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Abstract: The earlier identification of EGFR mutation status in lung adenocarcinoma patients is crucial for treatment
decision-making. Radiomics, which involves high-throughput extraction of imaging features from medical images
for quantitative analysis, can quantify tumor heterogeneity and assess tumor biology non-invasively. This field has
gained attention from researchers in recent years. The aim of this study is to establish a model based on *F-FDG
PET/CT radiomic features to predict the epidermal growth factor receptor (EGFR) mutation status of lung adeno-
carcinoma and evaluate its performance. 155 patients with lung adenocarcinoma who underwent 8F-FDG PET/CT
scans and EGFR gene detection before treatment were retrospectively analyzed. The LIFEx packages was used to
perform 3D volume of interest (VOI) segmentation manually on DICOM images and extract 128 radiomic features.
The Wilcoxon rank sum test and least absolute shrinkage and selection operator (LASSO) regression algorithm were
applied to filter the radiomic features and establish models. The performance of the models was evaluated by the
receiver operating characteristic (ROC) curve and the area under the curve (AUC). Among the models we have built,
the radiomic model based on *¥F-FDG PET/CT has the best prediction performance for EGFR gene mutation status,
with an AUC of 0.90 (95% CI 0.84~0.96) in the training set and 0.79 (95% Cl 0.64~0.94) in the test set. In conclu-
sion, we have established a radiomics model based on *®F-FDG PET/CT, which has good predictive performance in
identifying EGFR gene mutation status in lung adenocarcinoma patients.
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Introduction

Lung cancer is the second most common ma-
lignant tumor in the world as well as the lead-
ing cause of cancer-related deaths [1-3]. Non-
small cell lung cancer (NSCLC) accounts for
more than 85% of lung malignancies, with ade-
nocarcinoma being the most common patho-
logical type [4]. Advances in cancer genomics
have demonstrated that NSCLC is driven by
somatic mutations in key oncogenes [5], with
epidermal growth factor receptor (EGFR) muta-
tions being the most common genetic altera-
tion in lung adenocarcinoma [6]. EGFR and its
mediated signaling pathway regulate many
physiological processes such as cell growth,
proliferation and differentiation. Overexpressi-
on or mutation of EGFR plays an important role
in the development, differentiation, and drug
resistance of adenocarcinoma [7]. It is report-

ed that over 50% of non-small cell lung cancer
patients in Asia have EGFR mutations [8]. In
recent years, molecular targeted therapy has
developed rapidly, and several EGFR-tyrosine
Kinase inhibitors (TKIs) have been developed
as small molecule targeted therapeutic agents
for the treatment of NSCLC [9]. Compared to
chemotherapy, EGFR tyrosine kinase inhibitor
(TKI) therapy can effectively prolong the pro-
gression free survival (PFS) and overall survival
(OS) of patients with lung adenocarcinoma with
EGFR mutation [10-12]. Studies have shown
that approximately 70%-80% of EGFR-mutated
lung cancer patients respond significantly to
EGFR-TKI treatment and achieve good clinical
outcomes [13]. According to the National
Comprehensive Cancer Network (NCCN) and
Chinese Society of Clinical Oncology (CSCO)
guidelines, EGFR TKIs have been approved as
first-line standard therapy for driver mutation-
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positive advanced lung adenocarcinoma [14].
However, in contrast, wild type patients experi-
ence limited benefits from EGFR-TKI therapy
[13, 15]. Therefore, it is of great importance to
identify whether a lung adenocarcinoma patient
has EGFR mutation before TKIs targeted thera-
py. Currently, the most commonly used genetic
testing method in clinical practice is biopsy.
However, this method has some limitations.
Firstly, it is invasive and some patients may not
be able to undergo the procedure due to poor
health conditions. Additionally, due to the loca-
tion of the lesion, some patients may experi-
ence difficulties in obtaining a sufficient sam-
ple for testing [16, 17]. Due to the heterogene-
ity of tumors, the tissue obtained from a biopsy
may not be sufficient to accurately determine
the type of EGFR mutation [18]. Analysis of cir-
culating cell-free tumor DNA (ctDNA) is another
method for assessing EGFR mutation status.
Although this method is relatively simple to
operate, unfortunately, research has shown
that ctDNA testing has a relatively high false
negative rate and is costly [19]. Therefore, it is
urgent to develop a simple and non-invasive
method to predict the gene mutation status of
lung adenocarcinoma patients.

Radiomics is a high-throughput method of ex-
tracting and analyzing a large number of medi-
cal imaging features, which can more compre-
hensively and objectively describe tumor het-
erogeneity [20], and make up for the short-
comings of traditional qualitative diagnosis.
Currently, the radiomics method used to pre-
dict lung adenocarcinoma gene mutation is
mainly based on the single-modality image fea-
tures of CT or PET [21], which has some limita-
tions. 8F-FDG PET/CT is a non-invasive multi-
modal imaging approach that can provide both
functional and metabolic information about the
lesions, as well as anatomical information. It
has been widely used in tumor diagnosis, stag-
ing, re-staging, efficacy monitoring and progno-
sis evaluation [22, 23]. Multimodal radiomics
approaches can extract more meaningful ra-
diomics features from different perspectives,
thereby overcoming the limitations of unimodal
models and providing a more comprehensive
and reliable description of tumor [24-28]. There-
fore, the purpose of this study is to build a
radiomics model to predict the EGFR mutation
status of lung adenocarcinoma based on *€F-
FDG PET/CT multimodal radiomics features
and verify it.
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Materials and methods
Patients

This study was performed in compliance with
the Declaration of Helsinki and the relevant
ethical guidelines. Ethics Committee of the
Central Hospital of Wuhan approved this study.
Due to the retrospective nature of the investi-
gation and the use of anonymized patient data,
the requirement for informed consent was
waived. This study retrospectively analyzed
data from patients diagnosed with lung adeno-
carcinoma in our hospital from June 2019 to
May 2022. The inclusion criteria were: (1)
Histologically confirmed lung adenocarcinoma;
(2) Availability of complete ¥F-FDG PET/CT im-
ages reconstructed in digital imaging and com-
munications in medicine (DICOM) format be-
fore treatment; (3) The EGFR mutation detec-
tion results are available and the time interval
between the *8F-FDG PET/CT examination and
EGFR testing is no more than 4 weeks; (4)
Single lesion (maximum diameter >1 cm); (5)
No history of other malignant tumors. Exclusion
criteria included: (1) No biopsy or lack of gene
detection results; (2) Genetic testing has identi-
fied the presence of other mutations, such as
the Kirsten ratsarcoma viral oncogene homo-
log (KRAS); (3) Poor image quality or with seri-
ous artifacts; (4) Pure ground-glass nodules
without FDG metabolism; (5) Incomplete clini-
cal data; (6) Metastatic tumor of the lung or
other types of lung cancer. The patient selec-
tion flowchart is shown in Figure 1.

EGFR mutation detection

EGFR mutation detection was performed on
tumor histological specimens obtained through
surgical resection or biopsy. Real-time fluores-
cence PCR was used to detect mutations of
exons of the EGFR gene, using the Roche Co-
bas DNA sample preparation and EGFR muta-
tion detection kit, with the specific steps car-
ried out in accordance with the kit instruc-
tions. PCR analysis was performed using Roche
Cobas Z480. If any exon mutation was detect-
ed, the tumor was classified as EGFR mutant
type (EGFR-MT). Otherwise, it was classified as
EGFR wild type (EGFR-WT).

18F-FDG PET/CT image acquisition

The *8F-FDG was produced by GE Minitrace
cyclotron, with radiochemical purity >95%.
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Patients receiving 8F-FDG PET/CT scan
from June 2019 to May 2022(n=1779)

The lesion is in the
lung(n=908)

The lesion is not in the
lung(n=871)

Lung adenocarcinoma
(n=310)

Benign lesion(n=187)

Squamous cell carcinoma of lung(n=361)
Small cell lung cancer(n=41)

Metastatic carcinoma(n=9)

EGFR-MT(n=79)| [EGFR-WT(n=76) |

31

Lack of gene test(n=138)

Pure ground-glass nodules without FDG uptake(n=7)
Lesion too small(n=2)

Other types of mutations(n=5)

Incomplete clinical data(n=3)

Training set(n=117):
EGFR-MT(n=60)
EGFR-WT(n=57)

Test set(n=38):
EGFR-MT(n=19)
EGFR-WT(n=19)

Figure 1. Flowchart of patient selection.
EGFR, epidermal growth factor receptor; WT,
wild type; MT, mutant type.

Patients were required to fast for more than 6
hours before the imaging agent was injected,
and their fasting blood glucose levels were kept
at <11.1 mmol/L. According to the patient’s
body mass, 3.7-5.5 MBq/kg of 8F-FDG was
injected through the back of the hand or elbow
vein, and they rested for approximately 60 min-
utes in a quiet environment. After the bladder
was emptied, the whole body PET/CT imaging
was conducted using the combined imaging
U510 and GE Discovery VCT PET CT scanners.
The scan extended from the top of skull to the
upper middle thigh. The CTScout image was
used to locate the scanning position. First, CT
scanning was conducted (tube voltage, 120 kV;
tube current, 80 maA; slice thickness, 2.4 mm;
64 and 16 row CT), followed by PET scanning (2
minutes per bed position, with 6-8 beds col-
lected). The original image was reconstructed
using an iterative algorithm after attenuation
correction, resulting in transverse, sagittal and
coronal fusion images (Xeleris, conjoined image
U510) from PET, CT and PET/CT.

Image analysis and feature extraction

In our study, three radiologists, who were blind-
ed to all clinical and histologic data, retrospec-
tively interpreted PET/CT studies. A nuclear
medicine physician with 3 years of experience
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in pulmonary PET/CT performed 3D volume of
interest (VOI) segmentation manually on DI-
COM images using LIFEx packages (version
7.2.0, http://www.lifexsoft.org). Two senior
nuclear medicine physicians (8 and 10 years of
experience in pulmonary PET/CT) reviewed all
the VOIs and the radiologists negotiated to
reach a consensus for controversial cases. The
image analysis processing steps were as fol-
lows: (1) The VOI of lesion was manually delin-
eated slice by slice on the CT scans from PET/
CT. A CT-based VOI was labeled as “lesion_CT".
If multiple lesions were present, the largest
one was considered the labeled lesion assign-
ed to the patient. (2) A PET-based VOI labeled
“lesion_PT” was created by fusing voxels from
PET scans and the “Lesion_CT” VOI. (3) A PET-
based VOI labeled “lesion_PT_40%Peak” was
created by selecting voxels with a threshold of
40% of the maximum Standardized Uptake
Value (SUVmax) within the “lesion_PT".

In summary, we created three VOIs for each
patient: “lesion_CT”, “lesion_PT”, “lesion_
PT_40%Peak”. The software program then
automatically calculated and extracted 128 CT
and PET radiomic features, including 25 basic
features, 17 morphological features, 30 histo-
gram features, 24 Gray-Level Co-occurrence
Matrix (GLCM) features, 11 Gray-Level Run
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Figure 2. The workflow of our study. A. Tumor masking; B. Feature extraction; C. Feature selection; D. Model con-

struction; E. Performance of the radiomic modes.

Length Matrix (GLRLM) features, 5 Neighbor-
hood Grey-Level Different Matrix (NGLDM) fea-
tures and 16 Grey-Level Zone Length Matrix
(GLZLM) features. This resulted in a total of
384 (128 * 3) radiomic features, which are pro-

vided in the Supplementary Material.

Feature selection and modeling

Due to the relatively large number of radiomic
features and small number of patients, the
Wilcoxon rank sum test and least absolute
shrinkage and selection operator (LASSO) re-
gression algorithm were applied to avoid over-
fitting of the model. Three single-modality ra-
diomic models and a dual-modality radiomic
model were then trained to identify EGFR muta-
tion status using radiomic features derived
from the three types of VOIs (“lesion_CT”,
“lesion_PT”, “lesion_PT_40%Peak”). Logistic
regression was used to establish these mod-
els, and their performance was evaluated by
the receiver operating characteristic (ROC) cur-
ve and the area under the curve (AUC) in the
training and test set.

Statistical analysis

We performed statistical analysis using IBM
SPSS Statistics version 26.0 and R (version
4.0.5, http://www.r-project.org). Continuous
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variables were tested using the independent
samples t-test, and categorical variables were
tested using the chi-square test or Fisher exact
probability method. The “glmnet” package was
used to perform LASSO logistic regression
analysis and binary logistic regression models.
The “ggplot” package was used to create ROC
curves and calculate and compare AUCs, while
the “ggpubr” package was used to compare
RadScores. A two-sided p-value <0.05 was
accepted as indicative of statistical signifi-
cance. Our workflow is shown in Figure 2.

Results
Clinical characteristics of patients

A total of 155 lung adenocarcinoma patients
were enrolled in our study, as shown in Table 1.
There were 79 cases (51.0%) with EGFR mut-
ant and 76 cases (49.0%) with wild type. All
patients were randomly assigned to a training
set (117 cases) and a test set (38 cases) in a
3:1 ratio. In the training set, there were sta-
tistically significant differences in the gender
(P=0.005) and maximum diameter (P=0.049)
between the EGFR mutation and wild type. In
the test set, there was a statistically significant
difference in gender (P=0.038) between the
EGFR mutation and wild type. However, the
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Table 1. Clinical characteristics of all patients included in the study

Training Set (n=117)

Test Set (n=38)

Factors P value P value
EGFR-MT EGFR-WT EGFR-MT EGFR-WT
Age 67.8319.04 64.73+11.04 0.099 64.05+10.64 68.531+9.01 0.170
Gender
Male 28 41 0.005" 9 16 0.038"
Female 32 16 10 3
Smoking history
Yes 28 24 0.620 11 8 0.517
No 32 33 8 11
TNM Staging
I~ 24 16 0.174 9 4 0.170
I~V 36 41 10 15
Maximum diameter
<3cm 33 21 0.049" 9 6 0.329
>3cm 27 36 10 13
Tumor location
LUL 23 20 0.548 7 5 0.674
LLL 6 11 3 5
RUL 19 15 6 8
RLL 12 11 3 1

Notes: LUL, left upper lung; LLL, left lower lung; RUL, right upper lung; RLL, right lower lung; TNM Staging Based on American
Joint Committee on Cancer (AJCC) 8th edition; "Only statistically significant (P<0.05) results are reported for analysis.

other clinical characteristics (age, smoking his-
tory, TNM staging, and tumor location) showed
no statistically significant differences in either
the training or test sets (all P>0.05).

Feature selection

The Wilcoxon rank sum test and least abso-
lute shrinkage and selection operator (LASSO)
regression algorithm were applied to select the
optimal subset of radiomic features (Figure 3).
As previously mentioned, three single-modality
radiomic models (CT Model, PT Model and
PT40% Model) and a dual-modality radiomic
model (Combined Model) were trained to iden-
tify EGFR mutation status with 117 patients
included in the training set. Based on “lesion_
CT”, the 7 features were Spherical Dispropor-
tion, Intensity Histogram Skewness, Intensity
Histogram Minimum Grey Level, Intensity His-
togram Interquartile Range, GLCM_Inverse Dif-
ference Moment, GLRLM_Long Runs Emphasis
and GLSZM_Small Zone High Grey Level
Emphasis. The 7 features derived from “lesion_
PT” were Skewness, Maximum Grey Level,
Area Under Curve Csh, Total Lesion Glycolysis,
GLCM_Difference Variance, NGTDM_Coarse-
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ness, GLSZM_Normalised Zone Size Non
Uniformity. The 9 features then drawn from
“lesion_PT_40%Peak” were Spherical Dispro-
portion, Sphericity, Maximum Grey Level, Area
Under Curve Csh, Total Lesion Glycolysis, Mini-
mum Histogram Gradient Grey Level, GLRLM_
Short Run Low Grey Level Emphasis, NGTDM_
Contrast, GLSZM_Small Zone High Grey Level
Emphasis. Eventually, 12 features developed
on these three VOIs were selected for the
Combined Model, which were Spherical Dis-
proportion (CT), Intensity Histogram Skewness
(CT), Intensity Histogram Minimum Grey Level
(CT), Intensity Histogram Interquartile Range
(CT), GLCM_Inverse Difference Moment (CT),
GLRLM_Long Runs Emphasis (CT), Skewness
(PT), Maximum Grey Level (PT), GLCM_Dif-
ference Variance (PT), Maximum Grey Level
(PT40%), GLRLM_Short Run Low Grey Level
Emphasis (PT40%), NGTDM_Contrast (PT40%).

In addition, a radiomics signature score (Rad-
Score) was calculated for each patient within
each model: CT Model RadScore: -8.3841695
+ 6.8798866 * SphericalDisproportion +
0.3512650 * IntensityHistogramSkewness +
0.0909245 * IntensityHistogramInterquartile-
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Figure 3. The Wilcoxon rank sum test and least absolute shrinkage and selection operator (LASSO) regression
algorithm were applied to select the optimal subset of radiomic features. |, Optimal feature selection according to
AUC value. Il, LASSO coefficient profiles of the radiomic features. A. CT Model; B. PT Model; C. PT40% Model; D.

Combined Model.

Range + 0.0619512 * IntensityHistogramin-
terquartileRange + 9.3825251 * GLCM_Inver-
seDifferenceMoment - 3.0919950 * GLRLM_
LongRunsEmphasis - 0.0004478 GLSZM_
SmallZoneHighGreylLevelEmphasis; PT Model
RadScore: -0.465306 + 0.411846 * Skewness
+ 0.242730 * MaximumGreyLevel - 0.726558
* AreaUnderCurveCsh - 0.001263 * Total-
LesionGlycolysis - 0.051487 * GLCM_Diffe-
renceVariance + 29.863704 * NGTDM_Coar-
seness - 1.973408 * GLSZM_Normalised-
ZoneSizeNonUniformity; PT40% Model Rad-
Score: 3.043534 - 1.219807 * Spherical-
Disproportion - 1.508150 * Sphericity +
0.220315 * MaximumGreyLevel - 0.434433 *
AreaUnderCurveCsh - -0.001865 * TotallLe-
sionGlycolysis - -0.010617 * Minimum-
HistogramGradientGreyLevel + 11.485984
*  GLRLM_ShortRunLowGreylLevelEmphasis -
-1.593508 * NGTDM_Contrast - -0.001262
* GLSZM_SmallZoneHighGreyLevelEmphasis;
Combined Model RadScore: -9.12922 +
6.13339 * CT_SphericalDisproportion +
0.67808 * CT_IntensityHistogramSkewness +
0.09336 * CT_IntensityHistogramMinimum-
GreyLevel + 0.06373 * CT_IntensityHisto-
graminterquartileRange + 11.47291 * CT_
GLCM_InverseDifferenceMoment - 3.82125 *
CT_GLRLM_LongRunsEmphasis + 0.42365 *
PT_Skewness + 0.16443 * PT_Maximum-
GreyLevel - 0.03230 * PT_GLCM_Difference-
Variance - 0.06691 * PT40%_MaximumGrey-
Level + 7.62081 * PT40%_GLRLM_Short-
RunLowGreyLevelEmphasis - 0.91629 *
PT40%_NGTDM_Contrast.

The median and the interquartile range for the
selected radiomic features in each model and
the calculated RadScore are shown in Table 2.
For each model, the selected features and
RadScore were significantly different between
the EGFR mutant and wild type groups in the
training set (P<0.05). Specifically, lesions with
EGFR mutant had higher RadScore than those
with EGFR wild type in both the training and
test sets. While RadScore with CT Model, PT
Model, PT40% Model and Combined Model in
training set were 1.471 vs -1.06, 0.693 vs
-0.48, 0.31 vs -0.066 and 1.669 vs -1.444,
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respectively, those in test set were 1.424 vs
-2.028, 0.465 vs -0.124, 0.209 vs -0.601 and
1.978 vs -2.296, respectively. The RadScore
for each patient in the two sets is shown as the
bargraphs in Figure 4 with the four models.

Performance of the radiomic models

ROCs of the models in both the training and
test sets are displayed in Figure 5. All the mod-
els had good predictive performance in the
training set, and the AUCs with CT Model, PT
Model, PT40% Model and Combined Model
were 0.87 (95% Cl 0.80~0.94), 0.77 (95% ClI
0.68~0.86), 0.73 (95% CI 0.64~0.82) and 0.90
(95% Cl 0.84~0.96), respectively. In the test
set, the AUCs with CT Model, PT Model, PT40%
Model and Combined Model were 0.77 (95%
Cl 0.62~0.92), 0.61 (95% CI 0.53~0.80), 0.66
(95% CI 0.50~0.84) and 0.79 (95% Cl 0.64~
0.94), respectively. There was a statistically
significant difference in AUCs between the
Combined Model and PT Model (P=0.0011),
and between the Combined Model and the
PT40% Model (P<0.0001). However, there was
no statistical difference in AUCs between the
Combined Model and the CT Model (P=0.112).
The predictive abilities of the four models, in-
cluding AUC, sensitivity, specificity and accura-
cy, are listed in Table 3.

Discussion

In this study, we have established a predictive
model based on 12 radiomic features derived
from pre-therapy *®F-FDG PET/CT images of
patients to predict EGFR mutation status
between EGFR mutant and wild type, which
showed good predictive performance in the
training set (AUC=0.90) and test set (AUC=
0.79). Among the 12 selected features in our
study, Spherical Disproportion is a radiomics
feature used to describe the morphological
characteristics of tumors. It refers to the mea-
surement of the difference between the long
and short axes of the tumor, indicating how
closely it approximates a spherical shape. The
larger the value of Spherical Disproportion, the
more irregular the tumor shape. We found that

Am J Nucl Med Mol Imaging 2023;13(5):230-244



EGFR mutation prediction in lung cancer with PET/CT radiomics

Table 2. The median and the interquartile range for the selected radiomic features in each model and the calculated RadScore

Training set (n=117)

Training set (n=38)

Characteristic - p - p
EGFR mutant (n=60) EGFR wild type (n=57) EGFR mutant (n=19) EGFR wild type (n=19)

CT Model (7 features)
SphericalDisproportion 1.525 (1.369~1.76) 1.378 (1.239~1.472) 0.0028 1.537 (1.366~1.763) 1.414 (1.331~1.498) 0.0142
IntensityHistogramSkewness -0.404 (-1.452~0.2) -1.143 (-3.015~-0.557) 0.0027 -0.732 (-1.102~-0.264) -2.248 (-3.316~-0.787) 0.0286
IntensityHistogramMinimumGreyLevel 13 (7~19) 10 (2.5~15.5) 0.0359 16 (12.5~19.5) 10.5 (3~14.75) 0.0283
IntensityHistogramInterquartileRange 29 (18~43) 20 (3~37.5) 0.0101 31 (12.5~36.5) 5 (3~31.5) 0.0259
GLCM_InverseDifferenceMoment 0.173 (0.104~0.261) 0.283 (0.141~0.43) 0.0065 0.221 (0.11~0.335) 0.38 (0.281~0.449) 0.0363
GLRLM_LongRunsEmphasis 1.201 (1.099~1.415) 1.501 (1.159~1.913) 0.0034 1.373 (1.11~1.692) 1.768 (1.387~2.096) 0.0423
GLSZM_SmallZoneHighGreyLevelEmphasis 4203.223 (2853.801~4872.091) 4709.551 (3961.609~5904.823) 0.0145 4537.519 (4008.971~4796.108) 5052.106 (4319.99~5675.182) 0.0112
RadScore 1.471 (0.409~2.254) -1.06 (-2.514~-0.203) <0.0001 1.424 (-0.268~2.902) -2.028 (-3.678~-0.303) 0.0041

PT Model (7 features)
Skewness 1.047 (0.711~1.553) 0.9 (0.499~1.306) 0.0069 1.377 (0.915~1.573) 0.827 (0.416~1.182) 0.0919
MaximumGreyLevel 9.653 (3.928~13.669) 15.667 (9.115~20.127) 0.0011 9.79 (4.164~16.824) 15.981 (13.603~22.9) 0.0049
AreaUnderCurveCsh 0.968 (0.592~1.258) 1.437 (0.963~2.213) 0.0004 0.854 (0.574~1.438) 1.714 (1.12~2.358) 0.0107
TotalLesionGlycolysis 44.791 (9.57~159.482) 121.389 (28.732~318.699) 0.0278 60.342 (10.618~199.473) 279.194 (46.494~1089.488) 0.0726
GLCM_DifferenceVariance 13.09 (1.331~24.829) 33.618 (11.422~65.837) 0.0023 21.218 (2.116~37.129) 38.898 (25.511~56.917) 0.0387
NGTDM_Coarseness 0.018 (0.008~0.028) 0.012 (0.005~0.02) 0.0431 0.01 (0.005~0.017) 0.005 (0.003~0.011) 0.0346
GLSZM_NormalisedZoneSizeNonUniformity 0.323(0.208~0.392) 0.421 (0.292~0.525) 0.0033 0.32(0.154~0.417) 0.445 (0.364~0.49) 0.0171
RadScore 0.693 (-0.039~1.146) -0.48 (-1.694~0.408) <0.0001 0.465 (-0.608~0.899) -0.124 (-1.232~0.46) 0.0221

PT40% Model (9 features)
SphericalDisproportion 1.475 (1.409~1.648) 1.609 (1.401~1.818) 0.0124 1.519 (1.342~1.629) 1.825 (1.497~2.482) 0.0172
Sphericity 0.678 (0.607~0.71) 0.622 (0.55~0.714) 0.0124 0.658 (0.614~0.745) 0.548 (0.403~0.668) 0.0172
MaximumGreyLevel 9.653 (3.928~13.669) 15.667 (9.115~20.127) 0.0009 9.79 (4.164~16.824) 15.981 (13.603~22.9) 0.0061
AreaUnderCurveCsh 1.663 (0.802~2.513) 2.396 (1.723~3.639) 0.0026 1.956 (0.749~2.809) 2.866 (2.049~4.628) 0.0309
TotalLesionGlycolysis 24.014 (5.831~74.908) 61.755 (20.289~187.743) 0.0134 29.783 (9.937~120.825) 119.146 (30.201~627.434)  0.0568
MinimumHistogramGradientGreyLevel 15 (5~23) 22 (10~32.5) 0.0034 19 (8.5~28.5) 30 (18.75~37.75) 0.0614
GLRLM_ShortRunLowGreyLevelEmphasis 0.004 (0.001~0.019) 0.002 (0.001~0.007) 0.0339 0.003 (0.001~0.013) 0.001 (0.001~0.002) 0.0098
NGTDM_Contrast 0.283 (0.066~0.504) 0.458 (0.206~0.847) 0.0135 0.476 (0.189~0.639) 0.447 (0.313~0.679) 0.0532
GLSZM_SmallZoneHighGreyLevelEmphasis 153.222 (2.51~499.008) 462.913 (191.73~924.533) 0.0016  366.565 (38.853~555.567) 660.679 (422.653~877.655) 0.0255
RadScore 0.31 (0.047~1.045) -0.066 (-1.214~0.31) <0.0001 0.209 (-0.5~0.452) -0.601 (-1.181~0.031) 0.0192

Combined Model (12 features)
CT_SphericalDisproportion 1.525 (1.369~1.76) 1.378 (1.239~1.472) 0.0283 1.537 (1.366~1.763) 1.414 (1.331~1.498) 0.0142
CT_IntensityHistogramSkewness -0.404 (-1.452~0.2) -1.143 (-3.015~-0.557) 0.0284 -0.732 (-1.102~-0.264) -2.248 (-3.316~-0.787) 0.0286
CT_IntensityHistogramMinimumGreyLevel 13 (7~19) 10 (2.5~15.5) 0.0358 16 (12.5~19.5) 10.5 (3~14.75) 0.0283
CT_IntensityHistograminterquartileRange 29 (18~43) 20 (3~37.5) 0.0101 31 (12.5~36.5) 5(3~31.5) 0.0259
CT_GLCM_InverseDifferenceMoment 0.173 (0.104~0.261) 0.283 (0.141~0.43) 0.0007 0.221(0.11~0.335) 0.38 (0.281~0.449) 0.0363
CT_GLRLM_LongRunsEmphasis 1.201 (1.099~1.415) 1.501 (1.159~1.913) 0.0003 1.373 (1.11~1.692) 1.768 (1.387~2.096) 0.0423
PT_Skewness 1.047 (0.711~1.553) 0.9 (0.499~1.306) 0.0639 1.377 (0.915~1.573) 0.827 (0.416~1.182) 0.0919
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PT_MaximumGreyLevel

PT_GLCM_DifferenceVariance

PT40%_MaximumGreyLevel

PT40%_GLRLM_ShortRunLowGreyLevelEmphasis

PT40%_NGTDM_Contrast

RadScore

9.653 (3.928~13.669)
13.09 (1.331~24.829)
9.653 (3.928~13.669)
0.004 (0.001~0.019)
0.283 (0.066~0.504)
1.669 (0.324~2.805)

15.667 (9.115~20.127)
33.618 (11.422~65.837)
15.667 (9.115~20.127)
0.002 (0.001~0.007)
0.458 (0.206~0.847)
-1.444 (-3.467~-0.424)

0.0011
0.0023
0.0009
0.0339
0.0135
<0.0001
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9.79 (4.164~16.824)
21.218 (2.116~37.129)
9.79 (4.164~16.824)
0.003 (0.001~0.013)
0.476 (0.189~0.639)
1.978 (-0.186~3.826)

15.981 (13.603~22.9)
38.898 (25.511~56.917)
15.981 (13.603~22.9)
0.001 (0.001~0.002)
0.447 (0.313~0.679)
-2.296 (-3.218~0.402)

0.0049
0.0387
0.0061
0.0098
0.0532
0.0041
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Figure 4. The RadScore for each patient in the two sets with the four models.

compared with the wild type, the morphology of
EGFR mutant lung adenocarcinoma seems to
be more irregular, which is similar to the results
of Li et al. [9]. Intensity Histogram Minimum
Grey Level represents the minimum gray value
in VOI. Our research suggests that the value of
wild type is lower than that of mutant type, indi-
cating that the former may contain more cavi-
ties. Previous studies have shown that the CT
signs of EGFR mutant and wild type are differ-
ent. When examining the correlation between
the EGFR gene mutation status and the CT
signs of lung adenocarcinoma lesions, Zhou et
al. found that the EGFR mutation rate in lung
adenocarcinoma patients with cavities was
35.29% [29], indicating that the cavity signs
are associated with EGFR wild type and con-
sistent with our research results. Similarly,
Hasegawa et al. suggested that the presence
of cavitation in primary lung adenocarcinoma is
associated with non-EGFR mutations and may
indicate an adverse prognosis [30]. Maximum
Grey Level reflects the distribution characte-
ristics of tumor pixel gray level [31, 32], thus
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revealing the spatial distribution of 8F-FDG in
tumor, as well as is less susceptible to noise
than SUVmax [17]. Previous studies have sh-
own that EGFR mutations may activate perti-
nent intracellular signaling pathways, which
can increase tumor glycolysis and lead to
intense *8F-FDG uptake in PET scans [33]. Our
study shows that the value of wild type in the
training and testing sets is higher than that of
mutant type. It is consistent with the widely
accepted view that lung adenocarcinomas with-
out an EGFR mutation are more invasive than
EGFR-mutated tumors [9, 34]. All other featur-
es are associated with image uniformity and
tumor heterogeneity. In this study, EGFR mutant
type was found to be more heterogeneous,
which is in line with prior research [5, 9, 14, 17,
32, 35]. In addition, each patient’s RadScore
was calculated. In the training and testing sets,
the RadScore of EGFR mutant patients was
higher than that of EGFR wild type (both
P<0.001).

Radiomics texture analysis can impart diffe-
rent meanings relying on the imaging modality.
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recent years [41-45]. It is well
known that tumors are hetero-

geneous, and that simple SUV
measurements do not take
into account the spatial rela-
tionships between image vox-
els, which may provide more
insight into the biology of
these mutations and help to
assess the degree of tumor
heterogeneity [40]. Conven-
tional semi-quantitative indi-
cators generated from PET do
not have sufficient predictive
value for clinical practice. Un-

like SUVmax, radiomics can
extract numerous features th-
rough high throughput and
use sophisticated mathemati-
cal models to quantify the spa-

tial relationship between ima-

ge voxels, providing a better
representation of tumors and
allowing for the prediction of
EGFR mutation status. In this
study, the radiomics model
based solely on PET imaging
had an AUC of 0.61 in the test
set. Due to the limited spatial
resolution of PET imaging, it
may be difficult to determine
the tumor boundary on PET
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Figure 5. ROCs of the four models in both the training and test sets.

There have been several studies in the past
that have found a correlation between CT
radiomics and EGFR mutation. Tu et al. sug-
gested that CT radiological features may be
predictive factors for identifying EGFR muta-
tions [36]. In our study, the radiomics model
based solely on CT imaging had an AUC of 0.77
in the test set, which is consistent with previ-
ous research findings [37-39]. Unlike traditional
CT imaging, PET imaging can reflect the glu-
cose metabolism characteristics of tumors
[18, 35, 40]. SUVmax is currently the most
researched conventional metabolic parameter
in PET imaging. However, there has been a
long-standing debate among scholars regard-
ing the relationship between SUVmax and
EGFR mutations in lung adenocarcinoma in
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images. Previous studies have
not conducted in-depth explo-
ration of this issue. Most previ-
ous researchers have selected
a threshold of 40% to 42%
SUVmax to determine the boundary of the
tumor on PET images. To explore whether this
method can effectively improve the predictive
performance of radiomics, we selected 40%
SUVmax as the threshold and established a
40% PET unimodal model. The results showed
that the AUC of this model on the test set was
0.66, and the difference between it and the
unthreshold PET model was not statistically sig-
nificant. This may be because both models are
based on PET images, so they may overlap in
some features, leading to similar predictive
performance. Additionally, setting a threshold
may exclude some tumor tissue and reduce the
features extracted by radiomics. Therefore, we
believe that using 40% SUVmax as a threshold
to determine the tumor boundary on PET imag-
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Table 3. The predictive performance of each model in identifying EGFR mutations

Training set Test set
Model Sensitivity Specificity Accurac Sensitivity Specificity Accurac
AUC (95% Cl) o) y =P o y o Y AUC (95% CI) o0 y =P o y o y
CcT 0.87 (0.80~0.94) 87.27 71.93 79.46 0.77 (0.62~0.92) 68.42 77.78 72.97
PT 0.77 (0.68~0.86) 52.63 74.55 63.39 0.61 (0.53~0.80) 47.37 77.78 62.16
PT40% 0.73 (0.64~0.82) 38.69 87.27 62.5 0.66 (0.50~0.84) 21.06 88.89 54.05
Combined 0.90 (0.84~0.96) 73.69 87.27 80.36 0.79 (0.64~0.94) 68.42 83.33 75.68

Notes: AUC, area under the ROC curve; Cl, confidence interval.

es may not significantly improve the predictive
performance of radiomics models, although
further confirmation in larger samples is need-
ed. It is generally accepted that radiomic fea-
tures derived from PET and CT are complemen-
tary. CT-based radiomic analysis reflects the
pattern of tissue density distribution, whereas
radiomic texture analysis based on PET images
is related to the variability of the metabolic phe-
notype [9]. Thus, a radiomic signature based on
the combination of PET and CT radiomic fea-
tures could reflect the heterogeneity of tumors
from different angles, thus enhancing its ability
to predict EGFR mutational status. Therefore,
we compared the PET/CT combined model with
the unimodal models. The results showed that
the PET/CT radiomics model had a significantly
higher AUC compared to the PET-base model
(P=0.0011). However, there was no significant
difference between the PET/CT model and the
CT model (P=0.112). We believe that one pos-
sible reason may be attributed to the limited
sample size and selection bias. Additionally,
although we excluded pure ground-glass nod-
ules without FDG metabolism, some lesions
with less solid components may have lower
FDG metabolism, resulting in fewer PET ra-
diomics features extracted, which led to a less
significant improvement in the AUC of the com-
bined model. However, this does not mean that
PET radiomics features have no contribution in
the combined model. Compared with the sin-
gle-modality CT model, the combined model
improved the accuracy of the training and test
sets to 80.36% and 75.68%, respectively, and
the specificity to 87.27% and 83.33%. There-
fore, we believe that the predictive perfor-
mance of the PET/CT double-modality radiomics
model has the best predictive performance.

Our study has some limitations that should be
acknowledged. Firstly, our sample size is rela-
tively small, and we obtained all data from a
single center. It has been noted that the fre-
quency of EGFR mutations may have a correla-
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tion with race, with higher rates of mutations
found in Asian populations compared to other
ethnicities [5]. Given that all patients in this
study were of Asian descent, it is imperative
that we conduct large-scale, multi-center stud-
ies to enhance the generalization ability of our
model across diverse races and regions. Addi-
tionally, we only collected the imaging data of
patients. In future investigations, we plan to
integrate clinical information from patients,
which may further enhance the stability and
predictive performance of our model. Lastly, it
is a retrospective study, and prospective valida-
tion may offer additional evidence for further
clinical applications.

In summary, we have constructed a radiomics
model based on 8F-FDG PET/CT for predicting
EGFR gene mutation status in lung adenocarci-
noma patients. Our model has shown good per-
formance. By providing a straightforward and
non-invasive screening method, this study
offers valuable support for clinicians identify-
ing candidates for molecular targeted therapy,
especially for those patients who are unable to
undergo biopsy.
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Supplementary Material

Feature list (128 features)
MORPHOLOGICAL MORPHOLOGICAL_Volume
17 MORPHOLOGICAL_ApproximateVolume

MORPHOLOGICAL_voxelsCounting
MORPHOLOGICAL_SurfaceArea
MORPHOLOGICAL_SurfaceToVolumeRatio
MORPHOLOGICAL_Compacity
MORPHOLOGICAL_Compactnessil
MORPHOLOGICAL_Compactness2
MORPHOLOGICAL_SphericalDisproportion
MORPHOLOGICAL_Sphericity
MORPHOLOGICAL_Asphericity
MORPHOLOGICAL_MaxValueCoordinates
MORPHOLOGICAL_CenterOfMass
MORPHOLOGICAL_WeightedCenterOfMass
MORPHOLOGICAL_CentreOfMassShift
MORPHOLOGICAL_Maximum3DDiameter
MORPHOLOGICAL_IntegratedIntensity

BASIC BASED_Mean

25 BASED_Variance
BASED_Skewness
BASED_Kurtosis
BASED_Median
BASED_MinimumGreyLevel
BASED_10thPercentile
BASED_25thPercentile
BASED_50thPercentile
BASED_75thPercentile
BASED_90thPercentile
BASED_StandardDeviation
BASED_MaximumGreyLevel
BASED_InterquartileRange
BASED_Range
BASED_MeanAbsoluteDeviation
BASED_RobustMeanAbsoluteDeviation
BASED_MedianAbsoluteDeviation
BASED_CoefficientOfVariation
BASED_QuartileCoefficientOfDispersion
BASED_AreaUnderCurveCsh
BASED_Energy
BASED_RootMeanSquare
BASED_TotalLesionGlycolysis (only for PET)
BASED_TotalCalciumScore (only for CT)
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HISTOGRAM
30

Grey Level Co-occurrence Matrix (GLCM)
24

HISTOGRAM_IntensityHistogramMean
HISTOGRAM_IntensityHistogramVariance
HISTOGRAM_IntensityHistogramSkewness
HISTOGRAM_IntensityHistogramKurtosis
HISTOGRAM_IntensityHistogramMedian
HISTOGRAM_IntensityHistogramMinimumGreyLevel
HISTOGRAM_IntensityHistogram10thPercentile
HISTOGRAM_IntensityHistogram25thPercentile
HISTOGRAM_IntensityHistogram50thPercentile
HISTOGRAM_IntensityHistogram75thPercentile
HISTOGRAM_IntensityHistogram90thPercentile
HISTOGRAM_IntensityHistogramStandardDeviation
HISTOGRAM_IntensityHistogramMaximumGreyLevel
HISTOGRAM_IntensityHistogramMode
HISTOGRAM_IntensityHistogramInterquartileRange
HISTOGRAM_IntensityHistogramRange
HISTOGRAM_IntensityHistogramMeanAbsoluteDeviation
HISTOGRAM_IntensityHistogramRobustMeanAbsoluteDeviation
HISTOGRAM_IntensityHistogramMedianAbsoluteDeviation
HISTOGRAM_ IntensityHistogramCoefficientOfVariation
HISTOGRAM_IntensityHistogramQuartileCoefficientOfDispersion
HISTOGRAM_IntensityHistogramEntropyLog10
HISTOGRAM_IntensityHistogramEntropyLog?2
HISTOGRAM_AreaUnderCurveCsh

HISTOGRAM_Uniformity

HISTOGRAM_RootMeanSquare
HISTOGRAM_MaximumHistogramGradient
HISTOGRAM_MaximumHistogramGradientGreyLevel
HISTOGRAM_MinimumHistogramGradient
HISTOGRAM_MinimumHistogramGradientGreyLevel

GLCM_JointMaximum
GLCM_JointAverage
GLCM_JointVariance
GLCM_JointEntropyLog?2
GLCM_JointEntropyLog10
GLCM_DifferenceAverage
GLCM_DifferenceVariance
GLCM_DifferenceEntropy
GLCM_SumAverage
GLCM_SumVariance
GLCM_SumEntropy
GLCM_AngularSecondMoment
GLCM_Contrast
GLCM_Dissimilarity
GLCM_InverseDifference
GLCM_NormalisedInverseDifference
GLCM_InverseDifferenceMoment
GLCM_NormalisedInverseDifferenceMoment
GLCM_InverseVariance
GLCM_Correlation
GLCM_Autocorrelation
GLCM_ClusterTendency
GLCM_ClusterShade
GLCM_ClusterProminence
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Grey-Level Run Length Matrix (GLRLM)
11

Neighborhood Grey-Level Different Matrix
(NGLDM)
5

Grey-Level Zone Length Matrix (GLZLM)
16

GLRLM_ShortRunsEmphasis
GLRLM_LongRunsEmphasis
GLRLM_LowGreyLevelRunEmphasis
GLRLM_HighGreyLevelRunEmphasis
GLRLM_ShortRunLowGreyLevelEmphasis
GLRLM_ShortRunHighGreyLevelEmphasis
GLRLM_LongRunLowGreyLevelEmphasis
GLRLM_LongRunHighGreyLevelEmphasis
GLRLM_GreyLevelNonUniformity
GLRLM_RunLengthNonUniformity
GLRLM_RunPercentage

NGTDM_Coarseness
NGTDM_Contrast
NGTDM_Busyness
NGTDM_Complexity
NGTDM_Strength

GLSZM_SmallZoneEmphasis
GLSZM_LargeZoneEmphasis
GLSZM_LowGrayLevelZoneEmphasis
GLSZM_HighGrayLevelZoneEmphasis
GLSZM_SmallZoneLowGreyLevelEmphasis
GLSZM_SmallZoneHighGreyLevelEmphasis
GLSZM_LargeZoneLowGreyLevelEmphasis
GLSZM_LargeZoneHighGreyLevelEmphasis
GLSZM_GreyLevelNonUniformity
GLSZM_NormalisedGreyLevelNonUniformity
GLSZM_ZoneSizeNonUniformity
GLSZM_NormalisedZoneSizeNonUniformity
GLSZM_ZonePercentage
GLSZM_GreyLevelVariance
GLSZM_ZoneSizeVariance
GLSZM_ZoneSizeEntropy




