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I.1. Clinical trials characteristics 
 
I.1.1. CT-scans 
 
     All personally identifiable information was removed from the anonymized CT-scan images. CT-scans were 
transferred to Columbia University imaging analysis laboratory for image analysis with a linked identifier attached to 
connect the imaging and clinical data. All clinical trials and this study were performed with ethical board review and 
approval. 
 
I.1.2. Patients in NCT01642004 and NCT01721759 
 
     CT-scans were from the randomized multicenter phase II-III trials CheckMate 017 (Study of Nivolumab Compared 
to Docetaxel in Previously Treated Advanced or Metastatic Squamous Cell NSCLC; NCT01642004) and CheckMate 
063 (Study of Nivolumab in Patients With Advanced or Metastatic Squamous Cell NSCLC Who Have Received At 
Least 2 Prior Systemic Regimens; NCT01721759). 
 
      The NCT01642004 (nivolumab vs. docetaxel) and NCT01721759 (nivolumab) clinical trials were open-label, 
multicenter phase II-III trials evaluating the safety and efficacy of nivolumab 3mg/kg every 2 weeks or Docetaxel 75 
mg/m2 concentrate for solution for intravenous infusion every 3 weeks. The NCT01642004 and NCT01721759 trials 
included 238 advanced or metastatic NSCLC adult patients (Stage IIIB/IV), or recurrent or progressive NSCLC after 
radiation, surgical resection, or definitive chemoradiation for locally advanced disease. Treatment was discontinued 
in the case of progression (treatment beyond progression was allowed), the occurrence of unacceptable toxicity or 
other protocol-defined reasons. CT-scan imaging occurred every 8 weeks. Data was gathered from November 2012 
to December 2013.  
 
I.1.3. Patients in NCT00588445 
 
     CT-scans were obtained from 46 early stage NSCLC patients whose EGFR mutation status was known (20 EGFR+, 
26 EGFR-). Pathologically confirmed stage I or II NSCLC were treated with 250 mg gefitinib orally daily (anti-EGFR) 
for 21 days and then had surgery 2 days after stopping gefitinib [1]. Data were gathered from July 2004 to March 
2008. We received CT-images of 46 NSCLC patients treated with Gefinitib and included 46 patients. First CT response 
evaluation was performed at 3 weeks. 
 
      High quality imaging was achieved in all patients since the primary goal of the clinical trial was to assess the 
association between the presence of sensitizing EGFR mutations and radiographic response. Patients underwent a 
helical CT scan of the chest prior to gefitinib and after 21 days of gefitinib. All patients had non-contrast enhanced 
1.25mm and lung reconstruction images at both CT scan time points [1]. 
 
     A short course of preoperative treatment served for evaluating the activity of new agents and ensured sufficient 
tumor availability for correlative analyses. Initially, the study required that all patients undergo a core needle biopsy 
for mutation testing prior to treatment. This requirement was removed after the first 18 patients as 100% concordance 
was observed between the results of mutation testing in pretreatment core biopsies and resection specimens. Genomic 
DNA was analyzed for known EGFR mutations (exons 19 deletions and L858R) and Kirsten rat sarcoma viral 
oncogene homolog (KRAS) mutations. Tissues were also analyzed for EGFR protein expression by IHC 
(immunohistochemistry) and EGFR gene copy number by CISH (chromogenic in situ hybridization). If no mutations 
were found in KRAS, EGFR exons 18–24 were sequenced by dideoxynucleotide sequencing. Patients without an 
identified mutation were further characterized by mass spectrometry based genotyping (Sequenom platform) for the 
presence of mutations in KRAS, EGFR, HER2, BRAF, PIK3CA, AKT, NRAS, and MEK [1]. 
 
I.1.4. Quality of CT-scans  
 
     In NCT01642004 and NCT01721759, CT-scan imaging occurred every 8 weeks until disease progression or 
withdrawal. In NCT00588445, CT-scan imaging occurred at baseline and at 3 weeks, just prior to day-23 surgery.  
     Our goal was to create the signature in recent datasets with high-quality since there is evidence in the literature that 
it may optimize the creation of a radiomics signature by increasing the signal-to-noise ratio [2]. Our HQ selection 
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process ensured an HQ radiomics score of 78% (28 out of 36 points), per newly proposed quality criteria (Supplement 
Part I-1.5).  
     In the multicenter NCT00154102 trial, based upon prior reproducibility data, a NSCLC patient was included in the 
study if the quality of six out of six acquisition parameters was excellent at baseline and 8 weeks: (i) measurable lung 
lesions per RECIST 1.1 criteria at baseline; (ii) no significant artifacts; (iii) lung reconstruction kernel; (iv) pixel 
spacing < 1 mm; (v) slice thickness < 10 mm; (vi) CT-scans available at baseline and first response evaluation 
(landmark).  
      In the single institution trial NCT00588445, all NSCLC patients had high quality scans at each timepoint.  
 
I.1.5. Radiomics quality score 
 
The radiomics quality score of the dataset was high and estimated at 78% (28 out of 36 points) [3]:  
- Image protocol quality - well-documented image protocols (for example, contrast, slice thickness, energy, etc.) 

and/or usage of public image protocols allow reproducibility/replicability. 1/1 point 
- Multiple segmentations - possible actions are: segmentation by different physicians/algorithms/software, 

perturbing segmentations by (random) noise, segmentation at different breathing cycles. Analyse feature 
robustness to segmentation variabilities. 1/1 point  

- Phantom study on all scanners - detect inter-scanner differences and vendor-dependent features. Analyse feature 
robustness to these sources of variability. 0/1 point 

- Imaging at multiple time points - collect images of individuals at additional time points. Analyse feature 
robustness to temporal variabilities (for example, organ movement, organ expansion/ shrinkage). 0/1 point  

- Feature reduction or adjustment for multiple testing - decreases the risk of overfitting. Overfitting is inevitable if 
the number of features exceeds the number of samples. Consider feature robustness when selecting features. 3/3 
points  

- Multivariable analysis with non radiomics features (for example, EGFR mutation) - is expected to provide a more 
holistic model. Permits correlating/inferencing between radiomics and non radiomics features. 1/1 point  

- Detect and discuss biological correlates - demonstration of phenotypic differences (possibly associated with 
underlying gene–protein expression patterns) deepens understanding of radiomics and biology. 1/1 point  

- Cut-off analyses - determine risk groups by either the median, a previously published cut-off or report a 
continuous risk variable. Reduces the risk of reporting overly optimistic results. 1/1 point  

- Discrimination statistics - report discrimination statistics (for example, C-statistic, ROC curve, AUC) and their 
statistical significance (for example, p-values, confidence intervals). One can also apply resampling method (for 
example, bootstrapping, cross-validation). 2/2 points 

- Calibration statistics - report calibration statistics (for example, Calibration-in-the-large/slope, calibration plots) 
and their statistical significance (for example, P-values, confidence intervals). One can also apply resampling 
method (for example, bootstrapping, cross-validation). 2/2 points  

-  Prospective study registered in a trial database - provides the highest level of evidence supporting the clinical 
validity and usefulness of the radiomics biomarker. 7/7 points 

-  Validation - the validation is performed without retraining and without adaptation of the cut-off value, provides 
crucial information with regard to credible clinical performance. 5/5 points  

- Comparison to ‘gold standard’ - assess the extent to which the model agrees with/is superior to the current ‘gold 
standard’ method. 2/2 points  

- Potential clinical utility - report on the current and potential application of the model in a clinical setting (for 
example, decision curve analysis). 2/2 points  

- Cost-effectiveness analysis - report on the cost-effectiveness of the clinical application (for example, QALYs 
generated) 0/1 point 

- Open science facilitates knowledge transfer and reproducibility of the study. 0/4 point  
 
I.2. Segmentation 
 
     Radiologists were blinded from the outcome to be predicted. Segmentation was performed using in-house 
developed algorithm [4]. Contours were drawn semi-automatically [5, 6] on all available CT-scans.  
     A trained chest radiologist [GP] with 23 years of reading experience independently checked each contour of each 
slice of each lesion in all patients and corrected it if deemed necessary to ensure a reproducible contouring across the 
series. The radiologist checked the delineation on baseline and follow-up tumor ROIs, from which all the radiomic 
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features were extracted. In NCT01642004 and NCT01721759, experienced radiologists segmented all measurable 
lesions per RECIST 1.1 criteria including the largest measurable lung lesion. In NCT00588445, the experienced 
radiologist segmented all biopsy-proven tumors on all image series and defined a volume of interest (VOI). 
 
I.3. Radiomics Feature Definition and Extraction 
 
I.3.1. Workflow 
 
      In total, 1,160 quantitative image features were used to characterize the early CT-changes in tumor phenotype. 
This early CT change phenotype represents the distinct observable temporal change in quantitative tumor imaging 
characteristics. The approach to extract quantitative image features was as follows: 
- 1) Board certified radiologists identified all lesions measurable by RECIST 1.1 criteria without knowledge of the 

treatment outcome, clinical data, or pathological features;  
- 2) Using a semi-automatic segmentation tool to ensure reproducible measurement, the radiologists segmented 

lesions in each patient on CT-scans at baseline and at the first CT assessment after treatment initiation;  
- 3) A pair of radiologist consensually identified the largest measurable lung tumor in each patient on CT-scan at 

baseline without knowledge of the treatment outcome, clinical data, or pathological features.  
- 4) A single experienced radiologist segmented this largest measurable lung lesion in each patient on CT-scans at 

baseline and at the first available response evaluation after treatment initiation (Cohorts nivolumab and docetaxel: 
8 weeks, Cohort gefitinib: 3 weeks).  

- 5) Then, an independent pair of radiologists analyzed all segmented largest measurable lung lesion to improve 
the tumor segmentation if deemed necessary.  

- 6) Quantitative image features were calculated based on each lesion.  
- 7) For the Radiomics growth and decay (ancillary analysis), the per-lesion features were transformed into unified 

per-patient features through a weighted average of all segmented metastases for all non-size-based features, and 
through a sum for size-based features, just as it is done with target lesions in RECIST. This ensured that the per-
patient features were those of the metastases which most contributed to the tumor burden.  

Full details of lesion segmentation and radiomic and AI feature extractions can be found in the Supplement Part I.2, 
I.3.1, I.3.2, and I.3.3.  
 
I.3.2. Computation 
 
A previously defined [7-10], comprehensive set of 1,160 radiomics features were implemented and extracted from CT 
images. The 1,160 radiomics features were derived from 15 feature classes by applying different implementation 
parameters. For example, most of the features were computed both in 2D and 3D. The 2D features were calculated on 
the automatically determined axial image where the lesion had the maximal diameter. And the 3D features were 
calculated on the entire 3D lesion. When calculating 2D features, 8 connected pixels were considered as the 
neighboring pixels. When calculating 3D features, 26 connected voxels were considered as the neighboring voxels. 
The distance d between two neighboring pixels can be d=1, 2, 3, 4, 5 etc. when computing the features. On the aspect 
of pixel-pair direction, 4 pixel-pair direction were considered for 2D analysis, whereas 13 pixel-pair direction were 
considered for 3D analysis. So that, one feature in a feature class can be expanded by 2x5x(4+13) = 170 folds via 
applying 2D and 3D computation under different distances between neighboring pixels on different direction.  
 
In this work, the well-defined, comprehensive set of 1,160 radiomics features are derived from the 89 features 
described by Zhao B. et al. in “Reproducibility of radiomics for deciphering tumor phenotype with imaging” in 
Scientific reports, 6, 23428 (2016, https://www.nature.com/articles/srep23428#supplementary-information) under a 
Creative Commons Attribution 4.0 International License (https://creativecommons.org/licenses/by/4.0/). The 
description of these features is provided below without changes from the original material published by Zhao B. et al. 
 
The 15 feature classes are: 

1. Size-related (Uni, Bi, Vol); 
2. First Order Statistics (Intensity_Mean, Intensity_SD, Intensity_Skewness,  Intensity_Kurtorsis); 
3. Shape (Compact-Factor, Eccentricity, Round-Factor, Solidity); 
4. Surface Shape (Shape_SI1, Shape_SI2, Shape_SI3, Shape_SI4, Shape_SI5, Shape_SI6, Shape_SI7, 

Shape_SI8, Shape_SI9); 
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5. Sigmoid Functions (Sigmoid-Amplitude, Sigmoid-Slope, Sigmoid-Offset); 
6. Wavelets features (DWT-H, DWT-V, DWT-D, DWT-LH, DWT-LV, DWT-LD); 
7. Edge Frequency features (EdgeFreq_Mean, EdgeFreq_Coarseness, EdgeFreq_Contrast); 
8. Fractal Dimension (Fractal_Mean, Fractal_SD); 
9. Gray-Tone Difference Matrix (GTDM) (Coarseness, Contrast, Busyness, Complexity, Strength); 
10. Gabor Energy (Gabor_0, Gabor_45, Gabor_90, Gabor_135); 
11. Laws' Energy (Law_1, Law_2, Law_3, Law_4, Law_5, Law_6, Law_7, Law_8, Law_9, Law_10, Law_11, 

Law_12, Law_13, Law_14); 
12. Laplacian of Gaussian (LoG) (LoG_Mean_Gray_Intensity, LoG_Uniformity, LoG_Entropy); 
13. Run-Length features (Run_SPE, Run_LPE, Run_GLU, Run_PLU, Run_PP); 
14. Spatial Correlation (Spatial_corrlation); 
15. Gray-Level Co-occurrence Matrix (GLCM) (ASM, Contrast, Correlation, Sum of squares, Homogeneity, 

Inverse Difference Moment, Sum average, Sum entropy, Entropy, Different Variance, Different Entropy, 
IMC1, IMC2, MCC, Maximal Probability, Cluster Tendency). 

 
I.3.3. Delta Feature 
 
      Delta-features were defined as the change in imaging phenotype from baseline to first CT assessment. We used 
the relative change for size-related feature. For other metrics, we used the absolute change since some features have a 
zero value; the denominator of any fraction for change analysis cannot have the value zero that was often observed at 
baseline. In each patient, we extracted 1,160 features delta imaging features. 
 
I.4. Model building 
 
     In this study, a ‘coarse’ to ‘fine’ strategy is developed to select optimal features from the large number of extracted 
quantitative image features to build the signatures in each treatment arm.  
 
1.4.1 Coarse selection 
 
     Coarse selection approach is composed of three procedures, reproducibility analysis, redundancy analysis and 
feature ranking, aiming to screen a large number of non-reproducible, redundant and non-informative candidate 
features.  
   Reproducibility analysis. Reproducibility analysis was performed to evaluate whether the values of quantitative 
image features were influenced by erosion or dilation of contours. Non-reproducible features were excluded from the 
following analysis. The concordance correlation coefficient (CCC) was employed to indicate the reproducibility of 
features (CCC>0.95). 
  Redundancy analysis. The number of 1,160 features is superior to the number of training patients. For the sake of 
avoiding overfitting as much as possible, an unsupervised-clustering based feature filtering approach [14] were 
developed to exclude redundant features so as to skink the number of features. In our study, features with high 
correlation (>0.85) are regarded as redundant features. 
  Feature ranking. Seven feature ranking algorithms, i.e., RELIEF [15], Fisher score [16], Chi-square score, Minimum 
redundancy maximum relevance [17], T-test score, Wilcoxon score and Univariable model. are independently applied 
to evaluate the informative of individual features. The ranking list is used as a basis for the following fine selection. 
It can further decrease the number of candidate features by excluding those non- informative features.  
 
1.4.2 Fine selection  
 
     Fine selection approach is composed of two procedures, ‘forward’ search and feature combination. 
   Forward search. Forward search approach is adopted to select sequentially up to thirty-five features (top 39 features 
identified in the ranking step, empirically set to half number of the training data). Forward search initiates on an empty 
set and selects a feature if and only if the addition of the k features could increase the performance of the classification 
model. The procedure of forward search is repeated until all the candidate features in the compact candidate feature 
sets are evaluated. In our study, forward step k=3.  
     Feature combination. Six widely-used machine learning algorithms, i.e. Support Vector Machine [18], K-Nearest 
Neighbor [19], Naive Bayes [20], Random Forest [21], Bagging [22] and Least Absolute Shrinkage and Selection 
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Operator [23], are used to combine features. They are independently performed on the seven compact candidate feature 
sets attained in the coarse feature selection to generate candidate classification models.  
 
1.4.3 Optimal Signature Determination 
     Seven feature ranking algorithms multiply six machine learning algorithms with forward step k = 3 resulted in 
totally 7x6x39/3=546 candidate signatures. The optimal signature was determined as the signature that achieved the 
best performance in terms of area under a receiver operating characteristic curve (AUC) which was estimated by the 
three-fold cross-validation. 
 
I.5. Comparison to ‘gold standard’ 
 
I.5.1. Reference standard: sensitivity vs. insensitivity 
 
      In NSCLC patients treated with nivolumab and docetaxel, the reference standard to determine tumor sensitivity to 
treatment was progression free survival (PFS). Patients were considered insensitive if they died or progressed before 
median PFS, while they were considered sensitive otherwise. The failure event for PFS was defined as death due to 
any cause or radiographic progression. Survival time was measured from the date of random assignment to the date 
of death or last follow-up (censored observation). Overall survival was not considered as an endpoint since the dataset 
would then have been unbalanced due to an insufficient number of events (death).   
 
      In NSCLC patients treated with gefitinib, the reference standard to determine tumor sensitivity was the analysis 
of the surgical specimen two days after stopping twenty-one days of gefitinib therapy (Supplement Part I.3). Tumors 
sensitive to Gefitinib were EGFR wild-type tumors. 
 
I.6. Secondary endpoints 
 
I.6.1. Validation of the signature 
 
     First, the performance of the signature to predict sensitivity to treatment was compared to ‘gold-standard’ 
biomarkers when available. To this end, the nivolumab signature was compared to PDL1 status at baseline 
(Supplement I.5.2). Second, a failure analysis was performed to understand potential limitations of the signature in 
clinical practice. We thus divided the patients into two groups: (i) sensitivity to treatment is misclassified using the 
signature (failure); (ii) sensitivity to treatment is correctly classified (success) The chi-square test was used to 
determine whether there was a significant difference between clinical and biological variables between these two 
groups. Third, the log-rank (Mantel-Cox) test was used to compare PFS in high-risk patients (signature>0.5) and low-
risk patients.  
  
I.6.2. Estimating rates of growth and regression of radiomics features included in the signatures using serial 
radiographic measurements 
 
Rationale 
An important question in oncologic imaging research is whether the biological processes that drive the AI-detected 
imaging changes are sufficiently downstream that results can generalize across different classes of therapies. We 
sought to evaluate whether the signature features identified in one arm could be generalizable to another arm.  
 
The signature features identified in the three treatment arms (nivolumab, docetaxel, gefitinib) were transferred to the 
treatment arms with serial radiographic measurements (nivolumab and docetaxel). A mathematical model published 
in a study entitled "Estimation of tumour regression and growth rates during treatment in patients with advanced 
prostate cancer: a retrospective analysis" in Lancet Oncology was computed to appraise the changes in Radiomics 
features across serial radiographic measurements. 
 
Description and notation 
This mathematical model is labelled as 'gd' throughout this report: f(t)=exp(–d * t) + exp(g * t) – 1. In this equation, 
f(t) is the tumor radiomics feature at time t in days, normalized to the level at t=0; d is the rate of decay; and g is the 
rate of growth. Throughout this report, four previously validated equations are used to fit patients data. They are 
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labelled as 'gd', 'dx' (continuous decrease in tumor burden from the start of treatment), 'gx' (continuous growth from 
the start of treatment), 'gdφ' (d is the rate of growth of the proportion of tumor cells that is sensitive to the therapy (φ), 
and g is rate of growth of the therapy-resistant tumor fraction (1 – φ)). The package tumgr in R version 0.0.4 was used. 
 
The regression-growth models used to generate growth rates are based on the assumption that change in tumor quantity 
during therapy results from two independent component processes: an exponential decrease or regression, d, and an 
exponential growth or regrowth of the tumor, g. The model for this is displayed below (labeled as gd) where f (t) is 
the tumor quantity at time t in days, relative to initial tumor quantity, d is the rate of decay, and g is the rate of growth. 

f (t) = e−dt + egt − 1 
For data showing continuous decrease from the start of treatment, g is eliminated as shown below (labeled as dx). 

f (t) = e−dt 
Similarly, d is eliminated when data show a continuous growth from the start of treatment as shown below (labeled as 
gx). 

f (t) = egt 
The fourth model (below) contains an additional parameter, φ, which represents the proportion of tumor cells that 
undergo cell death due to therapy (labeled as gdphi). 

f (t) = (φ)e−dt + (1 − φ)egt 
  
Selection 
R package is used to solve these 4 non-linear least squares problems and among models where all parameters are 
significant predictors (P < 0.10), the model which minimizes the AIC is the selected model for a given patient from 
which tumor growth rates are obtained. 
 
Equations 
In the manuscript, we present the three most important equations, referred as gd, dx, and gx. However, there are fifteen 
model equations with specific fit names: 

- Equation 1:  gd  f(time) = exp(-d*time) + exp(g*(time)) - 1 
- Equation 2: dx  f(time) = exp(-dx*time) 
- Equation 3: gx  f(time) = exp(gx*time) 
- Equation 4: gdphi  f(time) = ((1 - phi)*exp(gt*time)) + (phi*(exp(-dt*time))) 
- Equation 5: k4  f(time) = (k4 - d4*time^3)^1/3 + (1 - k4^1/3)*exp(g4*time)  
- Equation 6: k3  f(time) = (k3 - d3*time^3) + (1 - k3)*exp(g3*time) 
- Equation 7: k2  f(time) = (k2 - d2*time)^1/3 + (1 - k2^1/3)*exp(g2*time) 
- Equation 8: k1  f(time) = (k1 - (d1*time)) + (1 - k1)*exp(g1*time) 
- Equation 9: k5  f(time) = (k5 - d5*time) + (g5*time) 
- Equation 10: k6  f(time) = (k6*exp(-d6*time)) + (g6*time)  
- Equation 11: k7  f(time) = (k7-d7(time^3)) + (g7*time) 
- Equation 12: k8  f(time) = (k8 - (d8*time) + (g8*time))^(1/3) 
- Equation 13: k9  f(time) = (k9*exp(-d9*time) + (g9*time))^(1/3)  
- Equation 14: k0  f(time) = (k0 - (d0*(time^3)) + (g0*time) )^(1/3) 
- Equation 15: lindphi  f(time) = (philin - (dlin*(time^3)) + (glin*time) )^(1/3)  

To note: the analysis output (tables/figures) for this dataset was generated using 4 models (i.e., those labeled gx, dx, 
gd and gdphi) via the R package. The 11 other models which weren’t a part of the analyses generating the 
results/figures in the manuscript. 

Landmark 
Rates were estimated using all measurement data available, and separately, for purposes of the landmark survival 
analyses, using the process noted here (i.e., measurement data from baseline to landmark). Landmarked growth rate 
estimates were obtained using a landmark time defined as the time point where 75% of the data had been collected. 
These times (in months) were 8.73 for the measurement data (uni/bi/vol) and 8.3 for the 7 radiomics features when 
using data from all patients having measurement data. 
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Figure 1. Estimating rates of growth and regression of radiomics features included in the signatures using serial 
radiographic measurements 
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I.7. Detailed definition of the independent predictive radiomic delta-features 

 
In the training sets from the three treatment arms, eight radiomics features were included in the three Radiomics 
signatures (nivolumab, docetaxel, gefitinib). These 8 distinct features were surrogate of changes in tumor burden 
(volume), heterogeneity (GLCM IMC1, DWT1, LoG Z Entropy, LoG X Entropy, GTDM contrast) and 
boundaries/shape (sigmoid slope, shape SI4). The detailed definitions of the features selected in the signatures is 
presented below.  
The description of these features is distributed under the terms of the Creative Commons Attribution 4.0 International 
License ( http://creativecommons.org/licenses/by/4.0/ ), which permits unrestricted use, distribution, and reproduction 
in any medium, with no changes from the original authors [7]. 
 
I.7.1. Shape_SI4 
 
The Shape Index features capture the intuitive notion of 'local surface shape' of a 3D object.  Let k" and k# denote the 
two principal curvatures of a point on the surface. Shape index is then defined as 

s = #
&
arctan ,-.,/

,-0,/
							k" ≥ k#        (1) 

The shape index is a number of range [-1,1] and can be divided into 9 categories, each representing one of the 
following 9 shapes, spherical cup, trough, rut, saddle rut, saddle, saddle ridge, ridge, dome and spherical cap.  

Shape_SI4: saddle rut, value of 	shape	index	 ∈ [− <
=
, − "

=
)                            (2) 

 
 
We adopted the algorithm proposed by Thiron to compute the two principal curvatures k"  and k# . In Thiron’s 
algorithm, k" and k# are the solutions of an equation of order two, 

k@ = H ± √∆, ∆= H# − K         (3) 
where K = k" ∙ k# is the Gaussian curvature and H = (k" + k#)/2 is the mean curvature. 
Based on the implicit function theorem, Thiron proposed two formulations for the computation of H and K, which 
only make use of differentials of 3D surface. 
𝐾 = "

L/
M𝑓O#P𝑓QQ𝑓RR − 𝑓QR# S + 2𝑓Q𝑓RP𝑓OR𝑓OQ − 𝑓OO𝑓QRS + 𝑓Q#(𝑓OO𝑓RR − 𝑓OR# ) + 2𝑓O𝑓RP𝑓QR𝑓OQ − 𝑓QQ𝑓ORS+𝑓R#P𝑓QQ𝑓OO −

𝑓OQ# S + 2𝑓O𝑓QP𝑓OR𝑓QR − 𝑓RR𝑓OQST         (4) 

𝐻 = "
#LV//

W𝑓O#(𝑓QQ + 𝑓RR) − 2𝑓Q𝑓R𝑓QR + 𝑓Q#(𝑓OO + 𝑓RR) − 2𝑓O𝑓R𝑓OR + 𝑓R#(𝑓QQ + 𝑓OO) − 2𝑓Q𝑓O𝑓OQX          (5) 
where ℎ = 𝑓O# + 𝑓Q# + 𝑓R# ; 	𝑓O , 𝑓Q  and 𝑓R  are the 3 first derivatives; 𝑓OO , 𝑓QQ , 𝑓RR , 𝑓OQ , 𝑓QRand 𝑓OR  are the 6 second 
derivatives. 
 
(a) Nine surface shapes 

 
(b) Shape Index scales [-1, 1] 
The sum of the 9 scaled shape indexes equals to 1, i.e., ∑ 𝑆𝐼]

^_" (𝑖) = 1. To reduce redundancy, we excluded the first 
Shape Index from the analysis. 
 
 
I.7.2. LoG Z Entropy Filter3 and LoG X Entropy Filter3 
 
Laplacian is a differential operator that can be used to highlight regions of rapid gray-level change in images. Because 
of its sensitivity to image noise, a Gaussian smoothing filter is applied beforehand to reduce noise. The combined 
filter is called Laplacian of Gaussian (LoG). 
The definition of a LoG is:  

                           LoG(x, y) = − "
&fg

M1 − h/.i/

#f/
T e0

j/kl/

/m/ ,     (1) 
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Where the x,y are pixel coordinates and σ = [0	1	1.5	2.5] is the scale factor.  
Thus, the LoG entropy were calculated as,  
                                        𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = −∑ 𝑃(𝑖) log# 𝑃(𝑖)}

^_"       (2)                                     
where P(i) is the probability of pixels with a gray-level of 𝑖 in the LoG pre-processed image, and 𝐿 is the maximal 
value of the pre-processed image.  
In this study, the LoG_Z_Entropy and LoG_X_Entropy indicated LoG_Entropy calculated along the sagittal and axial 
views, respectively. Filter3 indicated using σ = 	2.5 . 
 
I.7.3. GTDM_Contrast 
 
GDTM features describe visual properties of texture based on gray-tone difference between a pixel and its 
neighborhood.  The computation of GDTM features is illustrated as follows. Let 𝑓(𝑘, 𝑙) be an image pixel that has the 
gray-tone of 𝑖 and is located at (𝑘, 𝑙). The average gray-tone over a neighborhood centered at, but excluding (𝑘, 𝑙), is 

�̅�^ = �̅�(𝑘, 𝑙) = "
�0"

W∑ ∑ 𝑓(𝑘 +𝑚, 𝑙 + 𝑛)�
�_0�

�
�_0� X	(𝑚, 𝑛) ≠ (0,0)   (1) 

where (2d + 1) is the neighborhood size and 𝑊 = (2𝑑 + 1)#. 
The 𝑖th entry in the GDTM is  
 𝑠(𝑖) = ∑|𝑖 − �̅�^|,			for	𝑖 ∈ 𝑁^ 	if	𝑁^ ≠ 0,	                                                                       
         = 0,																															otherwise       (2) 
where {𝑁^} is the set of all pixels having the gray tone of 𝑖. 
Thus, for an 𝑁 ×𝑁 image, let 𝑝^ denote the probability of occurrence of gray-tone value i, 𝐿L denote the highest gray-
tone value present in the image and 𝑁� denote the total number of different gray-tone values present in the image. The 
GDTM features are defined as, 
𝐺𝑇𝐷𝑀_𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 = � "

��(��0")
∑ ∑ 𝑝^𝑝�(𝑖 − 𝑗)#

}¡
�_¢

}¡
^_¢ £ M "

�/
∑ 𝑠(𝑖)}¡
^_¢ T     (3)                

In this study, we normalized an image into 256 density bins so that 𝑁� 	= 256.  
 
I.7.4. GLCM IMC1 
 
This class of features characterizes the textures of an image / object by creating a new matrix GLCM based on counting 
how often pairs of pixels with specific gray-level values and in a specified spatial relationship (distance and direction) 
occur in the image / object and then computing statistics from GLCM [13]. 
A GLCM is defined as 𝑀(𝑖, 𝑗; 𝑑, 𝜃), a matrix with a size of 𝐿 × 𝐿 describing how often a pixel with gray value 𝑖 occurs 
adjacent to a pixel with the value 𝑗. The two pixels are separated by a distance of 𝑑 pixels in the direction of 𝜃.  𝐿 is 
the number of gray-level bins.  
In this study, the number of gray value bins (𝐿) was set to 256, distance 𝑑 was 1 and each feature was calculated at 13 
directions in 3D. The average of the 13 measures of each feature was used as the final measure for that feature. We 
extracted 17 standard GLCM features and the definition of Informational measure of correlation 1 (IMC1) is: 
𝐼𝑀𝐶1 = §¨©0§¨©"

max{§¨,§©}
                                                                                                                 (1) 

 
I.7.5. DWT1 HHL 
 
The discrete wavelet transform (DWT) was chosen as one means to analyze tumor coarse and fine structures. Taking 
a P=M x N image I(m, n) as an example, the first level DWT decomposition can be briefly described as the following. 
First, a low-pass and a high-pass filter (‘Coiflets1’ wavelet filter was used in this study) are applied to the original 
image vertically followed with a vertical down-sampling by a factor of 2. Then the two filters are applied to the 
processed image horizontally followed by a horizontal down-sampling by a factor of 2. This results in 4 sub-images 
that are known as the low-pass approximation L(m, n) (also called average image), vertical detail V(m,n), horizontal 
detail H(m, n) and diagonal detail D(m, n). The second level DWT decomposition repeats the above procedure but 
with the average image generated at the first level decomposition.   
 
In this study, the 7 wavelet features were defined as the Energy of each detailed sub-images.   
At the first DWT decomposition level,  
DWT-H:  
𝐸𝑛𝑒𝑟𝑔𝑦§ = 	∑ 𝐻(𝑖)#¬/

^                                                                                                                 (1) 
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DWT-V:  
𝐸𝑛𝑒𝑟𝑔𝑦® = 	∑ 𝑉(𝑖)#¬/

^                                                                                                 (2) 
DWT-D: 
𝐸𝑛𝑒𝑟𝑔𝑦° = 	∑ 𝐷(𝑖)#¬/

^                                                                          (3) 
 
At the second DWT decomposition level, 
DWT-LH: 
𝐸𝑛𝑒𝑟𝑔𝑦}§ = 	∑ 𝐿𝐻(𝑖)#¬/"±

^                                                                                             (4) 
DWT-LV:  
𝐸𝑛𝑒𝑟𝑔𝑦}® = 	∑ 𝐿𝑉(𝑖)#¬/"±

^                                                                                  (5)   
DWT-LD:  
𝐸𝑛𝑒𝑟𝑔𝑦}° = 	∑ 𝐿𝐷(𝑖)#¬/"±

^                                                                                (6) 
 
I.7.6. Sigmoid slope 
 
To quantify the density relationship between a tumor and its surrounding background of lung parenchyma, e.g., 
sharpness of the tumor margin, we applied sigmoid curves to fit density changes along sampling lines drawn 
orthogonal to the tumor surface. Each sampling line went through one voxel on the tumor surface with 5mm inside 
and 5 mm outside the tumor.  
The sigmoid curve function is defined as, 
𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) = 	 ³

´µ∙¶."
+ 𝐶                                                                                                             (1) 

where the fitting parameter A specifies the amplitude of the curve, B specifies the slope of the curve (from tumor to 
its background) and C is the offset of the curve. The three Sigmoid Function features we studied were the average 
values of the three fitting parameters of A, B and C over all surface voxels.   
Sigmoid-Amplitude: average of the amplitude values (A) of all sampling lines. 
Sigmoid-Slope: average of the slope values (B) of all sampling lines. 
Sigmoid-Offset: average of the offset values (C) of all sampling lines. 
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Supplement Part II - Results 
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II.1. Patients characteristics 
 
II.1.1. Segmentation  
 
     Out of 153 patients treated in the largest cohort (nivolumab), Sixty patients were excluded; the reasons were the 
absence of lung lesion (n = 33 pts), small non measurable lung lesion (n = 14 pts), and non-measurable lung lesion 
per RECIST 1.1 criteria (n = 13 pts). The independent pair of radiologist analyzed all segmented lesions to improve 
the lesion segmentation in 28.3% of patients. Consequently, the segmentation of a lung lesion by one single radiologist 
was deemed optimal in 71.7% of cases. 
 
II.1.2. Site of metastatic spread  
 
     In the cohorts nivolumab and docetaxel, patients had advanced lung cancer. Out of 218 pts with available CTs, 142 
patients were included (see exclusion criteria in Figure 1) in cohort nivolumab (92 pts) and docetaxel (50 pts). The 
lung was the most frequent site of measurable target lesions identified by radiologists: lung lesions constituted 41.9% 
of measured target lesions by radiologists followed by mediastinal lymph nodes (22.5%), liver metastases (18%), and 
adrenal glands metastases (4.8%). The number of measurable target lesions at baseline per RECIST 1.1 criteria44 was 
1 (13% of patients), 2 (27%), 3 (34%), 4 (16%), or ≥5 (10%).   
     In the cohort gefinitib, only one single resectable lung lesion was present in all patients. 
 
II.1.3. Sensitivity to treatment  
 
     In the overall cohort nivolumab and docetaxel from the clinical trials, the outcome was available in 218 patients 
(142 were ultimately included since CT-scans were available and reached predefined quality criteria) the median PFS 
was 4.47 months after treatment initiation and was selected as the threshold to differentiate patients sensitive or 
insensitive to treatment. Four patients did not progress during the follow-up and all were followed up longer than 4.47 
and therefore were classified as treatment sensitive (median PFS in these four pts: 12.9 months).   
      In the cohort gefitinib, 46 out of 46 pts were included. All patients had resectable stage I or II NSCLC treated with 
surgery. EGFR mutation status was EGFR+ (sensitive) and EGFR- (insensitive) in respectively 20 and 26 patients. 
 
II.1.4. Patients' characteristics  
 
     The characteristics of patients treated with nivolumab and docetaxel are described in Table 1. Cohort gefitinib only 
includes resectable NSCLC and all lesions were surgically removed at the end of Gefitinib therapy. 
In the cohort nivolumab, objective responses were observed in 13% of patients. Disease control (SD, PR, CR) was 
observed in 48% of included patients. PDL1 expression was reported as negative, unknown, or positive in respectively 
37%, 24%, and 39% of patients. The tables in supplemental I.3 shows that there was no selection bias. The covariates 
were balanced between included and excluded patients, between training and validation.   
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Table 1. Patients' characteristics in cohort nivolumab and docetaxel 

 Cohort nivolumab  Cohort docetaxel 
  Excluded Included p-value Training Validation p-value  Training Validation p-value 

Number of patients 61 92   72 20    32 18  
Histology of primary tumor                 
          Squamous cell carcinoma 61 (100%) 92 (100%) N/A 72 (100%) 20 (100%) N/A  32 (100%) 18 (100%) N/A 
Baseline tumor burden                  
          Lower than median (8.3 cm) 30 (49%) 48 (52%) 0.60 39 (54%) 9 (45%) 0.47  20 (62%) 13 (72%) NS 
          Higher than median (8.3 cm) 31 (51%) 44 (48%)   33 (46%) 11 (55%)    12 (38%) 5 (28%)  
Number of Index Lesion at Baseline                 
          1 12 (20%) 26 (28%) 0.59 18 (25%) 8 (40%) 0.48  6 (19%) 6 (33%) NS 
          2 16 (26%) 24 (26%)   21 (29%) 3 (15%)    13 (41%) 6 (33%)  
          3 19 (31%) 22 (24%)   18 (25%) 4 (20%)    7 (22%) 3 (17%)  
          4 8 (13%) 13 (14%)   9 (13%) 4 (20%)    4 (12%) 2 (11%)  
          5 6 (10%) 7 (8%)   6 (8%) 1 (5%)    2 (6%) 1 (6%)  
Number of Index Lesion Tumor Site per organ at Baseline           
          1 21 (34%) 41 (45%) 0.32 31 (43%) 10 (50%) 0.71  14 (44%) 10 (56%) NS 
          2 25 (41%) 29 (31%)   25 (35%) 4 (20%)    13 (41%) 6 (33%)  
          3 14 (23%) 18 (19%)   13 (18%) 5 (25%)    5 (16%) 1 (6%)  
          4 0 (0%) 3 (3%)   2 (3%) 1 (5%)    0 (0%) 1 (6%)  
          5 1 (2%) 1 (1%)   1 (1%) 0 (0%)    0 (0%) 0 (0%)  
Treatment           
         Nivolumab 3mg/kg every 2 weeks 61 (100%) 92 (100%) N/A 72 (100%) 20 (100%) N/A  32 (100%) 18 (100%) NS 
Best Overall Response                 
          PD 31 (51%) 46 (50%) 0.93 34 (47%) 12 (60%) 0.79  13 (41%) 9 (50%) NS 
          SD 21 (35%) 35 (38%)   28 (39%) 7 (35%)    13 (41%) 8 (44%)  
          PR 8 (13%) 9 (10%)   8 (11%) 1 (5%)    3 (9%) 0 (0%)  
          CR 0 (0%) 1 (1%)   1 (1%) 0 (0%)    0 (0%) 0 (0%)  
          NE 1 (2%) 1 (1%)   1 (1%) 0 (0%)    3 (9%) 1 (0%)  
New Lesion                  
          Yes 32 (52%) 39 (42%) 0.35 31 (43%) 8 (40%) 0.83  10 (31%) 8 (44%) NS 
          No 29 (48%) 53 (58%)   41 (57%) 12 (60%)    19  (59%) 10 (56%)  
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II.2. Signature training and validation in the cohort nivolumab 
 

II.2.1. Failure analysis of the signature 
 
     In the cohort nivolumab, we performed a failure analysis in the training and validation cohorts (Table 2). The 
failure analysis was performed to understand potential limitations of the signature in clinical practice. We thus divided 
the patients into two groups: (i) sensitivity to treatment is misclassified using the signature (failure); (ii) sensitivity to 
treatment is correctly classified (success) The chi-square test was used to determine whether there was a significant 
difference between clinical and biological variables between these two groups. We observed that there was no 
phenotype of failure since the signature did not fail systematically in a specific subgroup of patients: signature failure 
was not influenced by biological or clinical variables. 
 

II.2.2. Comparison of the observed versus predicted survival 
 
     The observed outcome is compared to the predicted outcome in the patients with the maximal and minimal 
signature (ISPP). Increasing imaging features are in blue, decreasing imaging features are in red. 

 Figure 2. Signature: Observed versus predicted overall survival in Cohort nivolumab 
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Table 2. Failure analysis of the signature in the training and validation cohorts of the cohort nivolumab 

  Training Validation 
Number of patients 72 pts 20 pts 

  
True 

prediction 
alive 

True 
prediction 

dead 

False 
prediction 

alive 

False 
prediction 

dead 

p-
value 

True 
prediction 

alive 

True 
prediction 

dead 

False 
prediction 

alive 

False 
prediction 

dead 
p-value 

Number of patients 21 34 10 7   4 8 7 1   

Histology of primary tumor                     
          Squamous cell carcinoma 21 (100%) 34 (100%) 10 (100%) 7 (100%) N/A 4 (100%) 8 (100%) 7 (100%) 1 (100%) N/A 

Tumor burden*                      
          Lower than median (8.3 cm) 15 (71%) 18 (53%) 4 (40%) 2 (29%) 0.16 4 (100%) 3 (38%) 1 (14%) 1 (100%) 0.03 
          Higher than median (8.3 cm) 6 (29%) 16 (47%) 6 (60%) 5 (71%)   0 (0%) 5 (63%) 6 (86%) 0 (0%)   
Number of Index Lesion*                     
          1 6 (29%) 7 (21%) 3 (30%) 2 (29%) 0.20 3 (75%) 3 (38%) 2 (29%) 0 (0%) 0.08 
          2 9 (43%) 7 (21%) 2 (20%) 3 (43%)   1 (25%) 1 (13%) 0 (0%) 1 (100%)   
          3 3 (14%) 12 (35%) 1 (10%) 2 (29%)   0 (0%) 0 (0%) 4 (57%) 0 (0%)   
          4 3 (14%) 5 (15%) 1 (10%) 0 (0%)   0 (0%) 3 (38%) 1 (14%) 0 (0%)   
          5 0 (0%) 3 (9%) 3 (30%) 0 (0%)   0 (0%) 1 (13%) 0 (0%) 0 (0%)   

Number of Index Lesion Tumor Site per organ*                     
          1 12 (57%) 10 (29%) 5 (50%) 4 (57%) 0.19 4 (100%) 4 (50%) 2 (29%) 0 (0%) 0.13 
          2 7 (33%) 15 (44%) 0 (0%) 3 (43%)   0 (0%) 0 (0%) 3 (43%) 1 (100%)   
          3 2 (10%) 7 (21%) 4 (40%) 0 (0%)   0 (0%) 3 (38%) 2 (29%) 0 (0%)   
          4 0 (0%) 1 (3%) 1 (10%) 0 (0%)   0 (0%) 1 (13%) 0 (0%) 0 (0%)   
          5 0 (0%) 1 (3%) 0 (0%) 0 (0%)   0 (0%) 0 (0%) 0 (0%) 0 (0%)   
Treatment                     
         Nivolumab 3mg/kg every 2 weeks 21 (100%) 34 (100%) 10 (100%) 7 (100%) N/A 4 (100%) 8 (100%) 7 (100%) 1 (100%) N/A 
Best Overall Response                     
          PD 0 (0%) 28 (82%) 6 (60%) 0 (0%) 0.00 0 (0%) 6 (75%) 6 (86%) 0 (0%)   
          SD 11 (52%) 6 (18%) 4 (40%) 7 (100%)   3 (75%) 2 (25%) 1 (14%) 1 (100%) 0.06 
          PR 8 (38%) 0 (0%) 0 (0%) 0 (0%)   1 (25%) 0 (0%) 0 (0%) 0 (0%)   
          CR 1 (5%) 0 (0%) 0 (0%) 0 (0%)   0 (0%) 0 (0%) 0 (0%) 0 (0%)   
          NE 1 (5%) 0 (0%) 0 (0%) 0 (0%)   0 (0%) 0 (0%) 0 (0%) 0 (0%)   
Time of Best Overall Response                     
          Lower than median (7.4 months) 16 (76%) 21 (62%) 7 (70%) 2 (29%) 0.15 1 (25%) 4 (50%) 3 (43%) 0 (0%) 0.71 
          Higher than median (7.4 months) 5 (24%) 13 (38%) 3 (30%) 5 (71%)   3 (75%) 4 (50%) 4 (57%) 1 (100%)   
New Lesion                      
          Yes 4 (19%) 19 (56%) 4 (40%) 4 (57%) 0.15 2 (50%) 1 (13%) 5 (71%) 0 (0%) 0.10 
          No 17 (81%) 15 (44%) 6 (60%) 3 (43%)   2 (50%) 7 (88%) 2 (29%) 1 (100%)   

* At baseline 
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II.3. Correlation of pretreatment radiomics features with best overall radiographic response 
 
 
II.3.1. Definition of Progressive, Pseudo-Progressive, Responsive and Stable Lesions 
 
      Out of 589 lesions with CT-scan at baseline and 8 weeks response evaluation; 136 were considered progressive 
lesions, 4 pseudo-progressive, 26 responsive and 207 stable. 
 
Figure 3. Response profile 
Figure 3 legend. BL: Baseline, E1: First Evaluation, E2: Second Evaluation, Classification: Per Recist 1.1 criteria. 
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II.3.2. Pretreatment imaging biomarkers associated with best overall radiographic response 
 
     We evaluated the performance of pretreatment imaging biomarkers for the prediction of progressive lesion (PD, 
n=136) versus non progressive lesions (Pseudo-PD, n=4; Response, n=26; Stability, n=207) according to best overall 
radiographic response. The 3 best predictors of progressive lesions (P<0.001) were RUN_PLU: AUC=0.82 (95CI: 
0.72-0.92) (Figure 4), SHAPE_INDEX3: AUC=0.78 (95CI: 0.89-0.67) and VOLUME: AUC=0.78 (95CI: 0.89-0.67). 
These findings suggest that larger infiltrative lung lesion are more likely to progress per iRECIST criteria 
 
Figure 4. Performance of RUN_PLU at baseline for the prediction of best overall radiographic response  
Figure 4 legend. The volume and heterogeneity of a lung lesion predicts progressive status with an AUC=0.76 (upper 
left) and higher RUN PLU values are observed in pseudo-progressive and responsive lesions (upper right). 
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Table 4. Performance of the best single imaging features for the prediction of best overall radiographic 
response 
Table 4 legend. The top 4 imaging features for the prediction of response at 8 weeks have a correlation with lesion 
volume > 0.78 suggesting that smaller lesions are more likely to progress at 8 weeks using RECIST1.1 criteria. 
 

Imaging feature AUC 
RUN_PLU 0.77 (0.72:0.82) 
Unidimensional diameter 0.77 (0.72:0.82) 
Bidimensional diameter 0.77 (0.72:0.82) 
Perpendicular diameter 0.76 (0.70:0.81) 
Volume 0.76 (0.71:0.81) 
SHAPE_INDEX3 0.75 (0.80:0.70) 
RUN_GLU 0.74 (0.80:0.69) 
SOLIDITY_2D 0.74 (0.69:0.21) 

 
 
Figure 5. Association of pretreatment Imaging Features with best overall radiographic response 
Figure 5 legend. The 1,160 radiomics features were derived from 89 original features (see section 1). Using principal 
component analysis, the 89 imaging features were transformed in 5 variables able to explain 80% of the variance of 
all features. PCA3 (AUC=0.75) and PCA4 (AUC=0.64) were able to identify at baseline lesions that will progress 
after nivolumab initiation.  
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II.3.3. Pretreatment imaging biomarkers associated with PDL1 expression status  

Definition of hot and cold immune infiltration 
 
      In the cohort of patients treated with Nivolumab, 382 lung lesions were identified before treatment initiation and 
were followed up by a subsequent CT-scan after treatment initiation. Out of 382 lesions, the biopsy-proven PDL1 
status of the patient was known as either hot (≥50%) or cold (0%) in a subset of 195 lung lesions treated with 
nivolumab (Figure 6). 
 
Figure 6. Number of lung lesions and biopsy-proven patients' PDL1 expression status  

 
 
 
 
 
 
 
 
 
 

Pretreatment imaging biomarkers associated with hot and cold immune infiltration 
      In this subset of 195 lung lesions from BMS-936558 trial data, we showed that radiomics imaging features 
measured at baseline were associated with the presence of a hot tumor immune infiltration according to biopsy analysis. 
Seventy advanced or metastatic NSCLC patients treated with anti-PD1 were included. All patients had a pretreatment 
CT-scan and a tumor biopsy with PD-L1 quantitative expression profile. We evaluated hot and cold lung lesions, as 
defined by an expression of PD-L1 ≥ 50% and =0%, respectively. AUC calculated the accuracy of imaging features 
for the detection of hot immune infiltration. The best predictors of PD-L1 expression (Hot vs. Cold) were 
GTDM_COMPLEXITY with an AUC of 0.75 (95CI: 0.64-0.87) (P<0.001) and features associated with tumor mean 
density: 0.69 (95CI: 0.56-0.82) (P<0.007) (Figure 3). Tumor density could be a surrogate of tumor vascularity or of 
ground glass opacity vs. solid component. 
 
Figure 7. Performance of density mean at baseline for the prediction of a hot immune environment 
Figure 7 legend. The mean density of a lung lesion predicts PDL1 expression status (hot vs. cold) with an AUC=0.66 
(Figure 7A) and higher densities are observed in hot lesions (Figure 7B). 

 
 
Table 5. Performance of the best single imaging features for the prediction of PDL1 expression (Hot vs. Cold) 
Table 5 legend. The top 4 imaging features for the prediction of hot immune environment are highly correlated with 
each other and belong to the same cluster suggesting an association between mean density and type of immune 
environment. 

 Imaging feature AUC P-value 
GLCM SUM AVERAGE 0.691 (0.597:0.786) <0.001 
GLCM SUM VARIANCE 0.688 (0.594:0.782) 0.001 

DENSITY MEAN 0.681 (0.587:0.774) 0.001 
DENSITY MEAN 2D 0.674 (0.577:0.771) 0.001 
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II.4. Radiomics growth and regression rates using serial radiographic measurements in 
nivolumab and docetaxel cohorts 
 
II.4.1. Distribution of radiomics growth (g values) in nivolumab and docetaxel cohorts 
 
Table 6. Distribution of g values in cohorts nivolumab and docetaxel 
 

Imaging feature   Arm   n   mean sd   min Q1 Median Q3 max 

Tumor burden                           

Unidimensional   Nivolumab   111   0.004 0.003   0 0.001 0.003 0.005 0.02 
Unidimensional   Docetaxel   42   0.005 0.004   0 0.002 0.004 0.006 0.019 

Bidimensional   Nivolumab   119   0.006 0.006   0 0.002 0.005 0.009 0.026 
Bidimensional   Docetaxel   51   0.006 0.005   0 0.003 0.004 0.009 0.025 

Volume   Nivolumab   126   0.008 0.007   0 0.003 0.006 0.012 0.032 
Volume   Docetaxel   47   0.008 0.007   0 0.003 0.005 0.01 0.031 

Heterogeneity                           
Log X Entropy   Nivolumab   63   0.003 0.003   0 0.001 0.003 0.004 0.015 

Log X Entropy   Docetaxel   23   0.004 0.004   0 0.002 0.003 0.005 0.017 
Log Z Entropy   Nivolumab   54   0.004 0.003   0 0.001 0.003 0.005 0.014 

Log Z Entropy   Docetaxel   20   0.004 0.005   0.001 0.002 0.003 0.005 0.018 
DWT1 HHL   Nivolumab   54   0.005 0.013   0 0.001 0.003 0.004 0.098 

DWT1 HHL   Docetaxel   27   0.004 0.005   0 0.002 0.003 0.004 0.021 
GLCM IMC1   Nivolumab   57   0.003 0.004   0 0.001 0.002 0.004 0.025 

GLCM IMC1   Docetaxel   21   0.005 0.006   0 0.001 0.003 0.004 0.021 
GTDM contrast   Nivolumab   48   0.004 0.004   0 0.001 0.003 0.005 0.023 

GTDM contrast   Docetaxel   21   0.006 0.004   0.001 0.003 0.005 0.008 0.014 
Boundaries                           

Shape SI4   Nivolumab   94   0.004 0.004   0 0.001 0.003 0.006 0.025 
Shape SI4   Docetaxel   31   0.006 0.006   0 0.003 0.005 0.008 0.026 

Sigmoid Slope   Nivolumab   71   0.017 0.017   0 0.006 0.011 0.026 0.096 

Sigmoid Slope   Docetaxel   36   0.017 0.017   0 0.007 0.011 0.021 0.069 
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II.4.2. Distribution of radiomics decay (d values) in nivolumab and docetaxel cohorts 
 
Table 7. Distribution of d values in cohorts A and B  

Imaging feature   Arm   n   mean sd   min Q1 Median Q3 max 

Tumor burden                           

Unidimensional   Nivolumab   54   0.005 0.004   0 0.002 0.003 0.007 0.02 
Unidimensional   Docetaxel   23   0.009 0.007   0 0.003 0.007 0.014 0.025 

Bidimensional   Nivolumab   53   0.009 0.006   0.001 0.004 0.007 0.012 0.027 
Bidimensional   Docetaxel   21   0.015 0.009   0.003 0.006 0.014 0.021 0.031 

Volume   Nivolumab   50   0.012 0.009   0 0.005 0.008 0.018 0.036 
Volume   Docetaxel   19   0.015 0.011   0.002 0.009 0.012 0.017 0.042 

Heterogeneity                           
Log X Entropy   Nivolumab   57   0.005 0.005   0 0.002 0.004 0.006 0.025 

Log X Entropy   Docetaxel   18   0.005 0.004   0 0.003 0.005 0.007 0.016 
Log Z Entropy   Nivolumab   53   0.005 0.006   0 0.001 0.004 0.007 0.027 

Log Z Entropy   Docetaxel   21   0.006 0.005   0 0.002 0.005 0.006 0.022 
DWT1 HHL   Nivolumab   62   0.005 0.005   0.001 0.003 0.005 0.006 0.026 

DWT1 HHL   Docetaxel   22   0.006 0.004   0 0.003 0.005 0.007 0.016 
GLCM IMC1   Nivolumab   57   0.005 0.006   0 0.002 0.004 0.006 0.04 

GLCM IMC1   Docetaxel   16   0.004 0.002   0 0.002 0.004 0.005 0.007 
GTDM contrast   Nivolumab   61   0.008 0.007   0.001 0.004 0.007 0.012 0.042 

GTDM contrast   Docetaxel   31   0.009 0.007   0.002 0.005 0.006 0.012 0.027 
Boundaries                           

Shape SI4   Nivolumab   53   0.005 0.005   0 0.002 0.004 0.008 0.027 
Shape SI4   Docetaxel   21   0.009 0.008   0 0.003 0.008 0.011 0.029 

Sigmoid Slope   Nivolumab   45   0.015 0.013   0.002 0.007 0.01 0.021 0.052 

Sigmoid Slope   Docetaxel   14   0.015 0.009   0.004 0.009 0.014 0.019 0.034 
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II.5. Signature in Non-Small Cell Lung Cancer Pts treated with Gefitinib 
 
II.5.1. Performance evaluation 
In the discovery cohort of colorectal cancer patients treated with anti-EGFR, the best predictive model included 13 
radiomics features. The signature included the four most contributive features from the best predictive model for the 
prediction of tumor sensitivity to treatment (Table 3).  
 
Table 8. Performances are expressed as AUCs with 95 confidence intervals.  
*The rank and importance are defined according to their prediction importance outputted by the Random Forest 
algorithm in the signature designed in the training set of the cohort of colorectal cancer patients treated with folofiri 
and cetuximab. 
 
 

Features   Anti-EGFR treatment 

Rank* Importance* Name Type 

  Discovery   Validation   Validation 
  CRC-CEHQ   CRC-CESD   NSCLC-G 
  mCRC   mCRC   NSCLC 
  Folfiri+Cetuximab   Folfiri+Cetuximab   Gefitinib 

1 0.005 Shape SI4** Radiomics   0.79 (0.69, 0.86)   0.53 (0.40, 0.66)   0.57 (0.40, 0.74) 
2 0.004 LoG Z Entropy** Radiomics   0.62 (0.52, 0.72)   0.56 (0.42, 0.69)   0.56 (0.39, 0.72) 
3 0.004 GTDM Contrast** Radiomics   0.68 (0.57, 0.77)   0.64 (0.51, 0.76)   0.76 (0.60, 0.91) 
4 0.004 LoG X Entropy**¥ Radiomics   0.70 (0.59, 0.78)   0.63 (0.50, 0.75)   0.64 (0.47, 0.80) 

Notes - CRC: colorectal cancer; CE: chemotherapy and anti-EGFR ; G: gefitinib; HQ: high quality dataset; SD: standard quality 
dataset 

 
 
  
II.5.2. Performance of radiomic delta-features to predict sensitivity to anti-EGFR treatment 
Out of 13 radiomics features identified in the best prediction model to predict tumor sensitivity to treatment in the 
training set of the discovery cohort (CRC-FCHQ), 11 radiomics features were reproducible in NSCLCs. We evaluated 
whether these 11 radiomics features predicted the tumor sensitivity to Gefitinib (anti-EGFR) in NSCLC. We aimed to 
determine whether the same early CT-changes after anti-EGFR initiation were associated with treatment efficacy in 
another tumor type.  To this end, we first demonstrated that some of these 11 radiomics features identified in mCRC 
treated with FOLFIRI+Cetuximab (anti-EGFR), are also associated with the presence of a tumor sensitivity to gefinitib 
(anti-EGFR) in NSCLC (Table 4, Figure 6). Some features are therefore generalizable to predict anti-EGFR efficacy 
in another tumor type. 
 
Table 9. AUC of features identified in CRC-FCHQ for the prediction of treatment sensitivity in NSCLC-GHQ 

Test Result Variable(s) AUC (95CI) P-value 
Increase indicates tumor sensitivity to gefitinib     
     GTDM Contrast*** .76 (.60:.91) .003 
     Eccentricity** .66 (.50:.82) .06 
     EdgeFreq Coarseness** .64 (.48:.81) .10 
     GTDM Strength .62 (.45:.79) .18 
     Spatial Correlation Mean Intensity .58 (.41:.75) .37 
     LoG Z Entropy Filter 0 .56 (.39:.72) .52 
Decrease indicates tumor sensitivity to gefitinib     
     Volume*** .82 (.70:.95) .0002 
     LoG Z Entropy Filter 3* .64 (.47:.80) .12 
     LoG X Entropy Filter 3* .64 (.47:.80) .12 
     Sigmoid Slope Energy .58 (.41:.75) .36 
     Shape SI4 .57 (.40:.74) .41 
***P<0.05, **P<0.10, *P<0.15     
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Figure 8. AUC of features identified in CRC-FCHQ for the prediction of treatment sensitivity in NSCLC-GHQ. 

Left. Increase at 8 weeks is associated with treatment sensitivity. 

Right. Decrease at 8 weeks is associated with treatment sensitivity 

 

   

II.5.3. Correlation between radiomic delta-features predicting sensitivity to anti-EGFR treatment  

Using Spearman's rho correlation coefficient (Table 5, Figure 7), we demonstrated that the radiomics features that can 

detect the presence of sensitivity to anti-EGFR in CRC and NSCLC were not correlated with early volumetric changes 

and might, therefore, provide incremental value to appraise the efficacy of cytostatic anti-EGFR therapies.  

 

Table 10. Correlation between radiomics features predicting treatment sensitivity in NSCLC patients treated 

with anti-EGFR with early-change in tumor volume. Spearman's rho correlation coefficient. The absence of a 

strong correlation with delta volume suggests that the use of radiomics features might provide incremental value.  

  

  

Volume LoG_Z_Entropy 

Filter 3 

LoG_X_Entropy 

Filter 3 

GTDM 

Contrast 

Eccentricity 

Volume 1.000 .019 .360* -.339* -.157 

LoG Z Entropy Filter 3 .019 1.000 .390** -.385** -.356* 

LoG X Entropy Filter 3 .360* .390** 1.000 -.450** -.086 

GTDM Contrast -.339* -.385** -.450** 1.000 .453** 

Eccentricity -.157 -.356* -.086 .453** 1.000 

* Correlation is significant at the 0.05 level (2-tailed).       

** Correlation is significant at the 0.01 level (2-tailed).       
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Figure 9. Radiomics features predicting treatment sensitivity in NSCLC patients treated with anti-EGFR are 

not strongly correlated with early-change in tumor volume. 
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II.6. Correlation and reproducibility analysis for the eight radiomics features included in the 
signatures 
 
II.6.1. Correlation between the eight radiomics features included in the signatures 
 
     Using unsupervised clustering, the eight radiomics features were grouped into clusters (Figure 8). Statistically 
significant correlations were displayed. The strength of the correlation was represented using circle size and color 
code. Strikingly, most radiomics features were not correlated with tumor size using either unidimensional, 
bidimensional, perpendicular or volumetric measurements. This demonstrate further the incremental value of using 
radiomics features in combination with size assessment for response evaluation.  
 
Figure 10. Correlogram of Radiomics features predicting treatment sensitivity in NSCLC patients  
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II.6.2. Reproducibility of the eight radiomics features included in the signatures for multiple reconstruction settings 
 
     Patients included in the multicenter nivolumab and docetaxel cohorts had heterogeneous imaging reconstruction 
settings while all patients included in the single center gefitinib cohort had the same reconstruction settings. The 
distribution of slice thickness in a multicenter clinical trial such as BMS CA209-063 is shown in Figure 9 which 
displays the slice thickness values in 232 available CT-scans with sharp reconstruction settings.   
 
Figure 11. Distribution of available slice 
thicknesses observed in one clinical trial 
including NSCLC patients treated with 
nivolumab or docetaxel  
  
 
 
 
 
 
 
 
 
 
      Due to the heterogeneity in slice thickness, we evaluated the impact of slice thickness on the 8 radiomics features 
selected in the signatures, using our previously acquired same-day repeat CT dataset [7]. In that study, each of the 
repeat CT scans’ raw data from thirty-two lung cancer patients were reconstructed into six imaging series using 
combinations of two reconstruction algorithms (smooth: S, sharp/lung: L; GE scanners) and three slice thicknesses 
(1.25mm, 2.5mm and 5mm).  Concordance correlation coefficients were used to assess the average inter-setting 
agreement for feature groups [27]. Table 6 shows the concordance correlation coefficients for the eight radiomics 
features included in the signatures for multiple reconstruction settings. The color code shows the strength of the 
concordance correlation coefficient. 
 
     The features associated with overall survival in the kinetics modeling (Volume, Shape SI4, and GLCM IMC1) 
appear to be reproducible across reconstruction settings. Although, CT images in this study were acquired from 
different institutions using various CT scanners with more variables than just the slice thickness and reconstruction 
algorithms, our repeat CT data covered a wide range of imaging settings used in lung cancer clinical trials and was 
the best patient image dataset available for testing feature reproducibility under heterogeneous image acquisition 
settings. Our results showed that the seven out of the eight signature features extracted from CT images acquired using 
the same reconstruction algorithm but different slice thicknesses were reproducible across all settings. 
 
Table 11. Concordance correlation coefficients for multiple image reconstruction settings  
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5 mm slice thickness was the most frequent 
reconstruction setting for lung images

Tumor burden
Slice S vs. L Settings Log X Log Z DWT1 GLCM GTDM Shape Sigmoid

thickness settings Entropy Entropy HHL IMC1 contrast SI4 Slope
Average 1.00 0.63 0.89 0.70 0.17 0.69 0.93 0.67

✓ 1.25S vs. 2.5S 0.999 0.959 0.980 0.801 0.566 0.856 0.941 0.809
✓ 1.25L vs. 2.5L 0.999 0.921 0.972 0.888 0.389 0.874 0.954 0.649
✓ 1.25S vs. 5S 0.998 0.770 0.926 0.794 0.296 0.551 0.895 0.486
✓ 1.25L vs. 5L 0.998 0.687 0.853 0.777 0.115 0.718 0.889 0.478
✓ 2.5S vs. 5S 0.997 0.855 0.954 0.880 0.687 0.795 0.931 0.745
✓ 2.5L vs. 5L 0.999 0.851 0.910 0.853 0.270 0.880 0.930 0.713
✓ ✓ 1.25L vs. 2.5S 0.999 0.382 0.806 0.687 -0.016 0.590 0.934 0.726
✓ ✓ 1.25S vs. 2.5L 0.999 0.622 0.912 0.388 0.005 0.779 0.931 0.650
✓ ✓ 1.25S vs. 5L 0.998 0.738 0.970 0.553 0.102 0.779 0.900 0.549
✓ ✓ 1.25L vs. 5S 0.995 0.240 0.693 0.588 -0.032 0.324 0.901 0.412
✓ ✓ 2.5S vs. 5L 0.998 0.651 0.969 0.758 0.150 0.826 0.945 0.755
✓ ✓ 2.5L vs. 5S 0.998 0.349 0.766 0.646 -0.025 0.424 0.912 0.618

✓ 1.25L vs. 1.25S 0.999 0.471 0.860 0.389 -0.028 0.750 0.935 0.781
✓ 2.5L vs. 2.5S 0.999 0.520 0.871 0.703 -0.003 0.721 0.950 0.733
✓ 5L vs. 5S 0.997 0.505 0.938 0.808 0.065 0.547 0.940 0.871

Reproducibility settings

Notes - Smooth reconstruction algorithm (S), sharp reconstruction algorithm (L).

Heterogeneity Boundaries

Volume
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II.6.3. Estimation of the eight radiomics features included in the signatures for multiple tumor sites 
 
     We evaluated if tissue site could exert substantial influence on the estimation of radiomics features and could 
therefore be a cofounding variable. Radiomics features were extracted from 13 tumor sites. The three most frequent 
tumor sites were the lung (1412 lesions), lymph nodes (766 lesions), and liver (525 lesions). Figure 10 displays the 
value of the eight radiomics features included in the signatures for each tumor sites. The chart at the top left display 
the order used to rank the features from the most frequent tumor site (left) to the less frequent tumor site (right). 
 
 Figure 12. Distribution of the eight radiomics features for each tumor site in the nivolumab and docetaxel 
cohorts 

 

Hu
nd

re
ds

0.0
0.2
0.4
0.6
0.8
1.0
1.2
1.4
1.6
1.8
2.0

Unidimensional

x 
10

00
00

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

Volume

0.0
0.5
1.0
1.5
2.0
2.5
3.0
3.5
4.0
4.5
5.0

LOG X Entropy

0.0
0.5
1.0
1.5
2.0
2.5
3.0
3.5
4.0
4.5
5.0

LOG Z Entropy

x 
10

00
00

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6
DWT1 HHL

0.0

-0.1

-0.2

-0.3

-0.4

-0.5

-0.6

-0.7

GLCM ICM1

0.0

0.2

0.4

0.6

0.8

1.0

1.2
GTDM Contrast

0.0

0.0

0.0

0.1

0.1

0.1

0.1

0.1
Shape SI4

Hu
nd

re
ds

-0.4

-0.3

-0.2

-0.1

0.0

0.1

0.2

0.3

0.4
Sigmoid slope

1412

766
525

192
32 30 27 22 14 8 7 2 20

200
400
600
800

1000
1200
1400
1600

Lu
ng

Ly
mph

 no
de

Liv
er

Adre
na

l

Abd
om

en
Pleu

ral

Soft
 tis

su
e

Kidn
ey

Che
st 

wall
Bon

e
Sple

en

Sub
cu

tan
eo

us

Peri
ton

ea
l



 

31 
 

Supplement Part III - References 
 
1. Rizvi NA, et al. Molecular characteristics predict clinical outcomes: prospective trial correlating response to the 

EGFR tyrosine kinase inhibitor gefitinib with the presence of sensitizing mutations in the tyrosine binding domain 
of the EGFR gene. Clin Cancer Res 2011;17(10):3500-6 doi 10.1158/1078-0432.CCR-10-2102. 

2. Dercle L, et al. Impact of Variability in Portal Venous Phase Acquisition Timing in Tumor Density Measurement 
and Treatment Response Assessment: Metastatic Colorectal Cancer as a Paradigm. JCO Clinical Cancer 
Informatics 2018. 

3. Lambin P, et al. Radiomics: the bridge between medical imaging and personalized medicine. Nature Reviews 
Clinical Oncology. 2017 Dec;14(12):749. 

4. Tan Y, et al. Segmentation of lung lesions on CT scans using watershed, active contours, and Markov random 
field. Med Phys 2013;40(4):043502 doi 10.1118/1.4793409. 

5. Tan Y, et al, Juanita Scott ML, Schwartz LH, et al. Assessing the effect of CT slice interval on unidimensional, 
bidimensional and volumetric measurements of solid tumours. Cancer Imaging 2012;12:497-505 doi 
10.1102/1470-7330.2012.0046. 

6. Tan Y, et al. Segmentation of lung lesions on CT scans using watershed, active contours, and Markov random 
field. Medical physics 2013;40(4).     

7. Zhao B, et al. Reproducibility of radiomics for deciphering tumor phenotype with imaging. Sci Rep 2016;6:23428 
doi 10.1038/srep23428. 

8. Chen, Aiping, et al. "CT-Based Radiomics Model for Predicting Brain Metastasis in Category T1 Lung 
Adenocarcinoma." American Journal of Roentgenology (2019): 1-6. 

9. Linning, E., et al. "Radiomics for Classifying Histological Subtypes of Lung Cancer Based on Multiphasic 
Contrast-Enhanced Computed Tomography." Journal of computer assisted tomography 43.2 (2019): 300-306. 

10. Linning, E., et al. "Radiomics for Classification of Lung Cancer Histological Subtypes Based on Nonenhanced 
Computed Tomography." Academic radiology (2018). 

11. LeCun Y, et al. Deep learning. Nature, 2015, 521(7553): 436-444. 
12. Simonyan K, et al. Very deep convolutional networks for large-scale image recognition. arXiv preprint 

arXiv:1409.1556, 2014. 
13. Krizhevsky A, Sutskever I, Hinton G E. Imagenet classification with deep convolutional neural networks. 

Advances in neural information processing systems. 2012: 1097-1105. 
14. Lawrence I-Kuei Lin (March 1989). "A concordance correlation coefficient to evaluate reproducibility". 

Biometrics. International Biometric Society. 45 (1): 255–268. 
15. Lu L, Ehmke R C, Schwartz L H, et al. Assessing agreement between radiomic features computed for multiple CT 

imaging settings[J]. PloS one, 2016, 11(12): e0166550. 
16. Kononenko I. Estimating attributes: analysis and extensions of RELIEF. European conference on machine 

learning. Springer, Berlin, Heidelberg, 1994: 171-182. 
17. Alon U, Barkai N, Notterman D A, et al. Broad patterns of gene expression revealed by clustering analysis of 

tumor and normal colon tissues probed by oligonucleotide arrays. Proceedings of the National Academy of 
Sciences, 1999, 96(12): 6745-6750. 

18. Ding C, Peng H. Minimum redundancy feature selection from microarray gene expression data. Journal of 
bioinformatics and computational biology, 2005, 3(02): 185-205. 

19. Cortes C, Vapnik V. Support vector machine. Machine learning, 1995, 20(3): 273-297. 
20. Beyer K, Goldstein J, Ramakrishnan R, et al. When is “nearest neighbor” meaningful. International conference 

on database theory. Springer, Berlin, Heidelberg, 1999: 217-235. 
21. McCallum A, Nigam K. A comparison of event models for naive bayes text classification[C]//AAAI-98 workshop 

on learning for text categorization. 1998, 752: 41-48. 
22. Breiman L. Random forests. Machine learning, 2001, 45(1): 5-32. 
23. Breiman L. Bagging predictors. Machine learning, 1996, 24(2): 123-140. 
24. Tibshirani R. Regression shrinkage and selection via the lasso. Journal of the Royal Statistical Society. Series B 

(Methodological), 1996: 267-288. 
25. Devijver, Pierre A.; Kittler, Josef (1982). Pattern Recognition: A Statistical Approach. London, GB: Prentice-

Hall. 
26. Efron B, Tibshirani R J. An introduction to the bootstrap. CRC press, 1994. 
27. Lu, L., Ehmke, R. C., Schwartz, L. H., & Zhao, B. (2016). Assessing agreement between radiomic features 

computed for multiple CT imaging settings. PloS one,  


