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15.38% of cluster 1. Twenty percent of responders were 
clustered together with HPs in cluster 4. The remaining 
two clusters (clusters 1 and 2) comprised primarily of the 
responders and non-responders (figure 3B). Specifically, 
cluster 2 did not have a single HP within it. The detailed 
results showed that 53.85% cluster 1 and 42.85% cluster 2 
contained non-responders, whereas 30.76% cluster 1 and 
57.14% cluster 2 had responders. The unsupervised clus-
tering analysis suggests that high-risk HPs were all clus-
tered together, potentially suggesting that these specific 
patient groups had a distinct radiomic signature when 
compared against responders and non-responders.

Experiment 2: supervised classifier for distinguishing HPs 
from other response patterns
Supervised analysis for selecting the top features
The top three features during feature discovery within 
the training cohort included one peritumoral texture 
and two QVT features. The peritumoral feature observed 
was from the Gabor feature family from a 5–10 mm peri-
tumoral region. The other two features were observed 
from the QVT feature family explaining local curvature 
and tortuosity of the vessels surrounding the nodule 
(online supplemental appendix 1, pp4). Hyperprogres-
sive patients were observed to have high feature expres-
sions as compared with responders and non-responders 
(figure 4).

The selected top features were further compared 
against clinical variables and tumor volume using Pear-
son’s correlation coefficients. (online supplemental 
appendix 1, pp4 5). The maximum correlation was 
observed within the Radiomics Gabor feature and tumor 
volume (rho=0.588).

Supervised classifier performance
Optimal classifier performance with the highest speci-
ficity within the training set D1 was achieved using the RF 
classifier with 50 trees. On the training cohort (D1, n=30), 

300 iterations of threefold cross-validation yielded an 
average AUC of 0.85±0.06 and an accuracy of 0.86±0.06 
for predicting HPs from the other response patterns. 
The sensitivity, that is, identifying HPs, was observed 
to be 0.78±0.11, whereas specificity was observed to be 
0.91±0.10. The performance of all the five classifiers, 
along with the feature selection method, is listed in online 
supplemental appendix 1 pp4.

The same classifier was further used for the indepen-
dent validation set. Within an independent blinded 
test set, (D2, n=79), the same RF classifier yielded an 
AUC of 0.96. The accuracy of the classifier was 0.83, 
whereas the sensitivity and specificity were 1.0 and 0.81, 
respectively. The F1 score was observed to be 0.58. In 
the testing set, all the HPs were identified correctly. 
Among the remaining cases, eight responders and six 
non-responders were mistakenly classified as HPs. The 
confusion matrix is reported in online supplemental 
appendix 1, pp4.

Within D2, a subset analysis for differentiating 
responders against HPs, AUC was observed to be 0.96, 
and sensitivity and specificity were 1 and 0.91, respectively. 
The accuracy was observed to be 0.86. For differentiating 
non-responders against HPs, AUC, accuracy, sensitivity, 
and specificity were 0.97, 1, 0.86 and 0.89, respectively.

The specific selected top feature set, along with the RF 
classifier, could not differentiate responders and non-
responders within the validation set D2 (AUC 0.43).

Experiment 3: predicted radiomic response groups can also 
stratify patients with NSCLC treated with ICI based on OS
On D2, the two predicted groups by the radiomic model, 
RF classifier, had a statistically significant difference for 
predicting OS (HR=2.66, 95% CI 1.27 to 5.55, p=0.009). 
The predicted HPs had significantly lower OS compared 
with those patients identified as non-HPs by the RF clas-
sifier. The mean survival time for predicted HPs was 20 

Figure 2  CT scans: (A) responders, (B) non-responders and (C) hyperprogressors. The first row shows baseline CT scans and 
the second row represents CT scans for the same patient after two cycles of immunotherapy.
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months, whereas the predicted survival meantime for 
non-HPs was 38 months.

Within the subset analysis of D2, radiomic analysis on 
predicted HPs had an HR for OS of 3.86 (95% CI 1.52 
to 9.86, p=0.0046) when compared with responders 
alone, whereas predicted HPs had an HR of 5.93 (95% CI 
2.25 to 15.64, p<0.0001) with respect to non-responders 
(figure  5). These results suggest that predicted hyper-
progressors had statistically significant worse OS 
when compared against either responders or even 
non-responders.

Meanwhile, a comparison between predicted 
responders and non-responders based on selected top 

three radiomic features did result in a statistically signif-
icant difference between the two groups (HR=1.29, 95% 
CI 0.49 to 3.35, p=0.59).

DISCUSSION
The introduction of ICIs has led to a paradigm shift in the 
management of a vast range of malignancies, including 
NSCLC. However, ICIs have been associated with atyp-
ical response patterns such as hyperprogression, a novel 
pattern of disease acceleration after the use of PD1/PD-L1 
inhibitors,1 2 which has been reported across different 
tumor types such as melanoma, head, and neck squamous 

Table 1  Clinical characteristics of the dataset

All patients Responders Non-responders Hyperprogressors
P value
(χ2)

Number of 
patients

109
(100%)

50
(45.87%)

40
(36.70%)

19
(17.43%)

–

Gender Female 51
(46.79%)

24
(48.00%)

20
(50.00%)

7
(36.84%)

0.62

Male 58
(53.21%)

26
(52.00%)

20
(50.00%)

12
(63.16%)

Smoking Current 18
(16.51%)

6
(12.00%)

7
(17.50%)

5
(26.13%)

<0.001

Former 68
(62.38%)

40
(80.00%)

25
(62.50%)

3
(15.79%)

Never 23
(21.10%)

4
(8.00%)

8
(20.00%)

11
(57.89%)

Stage at 
diagnosis

Stages I and II 13
(11.93%)

6
(12.00%)

7
(17.50%)

0
(0.00%)

0.084

Stage III 14
(12.84%)

8
(16.00%)

6
(15.00%)

0
(0.00%)

Stage IV 82
(75.23%)

36
(72.00%)

27
(67.50%)

19
(100.00%)

Histology Adenocarcinoma 71
(65.14%)

37
(74.00%)

23
(57.50%)

12
(63.16%)

0.38

SCC 27
(24.77%)

8
(16.00%)

13
(32.50%)

6
(31.58%)

Other 10
(9.17%)

5
(10.00%)

4
(10.00%)

1
(5.26%)

EGFR mutation Yes 9
(8.26%)

2
(4.00%)

3
(7.50%)

4
(21.05%)

0.021

No 78
(71.56%)

42
(84.00%)

26
(65.00%)

10
(52.63%)

Unknown 22
(20.18%)

6
(12.00%)

11
(27.50%)

5
(26.32%)

ICI agent Nivolumab 91
(83.49%)

34
(68.00%)

39
(97.50%)

17
(89.47%)

0.0046

Pembrolizumab 13
(11.93%)

11
(22.00%)

0
(0.00%)

2
(10.53%)

Atezolizumab 6
(5.50%)

5
(10.00%)

1
(2.50%)

0
(0.00%)

ICI, immune checkpoint inhibitor; SCC, squamous cell carcinoma.
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cell cancer, NSCLC, and urothelial carcinoma, to name a 
few. It has been postulated that this paradoxical acceler-
ation of disease with ICI may, in fact, be responsible for 
the higher progression rates and mortality noted early on 
in patients undergoing immunotherapy in comparison to 
the chemotherapy, as shown in the phase III trials such as 
CheckMate 057 that led to the approval of these agents.37 
Due to the lack of a standard definition and different 
criteria used to define hyperprogression, the reported 
incidence varies significantly among these studies. For 
patients with NSCLC, the previously reported incidence 
ranges between 8% and as high as 25.7%.2 4

In our study of patients with advanced NSCLC treated 
with a PD1 or PD-L1 inhibitor, we observed hyperprogres-
sion in 19 patients. Since most patients receiving ICIs at 
our institution have a response assessment with imaging 
performed within 9 weeks or three cycles of therapy, we 
used this time point as a cut-off for our definition of hyper-
progression. Although this varies slightly from previous 
studies that have used a 2-month or 8-week cut-off, we 
believe that using the 9-week limit allowed us to capture 
the true incidence of hyperprogression in our cohort.

The biology of hyperprogressive disease is yet to be 
understood. In a previous study by Kato et. al,2 the authors 
noted an association with certain genetic alterations 
such as EGFR mutations and MDM2 amplification.2 In 
our study, a majority of the patients did not have any 
genetic alterations detected on our in-house lung hotspot 

panel of actionable mutations in NSCLC. Although nine 
patients did have EGFR sensitizing mutations, we did not 
observe any significant correlation with hyperprogression. 
The association of certain clinical variables with hyper-
progression such as age,1 the number of distant meta-
static sites38 has not been consistently confirmed across 
different studies. There is, therefore, an unmet need for 
biomarkers that could potentially identify patients at risk 
of worse clinical outcomes with therapy.

Imaging-based response assessment in patients 
receiving immunotherapy is fraught with challenges due 
to the inability of traditional criteria (RECIST) to account 
for atypical responses observed with these agents. In 
some of our previously published work,31 we have iden-
tified novel imaging-based radiomic biomarkers to assess 
responses to ICIs in patients with advanced NSCLC. The 
foundation of radiomics is that CT images contain a vast 
amount of information in the form of subtle variations 
in shape, intensity, gradient, and texture beyond the 
semantic features that are routinely used by radiologists 
to describe radiographic appearances of tumors. In the 
aforementioned studies, we are also tried to understand 
the morphological/pathological correlates of the predic-
tive radiomic features that correspond to responses to 
immunotherapy. In doing so, we have identified certain 
radiomic features that correlate with tumor-infiltrating 
lymphocyte density on digitalized histopathology speci-
mens from patients treated with ICIs.1 4 7

Figure 3  Unsupervised clustering analysis: (A) heatmaps for (i) radiomics intratumoral and peritumoral features where 78.9% 
HPs clustered together in cluster 1, (ii) quantitative vessel tortuosity features. (B) K-mean clustering analysis: (i) elbow curve 
representing an optimum number of clusters formed using the top three principal components after performing principal 
component analysis on the entire feature cohort. The optimum number of clusters were observed to be four. (ii) clusters after 
performing clustering using k=4. These clusters had 78.1% compactness within the clusters. Almost all the HP (80%) were 
clustered in clusters 3 and 4. Responders and non-responders formed clusters 2 and 1. HP, hyperprogressor.
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While the biological underpinnings of hyperprogres-
sion are yet to be uncovered, many of the current theories 
postulate that dysregulation of various immunoregula-
tory cells in the tumor microenvironment may be respon-
sible for this phenomenon. One hypothesis that has been 
put forth is that of ‘contrasuppression’ or activation 

and proliferation of regulatory T cells in the presence 
of ICIs.38 Other theories suggest that an imbalance in 
the cytokine milieu and resultant immunosuppression 
may play a role in paradoxical disease progression with 
ICIs.15 16 Lo Russo et al6 demonstrated the role of tumor-
associated macrophage enrichment in immunodeficient 

Figure 4  Top feature analysis: (A) The box plots for the top three selected features for (i) training cohort and (ii) validation 
cohort. HPs had statistically significant high-feature values when compared against both responders and non-responders 
in both pieces of training as well as validation sets. (B) Top feature expression maps with corresponding CT scans for (i) 
responders, (ii) non-responders and (iii) HPs.Corresponding peritumoral Gabor feature maps are represented in (iv) responders, 
(v) non-responders and (vi) HPs. similarly, corresponding vessel tortuosity expressions and expressed for (vii) responders, (viii) 
non-responders and (ix) HPs. HPs were observed to have more convoluted vessel maps. Similarly, radiomic Haralick texture 
maps represented chaotic peritumoral microarchitecture of HPs. HP, hyperprogressor; (ns, not significant * = p<0.05, ** = 
p<0.005, *** = p<0.0005).

Figure 5  Kaplan-Meier survival curves for OS according to predicted labels by random forest classifiers: OS for the test set D2 
consisting of patients who were (A) combined responders, non-responders, and HPs. Within predicted two groups, predicted 
HPs had significantly shorter OS compared with predicted non-HP (B) subset of D2 consisting only HPs and non-responders 
and (C) subset of D2 consisting HPs and responders. HP, hyperprogressor; OS, overall survival.
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mice injected with patient-derived xenografts belonging 
to patients with NSCLC with hyperprogression after PD1/
PD-L1 blockade.

In this study, we evaluated the performance of a new 
radiomic model using the integration of intratumoral and 
novel peritumoral texture and vessel tortuosity metrics 
(QVT) in predicting hyperprogressive disease using only 
pretreatment CT scans. Our approach is novel being the 
first Radiomics study that included intratumoral, peri-
tumoral textural patterns along with vessel tortuosity 
features to predict specific patterns associated with hyper-
progressive disease.39 Our results suggest that these peri-
tumoral texture and vasculature patterns are significantly 
different in HPs when compared with either responders 
or other non-responders.

The peritumoral area is an integral part of the TME. 
Recent work has suggested that TME embeds informa-
tion that relates to drug resistance, and the effectiveness 
of chemotherapy and immunotherapy.14 17 18 40 Previous 
investigations of radiomic features from the TME have 
shown their utility in differentiating lung adenocar-
cinomas from granulomas, predicting response to 
neoadjuvant chemoradiation and surgery, pemetrexed 
chemotherapy in locally advanced NSCLC.14 17 18 Sun et 
al40 have used a radiomic approach on tumor region and 
the area surrounding it to detect CD8 cells and used that 
signature to predict ICI response in multiple retrospec-
tive cohorts. For predicting hyperprogressive disease, 
our results are in line with the recent study by Tunali et 
al,39 where top radiomic features reported in the study 
were also observed from the tumor boundary.38 Our top 
radiomic features were also observed from peritumoral 
regions and represent peritumoral heterogeneity within 
the textural patterns. These features had higher expres-
sion in the baseline CT scans of HPs when compared 
with responders or non-responders. One of the unique 
strengths of our study was that in addition to textural 
feature analysis, we also used a novel approach to quantify 
the blood vessel morphology (QVT) in the peritumoral 
area. These QVT features were two of the top three distin-
guishing radiomic features, emphasizing the importance 
of peritumoral vasculature in the phenomenon of hyper-
progression. QVT features showed more tortuous and 
disordered vessel architecture for HPs compared with 
responders or non-responders. We also evaluated the 
prognostic ability of the radiomic features by performing 
a survival and classification analysis within the three 
response categories: responders, non-responders, and 
HPs. The radiomics classifier correctly predicted that the 
HP patients would have worse OS when compared with 
responders and non-responders.

We acknowledge the limitations of our study, many of 
which are a consequence of the retrospective nature of 
this study and a limited number of HPs cases. Since the HP 
phenomenon is quite rare and observed within less than 
8% cases, we were limited in the total number of HP cases 
in the analysis. Further, ours is a single-institution study, 
but further validation in independent cohorts of patients 

is warranted. Since the hyperprogression phenomenon is 
very rare and observed within less than 8% cases, we were 
limited in the HP cases. Further, the exclusion of patients 
without adequate scans for analysis could have affected 
the incidence of hyperprogression and the performance 
of our discriminative radiomic signature. While there is 
no standardized definition of hyperprogression, some 
previous studies4 5 38 have used volumetric changes to iden-
tify hyperprogressive disease. We acknowledge the limita-
tions of using non-volumetric tumor growth kinetics for 
identifying hyperprogression, but believe that this would 
be a methodology that clinicians could easily replicate in 
practice to identify this subset of patients. PD-L1 expres-
sion data were unavailable for a majority of patients in 
our cohort. The correlation between PD-L1 expression, 
which is a clinically validated biomarker of benefit from 
PD1/PD-L1 blockade and hyperprogression, poses an 
interesting question which could not be addressed in our 
study.

CONCLUSIONS
Our findings suggest that radiomic analysis of pretherapy 
CT scans of patients with NSCLC who are being consid-
ered for immune checkpoint blockade could be used to 
identify patients who are at a higher risk of hyperprogres-
sion with this treatment. Added benefits of using radiomic 
analyses include the ability to analyze readily available 
routine CT scan images and the non-invasive nature of 
the risk assessment without the need for additional biopsy 
specimens.

Further rigorous validation in independent cohorts of 
patients and radiomic–histopathological correlative anal-
yses would further strengthen the argument for using 
radiomic analyses in routine clinical practice.
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