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Introduction: Immunotherapy is regarded as one of the major breakthroughs in cancer treatment. Despite its success, only a
subset of patients responds—urging the quest for predictive biomarkers. We hypothesize that artificial intelligence (AI)
algorithms can automatically quantify radiographic characteristics that are related to and may therefore act as noninvasive
radiomic biomarkers for immunotherapy response.
Patients and methods: In this study, we analyzed 1055 primary and metastatic lesions from 203 patients with advanced
melanoma and non-small-cell lung cancer (NSCLC) undergoing anti-PD1 therapy. We carried out an AI-based characterization of
each lesion on the pretreatment contrast-enhanced CT imaging data to develop and validate a noninvasive machine learning
biomarker capable of distinguishing between immunotherapy responding and nonresponding. To define the biological basis of
the radiographic biomarker, we carried out gene set enrichment analysis in an independent dataset of 262 NSCLC patients.
Results: The biomarker reached significant performance on NSCLC lesions (up to 0.83 AUC, P < 0.001) and borderline
significant for melanoma lymph nodes (0.64 AUC, P ¼ 0.05). Combining these lesion-wide predictions on a patient level,
immunotherapy response could be predicted with an AUC of up to 0.76 for both cancer types (P < 0.001), resulting in a 1-year
survival difference of 24% (P ¼ 0.02). We found highly significant associations with pathways involved in mitosis, indicating a
relationship between increased proliferative potential and preferential response to immunotherapy.
Conclusions: These results indicate that radiographic characteristics of lesions on standard-of-care imaging may function as
noninvasive biomarkers for response to immunotherapy, and may show utility for improved patient stratification in both
neoadjuvant and palliative settings.
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Introduction
Cancer immunotherapy has made promising strides as a result of
improved understanding of biological interactions between
tumor cells and the immune system. Both the EMA and the FDA

have approved anti-PD1 antibodies to treat melanoma or nonsmall-cell lung cancer (NSCLC) patients with unresectable or
metastatic disease, which progressed under platinum-based
chemotherapy or display high expression of PD-L1 [1–4]—with
overall response rates of 44% and 32% in first and second line in
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melanoma [5, 6] and 19% in second line in lung cancer [7–9].
Unlike traditional cancer treatment, anti-PD1 antibodies potentiate the antitumor immune response.
Despite their remarkable success, clinical benefit remains limited to only a subset of patients [10]. As immunotherapy is expensive and could bring toxicity, there is a need to stratify
patients according to likely benefit before therapy. Different biomarkers have been investigated with variable success, such as
levels of PD-L1 [11–13], presence of tumor-infiltrating lymphocytes [14, 15], genetic mutations [16–18] and inflammatory cytokines [19].
Recent emergence of quantitative imaging biomarkers provide
promising opportunities. Unlike traditional biopsy-based assays
that represent only a sample of the tumor, images reflect the entire
tumor burden, providing information on each cancer lesion with
a single noninvasive examination. This is of particular importance
in immunotherapy, where different lesions can have different
microenvironments potentially leading to heterogeneous response
patterns [20]. Previously, radiolabeled anti-PD1 antibodies were
used to visualize specific immunological expressions [21].
Computational imaging approaches originating from artificial
intelligence (AI) have achieved impressive successes in automatically quantifying radiographic characteristics of tumors [22]. AIbased characterization on radiology is referred to as ‘radiomics’
and can provide more detailed characterization than possible by
eye [22–24]. Radiomics-based biomarkers have shown success in
different tumor types [25–31]; but to the best of our knowledge,
there is no evidence yet in immunotherapy. Tumor morphology,
visualized on imaging, is likely influenced by several aspects of
tumor biology. We hypothesize that a set of morphological characteristics, quantified by radiomics, are related to and may therefore act as predictive markers.
In this study, we analyzed all visible cancer lesions to evaluate
the potential predictive value of CT-derived radiomic biomarkers
in metastatic NSCLC and melanoma patients receiving immunotherapy. A biologic evaluation was carried out in an independent
validation set of surgical NSCLC patients with imaging and geneexpression data.

Methods–patients
Immunotherapy dataset
Patients with metastatic melanoma or NSCLC receiving 3 mg/kg/2 weeks
of anti-PD1 at the Netherlands Cancer Institute (NKI) between 2014 and
2016 were retrospectively analyzed (for more information see supplementary material S1, available at Annals of Oncology online). Contrastenhanced computed tomography (CE-CT) scans were acquired before
(baseline) and around 12 weeks after start of treatment (follow-up) (see
supplementary material S2, available at Annals of Oncology online). The
study protocol was approved by the Medical Ethics Committee and
Board of Directors of the NKI and informed consent was waived.

Genomics dataset
To provide biological validation, we evaluated an independent, dataset of
surgical NSCLC patients between 2006 and 2009 treated at the H. Lee
Moffitt Cancer Center. Pre-surgical CE-CT (within 60 days of diagnosis)
and gene expression data were available for 262 patients. The University
of South Florida IRB approved and waived informed consent
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(IRB#16069); in accordance with HIPAA (more information in supplementary material S4, available at Annals of Oncology online [32]).

Chemotherapy dataset
To study the specificity of the radiomic biomarker for immunotherapeutic response prediction, we retrospectively collected a cohort of 39
patients with stage IV NSCLC treated with cytotoxic chemotherapy at
NKI between 2015 and 2016 (IRBd18079, more information in supplementary material S4, available at Annals of Oncology online).

Imaging data and lesion segmentations
Experienced readers manually delineated lesions on baseline and followup scans. Target lesions were defined as any tumor that was welldemarcated on both baseline and follow-up with diameter 5 mm (see
supplementary material S5, available at Annals of Oncology online).
Examples are shown in Figure 1A and B.
Response kinetics
To assess the effects of mixed response, we carried out a lesion-perlesion assessment of relative change in diameter between baseline and
follow-up, using RECIST criteria. Furthermore, in patients with >1 lesion, we classified response patterns on a patient basis as mixed for
patients presenting both responding and progressive lesions and uniform
for patients presenting only responding or progressive lesions (irrespective of stable lesions). This setup allows for the characterization of overall
tumor burden.

Radiographic differences between responding and
progressive lesions
To generate radiomic sequences for each lesion at baseline, a set of radiomic features was defined [33] (see Figure 1E and supplementary material
S6, available at Annals of Oncology online). Radiomic features of
responding and progressive lesions were directly compared with identify
differences. To reduce redundancy, 10 complementary features were
selected using unsupervised feature selection [34]. Statistical significance
was assessed using generalized mixed-effect models—controlling for patient, tumor type and organ. False discovery rate was at 10% to correct
for multiple comparisons.

Radiomic biomarkers to predict immunotherapy
response of cancer lesions
To assess the performance of the radiomic biomarker, we developed a
machine learning model [35–37]. We trained the model on all lesions
(i.e. progressive, stable and responding) to discern progressive disease.
The dataset was divided into training, tuning and testing sets based on
patient identifiers. The training set was used to model data distributions.
The tuning set was used during training to control for overfitting. The
test set was used for independent evaluation (see Figure 1F and supplementary materials S7 and S8, available at Annals of Oncology online).
Mann–Whitney U test was used for statistical testing of AUC curves, onesided McNeils test was used to test if the radiomic biomarker was outperforming volume and maximum diameter, and log-rank test was used for
statistical testing of survival performance.
To test for radiomic association with molecular pathways, Spearman’s
rank correlation coefficient was used. Pathways were then ranked by
log10(p), where p is the correlation P-value, and put into a preranked
gene set enrichment analysis (GSEA) algorithm [38] version 2.0.14 on
the C2 collection version Molecular Signature Database (MSigDB) [39].

doi:10.1093/annonc/mdz108 | 999

Original article
A

Annals of Oncology
B

E

C

D

F

Figure 1. (A) Baseline contrast-enhanced CT scan of melanoma patient presenting with metastases in the liver and lymph nodes in the axilla
and subclavicular area. (B) Follow-up scan of the same patient showing complete response in the axillary region and partial response of the
lesions in the liver and neck. (C) Baseline CT scan of an NSCLC patient presenting lesion in the left lung, that showed progression at a later
FU CT (data not shown). (D) Baseline CT scan of a melanoma patient presenting lesions in the right lung that showed response at a later FU
CT (data not shown). (E) Schematic representation of the radiomics feature extraction process. (F) Schematic of the machine learning
process.

Results
Immunotherapy response kinetics
To assess immunotherapy response kinetics, 203 (123 NSCLC, 80
melanoma) patients were analyzed with a total of 1055 target
lesions (see supplementary material S1, available at Annals of
Oncology online). Lesions were similarly distributed between
NSCLC (n ¼ 572, 54%) and melanoma (n ¼ 483, 46%). The most
common lesion sites were lung (n ¼ 359, 34%), lymph nodes
(n ¼ 312, 30%) and liver (n ¼ 212, 20%). Most lesions (n ¼ 746
versus 309, v2 test P < 0.01) showed either stable (n ¼ 395) or
partial response (n ¼ 351).
Melanoma lesions showed better overall response than NSCLC
(40% versus 27% responding, P < 0.01; 23% versus 34% progression, P < 0.01). This trend was more evident for lung lesions,
where we observed progression in NSCLC (39% versus 14%,
P < 0.01) and response in melanoma (48% versus 26%,
P < 0.01). Hepatic melanoma lesions showed response in comparison with NSCLC (22% versus 36%, P ¼ 0.04). Examples are
shown in Figure 1C and D.
Comparing per-patient response patterns in both cancer types,
we observed that 23% (n ¼ 47) showed uniform response, 27%
(n ¼ 55) uniform progression and 22% (n ¼ 45) mixed response.
The remaining 28% (n ¼ 56) of the patients did not have multiple
target lesions or presented only stable lesions. Significantly higher
survival rates were seen in uniform response (log-rank test,
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P < 0.01). This was evident in melanoma (log-rank-test,
P < 0.01), while in NSCLC, despite similar trends, did not reach
significance (P ¼ 0.08). Per-patient response kinetics are shown
in Figure 2A. Kaplan–Meier curves are shown in Figure 2B and D.

Radiographic differences between responding and
progressive lesions
To investigate radiographic differences between responding and
progressing lesions, we compared their radiomic features (see
supplementary Figure S9.1A and material S2, available at Annals
of Oncology online). Among the most common locations (lung,
lymph nodes, liver and adrenal gland), responding lesions
presented higher levels of irregular patterns (Wavelet.
HLH_GLSZM_ZoneEntropy, Kenward–Roger test P ¼ 0.007)
with more compact, spherical profiles (SurfaceVolumeRatio,
P ¼ 0.01). Subanalysis on location revealed increased values of
morphological heterogeneity in hepatic, nodal and splenic lesions
associated with response (P < 0.02).
Of the most common NSCLC lesions, similar trends for morphological heterogeneity were seen at the organ level in pulmonary and hepatic lesions, as well as lymph nodes also characterized
by the presence of hypodense regions (P ¼ 0.007). No significance
was observed in primary NSCLC tumors. Among most common
melanoma lesions greater morphological heterogeneity showed
association
with
response
(GLCM_DifferenceEntropy,
P ¼ 0.006). Similar trends for morphological heterogeneity were
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Figure 2. (A) Response kinetics curve depicting individual lesion responses (as dots) on a patient-to-patient basis. (B) One-year survival plot
for all analyzed patients (C) for melanoma patients only, (D) for NSCLC patients only.

seen but lower sample numbers did not allow to pass the patient
correction.

Radiomic biomarker to predict immunotherapy
responding and stable lesions
To assess the performance of radiomics to rule out progression,
we used machine learning to develop a single radiomic biomarker
with 133 patients in the discovery set and 70 patients in test (see
supplementary material S3, available at Annals of Oncology online). A random forest with wrapper feature selection was used to
develop radiomic biomarkers based on the performance in the
discovery set (see supplementary material S7, available at Annals
of Oncology online) and was validated on the independent test set.
In NSCLC, radiomic biomarker from pulmonary (0.83 AUC,
Mann–Whitney U test P < 0.001) and nodal metastases (0.78
AUC, P < 0.001) showed significant performance. Satisfactory
performance was observed in NSCLC primary tumors (0.79
AUC, P ¼ 0.05), hepatic (0.75 AUC, P ¼ 0.13) and adrenal lesions
(0.70 AUC, P ¼ 0.18) but did not reach significance mostly due to
the low number of samples. The model carried out poorly on
both pulmonary and hepatic melanoma lesions (0.55 AUC).
Despite these results, a trend toward significance is shown in
nodal metastases (0.64 AUC, P ¼ 0.05) (see Figure 3A).
Evaluation of the radiomic biomarker on all 303 lesions within
the test dataset resulted in significant predictive performance
(0.66 AUC, P < 0.01; see supplementary material S3, available at
Annals of Oncology online).
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By combining predictions made on individual lesions, it is possible to do a pretreatment patient-wise prediction of immunotherapy response (see Methods section). Significant
performances were observed to predict OS for both tumor types
(0.76 AUC for all patients, P < 0.01; 0.76 AUC for NSCLC
patients, P < 0.01; 0.77 AUC for melanoma patients, P < 0.01; see
Figure 3B), with a significant survival difference at 1-year of 25%
(77% versus 52%, log-rank-test, P ¼ 0.02; see Figure 3C).
Interestingly, in melanoma patients, we observed significant performance to predict OS and response, despite the lower performance on a lesion level.
This radiomic immunotherapy response biomarker could not
significant predict overall survival in patients treated with cytotoxic chemotherapy (P ¼ 0.07), nor in terms of overall patient response (AUC ¼ 0.63; P ¼ 0.09). In terms of lesion response, the
biomarker was inversely correlated to response of lung lesions in
nonimmunotherapy patients (n ¼ 61, AUC ¼ 0.70, P ¼ 0.04), but
did not show any significant predictive value in the remaining
nodal (n ¼ 61, AUC ¼ 0.59, P ¼ 0.24) and liver lesions (n ¼ 12,
AUC ¼ 0.65, P ¼ 0.29). See supplementary Figure S9.D, available
at Annals of Oncology online.

Biological validation of the radiomic biomarker
To evaluate the biological basis of the radiomic biomarker, we
evaluated it in an independent dataset of 262 NSCLC patients
with matched array-based gene expression data [32]. Through
ranked GSEA, we found that the top gene sets showing significant
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Figure 3. Performance of the selected classiﬁer on the independent test set for NSCLC lesions (A) and melanoma lesions (B). (C) Patient level
response at ﬁrst follow-up and (D) prognostic performance of the imaging biomarker on a patient level.

association with the radiomic biomarker were involved in cell
cycle progression and mitosis (supplementary Figure S9.1B,
available at Annals of Oncology online). This indicates that a link
between high tumor proliferation and improved response to immunotherapy may exist, and provides rationale for earlyapplication immunotherapy as a therapeutic option for aggressive rapidly expanding cancers.

Discussion
Our aim was to evaluate radiomics-based models and their potential to predict treatment response in metastatic melanoma and
NSCLC patients receiving anti-PD-1 antibodies.
We found that lesions with more heterogeneous morphological profiles with nonuniform density patterns and compact
borders are more likely to respond to immunotherapy—
irrespective of organ and/or cancer type. Higher levels of
SurfaceVolumeRatio in nonresponding lesions in both cancers
suggest that more compact and spherical profiles are associated
with better response.
Based on these results, it would be prudent to point out that
morphological heterogeneity does not necessarily correspond to
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genetic heterogeneity: infiltration, inflammation, neovascularization and necrosis could also be associated with morphological irregularities. Assuming that a well-vascularized
monoclonal tumor growing in the absence of an immune system
would expand uniformly in all directions, any deviation could
suggest a fault of one of aforementioned characteristics. If we
were to relax one of these conditions, e.g. by adding an immune
system, we would observe infiltration and inflammatory microenvironment [16] affecting the tumor morphology—now comprising more than solely tumor cells. Irregular vascularization
might cause nonhomogeneous growth patterns while hampering
T-cell infiltration [40]. The role of the other compartments need
to be taken into account in order to explain the overall tumor
growth.
Overall results of machine learning model show good predictive performance for NSCLC metastases. In melanoma, the same
model carried out poorly. Besides the smaller melanoma cohort,
the heterogeneous therapeutic backgrounds likely played a role in
the morphological characterization. While NSCLC patients
received chemotherapy as first-line, melanoma patients received
a variety of different treatments before immunotherapy. This
could potentially have led to standardization of defined genetic
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profiles and tumor microenvironments in NSCLC [23, 32, 41,
42]. In melanoma patients the diversity of therapeutic backgrounds might have induced different genetic profiles and microenvironments. Despite the lower performance on individual
melanoma lesions, we still see a correlation with response and
overall survival at a patient level, suggesting a relationship between individual lesion response and overall tumor burden.
GSEA on an external cohort revealed associations of the radiomic biomarker to proliferative potential in NSCLC, suggesting
that highly proliferative tumors may show preferential response
to immunotherapy. While standard of care for patients with aggressive cancer showing rapid expansion is platinum-doublet
chemotherapy, these results provides the biological rationale for
previous work demonstrating why combination therapy is a viable option in first-line metastatic settings [43].
To the best of our knowledge, this study is the first of its kind
to investigate radiomics as a noninvasive biomarker for response
to cancer immunotherapy.
We designed the study using a lesion-based approach, reflecting the metastatic condition characterizing patients receiving immunotherapy. This enabled us to investigate lesions individually
while avoiding the issue of mixed response. Whenever possible,
we limited selection biases and tried to avoid overfitting. Further
validation in larger cohorts is warranted.
As imaging can provide information of the total tumor burden
which allows the analysis of each lesion individually, its value lies
complementary to currently known biomarkers (limited to single
lesion samples). Despite the correlations found to overall patient
survival and molecular pathways, further studies are needed to
investigate the interaction between single (or clusters of) lesions,
tumor biology and clinical status. Only a multidisciplinary approach aimed to integrate data from different disciplines can create a fully integrated solution that can be implemented into the
clinical workflow.

Conclusions
Our findings suggest associations between radiomics characteristics and immunotherapy response showing consistent trends
across cancer types and anatomical location. Lesions that are
more likely to respond to immunotherapy typically present with
more heterogeneous morphological profiles with nonuniform
density patterns and compact borders. Moreover, we provide a
predictive machine learning model that could be used within the
context of lesion response to treatment, patient treatment response, and response pattern characterization. Furthermore, we
evaluated the biological basis of the proposed biomarker and
found to be correlated with cell proliferative potential. Motivated
by the results and the wide availability of routine clinical CT scans
for cancer immunotherapy patients, we aim to expand this research further to the design of clinically applicable automatic
computer models that could support the oncological decisionmaking process.
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