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ABSTRACT
◥

Radiomics is defined as the use of automated or semi-
automated post-processing and analysis of multiple features
derived from imaging exams. Extracted features might generate
models able to predict the molecular profile of solid tumors. The
aim of this study was to develop a predictive algorithm to define
the mutational status of EGFR in treatment-na€�ve patients with
advanced non–small cell lung cancer (NSCLC). CT scans from
109 treatment-na€�ve patients with NSCLC (21 EGFR-mutant and
88 EGFR-wild type) underwent radiomics analysis to develop a
machine learning model able to recognize EGFR-mutant from
EGFR-WT patients via CT scans. A “test–retest” approach was
used to identify stable radiomics features. The accuracy of the
model was tested on an external validation set from another
institution and on a dataset from the Cancer Imaging Archive
(TCIA). The machine learning model that considered both
radiomic and clinical features (gender and smoking status)

reached a diagnostic accuracy of 88.1% in our dataset with an
AUC at the ROC curve of 0.85, whereas the accuracy values in the
datasets from TCIA and the external institution were 76.6% and
83.3%, respectively. Furthermore, 17 distinct radiomics features
detected at baseline CT scan were associated with subsequent
development of T790M during treatment with an EGFR inhib-
itor. In conclusion, our machine learning model was able to
identify EGFR-mutant patients in multiple validation sets with
globally good accuracy, especially after data optimization. More
comprehensive training sets might result in further improvement
of radiomics-based algorithms.

Significance: These findings demonstrate that data normaliza-
tion and “test–retest” methods might improve the performance of
machine learning models on radiomics images and increase their
reliability when used on external validation datasets.

Introduction
For 10 years now,molecular target therapy has changed the scenario

of patients with non–small cell lung cancer (NSCLC)–harboring EGFR
mutations. Thesemutations are identified in 14% to 18%of cases in the
Caucasian population, and up to 50% in the Asian population (1–3).
However, their detection in tumor samples hides some critical issues:
In first place, the bioptic procedure is invasive and occasionally
unsuccessful at first attempt, requiring further attempts; in second
place, a biopsy is only representative of a small proportion of the tumor
and might not represent the whole neoplasm due to its heterogene-

ity (4). Indeed, although on one hand NSCLC-harboring EGFR
mutations are characterized by a clonal development (thus favoring
a tendency toward homogeneity), it has also been observed that
different mutations are associated with various degree of intra-
tumoral heterogeneity (with a broader grade for exon 21 mutations);
in addition, the EGFR heterogeneity is implicated in tumor escape
during TKI treatment, leading to acquired resistance (5–7). These
limits lead to the pursuit of different methods, among new technol-
ogies, that could predict molecular profile of certain tumors, especially
when integrated with clinical features. To date, diagnostic tests have
achieved both an optimal sensitivity and specificity in the detection of
EGFR mutations, reaching in the specific setting of droplets digital
PCR (ddPCR) a limit of detection (LOD) of 0.05% for common EGFR-
sensitizing mutations (exon 19 deletions and exon 21 point muta-
tions), and 0.1% for T790M on exon 20 (8). The capability to detect
these mutations has reached such a high sensitivity that is debated
whether genic alterations with extremely low frequency identified by
novel technologies represent the actual molecular drivers (and hence
appropriate therapeutic targets) rather than simple cooccurring altera-
tions with limited therapeutic impact, and this might be especially true
with high-throughput next-generation sequencing (9, 10). During the
last years, different attempts to integrate standard clinical, histological,
and genomic data with radiomic analysis have been done to improve
the identification of tumors harboring different molecular profiles.

Radiomics is defined as the use of automated or semi-automated
post-processing and analysis ofmultiple features derived from imaging
exams (11). The hypothesis that certain radiomic phenotypesmight be
associated with specific somatic mutations has been investigated in
different solid tumors; for what concerns lung cancer, previous studies
have already tested radiomic models to predict the molecular profile,
finding correlations between specific imaging signatures and some
commonmutations, including EGFR (12–14).With specific regards to
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EGFR mutation, the developed radiomics models published so far
had a sub-optimal accuracy due to technical and epidemiological
limits. In a recent publication, a radiomics analysis on the CT scans
of 228 patients with NSCLC collected from public datasets with
multiple radiomics extraction programs resulted in prediction
models with areas under the receiver operating characteristic (ROC)
curves ranging from 0.54 to 0.64 (15). In a large analysis, including
1,010 consecutive Asian patients (510 EGFR-mutant and 500 wild
type patients) and using radiomics and multilevel residual con-
volutionary neural networks (MCNN), the resulting predictive
models achieved a performance, defined as area under the curve
(AUC) ranging from 0.740 (radiomics) to 0.811 (radiomics plus
MCNNs; ref. 16).

The purpose of this study is to investigate the use of radiomic
analysis on CT scans, to identify driver mutations in Caucasian
patients with NSCLC. In our study, we aim at elaborating a more
reliable and reproducible radiomic analysis using the “test–retest”
method, that allows to reduce the influence of background noise of
CT scans and eventually improve the accuracy of the radiomics
algorithm.

Patients and Methods
Patients

The study population was retrospectively selected from patients
who underwent a CT-guided transthoracic biopsy at the Radiology
Unit of IRCCSOspedale Policlinico SanMartino (Genova, Italy) and at
the Interventional Angiography Unit, Ospedale Santa Corona (Pietra
Ligure, Italy). Eligible patients were included according to the follow-
ing inclusion criteria: (i) histological diagnosis of primary lung ade-
nocarcinoma tested for EGFR mutational status, (ii) suitability for
segmentation of CT images obtained during transthoracic biopsy, (iii)
clinical and radiological follow-up of EGFR-mutant patients. Patients
were excluded on the basis of the following: (i) previous systemic
antineoplastic treatments, (ii) CT images with motion artifact (includ-
ing breathing) or evident streaking artifact due to metal objects, (iii)
pure ground-glass nodules (Fig. 1). On the basis of the aforementioned
criteria, we identified 116 patients with diagnosis of lung adenocar-
cinoma and known EGFR mutational status; among these patients, 7
were excluded as the CT scans obtained during biopsy were not
suitable for segmentation due to artifacts; therefore, the eligible
patients were 109 (as reported in Fig. 1), and we defined this cohort
“Internal Dataset.”

Two external validation cohorts were created: The first was
generated using the publicly available dataset “NSCLC-Radio-
mics-Genomics” from the Cancer Imaging Archive (TCIA), from
which we obtained a collection of images from 89 patients with lung
adenocarcinoma, and a dataset of 60 CT scans of patients with
lung adenocarcinoma from the Azienda Ospedaliera Papardo locat-
ed in Messina, Italy (Messina dataset). All the patients from
TCIA and Messina Dataset were selected according to the same
inclusion and exclusion criteria applied to our cohort. Notably, we
had to exclude CT scans that were not evaluable due to technical
factors preventing a proper segmentation such as pure ground glass
lesions, artifacts (e.g., metallic surgical clips) or lack of unenhanced
scans (i.e., without contrast medium), because all the CT scans of
our training cohort were unenhanced. Subsequently, CT scans from
49 patients in TCIA dataset and 12 patients in the Messina dataset
were included.

We obtained a written informed consent from all the enrolled
patients alive at the time of the study.

EGFR mutational analysis
For each patient enrolled in our internal training and validation

cohorts, the tumor specimen collected at diagnosis was tested for
EGFR gene mutations by matrix-assisted laser desorption/ionization
time-of-flight (MALDI-TOF) mass spectrometry or by Real Time
PCR. MALDI-TOF was performed on a MassArray platform (Agena
Bioscience Inc.) using the Myriapod Lung Status Kit (Diatech Phar-
macogenetics). EGFR mutational analysis was performed by Real-
Time PCR on a Rotor Gene instrument (Qiagen) by using the Easy
EGFR Kit (Diatech Pharmacogenetics), and then the mutation type
confirmed by Sanger sequencing. In post-TKI setting, the presence of
T790M resistance was evaluated on circulating free DNA (cfDNA)
from plasma sample as already described (17). In case of negativity,
EGFR T790M mutation was also investigated on a new tissue biopsy
(Supplementary Table S1).

CT-guided biopsy protocol
CT-guided biopsies were performed on two different scanners

(Lightspeed16 and Optima64, GE Healthcare) using the following
parameters of acquisition: Helical acquisition mode, 120 kVp with
automatic tube current modulation, slice thickness of 2.5 or 5 mm and
soft tissue reconstruction kernel. Biopsies were performed with
patients in prone or supine decubitus depending on the location of
the lesion. During the procedure, subsequent scans were taken to
monitor the needle’s path toward the lesion (Fig. 2). All the biopsies
were performed using a 17-gauge coaxial outer needle and an 18-gauge
inner automated full-core cutting needle (Biopince, Argon Medical).

Images reformat
CT images were reformatted on a workstation (Advanced Work-

station 4.6, General Electric) using the following parameters: Slice
thickness of 5mm, field-of-view (FOV) of 32 cmand 512� 512matrix.
Reformat was applied on the first two acquisition of each exam to
generate two series of CT images for each patient. This operation was
not performed for TCIA and Messina dataset in order not to manip-
ulate external images.

Segmentation and radiomic features extraction
Reformatted images were imported on an offline workstation for

radiomic analysis with an open-source software (3D Slicer, Pyradio-
mics; see paragraph 1.1; refs. 18, 19). A clinical radiologist, blinded to
clinical data and mutational status, segmented each tumor on the
single slice from which the biological sample was obtained. Lesions
treated with loco-regional approach (e.g, radiotherapy and thermo-
ablation) were excluded from segmentation. A level tracing effect
algorithm was used to draw a region-of-interest (ROI) around the
tumor; when the algorithm could not recognize a tumor’s boundaries
with sufficient precision, the operator manually corrected the ROI.
Because of the difficulty of distinguishing ground-glass areas from
partial volume averaging artifact, particularly along boundaries, only
the solid portion of the tumor was included in the ROI (pure ground
glass lesions were excluded a priori).

“Test–retest”
A primary features selection was performed using a “test–retest”

technique (20). For each patient, the first (dataset 1, test) and the
second (dataset 2, re-test) image recorded during placement of the
biopsy needle were used. Therefore, dataset 1 series correspond to the
images registered at timepoint 0 of the biopsy, whereas dataset 2 series
correspond to images registered at timepoint 1 of the biopsy (Fig. 2).
This procedure aims to exclude features that show high instability. In
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the first step, the ratio of feature values (feature ratio, FR) from dataset
1 to 2 was calculated to establish intra-patient variability of each
feature. In order not to exclude features that showed variability in a
single patient but relative stability in the cohort, arithmeticmean of FR
(MFR) was calculated and features that showed a variation of MFR
above 10% were eliminated from the datasets. One-hundred and four
shape and textural features were extracted (Supplementary Table S2),
from both CT series, to create two datasets (dataset 1 and 2) for each
patient (Fig. 2). Globally, 42 features were selected by “test–retest”
(Table 1).

Machine learning
Radiomic features from the original dataset and selected radiomic

features from dataset 1 (based on the above-mentioned “test–retest”)
were standardized (Z-score normalization see paragraph 1.2 Supple-
mentary Appendix) and analyzed with principal component analysis
(PCA; Supplementary Appendix, paragraph 1.3). A subset of the
principal components extracted by the PCA, together with clinical
data (gender and smoking habit known to be related to the mutation)
were used as the training cohort to elaborate a predictive model
employing a support-vector machine (SVM; Fig. 3, paragraph 1.2

116 pa�ents with  
thoracic biopsies 

109 evaluable pa�ents 

21 pa�ents harboring EGFR 
muta�on 

CT-scans from 7 pa�ents 
had ar�facts that  made 

radiomic analysis 
impossible 

88 EGFR wild- type pa�ents 

3 pa�ents were not 
evaluated for T790M at 

progression on I−II
genera�on EGFR TKI 

19 pa�ents were 
evaluated for T790M at 

progression on I−II 
genera�on EGFR TKI 

3 pa�ents developed 
T790M 

16 pa�ents did not 
develop T790M 

Figure 1.

Selection of patients for radiomic analyses.

T0 baseline T1: 2 minutes a�er T0 T2: 5 minutes a�er T0

T3: 7 minutes a�er T0 T4: 9 minutes a�er T0 T4: 11 minutes a�er T0

Figure 2.

Example of thoracic biopsy used for test–retest. T0
images (framed in blue) were used as dataset 1,
whereas images collected at timepoint T1 (framed
in green) were used to create dataset 2.
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Supplementary Appendix). The SVM model was trained and opti-
mized with the software MATLAB (The MathWorks, Inc., version
R2020a). In the optimization process, a 5-fold cross-validation was
used (Supplementary Appendix, paragraph 1.3; Supplementary
Fig. S1) and an SVM model with quadratic kernel was selected as the
best one based on validation accuracy. Finally, the resulting predictive
models were tested for accuracy on the test sets (external datasets). The
global sequence of analyses has been summarized in Fig. 3.

Statistical analysis
An ROC curve was elaborated to assess the diagnostic accuracy of

our predictive model. Moreover, a statistical analysis was conducted
among the subgroup of EGFR-mutant patients to individuate radiomic

features that could predict the development of T790M mutation
during follow-up. Student t or Kolgomorov–Smirnov tests were
applied to compare T790M-positive and T790M-negative patients.
The statistical significance level was set atP¼ 0.05. Statistical tests were
performed using MedCalc, Version 19.1 (MedCalc Software).

Results
Patients characteristics

One-hundred and nine patients fitting the inclusion criteria were
enrolled in the study, 21 of 109 (19.3%) resulting positive for EGFR
mutations at molecular analysis of tumor specimens. Among the
EGFR-mutant patients, 9 (42.9%) harbored an exon 19 deletion, 7

Table 1. Forty-two features selected by test–retest strategy in the internal dataset.

Type Features P

EGFR-WT
Mean � SEM
(N ¼ 88)

EGFR-Mutant
Mean � SEM
(N ¼ 21)

First order 90 Percentile 0.1374 �0.01773 � 0.1168 0.07428 � 0.09014
First order Entropy 0.0195 �0.1086 � 0.1048 0.4552 � 0.2100
First order Maximum 0.5192 0.01424 � 0.1153 �0.05966 � 0.1203
First order Median 0.1573 0.01185 � 0.1140 �0.04965 � 0.1410
First order Robust mean absolute deviation 0.0365 �0.09779 � 0.09720 0.4098 � 0.2730
First order Root mean squared 0.6175 �0.02352 � 0.1108 0.09855 � 0.1812
First order Skewness 0.1346 �0.07012 � 0.1103 0.2939 � 0.1729
First order Uniformity 0.0186 0.1094 � 0.1070 �0.4586 � 0.1879
glcm Correlation 0.0256 �0.1040 � 0.1038 0.4357 � 0.2212
glcm Difference average 0.1031 �0.07632 � 0.1073 0.3198 � 0.2019
glcm Difference entropy 0.0449 �0.09360 � 0.1064 0.3922 � 0.2029
glcm Id 0.0403 0.09569 � 0.1071 �0.4010 � 0.1953
glcm Idm 0.0472 0.09266 � 0.1071 �0.3883 � 0.1965
glcm Idmn 0.4569 0.03499 � 0.1099 �0.1466 � 0.1889
glcm Idn 0.1808 0.06279 � 0.1074 �0.2631 � 0.2068
glcm Imc1 0.2992 0.04879 � 0.1053 �0.2045 � 0.2286
glcm Imc2 0.0568 �0.08899 � 0.1070 0.3729 � 0.1994
glcm Inverse variance 0.0131 �0.1152 � 0.1060 0.4827 � 0.1948
glcm Joint energy 0.0237 0.1053 � 0.1082 �0.4413 � 0.1783
glcm Joint entropy 0.017 �0.1110 � 0.1050 0.4651 � 0.2068
glcm MCC 0.0339 �0.09891 � 0.1061 0.4145 � 0.2032
glcm Maximum probability 0.065 0.08627 � 0.1082 �0.3615 � 0.1890
glcm Sum entropy 0.0157 �0.1123 � 0.1049 0.4705 � 0.2072
gldm Dependence entropy 0.0098 �0.1198 � 0.1053 0.5020 � 0.1981
gldm Dependence non-uniformity 0.2126 0.07934 � 0.1131 �0.3325 � 0.1312
gldm Dependence non-uniformity normalized 0.019 0.07563 � 0.1134 �0.3169 � 0.1285
gldm Dependence variance 0.51 �0.03101 � 0.1106 0.1300 � 0.1823
gldm Gray level non-uniformity 0.7841 996.0 � 122.4 480.4 � 120.3
gldm Large dependence emphasis 0.0197 0.1085 � 0.1071 �0.4548 � 0.1879
gldm Small dependence emphasis 0.1251 �0.07187 � 0.1066 0.3012 � 0.2107
glrlm Gray level non-uniformity 0.1789 0.09221 � 0.1136 �0.3864 � 0.1117
glrlm Gray level non-uniformity normalized 0.0205 0.1078 � 0.1080 �0.4519 � 0.1786
glrlm Run entropy 0.7105 �0.01748 � 0.1003 0.07327 � 0.2709
glrlm Run percentage 0.0233 �0.1056 � 0.1072 0.4425 � 0.1888
glrlm Short run emphasis 0.017 �0.1109 � 0.1090 0.4649 � 0.1650
glszm Gray level non-uniformity 0.6445 0.05447 � 0.1150 �0.2283 � 0.1136
glszm Gray level non-uniformity normalized 0.1572 0.06634 � 0.1074 �0.2780 � 0.2056
glszm Size zone non-uniformity normalized 0.9139 0.005099 � 0.1059 �0.02137 � 0.2296
glszm Small area emphasis 0.8845 0.006844 � 0.1059 �0.02868 � 0.2295
glszm Zone entropy 0.0622 �0.08714 � 0.1020 0.3652 � 0.2436
glszm Zone variance 0.0522 0.09257 � 0.1148 �0.3879 � 0.08758
ngtdm Coarseness 0.2563 �0.01363 � 0.1141 0.05710 � 0.1395

Abbreviations: gldm, gray level dependencematrix; glcm, gray level cooccurencematrix; glrlm, gray level run lengthmatrix; glszm, gray level size zonematrix; ngtdm,
neighboring gray tone difference matrix.
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(33.3%) displayed an exon 21 L858R and finally 5 (23.8%) cases
showed a rare EGFR mutation (4 in exon 20 and 1 in exon 18).
The resistance mutation T790M was co-occurring with sensitizing
EGFR mutation at diagnosis in 2 patients, whereas 3 patients had
subsequently developed T790M as resistance mutation during
EGFR TKI treatment (Supplementary Table S1); the patients with
de novo T790M were excluded from the analysis as they could
represent a confounding factor.

Within TCIA dataset, 19 of 49 patients were EGFR-mutant (38.8%),
whereas in the Messina dataset 5 of 12 patients were EGFR-mutant
(41.7%).

For each patient dataset, the clinical characteristics considered
relevant for our study are reported in Table 2.

Machine learning with and without “test–retest”
The elaborated Machine Learning model that considered both

radiomic features selected with test–retest and clinical features (gender
and smoking status) reached a global diagnostic accuracy of 88.0% in
our internal 5-fold cross validation, correctly classifying 96 of 109
patients with an AUC at the ROC curve of 0.85 (Supplementary
Fig. S2). The accuracies of the predictive model on the external
validation cohorts were 83.3% in Messina dataset and 77.6% in TCIA
dataset.

More specifically, in our internal 5-fold cross validation, the model
correctly identified 11 of 21 EGFR-mutant patients (52.4%) and 85 of
88 EGFR wild-type patients (96.59%); in TCIA Dataset, the model
identified 10 of 19EGFR-mutant patients (62.50%) and 28 of 30EGFR-
WT patients (93.33%); in the Messina Dataset, the model correctly
identified 3 of 5 EGFR-mutant patients (60%) and 7 of 7 EGFR-WT
patients (100%). All the predictions were reported in detail within the
confusion matrices in Table 3.

To assess the advantage of “test–retest” to our algorithm, we then
developed a machine learning model using the same clinical features
(gender and smoking status) and the 104 radiomic features from
dataset 1 (in other terms, we used the features without prior selection
with “test–retest,” reported in Supplementary Table S2). When we
evaluated the performance of this model in our validation sets, we
observed the following diagnostic accuracy values: 82.6% in the
internal validation cohort, 75.0% in Messina dataset, and 69.4% in
TCIA dataset. More specifically, the model based on unselected
achieved the following results: In the internal 5-fold validation, 5 of
21 EGFR-mutant patients (23.81%) and 85 of 88 EGFR-WT patients
(96.59%) were correctly identified; in TCIA dataset, 6 of 19 EGFR-
mutant patients (31.58%) and 28 of 30 EGFR-WT patients (93.33%)
were identified; in the Messina dataset, 2 of 5 EGFR-mutant patients

(40.00%) and 7 of 7 EGFR-WT patients (100%) were identified. The
predictions based on the model developed without “test–retest” is
reported within the confusion matrices in Table 3. The comparison
between the performances of the two models has been summarized
in Table 4.

Mutation-specific and T790M subgroup analyses
When machine learning was applied on the EGFR-mutant sub-

groups, no statistical difference could be demonstrated between the
different EGFR-mutations (exon 19 vs. exon 21). Only 19 patients
within our study were evaluated for T790M mutation, thus limiting
our possible findings. Interestingly, the patients who developed the
T790M resistance mutation during TKI treatment showed a positive
statistical value (Student t test) in 17 radiomic features compared with
those patients who did not develop T790M (Supplementary Table S3).

Discussion
This study has shown a high diagnostic accuracy in identifying

Caucasian patients with lung adenocarcinoma harboring an EGFR
mutation by a non-invasivemanner: Radiomics andMachine Learning
analysis. Furthermore, our findings open to the possibility of identi-
fying, at baseline CT scan, those patients who will develop the T790M
mutation as a mechanism of resistance to first- and second-generation
EGFR TKIs.

To date, a number of studies have evaluated the potential of
radiomic analysis in patients with EGFR-mutant NSCLC. Recently,
several works have shown good sensitivity and specificity of these
analysis, although always lower than standard molecular biology
analysis (16, 21).

To our knowledge, this is the most extensive radiomic analysis
evaluating EGFRmutation in NSCLC Caucasian patients. Indeed, the
other currently available studies were conducted on populations of
Asian patients (22–25). Although some of the other studies involve
larger populations compared with our work, the biological differences
between different populations, and especially the non-negligible dif-
ference in terms of incidence of the mutation (14% vs. 50%) in the two
populations is a first bias that can potentially influence the machine
learning algorithm. Notably, our study has its mainstay in the feature
acquisition method. This is the first work where “test–retest” method
was applied to select CT radiomic features in a clinical setting without
further radiation exposure for patients (19). Indeed, although repeated
execution of diagnostic CT scan over time clashes with ethical and
logistic limits, a simple ploy allowed to overcome a methodological
limit present in all the radiomic analyses published to date: The
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Figure 3.

Sequence of analyseswithin our study. Features from
dataset 1 to 2 with a mean of features ration >10%
were eliminated; subsequently, clinical features
(gender and smoking status) were added to the
remaining features. To overcome the confounding
effect of extremely different features variances,
we performed a z-score normalization. Hence,
42 features were evaluated with PCA, which is
designed to reduce the number of variables to the
minimum needed amount while limiting the loss of
information. Features, thus, obtained were used in
training cohort to elaborate a predictive model
with quadratic support-vector machine (SVM;
Supplementary Appendix).
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acquisition of the images took placewith consecutiveCT scans used for
the positioning of the biopsy needle as standard step for the procedure
(Fig. 2). This allowed to select the most robust features, eliminating all
those with a variability >10% among scans from the same patient
during the same exam. The subsequent normalization of the features
and the use of PCA increase the reproducibility of the algorithm on
other datasets. Indeed, we have tested the algorithm in two different
external validation sets reaching an accuracy from a minimum of

77.6% (TCIA dataset) to a maximum of 83.3% (Messina dataset). In
general, reproducibility is one of the major issues in radiomics and
machine learning. Nowadays, very few studies (26) have tested a
machine learning predictive model on an independent validation
cohort. Key challenges are represented by dissimilar acquisition para-
meters, the physical variables that concur to generate a radiological
image. To translate radiomics in clinical practice reproducibility issues
must be overcome. In our study, the preliminary development of our
machine learning algorithm without applying normalization reached
over 94% of accuracy in detecting EGFR mutational status within our
internal validation set. However, when tested on an independent
public cohort, our initial algorithm performed poorly, recognizing
approximately half of the patients. To improve the performances of
our model, we first analyzed the variances of the features and we
observed that in presence of features with different scales PCA does
not work properly, as features with high variations in terms of
absolute values might hide the effect of other, relevant features with
low absolute variations. We resolved this problem using a normal-
ization process on each dataset and tested a new predictive model
using 5-fold cross validation: Despite losing in terms of accuracy on
our internal cohort (from 94% to 88%), we significantly improved
the ability of the model to work on two independent dataset. Thanks
to this analysis, we learned that many patients presented features
outliers that may pose classification challenges.

Another observation that we can draw from our results is that a
proper training set should be heterogeneous. A numerous but too
homogeneous sample will have less mutation recognition skills,
because the deriving algorithm is not trained to recognize those
patients with features outliers. For example, in the first tests with our
dataset, the algorithm missed two cases in the internal validation. At a
deeper evaluation, one patient harbored an uncommon mutation of
exon 20 (p.D770_N771insSVD; ref. 27), whereas the second had a
common mutation of exon 21 (L858R), but with coexistence of MET
amplification. A possible explanation for the failure of the machine
learning to correctly classify the first patient may be associated to the
absence of these uncommon EGFR alterations in the training set.
Notably, both the uncommon EGFRmutation and the co-presence of
EGFR andMET alterations might be associated with poor response to
EGFRTKIs; hence, supporting a potential clinically relevant predictive
value of radiomics. Furthermore, the results observed when we
analyzed the association between baseline radiomics features and
development of T790M during treatment with EGFR TKI suggest
that our approach might potentially be useful also in this context,

Table 2. Patients’ characteristics within the internal dataset, the
Messina dataset, and TCIA dataset.

Internal dataset

Characteristics
EGFR-mutant
(n ¼ 21)

EGFR-WT
(n ¼ 88)

Gender
Male 5 (23.8%) 58 (65.9%)
Female 16 (76.2%) 30 (34.1%)

Smoking habits
Current smoker 3 (14.3%) 29 (33.0%)
Former smoker 6 (28.5%) 28 (31.8%)
Never smoker 9 (42.9%) 5 (5.7%)
Unknown 3 (14.3%) 26 (29.5%)

MESSINA dataset

Characteristics
EGFR-mutant
(n ¼ 5)

EGFR-WT
(n ¼ 7)

Gender
Male 1 (20.0%) 6 (85.7%)
Female 4 (80.0%) 1 (14.3%)

Smoking habits
Current smoker 1 (20.0%) 3 (42.9%)
Former smoker 2 (40.0%) 4 (57.1%)
Never smoker 2 (40.0%) 0 (0.0%)
Unknown 0 (0.0%) 0 (0.0%)

TCIA dataset

Characteristics
EGFR-mutant
(n ¼ 19)

EGFR-WT
(n ¼ 30)

Gender
Male 11 (57.9%) 22 (73.3%)
Female 8 (42.1%) 8 (26.7%)

Smoking habits
Current smoker 1 (5.2%) 7 (23.3%)
Former smoker 9 (47.4%) 17 (56.7%)
Never smoker 9 (47.4%) 5 (16.7%)
Unknown 0 (0.0%) 1 (3.3%)

Table 3. Confusion Matrix reporting the performance of the machine learning models, including clinical features (gender and smoking
habit) and 42 features selectedwith test–retest or unselected 104 features in the “internal” validation set, in the Cancer ImagingArchive,
and in the Messina dataset.

Test–retest model
Internal dataset TCIA dataset MESSINA dataset
Predicted class Predicted class Predicted class

EGFR-WT EGFR-mutant EGFR-WT EGFR-mutant EGFR-WT EGFR-mutant

True class EGFR-WT 85 3 28 2 7 0
EGFR-mutant 10 11 9 10 2 3

Unselected model
Internal dataset TCIA dataset MESSINA dataset
Predicted class Predicted class Predicted class

EGFR-WT EGFR-mutant EGFR-WT EGFR-mutant EGFR-WT EGFR-mutant
True class EGFR-WT 85 3 28 2 7 0

EGFR-mutant 16 5 13 6 3 2
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although the clinical relevance of this finding is being partially dis-
rupted by the increasing use of third-generation EGFR inhibitors in
first-line. Notably, our results for T790M analysis are extremely
limited due to the small patient population; hence, we believe that a
proper training set, including a larger patient population tested for
T790M resistance mutation might result in a more robust radiomics
model for identifying patients developing T790M.

This study presents some relevant limitations: First, the global
number of EGFR-mutant patients is low, and this has not allowed to
prompt the algorithm to a higher accuracy and to discriminate the
different mutations (e.g., exon 19 vs. 21) from each other. In addition,
data relating to the smoking habit are partially incomplete and this
limits the diagnostic capabilities of the machine learning algorithm.
Another possible limitation of our study is represented by the exclu-
sion of ground-glass nodules from the training dataset and of ground-
glass halo from segmentation of part-solid nodules. A possible solu-
tion, to be implemented in future studies, may be to use thin-layer
images as such images allow to analyze and characterize pure ground
glass lesions.Unfortunately, this approachwas not feasible in our study
as the images obtained frombiopsyCT scans did not include thin-layer
images. Another limit depending on our starting dataset was the
necessity to exclusively use unenhanced CT scans (i.e., without iodine
contrast medium) as the CT scans taken during biopsy are unen-
hanced; whereas most diagnostic CT scan acquisition protocol include
collection of images before injection of iodine contrast, we had to
exclude a large proportion of the CT scans from the Messina dataset
that did not include unenhanced images. Finally, although the global
accuracy across patient datasets was good and the specificity (ability to
correctly identify EGFR-WT patients) was especially robust, the
sensitivity (ability to correctly identify EGFR-mutant patients) was
generally underwhelming, ranging from 52.3% to 60.0% across all the
datasets; in other terms, the model appeared to be consistently more
efficient at identifying theEGFR-WTpatients thanEGFR-mutant.One
possible explanation to this result is that the machine learning was
mostly trained with CT scans from EGFR-WT patients (due to their
prevalence in our patient population) and hence was able to develop a
robust association between the wild-type status and specific radiomic

features, whereas fewer scans from EGFR-mutant patients were avail-
able for machine learning. Notably, the non-negligible improvement
due to “test–retest” over the model based on unselected features was
observed only for EGFR-mutant patients, whereas the performance of
both models with regards to EGFR-WT patients was equal. This
finding suggests that there is still room for optimizing radiomics
models designed to identify oncogenic driver mutations; with specific
regards to EGFR mutation, we believe that in the future, a systematic
collection of cases, eventually through a wide multicentric effort, may
result in improved training of the machine learning.

Notably, our study mostly included Caucasian patients; the internal
dataset included a single Asian patient (who harbored EGFRmutation
and MET amplification), whereas TCIA dataset included 7 Asian
patients (4 EGFR-mutant and 3 EGFR-WT patients). Quite surpris-
ingly, themodel was able to correctly identify 6 of 7 patients (accuracy:
85.7%) and more specifically 4 of 4 EGFR-mutant (sensitivity: 100%)
and 2 of 3 EGFR-WT patients (specificity: 66.7%).When we compared
the radiomic features between EGFR-mutant and EGFR-WT patients
within theAsian sub-group of TCIADataset, no statistically significant
difference was observed (Supplementary Table S4). When we com-
pared the 42 radiomic features between Caucasian and Asian patients,
no statistically significant difference was observed within EGFR-WT
patients (Supplementary Table S5), whereas several features were
differently expressed between Caucasian and Asian patients within
the EGFR-mutant sub-group, as reported in Supplementary Table S6.
Although these findings may suggest a difference between Asian and
Caucasian EGFR-mutant patients in terms of radiomic signatures, we
have to take into account that our sub-group of Asian patients was
small, thus limiting the possible conclusions we could draw; none-
theless, these findings encourage further research focusing on the
assessment of radiomic models in different patient populations.

Although our model is still far from clinical application and we
cannot expect a radiomic signature to replace molecular biology in the
near future, we believe that our study encourages further developments
of radiomics applied to cancer research, eventually leading to possible
innovative clinical applications. Eventually, the identification of the
most robust features might be used on a large scale to accelerate the

Table 4. Comparison between the “test–retest”model with 42 features and unselected model with 104 features in terms of accuracy
(proportion of correctly identified patients based on mutational status, including both EGFR-mutant and EGFR-WT), sensitivity
(proportion of correctly identified EGFR-mutant patients), and specificity (proportion of correctly identified EGFR-WT patients) in
each validation dataset, in pooled TCIA and Messina datasets (excluding our internal dataset), and in the global population
obtained pooling all the patients across the available datasets.

Test–retest
model

Unselected
model

FISHER
P value

Internal dataset Accuracy 88.07% 82.57% 0.3387
Sensitivity 52.38% 23.81% 0.1109
Specificity 96.59% 96.59% 1.000

TCIA dataset Accuracy 77.55% 69.39% 0.4929
Sensitivity 52.63% 31.58% 0.3245
Specificity 93.33% 93.33% 1.000

MESSINA dataset Accuracy 83.33% 75.00% 0.9999
Sensitivity 60.00% 40.00% 0.9999
Specificity 100.00% 100.00% 1.000

TCIA þ MESSINA datasets Accuracy 78.69% 70.49% 0.4058
Sensitivity 54.17% 33.33% 0.2443
Specificity 94.59% 94.59% 1.0000

Total pooled datasets Accuracy 84.71% 78.24% 0.1624
Sensitivity 53.33% 28.89% 0.0315
Specificity 96.00% 96.00% 1.0000
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diagnostics in our clinical practice, potentially suggesting a future
when radiomics-based analyses on baseline CT scans might act as a
complement to molecular biology analyses to tailor the most appro-
priate treatment for each patient.
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