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A tumor vasculature–based imaging biomarker 
for predicting response and survival in patients 
with lung cancer treated with checkpoint inhibitors
Mehdi Alilou1*, Mohammadhadi Khorrami2, Prateek Prasanna3, Kaustav Bera1,  
Amit Gupta4, Vidya Sankar Viswanathan2, Pradnya Patil5, Priya Darsini Velu6, Pingfu Fu7, 
Vamsidhar Velcheti8, Anant Madabhushi2,9*

Tumor vasculature is a key component of the tumor microenvironment that can influence tumor behavior and 
therapeutic resistance. We present a new imaging biomarker, quantitative vessel tortuosity (QVT), and evaluate 
its association with response and survival in patients with non–small cell lung cancer (NSCLC) treated with immune 
checkpoint inhibitor (ICI) therapies. A total of 507 cases were used to evaluate different aspects of the QVT 
biomarkers. QVT features were extracted from computed tomography imaging of patients before and after ICI 
therapy to capture the tortuosity, curvature, density, and branching statistics of the nodule vasculature. Our 
results showed that QVT features were prognostic of OS (HR = 3.14, 0.95% CI = 1.2 to 9.68, P = 0.0006, C-index = 0.61) 
and could predict ICI response with AUCs of 0.66, 0.61, and 0.67 on three validation sets. Our study shows that 
QVT imaging biomarker could potentially aid in predicting and monitoring response to ICI in patients with NSCLC.

INTRODUCTION
Immune checkpoint inhibitors (ICIs) have revolutionized the treat-
ment paradigm in non–small cell lung cancer (NSCLC) (1, 2) and 
are now the standard of care either alone or in combination with 
chemotherapy as the first-line therapy in treatment-naïve patients 
and as the second-line therapy in chemotherapy-refractive patients 
(3). As of 2018, almost every patient with advanced NSCLC without 
targetable mutations is treated with ICI either in the first-line set-
ting or as subsequent lines of therapy. First-line platinum-based 
cytotoxic chemotherapy for patients with advanced NSCLC pro-
duces unstable responses at best (4, 5).

Landmark clinical trials leading to the approval of ICIs in NSCLC 
have demonstrated an association between Programmed cell death 
ligand 1 (PD-L1) expression and response to ICI; hence, PD-L1 tu-
mor expression levels are used as routine clinical predictive bio-
marker for deciding the regimen of anti–PD-L1 immunotherapy 
(IO) (6). However, these trials demonstrated that some patients 
with low PD-L1 expression can still have clinical responses with 
these agents. This has now led to adding chemotherapy to ICIs in 
patients with PD-L1 tumor expression less than 50% and ICI mono-
therapy for PD-L1 greater than 50% as the standard of care. How-
ever, response rates to ICI monotherapy remain modest (27% in 
PD-L1–positive NSCLC in the first-line setting, 45% in PD-L1–high 
subgroup, and 19% in the second-line setting) (7). There is thus an 

unmet clinical need for biomarkers to identify patients who are most 
likely to benefit from ICIs and determine the potential nonrespond-
ers who can be spared both the financial cost and side effects of IO 
(8, 9). While exploratory markers such as tumor mutational burden 
(10) are now being evaluated, there continues to be a need for iden-
tifying noninvasive biomarkers, both for predicting and monitoring 
response to ICIs.

Radiomics refers to the process of image analysis that results in 
high-throughput extraction of subvisual and quantitative features 
from radiologic scans including x-rays, computed tomography (CT), 
ultrasound, and magnetic resonance imaging. Recently, radiomic 
approaches have been applied in the context of prognosticating out-
come and predicting response to IO (11–14). Most of these studies 
have analyzed the tumoral shape and textural radiomic features 
for predicting response and outcome in patients with NSCLC. For 
example, the authors in (15) presented a method involving changes in 
the textural radiomic features of CT images to predict overall survival 
(OS) and response to IO in patients with NSCLC. Trebeschi et al. 
(11, 16) showed the utility of radiomic features in predicting response 
to IO and patient outcomes in metastatic NSCLC.

Tumor vasculature is a key component of the tumor microenvi-
ronment that can influence invasiveness, metastatic potential, and 
therapeutic refractoriness. Cancer cells encourage the growth of blood 
vessels to feed the tumor by producing vascular endothelial growth 
factor, thus creating an immune-excluded phenotype of tumors 
(17, 18). In the immune-excluded phenotype, there are underlying 
mechanical or chemical barriers between infiltrating lymphocytes 
and the tumor site in which antiangiogenesis or particular antistro-
mal therapy might be of benefit in enhancing the efficacy of IO (19). 
A promising strategy in anticancer therapy is tumor blood vessel 
normalization. Many studies showed how less twisted vessels are 
able to counteract metastasis formation and favor chemotherapeutic 
drug delivery to tumors (20). In addition, it has been demonstrated 
that aberrant vessel morphology potentiates treatment resistance and 
lack of durable therapeutic response by reducing drug transfer to the 
tumor bed (21).
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In this work, we present and validate quantitative vessel tortuosity 
(QVT), a new imaging biomarker for predicting the response and 
outcome prognosis of patients with NSCLC treated with ICI thera-
pies. We hypothesize that the tumor vasculature is more twisted in 
nonresponders compared to responders to ICI. In addition, we hy-
pothesize that the vasculature twistedness on nonresponders to ICI 
causes antitumor T cells to accumulate at the tumor site but fail to 
efficiently infiltrate the tumor accounting for therapeutic refracto-
riness. In this study, we sought to evaluate our QVT imaging biomarker 
on a total number of 507 NSCLC cases in terms of predicting response, 
monitoring response, and prognosticating outcome. Toward this 
end, we used contrast-enhanced CT scans from 162 patients with 
advanced NSCLC before and after two to three cycles of PD-1/
PD-L1 ICI therapy from three sites. The association of QVT and PD-L1 
expression (PD-L1low and PD-L1high) was evaluated using a set of 
204 patients with early-stage NSCLC. We analyzed the QVT associa-
tion with gene set enrichment analysis (GSEA) pathways on a set of 
92 patients with early-stage NSCLC with available RNA sequencing 
data. In addition, we evaluated the prognostic and predictive poten-
tial of QVT on a set of 45 patients with NSCLC who underwent a 
combination of ICI and chemotherapy.

RESULTS
Experiment 1: Association of baseline QVT features 
with response to ICI and OS
A linear discriminant analysis (LDA) machine learning classifier was 
used to determine the ability of the selected QVT features in discrimi-
nation of patients into responders and nonresponders to ICI. The 
response prediction classifier yielded an area under the curve (AUC) 
of 0.74 [95% confidence interval (CI) = 0.73 to 0.75] on the training 
(D1) and corresponding AUCs of 0.66 (95% CI = 0.58 to 0.81), 0.61 
(95% CI = 0.56 to 0.78), and 0.67 (95% CI = 0.59 to 0.88) on D2, D3, 
and D4 validation sets, respectively, for patients treated with ICI 
monotherapy. The classifier’s performance on predicting response 
for patients treated with different ICI agents is illustrated in Table 1. 
In addition, using a model trained with QVT features on D1 
(ICI monotherapy), the model had an AUC = 0.64 (95% CI = 0.57 to 
0.82) in predicting response to chemoimmunotherapy on D7. 
Figure 1A shows a feature expression cluster heatmap of the most 
discriminating QVT features for responder and nonresponder pa-
tients in the training set (D1). As may be observed, a number of 
baseline QVT features showed statistically significant differential 
expression between responders and nonresponders in D1.

Seven stable baseline QVT features were found to be prognostic 
of OS. These features corresponded to statistics of vasculature 

curvature, tortuosity, branching, and distribution of acute and ob-
tuse angles measured from each of the three consecutive points on 
the vessels’ centerline. The QVT risk score (QRS) stratified patients 
into high- and low-risk groups in D1 with P = 0.0006, hazard ratio 
(HR) = 3.14 (95% CI = 1.2 to 9.68), and C-index = 0.61. The QRS 
was found to be prognostic in three validation sets (D2, D3, and D4) 
with HR = 2.49 (0.95% CI = 1.17 to 5.32), P = 0.002, and C-index = 
0.62 (difference of median OS = 10 months) in D2; HR = 2.12 (0.95% 
CI = 1.04 to 4.29), P = 0.014, and C-index = 0.61 (difference of me-
dian OS = 14 months) in D3; and HR = 2.98 (0.95% CI = 1.12 to 
7.93), and P = 0.04 (difference of median OS = 6.3 months) in D4. 
The multivariable OS analysis results for the QVT features are shown 
in Table 2. In addition, a Cox proportional hazards analysis yielded 
HR = 2.22 (95% CI = 1.38 to 3.6), P = 0.001, and C-index = 0.7 in 
predicting OS for patients in D7 who underwent a combination of 
ICI and chemotherapy. A multivariable analysis with combination 
of PD-L1 expression and QRS revealed that QRS is the only variable 
that is significantly associated with OS in D7 [QRS: HR = 2.17 (95% 
CI = 1.33 to 3.55), P = 0.001; PD-L1: HR = 1.47 (95% CI = 0.46 to 
4.7), P = 0.51, and C-index = 0.71]. Figure 1 (B to E) illustrates a 
Kaplan-Meier estimation of OS via QRS in low- and high-risk 
patients in each of D1, D2, D3, and D7.

Experiment 2: Association between delta QVT features, 
response to ICI, and OS
The ICI response prediction model trained with delta QVT features 
yielded an AUC of 0.92 (95% CI = 0.84 to 0.97) and 0.85 (95% 
CI = 0.71 to 0.99) on D2 and D3, respectively. Figure 1F shows the 
receiver operating characteristic (ROC) curve of the response pre-
diction models trained with baseline and delta QVT features. The 
multivariable response prediction results of delta QVT features are 
illustrated in Table 1.

Looking at the distribution of angles measured from any three 
consecutive points of the vasculature, we observed that in the pre-
treatment scans of the responders to therapy, the distribution of obtuse 
angles was almost doubled compared with nonresponders, which means 
that responders primarily consisted of less tortuous vessel branches 
(Fig. 2, A and B). Section SA gives more details on the QVT features. 
Analysis of the changes in vessel tortuosity between pre- and post-
treatment scans revealed that the number of acute angles associated 
with the vessels was significantly reduced after treatment in respond-
ers, while these acute angles remained nearly the same or increased 
after treatment in nonresponders (Fig. 2, C and D). Figure 3 illustrates 
three-dimensional (3D) tortuosity and curvature maps for responders 
and nonresponders between pre- and posttreatment scans. The mean 
curvature and torsion values for the responder case decreased after 

Table 1. Multiagent response prediction analysis (with metric AUC) of QVT features on validation sets. AUC is reported for two models including the 
baseline QVT model trained with pretreatment scans and the delta QVT model trained with both pre- and posttreatment scans. 

Dataset
AUC on D2 AUC on D3 AUC on D4

Baseline Delta Baseline Delta Baseline Delta

All agents 0.66 0.92 0.61 0.85 0.67 –

Nivolumab 0.67 0.90 0.77 0.85 0.62 –

Pembrolizumab 0.90 0.73 0.63 0.72 0.95 –

Atezolizumab – – 0.65 – –
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treatment with respect to pretreatment scan, while the same feature 
increased after treatment for the nonresponder case. In addition, 
QVT features f7, f8, f11, and f12 corresponding to statistics of vessel 
curvature were found to be significantly different between respond-
ers and nonresponders in terms of both baseline and delta QVT fea-
tures (fig. S5, A and B). Moreover, the distribution of acute angles 
(f68) for baseline and curvature statistics (f9 and 10) and distribu-
tion of obtuse angles (f52) of delta QVT features were also signifi-
cantly different between responders and nonresponders to ICI. The 

complete description of features can be found in the Supplementary 
Materials. Delta QVT features were found to be prognostic of OS on 
D2 and D3 with HR = 2.64 (95% CI = 1.37 to 5.1) and P = 0.008 and 
HR = 0.245 (0.0647 to 0.925) and P = 0.0006, respectively.

Experiment 3: Molecular, histological, and radiogenomic 
underpinning of QVT
Three QVT features were found to be strongly associated with 
PD-L1 expression. As shown in Fig. 4 (A to C) , statistically signif-
icant differences were found between QVT features of the PD-L1low 
and PD-L1high groups (P < 0.002). Moreover, significant differ-
ence was found between QRS features of the low– and high–PD-L1 
groups (P = 0.0023). In addition, the QVT features were found to 
be strongly associated with tumor-infiltrating lymphocyte (TIL) 
density on hematoxylin and eosin (H&E) images of baseline bi-
opsy scans.

The mean of the TIL grouping factor was found to be statistically 
significantly correlated with a QVT_1 feature (r = −0.56 and P = 0.001). 
The same feature also showed moderately high correlation with 
QVT (QVT_6) feature. Both QVT features refer to the distribution 
of the acute angles of the vasculature in which QVT_1 and QVT_6 
refer to the distribution of the acute angles within the range of 1° to 
12° and 61° to 72°. Figure 4D shows the corresponding correlation 

Fig. 1. Association between delta QVT features, response to ICI, and OS. (A) Unsupervised clustering of QVT features and patients revealed two dominant patient 
groups with high- and low-risk groups. High-risk group is associated and aligned with nonresponders to ICI. (B to E) Kaplan-Meier survival curves represent a significant 
difference in OS between patients with low and high QRS on D1, D2, D3, and D7 sets. (F) ROC curves of response prediction model trained with QVT (AUCs of 0.66 and 0.61 
on D2 and D3, respectively) and delta QVT (AUCs of 0.92 and 0.85 on D2 and D3, respectively).

Table 2. Multiagent OS analysis of QVT features on validation sets.  

Dataset D2 (N = 50) D3 (N = 27) D4 (N = 23)

Nivolumab HR = 2.64 
(1.37–5.1)

HR = 2.08 
(1.12–4.45)

HR = 3.11 
(1.17–8.28)

P = 0.00867 P = 0.021 P = 0.0368

Pembrolizumab HR = 2.08 
(1.912–4.75)

HR = 2.27 
(1.969–5.3)

–

P = 0.026 P = 0.00987

Atezolizumab – – –
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matrix. The matrix represents TIL and QVT features arranged in 
rows and columns, respectively. The correlation value between each 
pair of TILs and QVT features is presented as circles in the corre-
sponding matrix element.

We found that wingless-integrated (WNT) signaling pathway 
was up-regulated in the high-QVT phenotype group. In addition, 
blood vessel morphogenesis and the fibroblast growth factor (FGF), 
an angiogenic growth factor (22), pathway were found to be up-
regulated in the high-QVT phenotype group.

DISCUSSION
Recent evidence indicates that angiogenesis, lymphangiogenesis, 
and the tumor environment have important immunomodulatory 
roles that contribute to the immune evasion of tumors (17). It has 
been also observed that angiogenesis, invasion, and vessel prolif-
eration might be important regulators of PD-L1 expression, given 
the association of these processes with malignant progression (23). 
It is well acknowledged that most tumors trigger an immune re-
sponse modulated by TILs. Previous studies have reported an asso-
ciation between higher density of TILs in patients and favorable 
responses to IO (24, 25). It has been shown that the tumor vascu-
lature can actively suppress antitumor immune responses (26), and 
expression of vascular adhesion molecules in blood vessels correlates 
with the TIL density in the tumor microenvironment. The structur-
ally and functionally aberrant tumor vasculature contributes to the 
protumorigenic and immunosuppressive tumor microenvironment 
by maintaining a cancer cell’s permissive environment character-
ized by hypoxia, acidosis, and high interstitial pressure while simul-
taneously generating a physical barrier to T cell infiltration. Recent 
research has also shown that blood endothelial cells forming the 
tumor vessels can actively suppress the recruitment, adhesion, and 

activity of T cells. In this work, we present a noninvasive quantitative 
measurement of vessel twistedness or tortuosity as a novel imaging 
analytic technique to evaluate the association between vessel con-
volutedness, response to ICI therapy, and OS of patients with ad-
vanced NSCLC.

A few studies have investigated the role of radiomic texture fea-
tures of the nodule on CT scans in predicting response to different 
therapies. Authors in (13) found that the skewness of the intensity 
histogram measured in Hounsfield units and relative volume of air 
in the segmented tumor were associated with treatment response. 
They also found that response to IO was correlated negatively with 
the tumor convexity and positively with the edge–to–core size ratio. 
Trebeschi et al. (11) used radiomic features on contrast-enhanced CT 
scans to predict responses to IO in patients with metastatic NSCLC 
treated in a second-line setting. Their results showed that more het-
erogeneous tumors with irregular patterns of intensities have a bet-
ter OS. In another study, Tang et al. (12) presented an approach for 
developing a predictor of OS in patients with NSCLC based on a 
pathology-informed radiomic model. Sun et al. (14) showed a radio-
mic approach to assess tumor-infiltrating CD8 cells and response to 
anti–PD-1 or anti–PD-L1 IO.

Our work differs from these previous approaches in that it in-
volves using mathematical measurements from nodule vasculature 
(QVT) to predict OS and distinguish responders from nonresponders 
in patients with NSCLC treated with ICI, as opposed to radiomic 
texture–based measurements. Because ICIs work by modulating the 
PD-L1 axis, we also investigated the association of QVT features with 
PD-L1 expression in early-stage ICI-naïve patients and found that 
QVT was strongly associated with PD-L1 expression. Our results 
show that most acute angles of the blood vessel vasculature are also 
inversely associated with TIL expression. This is in line with favorable 
responders to ICI having higher TIL expression and corresponding 

Fig. 2. Responder tumor to ICI has less tortuous vessel branches compared to nonresponder. (A and B) CT scans of a responder and nonresponder to IO with corre-
sponding 3D rendering of the tumors and the corresponding vasculature. (C and D) The distribution of angles between any three consecutive points of the vasculature 
for all responder (C) and nonresponder patients (D), which was measured for both pretreatment (blue bars) and posttreatment (red bars) CT scans. Angles were binned 
from 1 to 15 with 1 referring to the most obtuse (wide) angles and 15 referring to the most acute angles.
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lower QVT. Moreover, radiogenomic analysis of the QVT features 
showed that tumors with a highly tortuous vasculature are associated 
with WNT signaling pathway, blood vessel morphogenesis, and the 
FGF pathway. Activation of WNT signaling pathway has been shown 
to correlate with immune exclusion (27) across human cancers, which 
are usually more aggressive cancers often with refractory to therapy.

This study is the first to demonstrate that tumor vessel tortuosity 
measurements extracted from routine contrast CT images are asso-
ciated with response to ICIs and prognostic of OS in patients with 
metastatic NSCLC treated with ICI. Our group has also previously 
shown the utility of an initial version of QVT features in distinguish-
ing benign and malignant nodules in patients with NSCLC (28). The 

QVT biomarker was validated in two independent test sets, accrued 
from three different sites and across three different IO agents. In 
addition to ICI monotherapy, we showed the potential of QVT to 
be predictive of response and prognostic of survival in patients 
treated with first-line combination chemotherapy + IO. This study 
uniquely provides a cellular, molecular, and genomic underpinning 
for the imaging-derived QVT features that were identified to be 
associated with response to ICI therapy. We also assessed the sta-
bility of QVT features in test-retest scans and then measured their 
stability against segmentation errors. As illustrated in section SB, 22 
of 74 QVT features were found to be moderately stable with an intra-
class correlation coefficient of >0.4. The number of stable features 

Fig. 3. 3D tortuosity and curvature maps for responder and nonresponder before and after treatment. Baseline and posttreatment scans of a responder and non-
responder to ICI are illustrated in the left. Second column from the left represents the 3D renderings of the tumors and associated vasculature. Third and fourth columns 
show the curvature and tortuosity maps of the vasculature that reflects the regional curvature of vessels in 3D and the extent of convolutedness of each vessel, respec-
tively. The mean curvature and torsion values for the responder case decreased after treatment with respect to the pretreatment scan, while the same feature increased 
after treatment for the nonresponder case.
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dropped from 22 to 19 features when we added segmentation-associated 
noise. We additionally measured the performance of our models as 
a function of CT slice thickness parameter. As may be observed in 
the Supplementary Materials, the AUC of QVT classifier decreased 
slightly with increasing slice thickness.

We do acknowledge, however, that our study did have its limita-
tions. The size of ICI-treated cohorts both for training and validation 
was relatively small. Second, the study was completely retrospective 
in nature. Independent prospective validation is needed to show the 
prognostic and predictive utility of QVT on patients with NSCLC 
treated with IO. In addition, the association of QVT and TIL features 
could only be done on a small subset of cases due to nonavailability 
of tissue for pathomic analysis. The radiogenomic analysis too could 
only be carried out on a different cohort of early-stage patients due 
to lack of tissue on the ICI cohort for mRNA sequencing due to it 
being retrospective in nature.

Despite the limitations, QVT could potentially serve as a tool for 
monitoring and predicting response to ICI and help identify patients 
with NSCLC who are likely to benefit from IO. It enjoys several ad-
vantages over currently deployed biomarkers in not only being non-
invasive but also being inexpensive, derived from routine radiographic 

imaging, and nondisruptive of normal clinical workflow. The tumor 
vasculature not only was able to predict and monitor tumor behav-
ior and response to ICI but also could predict response in patients 
treated with the combination of chemotherapy and IO. In future 
work, we will seek to validate QVT in the context of prospective 
biomarker-driven clinical trials.

MATERIALS AND METHODS
Datasets
This Health Insurance Portability and Accountability Act of 1996 
(“HIPAA”) regulations–compliant study was approved by the insti-
tutional review board (IRB 02-13-42C) at the University Hospitals 
Case Medical Center, and the need for informed consent was waived. 
A total of 507 NSCLC cases were included in this multisite valida-
tion study to explore the various aspects of our imaging biomarker. 
We studied the association of baseline and delta QVT features 
(defined as the absolute change in QVT features between baseline and 
posttreatment scans) with response to therapy and OS of the patients 
with NSCLC treated with ICI and a combination of ICI and chemo-
therapy. We also studied the molecular, cellular, and radiogenomic 

Fig. 4. Molecular, histological, and radiogenomic underpinning of QVT features. (A to C) Statistically significant differences were found between QVT features of the 
low–PD-L1 and high–PD-L1 groups. The TIL grouping factor histomorphometric feature (F3) was found to be statistically significantly (r = −0.56 and P = 0.001) correlated 
with QVT1 and QVT6 both referring to the distribution of the most acute angles on the vasculature. (D) The correlation matrix between TIL and QVT features. TIL and QVT 
features arranged in rows and columns, respectively.



Alilou et al., Sci. Adv. 8, eabq4609 (2022)     25 November 2022

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

7 of 11

underpinning of QVT features by exploring the association of QVT 
with biological pathways, PD-L1 expression, and TIL density in H&E 
images. To predict and monitor treatment response and prognosticating 
outcome in ICI-treated patients, N = 162 contrast CT scans of pa-
tients with advanced NSCLC before and after two to three cycles of 
PD-1/PD-L1 ICI therapy (nivolumab/pembrolizumab/atezolizumab) 
were included. Samples in which the board-certified radiologist 
could not isolate a measurable pulmonary nodule on CT scans or 
the CTs with poor image quality were excluded. The ICI-treated co-
hort from three institutions was divided into four subsets including 
D1 = 62 for training and D2 = 50, D3 = 27, and D4 = 23 for validation. 
A set of 112 patients from January 2012 to August 2017 at the Cleveland 
Clinic Foundation (CCF) was included consecutively, and patients 
were divided to D1 = 62 for training and D2 = 50 for internal valida-
tion set. Moreover, D3 = 27 patients continuously admitted from 
2014 to 2017 at the University of Pennsylvania Health System were 
identified and used as the first independent test set. In addition, 
D4 = 23 patients from 2018 to 2020 at the University Hospitals 
Cleveland Medical Center were included in this study as the second 
independent test set. All patients underwent a baseline contrast CT 
scan before starting treatment with ICIs. Posttreatment scans were 
available only for D1, D2, and D3.

An overwhelming majority of the cohorts of patients were treated 
in an era when ICIs were approved only in the second-line setting at 
which point PD-L1 expression was not routinely performed for 
all patients with NSCLC. Because the prescription of PD-1/PD-L1 
inhibitors in this setting does not mandate PD-L1 quantification 
(except pembrolizumab), many of the patients in these cohorts re-
ceived nivolumab or atezolizumab without prior PD-L1 testing. To 
assess whether QVT features are associated with PD-L1 expression, 
a separate cohort of D5 = 204 patients with early-stage NSCLC be-
tween April 2004 and April 2015 with available diagnostic CT scans 
from CCF was included in this study. For QVT and TIL density 

associative analysis, we used a subset of D1 (N = 31) cases (digitized 
histology scans of baseline biopsies were only available for 31 cases 
from CCF). A dataset of D6 = 92 patients with early-stage NSCLC from 
The Cancer Imaging Archive (TCIA) with available RNA sequenc-
ing data was included for the radiogenomic analysis. The prognostic 
and predictive potential of QVT biomarkers for predicting response 
in a combination of ICI and chemotherapy was evaluated on a set 
of D7 = 45 patients with nonsquamous NSCLC who underwent 
ICI (pembrolizumab) and chemotherapy (pemetrexed) between 
October 2015 and August 2018 at CCF. Figure 5 illustrates the data in-
clusion strategy for the various experiments that comprised this study.
Demographics and clinical variables
Eastern Cooperative Oncology Group performance status and tumor 
node metastasis stage and clinical staging per the American Joint 
Committee on Cancer staging system were used in this study along-
side clinical variables including age, sex, and tumor histology. All 
patients (except D5 and D6) included in this study had metastasis 
and so were classified into stage IV. Demographics and clinical char-
acteristics for patients were available for D1, D2, D3, and D4 datasets 
and are summarized in table S5. None of the following clinical fea-
tures including gender, race, smoking status, histology subtype, and 
epidermal growth factor receptor mutation status were found to be 
prognostic of OS.

Image acquisition, nodule detection, and  
vasculature segmentation
CT scans were acquired from all ICI-treated patients at baseline 
and immediately after two to three cycles (6 to 8 weeks) of ICI treat-
ment for D1, D2, and D3. Scans were acquired using a multislice 
(Philips Healthcare, General Electric Health Care, Siemens Health-
care) CT system with a tube voltage of 100 to 120 kilovolt peak, slice 
thickness (spacing) of 1 to 5 mm (mean = 2.82 mm and SD = 
0.71 mm), and in-plane resolution of 0.75 × 0.75 mm. All CT images 

Fig. 5. Data inclusion and experimental workflow. 
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were captured with patients in inspiration breath-hold phase after 
contrast injection. All scans were acquired using the facilities’ CT 
chest protocol and standard image reconstruction (15). In the case 
of multifocal nodules, the primary nodule was selected according 
to the radiology report at baseline and tracked and delineated in 
the posttreatment with 3D SLICER software by a board-certified 
cardiothoracic radiologist (with 8 years of experience).

Vascular feature extraction
The manually segmented target nodules were used to compute the 
volume of interest (VOI) and subsequently segment the nodule-
associated vasculature and extract vascular features. Lung regions 
were automatically isolated from the surrounding anatomy using a 
multithreshold-based algorithm (29). The vasculature within the lung 
regions was segmented from lung parenchyma by applying a vessel 
enhancement filter followed by a multithreshold algorithm. The VOI 
is defined as a rectangular prism region that has the nodule in the 
center. The size of the VOI is defined relatively with respect to the 
size of the nodule. A region growing algorithm was used for the seg-
mentation of the nodule vasculature (30) within the VOI. A fast-
marching algorithm (31) was then used to identify the centerlines of 
the 3D segmented vasculature. Figure  6 illustrates the process of 
vasculature segmentation. A set of 74 QVT features were measured 
from points, branches, and the entire vasculature centerlines. These 
features pertain to the tortuosity, curvature, and branching statistics 
as well as the volume of the vasculature. Curvature at a point on the 
vascular centerline segment is measured by fitting a circle that ap-
proximates the shape of the segment the best. The tortuosity of a 
vascular segment is measured as the ratio of its centerline length with 
respect to the length of a straight line that connects the starting and 

ending points of its centerline. In addition to the initial set of QVT 
features that the authors previously presented (28), the angles of any 
three consecutive points of the vasculature were measured, and the 
distribution of these angles was dichotomized into 15 bins. We also 
assessed the stability of QVT features in test-retest scans and then 
measured their stability against segmentation errors. Additional details 
of stability analysis and sensitivity of QVT features to CT parame-
ters are provided in sections SB and SC.

Statistical analysis
Classification
The primary endpoint of this study was primary clinical response 
defined by response evaluation in solid tumors (RECIST) v1.1. Pa-
tients who did not receive ICI after two cycles due to lack of response 
or progression as per RECIST were classified as “nonresponders,” 
and patients who had radiological response or stable disease as per 
RECIST and clinical improvement were classified as “responders.” An 
LDA classifier was trained on D1 with the stable and discriminat-
ing vascular features to predict the RECIST-based response. Within 
the discovery set D1, the classifier was trained in a threefold cross-
validation setting. The procedure was iterated over 200 runs. The 
performance of the response prediction classifier was assessed with 
the ROC as AUC. In addition, an unsupervised hierarchal clustering 
analysis (using the clustergram function in MATLAB) was conducted 
on QVT features (15).
Survival analysis
The secondary endpoint of this study was OS, which was defined as 
the time from the date of the disease diagnosis until the date of 
death (or until the date that the patient was last known to be alive if 
censored). The median follow-up of OS posttreatment was 16 months 

Fig. 6. The main workflow of QVT feature extraction. (A) Identifying tumor position by a radiologist. (B) Segmentation of nodule and lung regions. (C) Vasculature 
segmentation. (D) Identifying nodule-associated vasculature. (E) Extraction of the vessel’s centerlines. (F) Extraction of QVT features from centerlines.
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(range, 1 to 45 months). The Kaplan-Meier survival analysis and 
log-rank statistical tests were performed to assess the univariable 
discriminative ability of the features on OS (32). The prognostic value 
of vascular features on OS was estimated by using the QRS. To 
build the multivariate signature for OS, the least absolute shrinkage 
and selection operator (LASSO) Cox regression model (33) was used 
to identify the prognostic features from the subset of 74 stable QVT 
features in the training set (D1). A QRS was computed for each 
patient according to a linear combination of selected features with 
corresponding nonzero coefficients from the LASSO Cox model in 
the training set (D1). On the basis of the cutoff value of QRS on D1, 
the patients on D2, D3, and D4 were stratified into high- and low-
risk groups. A multivariable Cox proportional hazards model was 
used to evaluate the ability of the QRS in predicting OS. In addition, 
relative HRs with 95% CI were calculated. The median follow-up 
was also estimated with the reverse Kaplan-Meier method (15, 34).
Association of QVT with PD-L1 expression
Correlation analysis of QVT features with PD-L1 expression was 
also performed. In this regard, PD-L1 > 50% was used as cutoff value 
to divide patients in D5 into PD-L1low and PD-L1high groups. The 
Wilcoxon rank sum significance test was then performed on QVT 
features between PD-L1low and PD-L1high groups to evaluate whether 
there were significant differences between QVT feature and PD-L1 
level expression. All tests were two-sided, and P values less than 
0.05 were considered statistically significant.
Association of QVT with TIL density on digital 
pathology images
For QVT and TIL density associative analysis on subset of 31 cases 
from D1, we used an automated detection of TILs in H&E images (35) 
followed by computational spatial clustering metrics. A watershed-
based algorithm (36) was first applied to segment nuclei on the 
image. Considering that lymphocyte nuclei are generally distin-
guished from other cell nuclei by their smaller size, more rounded 
shape, and a darker homogeneous staining, we classified the seg-
mented nuclei into either lymphocytes or nonlymphocytes (mainly, 
tumor cells) using nuclei texture, shape, and color features (37). 
Twelve features quantifying the density or compactness of TILs 
were extracted from the surgical specimens. Each lymphocyte is 
characterized by its own local morphological feature and by a set of 
contextual features to describe the lymphocyte and its neighbor-
hood. Lymphocytes are grouped under a Dirichlet process Gaussian 
mixture model, which involves clustering the data via a non-
parametric Bayesian framework that describes distributions over 
mixture models with an infinite number of mixture components. 
The advantage of such grouping is that one does not need to make 
any assumptions about the number of TIL clusters. Each image is 
then characterized by the histogram of occurrences of the iden-
tified TILs within the particular partition defined by the groups 
(15). Details regarding the extracted features are provided in (35). 
To investigate the QVT-TIL associations, a pairwise Spearman 
correlation was performed between each of the top QVT and TIL 
compactness measures followed by Benjamini-Hochberg method 
(38) to adjust the P values and control for the false discovery rate 
(FDR; <0.01).
Association with GSEA pathways
A dataset of D6 = 92 patients with early-stage NSCLC from TCIA 
with available mRNA sequencing data was included for radiogenomic 
analysis. Radiogenomic analysis was performed using mRNA se-
quencing data obtained with Illumina Genome Analyzer Sequencing 

version 2 (Illumina, San Diego, CA, USA). The Cancer Genome Atlas 
gene expression data are publicly available for download (39). An em-
pirical analysis using the Wilcoxon rank sum test of the 22,126 genes 
across the high and low QVT yielded a set of differentially expressed 
genes. The Benjamini and Hochberg method was used to adjust the 
P values and control for the FDR (<0.01). Gene Ontology analysis was 
performed to identify distinct biological processes (40, 41), which 
structures and classifies genes on the basis of the known molecular 
and cellular biological processes and provides the relationship be-
tween those processes. These pathways were chosen on the basis of 
their biological significance in regulating immune response, cell 
adhesion, and carcinogenesis. GSEA was applied on major identi-
fied biological processes/pathways to determine separate enrich-
ment scores for each pairing of a sample and gene set (42). The lists 
of genes involved in each pathway were obtained from the Molecular 
Signatures Database. Last, a pairwise Wilcoxon rank sum test on 
enrichment scores was performed across high– and low–QVT feature 
groups to obtain the strength of association between the pathway 
enrichment score and the feature values.

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at https://science.org/doi/10.1126/
sciadv.abq4609

View/request a protocol for this paper from Bio-protocol.
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