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ARTICLE INFO ABSTRACT

Keywords: Objectives: To compare the predictive performance of radiomics signature and CT morphological features for
Lung neoplasms epidermal growth factor receptor (EGFR) mutation status; then further to develop and compare the different
Radiomics predictive models for EGFR mutation in non-small cell lung cancer (NSCLC) patients.

Tomography

Materials and methods: This retrospective study involved 404 patients with NSCLC (243 cases in the training
cohort and 161 cases in the validation cohort). Radiomics features were extracted from preoperative non-con-
trast CT images of the entire tumor. Correlations between the EGFR mutation status and candidate predictors
were assessed using Mann-Whitney U test or Chi-square test. Unsupervised consensus clustering was used to
analyze the representativeness and reduce the redundancy of radiomics features. Multivariable logistic regres-
sion analysis was performed to build radiomics signature and develop predictive models of EGFR mutation. ROC
curve analysis and Delong test were used to compare the predictive performance among individual features and
models.

Results: Of the 234 radiomics features, 93 radiomics features with high repeatability and high predictive sig-
nificance were selected. The radiomics signature, which was built with one histogram and two textural features,
showed the best predictive performance (AUC = 0.762 and 0.775 in the training and validation cohort) in
comparison with all the clinical characteristics and conventional CT morphological features to differentiate
EGFR mutation status (P < 0.05). The integrated model was developed with maximum diameter, location, sex
and radiomics signature. In the training and validation cohort, the integrated model showed the most optimal
predictive performance (AUC = 0.798, 0.818 in the training and validation cohort) compared with the clinical
models.

Conclusion: The radiomics signature showed better performance for predicting EGFR mutant than all the clinical
and morphological features. Moreover, the integrated model built with radiomics signature, clinical and mor-
phological features outperformed the clinical models, which is helpful for physicians to determine the targeted

X-ray computed
Epidermal growth factor receptor
Gene mutation

therapy.
1. Introduction molecular targeted therapy of NSCLC is becoming more and more
popular. The treatment decisions are based on patient’s clinic-patho-
Lung cancer is the leading cause of cancer-related mortality logic characteristics, tumor stage and individual gene mutation status.
worldwide [1]. Non-small cell lung cancer (NSCLC) accounts for 85%. The most common gene mutation in NSCLC is epidermal growth factor
With the development of individualized precision therapy, the receptor (EGFR) mutation [2,3]. The mutation status determines the
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and communications in medicine; EGFR, epidermal growth factor receptor; GGO, ground-glass opacity; GLCM, gray level co-occurrence matrix; GLRLM, gray level
run-length matrix; H, histogram; ICC, intra-class correlation coefficient; NCCN, National Comprehensive Cancer Network; NSCLC, non-small cell lung cancer; RLN,
run length non-uniformity; ROC, receiver-operating characteristic; TKI, tyrosine kinase inhibitor
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therapeutic management, in turn affects the prognosis. At present,
EGFR tyrosine kinase inhibitors (TKIs), such as erlotinib, gefitinib, and
afatinib are recommended as the first-line therapy for NSCLC by the
National Comprehensive Cancer Network (NCCN). Patients with EGFR
mutations have a higher response rate to EGFR TKIs than those without
mutations [4-7]. Therefore, identifying EGFR mutation status is crucial
to determine appropriate treatment strategies for NSCLC patients.

The most common approaches for molecular testing are based on
biopsies or surgical resection. The two approaches identifying mutation
status only rely on a small part of a possibly heterogeneous tumor,
which may lead to a false negative result [8]. Recent studies have
shown the profound intratumoral genetic heterogeneity in lung cancer
[9-111], indicating a significant challenge for the accuracy of molecular
profiling by a single biopsy. Both approaches for molecular testing are
invasive, and some patients with poor physical conditions are unable to
perform biopsies or surgery. Moreover, due to time-consuming proce-
dures, sampling error, and relatively high costs of biopsy, the applica-
tion in detection of genetic mutation and monitoring therapeutic effect
would be limited [12-14]. Therefore, a more reliable, noninvasive and
easy method for predicting the gene mutation status is required.

Imaging can reflect intratumoral heterogeneity, and provide long-
itudinal information on disease state, such as evolution and response to
therapy. It has been reported that the EGFR mutation status is corre-
lated with conventional computed tomography (CT) morphological
features, such as small lesion size, air bronchogram, pleural retraction,
vacuole sign, and presence of ground glass opacity [15,16]. However,
the recognition of these CT morphological features depends on the
experience of the radiologists. Due to the strong subjectivity and inter-
and intra-reader variation, the consistency of each CT morphological
feature is not good enough. Radiomics could automatically extract
many quantitative features from medical images, containing a large
amount of information about tumor phenotypes [17,18]. Radiomics has
been used in the prediction of diagnosis, survival, and distant metas-
tasis, as well as gene mutation [19-21]. A few studies [17,22-24] have
reported the application of radiomics in predicting EGFR mutation, and
most of them mainly focused on clinical data, radiomics features and
their comparisons in predictive efficacy. Until now, the studies about
the comparison of radiomics signature and CT morphological features,
are rare. The aim of this study was first to compare the performance of
radiomics signature and CT morphological features in predicting EGFR
mutations, then further to develop an optimal predictive model as a
more convenient and reliable biomarker for the EGFR mutations of
tumor.

2. Materials and methods
2.1. Patient population

A total of 472 consecutive patients with pathologically confirmed
lung cancer were recruited retrospectively from April 2012 to October
2016. The inclusion criteria were as follows: (1) pathologically con-
firmed non-small cell lung cancer by surgery or biopsy; (2) complete
EGFR gene mutation test results; (3) available of complete thin-slice
chest CT images (=<1mm) reconstructed in Digital Imaging and
Communications in Medicine (DICOM) format before treatment; (4)
clinical data integrity. The exclusion criteria were as follows: (1) pa-
tients pathologically confirmed as small cell lung cancer (n = 6); (2) no
thin-slice chest CT images (n = 51); (3) images with severe artifact
(n = 1); (4) tumors accompanying obstructive pneumonia or atelec-
tasis, or with vascular or mediastinal adhesions (n = 10). Then, 404
cases (193 males and 211 females; median age, 61 years; range, 29-81
years) were eligible for the investigation, who were divided into
training cohort (243 cases, 113 males and 130 females; median age, 62
years; range, 29-80 years) and validation cohort (161 cases, 80 males
and 81 females; median age, 60 years; range, 29-81 years) using
computer-generated random numbers (Supplementary Figure S1).

29

Lung Cancer 132 (2019) 28-35

This retrospective study was approved by our institutional review
board, and the need for informed patient consent was waived.

Demographic and clinical data included sex, age, smoking status,
serum carcinoembryonic antigen (CEA) level, clinical stage and EGFR
mutation status. Tumors were staged pathologically according to the
eighth edition of the American Joint Committee on Cancer Staging
[25]. EGFR mutations, including mutations of EGFR exons 18-21, were
detected using an amplification refractory mutation system with real-
time technology.

2.2. Image acquisition and segmentation

The imaging acquisition and segmentation methods used in the
study are described in Supplementary Information 1. The reprodu-
cibility of intra-observer and inter-observer segmentation was con-
firmed by two experienced thoracic radiologists with 3 years and 13
years of experience. The methods for evaluating repeatability have been
validated previously [26].

2.3. Evaluation of CT morphological features

All the thin-slice CT images were interpreted by two thoracic radi-
ologists with 3 years and 13 years of experience who were blinded to
each subject’s identity and clinical data. CT images were read with
mediastinal (width, 300 HU; level, 60 HU) and lung (width, 1500 HU;
level, -500 HU) window settings. Decisions on CT morphological fea-
tures were reached by consensus. A total of 17 CT morphological fea-
tures were assessed, including maximum diameter, density, location,
interface, shape, lobulation, pleural indentation, spiculation, cusp
angle, spine-like process, vacuole sign, cavity sign, air bronchograms,
vascular convergence, pleura thickening, pleural effusion, and lym-
phadenopathy. The definitions and scoring rules of morphological
features are described in Supplementary Table S1.

2.4. Extraction and selection of radiomics features and building of the
radiomics signature

In total, 234 radiomics features were extracted from the segmented
tumor regions on non-contrast CT images. Features were divided into
four groups: (1) shape features, (2) histogram features, (3) gray level
co-occurrence matrix (GLCM) features, and (4) gray level run-length
matrix (GLRLM) features. The radiomics features were normalized with
z-scores. These extractions were performed in MATLAB 2015b
(Mathworks, Natick, MA, USA). Detailed descriptions of these features
are shown in Supplementary Information 2.

Feature selection and radiomics signature building were based on
the training cohort. First, inter-/intra-class correlation coefficients
(ICCs) were used to evaluate the intra-observer and inter-observer
agreement of feature extraction. An ICC > 0.75 is considered as good
agreement. Stable and reproducible features were entered in the pro-
cess of signature building. Second, the association between each feature
and the EGFR mutation status was explored using Mann-Whitney U test.
Features with p < 0.05 were reserved. Then, to reduce features’ re-
dundancy, we used unsupervised consensus clustering [27] with the
partition-around-medoids clustering algorithm and Pearson correlation-
based dissimilarity measure, and performed 10,000 bootstraps with
80% item resampling of the candidate features. We varied the cluster
number from 2 to 10 and selected the optimal cluster number for un-
supervised class discovery on the training cohort. The number of clus-
ters, which gave the highest median cluster consensus across the per-
muted clustering runs, was selected to produce the stable and
unambiguous cluster assignments [28]. For each cluster, we only re-
served the most representative medoid feature yielding the highest
average consensus index. Finally, we combined the medoid features
into a radiomics signature using multivariable logistic regression. The
backward step-wise selection with Akaike’s information criterion (AIC)
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as the stopping rule was applied to implement a further redundancy
elimination.

2.5. Development of predictive models and statistical analysis

The statistical analysis was performed using R software (version
3.0.1; R Foundation for Statistical Computing, Vienna, Austria; http://
www.Rproject.org). A two-sided P-value < 0.05 was considered statis-
tically significant. Differences in all variables between EGFR wild type
and EGFR mutation were assessed using Mann-Whitney U test for
continuous variables and Fisher’s exact test or chi-square test for ca-
tegorical variables.

In order to develop an optimal model for the prediction of EGFR
mutations, three models were built in this study. The first model, in-
cluding all the clinical and morphological features using multivariable
logistic regression, was defined as clinical model 1. The second model,
with only the statistically significant clinical characteristics and mor-
phological features using multivariable logistic regression with back-
ward step-wise selection, was defined as clinical model 2. The third
model was defined as an integrated model combining statistically sig-
nificant clinical characteristics, morphological features and radiomics
signature in the training cohort by using backward step-wise selection.
A nomogram was drawn from the integrated model. ROC curve analysis
was used to evaluate the predictive performances of the statistically
significant features and models. Then, the Delong test was used to
compare the predictive performance between the radiomics signature
and other individual features; and between the three models. With the
optimal cutoff value obtained from the training cohort, sensitivity,
specificity and accuracy were also calculated.

3. Results
3.1. Clinical data and CT morphological features

Among the training cohort, there were 112 patients (46.1%) with
EGFR mutation and 131 with EGFR wild type. In the validation cohort,
there were 74 (46.0%) patients with EGFR mutation and 87 with EGFR
wild type. No significant difference in EGFR mutation rate was found
between the training and validation cohort (P > 0.05). (Table 1,
Table 2).

In the training cohort, there were significant differences in sex and
stage between the EGFR wild type and the EGFR mutant. EGFR muta-
tion rates were significantly higher in women (56.2%) than that in men

Table 1
Clinical features of patients in the training and validation cohort.
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(34.5%) (P < 0.001); and in stage I-II (50%) than in stage III-IV
(32.7%) (P = 0.024). About CT morphological features, maximum
diameter (P = 0.012), location (P < 0.001), density (P < 0.001),
lymphadenopathy (P = 0.044), vacuole sign (P = 0.041), and air
bronchograms (P = 0.013) were statistically different between the two
groups. EGFR mutations were found more frequently in peripheral tu-
mors with smaller maximum diameter, GGO, air bronchograms, va-
cuole sign, and without lymphadenopathy.

3.2. Selection of radiomics features and building of the radiomics signature

After assessing the reproducibility based on the re-segmentation
data, 179 features with ICCs > 0.75 were reserved. Meanwhile, Mann-
Whitney U test indicated that 93 stable features had the potential
predictive abilities.

Based on consensus clustering of the selected 93 features, we found
the optimal cluster number was four, which induced the highest median
cluster consensus of 0.975 in the training cohort, while maximizing
consensus within clusters and minimizing the rate of ambiguity in
cluster assignments, as shown in Fig. 1. Representing each radiomics
phenotype cluster, the four medoid features were X2 histogram (H)
_standard_entropy, XO_GLRLM run length non-uniformity (RLN),
X4 _H_median and X0_GLCM_homogeneity1, respectively. In the training
cohort, there were statistical differences in these medoid features be-
tween EGFR wild types and EGFR mutants (P < 0.05) (Supplemen-
tary Table S2). Multivariable logistic regression analysis showed that
three of the medoid features were important predictors; therefore, the
calculation formula of radiomics signature score was: score = -0.218
-1.753 X XO_GLRLM RLN -0.682 x X4 H.median -0.580 X
X0_GLCM_homogeneityl. High signature score was associated with
high probability of EGFR mutation.

3.3. Development of predictive models and predictive performance

Based on the training cohort, clinical model 1 was derived from all
the clinical and morphological features, as shown in Supplementary
Table S3. Backward step-wise selection was used to build clinical
model 2 and showed that sex, density and location were screened into
clinical model 2 (Supplementary Table S4). The corresponding re-
gression equation of clinical model 2 was as follows: In(P/1-p) =
-1.730 + 0.593 X sex + 0.831 X density + 1.006 X location.
Integrated model was developed with maximum diameter, location, sex
and radiomics signature (Supplementary Table S5) and was presented

features training cohort validation cohort

Total (%) EGFR- (%) EGFR+ (%) P value Total (%) EGFR- (%) EGFR+ (%) P value
age” 60.7 £ 10.5 60.8 + 10.7 60.5 £ 10.3 0.657 59.2 + 10.4 59.7 £ 11.3 58.7 £9.2 0.260
sex < 0.001 0.006
male 113(46.5) 74(65.5) 39(34.5) 80(49.7) 52(65.0) 28(35.0)
female 130(53.5) 57(43.8) 73(56.2) 81(50.3) 35(43.2) 46(56.8)
stage 0.024 < 0.001
I-II 188(77.4) 94(50.0) 94(50.0) 138(85.7) 67(48.6) 71(51.4)
-1V 55(22.6) 37(67.3) 18(32.7) 23(14.3) 20(87.0) 3(13.0)
CEA(ug/L) 0.700 0.241
<5 187(77.0) 102(54.5) 85(45.5) 132(82.0) 68(51.5) 64(48.5)
5720 40(16.5) 22(55.0) 18(45.0) 23(14.3) 14(60.9) 9(39.1)
> 20 16(6.6) 7(43.8) 9(56.2) 6(3.7) 5(83.3) 1(16.7)
smoking status 0.083 < 0.001
non smoker 178(73.3) 90(50.1) 88(49.9) 112(69.6) 50(44.6) 62(55.4)
smoker 65(26.7) 41(63.1) 24(36.9) 49(30.4) 37(75.5) 12(24.5)

Note: The P value represents the univariate association between each of clinical features and EGFR mutation. Data are presented as n, or n (%), except where

otherwise noted.

Abbreviations: EGFR, epidermal growth factor receptor; CEA, carcinoembryonic antigen.

2 Mean = standard deviation.
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Table 2

CT morphological features of patients in the training and validation cohort.
features training cohort validation cohort

Total (%) EGFR- (%) EGFR + (%) P value Total (%) EGFR- (%) EGFR + (%) P value

maximum diameter® 312+ 1.84 3.42 = 1.98 2.78 = 1.60 0.012 2.60 = 1.67 2.81 +1.96 236 = 1.21 0.531
location < 0.001 0.039
central 36(14.8) 29(80.6) 7(19.4) 9(5.6) 8(88.9) 1(11.1)
peripheral 207(85.2) 102(49.3) 105(50.7) 152(94.4) 79(52.0) 73(48.0)
shape 0.584 0.090
irregular 76(31.3) 39(51.3) 37(48.7) 44(27.3) 19(43.2) 25(56.8)
round 167(68.7) 92(55.1) 75(44.9) 117(92.7) 68(58.1) 49(41.9)
density < 0.001 0.078
solid 138(56.8) 91(65.9) 47(34.1) 73(45.3) 45(61.6) 28(38.4)
subsolid 105(43.2) 40(38.1) 65(61.9) 88(54.7) 42(47.7) 46(52.3)
lymphadenopathy(-) 189(77.8) 95(50.3) 94(49.7) 0.044 139(86.3) 67(48.2) 72(51.8) < 0.001
lymphadenopathy(+) 54(22.2) 36(66.7) 18(33.3) 22(13.7) 20(90.9) 2(9.1)
interface 0.659 0.753
ill-defined 7(2.9) 4(57.1) 3(42.9) 2(1.2) 1(50.0) 1(50.0)
smooth 31(12.8) 19(61.3) 12(38.7) 24(14.9) 15(62.5) 9(37.5)
coarse 205(84.4) 108(52.7) 97(47.3) 135(83.9) 71(52.6) 64(47.4)
lobulation(-) 27(11.1) 17(63.0) 10(37.0) 0.317 20(12.4) 13(65.0) 7(35.0) 0.293
lobulation(+) 216(88.9) 114(52.8) 102(47.2) 141(87.6) 74(52.5) 67(47.5)
spiculation(-) 118(48.6) 62(52.5) 56(47.5) 0.678 97(60.2) 54(55.7) 43(44.3) 0.609
spiculation(+) 125(51.4) 69(55.2) 56(44.8) 64(39.8) 33(51.6) 31(48.4)
cusp angle(-) 232(95.5) 127(54.7) 105(45.3) 0.232 153(95.0) 82(53.6) 71(46.4) 0.897
cusp angle(+) 11(4.5) 4(36.4) 7(63.6) 8(5.0) 5(62.5) 3(37.5)
spine-like process(-) 170(70.0) 90(52.9) 80(47.1) 0.644 108(67.1) 63(58.3) 45(41.7) 0.118
spine-like process(+) 73(30.0) 41(56.2) 32(43.8) 53(32.9) 24(45.3) 29(54.7)
vacuole sign(-) 162(66.7) 95(58.6) 67(41.4) 0.041 81(50.3) 46(56.8) 35(43.2) 0.481
vacuole sign(+) 81(33.3) 36(44.4) 45(55.6) 80(49.7) 41(51.3) 39(48.7)
cavity sign(-) 219(90.1) 121(55.3) 98(44.7) 0.205 149(92.5) 76(51.0) 73(49.0) 0.007
cavity sign(+) 24(9.9) 10(41.7) 14(58.3) 12(7.5) 11(91.7) 1(8.3)
air bronchograms 0.013 0.026
none 94(38.7) 46(48.9) 48(51.1) 90(55.9) 49(54.4) 41(45.6)
natural 35(14.4) 15(42.9) 20(57.1) 22(13.7) 6(27.3) 16(72.7)
dilated/distorted 17(7.0) 6(35.3) 11(64.7) 4(2.5) 2(50.0) 2(50.0)
cut-off 97(39.9) 64(66.0) 33(34.0) 45(28.0) 30(66.7) 15(33.3)
pleural indentation(-) 145(59.7) 85(58.6) 60(41.4) 0.073 98(60.9) 60(61.2) 38(38.8) 0.022
pleural indentation(+) 98(40.3) 46(46.9) 52(53.1) 63(39.1) 27(42.9) 36(57.1)
thickened pleura(-) 191(78.6) 99(51.8) 92(48.2) 0.213 130(80.7) 68(52.3) 62(47.7) 0.367
thickened pleura(+) 52(21.4) 32(61.5) 20(38.5) 31(19.3) 19(61.3) 12(38.7)
pleural effusion(-) 222(91.4) 121(54.5) 101(45.5) 0.545 150(93.2) 80(53.3) 70(46.7) 0.508
pleural effusion(+) 21(8.6) 10(47.6) 11(52.4) 11(6.8) 7(63.6) 4(36.4)
vascular convergence (-) 163(67.1) 87(53.4) 76(46.6) 0.811 108(67.1) 66(61.1) 42(38.9) 0.010
vascular convergence (+) 80(32.9) 44(55.0) 36(45.0) 53(32.9) 21(39.6) 32(60.4)

Note: The P value represents the univariate association between each of CT morphological features and EGFR mutation. Data are presented as n, or n (%), except
where otherwise noted.
% Mean =+ standard deviation.
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Fig. 1. Results of unsupervised consensus clustering for radiomics features. (a) Consensus heatmap ordered with respect to the obtained clusters. (b) The delta area
plot, which depicts the relative consensus increase comparing cluster number k with k+1.
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Table 3

Comparisons of predictive performance of statistically significant features and different models.

Lung Cancer 132 (2019) 28-35

Characteristic training cohort validation cohort

AUC sensitivity ~ specificity = accuracy P value AUC sensitivity ~ specificity =~ accuracy P value
sex 0.608 (0.547°0.670)  65.2% 56.5% 60.5% 0.001* 0.610 (0.534°0.686)  62.2% 59.8% 60.9% 0.002*
stage 0.561 (0.50970.613) 83.9% 28.2% 53.9% < 0.001* 0.595 (0.54570.645) 95.9% 23.0% 56.5% < 0.001*
maximum diameter  0.593 (0.52170.665)  45.5% 74.8% 61.3% < 0.001*  0.529 (0.43970.618)  43.2% 54.0% 54.0% < 0.001*
location 0.579 (0.53770.622)  93.8% 22.1% 55.1% < 0.001*  0.539 (0.50670.573)  98.6% 9.2% 50.3% < 0.001*
density 0.638 (0.577°0.698)  58.0% 69.4% 64.2% 0.005* 0.569 (0.49370.646)  62.2% 51.7% 56.5% < 0.001*
lymphadenopathy 0.557 (0.50670.608) 83.9% 27.4% 53.5% < 0.001* 0.601 (0.55370.650) 97.3% 23.0% 57.1% < 0.001*
vacuole sign 0.564 (0.50470.623)  40.2% 72.5% 57.6% < 0.001*  0.528 (0.45070.606)  52.7% 52.9% 52.8% < 0.001*
air bronchograms 0.613 (0.54670.679)  70.5% 48.9% 58.8% 0.001* 0.613 (0.53570.690)  24.3% 90.8% 60.2% 0.003*
radiomics signature 0.762 (0.70270.822) 82.1% 61.8% 71.2% — 0.775 (0.70370.847) 87.8% 50.6% 67.7% —
clinical model 1 0.766 (0.707°0.824)  75.9% 66.4% 70.8% 0.326" 0.549 (0.45970.638)  62.2% 46.0% 53.4% < 0.001%
clinical model 2 0.693 (0.62870.757)  80.4% 53.4% 65.8% <0.001%  0.616 (0.53270.700)  87.8% 42.5% 63.4% < 0.0017
integrated model 0.798 (0.74270.854) 74.1% 76.3% 75.3% — 0.818 (0.75170.885) 78.4% 73.6% 75.8% —

Note: Clinical model 1 included all the clinical and morphological features. Clinical model 2 is a simplified clinical model after variable selection by using backward

step-wise selection.

“The P value represents the difference in AUC between the radiomics signature with other features.
#The P value represents the difference in AUC between the integrated model with the clinical models.

—: None.

Abbreviations: ROC, receiver-operating characteristic; AUC, area under the curve.

as a nomogram shown in Supplementary Figure S2. The corre-
sponding regression equation of the integrated model was as follows: In
(P/1-p) = -2.416 + 1.281 X radiomics signature score + 0.592 X sex
+ 1.196 X location +0.361 X maximum diameter.

According to ROC curve analysis of the statistically significant fea-
tures, radiomics signature showed the best performance for dis-
criminating EGFR mutants from EGFR wild types in the training cohort
(AUC 0.762, sensitivity 82.1%, specificity 61.8%, accuracy 71.2%,
cutoff value -0.403) (Table 3, Fig. 2). In the training cohort, clinical
model 1 showed good performance to predict EGFR mutant (AUC
0.766, sensitivity 75.9%, specificity 66.4%, accuracy 70.8%, cutoff
value -0.222). And clinical model 2 showed moderate performance
(AUC 0.693, sensitivity 80.4%, specificity 53.4%, accuracy 65.8%,
cutoff value -0.118). For the integrated model adding radiomics sig-
nature, the performance was improved with the increased AUC (0.798),
specificity (76.3%), and accuracy (75.3%), and the cutoff value was
-0.215.
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3.4. Validation of the radiomics signature and models, and comparison of
predictive performance

In the validation cohort, radiomics signature had the highest AUC
(0.775) to distinguish EGFR wild types from EGFR mutants in com-
parison with all other individual features (P < 0.05). Clinical model 1
showed poor predictive performance in the validation cohort, in-
dicating that the model was over-fitting due to the inclusion of too
many variables. The integrated model was superior to the clinical
models, with higher AUC, specificity and accuracy both in the training
and validation cohort (Table 3, Fig. 3). Statistically significant differ-
ence in AUC was found between the integrated model and clinical
model 2 with Delong test (P < 0.001).

4. Discussion

In this study, a radiomics signature composed of three radiomics
features was built to differentiate EGFR mutants from EGFR wild types;
which showed the best predictive performance in comparison with
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Fig. 2. ROC curves for the independent predictors. Maximum diameter, location, sex and radiomics signature are the independent predictors for EGFR mutant. (a) the

training cohort; (b) the validation cohort.
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Fig. 3. ROC curves for the clinical models and integrated model. (a) the training cohort; (b) the validation cohort.

clinical characteristics and morphological features. Moreover, the in-
tegrated model based on radiomics signature outperformed the clinical
models generated with clinical and morphological features. Therefore,
the integrated model is a non-invasive and optimal biomarker to detect
EGFR mutation status.

The clinical characteristics are the most easily available for NSCLC
patients, which are usually expected to be predictors of EGFR mutation.
There have been cumulative studies reporting that several clinical
factors such as female, non-smoker, adenocarcinoma histology, and
East Asian population were associated with EGFR mutation [29,30].
Therefore, in clinical practice, these are the primary considerations for
EGFR-TKI treatment. Consistent with most of previous findings, we
found EGFR mutation rates were higher in female and never-smoker
patients, despite no significant difference in smoking status. Further-
more, the rate of EGFR mutations in early-stage NSCLC patients was
significantly higher than that in advanced stage patients, similar to a
recent study [22].

In the morphological features of NSCLC lesions, maximum diameter,
location, density, lymphadenopathy, vacuole sign, and air broncho-
grams were associated with EGFR mutation status. Maximum diameter
of EGFR mutant group was significantly smaller than that of EGFR wild
type. Hence, smaller tumors suggest EGFR mutation, which is consistent
with other studies [15,16]. The rate of EGFR mutations in peripheral
lung cancer was higher than that in central lung cancer, which may be
related to the predominance of adenocarcinoma in peripheral location.
Prior studies [30,31] showed EGFR mutation was more common in
adenocarcinoma than in squamous cell carcinoma. We also found tu-
mors with GGO were more frequent in the EGFR mutation group than
those without GGO, similar to previous studies [16,32]. This may be
explained by that adenocarcinomas often manifest as ground glass no-
dules and have a relatively higher mutation rate of EGFR. Tumors
without lymphadenopathy, with vacuole sign and air bronchograms
were more likely to be EGFR mutants, which is consistent with previous
studies [15,32]. A few other features were also found to be associated
with EGFR mutations, such as pleural retraction, absence of emphy-
sema and spiculation [15,29,32]. Morphological features depend on the
radiologist’s experience and subjective interpretation of the signs,
which may explain the low AUCs for the morphological features. Due to
over-fitting problem, clinical model 1 is not applicable to other datasets
and cannot be recommended in clinical practice. In clinical model 2,
sex, density and location were important predictors of EGFR mutations.

In this study, unsupervised consensus clustering was used to reduce
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the redundancy of features and select representative medoid features to
build radiomics signature. Consensus clustering analysis of radiomics
features has been used to establish imaging subtypes of cancer, which
are associated with specific molecular pathways and prognosis, such as
breast cancer [33] and glioblastoma [34]. Two textural features were
involved in the radiomics signature, i.e. X0 GLRLM RLN and
X0_GLCM_homogeneityl, which could reflect the heterogeneity of tu-
mors. The numerator of GLRLM_RLN calculates the squared sum of the
run-length values of each run-length, while its denominator serves as a
normalizing factor. Therefore, the value of GLRLM_RLN tends to em-
phasize the non-uniform distribution of the run-length. Meanwhile,
GLCM_homogeneityl assumes larger values for smaller gray-level dif-
ferences in the co-occurrence pairs. Therefore, these features could
measure the textural distribution in the ROIs from different aspects, and
reflect the heterogeneity of tumors. X0O_GLRLM_RLN was the most im-
portant feature because of the significant contribution to the radiomics
signature (with the highest regression coefficient). We additionally
found that GLRLM_RLN was strongly correlated with volume, and the
Spearman correlation coefficient reached 0.89, similar to the study by
Welch et al. [35]. The volume was also associated with EGFR mutations
(P < 0.05, AUC = 0.603). On the other hand, considering that max-
imum diameter was an independent predictor in the integrated model,
we believe that tumor size is an effective predictor for EGFR mutation
and should pay more attention on this finding in future research and
clinical applications. Comparing with the morphological and clinical
features, radiomics signature showed the best predictive performance
to differentiate EGFR mutation group. Thus, radiomics signature may
be served as a surrogate for genetic tests, or as additional information to
monitor response to therapy.

Integrating the radiomics signature, the clinical and morphological
features, the integrated model was built consisting of maximum dia-
meter, location, sex and radiomics signature. The integrated model
showed good performance with higher AUC, better than the radiomics
signature and the clinical models in both training and validation co-
horts. This finding suggested that the integrated model based on
radiomics is more effective to improve the pre-therapy personalized
prediction of EGFR mutation. This finding was similar to the previous
study by Liu et al. [22], which selected five radiomics features to
construct a radiomics model for prediction of EGFR mutation in lung
adenocarcinomas. And they found the predictive ability of clinical
model increased when combining with radiomics features. Zhang et al.
[23] also found the combined model was superior to the model
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generated with clinical features alone and the model with radiomics
features alone. Although the inclusion criteria, sample size, feature
selection approach or modeling methods of previous studies were dif-
ferent from ours, we have also established radiomics-based EGFR pre-
diction models with good predictive performance. Therefore, it is in-
dicated that EGFR mutation status may be indeed related with the
imaging phenotypes of tumors, and it is feasible to predict EGFR mu-
tation status by mining intratumoral heterogeneity from medical
images. Most of prior studies didn’t evaluate morphological character-
istics comprehensively. Rios et al. [17] only incorporated two size-
based characteristics (maximum diameter and tumor volume) into their
radiomics study about predicting EGFR mutation, and found radiomics
signature was superior to size-based characteristics. In contrast, we
assessed more comprehensive morphological features than those pre-
vious studies.

There are some limitations in this study. First, this study is retro-
spective and single-institution. A prospective multi-institutional study
would be performed to improve the generalization ability and optimize
the model. It is necessary to develop more efficient model for different
datasets and different populations, and to verify our results widely.
Second, the radiomics features were derived from the ROIs of manual
segmentation. Although the agreement of manual segmentation has
been validated, it is time-consuming. Therefore, an automatic seg-
mentation method with high repeatability and accuracy should be de-
veloped. If this comes true, the probability of EGFR mutation will be
outputted automatically within a few seconds. It holds promise of im-
proving personalized management of the targeted therapy.

5. Conclusion

In conclusion, the radiomics signature would be a better biomarker
to predict EGFR mutation status, in comparison with all the clinical and
morphological features. Moreover, the integrated model derived from
radiomics signature, clinical and morphological features, showed the
most optimal predictive performance, which outperformed the clinical
models. Therefore, the integrated model may assist physicians to select
EGFR-TKI treatment or not.
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