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Abstract

:

Featured Application


Based on results defined in this study, new investigations might propose morpho-functional-based radiomics algorithms for risk stratification with possible impact on treatment management in colorectal cancer.




Abstract


The aim of this study was to investigate the application of [18F]FDG PET/CT images-based textural features analysis to propose radiomics models able to early predict disease progression (PD) and survival outcome in metastatic colorectal cancer (MCC) patients after first adjuvant therapy. For this purpose, 52 MCC patients who underwent [18F]FDGPET/CT during the disease restaging process after the first adjuvant therapy were analyzed. Follow-up data were recorded for a minimum of 12 months after PET/CT. Radiomics features from each avid lesion in PET and low-dose CT images were extracted. A hybrid descriptive-inferential method and the discriminant analysis (DA) were used for feature selection and for predictive model implementation, respectively. The performance of the features in predicting PD was performed for per-lesion analysis, per-patient analysis, and liver lesions analysis. All lesions were again considered to assess the diagnostic performance of the features in discriminating liver lesions. In predicting PD in the whole group of patients, on PET features radiomics analysis, among per-lesion analysis, only the GLZLM_GLNU feature was selected, while three features were selected from PET/CT images data set. The same features resulted more accurately by associating CT features with PET features (AUROC 65.22%). In per-patient analysis, three features for stand-alone PET images and one feature (i.e., HUKurtosis) for the PET/CT data set were selected. Focusing on liver metastasis, in per-lesion analysis, the same analysis recognized one PET feature (GLZLM_GLNU) from PET images and three features from PET/CT data set. Similarly, in liver lesions per-patient analysis, we found three PET features and a PET/CT feature (HUKurtosis). In discrimination of liver metastasis from the rest of the other lesions, optimal results of stand-alone PET imaging were found for one feature (SUVbwmin; AUROC 88.91%) and two features for merged PET/CT features analysis (AUROC 95.33%). In conclusion, our machine learning model on restaging [18F]FDGPET/CT was demonstrated to be feasible and potentially useful in the predictive evaluation of disease progression in MCC.
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1. Introduction


Colorectal cancer (CRC) is the third most common cancer and the second leading cause of death worldwide. Almost 20% of such patients will develop metastatic disease, about one-third of patients already present with liver metastases at the time of diagnosis [1,2]. Alongside traditional imaging (e.g., ultrasonography, CT, MRI), [18F]FDG PET/CT is routinely used as a tool for accurate staging and restaging after therapy in patients with colorectal metastatic disease, and it represents a valuable ally for risk assessment, prognosis evaluation, and treatment strategy decisions making.



Radiomics is that part of artificial intelligence (AI) that aims to provide quantitative characteristics (features) from biomedical images of different nature that cannot be assessed by the human eye, assuming that any smallest image’s constituent (i.e., voxel and/or pixel) may encompass features of tumor’s phenotypes that may be potentially related to tumor’s outcome and patients’ response to therapy, reflecting the pathophysiological process and supporting medical decisions. The workflow of radiomics’ processes can be simply resumed in five main steps starting with the acquisition of images, pre-processing tasks (registration, deconvolution, denoizing, and so on) and VOI delineation, features extraction, reduction, and selection, and finally, the selection of the predictive model using AI-based classifiers [3]. In the last decade, the use of radiomics in the study of medical images has aroused increasing interest [4,5]. Several studies have demonstrated the correlation between the heterogeneity of the tissues and the radiomics features, which would allow obtaining relevant information through the analysis of the images alone [6].



[18F]FDG PET/CT could be a useful modality for assessing tumor viability and differential diagnosis also for colorectal metastatic cancer and may provide important data regarding the appropriate treatment strategy [7,8]. The further integration of [18F]FDG PET/CT data with radiomics features could reach the provision of new insightful information also regarding tumor biology. In other words, the statistical analysis of the features using methods of increasing complexity (first order, second order, or higher) can be useful in the prognostic evaluation, in therapeutic management, and in characterizing tumor phenotypes [9]. Radiomics’ literature in colorectal cancer is highly limited in PET imaging, but it nonetheless holds promise for genetic mutation status assessment [10,11] and the prediction of outcomes.



The present study aimed to investigate the potential application of texture analysis on restaging [18F]FDG PET/CT images in metastatic colorectal patients, proposing a radiomics model able to select PET and CT imaging features for global disease status prediction, liver metastasis evaluation, and survival outcomes.




2. Materials and Methods


Sixty-three metastatic lesions from fifty-two colorectal patients were retrospectively considered. Patients underwent restaging [18F]FDG PET/CT after first adjuvant therapy between November 2008 and December 2018 following these inclusion criteria: (a) pathology confirmed diagnosis of primary colorectal adenocarcinoma; (b) clinical-instrumental (ceCT, MR, histopathology, and/or clinical report) confirmed metastatic disease status; (c) [18F]FDG PET/CT performed at restaging after first adjuvant therapy (at least 15 days from the last cycle of chemotherapy and three months after RT); (d) [18F]FDG PET/CT positive for lymph-nodal/metastatic disease; (e) minimum follow-up (FU) duration of 12 months after [18F]FDG PET/CT; (f) complete clinical (clinical case notes and multidisciplinary meeting reports), laboratory, pathological and imaging data available (contrast-enhanced CT, MRI); (g) [18F]FDG PET/CT findings retrospectively confirmed at clinical follow-up with biopsy and/or through other imaging modalities. The study was approved by the institutional review board. The internal procedures provide informed consent also regarding the potential scientific use of all nuclear medicine examinations performed at the Fondazione Istituto G.Giglio of Cefalù (Palermo, Italy). Therefore, written informed consent was available for each patient.



2.1. [18F]FDG PET/CT Imaging


According to the standard [18F]FDG PET/CT protocol in use at our institution, the scans were performed following the international clinical recommendations [12]. After six hours of fasting, patients underwent examination on Discovery STE GE Healthcare. The clinical protocol included a full-body PET scan (6–8 beds, 2–3 min per bed position) after 60 min the i.v. administration of 3.7 MBq/kg of [18F]FDG and a co-registered low-dose CT scan (120 kV, 80–120 mA) without contrast enhancement. PET images (256 × 256 voxel size) were reconstructed with CT-based attenuation correction. The 3D reconstruction was based on the ordered subset expectation maximization (OSEM) algorithm with the two iterative processes. Two nuclear medicine physicians (over 5 years’ experience, PA and RL) qualitatively analyze the examinations, being aware of the results of other imaging modalities and clinical data. Following inclusion criteria, [18F]FDG PET/CT positivity was confirmed by the raters after consensus reading if a non-physiological [18F]FDG uptake was moderately (tracer uptake superior to the background at visual assessment) or markedly (tracer uptake superior to physiological liver uptake at visual assessment) increased to the background activity; in case of multiple [18F]FDG uptake foci, the higher qualitative assessed uptake was selected among multiple lesions for each disease location (N and/or M). CT imaging was used to assist the physician in delineating the tumor for local recurrence or lymph node/metastatic disease. Following clinical, laboratory, and CT, MRI, [18F]FDG PET/CT data were recorded. According to such information, the terms disease progression (PD) and stable disease (SD) were used to define the disease status during the follow-up.




2.2. Radiomics Analysis


The volumetric segmentations were performed with the freely available texture analysis LIFEx platform [13] that is the most widely used IBSI (Image Biomarker Standardization Initiative) compliant software in PET imaging to obtain reproducible and robust radiomics features. Specifically, two board-certified nuclear physicians evaluated and segmented PET/CT lesions by consensus and blinded to the purpose of the study and to the pathology information. Signal intensity on PET images was judged as hyperintense when the signal intensity of the tumor was higher than the signal intensity of non-tumoral tissue. SUVmax was used as a PET parameter to select the most avid lesion for the global evaluation of disease status and for the most avid liver lesion in every patient. The same volume was transposed in the same region on CT images for extraction of morphological features. Successively, 105 and 66 features were automatically extracted using LifeX starting from the above-mentioned volumes of interest (VOI) from each lesion in PET and CT images, respectively. The extracted features were classified into two categories based on their information type: (I) shape features, which consider the geometric aspects of the VOI, such as shape and volume, (II) statistical features including first-order statistic (histogram-based) features describing intensity values within the target and higher-order statistics (texture) features that are designed to quantify the perceived texture of an image and to provide spatial information of intensities in a VOI. In the last case, five texture classes were considered: (i) gray-level cooccurrence matrix (GLCM), (ii) gray-level run-length matrix (GLRLM), (iii) gray-level dependence matrix (GLDM), (iv) gray-level zone length matrix (GLZLM), and (v) neigh-boring gray-level dependence matrix (NGLDM). Specifically, (i) GLCM evaluates the incidence of voxels with the same intensities at a predetermined distance along a fixed direction; (ii) GLRLM assesses consecutive voxels with the same intensity along fixed directions; (iii) GLDM counts the number of voxel segments having the same intensity in a given direction; (iv) GLZLM is defined as the number of connected voxels that have equal gray-level intensity; (v) NGTDM assesses the spatial interrelationships between 3 or more voxels [14]. In the work of [13], there is an extensive description of each extracted feature. Successively, the mixed descriptive-inferential sequential approach, as described in two complementary studies [15,16], was used to identify a small set of radiomics features with valuable association with patients’ outcomes for better predictive performance, leading to the exclusion of non-reproducible, redundant, and nonrelevant features from the initial feature data set.



After the selection and reduction process, the predictive model was implemented using the discriminant analysis (DA) [17]. The training step was performed only once, and when completed, the DA was capable of classifying new PET lesions. Using the k-fold cross-validation strategy, data were divided into training and validation sets using a random partition. Specifically, data were divided into k-folds: one-fold was used as the validation set while the others folds were used as the training set. The folds were created in such a way that the training and validation sets maintained the same percentage of patient status as the original data set. After applying the trial-and-error methodology, k = 5 was determined as the best value for our analyses (k range: 5–15, step size of 5). Consequently, this process was repeated 5 times, and the mean error was calculated (i) to avoid the over-fitting and asymmetrical sampling by increasing the accuracy of the final results, (ii) to test different models, and (iii) to obtain more robust results [18,19,20,21,22].



The steps between the reduction and selection of features and the implementation of the model were repeated ten times to evaluate different aspects, listed below:




	
Four predictive models per-lesion and -patient analysis: Performances of radiomics features extracted from PET and PET/CT, respectively, in assessing the treatment response for each lesion (without considering the patient treatment response) and in assessing the patient treatment response;



	
Four models per-patient and -lesion analysis considering the only subset of liver lesions;



	
Two models to evaluate the performances of PET and PET/CT radiomics features in discriminating liver metastasis from the rest of the other lesions.









2.3. Diagnostic Performance Evaluation


Sensitivity, specificity, positive predictive value (PPV), accuracy, and receiver operating characteristics (ROC) with 95% confidence intervals (C.I.) and areas under the ROC curve (AUROC; 95% C.I.) were calculated to assess the diagnostic performance on prediction of disease progression (dichotomized evaluation = 1) versus stable disease or partial response or complete response (dichotomized evaluation = 0).





3. Results


Fifty-two patients (mean age 62,28 years ± 11.23) who underwent [18F]FDG PET/CT between November 2008 and December 2018 met the inclusions criteria. The main characteristics are summarized in Table 1. Tumor grading was distributed as follows: G1 in 2/52 (3.85%); G2 in 23/52 (44.23%); G2-3 in 2/52 (3.85%); G3 in 10/52 (19.23%); unknown in 15/52 (28.84%). TNM staging was distributed as follows: Stage I in 4/52 patients (7.69%); Stage II in 9/52 (17.03%); Stage III in 13/52 (25%); Stage IV in 10/52 (19.23%), unknown in 16/52 (30.76%). As first adjuvant therapy, 1 patient (1.92%) was treated by radiotherapy, 49 patients (94.2%) by chemotherapy, and 2 patients (3.85%) by chemotherapy associated with radiotherapy.



3.1. [18F]FDG PET/CT Findings


At the first [18F]FDG PET/CT scan, 43 patients (82.7%) were PET-positive for a single lesion and 9 (17.3%) for 2 or more lesions. Sites of metastasis were distributed as follows: 23 liver (36.51%), 12 lymph nodes (19.05%), 8 lungs (12.7%), 7 presacral lymph nodes (11.11%), 4 peritoneum (6.35%), 3 rectum (4.76%), 2 spleen (3.17%), 2 bones (3.17%), 1 thorax (1.59%), and 1 anastomosis tissue (1.59%).




3.2. Follow-Up


FU lasted a mean of 22 months (range 13–48 months). We calculated a median progression-free survival (PFS) of 17 months (range 1–105) and a median overall survival of 45 months (range 4–117). At the last FU, 32 (62%) patients showed progression of the disease, 9 (17%) stable disease, and 11 (21%) responded to therapy with a regression of the disease.




3.3. Radiomics Features Analysis


A total of 63 lesions out of 52 patients included in the study were selected. The analysis of the classification model has been divided into three parts, as explained in the “Radiomics features extraction and Machine-learning features classification” section, for a total of 10 different radiomics models (Figure 1). In the first case, the prediction disease outcome for each lesion was analyzed (per-lesion analysis) considering the features extracted from PET and PET/CT images, respectively; then, the same analysis was developed of considering each patient (per-patient analysis) considering all the features extracted from the same images for a total of four different radiomics models.



The results were as follow:




	
For lesion analysis, GLRLM-based feature gray-level non-uniformity (GLZLM_GLNU) was selected [15,16] considering the only PET data set obtaining a Sensitivity 90.11%, Specificity 36.78%, Accuracy 66.72%, and AUROC 56.52% for the predictive DA classifier, while three features (GLZLM_ Zone Length Non-Uniformity—GLZLM_ ZLNU, and GLRLM_Short Run High Gray-Level Emphasis—GLRLM_SRHGE—between the CT features and GLZLM_GLNU between the PET features) were selected considering the PET/CT data set with Sensitivity 78.22%, Specificity 51.75%, Accuracy 66.63%, and AUROC 65.22%;



	
For patient analysis, three features (GLZLM_ZLNU, GLZLM_High Gray-level Zone -GLZLM_HGZ-, Conventional Radial Intensity Mean Standardized Uptake Value body weight standard deviation squared -CONVENTIONAL_RIM_SUVbwstdev2-) were selected considering the PET-only data set with Sensitivity 32.07%, Specificity 92.11%, Accuracy 73.95% and AUROC 47.97%, and one feature (Conventional Hounsfield Unit Kurtosis -CONVENTIONAL_HUKurtosis-) was selected considering the PET/CT data set with Sensitivity 33.81%, Specificity 83.76%, Accuracy 68.70%, and AUROC 61%.








Figure 2 shows the ROCs for the four implemented models, while Table 2 shows all obtained performances.



In addition, the study was similarly repeated, focusing only on liver lesions, for a total of two different radiomics models, with the following results:




	
For lesion analysis, one PET feature (GLZLM_GLNU) with Sensitivity 70.15%, Specificity 23.48%, Accuracy 54.21%, and AUROC 39.94%, and three PET/CT features (GLZLM_ZLNU, and GLRLM_SRHGE between the CT features and GLZLM_GLNU between the PET features) with Sensitivity 64.39%, Specificity 76.71%, Accuracy 68.69%, and AUROC 55.26%;



	
For patient analysis, three PET features (GLZLM_ZLNU, GLZLM_HGZ, CONVENTIONAL_RIM_SUVbwstdev2) with Sensitivity 44.42%, Specificity 84.37%, Accuracy 59.03%, and AUROC 60.11%, and one PET/CT feature (CONVENTIONAL_HUKurtosis) with Sensitivity 33.12%, Specificity 73.74%, Accuracy 47.88%, and AUROC 43.48%.








Figure 3 shows the ROCs for the four implemented models, while Table 3 shows all obtained performances.



Finally, all lesions were again considered to assess the diagnostic performance of the features in discriminating liver metastasis:




	
For PET images, one feature (Discretized SUVbw minimum—DISCRETIZED_SUVbwmin-) was extracted with Sensitivity 73.78%, Specificity 83.02%, Accuracy 76.91%, and AUROC 88.91%;



	
For PET/CT images, two features (Discretized histogram energy—DISCRETIZED_HISTO_Energy—between the CT features and DISCRETIZED_SUVbwmin between the PET features) were extracted with Sensitivity 89.46%, Specificity 93.63%, Accuracy 91.02%, and AUROC 95.33%.








Figure 4 shows the ROCs for the two implemented models, while Table 4 shows all obtained performances.





4. Discussion


To the best of our knowledge, the present study is one of the first to explore [18F]FDG PET/CT textural features analysis after first adjuvant therapy to potentially predict disease progression and survival outcome as an indirect predictive parameter of second-line therapy responses in metastatic colon cancer patients, using an innovative mixed descriptive-inferential sequential approach for features reduction and selection, and by using DA as a predictive model [17].



Radiomics literature in CRC is highly heterogeneous, but it holds promise for the prediction of outcomes. Most evidence is available for MRI-based radiomics in rectal cancer [23]. A few studies on textural features derived from [18F]FDG PET images at baseline for locally advanced colorectal cancer and before or after starting any neoadjuvant treatments may enable detailed stratification of prognosis in patients with CRC [24,25,26,27].



Our study focused on the potential usefulness to extract PET radiomics features and also low-dose CT radiomic features for a “hybrid” textural PET/CT analysis mimicking the qualitative assessment in the clinical routine evaluation of PET/CT images. The scope of this design study was to confirm the feasibility of our ML methods and to analyze how all the information related to restaging PET/CT imaging after first-line treatments might be able to predict the disease status outcomes after further treatments. Radiomics features were extracted from each lesion (including all the sites of metastasis), divided into three feature subsets: 105 features from PET images, 66 features from CT, and 171 features from both PET and CT. Features were automatically extracted using the well-known IBSI compliant LifeX software to perform a totally objective and reproducible study. Prediction of outcome in patients with CRC is challenging because of the lack of a robust biomarker and heterogeneity between and within tumors to modulate treatment strategies. In this scenario, a study conducted on third-line treatment patients with metastatic colorectal cancer showed that high tumor heterogeneity, volume, and low sphericity on baseline [18F]FDG PET were related to reduced survival [28]. Similarly, textural parameters as the coefficient of variation, kurtosis of the absolute gradient (GrKurtosis), and other features on [18F]FDG PET images have been proposed in other papers as predictive and prognostic factors in the assessment of therapy response and survival outcomes in patients with rectal cancer [29,30].



Our study results, differently from others studies for study design and ML models adopted, demonstrate the potential predictive value of radiomics features derived from an innovative machine learning model adapted by using the disease status at follow-up as the gold standard for the performances analysis. This approach was proposed, as in other studies conducted by our group [31,32], to define the real value of PET/CT as a predictive tool for the stratification of patients with different diseases (prostate and primary brain tumors) that for specific characteristics are more susceptible to have a scarce sensitivity to therapies and a poor disease outcome. For this reason, the apparent sub-optimal results obtained in the present study need to be interpreted with caution because we are not presenting the performance on the identification of disease but the capability of some radiomics features to predict the disease status outcome of the patients with metastatic colon cancer after the standard first adjuvant therapy.



Underlining the results on the PET radiomics analysis in the whole patient group, among per-lesion analysis, the feature selected as the most accurate for the DA classifier was GLZLM_GLNU, while three features (GLZLM_ZLNU and GLRLM_SRHGE between CT features and GLZLM_GLNU between PET features) were selected from PET/CT images obtaining slight enhancement of accuracy when CT analysis was merged with PET performances (AUROC 65.22%).



In per-patient analysis, 3 PET features (GLZLM_ZLNU, GLZLM_HGZ, RIM_SUVbwstdev2), and 1 PET/CT feature (HUKurtosis) were selected by DA classifier (AUROC 61%). Considering these first two analysis groups, three features belonging to the GLZLM class were identified as the most accurate for the DA classifier. The GLZLM, also called gray-level size-zone matrix (GLSZM), is the texture class that provides information on the size of homogeneous zones for each gray-level. Consequently, it is indirectly linked to the heterogeneity of the lesions, which, reflecting biological characteristics, has a potential value in predicting the progression of the disease [9].



In regard to colorectal liver metastasis, the presence of metastasis in this site is widely considered as one of the unfavorable prognosis parameters. However, commonly employed SUV metrics (SUVmax, SUVpeak, SUVmean) from [18F]FDG PET images perform relatively poorly in outcome prediction tasks (OS, PFS, EFS). In contrast, the use of liver metastasis number and volumetric measurements of MTV and TLG appears to be capable of providing significant performance [33]. Our radiomics model results, similarly, showed sub-optimal performances in the prediction of disease outcome by defining, at per-lesion analysis, one PET feature (GLZLM_GLNU with AUROC 39.94%) and three PET/CT features (GLZLM_ZLNU and GLRLM_SRHGE between CT features and GLZLM_GLNU between PET features with AUROC 55.26%). Similarly, in liver lesions per-patient analysis, we found 3 PET features (GLZLM_ZLNU, GLZLM_HGZ, RIM_SUVbwstdev2 with AUROC 60.11%) and one PET/CT feature (HUKurtosis with AUROC 43.48%).



Furthermore, to quantify the influence of liver metastasis over all PET/CT findings, one only feature considering PET imaging (i.e., DISCRETIZED_SUVbwmin) and two features considering PET/CT imaging (DISCRETIZED_HISTO_Energy between the CT features and DISCRETIZED_SUVbwmin between the PET features) was able to discriminate liver metastasis from the rest of the other lesions (AUROC = 88.91% and 95.33%, respectively). These results, confirmed after further investigations, may be interpreted as crucial in the diagnostic and prognostic impact of liver lesions in patients affected by metastatic colorectal cancer.



Potential limitations of the study must be considered. First, some intrinsic biases as the well-known sub-optimal accuracy of PET in some conditions due to FDG uptake variability, depending on the histology, size, location (particularly relevant for primary lesion in terms of prognosis: right vs. left colorectal cancer), pH, and possible overestimation of metabolic activity due to associate inflammation, could have affected the results. Furthermore, this is a retrospective single-center study, with a relatively small number of patients and a design study limited by data available. All patients who underwent [18F]FDG PET/CT after the first adjuvant therapy were at different disease stages, treated with different chemotherapy combinations following Italian oncological guidelines (5FU or oral capecitabine in combination with either oxaliplatin or irinotecan in various schedules) and a different number of cycles based on patients clinical conditions. All these variables might affect the patient’s outcome. In addition, radiomics features were extracted only from the [18F]FDG-positive tumor to construct the model, and the remaining normal tissue in the image may still contain invisible but useful data. To properly analyze the entire images, 3D deep learning methods will be necessary.



Our study results could benefit from validation in a prospective multi-center study. Nevertheless, our preliminary experience suggests that PET texture analysis is feasible and could carefully be used as an independent indicator for the prognosis of patients with a high risk of disease progression and supporting clinicians for a more accurate selection of patients that may benefit from tailored therapies.



As future research direction of our study, radiomics analyses based on wavelet and Laplacian of Gaussian features will also be considered (e.g., using Pyradiomics) [34]. Furthermore, machine learning investigation could be conducted in the staging preoperative scan, aiming to identify patients with an increased risk of liver metastases susceptible to liver-directed therapies, as previously reported in CT textural analysis by Creasy et al. [35].




5. Conclusions


Our machine learning model on restaging [18F]FDG PET/CT demonstrated to be feasible and potentially useful in the predictive evaluation of disease progression in metastatic colon cancer after first-line therapies. New investigations might propose morpho-functional-based radiomics algorithms for risk stratification and impact on treatment management in colorectal cancer.
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Figure 1. Radiomics flow chart applied in this study. 
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Figure 2. ROCs for the four radiomics models obtained per lesion (first row) and per-patient analyses (second row) for PET-only (first column) and PET/CT images (second column), with an AUROC of 56.52%, 65.22%, 47.97%, and 61%, respectively. 
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Figure 3. Liver subset: ROCs for the four radiomics models obtained per lesion (first row) and per-patient analyses (second row) for PET (first column) and PET/CT images (second column), with an AUROC of 39.94%, 55.26%, 60.11%, and 43.48%, respectively. 
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Figure 4. ROCs for the radiomics models implemented for discrimination of liver metastasis using PET and PET/CT images with an AUROC of 88.91% and 95.33%, respectively. 
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Table 1. Patients’ main characteristics.
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All Patients (n = 52)






	
Age (Mean ± SD)

	
62.28 ± 11.23 y




	
Sex




	
Male

	
41 (77.35%)




	
Female

	
11 (22.65%)




	
Grading




	
G1

	
2 (3.85%)




	
G2

	
23 (44.23%)




	
G2–G3

	
2 (3.85%)




	
G3

	
10 (19.23%)




	
Unknown

	
15 (28.84%)




	
First Adjuvant Therapy




	
Radiotherapy

	
1 (1.92%)




	
Chemotherapy

	
49 (94.2%)




	
Cht+RT

	
2 (3.85%)




	
PET Lesions




	
Liver

	
23 (36.51%)




	
Lymph nodes

	
13 (19.05%)




	
Lungs

	
8 (12.7%)




	
Presacral

	
7 (11.11%)




	
Peritoneum

	
4 (6.35%)




	
Rectum

	
3 (4.76%)




	
Spleen

	
2 (3.17%)




	
Bones

	
2 (3.17%)




	
Thorax

	
1 (1.59%)




	
Stages At Diagnosis




	
Stage I

	
4 (7.69%)




	
Stage II

	
9 (17.30%)




	
Stage III

	
13 (25%)




	
Stage IV

	
10 (19.23%)




	
Unknown

	
16 (30.76%)
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Table 2. Performances of radiomics features in prediction of progression of disease in all lesions, per-patient, and per-lesion analysis.
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Sensitivity

	
Specificity

	
Accuracy

	
AUROC

	
Features Selected






	
PET

per-lesion

	
90.11%

	
36.78%

	
66.72%

	
56.52%

	
GLZLM_GLNU

	

	




	
PET/CT per-lesion

	
78.22%

	
51.75%

	
66.63%

	
65.22%

	
GLZLM_ZLNU (CT)

	
GLRLM_SRHGE (CT)

	
GLZLM_GLNU (PET)




	
PET

per-patient

	
32.07%

	
92.11%

	
73.95%

	
47.97%

	
GLZLM_ZLNU

	
GLZLM_HGZ

	
CONVENTIONAL_RIM_SUVbwstdev2




	
PET/CT per-patient

	
33.81%

	
83.76%

	
68.70%

	
61.00%

	
CONVENTIONAL_HUKurtosis
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Table 3. Radiomics features performance for liver lesions in prediction of disease progression per-patient and per-lesion analysis.
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Sensitivity

	
Specificity

	
Accuracy

	
AUROC

	
Features Selected






	
PET

per-lesion

	
70.15%

	
23.48%

	
54.21%

	
39.94%

	
GLZLM_GLNU

	

	




	
PET/CT per-lesion

	
64.39%

	
76.71%

	
68.69%

	
55.26%

	
GLZLM_ZLNU (CT)

	
GLRLM_SRHGE (CT)

	
GLZLM_GLNU (PET)




	
PET

per-patient

	
44.42%

	
84.37%

	
59.03%

	
60.11%

	
GLZLM_ZLNU

	
GLZLM_HGZ

	
CONVENTIONAL_RIM_SUVbwstdev2




	
PET/CT per-patient

	
33.12%

	
73.74%

	
47.88%

	
43.48%

	
CONVENTIONAL_HUKurtosis
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Table 4. Radiomics features performance for liver metastasis discrimination.
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Sensitivity

	
Specificity

	
Accuracy

	
AUROC

	
Features Selected






	
PET liver

	
73.38%

	
83.02%

	
76.91%

	
88.91%

	
DISCRETIZED_SUVbwmin

	




	
PET/CT liver

	
89.46%

	
93.63%

	
91.02%

	
95.33%

	
DISCRETIZED_HISTO_Energy (CT)

	
DISCRETIZED_SUVbwmin (PET)
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