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images combined with clinical and radiomics features for epidermal growth factor receptor (EGFR) mutations
in non-small cell lung cancer (NSCLC). Methods This case-control study retrospectively analyzed clinical
and imaging data of 1 070 NSCLC patients from radiology departments at three hospitals (January 2013 to
October 2023). Patients were divided into: a training set (n=502) and internal validation set (n=217) via 7 : 3
randomization of 719 cases from the First Affiliated Hospital of Army Medical University; external validation
set 1 (n=173) from General Hospital of Eastern Theater Command; external validation set 2 (n=178) from
Daping Hospital of Army Medical University. Deep learning features were extracted using a 2.5D
convolutional neural network (CNN) with ResNet101 backbone, radiomics features were derived from CT
images, and clinical risk factors were identified to construct models. An integrated model combined deep
learning, clinical, and radiomics features. All four models were developed using random forest (RF)
classifiers. Calibration curves assessed goodness-of-fit, and decision curve analysis (DCA) evaluated clinical
utility. Results The deep learning model achieved AUCs of 0. 833 7 (95%CI: 0. 770 6~0. 884 7), 0. 815 1
(0. 741 6~0.882 8), and 0.810 1 (0.745 2~0.873 6) in the internal and two external validation sets,
respectively. Clinical models yielded AUCs of 0. 731 0 (0. 660 2~0. 802 1), 0. 746 0 (0. 666 4~0. 824 9), and
0. 8134 (0. 743 1~0. 883 6); radiomics models showed AUCs of 0. 762 4 (0. 692 4~0. 825 1), 0. 7454 (0. 671 1~
0.814 3), and 0. 724 7 (0. 639 7~0. 801 6). The integrated model demonstrated optimal performance with
AUCs of 0.905 5 (0. 857 0~0. 945 4), 0. 832 7 (0. 763 3~0. 896 4), and 0. 839 0 (0. 834 4~0. 934 3). DCA
indicated significant net benefit for EGFR prediction at threshold probabilities of 0. 15~0. 85 using the
integrated model. Conclusion Deep learning features from CT images effectively predict EGFR mutation

status in NSCLC. The integrated model combining deep learning, clinical, and radiomics features further
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enhances predictive performance.
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From January 2013 to June 2023, pathological
examination at the First Affiliated Hospital of Army
Medical University confirmed NSCLC, and EGFR
gene sequencing results were available (n=1219)

Theater

From September 2013 to October 2019,
pathological examination at the Easten
General
NSCLC, with EGFR gene sequencing
results were available (n=361)

From January 2020 to October 2023,
pathological examination at the Army
Characteristic  Medical Center confirmed
NSCLC, and EGFR gene sequencing results
were available (n=377)

Hospital  confirmed
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4.n=87 tumors. 4.n=31 4.n=21
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Figure 1 Patient enrollment flow chart
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Table 1 CT scanning parameters and image reconstruction parameters in multi-center hospitals
Hospital Tnst ; Tube voltage Tube current Pitch Rotation Degree of Matri Convolution  Layer thickness  Interlayer
ospria fistramen /kV /mA e time/s  collimation/mm i kernel /mm spacing/mm
SIEMENS Force 120 automatic 1.200 0.50 192x0. 600 512512 Br39 1. 000~3.000 1.000~3. 000
. - SIEMENS Flash 100 automatic 1. 500 0.50 128x0. 600 512%x512 B8Of 1. 000~3.000 1.000~3. 000
The First Affiliated
Hospital of Army SIEMENS Emotion 110 automatic 1.500 0. 60 16x1. 200 512%x512 B90s 1.500~3. 000 1.500~3. 000
Medical University X
SIEMENS AS 120 automatic 1. 200 0.50 128x0. 600 512x512 170f 1.000~3. 000 1. 000~3. 000
GE Optima 120 automatic 0.984 0.50 64%0. 625 512x512 standard 1.250~3.000 1.250-3. 000
SIEMENS Perspective 130 automatic 1. 200 0. 60 64x0. 600 512x512 1508 1. 000~3.000 1.000~3. 000
Eastern Theater SIEMENS Flash 100 automatic  1.200  0.50 128%0. 600  512x512 L50f 1.000~3.000  1.000~3. 000
General Hospital
United-imaging UCT 760 120 automatic 1.088 0.50 128x0. 625 512x512  B_SHARP_C 1.000~3.000 1.000~3. 000
The Daping Hospital ~ GE LightSpeed 100 175 0.984 0.50 64%0. 625 512512 standard 0.625~3.000 0.625~3. 000
of Army Medical
University PHILIPS Brilliance 100 150 0.763 0.33 128x0. 600 512x512 standard 0. 600~3. 000 0. 600~3. 000
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Table 2 Clinical characteristics of 1 070 patients with NSCLC[n(%) ]

Training set

Internal validation

External validation set 1 External validation set 2

Characteristics (n=502) P (n=217) P (n=173) P (n=178) P
Wild-type ~ Mutant Wild-type ~ Mutant Wild-type ~ Mutant Wild-type ~ Mutant
Gender <0. 001 <0. 001 <0. 001 <0. 001
Female 66 (36.3) 199 (62.2) 25(32.1) 84(60.4) 19(35.2)  78(65.5) 9(14.8) 76(65.0)
Male 116 (63.7) 121 (37.8) 53(67.9) 55(39.6) 35(64.8) 41(34.5) 52(85.2) 41(35.0)
Smoking history <0. 001 <0. 001 <0. 001 <0. 001
Yes 99 (54.4) 90 (28.1) 47(60.3) 36(25.9) 26(48.1)  21(17.6) 47(77.0)  25(21.4)
No 83 (45.6) 230 (71.9) 31(39.7) 103(74.1) 28(51.9) 98(82.4) 14(23.0)  92(78.6)
CYFRA21-1/(ng/mL) 0. 002 0. 131 0. 286 0.131
>5 49(26.9) 50 (15.6) 26(33.3) 23(16.5) 26(48.1) 47(39.5) 24(39.3) 33(28.2)
<5 133 (73. 1) 270 (84. 4) 52(66.7) 116(83.5) 28(51.9)  72(60.5) 37(60.7) 84(71.8)
Pathological type <0. 001 0. 637 0. 637
Adenocarcinoma 144 (79.1) 317 (99. 1) 64(82.1) 135 (97.1) 54(100. 0) 119(100.0) 60(98.4) 116(99.1)
Squamous carcinoma 38 (20.9) 3 (0.9) 14(17.9)  4(2.9) 0(0.0) 0(0.0) 1(1.6) 1(0.9)
Clinical stage 0.025 0. 005 0.032 0. 005
I 54(29.7) 104 (32.5) 35(44.9) 52(37.4) 2(3.7) 0(0.0) 16(26.2) 35(29.9)
Il 8(4.4) 15(4.7) 6(7.7)  7(5.0) 2(3.7) 3(2.5) 3(4.9) 8(6.8)
I} 41(22.5) 39(12.2) 10 (12.8) 18(12.9) 8(14.8)  7(5.9) 23(37.7) 17 (14.5)
v 79 (43.4) 162 (50.6) 27(34.6) 62(44.6) 42 (77.8) 109 (91.6) 19(31.1) 57 (48.7)

NSCLC: non-small cell lung cancer; CYFRA21-1: cytokeratin 19 fragment.
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resnet101-sagittal-0-Feat419 ‘ <= resnet101-sagittal-0-Feat419
wavelet-LLL_glcm_Imcl L) ° wavelet-LLL_glem_Imel
resnet101-sagittal-N45-Feat351 E resnet101-sagittal-N45-Feat351
resnet101-coronal-0-Feat179 <D % resnet101-coronal-0-Feat179
resnetl01-sagittal-P45-Feat49 b resnet101-sagittal-P45-Feat49
resnet101-axial-N45-Feat198 resnet]01-axial-N45-Feat198
wavelet-LHH_glrim_LowGrayLevelRunEmphasis wavelet-LHH_glrlm_LowGrayLevelRunEmphasis
original_glszm_GrayLevelNonUniformityNormalized original_glszm_GrayLevelNonUniformityNormalized
resnet101-axial-0-Feat106 resnet]01-axial-0-Feat106
resnetl01-axial-N45-Feat179 resnet]01-axial-N45-Feat179
resnet101-sagittal-N45-Feat345 resnet101-sagittal-N45-Feat345
resnet101-coronal-0-Feat137 resnet101-coronal-0-Feat137
resnet101-axial-0-Feat143 resnet]01-axial-0-Feat143
Low
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Figure 2 SHAP value distribution diagram of the top 20 characteristics in the comprehensive model
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Figure 3 ROC curves of four models predict EGFR gene mutations in the training set (A ), internal validation set (B),

external validation set 1(C), and external validation set 2(D) respectively
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Table 3 Prediction power values of four classification models in different data sets
Data sets Model AUC(95%CI) Accuracy Sensitivity Specificity
CNN model 0.979 2(0. 968 7~0. 987 4) 0.898 4 0.8437 0.994 5
Radiomics model 0.981 4(0.970 6~0. 989 4) 0.9223 0.8937 0.9725
Training set
Clinical model 0.726 7(0. 677 4~0.767 7) 0.709 2 0.790 6 0.5659
Combined model 0.974 4(0. 962 8~0. 984 0) 0.9104 0.9187 0.8956
CNN model 0.8337(0.770 6~0. 884 7) 0.7189 0.6619 0.8205
Radiomics model 0.762 4(0. 692 4~0. 825 1) 0.705 1 0.690 6 0.7308
Internal validation set
Clinical model 0.731 0(0. 660 2~0. 802 1) 0.700 5 0.7914 0.5385
Combined model 0. 905 5(0. 857 0~0. 945 4) 0.8433 0.87717 0.7821
CNN model 0. 815 1(0. 741 6~0. 882 8) 0.664 7 0.6050 0.796 3
Radiomics model 0.745 4(0. 671 1~0. 814 3) 0.630 1 0.546 2 0.8148
External validation set 1
Clinical model 0.746 0(0. 666 4~0. 824 9) 0.7514 0.8739 0.4815
Combined model 0. 832 7(0. 763 3~0. 896 4) 0.7457 0.806 7 0.6111
CNN model 0. 810 1(0. 745 2~0. 873 6) 0.6124 0.444 4 0.934 4
Radiomics model 0. 724 7(0. 639 7~0. 801 6) 0.668 5 0.6325 0.73717
External validation set 2
Clinical model 0.8134(0.743 1~0. 883 6) 0.764 0 0.7949 0.704 9
Combined model 0. 889 0(0. 834 4~0.934 3) 0.758 4 0.709 4 0.8525

AUC: area under the curve; CNN: convolutional neural network
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Figure 4 Calibration curves of the combined model in training set (A ), internal validation set (B), external

validation set 1(C), and external validation set 2(D)
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