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Background: To investigate whether radiomic features from (18F)-fluorodeoxyglucose positron emission 
tomography/computed tomography [(18F)-FDG PET/CT] can predict epidermal growth factor receptor 
(EGFR) mutation status and prognosis in patients with lung adenocarcinoma. 
Methods: One hundred and seventy-four consecutive patients with lung adenocarcinoma underwent 
(18F)-FDG PET/CT and EGFR gene testing were retrospectively analyzed. Radiomic features combined 
with clinicopathological factors to construct a random forest (RF) model to identify EGFR mutation status. 
The mutant/wild-type model was trained on a training group (n=139) and validated in an independent 
validation group (n=35). The second RF classifier predicting the 19/21 mutation site was also built and 
evaluated in an EGFR mutation subset (training group, n=80; validation group, n=25). Radiomic score and 
5 clinicopathological factors were integrated into a multivariate Cox proportional hazard (CPH) model for 
predicting overall survival (OS). AUC (the area under the receiver characteristic curve) and C-index were 
calculated to evaluate the model’s performance. 
Results: Of 174 patients, 109 (62.6%) harbored EGFR mutations, 21L858R was the most common 
mutation type [55.9% (61/109)]. The mutant/wild-type model was identified in the training (AUC, 0.77) and 
validation (AUC, 0.71) groups. The 19/21 mutation site model had an AUC of 0.82 and 0.73 in the training 
and validation groups, respectively. The C-index of the CPH model was 0.757. The survival time between 
targeted therapy and chemotherapy for patients with EGFR mutations was significantly different (P=0.03). 
Conclusions: Radiomic features based on (18F)-FDG PET/CT combined with clinicopathological factors 
could reflect genetic differences and predict EGFR mutation type and prognosis.
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Introduction

Lung cancer is one of the most common and malignant 
tumors. The proportion of non-small cell lung cancer 
(NSCLC) is approximately 85% in patients with lung 
cancer, and nearly 80% of patients are in the advanced 
stage when they are diagnosed. The main histological 
type of NSCLC is adenocarcinoma and has a poor 
prognosis (1-3). According to the recommendations 
of  the National  Comprehensive Cancer Network 
guidelines for the diagnosis and treatment of NSCLC (4),  
platinum-containing, two-drug chemotherapy is the 
standard treatment for most patients with advanced lung 
adenocarcinoma without gene mutation(s) (5). However, for 
some patients with sensitive gene mutations, the benefits of 
chemotherapy are limited. With more extensive research 
investigating the nature of tumors using molecular genetic 
and biology techniques, molecular typing based on tumor 
gene characteristics has brought new hope for the treatment 
of NSCLC. Research investigating the genes driving lung 
adenocarcinoma has led to significant breakthroughs in 
recent years and has ushered the treatment of NSCLC into 
a new era of personalized targeted therapy. 

Epidermal growth factor receptor (EGFR)—a tyrosine 
receptor that can be used as a therapeutic target to inhibit 
its overexpression in tumor cells—has become an important 
predictor of treatment efficacy. Research has shown that 
the effect of tyrosine kinase inhibitors (TKIs) in patients 
with EGFR mutation was significantly better than that in 
patients with wild-type (6,7), demonstrating benefits in 
patients with mutations on disease-free survival and overall 
survival (OS) (8,9). Owing to the high mutation load of 
lung cancer, EGFR mutations can occur in exons 18 to 
21. The most common sensitive mutations include exon 
19 deletions (19DEL) and exon 21L858R, which account 
for 90% of EGFR mutations. The sensitivity and efficacy 
of the treatment response to TKIs largely depends on 
mutant genotypes; therefore, the identification of EGFR 
mutation types is essential for individualized molecular 
targeted therapy (10-14). Several clinical studies have 
shown that 19DEL mutations are more sensitive to TKIs 
than 21L858R mutations, resulting in longer survival 
times (15). However, tissue biopsy samples required for the 
detection of EGFR mutation status is not always available, 
especially in patients with low Karnofsky Performance Scale 
scores. Although liquid biopsy is convenient, rapid, and 
inexpensive, its sensitivity and stability are not optimal (16). 
Therefore, accurate and non-invasive approaches to predict 

EGFR mutation status are desired for clinical use. 
18Fluorine-f luoro-D-glucose positron emission 

tomography/computed tomography ((18F)-FDG PET/
CT), as an emerging imaging technique, can not only 
depict anatomical structure, but also reflect the biological 
characteristics of tumors. However, the potential of 
PET/CT to predict mutation status of EGFR remains 
controversial (17-20). Radiomics, which has emerged as 
a promising technique to identify genetic phenotypes 
in several types of tumors, is inspired by the concept of 
extracting underlying imaging features from medical 
images for quantitative imaging analysis (21). Recently, 
several studies focusing on radiomics for the prediction of 
EGFR status have been published (22-24). However, to our 
knowledge, very few have investigated the ability of PET/
CT imaging-based radiomic features to predict EGFR 
mutation status and prognosis (25).

Therefore, the purpose of the present study was to 
investigate whether radiomic features from (18F)F-FDG 
PET/CT can predict EGFR mutation status, subtype, and 
clinical outcome in patients with lung adenocarcinoma.

Methods

Patients

The Institutional Review Board of Jinling Hospital, Medical 
School of Nanjing University (Nanjing, China) approved this 
study (No. 2016NZKYKS-004-01). Given the retrospective 
nature of the investigation and the use of anonymized patient 
data, requirements for informed consent were waived. Data 
were collected from 174 consecutive patients who were 
diagnosed with lung adenocarcinoma at Jinling Hospital, 
Medical School of Nanjing University between July 2009 and 
August 2016. The inclusion criteria were as follows: PET/
CT examination within 1 month before surgery or biopsy; 
no anti-tumor treatment before PET/CT examination; with 
surgical (n=41) or biopsy (n=133) specimens confirmed by 
pathology; and available EGFR mutation detection results. 
Patients with poor image quality or lung metastatic tumor(s) 
were excluded. Clinicopathological data were obtained from 
medical records. Follow-up was from July 2009 to January 
2019. OS in this study was defined as the period from the 
date of PET/CT examination to the date of telephone 
follow-up or the date of patient death. Among those with 
EGFR mutations, 65 patients underwent targeted therapy 
and 33 underwent chemotherapy. Twenty-nine patients with 
19DEL and 36 with 21L858R mutations underwent targeted 
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therapy. Thirty-three patients with EGFR mutations and 51 
with wild-type EGFR underwent chemotherapy.

PET/CT acquisition, analysis, and parameter extraction

All patients underwent (18F)-FDG PET/CT before any 
treatment for the purposes of tumor staging and target 
volume delineation, which was performed using a PET/CT 
system (Biogragh 16, Siemens, Erlangen, Germany) 75 min 
after the injection of (18F)-FDG (EBCO’s TR19 medical 
cyclotron, Canada). Each patient fasted for at least 6 h 
before the test, and blood glucose levels were controlled to 
<6.7 mmol/L. The intravenous injection dose of (18F)-FDG 
was 3.7–6.6 MBq/kg. After the injection, the patient rested 
quietly for 1 h, consumed approximately 500–1,000 mL of 
water, and then voided the bladder before scanning. The 
scan ranged from the skull base to the upper femur. The 
CT scan (scan parameters: slice thickness, 5 mm; pitch 0.75; 
tube voltage, 120 kV; tube current, 140 mAs, tube rotation 
speed, 0.8 s/rotation) was performed before intravenous 
injection, followed by a PET emission scan of 3 min per 
bed position. An iterative algorithm was used for image 
reconstructions to obtain transverse, sagittal, and coronal 
fusion images from CT, PET, and PET/CT.

(18F)-FDG PET/CT analysis

A volume of interest (VOI) was drawn semi-automatically 
around the tumor by one observer with 5 years’ experience 
in nuclear medicine who was blinded to patient outcomes 
using a Radiomics prototype (Radiomics, Frontier, 
Siemens). Segmentation was semi-automatically produced 
by drawing a line along the boundary of the tumor and 
manually adjusted by the observer in a three-dimensional 
domain on the Radiomics prototype. PET/CT metabolic 
parameters were based on the high FDG metabolic 
area of the lesion using the MS viewer software and by 
manually delineating the region of interest (ROI) to 
measure the metabolic tumor volume (MTV), maximal 
standard uptake value (SUVmax) and mean standard uptake 
value (SUVmean), and total lesion glycolysis (TLG) was 
calculated using the following equation: TLG = SUVmean 
× MTV.

EGFR gene detection

EGFR genetic mutations were tested from the affected 
tumor tissue sample obtained by surgical resection or biopsy. 

The tissue samples were fixed in formalin, dehydrated, 
embedded in paraffin, and serially sectioned for hematoxylin 
and eosin staining. The amplification refractory mutation 
system polymerase chain reaction method was used to 
detect mutation sites in four exons (exons 18–21) in the 
coding region of the EGFR gene, the results of which were 
acquired according to the interpretation principle provided 
by the reference test kit (ACCB Biotech Ltd, Beijing, 
China). If any exon mutation was detected, the tumor was 
identified as an EGFR mutant, otherwise, the tumor was 
identified as EGFR wild type.

Feature extraction

The features used for model development included both 
clinical and radiomic features. Clinical features included 
sex, age, smoking history, family history, TNM staging, 
and carcinoembryonic antigen level. In total, 1,672 CT-
derived radiomic features and another 1,672 PET-
derived radiomic features were extracted by the prototype 
(Radiomics, Frontier, Siemens, Figure 1). The extracted 
feature categories were 18 first-order statistics, 16 shape 
and size, and 74 texture features. In addition, these features 
were filtered using 6 different filters, and wavelet analysis 
were performed to extract more dimensional information. 
Finally, 11 features were ranking with high importance in 
the model (Table 1).

Model construction

Two models were constructed based on clinical features, 
PET metabolic features, CT-derived radiomic features 
and PET-derived radiomics features using the random 
forest (RF) method to predict EGFR mutant status and the 
19DEL/21L858R mutation site. In the first mutant/wild-
type model, patients with the mutant status 19DEL or 
21L858R were defined as positive and others as negative, 
while in the second model, the 19DEL/21L858R mutation 
site model focused on patients with mutant status, from 
which patients with the 19DEL were labelled as positive 
and those with 21L858R as negative. The RF algorithm has 
a comparably low tendency to overfit and is well suited for 
data sets with a large number of heterogeneous predictors 
and cluster-correlated observations, thus, it was adopted for 
a machine learning-based predictive model. The created 
RF consisted of 100 trees, and split quality was measured 
according to Gini impurity. Prior probability for each class 
was set equal, and the number of features per node was set 
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according to the square root of the total number of features. 
The generalization capacity of the machine learning-based 
model was inherently evaluated using 10-fold cross-validation.

Model testing

The created RF model was evaluated on an additional 
independent cohort study, which was randomly selected 
with potentially unseen test cases. Model performance 
was assessed according to receiver operating characteristic 
(ROC) curve, area under the ROC curve (AUC), sensitivity, 
and specificity.

Clinical outcome prediction

For the purpose of predicting OS, the least absolute 

shrinkage and selection operator (LASSO) Cox regression 
model was used to select the most useful prognostic features 
in the entire dataset. A radiomic score (R-score) was 
computed for each patient through a linear combination of 
the selected features weighted according to their respective 
coefficient. The clinicopathological factors combined with 
R-scores were then applied in a multivariate Cox regression 
model for the prediction of OS. The C-index was calculated 
to evaluate the performance of the model. The prognosis 
of targeted therapy and chemotherapy in patients with 
different EGFR mutation status was compared.

Statistical analysis 

Statist ical  analysis  was used to select  s ignif icant 
clinicopathological factors and to validate the performance 
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Figure 1 The process of the radiomics method included the following steps. The radiomics workflow in the flowchart showed three basic 
modules. The lesions were segmented in the first step on Siemens radiomics prototype semiautomatically. In the second step, 3,344 features 
including first order features, shape related features and texture features were extracted in the software after imaging pre-processing. The 
random forest (RF) algorithm was applied in the next step to construct the model in the training group, then validate in the testing group
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of the models. SPSS version 25.0 (IBM Corporation, 
Armonk, NY, USA) was used for analysis and the radiomics 
models were built using the authors’ in-house software 
programmed with the Python Scikit-learn package (Python 
version 3.7, Scikit-learn version 0.21, http://scikit-learn.
org/).Quantitative data subject to normal distribution are 
expressed as mean ± standard deviation. An independent 
sample t test was used for comparisons between the two 
groups. Qualitative data are expressed as number of cases 
and percentage [n (%)]. The chi-squared test was used 
for comparisons between the two groups. When the chi-
squared test was not met, the Fisher’s exact test was used. 
Significant clinicopathological factors (P<0.05) were 
selected and combined with radiomic features for model 
establishment. The model performance was assessed using 
ROC curve, AUC, sensitivity, and specificity. Univariate and 
multivariate analyses with Cox proportional hazards (CPHs) 
regression determined the predictors of OS. Variables that 
achieved statistical significance in the univariate analysis 
were considered in the multivariate model. The Kaplan-
Meier method was used and compared by a two-sided 
log-rank tests; a two-sided P<0.05 was considered to be 
statistically significant.

Results

Patient information

Among the 174 patients [93 males (53.45%), 81 females 

(46.65%)] with lung adenocarcinoma, 109 (62.64%) 
harbored mutations and 65 (37.36%) were wild type; 44 had 
the 19DEL and 61 had the 21L858R mutation. The mean 
ages of the mutant and wild-type patients were 60.24±8.97 
and 64.21±12.08 years, respectively, and the difference 
was statistically significant (P=0.023). Compared with the 
EGFR wild type, EGFR mutations were more common 
in women 61 (75.31%) and non-smokers 82 (71.30%) 
(Table 2). Among clinical features, sex and smoking history 
demonstrated a significant association with EGFR mutation 
status. These two clinical features were, therefore, added to 
the construction of the models.

Model performance 

A total of 3,344 (including CT-derived and PET-derived) 
radiomic features combined with two clinical features 
(sex and smoking history) and four PET/CT metabolic 
parameters (MTV, SUVmax, SUVmean and TLG) 
were used to build the models. The mutant/wild model 
was trained on a set of 139 patients and validated on an 
independent test group of 35 patients. After 10-fold cross-
validation, the AUC was 0.77, with a sensitivity of 0.80 
and a specificity of 0.61 in the training group, while the 
AUC in the test group was 0.71, with a sensitivity 0.81 
and a specificity 0.57 (Figure 2A,B). The second model 
for the prediction of 19/21 mutation site was trained on a 
subset of 80 patients with EGFR mutations and tested in an 

Table1 Feature importance in RF model

Feature name Importance

CT_log-sigma-4-5-mm-3D_glszm_SmallAreaHighGrayLevelEmphasis 0.1209

CT_wavelet-HLH_glcm_Idn 0.1207

PET_wavelet-LHH_glszm_LowGrayLevelZoneEmphasis 0.1124

PET_wavelet-HHH_gldm_GrayLevelVariance 0.1060

PET_log-sigma-0-5-mm-3D_firstorder_Maximum 0.0940

PET_wavelet-HLH_firstorder_Range 0.0876

CT_wavelet-LLH_firstorder_Uniformity 0.0838

CT_logarithm_firstorder_RootMeanSquared 0.0793

CT_log-sigma-0-5-mm-3D_glrlm_LongRunEmphasis 0.0791

PET_log-sigma-0-5-mm-3D_gldm_LowGrayLevelEmphasis 0.0715

CT_wavelet-HLH_glszm_SmallAreaHighGrayLevelEmphasis 0.0447

RF, random forest.

http://scikit-learn.org/
http://scikit-learn.org/
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Table 2 Association between clinical characteristics and the EGFR status in lung adenocarcinoma

Characteristics EGFR wild-type EGFR mutant-type Total P value

Age, years 64.21±12.08 [23–85] 60.24±8.97 [37–81] 61.72±10.39 [23–85] 0.023

Sex, n (%) <0.001

Male 45 (48.39) 48 (51.61) 93 (53.45)

Female 20 (24.69) 61 (75.31) 81 (46.65)

Family history, n (%) 0.620

No 62 (37.80) 102 (62.20) 164 (94.35)

Yes 3 (30.00) 7 (70.00) 10 (5.75)

Smoking status, n (%) 0.001

No 33 (28.70) 82 (71.30) 115 (66.09)

Yes 32 (54.24) 27 (45.76) 59 (33.91)

Lymph node metastasis, n (%) 0.102

No 23 (46.94) 26 (53.06) 49 (28.16)

Yes 42 (33.60) 83 (66.40) 125 (71.84)

Distant metastasis, n (%) 0.076

No 27 (46.55) 31 (53.45) 58 (33.33)

Yes 38 (32.76) 78 (67.24) 116 (66.67)

Stage, n (%) 0.102 

I/II 13 (52.00) 12 (48.00) 25 (14.37)

III/IV 52 (34.90) 97 (65.10) 149 (85.63)

CEA, n (%) 0.136 

<5.05 35 (43.21) 46 (56.79) 81 (46.55)

≥5.05 30 (32.26) 63 (67.74) 93 (53.45)

Size, n (%) 0.748 

<3 cm 27 (36.00) 48 (64.00) 75 (43.10)

≥3 cm 38 (38.38) 61 (61.62) 99 (56.90)

Site, n (%) 0.049 

Left upper lobe 16 (34.78) 30 (65.22) 46 (26.44)

Left lower lobe 19 (61.29) 12 (38.71) 31 (17.82)

Right upper lobe 18 (32.14) 38 (67.86) 56 (32.18)

Right middle 
lobe

2 (22.22) 7 (77.78) 9 (5.17)

Right lower lobe 10 (31.25) 22 (68.75) 32 (18.39)

EGFR, epidermal growth factor receptor; CEA, carcinoembryonic antigen.
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independent subset of 25 patients. The performance of the 
second model demonstrated an AUC of 0.82, a sensitivity of 
0.67 and a specificity of 0.85 in the training cohort, and an 
AUC of 0.73, a sensitivity of 0.88 and specificity of 0.58 in 
the test cohort (Figure 2C,D).

Predictors of survival

The median survival time for the 174 patients was 34.00 
months [interquartile range (IQR), 18.00–45.00 months]. 
In total, 104 patients died during follow-up, 7 were lost 
to follow-up, and 63 were alive at the end of follow-up. 

The 1- and 5-year OS rates were 89.66% and 13.22%, 
respectively. R-score, family history, smoking status, lymph 
node metastasis, mutation status, TLG, MTV, and stage 
were assessed as survival predictors using multivariate Cox 
regression. Results revealed that R-score (OR 2.71; 95% CI, 
1.90–3.91), family history (OR 0.98; 95% CI, 0.39–2.44), 
smoking status (OR 1.21; 95% CI, 0.73–2.01), lymph node 
metastasis (OR 2.47; 95% CI, 1.28–4.78), mutation status 
(OR 0.51; 95% CI, 0.35–0.76), MTV (OR 1.72; 95% CI, 
1.09–2.73), and SUVmax (OR 1.17; 95% CI, 1.07–1.28) 
were independent predictors of OS. R-scores combined 
with Cox proportional hazard (CPH) demonstrated a good 
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Figure 2 The predictive performance of models. (A) AUC of the first model to predict EGFR mutant/wild status in the training group is 
0.77, sensitivity 0.80, specificity 0.61; (B) AUC of the first model in the independent validation group is 0.71, sensitivity 0.81, specificity 0.57; 
(C) AUC of the second model to predict EGFR mutation site (19/21) in the training group, sensitivity 0.67, specificity 0.85; (D) AUC of the 
second model in the validation group, sensitivity 0.88, specificity 0.58. EGFR, epidermal growth factor receptor.
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predictive survival performance, with a C-index of 0.757.
Among those with EGFR  mutations, 65 patients 

underwent targeted therapy and 33 underwent chemotherapy. 
The mean survival time was 40.72 months and the median 
survival time of targeted therapy was 38.00 months  
(IQR, 29.00–46.50 months). For chemotherapy, the mean 
survival time was 30.55 months and the median survival 
time was 31.00 months (IQR, 13.00–42.50 months). 
The prognosis for targeted therapy was better than for 
chemotherapy. There was a significant difference in survival 
time between targeted therapy and chemotherapy for 
patients with EGFR mutations (P=0.03). Survival curves for 
both treatments are presented in Figure 3. 

Twenty-nine patients with 19DEL and 36 with 21L858R 
mutations underwent targeted therapy. The mean and 
median survival times for 19DEL were 42.69 months and 
40.00 months (IQR, 29.50–52.00 months), respectively. The 
mean and median survival times for 21L858R were 39.11 
and 37.00 months (IQR, 26.00–45.00 months), respectively. 
There was no significant difference in survival time between 
those with 19DEL and 21L858R mutations for targeted 
therapy (P=0.40). Survival curves for both mutation sites are 
presented in Figure 4.

Thirty- three patients with EGFR mutations and 51 
with wild-type EGFR underwent chemotherapy. The 
mean and median survival times for EGFR mutations were  
45.36 and 42.00 months (IQR, 36.00–50.00 months), 
respectively. The mean and median survival times for EGFR 
wild-type were 53.91 and 59.00 months (IQR, 34.00–67.00 
months), respectively. There was no significant difference 
in survival time between those with EGFR mutations and 
EGFR wild type after chemotherapy (P=0.30). Survival 
curves for both mutations are presented in Figure 5.

Discussion 

Radiomics has recently emerged as a new method of 
quantitative image analysis by extracting large numbers of 
high-dimensional image features. Compared with tissue 
biopsy, radiomics is non-invasive, rapid, low-cost, and 
easy to perform (26,27). Moreover, radiomics can provide 
complementary information for lesions with intratumor 
heterogeneity. With advances in precision medicine, 
treatment planning can be improved by adding tumor 
phenotype information acquired from medical imaging in 
the future (28,29). Therefore, the purpose of our study was 
to investigate whether radiomics features from (18F)-FDG 

Figure 3 Survival curve of targeted therapy and chemotherapy 
in patients with EGFR mutation. Kaplan-Meier survival analysis 
of the patients with EGFR mutation in the targeted therapy and 
chemotherapy groups. The patients with EGFR mutation were 
stratified into targeted therapy and chemotherapy groups based on 
their treatment method (P=0.03, log-rank test). EGFR, epidermal 
growth factor receptor.

Figure 4 Survival curve of targeted therapy in patients with 19DEL 
and 21L858R mutation. Kaplan-Meier survival analysis of the patients 
with 19DEL and 21L858R mutation in the targeted therapy. The 
patients were stratified into 19DEL and 21L858R mutation groups 
based on their mutation sites (P=0.40, log-rank test).

Figure 5 Survival curve of chemotherapy in patients with EGFR 
mutation and EGFR wild. Kaplan-Meier survival analysis of the 
patients with EGFR mutation and EGFR wild in the chemotherapy 
(P=0.30, log-rank test). EGFR, epidermal growth factor receptor.
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PET/CT in patients with lung adenocarcinoma combined 
with clinical data can predict EGFR mutation status and the 
EGFR mutation site in exons 19DEL and 21L858R. The 
third model was then developed using the combination 
of R-scores and 5 clinicopathological factors to build the 
multivariate CPH model to predict OS, aiming to provide a 
reference for individualized molecular targeted therapy.

Although several studies have attempted to build a CT 
imaging-based model to predict EGFR mutation status in 
patients with lung adenocarcinoma, few have investigated 
the performance of the models based on PET/CT imaging 
features. Lv et al. (25) performed multivariate logistic 
regression analysis on PET/CT metabolic parameters 
and clinical data to predict EGFR mutation status. They 
reported an AUC of 0.557 when using metabolic parameters 
alone, but an AUC of 0.697 after combination with clinical 
data. However, there were no radiomic features analyzed 
in the study, moreover, their results were not tested in an 
independent group and accuracy may have been reduced 
if new samples were different from those in the training 
group. Our study revealed an AUC of 0.77 in the training 
group and 0.71 in further validation in the test group to 
predict EGFR mutation status. This was slightly more 
favorable than in previous studies, and may contribute to 
combining radiomic features of PET and CT imaging, 
and implementing a cross-validation approach and our 
RF classifier, which has been proposed in several previous 
studies to achieve better model performance (30,31). 
Moreover, the clinical features of sex and smoking history 
were selected to construct the models, which was consistent 
with previous studies (32,33). Combining clinical features 
may improve model performance, and has been confirmed 
in several studies (34,35). 

In addition, our study built a second model to predict 
mutations between 19DEL and 21L858R sites using 
an RF algorithm. Patients with different mutation sites 
exhibit different response rates to EGFR-TKI therapy 
and, thus, outcomes are influenced. However, to the best 
of our knowledge, very few investigations have focused 
on the identification of the EGFR mutation site. Mei  
et al. (36) investigated whether radiomic features can be 
surrogate biomarkers for EGFR mutation status between 
the 19DEL and 21L858R sites using logistic regression. 
The analysis yielded AUCs for combining clinical and 
radiomic features to predict 19DEL mutation, 21L858R 
mutation and EGFR mutation of 0.655, 0.675, and 0.664, 
respectively. However, independent testing was not applied 
to evaluate the performance of the model, and no PET/CT  

imaging-related studies have, to our knowledge, not 
been performed. Our second radiomics model to predict 
mutation at the 19DEL and 21L858R sites achieved better 
predictive performance, with an AUC of 0.73 (sensitivity, 
0.88; specificity, 0.58; accuracy, 0.70) for validation in the 
test group. However, the diagnostic power of the radiomics 
approach for mutation site prediction is still not sufficiently 
reliable for clinical use and, therefore, further study is 
needed.

Our study also developed a CPH model by combining 
R-scores with five clinicopathological factors for prediction 
of OS. R-scores combined with CPH were found to provide 
good prediction of survival, with a C-index of 0.757. EGFR 
mutation status and MTV were independent predictors 
of OS, the results of mutation status analysis revealed an 
OR of 0.51, which suggests that EGFR mutation status is 
closely related to prognosis. As a parameter that reflects 
the metabolic load of the whole body of the tumor, MTV 
can stratify patients more effectively than other metabolic 
parameters in order to conduct accurate prognosis 
evaluation. Our study revealed as OR for MTV of 1.72, 
indicating that MTV is also an important prognostic factor 
for patients with NSCLC. This is consistent with previous 
studies (37,38).

Our results demonstrated that radiomic features not only 
had the potential ability to predict EGFR mutation status 
and mutation site, but also indicated the prognosis of lung 
adenocarcinoma. In addition, the survival analysis revealed 
that the prognosis of targeted therapy was better than 
chemotherapy in patients with EGFR mutation(s), which 
was consistent with previous reference reports (9,39-41).  
The mean survival time of targeted therapy for 19DEL and 
21L858R mutations was revealed to be not significantly 
different, however, the 19DEL survival rate was greater 
than that for 21L858R, referring to the long-term survival 
time (after 80 months). Although this can be explained by the 
small sample size, the higher survival rate of 19DEL after  
80 months could still imply better prognosis for 19DEL than 
21L858R, which agrees with the study by Yang et al. (42).  
The mean survival time after chemotherapy for EGFR 
mutant and EGFR wild-type demonstrated no statistically 
significant difference. This indicated that patient survival 
time was primarily related to the treatment method, and 
had little to do with EGFR mutation status.

Regarding strengths of our study, our findings not 
only predicted EGFR mutation status, but also predicted 
mutation at the 19DEL and 21L858R sites, which has 
rarely been reported. Furthermore, the effects of different 
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treatment methods on OS of patients with EGFR mutations 
were further analyzed, which could provide a reference 
for individualized molecular targeted therapy and provide 
a good foundation for clinical application(s) of radiomics. 
Second, all cases in the present study underwent imaging 
using the same PET/CT instrument and a standardized 
protocol, which avoided the heterogeneity of image acquisition 
from different scans and reconstruction parameters, thus 
leading to more stable and reliable results. Moreover, semi-
automatic segmentation tools were implemented in our 
radiomics research prototype; therefore, individual differences 
in manual drawing were minimized. Third, repeated cross-
validation was used for training to reduce biased estimation, 
and testing was performed in an independent group to 
evaluate the performance of our model. As such, our models 
are more robust and reliable. However, our study also had 
several limitations, the first of which were its retrospective 
design and the possibility of some selection bias in patient 
selection. Secondly, the sample size was small, and patients 
with mutations in exons 18 and 20 were not included 
because of small populations. Thirdly, our study with no 
external validation, which may led to generalization capacity 
of model was not so well. In future studies, we will expand 
the sample size to investigate other genetic mutations and 
conduct multicenter study

Conclusions

Radiomic features from (18F)-FDG PET/CT in patients 
with lung adenocarcinoma combined with clinical factors 
demonstrated moderate classification performance in 
predicting EGFR mutate status and prognosis. Therefore, it 
may provide reference for personalized molecular targeted 
therapy.
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