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Background. Immune checkpoint inhibitors have changed the paradigm of cancer treatment; however, non-
invasive biomarkers of response are still needed to identify candidates for non-responders. We aimed to investigate
whether immunotherapy ['8F]FDG PET radiomics signature (iRADIOMICS) predicts response of metastatic non-small-
cell lung cancer (NSCLC) patients to pembrolizumab better than the current clinical standards.

Patients and methods. Thirty patients receiving pembrolizumab were scanned with ['8F]FDG PET/CT at baseline,
month 1 and 4. Associations of six robust primary tumour radiomics features with overall survival were analysed with
Mann-Whitney U-test (MWU), Cox proportional hazards regression analysis, and ROC curve analysis. iRADIOMICS was
constructed using univariate and multivariate logistic models of the most promising feature(s). Its predictive power
was compared to PD-L1 tumour proportion score (TPS) and iRECIST using ROC curve analysis. Prediction accuracies
were assessed with 5-fold cross validation.

Results. The most predictive were baseline radiomics features, e.g. Small Run Emphasis (MWU, p = 0.001; hazard ratio
=0.46, p =0.007; AUC = 0.85 (95% CI 0.69-1.00)). Multivariate iRADIOMICS was found superior to the current standards
in terms of predictive power and timewise with the following AUC (95% Cl) and accuracy (standard deviation): iRADI-
OMICS (baseline), 0.90 (0.78-1.00), 78% (18%); PD-L1 TPS (baseline), 0.60 (0.37-0.83), 53% (18%); iRECIST (month 1), 0.79
(0.62-0.95), 76% (16%); iIRECIST (month 4), 0.86 (0.72-1.00), 76% (17%).

Conclusions. Multivariate iRADIOMICS was identified as a promising imaging biomarker, which could improve man-
agement of metastatic NSCLC patients treated with pembrolizumab. The predicted non-responders could be offered
otfher treatment options to improve their overall survival.
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Introduction survival rate around 15%." A new hope has come

with renaissance of immunotherapy, such as pro-
In spite of the advances in lung cancer treatment, grammed death-1 antibodies (anti-PD-1), which
prognosis for patients has been poor with a 5-year  invigorate a patient's immune system to fight
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against malignant cells.? In non-small-cell lung
cancer (NSCLC), which represents 85% of all lung
cancer cases, treatment outcomes of anti-PD-1 im-
munotherapy are significantly better compared to
conventional cytotoxic therapies. In selected pa-
tient population, response rates can be over 40%.3
The responding patients usually achieve durable
benefit and prolonged survival. Occasionally, even
complete remissions of metastatic disease are ob-
served, but such complete responses are still in mi-
nority.

Due to possible unusual response patterns (e.g.
pseudoprogression), treatment response assess-
ment in immunotherapy is challenging.* The most
routinely used methods are Response Evaluation
Criteria in Solid Tumours (RECIST) and its modi-
fication for use in immunotherapy (iRECIST),
among others.> Although iRECIST was found supe-
rior to RECIST in identifying pseudoprogression,
iRECIST is a late response assessment method, be-
cause anatomical changes observed on computed
tomography are usually delayed, and the suspicion
of progressive disease needs to be confirmed with
an additional scan 1-2 months after the first assess-
ment.® Importantly, studies have shown that none
of the RECIST-based endpoints could be used as
valid surrogates for overall survival (OS) in anti-
PD-1 trials, while the correlation of iRECIST-based
endpoints with OS is yet to be explored.”® Since
the molecular and functional tumour changes are
known to appear faster compared to anatomical
changes, several immunotherapy response assess-
ment methods, based on 2-deoxy-2-[fluorine-18]
fluoro-D-glucose positron emission tomography/
computed tomography (['*F]JFDG PET/CT), have
been proposed.”!? However, there is still a lack of
sufficient evidence to infer, which method, if any,
might be the most appropriate for the routine clini-
cal use.’*1

Recently, research into the identification of
new biomarkers for use in immunotherapy has
also increased. Various predictive and prognostic
biomarkers of response have been identified, in-
cluding tumour PD-1 ligand (PD-L1) expression,
tumour mutation burden, tumour infiltrating
lymphocytes density, mismatch repair deficiency,
microsatellite instability, and gut microbiota.!!”
However, the reports from different studies some-
times oppose each other, therefore the current
biomarkers need further validation.’® Moreover,
most of them require invasive biopsies, and are
impractical or too expensive for a routine clini-
cal use. On the other hand, few immunotherapy
clinical studies examined possible non-invasive
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imaging biomarkers, but there is still a lack of re-
search performed in NSCLC patients.!* Three ret-
rospective anti-PD-1 studies showed associations
of pre-treatment sum of maximum standardized
uptake values (SUV__ ) of all lesions (SUV__ )%,
SUV__ of the most avid lesion?, and volumetric
parameters (metabolic tumour volume [MTV],
and total lesion glycolysis [TLG])*, with NSCLC
patient response as defined by RECIST. However,
significant correlations of these features with OS
were not observed. There is also a lack of clinical
studies in immunotherapy investigating more so-
phisticated image analysis methods such as radi-
omics analysis. Radiomics analysis harnesses the
full power of medical imaging by extracting nu-
merous quantitative features, hypothesized to re-
flect more deeply the tumour phenotype, as well
as the genotype.??? Recent anti-PD-(L)1 radiomics
studies have shown associations of CT radiom-
ics signatures with tumour immune phenotype?,
hyperprogression®, and progression-free surviv-
al (PFS)*. Moreover, two studies also examined
the predictive value of PET radiomics features.
Polverari et al. observed significant differences in
tumour heterogeneity (as defined by kurtosis and
skewness) between patients with progressive dis-
ease (PD) and non-PD?, while the study by Mu et
al. proposed a combined PET and CT radiomics
signature for predicting patient PFS and OS.” In
these studies (except Polverari et al. ), data min-
ing using vast number of features (up to 1160)
was performed in order to build multivariate radi-
omics signatures containing up to eight features.
Although on one hand, such approach might al-
low for a more precise quantification of tumour
characteristics, on the other hand, the so obtained
predictive models could be prone to overfitting,
and probably too complex and non-intuitive for a
successful clinical translation. Moreover, it is also
well known that a lot of radiomics features are not
suitable candidates for biomarkers, for example
due to an excessive test-retest variability.?

The primary aim of our prospective study was
to determine whether immunotherapy [*F]FDG
PET radiomics signature (iIRADIOMICS) predicts
response of stage IV NSCLC patients to pem-
brolizumab better than the current routinely used
clinical standards (PD-L1 immunohistochemistry,
and iRECIST). To overcome the aforementioned
pitfalls, we deliberately analysed only a small sub-
set of radiomics features, which were previously
proven to be robust and reliable according to test-
retest variability?®, and built iRADIOMICS with
minimum number of features.
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Patients and methods
Patients

Thirty consecutive patients who met the follow-
ing inclusion criteria were enrolled from January
2017 — March 2019 at the Institute of Oncology
Ljubljana (Slovenia): > 18 years old, cytologically
or histologically confirmed stage IV NSCLC (8t
TNM classification of the International Association
for the Study of Lung Cancer), no history of oth-
er malignancies, PD-L1 tumour proportion score
(TPS) > 1% (assessed by a validated immunohisto-
chemistry assay), Eastern Cooperative Oncology
Group criteria (ECOG) performance status 0-2.
Enrolment required approval of the multidiscipli-
nary tumour board that the patient was a candi-
date for treatment with pembrolizumab. The study
(NCT04007068) was approved by the institutional
review board committee and the National Ethics
Committee (KME 117/02/17). All patients gave in-
formed consent to participate.

Study protocol

All patients underwent standard diagnostic pro-
cedures including clinical examination and blood
tests. Baseline [F]JFDG PET/CT was performed
< 4 weeks before treatment, and follow-up [**F]
FDG PET/CTs were performed 1 month (+ 5 days)
and 4 months (+ 14 days) after treatment initia-
tion. Patients were treated with pembrolizumab
until progression, clinical benefit, or unaccepted
toxicities. Pembrolizumab dosage was 2 mg/kg or
200 mg/patient (depending on the guidelines at
the time of treatment), intravenously, every three
weeks (q3w). Patients could also receive palliative
radiotherapy in case of symptomatic lesions. Such
treatment intervention required approval of the
multidisciplinary tumour board.

Imaging acquisition and analysis

Patients fasted for at least 6 hours before intrave-
nous application of 3.7 MBq/kg [®*F]FDG and re-
mained seated or recumbent for 60 minutes. Data
acquisition was performed on a Biograph 40 mCT
(Siemens Healthcare, Erlangen, Germany) with the
following parameters: CT (tube current 100 kV,
tube voltage 80 mAs, Care dose 4D and Care kV
dose modulation, collimation 16x1.2 mm, pitch 1.2,
reconstruction using 3 mm slice thickness in 2 mm
increment, abdominal window, B40f kernel), ['*F]
FDG PET (acquired from skull base to mid-thigh,
2 minutes per bed position, reconstruction using

TruX+TOF (UltraHD-PET) algorithm, 2 iterations
per 21 subsets, matrix size 200x200, 3 mm slice
thickness, 2.5 mm pixel size). Two physicians seg-
mented the lesions semi-automatically in 3D Slicer
using SUV > 4.0 g/ml as the threshold. The seg-
mentations were then examined by an experienced
radiologist and, if necessary, manually edited. The
radiologist also performed iRECIST assessment.
All researchers involved in tumour segmentations
were blinded to the outcome of the study.

Feature extraction

At first, eight [®F]FDG radiomics features were
extracted from primary tumours, including
three volume-based features (volume, maximum
standardized uptake value (SUV__), total SUV
(SUV,..)) and five texture-based heterogeneity
features, derived from Grey-Level Co-occurrence
Matrix (GLCM) (Sum Entropy, Entropy-GLCM,
Difference Entropy) and Grey-Level Run Length
Matrix (GLRLM) (Small Run Emphasis (SRE), Run
Percentage).®3* Importantly, these five texture-
based features were deliberately chosen, because
they were identified as very robust and reliable,
based on test-retest variability in a prospective
multicentre study of NSCLC tumours imaged with
['®F]FDG PET/CT.?® Feature definitions and their
intuitive explanations are summarized in Table S1.
Feature extraction was performed using an in-
house software, see references.’'* Briefly, features
were extracted using a voxel-based method. The
image was discretized into 256 grey levels. For
each voxel, the feature was calculated over a 5 x 5
voxel patch in axial, coronal, and sagittal planes,
and averaged over the three planes for each voxel.
The final feature was calculated by averaging over
all voxels. After examining the correlation between
features using Pearson correlation coefficient, we
excluded SUV and Run Percentage from further
analysis, because they were too closely correlated
with other features (Figure S1).

Statistical analysis

Response was defined based on overall survival
(OS), the gold standard end-point in immunother-
apy?®, therefore OS was the primary outcome meas-
ure in our study. OS was defined as the time from
initiation of pembrolizumab until death from any
cause. Patients with OS > 14.9 months were defined
as responders. The selected threshold was median
OS in the multicentre KEYNOTE-10 study (sub-
group of NSCLC patients with PD-L1 TPS > 50%,
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treated with pembrolizumab dose 2 mg/kg)).3*
Although the inclusion criteria in our study was
PD-L1 TPS > 1%, the majority of patients (26/30,
87%) had PD-L1 TPS > 50%, resulting in compara-
ble median OS (15.95 months).

Mann-Whitney U-test and Fisher exact test were
used to investigate the differences in radiomics
features and demographic data between the re-
sponders and non-responders. Receiver operating
characteristic (ROC) curve analysis was used to
assess the predictive power of each radiomics fea-
ture. Univariate and multivariate Cox proportional
hazards (Cox PH) regression analyses were used to
study the relationship between the radiomics fea-
tures and OS. A multivariate Cox PH model was
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FIGURE 1. Baseline radiomics features of primary tumours — Receiver operating
characteristic curve (ROC) analysis. For each radiomics feature, the area under the
ROC curve (AUC) with the corresponding 95% confidence interval (Cl) is reported.
AUC of 0.8 or above indicates a high level of predictive power, while an AUC of 0.6
or less indicates poor level of predictive power.

Radiol Oncol 2020; 54(3): 285-294.

constructed utilizing forward selection, consid-
ering univariate predictors of level p < 0.05. The
results of the variable selection procedure were
confirmed using backward selection based on the
Akaike Information Criterion (AIC). Since the
hazard ratio depends on the unit of the measure-
ment, all radiomics features were normalized into
z-scores.® Probability of OS as a function of time
was analysed with Kaplan-Meier diagrams, and
the difference between survival curves was tested
with the log-rank test.

iRADIOMICS, iRECIST, and PD-L1 signatures
were constructed using univariate or multivariate
logistic regression analyses. The iIRADIOMICS sig-
natures consisted of the most promising radiomics
features. The iRECIST signature consisted of one
categorical variable with five ordered iRECIST re-
sponse categories.” The predictive power of each
model was assessed by calculating the area under
the curve (AUC) of the corresponding ROC anal-
ysis. The accuracy of each model (percentage of
correctly classified patients) was assessed with re-
peated (10x) 5-fold cross validation, so that the pa-
tients were randomly split into five groups: at each
validation step, four unique groups were chosen to
train the model and the remaining group was used
to validate accuracy of model predictions.

A planned sample size of 30 evaluable patients
was deemed to be sufficient for evaluating the pre-
dictive power of each model. Specifically, assum-
ing an anticipated response rate of 50%, a sample
size of 30 evaluable patients provided >85% power
to detect an AUC of at least 0.80 (high predictive
power) at the two-sided 0.05 significance level un-
der the null hypothesis that the AUC is at most 0.5.
All analyses were performed in R (3.5.3.) and were
considered statistically significant if p < 0.05.

Results
Patient demographic and clinical data

Thirty patients were enrolled in the study. Median
follow-up time (time to censoring) was 21.4
months. A full list of demographic characteristics
is presented in Table 1. The examination of demo-
graphic data did not reveal any significant differ-
ences between the responders and non-responders.

Individual radiomics features as
predictors of overall survival (OS)

We analysed radiomics features extracted from
primary tumours at baseline, month 1, and month
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TABLE 1. Patient demographic and clinical data. The data is presented for all patients, responders (overall survival [OS] > 14.9
months), and non-responders (OS < 14.9 months). The reported p-value is the result of Mann-Whitney U-test (MWU) (confinuous
variables) and Fisher exact test (categorical variables) comparing differences between responders and non-responders

o Al patients Responders Non-responders
Characteristic median (range) (Os > ]4.9 months) (Os < _14.9 months) p-value
median (range) median (range)
Number of patients 30 16 14
Age [years] 65 (46-77) 67 (48-76) 61 (46-77) 0.298
PD-L1 TPS [%)] 75 (3-100) 77.5 (3-100) 75 (10-100) 0.933
Sex 0.715
Female 15 9 6
Male 15 7 8
Histology 0.532
Adenocarcinoma 17 8 9
Squamous cell carcinoma 8 4 4
Other 5 4 1
Smoking status 0.672
Never 1 0 1
Former > 3 years ago 12 7 5
Former < 3 years ago 5 3 2
Until current disease 8 3 5
Current smoker 4 3 1
ECOG PS 0.162
0 8 2 6
1 18 12 6
2 4 2 2
Line of treatment (immunotherapy) 0.096
Tst 15 10 5
2nd 13 4 9
3d 2 2 0
Palliative RT during treatment 0.657
No 24 12 12
Yes 6 4 2

ECOG PS = Eastern Cooperative Oncology Group performance status; RT = radiotherapy; TPS = tumour proportion score (TPS)

4. Two patients did not have primary tumours,
excluding them from this analysis (N = 28). The
analysis of the features extracted at baseline is pre-
sented in Table 2 and Figure 1. Neither standard
volume-based features (volume, SUV__ ) were able
to discriminate responders from non-responders.
Among the texture-based features, Entropy-
GLCM (p = 0.046) and Small Run Emphasis (SRE)
(p =0.001) were found to be significantly different
between the two groups. ROC curve analysis re-
vealed SRE having high level of predictive power
(AUC = 0.85 (95% CI 0.69-1.00)), while the predic-

tive power of other features was moderate (0.6 <
AUC<0.8).

At month 1, only volume was significantly dif-
ferent between the responders and non-responders
(p = 0.035, AUC = 0.75 (0.55-0.95)), while none of
the radiomics features reached high level of pre-
dictive power (AUC < 0.8). At month 4, none of
the features were significantly different between
responders and non-responders, and all radiomics
features had AUC <0.7.

To further explore the impact of baseline radiom-
ics features on OS, we performed Cox proportional

Radiol Oncol 2020; 54(3): 285-294.
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TABLE 2. Baseline radiomics features of primary tumours — Mann-Whitney U-test (MWU) and receiver operating characteristic
(ROC) curve analysis. Patients were dichotomized into 2 groups: responders (OS > 14.9 months) and non-responders (OS < 14.9
months). For each radiomics feature median value, range, p-value of MWU, and the area under the ROC curve (AUC) with the
corresponding 95% confidence interval (Cl), are reported. See also Figure 1

Responders Non-responders
Feature (OS > 14.9 months) (OS < 14.9 months) p-value AUC (95% CI)
median (range) median (range)
Volume [cm?] 27.9 (2.64-351) 44.4 (7.81-792) 0.098 0.69 (0.49-0.89)
SUV o, [a/ml] 20.6 (5.21-32.1) 15.6 (9.54-37.0) 0.185 0.65 (0.43-0.87)
Sum entropy 3.69 (3.53-3.77) 3.7 (3.54-3.76) 0.387 0.60 (0.38-0.82)
Enfropy-GLCM 4.07 (3.99-4.15) 4.11 (4.03-4.14) 0.046 0.72 (0.52-0.92)
Difference entropy 2.98 (2.74-3.07) 2.89 (2.74-3.06) 0.080 0.70 (0.49-0.90)
Small Run Emphasis (SRE) 0.0382 (0.00962-0.0615) 0.0163 (0.00854-0.0303) 0.001 0.85 (0.69-1.00)

GLCM = Grey-Level Co-occurrence Matrix; SUV = maximum standardized uptake value

TABLE 3. Baseline radiomics features of primary fumours — univariate and multivariate Cox proportional hazards regression analysis
(Cox PH). For each radiomics feature, the hazard ratio (HR), corresponding 95% confidence interval (Cl), and p-value of univariate
analysis are reported. The 2-variable multivariate regression model was chosen based on the Akaike information criterion (AIC). In
order to achieve comparable HRs, all radiomics features were normalized into z-scores

HeGiie Univariate Univariate Multivariate Multivariate
HR (95% CI) p-value HR (95% ClI) p-value

Volume 1.6 (1.1-2.4) 0.015

SUV o 0.77 (0.46-1.3) 0.320

Sum Enfropy 0.96 (0.60-1.5) 0.860

Entropy-GLCM 1.4 (0.82-2.3) 0.230

Difference entropy 0.62 (0.40-0.97) 0.037 0.54 (0.31-0.93) 0.024
Small Run Emphasis (SRE) 0.46 (0.26-0.81) 0.007 0.39 (0.20-0.76) 0.006

GLCM = Grey-Level Co-occurrence Matrix; SUV, ,, = maximum standardized uptake value

hazards (Cox PH) regression analysis (Table 3). In
univariate analysis, volume (hazard ratio (HR) =
1.6, p = 0.015), Difference Entropy (HR = 0.62, p =
0.037), and SRE (HR = 0.46, p = 0.007) showed sta-
tistically significant relationship with patient OS.
Multivariate Cox PH regression model with the
lowest AIC consisted of Difference Entropy (HR =
0.54, p = 0.026) and SRE (HR = 0.39, p = 0.006). As
shown in Figure S1, SRE and Difference Entropy
also exhibited low correlation (0 =0.20), confirming
that these two features were independent predic-
tors of survival.

For the feature SRE, which was found to be the
most informative in all statistical tests, we per-
formed Kaplan-Meier survival analysis for base-
line SRE where patients were dichotomized by the
median (Figure 2). Survival probability was signifi-
cantly different between groups (p =0.015). Median
OS of the patients with SRE < SRE . was 10.4
months (95% CI 6.0 months-not reached), while
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median OS of the patients with SRE>SRE__,. was
not reached (95% CI 15.9 months-not reached).

Ability of iRADIOMICS, iRECIST, and
PD-L1 signatures to predict patient
overall survival

Finally, we examined the predictive power of iRA-
DIOMICS (baseline), iRECIST (month 1 and 4), and
PD-L1 (baseline) signatures. 25 patients, which
had both baseline and month 1 scans available,
were suitable for this analysis. Two patients were
excluded because they had no primary tumours
(impossible to extract iRADIOMICS), and three
other patients had no month 1 scans (impossible to
assess iIRECIST). For the three additional patients,
who died before the scheduled month 4 scanning,
we used month 1 iRECIST assessment for the con-
struction of month 4 iRECIST signature. Otherwise,
the statistics of month 4 iRECIST signature could
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FIGURE 2. Kaplan-Meier diagram — Small Run Emphasis (SRE). Blue: patients with SRE > SRE__ .., yellow: patients with SRE < SRE

The reported p-value is the result of log-rank test.

be biased due to the exclusion of hyperprogres-
sive patients. The results are presented in Figure 3.
PD-L1 TPS showed poor predictive power (AUC
=0.60 (0.37-0.83)). The AUC of iRECIST signatures
were 0.79 (0.62-0.95) and 0.86 (0.72-1.00) for month
1 and month 4, respectively. On the other hand,
the AUC of the univariate iRADIOMICS at base-
line was 0.81 (0.62-0.99), which was comparable to
iRECIST at month 1. The highest predictive power
was achieved by the multivariate baseline iRADI-
OMICS (consisting of SRE and Difference Entropy)
with AUC = 0.90 (0.78-1.00). Model coefficients of
iRADIOMICS are summarized in Table S2.

To further validate the predictive ability of all
models, the accuracy of predictions was calculated
using 5-fold cross validation. PD-L1 TPS achieved
poor accuracy of only 53% (standard deviation SD
=18%). iRECIST signatures at month 1 and month
4 correctly classified 76% (16%) and 76% (17%) of
patients, respectively. The accuracy of univariate
iRADIOMICS at baseline was slightly lower, 73%
(18%). The highest accuracy was achieved by mul-

15 20 25 30
Time [months]

'median*

tivariate baseline iRADIOMICS, which correctly
classified 78% (18%) of patients.

Additionally, we performed a sensitivity study
by repeating the same analyses either with a sub-
set of 22 patients, who were scanned at all three
time-points (excluding hyperprogressive patients
who died before month 4), or by using all avail-
able data at each specific time-point (resulting in
different number of analysed patients at baseline,
month 1 and month 4), but the change of the results
was negligible. In each scenario, multivariate iRA-
DIOMICS reached AUC around 0.90 with accuracy
up to 80%, and always performed better than the
other models.

Discussion

New biomarkers of response to immunotherapy
are urgently needed. In NSCLC, PD-L1 TPS is
still the only predictive biomarker routinely used
in clinics, in spite of the growing evidence sug-
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FIGURE 3. Receiver operating characteristic (ROC) curve
analysis. Blue: baseline IRADIOMICS multivariate logistic model
(independent variables: Small Run Emphasis [SRE], Difference
Entropy), yellow: baseline iRADIOMICS univariate logistic model
(independent variable: SRE), grey: month 1 iRECIST univariate
logistic model (independent variable: iRECIST response
category), red: month 4 iRECIST univariate logistic model
(independent variable: iRECIST response category). For each
model, area under curve (AUC) and 95% confidence interval
(Cl) are reported.

gesting that it is far from optimal.®® Among the
reasons for its questionable predictive power are
inconsistent measurement methodologies, intra-
tumour PD-L1 expression heterogeneity, and the
fact that immune cells infiltrating the tumour can
express PD-L1.¥” Even in our study, the survival
predictions based on PD-L1 TPS performed poorly.
Additionally, because it is not clear to what extent
the current standards for treatment response as-
sessment (RECIST, iRECIST) correlate with overall
survival (OS), the duration of treatment, as well
as the decision about cessation of anti-PD-1 im-
munotherapy, rely on the subjective judgment of
the treating physician, which is mainly based on
the observed immune-related adverse events and
achieved clinical benefit.

We aimed to address these issues with the use of
["*F]FDG PET/CT imaging, since it is widely used,
affordable, and non-invasive. When we examined
the predictive ability of individual radiomics fea-
tures, we found that some of the features showed
high predictive power at baseline, while at month
1 and month 4 their informative value decreased
significantly. This is consistent with a number of
studies suggesting that intrinsic tumour charac-
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teristics, such as tumour histopathology, tumour
microenvironment, and immune contexture, most
likely have a major impact on response to immu-
notherapy.!173 The most dominant feature was
Small Run Emphasis (SRE), which was able to
discriminate responders from non-responders to
anti-PD-1 therapy, it had a significant relation-
ship with patient OS, and high predictive power.
In patients with SRE > SRE_ ;.. , the probability of
survival by Kaplan-Meier analysis was also sig-
nificantly higher. Although studies have shown
that texture-based features might reflect tumour
heterogeneity on macroscopic, cellular, or even
molecular or genomic level®, their clear relation-
ship with the underlying biology still needs to be
elucidated. However, from the definitions of tex-
ture features used in our study we can infer that at
baseline, primary tumours of responders have fin-
er and more homogeneous metabolic structure, as
reflected by higher SRE and lower Entropy-GLCM,
respectively. See Table S1 for formal mathematical
definitions, as well as intuitive descriptions of the
studied texture features. In terms of underlying bi-
ology we could speculate that these findings might
reflect tumours with spatially more homogene-
ous clonal structure, more homogeneous intrinsic
infiltration of immune cells, more homogeneous
tumour microenvironment, or fewer hypoxic or
necrotic regions. Interestingly, this finding is in
agreement with the study by Polverari ef al., where
patients with progressive disease (PD) exhibited
higher tumour heterogeneity at baseline (reflected
by higher kurtosis and skewness), compared to
non-PD patients. On the other hand, the finding is
at odds with the study by Mu et al., where hetero-
geneous tumours presumably had a higher chance
to achieve durable clinical benefit.?” However, het-
erogeneous tumour phenotype in this study was
inferred from two components of eight-variable
radiomics signature, making intuitive conclusions
about the underlying tumour biology even more
difficult compared to our study. In agreement with
the study by Takada ef al., we also observed the
trend of higher SUV__ among the responding pa-
tients, although it was not statistically significant.?
A similar lack of statistical significance of SUV__,
or even the opposite trend, was observed by other
groups, therefore the predicitve value of SUV__
should be considered highly questionable.!31%2!
We analysed only primary tumours, yet ne-
glected lymph nodes (LN) and distant metastases
(DM). The main reason for this approach is that
radiomics analyses might not accurately quantify
intra-tumour heterogeneity of small lesions due

X
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to the partial volume effects, which could be even
more pronounced in PET imaging with limited
spatial resolution.** However, inclusion of LN and
DM in future predictive models could addition-
ally improve their predictive power and accuracy.
Especially an ["¥F]JFDG PET signal of LN might be
connected with the cancer immunity cycle, possi-
bly capturing the processes that occur in LN after
the initiation of anti-PD-1 therapy, including T cell
priming and activation.*!

The analysis of the predictive ability of iRECIST,
PD-L1, and iRADIOMICS signatures revealed
some interesting aspects. First, the response to
anti-PD-1 therapy seems to occur fast, as iRECIST
signature was able to predict the response of 76%
of patients already at month 1, while the predictive
ability at month 4 had not improved. These results
suggest that treatment response assessment could
be performed as soon as 1 month after treatment
initiation. Moreover, its satisfactory ability to pre-
dict OS indicates that clinical decisions about (dis)
continuation of anti-PD-1 therapy could (at least
in part) rely on iRECIST assessment rather than
purely on the observed clinical benefit. However,
the correlation of other iRECIST-based endpoints
with patient survival should be further explored.

Lastly, the iRADIOMICS was found superior
to PD-L1 and iRECIST both in terms of predictive
power and, importantly, timing. From the clinical
point of view, each additional month (or day) of
an ineffective therapy can be crucial for metastatic
NSCLC patients. The fact that the iRADIOMICS
was able to correctly predict the response of al-
most 80% of patients before therapy, could have an
important clinical impact. The predicted non-re-
sponders to pembrolizumab could be offered other
treatment options to improve their OS. However,
the predictive ability of iRADIOMICS needs to be
confirmed in future independent studies with a
higher number of patients.

Our study compared the predictive power of
baseline biomarkers (iIRADIOMICS and PD-L1) to
the early treatment response assessment method
(iRECIST) - single point vs. multiple point assess-
ment. However, from the practical standpoint, the
baseline prediction is desirable to the treatment
response assessment as it is earlier and allows
more time for favourable clinical decision making.
Potentially the two approaches could be combined,
but such study would require higher number of
patients to secure clinical significance because of
more degrees of freedom (variables).
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