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Abstract

Objectives—Immune-checkpoint blockades have exhibited durable responses and improved 

long-term survival in a subset of advanced non-small-cell lung cancer (NSCLC) patients. 

However, highly predictive markers of positive and negative responses to immunotherapy are a 

significant unmet clinical need. The objective of this study was to identify clinical and 

computational image-based predictors of rapid disease progression phenotypes in NSCLC patients 

treated with immune-checkpoint blockades.

Materials and Methods—Using time-to-progression (TTP) and/or tumor growth rates, rapid 

disease progression phenotypes were developed including hyperprogressive disease. The pre-

treatment baseline predictors that were used to identify these phenotypes included patient 

demographics, clinical data, driver mutations, hematology data, and computational image-based 

features (radiomics) that were extracted from pre-treatment computed tomography scans. 

Synthetic Minority Oversampling Technique (SMOTE) was used to subsample minority groups to 
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eliminate classification bias. Patient-level probabilities were calculated from final clinical-

radiomic models to subgroup patients by progression-free survival (PFS).

Results—Among 228 NSCLC patients treated with single agent or double agent immunotherapy, 

we identified parsimonious clinical-radiomic models with modest to high ability to predict 

progression phenotypes with area under the receiver-operator characteristics ranging from 0.812 to 

0.843. Patients who experienced TTP < 2 months or hyperprogressive disease were classified with 

73.4% and 82.3% accuracy after SMOTE subsampling, respectively. When the patient subgroups 

based on patient-level probabilities were analyzed for survival outcomes, patients with higher 

probability scores had significantly worse PFS.

Conclusions—The models found in this study have potential important translational 

implications to identify highly vulnerable NSCLC patients treated with immunotherapy that 

experience rapid disease progression and survival poor outcomes.
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Introduction

Immune-checkpoint blockades targeting programmed death-1 (PD-1) or programmed death 

ligand-1 (PD-L1) provide durable responses and improved long-term survival in advanced 

non-small-cell lung cancer (NSCLC) patients [1–6]. However, overall response rates are 

only about 20 to 50% and those that do not respond can experience accelerated and lethal 

progression described as hyperprogressive disease (HPD) [7, 8]. Though PDL1 

immunohistochemistry (IHC) is a widely applied biomarker to select patients for 

immunotherapy, PD-L1 expression alone is not adequate to predict response [9, 10]. 

Recently, a clinical trial demonstrated that immunotherapy combined with chemotherapy 

exhibits survival benefit regardless of PD-L1 expression [6]. Hence, additional biomarkers 

that are highly predictive of positive and negative responses to immune-checkpoint 

blockades are a significant unmet clinical need.

In this early report, we utilized clinical data and computed tomography (CT) scans of 

NSCLC patients treated on immunotherapy clinical trials to develop parsimonious 

identifying patients that are at risk of rapid disease progression. From the CT scans, we 

extracted image-based feature (radiomics) data to capture peritumoral and intratumoral 

heterogeneity reflecting the underlying pathophysiology of the regions of interest (ROI) [11–

13] that included the lung lesion and surrounding border region of the lung lesion (Fig. 1a). 

The rapid disease progression phenotypes that were analyzed were based on time-to-

progression (TTP) and tumor growth rates (TGR).

Materials and Methods

Study population and patient data

Based on patient eligibility (Supplementary Fig. 1), we analyzed 228 NSCLC patients that 

were prospectively enrolled into industry-sponsored clinical trials using PD-1 single agent 
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(Nivolumab, Pembrolizumab), PD-L1 single agent (Durvalumab, Atezolizumab), or the 

combination of PD-L1 or PD-L1 with cytotoxic T-lymphocyte-associated protein 4 

(Ipilimumab, Tremelimumab) as a second agent. All patients were treated between June 

2011 and June 2016 at the Moffitt Cancer Center, Tampa, Florida. Patient data were obtained 

from Moffitt’s Cancer Registry, Moffitt’s Collaborative Data Services Core, and through 

manual abstraction from electronic medical records. Details of the study population and data 

elements are provided in the Supplemental Methods.

CT tumor segmentation and radiomic feature extraction

Pre-treatment contrast-enhanced thoracic CT scans performed ≤ 30 days prior to the 

initiation of immunotherapy were utilized to extract radiomic features. From the largest 

target lung lesion, 600 radiomic features were extracted from both the tumor and tumor 

border regions (Supplementary Fig. 2).

Rapid disease progression phenotypes

Two rapid disease progression phenotypes were generated as dependent variables (Fig. 1b):

I. Patients who had a TTP < 2 months versus the patients who had a TTP ≥ 2 

months;

II. Patients who had a HPD versus patients without a HPD (non-HPD);

HPD patients were a subset of progressive disease (PD) patients that exhibited accelerated 

TGR in less than 2 months (Fig. 1c) and were defined based on a stringent set of criteria 

adapted from prior studies [7, 14, 15]:

I. Greater than a two-fold increase from TGRpre-treatment to TGRtreatment, and

II. PD on first follow-up scan by RECIST (RECIST 1.1 or iRECIST) criteria, and

III. Time-to-treatment failure (TTF) < 2 months.

Statistical Analyses

All statistical analyses were performed using Stata/MP 14.2 (StataCorp LP, College Station, 

Texas) and R Project for Statistical Computing version 3.4.3 (http://www.r-project.org/). 

Differences for the clinical covariates were tested using Fisher’s exact test for categorical 

variables and the Mann-Whitney’s rank sum test and analysis of variance test for continuous 

variables. Survival analyses were performed using Kaplan-Meier curves, and the log-rank 

tests. For the radiomics data, non-reproducible features were eliminated using test/re-test 

scans from the Reference Image Database to Evaluate Therapy Response (RIDER) dataset 

[16].

Using logistic regression, a covariate reduction model building approach was employed to 

identify the most informative clinical covariates and radiomic features to predict outcomes 

for each rapid disease progression phenotype. Performance statistics were quantified using 

area under the receiver-operator characteristic (AUROC) and accuracy and used to compare 

the predictive performance of the various models. Patient-level probability for disease 

progression of final clinical-radiomic models were calculated and used to subgroup patients 
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to assess progression-free-survival (PFS) and the individual probability for each patient were 

identified using novel cut-points found using Classification and Regression Tree (CART). 

Synthetic Minority Over-sampling Technique (SMOTE) was used to overcome classification 

bias in favor of the majority class [17]. Further details are included in Supplemental 

Methods.

Results

Patient characteristics comparing TTP < 2 months vs TTP ≥ 2 months and HPD vs non-HPD 

are provided in Supplementary Table 1. Supplementary Table 2 presents the full and 

parsimonious multivariable models for the clinical covariates. For the analysis of TTP < 2 

months versus TTP ≥ 2 months, the full clinical model included eight clinical covariates 

with an AUROC of 0.770, whereas the parsimonious clinical model included four covariates 

with an AUROC 0.736. In multivariable analysis for HPD versus non-HPD, the full model 

included two clinical covariates with an AUROC of 0.783 whereas the parsimonious clinical 

model with one variable feature yielded an AUROC 0.712.

Four hundred and nine features were found to be reproducible (concordance correlation 

coefficient ≥ 0.80). The reproducible features that were found to be marginally significant (p 

< 0.10) on univariable analysis (Supplementary Table 3) were then considered for inclusion 

in the multivariable analyses. In multivariable analysis the parsimonious radiomics model 

with only four features yielded an AUROC of 0.717 (Supplementary Fig. 3). In multivariable 

analysis for HPD versus non-HPD, the parsimonious radiomics model with only one feature 

yielded an AUROC 0.674 (Supplementary Fig. 3).

The parsimonious models for the clinical covariates and radiomic features were combined 

into a final clinical-radiomic model (Supplementary Fig. 3). The final clinical-radiomic TTP 

< 2 months vs TTP ≥ 2 months model yielded an AUROC of 0.804 (Supplementary Fig. 3) 

with 83.4% specificity, 63.4% sensitivity and 73.4% accuracy after SMOTE subsampling 

and optimal cut-point approach (Table 1). The final clinical-radiomic HPD vs. non-HPD 

model yielded an AUROC score 0.865 (Supplementary Fig. 3) with 92.9% specificity 74.0% 

sensitivity and 82.3% accuracy after SMOTE subsampling (Table 1).

When patients were grouped based on an HPD included RECIST at first follow-up 

(Supplementary Fig. 4), HPD patients had significantly lower overall survival (OS). Patient-

level probabilities from the final TTP < 2 months vs TTP ≥ 2 months model was subgrouped 

and analyzed for survival outcomes where patients with lower probability scores had 

significantly improved PFS. These results were consistent when the probability scores were 

categorized by CART (Supplementary Fig. 5) and percentiles (Supplementary Fig. 6).

Discussion

Although immunotherapy can provide clinical benefit among late stage lung cancer patients, 

published studies have reported that only 20 to 50% of patients exhibit durable responses [1–

6, 8]. Moreover, rapid disease progression is associated with rapid and lethal outcomes 

(Supplemental Fig. 4), particularly HPD [7]. As such, in this early report we identified novel 

parsimonious models containing highly informative clinical data and radiomic features to 
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predict rapid disease progression phenotypes of NSCLC patients with modest to high 

AUROCs ranging from 0.804 to 0.865 (Supplementary Fig. 3) and accuracies ranging from 

73.4% to 82.3%.

Prior studies have also documented rapid disease progression phenotypes, including HPD, in 

the immunotherapy setting [7, 14, 15]. The cumulative evidence from these prior studies and 

our analyses demonstrate that clinical data have modest performance in predicting 

immunotherapy treatment response. To improve the discriminatory classification of rapid 

disease progression phenotypes, we incorporated radiomic features extracted from pre-

treatment baseline CT images. The parsimonious models from the radiomic only models 

yielded modest performance; however, substantial improvements in the AUROCs were 

observed when clinical and radiomic features were combined to predict the rapid disease 

progression phenotypes (Supplementary Fig. 3).

For the analyses comparing TTP < 2 months vs. TTP ≥ 2 months, the combined final 

radiomic-clinical model produced an AUROC of 0.804 (with 83.4% specificity, 63.4% 

sensitivity, and 73.4% accuracy) based on four clinical covariates and four radiomic features. 

The clinical covariates in the final model were presence of hepatic and bone metastasis, 

previous lines of systemic therapies, and neutrophils to lymphocytes ratio (NLR). Prior 

studies have shown that presence of hepatic and/or bone metastases are associated with poor 

outcomes on NSCLC patients [18, 19]. In the bone marrow, the resident and infiltrated 

stromal cells and their molecular mediators create a unique bone metastatic 

microenvironment that leads to persistent immunosuppression [19] and the liver is a known 

site of immune tolerance which may be the cause of resistant liver metastasis lesions to 

immunotherapy. Elevated baseline-derived NLR have been associated with reduced OS and 

PFS in NSCLC treated with immunotherapies [18, 20]. Increased NLR is a measure of 

reduced lymphocytes which suppresses the host immune response where elevated NLR in 

the blood could be an implication of inflammatory cells being present in tumor 

microenvironment (TME) that leads to immune evasion or escape from the immune 

intervention [21]. Tumors that were exposed to higher number of systemic treatments could 

result in a clonal selection of resistant tumor cells that are able to evade immune-

surveillance. Another possibility is that these tumors might have an innate resistance to any 

cancer therapy thereby exhibiting an “immune-desert” phenotype. Three of the four 

radiomic features (radial gradient border SD-2D, border quartile coefficient of dispersion, 

border 3D Laws E5E5L5,) were extracted from the border regions of the tumors, which is 

the immediate outside of the tumors that may be capturing data related to the TME. Radial 

gradient border SD-2D feature has previously shown to be associated with OS and semantic 

radiology of lung cancer patients [22]. Border quartile coefficient of dispersion, calculates 

the dispersion of the distribution of border region intensities which quantifies the degree of 

heterogeneity of the TME. Two 3D Laws features were also identified (3D Laws E5L5E5 

and border 3D Laws E5E5L5) that quantify voxel-by-voxel differences and capture spatial 

and textural heterogeneity across the ROI [23].

The final clinical-radiomic model for HPD versus non-HPD analysis included Royal 

Marsden Hospital (RMH) prognostic score and one radiomic feature and revealed an 

AUROC of 0.865 with 92.9% specificity 74.0% sensitivity and 82.3% accuracy. The RMH 
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prognostic score is a clinical prognostic score which has been shown to predict OS of 

immunotherapy patients [7] and advanced staged lung cancer patients [24]. The radiomic 

feature, border NGTDM strength, quantifies the similarity of pixel intensities within a 

neighborhood to derive heterogeneity and texture of the TME [25]. Though the biological 

underpinnings of HPD are currently unknown, published studies have speculated that 

checkpoint blockades may be in a proliferative activating oncogenic signaling response [7], 

aberrations in driver genes may be co-amplifying pathways that initiate HPD [14], and 

regulatory T-cells that suppress antitumor T-cell responses may promote tumor proliferation 

[15]. As radiomic features have been shown to capture biological information and genomic 

pathways [12] and correlate with genomic mutations [26], we speculate that these features 

associated with rapid disease progression could be capturing one or more of these 

characteristics. Nonetheless, further research is needed to elucidate the mechanisms of rapid 

disease progression and HPD and of the biology of the radiomic features that predicts 

disease outcomes.

We acknowledge both limitations and strengths of this study. This is an early report 

demonstrating the potential utility of radiomics to predict rapid disease progression 

phenotypes; these results will need to be replicated in independent test and validation 

cohorts. PD-L1 expression data were not available for these patients since the IHC assays 

were performed by the industry sponsors. Though, prior studies have revealed that PD-L1 

expression has limitations in predicting immunotherapy response [27, 28]. A recent clinical 

trial study demonstrated that regardless of PD-L1 expression, immunotherapy combined 

with chemotherapy offers survival benefit [6]. Thus, inclusion of PD-L1 status may add little 

or no improvement to the performance of our models.

Because of the complexity in objective immunotherapy response, including 

hyperprogressive disease, pseudo-progression, and acquired resistance, there is a pressing 

challenge to identify biomarkers to predict patients that are least likely to respond. In this 

early report, we identified novel models containing informative clinical covariates and 

radiomic image features to predict rapid disease phenotypes including HPD. Additional 

research with independent test and validation will be needed to demonstrate the clinical 

utility of these findings.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights

• Models that included radiomics and clinical data predicted patients that 

responded to checkpoint blockades.

• Hyperprogressive disease was observed in a subset of patients were associated 

with extremely poor outcomes

• Radiomic features extracted from peritumoral regions of lung tumors were 

shown to be more informative.
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Fig 1A. The Radiomics Pipeline.
Using standard-of-care imaging studies, tumor(s) are segmented by an automatic or semi-

automatic algorithm and approved by a radiologist. Radiomic features are computationally 

extracted from ROIs within and around tumor. Radiomic image features that are redundant 

and non-reproducible features are eliminated, and a final set of features are combined with 

clinical data and conventional biomarkers (e.g., immunohistochemistry, liquid biopsies, and 

molecular markers). The data are analyzed and modeled to identify the most informative 

data elements that can used to improve decision support for diagnosis, risk prediction, 

prognostication, or treatment response.
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Fig 1B. Response groups of immunotherapy patients
The non-responders were defined as patients who developed PD in less than 2 months (time-

to-progression < 2 months). Patients who discontinued treatment and had an accelerated 

tumor growth were defined as HPD. The PD without HPD patients had PD on first follow-up 

and did not meet the HPD criteria. Responder patients were ones who developed had an 

ongoing response (PR/CR or SD) or developed PD at least 2 months after the initiation of 

therapy (TTP ≥ 2 months).
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Fig 1C. 
Example of an HPD patient that had SD prior to the initiation of immunotherapy but 

developed rapid tumor growth on first follow-up and experienced more than 2-fold increase 

from pre-treatment tumor growth versus treatment.
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Table 1

Performance statistics from the combined multivariable models and SMOTE subsampled multivariable models

TTP < 2 months vs TTP ≥ 2 months1 HPD vs non-HPD2

Performance statistics cut 
points

Combined model 
without SMOTE

Combined model with 
SMOTE

Combined model 
without SMOTE

Combined model with 
SMOTE

50% cut-point

 Area under ROC curve 
(95% CI) 0.812 (0.731–0.890) 0.804(0.752–0.855) 0.843 (0.712–0.973) 0.865 (0.818–91.1)

 Accuracy (95% CI) 84.50% (78.42–89.47) 71.2% (65.36–76.53) 90.71% (84.64–94.96) 78.74% (73.19–83.61)

 Specificity 97.00% 74.44% 99.21% 66.14%

 Sensitivity 50.00% 67.91% 7.69% 91.34%

 Positive Predictive Value 85.71% 72.80% 50.00% 72.96%

Optimal cut-point

 Optimal cut-point 0.369 0.563 0.120 0.591

 Area under ROC curve 
(95% CI) 0.812 (0.731–0.890) 0.804(0.752–0.855) 0.843 (0.712–0.973) 0.865 (0.818–91.1)

 Accuracy (95% CI) 81.81% (75.36–87.11) 73.41% (67.68–78.61) 75.71% (65.75–82.56) 82.28% (77.02–86.77)

 Specificity 88.72% 83.46% 74.80% 74.02%

 Sensitivity 62.50% 63.43% 92.31% 90.55%

 Positive Predictive Value 66.67% 79.44% 26.68% 77.70%

Abbreviations: CI, confidence interval; HPD, Hyperprogressive disease; TTP, Time-to-progression.

1
The clinical features in the models were: Previous lines of therapy, presence of hepatic metastasis, presence of bone metastasis and NLR. The 

radiomics features were: Radial gradient border SD-2D, 3D Laws E5L5E5, border 3D Laws E5E5L5 and border quartile coefficient of dispersion.

2
The clinical feature in the models was: RMH prognostic score and the radiomic feature was border NGTDM strength.
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