm. = Normalization; A.L. = Anatomical Location; P.S. = Persistence Status; 𝑃̂ = Estimated Parameters; 
𝜌𝑠𝑒𝑙  = correlation with the selected feature; 𝜌𝑃𝐹𝑆= correlation with the observed PFS; WB = whole-body 

 

The correlation of the degraded features with the selected features, and that of the degraded features with the 

observed PFS (last two columns of Table 24) are shown in Figure 46. We can observe that each feature degrades 

at different rates and that the degraded features correlation with PFS does not degrade monotonically. 
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Figure 46 - Plots of the correlations to the selected feature and to the observed PFS as a function of the feature 

variation degree.  

Finally, the feature selection sensitivity analysis results are shown in Figure 47. The median concordance 

decreases as the feature variation degree increases from 0 to 16. However, the degradation was mild, of only 

0.081, from 0.826 at null feature variation degree to 0.745 at feature variation degree of 16. Additionally, there 

were C-Indices superior to 0.826, which is expected since the feature selection method did not optimize for 

model concordance but for feature correlation to 𝑃𝐹𝑆, another characteristic that prevents overfitting. 
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Figure 47 – Boxplots of the C-Indices as a function of the feature variation degree. The dashed horizontal red line 
marks the C-Index = 0.826, which is the concordance index of the selected features. 

4.3.4.4 Model Sensitivity to Image Analysis 

The results for the model sensitivity to image acquisition and analysis are summarized in Figure 48. The 

overall performance of the standard model was worsened by the removal of anatomical segmentation, lesion 

matching, lesion segmentation, and longitudinal imaging information (Figure 48). According to the reduction of 

the C-index, the most relevant aspect of image acquisition and analysis was the longitudinal information, 

without which a 16% reduction was observed in the C-index (from 0.826 to 0.691). The loss in concordance due 

to lack of longitudinal information was followed by lack of comprehensive lesion segmentation (-15%), lesion 

matching (-10%), and anatomical segmentation (-9%). 

4.3.4.5 Benchmarking 

To benchmark our results, we have conducted a literature review to identify all SRI features that were 

found to be significant in previous works. All considered SRI features and p-values from previous works are 

shown in Table 25. 
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Table 25 – All considered features for benchmarking. Significant p-values are underlined 

Features 
Lesions 

# 
Citation 

Feat. 
# 

Bonferroni 
α-value 

Cox OS Cox PFS 
Log-rank 

OS 
Log-rank 

PFS 

∆SUVTS 1 (Haug et al., 2010) 3 0.02    0.002 

SUVmax 1 (Campana et al., 2010) 1 0.05  0.001  0.001 

SUVmax 1 (Ambrosini et al., 2015) 1 0.05  0.003  0.002 

SUVmax 5 (Sharma et al., 2019) 8 0.006  0.03   

Entropy 5* (Werner et al., 2019) 10 0.005 0.045    

SUVmax all (Carlsen et al., 2020) 1 0.05  0.005   

SUVmax all (Carlsen et al., 2021) 3 0.02 0.049    

∆mean(SUVmax) 5 (Sharma et al., 2019) 8 0.007  0.024   

SUVmean all (E. Pauwels et al., 2020) 10 0.005 0.024    

SUVmean all (Ortega et al., 2021) 36 0.0014  0.0053   

SUVmean all (E. Pauwels et al., 2020) 10 0.005 0.024    

SUVvol all (E. Pauwels et al., 2020) 10 0.005 0.037    

SUVvol all (Carlsen et al., 2021) 3 0.02 0.0001 0.001   

SUVvol all (Durmo et al., 2022) 10 0.005 0.001    

min(SUV mean) all (Carlsen et al., 2021) 3 0.02 0.001 0.001 0.001  

mean(SUV max) 5 (Ortega et al., 2021) 36 0.0014  0.023   

mean(SUVTS) 5 (Ortega et al., 2021) 36 0.0014  0.028   

mean(SUVTL) 5 (Ortega et al., 2021) 36 0.0014  0.047   

Skewness all (Ortega et al., 2021) 36 0.0014  0.017   

Kurtosis all (Ortega et al., 2021) 36 0.0014  0.022   

∆SUVvol 5 (Urso et al., 2023) 18 0.003  0.011  0.006 

OS = Overall Survival; PFS = Progression-free survival; α-value = Significance Value 

 

We have used a Bonferroni corrected p-value, after which only some features were still considered 

significant. According to this significance analysis, the four features selected to be used as comparison to the 

model approach developed in this work are shown in Table 26. 
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Table 26 – Features selected for benchmarking. 

Features # Lesions Citation 

Δi𝑆𝑈𝑉𝑇/𝑆𝑟𝑒𝑙
 1 (Haug et al., 2010) 

max(𝑖𝑆𝑈𝑉𝑚𝑎𝑥) all 

(Campana et al., 2010) 

(Ambrosini et al., 2015) 

(Carlsen et al., 2020) 

𝑠𝑢𝑚(𝑖𝑆𝑈𝑉𝑣𝑜𝑙) all 

(Carlsen et al., 2021) 

(Durmo et al., 2022) 

(E. Pauwels et al., 2020) 

min(𝑖𝑆𝑈𝑉𝑚𝑒𝑎𝑛) all (Carlsen et al., 2021) 

 

The PFS prediction approach introduced in this work outperformed all four single feature approaches 

tested even in the worst-case scenario (no longitudinal information). (Figure 48) None of the single feature 

approaches resulted in statistically significant AUC or Hazard ratios, whereas the standard MLR model approach 

classification was significant. 



104 

 

 
Figure 48 –Benchmarking and sensitivity analyses results for univariate (A) C-Index, (B) AUC, and (C) Cox 

proportional hazards ratios. The black horizontal lines display the 95% confidence interval. The vertical blue line 
shows the value where the hazard ratio is equal to unity, and AUC and C-index are equal to 0.5, hence non-

significant. The blue shaded area refers to the benchmark analysis results, the gray shaded area to the model 
sensitivity to image analysis results, and the red shaded area shows the full MLR model results. 

Table 27 shows the main quantitative results and the p-values for the statistical tests. Since we have tested 

9 variables in this work, the Bonferroni corrected p-value is 0.006. This correction is conservative in that it 

neglects the correlation between the tested features. 
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Table 27 – Compiled results for the Cox proportional hazards ratio analysis, the receiver operating curve analysis, 
and the Kaplan-Meier analysis. Significant p-values are underlined. The blue shaded area refers to the 

benchmark analysis results and the gray shaded area to the model sensitivity to image analysis results. 

Feature HR (95% C.I.) 
p-value 
Cox 

AUC 
p-value 
AUC 

AUC 
cutoff 

p-value 
Log-Rank 

Cutoff 

Log-
Rank 

𝑠𝑢𝑚(𝑖𝑆𝑈𝑉𝑣𝑜𝑙) 3 (0.4, 19) .3 .55 (.36, .73) .8 240 .4 117 

min(𝑖𝑆𝑈𝑉𝑚𝑒𝑎𝑛) 1 (0.1, 10) .99 .63 (.40, .80) .2 2.0 .09 1 

Δi𝑆𝑈𝑉𝑇/𝑆𝑟𝑒𝑙
 2(0.5,8) .3 .63 (.44, .81) .3 0.04 .004 0.05 

max(𝑖𝑆𝑈𝑉𝑚𝑎𝑥) 0.3 (0.04,3) .3 .65 (.45, .83) .2 46 .009 37 

Longitudinal Information 4(0.07,200)×10-3 .006 .78 (.58, .91) .009 22 .0006 26 

Comprehensiveness 6(0.09, 400)×10-4 .0007 .79 (.60, .90) .002 24 .01 29 

Lesion Matching 1(0.04, 50)×10-3 .0003 .86 (.66, .96) .0001 22 .0001 22 

Anatomical Segmentation 2(0.03, 80)×10-4 .00001 .83 (.63, .93) .002 25 .0001 23 

Full MLR model 3(0.05, 200)×10-5 6×10-7 .88 (.72, .97) 4×10-5 26 1×10-5 23 

4.4 DISCUSSION 

In this work we have used a comprehensive, lesion-level, longitudinal image analysis approach to perform 

lesion- and patient-level treatment response prediction. On the lesion-level, we have shown that developing 

simple models based on SRI PET features leads to accurate prediction of long-term persisting lesions (accuracy of 

0.78 - Figure 38). We have also shown that the models are robust in relation to the PET feature used in the 

prediction (Figure 36), and that a model trained with one longitudinal feature pair performed as well as models 

that use multiple longitudinal feature pairs (Figure 35). In addition, our results show that the longitudinal 

information of early treatment response was vital for the prediction accuracy, with AUC falling from 0.82 to 0.70 

(post-therapy only) and to 0.62 (baseline only) when longitudinal information was disregarded (Figure 40). 

Additionally, RF model-based lesion classification into persistent (PL) and disappearing lesions (DL) was more 

accurate than using response categories based on single SRI features (Figure 41). Which indicates that the 

lesions showing an increase in uptake despite having received PRRT are not necessarily likely to be persistent. 

On the patient level, we have developed an MLR model predictive of the PFS of mNET patients receiving 

PRRT. Following a sensitivity analysis, four relevant features were selected (Figure 42, Table 23) in a compromise 

between the predictive performance and generalizability. The MLR model concordance index was 0.826 (Figure 
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43) and the AUC for classification of patients into poor and good responders was 0.88 with 0.85 specificity and 

0.81 sensitivity (Figure 44). The predicted PFS significantly stratified the patient population into poor and good 

responders on a Kaplan-Meier Analysis (Figure 45, 𝑝 ≪ .001) and the hazard ratio of 3 × 10−5 was also 

significant (Figure 45, 𝑝 ≪ .001). However, the residual standard deviation was high (12 months), showing that 

the model is accurate for patient stratification and classification but the precision for continuous prediction of 

PFS needs to be refined. The sensitivity analyses showed that our approach is robust to the selected features, 

with mild loss of concordance when correlated features were used to replace the selected features (Figure 47). 

Furthermore, the results worsening is mild (max decrease on 16%) due to variations in the image acquisition and 

analysis methods (Figure 48). While, the PFS prediction concordance and classification accuracy are impacted 

negatively by the removal of image analysis steps, it is not critical since they remain significant (Figure 48, Table 

27). However, utilizing every step of the image acquisition and analysis yielded the best set of results. Lastly, in a 

benchmark study, the MLR modeling approach was shown to outperform the most promising single feature 

predictors (Table 26) in terms of classification and survival prediction (Figure 48, Table 27). From a modeling 

perspective, the  𝑃𝐹𝑆̂ is a prediction of the true patient PFS. However, from a clinical point of view, this is a 

prognostic rather than predictive biomarker since its purpose is not to decide between using PRRT in lieu of an 

alternative treatment. It can be applied, as demonstrated, to stratify poor and good responders among NET 

patients that receive PRRT. 

The correlation plot of Figure 34 shows that many of the extracted SRI lesion-level features are strongly 

correlated. This agrees with two observations of this work: (1) that the lesion-level models are robust in relation 

to the longitudinal feature pair used in the prediction (Figure 36), and (2) that a lesion-level model trained with 

one longitudinal feature pair performs as well as models that use multiple longitudinal feature pairs (Figure 35). 

The strong feature correlation presents an explanation for why the addition of more features is unlikely to add 

relevant new information and thus leads to very similar results. On the lesion-level, we have elected iSUVmax to 

be the feature of the optimal model for its simplicity of interpretation. The feature that showed the weakest 



107 

 

correlation with iSUVmax is the iSUVtotal. It might be expected that the model trained with these two longitudinal 

feature pairs would outperform the single feature model. We have conducted an a posteriori evaluation of such 

a model and found that an RF model with 10 splits using these two features achieved AUC of 0.81 (0.77, 0.84). 

Therefore, the performance achievable by using the two least correlated features is still not significantly better 

than the single feature performance (AUC of 0.78) and requires a more complex and likely less generalizable 

model. 

In the patient-level prediction, a data-driven approach to selection of features was used, therefore there 

was no a priori hypothesis about what features would be predictors. However, each of the selected features has 

a clinical significance that justifies (a posteriori) their predictive power. F3 indicates that when the uptake at 

baseline of chest lesions is high, the PFS tends to be higher, which agrees with the well-established fact that a 

high uptake on baseline SRI indicates efficiency of the PRRT. Conversely, F1 indicates that elevated uptake at the 

post-therapy scan contributes to shorter PFS, also agreeing with the well-established clinical interpretation that 

an elevated post-therapy uptake is associated to disease progression. F2 indicates that when the variance in 

spine lesions increases, PFS tends to be shorter. This is in line with literature findings since higher genetic 

heterogeneity is correlated to more aggressive tumors (Lou et al., 2022) and the genetic characteristics of 

tumors can be captured by uptake heterogeneity on PET imaging (Basu et al., 2011). Furthermore, the negative 

impact of tumor heterogeneity into NET patients’ outcome has been previously observed (Graf et al., 2020). 

Finally, F4 suggests that the presence of post-therapy lesions in the head is an important factor that worsens PFS 

outcome, which is plausible given the vital importance of this anatomic location. Furthermore, the robustness 

analysis shows that varying F4 characteristics such as lesion measure or the patient level statistic has a small 

effect on the correlation with PFS (Table 24, Figure 46), which further indicates that the important aspect of this 

feature is its anatomical location. Of note, liver and abdomen weren’t included as anatomical locations of any 

selected feature or any of their correlated variations (Table 24). This indicates that, being in the most common 

site for metastases, the liver and the abdomen lesions are not the distinguishing factor for outcome prediction. 
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The chest region might have been selected for F3 because it is the anatomical location with the most elevated 

number of lesions after the abdominal region, thus carrying relevant discriminatory information about 

treatment response. About the anatomical location of F2, the spine is a sensitive organ in which metastases can 

greatly disrupt patients’ quality of life which might explain its selection. 

Despite the lack of a direct functional relationship of iSUVmax variation to lesion-level response (Figure 41), 

the RF model trained is also interpretable, as seen in the simple decision tree from Figure 39. The simplicity of 

the developed predictive model is encouraging. Lesions with a low iSUVmax (<1.3) on the post-therapy image are 

likely to disappear. This observation suggests that the PRRT effects on the tumors can continue even after the 

radioactive agent delivery period is over. Among the lesions with iSUVmax higher than 1.3 on the post-therapy 

image, the lesions with equally high iSUVmax on baseline are likely to persist, while the ones with a small uptake 

on baseline are likely to disappear. Of note, more complex models did not predict the lesion-level response with 

higher accuracy. 

There are important technical difficulties that explain and justify the lack of comprehensive, lesion-level, 

and longitudinal SRI features in the previously published patient-level treatment response prediction studies. 

First, the segmentation of all lesions in a 3D medical image is challenging and models capable of such have only 

recently been made possible due to advent of convolutional neural-networks (Carlsen et al., 2022; Isensee et al., 

2021; Wehrend et al., 2021). Furthermore, the use of lesion-level longitudinal information requires automated 

lesion-tracking since establishing manual correspondence between lesions is time consuming, prone to error 

and subjectivities (Santoro-Fernandes et al., 2021). Bridging these difficulties, together with the MLR modeling 

approach, are the main novelties of the present work. 

Campana et al. and Durmo et al. have evaluated patient stratification based on SRI features (Campana et 

al., 2010; Durmo et al., 2022). In a retrospective study that enrolled 47 patients, Campana et al. observed an 

AUC of 0.75 (0.61, 0.9) for 𝑚𝑎𝑥(𝑖𝑆𝑈𝑉𝑚𝑎𝑥), while we observed an AUC of 0.65 (0.45, 0.83). In a retrospective 

study that enrolled 46 patients, Durmo et al. observed an AUC of 0.77 (0.62, 0.88) for 𝑠𝑢𝑚(𝑖𝑆𝑈𝑉𝑣𝑜𝑙), while we 
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observed an AUC of 0.55 (0.36, 0.73). In both studies the AUC was significant, while we found both to be non-

significant when applied to this work’s patient population. This puts in question the reproducibility of the single 

feature results. Importantly, fewer patients were used in the present work, however the order of magnitude of 

the patient populations was the same. This comparison is also limited by differences in the theranostics agents 

used, Durmo et al. used 68Ga-DOTATOC as an imaging agent and the PRRT was delivered with 177Lu- and 90Y-

DOTATOC. While Campana et al. used the 68Ga-DOTANOC as an imaging agent and it is unclear what type of 

PRRT was used. It is possible that the features they identified are more suitable for the specific theranostics 

compounds used. However, the AUC obtained in this work using the 𝑃𝐹𝑆̂ was higher than the AUC obtained by 

Campana et al. and by Durmo et al, which begs the question if the modeling approach could be of value for 

other theranostics compounds. 

In a recent publication, Laudicella et al. have evaluated the predictive power of two-dimensional SRI 

features to classify lesions into progressive vs non-progressive disease (Laudicella et al., 2022). In their 

definition, a progressive lesion had an increase of 25% in iSUVmax or in area. They investigated logistic regression 

models to combine SRI features and predicted the NET lesion-level response to PRRT. However, the 

performance of the proposed models was inferior to that of baseline iSUVskew, which they identified as the best 

predictor with AUC of 0.74 for a cutoff of 2.45. Using our data, iSUVskew was not a good direct predictor of 

progressive vs. non-progressive lesion on long-term image, achieving an AUC of 0.57 (0.51, 0.62). Additionally, 

using iSUVskew as a direct predictor led to an accuracy of 0.45, specificity of 0.52, and sensitivity of 0.64. 

Furthermore, iSUVskew led to the smallest AUC result for a single feature RF model in our work (Figure 36). 

Therefore, our results suggest that the reproducibility of the predictive power observed by Laudicella et al. is 

limited, which might be explained by the large number of variables tested in their work for predictability of 

lesion-level response (65 variables). 

Model robustness, reproducibility, and interpretability are fundamental aspects in the investigation of 

predictive biomarkers and of this work. During the feature extraction and the training of the models, we have 
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used methods that prevent overfitting and therefore promoted the robustness and reproducibility of the results, 

on the lesion-level model we have used 5-fold cross validation, an ensemble of 30 decision trees, and limiting 

the number of splits in each tree. On the patient-level models we have used 5-fold cross validation for feature 

selection and leave-one-out cross validation for the model fitting. We were also attentive to the number of 

features we tested to predict the outcomes and we corrected our significance value according to the number of 

tested features, which further corroborates to the reproducibility of our results. Despite these efforts, the 

predictive power of the features and models presented here must be evaluated on an independent patient 

population to be confirmed before any prospective clinical trial is suggested. 

Some limitations arise from the retrospective nature of the present work. For one, the patients have 

confounding treatments and have not been monitored on a regular interval, which means that the observed PFS 

values are likely overestimated. Also, PFS was used instead of overall survival (OS) due to the difficulty of 

establishing OS in NET patients and because PFS is the most appropriate surrogate end point for NET patients 

(Strosberg et al., 2023). Furthermore, different scans and acquisition protocols were used, which introduces 

uncertainties to the measure SRI features. On top of that, the automated image analysis steps employed are 

also subject to uncertainties, namely the lesion segmentation, anatomical segmentation, and the lesion 

matching. The accuracies of the image analysis methods have been studied and reported elsewhere, lesion 

matching accuracy was studied in chapter 2, and lesion segmentation accuracies were reported by other authors 

(Schott et al., 2023; A. Weisman et al., 2022). Despite the existence of inaccuracies in each image analysis step, 

our results show that high prediction and classification performances can be obtained by utilizing the image 

information generated. This is indicative of the methodology robustness to acquisition protocols and to 

inaccuracies in the image analysis steps. 

In this work we have assumed that a decrease in SRI uptake and the eventual disappearance of lesion 

conspicuity in this type of imaging modality is indicative of a favorable response to treatment. This assumption 

must be made carefully since the reduction in SRI uptake can mean a dedifferentiation of the tumor, which 
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would indicate an increase in cancer aggressiveness (Sundin & Rockall, 2012). The assumption that a decrease in 

SRI uptake is indicative of favorable response can be confirmed using anatomical imaging (e.g., contrast 

enhanced CT and MR) to investigate the same lesions. A conspicuous indication of cancerous tissue on an 

anatomical image, associated with a decrease in SRI uptake, consists of a strong suggestion of dedifferentiation 

and consequent increase in aggressiveness. Associating the anatomical and the functional response on a lesion-

level is beyond the scope of the work presented herein and needs to be further investigated. 

Another limitation was the variation present in the patient population regarding the number of PRRT cycles 

received per patient. Ten of the 36 patients received fewer than 4 cycles due to adverse events, death, or 

patient election to stop treatment. Evaluating the impact of the number of cycles in the patient outcome was 

beyond the scope of this work. However, this information is encoded in the longitudinal evaluation of SRI 

features, thus it is expected that the limitation in number of cycles will be reflected in the uptake information 

contained in the images. Therefore, it is reasonable to hypothesize that the developed model should not be less 

accurate for patients that received fewer PRRT cycles. Indeed, no statistically significant difference was observed 

in the model residuals between patients that received four vs. that received fewer than four PRRT cycles (𝑝 =

0.49, Wilcoxon rank sum test). 

The dose-response correlations were indirectly used in this work to guide the prediction of patient-level 

response to treatment (PFS). The use of longitudinal feature variation from before and post-therapy images is 

likely to correlate to dosimetry estimated. Dose-response correlations for PRRT of NET patients have been 

observed, however, with widely variable responses for similar doses (Ilan et al., 2015; Jahn et al., 2020; S. 

Pauwels et al., 2005; Sgouros et al., 2021). At the same time, the correlation between the SRI uptake and 

delivered dose has also been observed, however limited (Bruvoll et al., 2023; Sainz-Esteban et al., 2012). 

Therefore, it is uncertain if using the estimated doses is likely to lead to more accurate outcome predictions than 

those obtained by longitudinal SRI features. Additionally, dosimetry is less feasible than the approach herein 

presented since dosimetry estimates require measurement of time-activity curves via time-series acquisitions 
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during the PRRT delivery, a process that is time-consuming, expensive, and can be uncomfortable to the patient 

due to prolonged clinical admission. Therefore, using the SRI as the source for extraction of response features is 

a more readily available and feasible approach to treatment response prediction than using the delivered dose 

estimate. 

In this work we have explored SRI features only, features originating from other sources can be combined 

to SRI features and contribute to the value of prediction. For example, Pauwels et al. have explored the 

combination of the inflammation-based index (IBI) with SUVmean for its predictive power of PFS in PRRT of NET 

patients. Other non-imaging parameters have been shown to be extremely promising, notably the NETest, based 

on circulating tumor mRNA  (Bodei et al., 2020). The MLR framework introduced in this work lends itself easily to 

the combination of predictive features originating from different sources. Furthermore, an alternative approach 

to the feature engineering used in this work would be to train regression models directly using the lesion graphs 

(section 3.2, Figure 20). Lesion graphs are a direct output of the image analysis used in this work and represent 

the entire information of disease course on a patient-level. 

4.5 CONCLUSION 

This is the first work to evaluate comprehensive, lesion-level, longitudinal SRI features three dimensionally, 

for all identifiable lesions of metastatic NET patients and to use these features to predict the lesion-level and 

patient-level response to PRRT. We have shown that by using simple models, the long-term persistence of 

lesions can be predicted with high accuracy. In the patient-level, our results show that comprehensive, lesion-

level, longitudinal SRI analysis combined with multivariate statistical modeling leads to improved predictions of 

PRRT outcome in NET patients, significantly better than single-variate predictions. The suggested approach is 

promising, accurate, and robust. The lesion- and patient-level prediction capabilities can have important clinical 

implications in the decision making regarding systemic therapies and their combination with loco-regional 

treatments. However, we do not offer a final model for the prediction of lesion persistence or PFS in NET 
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patients receiving PRRT. To arrive at final models, a broader retrospective patient population must be analyzed, 

and a validation on untrained data must be performed, which will require multi-institutional collaborations. 

Finally, the clinical validation of such models will require prospective clinical trials. 
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5 GENERAL DISCUSSION 

5.1 SUMMARY 

The image-based treatment response assessment of metastatic cancer is currently limited to either a 

qualitative evaluation of the images or by a non-comprehensive quantification of lesion response. The 

overarching hypothesis of this work was that comprehensive, lesion-level, and longitudinal imaging biomarkers 

will lead to improved treatment response prediction because of capturing disease response heterogeneity. 

Therefore, the main goal of the presented thesis was to develop an automated, comprehensive, lesion-level, 

longitudinal evaluation of metastatic cancer to enable enhanced treatment response assessment, and to 

evaluate the improvement in treatment response prediction both at the patient- and at the lesion-level. 

Image-based treatment response prediction, both on the patient- and the lesion-level, is normally 

performed with limited information due to a lack of methods for automated image analysis. In the work 

presented in this dissertation, we investigate the development and implementation of an automated method 

for longitudinal lesion tracking that extracts comprehensive, lesion-level, longitudinal information from medical 

images (chapters 2 and 3). This methodology was based on medical image registration and morphological 

operations to establish longitudinal correspondence of lesions identified at various time-points. Care was taken 

to assure a satisfactory performance in the setting of metastatic cancer longitudinal assessment. First, various 

cancer types were used to benchmark our methodology, mainly metastatic melanoma and neuroendocrine 

tumor, but also upper tract urothelial, rectal, breast, lung (non-small cell), prostate, colon, ovarian, appendiceal, 

adenoid, and head&neck (squamous cell). Second, lesion clustering was included to account for merging and 

splitting of lesions because of disease response to treatment. Third, the method accounted for multiple imaging 

modalities to allow for the utilization of medical images commonly acquired during routine patient care. We 

have established that deformable registration approaches lead to better lesion matching performance than rigid 
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approaches (chapter 2) and that an automated dilation strategy outperforms fixed dilations (chapter 3). The 

overall accuracy of lesion matching and tracking was always above 90%, and all sensitivity analyses evidenced 

the robustness of the method in various aspects. In one sensitivity analysis, we have shown that the lesion 

matching accuracy remained high for patients with high disease burden. In another one, we have shown that the 

accuracy remains constantly high across different anatomical location. 

We then investigated the use of this information in treatment response prediction both on the lesion- and 

the patient-level (chapter 4). Comprehensive, lesion-level, and longitudinal image features, automatically 

obtained by the methodology described in chapters 2 and 3, were used to predict treatment response in mNET 

patients. A data-driven approach was used to extract SRI features from the PET/CT and PET/MR images of mNET 

patients. Features were engineered and selected, and lesion- and patient-level predictive models were built 

using the selected features. 

Each aspect of the lesion matching methodology employed to obtain the SRI features was investigated 

regarding its importance in providing the model with predictive power. These included longitudinal image 

acquisition, individual lesion matching, anatomic lesion labeling, and complete lesion segmentation. Every step 

of information acquisition was shown to contribute to the final predictions performed by the model. 

Importantly, we have shown that the model’s predictive power is robust in relation to the feature selection 

process, meaning that the information acquisition aspect of the work is crucial, and there can be variation as to 

what feature is selected, still maintaining the model predictive capability. This robustness is essential for clinical 

translation of the prediction models. The lesion-level predictions a long-term SRI time-point was used as the 

reference for lesion-level outcome and SRI features from the baseline and post-therapy time-points were used 

to fit simple random forest (RF) machine learning models. The resulting final RF model was relatively simple, 

interpretable (with a maximum of 4 splits per tree), and able to accurately predict the long-term persistence of a 

lesion (accuracy of 0.78). On the patient-level response prediction, a multivariate linear regression model was 

fitted, and its predictive power was benchmarked against single imaging feature prediction, an approach 
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previously investigated by other authors. The superiority of the proposed method was established (0.88 vs. 0.65 

AUC for patient stratification), encouraging the further refinement of the models generated via this approach. 

Our work presents several methodological innovations. Innovations for lesion matching include: the first 

use of deformable registration for lesion matching purposes; the first work using geometrical considerations, 

beyond lesion overlap, for integration of lesion merging and splitting to the lesion matching analysis; and the 

first work utilizing non-greedy optimization to enhance lesion matching assignment on whole-body images. Our 

technique is also innovative in the use of lesion-tracking across multiple time-points and across images of 

different modalities. Furthermore, this is the first use of comprehensive, longitudinal, and lesion-level metrics to 

derive predictive biomarkers of response in mNET patients receiving a targeted radionuclide therapy agent, and 

use them to predict treatment response in NETs by evaluating all of the lesions identified in a patient (Chapter 

4). This is also the first use of three-dimensional molecular imaging information to predict long-term lesions 

persistence in widely spread mNET patients undergoing targeted radionuclide therapy (Chapter 4). 

The methodology developed in this dissertation lays the foundation for a completely novel treatment 

response assessment framework. The work herein developed takes the treatment response assessment from a 

qualitative and subjective level to a quantitative and objective level. Importantly, the quantitative and objective 

information added by this methodology does not prevent qualitative input from experts. Instead, it serves as 

additional information upon which the experts can enhance their judgements of each patient case. It also takes 

the response assessment from a partial and incomplete level to a comprehensive level of analysis, which is the 

only way to fully characterize the heterogeneity in treatment response of metastatic solid cancers. 

The key aspects of this methodology are that it is automated and that it is robust. First, the methodology 

has the potential to revolutionize the clinical treatment response assessment of metastatic cancer because of 

precluding extensive human intervention, which makes it suitable for addition to the clinical routine, most likely 

without burdening the clinical staff. However, the use of such information in clinical routine is evidently 

contingent on demonstration of clinical benefit. More importantly, we have shown that the methodology is 
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robust (chapters 2 and 3). In other words, the automated assessment fails rarely, and when it does, it fails non-

catastrophically. This is a vital aspect for any automation tool that intends to be clinically translated. We have 

further shown that the non-perfect automated response assessment still leads to highly accurate predictions of 

patient- and lesion-level response to treatment (chapter 4). Predictions obtained with the introduced 

methodology outperformed predictions made with other non-comprehensive, or non-lesion-level, 

methodologies. Therefore, the research explored in this dissertation increases the extent to which medical 

images can serve the treatment response assessment and advances the patient and lesion-level response 

prediction framework to include comprehensive, lesion-level, and longitudinal information. However, the de 

facto use of such information for clinical purposes is evidently contingent on patient clinical benefit 

demonstration on prospective clinical trials. 

5.2 FUTURE WORK: TECHNOLOGY DEVELOPMENT 

5.2.1 Further The Lesion Tracking Development 

Some methodological capabilities were not developed and could be explored in the future to enhance the 

usability of the developed image analysis tools. One such capability is the lesion tracking of images with 

intersecting but unequal field-of-views (FOV), which can be explored by adding an FOV localizer step before the 

initial rigid-registration. Another capability is tackling the issue of different arms positioning. This was not an 

impediment to the work presented herein because lesions in the arm region were not prevalent, as discussed in 

chapter 3. However, it did require the visual investigation of each case, which could be a hindrance for clinical 

translation. Strategies that identify arm positioning and perform separate registration approaches for the core 

and the arms volumes could be pursued to solve this issue. Finally, an important development to facilitate the 

clinical translation of the method is establishing the degree of certainty of the lesion matches and of the lesion 

tracks. This would serve to guide manual lesion track corrections, which could improve the degree of trust that 

healthcare professionals put on the tool for the detailed treatment response assessment and could speed up 
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manual intervention to the automated procedure. The manual correction of lesion tracks flagged as uncertain 

would also provide a solution for the observed trend of lower performance for long tracks, as shown in Figure 27 

and discussed for the lesion tracks presented in Figure 28. 

5.2.2 Lesion Graphs as Direct Predictors of Patient Outcome 

To advance the use of longitudinal and lesion-level information in treatment response prediction, the 

utilization of lesion graphs as direct inputs for predictive models of patient outcomes such as OS and PFS should 

be explored. Lesion graphs have been proposed recently (Yan et al., 2018) and are in early stages of 

development (Kuckertz et al., 2022). The idea ties naturally with the lesion tracking concept. In a lesion graph, 

each layer represents a scan time-point, each node represents a lesion, and each edge represents a match. A 

schematic illustration of the concept is shown in Figure 49. Methodologies for using graphs as input for data-

driven classification and prediction models have recently been developed (Cangea et al., 2018; Duvenaud et al., 

2015; Hanik et al., 2022). The rationale for their use is that a lesion graph intrinsically encodes a great level of 

information relevant when evaluating a patient response: number of lesions per time-point, lesion response 

categories (responding, stable, progressing, new, disappearing), intensity of SUV uptake of each of the lesions in 

each time-point, and the complete dynamic of the longitudinal uptake progression. Furthermore, additional 

quantitative and qualitative information from the anatomic images can be included when available, e.g., 

anatomical location label, attenuation properties from the CT, or diffusion coefficient from diffusion weighted 

MR.  
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Figure 49 – schematic representation of a lesion graph. 

This work’s exploration of the lesion-tracking method was limited to a maximum of three time-points. The 

real power of the method shows when more time-points are evaluated. For example, in the Sankey plot of 

Figure 50. The Sankey plot shows the lesion response category evolution over-time and was made possible by 

the method introduced in chapters 2 and 3. The response categories indicated in the Sankey plot were, partial 

responder lesion (PRL), stable lesion (SL), and progressing lesion (PL). These categories were determined based 

on the change in SUVtotal from one scan to the next. A 30% change threshold was used like the description of 

section 4.2.2.6. The new lesions (NL) that appear through time are also shown in the Sankey plot, as well as the 

lesions that completely respond and therefore disappear (CRL). CRL, PRL, and SL were grouped as favorable 

responders and PL and NL as unfavorable. This type of treatment response visualization encompasses a greater 

amount of information than was previously possible without the lesion tracking method. It also further 

evidences the prominence of lesion-level response heterogeneity in mNET patients. It has great potential to 

influence clinical decision making about patient treatment management. These impacts need to be further 

evaluated with clinical trials and by building software that enables their clinical utilization by clinicians. 
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Figure 50 – Sankey plots of two example mNET patients imaged five and four times with PET/CT 68Ga-DOTATATE 
over the course of PRRT. CRL = complete responder lesion, PRL = partial responder lesion, SL = stable lesion, PL = 

progressing lesion, NL = new lesion. 

 

5.2.3 Increasing the Models’ Robustness 

It is important to further the robustness study of the lesion-level and the patient-level treatment response 

prediction models developed in this work (chapter 4). To this end, its application in different mNET patient 

populations acquired at different institutions should be investigated. One way to pursue this goal is to establish 

international, multi-institutional collaborations to expand the models’ applications to existing mNET patient 

populations (Figure 51, (Brady & Enderling, 2019)). 

 
Figure 51 – Path towards the clinical translation of cancer models, adapted from Brady & Enderling (Brady & 

Enderling, 2019) 

Table 28 shows results from a literature survey in which we assessed studies with goals and mNET patient-

populations similar to the one presented in chapter 4. The patient-level MLR model herein developed could be 

further validated on these patient populations. In the survey, 264 patients were identified whose data could be 
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used to validate the predictive models. The possible methos validation on such a number of patients would 

greatly increase the level of confidence of the proposed models and, more importantly, it would allow 

independent cross-institutional validation of the models on untrained data, a crucial step that must precede the 

clinical model translation Figure 51. Because of its retrospective nature, these patient populations would have 

significant differences, the most significant ones being: institution specific scanners and acquisition protocols, 

image acquisition timings and agents, and the used PRRT agent. Strategies could be explored to factor these 

differences into the models or to evaluate the model robustness to these variations. As future steps of the 

development and validation of models predictive of patient benefit, we plan to take advantage of the Network 

for Imaging eXcellence (NIX) environment to establish research collaborations with these identified authors and 

institutions. NIX is a global initiative that emerged from Wisconsin Oncology Network of Imaging eXcellence 

(WONIX), to foster collaboration and data sharing amongst researchers that pursue the investigation and 

dissemination of quantitative imaging methodologies. 
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Table 28 – mNET patient populations included in studies similar to this dissertation’s 

Citation Baseline Interim post-T Imaging Agent PRRT Agent 

(Gabriel et al., 2009) 46 46  68Ga-(TOC) 90Y-(TOC) or 177Lu-(TATE) 

(Haug et al., 2010) 33 33  68Ga-(TATE) 90Y-(TATE), 177Lu-(TATE) 

(Campana et al., 2010) 47   68Ga-(NOC) Unclear 

(Öksüz et al., 2014) 40  40 68Ga-(TOC) 90Y-(TOC) 

(Ambrosini et al., 2015) 43   68Ga-(NOC) Unclear 

(Kratochwil et al., 2015) 30   68Ga-(TOC) 90Y-(TATE), 177Lu-(TATE) 

(Werner et al., 2017) 141   68Ga-(TATE), 68Ga-(TOC) 177Lu-(TATE), 177Lu-(TOC) 

(Werner et al., 2019) 31*   68Ga-(TATE), 68Ga-(TOC) 177Lu-(TATE) 

(Sharma et al., 2019) 55  55 68Ga-(TATE) 177Lu-(TATE) 

(Graf et al., 2020) 65   68Ga-(TATE), 68Ga-(TOC) 177Lu-(TATE), 177Lu-(TOC) 

(E. Pauwels et al., 2020) 43  43 68Ga-(TOC) 90Y- (TOC) 

(Ohlendorf et al., 2020) 32 18  68Ga-(TATE) 177Lu-(TATE) 

(Carlsen et al., 2020) 128   64Cu-(TATE) Unclear 

(Carlsen et al., 2021) 116*   64Cu-(TATE) Unclear 

(Ortega et al., 2021) 91 36  68Ga-(TATE) 177Lu-(TATE) 

(Zwirtz et al., 2022) 34   68Ga-(TATE), 68Ga-(TOC) 177Lu-(TATE), 177Lu-(TOC) 

(Opalińska et al., 2022) 20  12 68Ga-(TATE) 177Lu-(TATE), 90Y-(TATE) 

(Durmo et al., 2022) 46 46  68Ga-(TOC) 90Y-(TOC), 177Lu-(TOC) 

(Urso et al., 2023) 39  39 68Ga-(TOC) 90Y-(TOC), 177Lu-(TOC) 

(Laudicella et al., 2022) 38  
 38 68Ga-(TOC) 177Lu-(TATOC) 

U.W.C.C.C. 109  31 68Ga-(TATE) 177Lu-(TATE) 

R.P.C.C.C. 30  5 68Ga-(TATE) 177Lu-(TATE) 

 1110 179 264   

*Same patients used in a previous study by same authors, not included in the total. U.W.C.C.C. = university of Wisconsin 
Carbone Cancer Center; R.P.C.C.C. = Roswell Park Comprehensive Cancer Center 

5.3 FUTURE WORK: POSSIBLE CLINICAL APPLICATIONS 

5.3.1 Lesion-Level Prediction to Guide Loco-regional Treatment 

The prediction of persistent lesions (chapter 4) has the potential to guide the delivery of subtotal 

locoregional therapy, possibly benefiting mNET patients. However, the extent of this possible benefit is 

unknown and needs to be investigated. The developed predictive model can be used to simulate the impact of 

selective subtotal locoregional therapy on reduction in liver tumor burden of mNET patients. 

We have conducted an exploratory preliminary investigation of the potential benefit of introducing 

selective subtotal locoregional therapy to the PRRT systemic treatment framework for mNET patients. In this 
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exploratory study we simulated the ablation of persistent lesions and calculated the relative burden reduction 

on the long-term time-point it would cause. The simulated ablation of a given lesion consisted in assuming 100% 

reduction of the uptake (disappearance) of that lesion on the long-term image. The relative burden reduction 

was defined as the percent decrease of the total disease burden for a patient.  

Preliminary results indicate that the use of the RF lesion persistence prediction leads to superior simulated 

burden reduction (Figure 52). The burden reduction for the RF model lesion selection was significantly higher 

than for all other single feature selections (all 𝑝 < .002). These preliminary results encourage further 

investigation of lesion ablation simulation, which could possibly be used as a clinical decision support tool. 

 
Figure 52 – Simulation of the burden reduction caused by the selective ablation of the lesions according to single 

feature selection or to random forest (RF) model selection. 
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Several improvements are necessary before the simulations of locoregional treatment can be considered 

for clinical support. Among them are: introducing evaluations of lesion-level feasibility of ablation, the ablation 

cost-benefit analysis, and tumor control probability evaluation. For the clinical feasibility study, interventional 

radiologists should be involved in the lesion selection process. One possible way of achieving that is that the 

radiologist would receive a visual ranking report indicative of the lesions that were selected as persistent. They 

would then decide which lesions can be ablated from a clinical perspective, considering factors dependent on 

intervention modality. For example, for stereotactic body radiation therapy (SBRT) these factors would be the 

number of fields, viability of treatment planning, and preservation of organs at risk. In the future, to assess the 

cost-benefit of lesion ablation, the estimated probability of lesion prevalence on long-term SRI derived from the 

quantitative image features (benefit – chapter 4) should be assessed against the feasibility and risk score 

provided by the physician (risk). To that end, a similar methodology to the one devised previously in our group 

for molecular imaging guided lesion biopsy could be explored (Harmon et al., 2016). Another aspect to consider 

is the expectation for lesion debulking and burden reduction. The hypothesis of 100% tumor burden reduction is 

simplistic. A probabilistic tumor control approach should be used in the simulations enrich the benefit models. 

For example, in liver metastases, the local control after SBRT ranges from 90% at 1 year to 76% after 3 years 

(Ohri et al., 2021). Incorporating this data into the models and simulations developed in this dissertation will 

make for a more accurate portrait of the reality of clinical intervention. Another factor to consider in the 

number of lesions considered for ablation. It is clear that ablating an elevated number of lesions leads to higher 

levels of morbidity (Elias et al., 2009). The final number of feasible lesions for ablation will likely depend on the 

intervention method chosen and must consider physician judgement, that can be supported by the review of 

the quantitative automated imaging reports. 

5.3.2 Lesion-Level can Influence the Patient-Level Predictions  

In chapter 4 of this dissertation, we used the comprehensive, lesion-level, longitudinal features to predict 

patient outcome in the form of PFS and the long-term lesion response of each individual lesion. It is reasonable 



125 

 

to hypothesize that the gain of information provided by the lesion-level response models could be factored into 

the patient-level models for an improved predictive performance. For example, lesion-level assessment allows 

for the investigation of relative importance for clinical outcome of metastases in different organs. Also, the 

lesion-level prediction of an elevated number of persisting lesions could be a driver for shorter prediction of PFS 

on the patient-level. Furthermore, the likely consequence of adding locoregional therapies could be estimated 

via the lesion-level models and then transposed to overall patient-level benefit. This approach to treatment 

benefit modeling would help patients and physicians to make better informed decisions regarding cancer 

treatment, weighing risks against the expected benefits. For the estimated impact in patient benefit to be 

accurate, it is necessary to improve and validate the models by increasing their specificity (for each possible 

locoregional therapy) and by conducting prospective interventional trials. 

5.3.3 Applications Beyond mNET 

The developed and validated approach to image analysis, feature engineering, and feature selection is not 

restricted in application to mNET patients. It can be applied to patients with other cancer types and receiving 

different systemic treatments. For each case, the application of the extracted features will depend on specific 

factors such as treatment adaptation possibilities, treatment, and image acquisition. Consequently, the 

investigation of each cancer type must be specific. The methodology can be used mostly for solid and metastatic 

cancers. For non-solid cancers, such as leukemias, the methodology would not be beneficial since spatial 

heterogeneity in response cannot be defined. Furthermore, for solid cancers that are commonly non-metastatic, 

such as glioblastomas, the methodology would be of limited benefit since its main usefulness is tied to the 

metastatic nature of the disease. 

One example of a cancer type, beyond mNET, for which this methodology would be useful is metastatic 

melanoma. In fact, the methodology’s development was initiated using a metastatic melanoma patient 

population (Chapter 2).  Metastatic melanoma is the most lethal form of cutaneous neoplasm and its incidence 

continues to rise; there were more than 300,000 cases worldwide of MM in 2020 representing almost 2% of all 
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cancers (Switzer et al., 2022). It originates in the epithelial tissue, but the metastatic lesions can spread out 

through the entire patient anatomy, they are most commonly found in soft tissues but can also occur in bones. 

Chemotherapy with Dacarbazine was the standard of care in 2012 and had a response rate of 20% (Sun & 

Schuchter, 2001). That changed with the advent of immunotherapies which have a response rate of over 50% 

(Michielin et al., 2020). Immunotherapies of advanced metastatic melanoma patients have been introduced 

relatively recently (Bhatia et al., 2009) and the state-of-the-art immunotherapy for metastatic melanoma is ipi-

nivo, the combination of an anti-PD1 (nivolumab) and an anti-CTLA-4 (ipilimumab) agent (Owonikoko et al., 

2019). The treatment is administered regularly throughout periods that can go from a few months to a few 

years. Before, during, and after treatment, these patients are normally imaged with whole-body 18F-FDG PET/CT. 

However, the patient-level variation in response to immunotherapies is well-known but poorly understood 

(Saenger & Wolchok, 2008), prompting a need for improved response assessment technologies (Ralli et al., 

2020). A recent doctoral dissertation has shown that the comprehensive, lesion-level, longitudinal functional 

medical image features can be used to predict treatment outcome and toxicities in this setting (Huff, 2022). In 

his doctoral work, Dr. Huff extracted the imaging features manually, a tedious and error-prone task that the 

approach introduced in this work can expedite. 

Another example of a solid cancer whose study would highly benefit from the methodology developed in 

this dissertation is metastatic castrate resistant prostate cancer (mCRPC). Recently, response heterogeneity for 

metastatic prostate cancer has been observed to be correlated with patient response (Kyriakopoulos et al., 

2020).  In their work, Kyriakopoulos used a tracer (18F-NaF) and a lesion matching tool that are limited to bone 

anatomy (Yip et al., 2014). In its most advanced stages, prostate cancer is likely to extensively metastasize to 

bone tissue, but soft tissue lesions are also present.  Recently, the development of a targeted molecule using the 

prostate specific membrane antigen (PSMA) introduced a tracer that targets lesions both in bone and in soft 

tissue. Furthermore, it enabled advanced metastatic prostate cancer to be treated with the theranostics 

approach via the combination of 68Ga-PSMA for imaging and 177Lu-PSMA (approved in the U.S. by the FDA in 
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March of 2022) or 225Ac-PSMA (still not approved) for therapeutic targeted irradiation of the cancer cells 

(Hofman et al., 2018). This promising approach is similar to the one used with somatostatin receptors for mNET 

(PRRT) and therefore could equally benefit from comprehensive, lesion-level treatment response assessment. 

Methodologies for comprehensive identification and contouring of lesions already exist (Seifert et al., 2020) and 

the value of medical imaging in predicting treatment outcome has already been observed (Seifert et al., 2021). A 

comprehensive lesion-level analysis of the imaging information is a natural next step in the investigation of 

mCRPC and, as shown in this work, has the potential to increase the treatment predictability. Importantly, 

targeting resistant lesions with selective ablation is a research aim in a recently awarded grant from the 

specialized program of research excellence (SPORE) of the National Cancer Institute (NCI) and adaptations of the 

methods developed in this dissertation will be employed in this investigation. 

In summary, the main disease characteristics that make the herein described methodology applicable and 

useful for disease response assessment are, (1) solid metastatic cancer with (2) poorly understood and 

heterogenous patient-level response to treatment, (3) also presenting lesion-level response heterogeneity, and 

(4) with various treatment options and possible treatment modification and adaptations. We do not mean to 

suggest that the adaptation of the analysis described herein would be straightforward, but that it is possible and 

desirable. The extension of the comprehensive, lesion-level, longitudinal image response assessment 

methodology to other cancers for which it is applicable would require detailed investigation of the usefulness of 

the methodology. Therefore, this dissertation work consists of the beginning of the investigations and 

developments into the novel, quantitative, and comprehensive manners of treatment response assessment and 

consequently of better-informed patient management. 
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6 CONCLUSION 

The main contribution of this work was to establish a framework that allows for a more complete utilization 

of the information that is inherently present in medical images but currently under-utilized. This impacts cancer 

patients in multiple ways. For one, improving the predictive power of treatment response can enable 

oncologists to switch treatments early on if a satisfactory response is deemed unlikely, contributing to more 

personalized treatments. For another, fully accounting for lesion-level heterogeneity in response to systemic 

treatments enables better informed patient management. For example, identifying lesions that are candidates 

for selective ablation can provide the oncologist with tools to address non-responding lesions while maintaining 

the patient on a systemic treatment that is causing most lesions to be stable or respond. Lastly, offering more 

practical surrogate endpoints for clinical trials by monitoring each lesion individually can provide faster 

radiological endpoints to be used in clinical trials of novel drugs and vaccines, increasing efficiency, and reducing 

costs in the advancement of oncologic therapies. Furthermore, the developed methodology has great 

translational potential, and patient-specific decisions could be made possible upon this translation. 

We aimed to investigate if an approach to extract comprehensive, lesion-level, longitudinal features was 

feasible and if it would improve the treatment response prediction. We have shown the feasibility of the 

information extraction by developing and validating a methodology that performs it, and we have shown the 

usefulness of the information generated by showing its ability to improve the prediction of patient and lesion-

level outcome in cancer treatment in a metastatic setting. It has been suggested multiple times in the literature 

referenced in this dissertation that the comprehensive, lesion-level, longitudinal approach is the future of 

metastatic cancer treatment response assessment. Here, we have established the foundations to make it a 

clinical reality. By enabling the investigation of metastatic cancer on a comprehensive, lesion-level, and 

longitudinal manner, we are meaningfully contributing towards prolonged and higher-quality life of metastatic 

cancer patients. 
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