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[ Abstract ] Background and objective Lung cancer is one of the most common malignant tumors worldwide and
a major cause of cancer-related deaths. Early-stage lung cancer is often manifested as pulmonary nodules, and accurate assess-
ment of the malignancy risk is crucial for prolonging survival and avoiding overtreatment. This study aims to construct a model
based on image feature parameters automatically extracted by artificial intelligence (AI) to evaluate its effectiveness in predict-
ing the malignancy of part-solid nodule (PSN). Methods This retrospective study analyzed 229 PSN from 222 patients who
underwent pulmonary nodule resection at Lanzhou University Second Hospital between October 2020 and February 2025.
According to pathological results, 45 cases of benign lesions and precursor glandular lesion were categorized into the non-
malignant group, and 184 cases of pulmonary malignancies were categorized into the malignant group. All patients underwent
preoperative chest computed tomography (CT), and Al software was used to extract imaging feature parameters. Univariate
analysis was used to screen significant variables; variance inflation factor (VIF) was calculated to exclude highly collinear vari-
ables, and LASSO regression was further applied to identify key features. Multivariate Logistic regression was used to determine
independent risk factors. Based on the selected variables, five models were constructed: Logistic regression, random forest,
XGBoost, LightGBM, and support vector machine (SVM). Receiver operating characteristic (ROC) curves were used to assess
the performance of the models. Results The independent risk factors for the malignancy of PSN include roughness (ngtdm),

dependence variance (gldm), and short run low gray-level emphasis (glrlm). Logistic regression achieved area under the curves
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(AUCs) of 0.86 and 0.89 in the training and testing sets, respectively, showing good performance. XGBoost had AUCs of 0.78

and 0.77, respectively, demonstrating relatively balanced performance, but with lower accuracy. SVM showed an AUC of 0.93

in the training set, which decreased to 0.80 in the testing set, indicating overfitting. LightGBM performed excellently in the

training set with an AUC of 0.94, but its performance declined in the testing set, with an AUC of 0.88. In contrast, random for-

est demonstrated stable performance in both the training and testing sets, with AUCs of 0.89 and 0.91, respectively, exhibiting

high stability and excellent generalizability. Conclusion The random forest model constructed based on independent risk fac-

tors demonstrated the best performance in predicting the malignancy of PSN and could provide effective auxiliary predictions

for clinicians, supporting individualized treatment decisions.
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Fig 1 The PSN automatically identified by the artificial intelligence system and the corresponding pathology. Non-malignant group: A, B: Sclerosing
hemangioma (Fig 1B, HE, X200); C, D: Tuberculoma (Fig 1D, HE, X200). Malignant group: E, F: Moderately differentiated adenocarcinoma (Fig 1F, HE, X200);

G, H: minimally invasive adenocarcinoma (Fig TH, HE, X200). PSN: part-solid nodule; HE: hematoxylin-eosin.
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Tab 1 General clinical data of the two groups

Variable Non-malignant Malignant P
group (n=45) group (n=184)
Age (Mean=SD) (yr) 52.961+10.63 58.241+8.84 <0.01
Gender 0.36
Female 27 (60.0%) 126 (68.5%)
Male 18 (40.0%) 58 (31.5%)
Lesion location <0.01
Right upper lobe 10 (22.2%) 68 (37.0%)
Right middle lobe 4(8.9%) 15 (8.2%)
Right lower lobe 19 (42.2%) 29 (15.8%)
Left upper lobe 8(17.8%) 53 (28.8%)
Left lower lobe 4 (8.9%) 19 (10.3%)
Bronchial truncation sign <0.01
No 43 (95.6%) 112 (60.9%)
Yes 2 (4.4%) 72 (39.1%)
Irregular 0.01
No 37(82.2%) 113 (61.4%)
Yes 8(17.8%) 71 (38.6%)
Pleural retraction 0.03
No 44 (97.8%) 160 (87.0%)
Yes 1(2.2%) 24 (13.0%)
CTR 0.50(0.37,0.69)  0.53(0.40, 0.66) 0.58

CTR: consolidation tumor ratio.
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Tab 2 Imaging features parameters of the two groups
Variable Non-malignant group (n=45) Malignant group (n=184) P
Long axis 10.00 (8.00, 16.50) 18.50 (14.00, 24.00) <0.01
Short axis 7.50 (6.00, 11.75) 14.00 (10.00, 18.00) <0.01
Run entropy (glrlm) 2.90+0.40 3.20%+0.30 <0.01
Large dependence high (gldm) 298.50£63.60 354.30+62.20 <0.01
Total volume 442.41 (331.19, 1084.21) 2057.18 (954.98, 3534.99) <0.01
Total mass 243.35 (144.62, 600.25) 944.30 (448.80, 2022.02) <0.01
CT max value 240.00 (58.75, 320.75) 340.50 (236.25, 445.25) <0.01
CT min value -1009.50 (-1024.00, -923.75) -1024.00 (-1024.00, -1024.00) <0.01
Maximum 2D area 54.06 (36.19, 143.02) 182.57 (107.76, 284.75) <0.01
Surface area 281.14 (204.24, 568.10) 744.38 (483.52, 1253.30) <0.01
Energy 4,70X10" (2.50%10™, 5.65%10") 1.20x10" (3.58% 10", 5.50%10%) <0.01
CT value variance 51,882.80 (44,578.28, 77,737.33) 68,420.45 (53,669.15, 87,611.08) <0.01
3D long axis 13.22(10.58, 19.21) 21.23(16.41,27.71) <0.01
Compactness 0.51 (0.42, 0.66) 0.64 (0.54,0.78) <0.01
Average of long and short axes 9.00 (7.00, 14.50) 17.00 (13.00, 21.00) <0.01
Entropy 8.46 (7.95,9.11) 9.44 (9.04, 9.75) <0.01
Busyness (ngtdm) 22.76 (13.78, 123.68) 143.76 (74.61, 330.72) <0.01
Large area low gray level emphasis (glrim) 6687.89 (2887.13, 159,500.98) 220,795.34 (63,866.97, 716,401.87) <0.01
Short-axis length (shape) 8.98 (7.86, 12.14) 14.91 (10.94, 18.58) <0.01
Large area high gray level emphasis (glrlm) 9.72%10*(4.23%10% 9.95%10%) 1.96X10° (5.38%10°%, 6.21X10°) <0.01
Roughness (ngtdm) 0.02 (0.00, 0.03) 0.00 (0.00, 0.01) <0.01
Gray level non-uniformity 1 (glrlm) 121.18 (80.81, 335.73) 449.06 (259.56, 899.15) <0.01
Large dependence high gray level emphasis (gldm) 1064.29 (854.51, 1243.10) 1316.97 (1125.39, 1478.45) <0.01
Long run high gray level emphasis (glrim) 32.00 (25.29, 46.87) 50.60 (39.79, 69.02) <0.01
Maximum 2D diameter (Column) (shape) 13.86 (10.96, 19.40) 19.48 (15.83, 25.84) <0.01
Minor axis length (shape) 6.99 (5.59, 8.26) 11.16 (9.12, 14.37) <0.01
Strength (ngtdm) 0.02 (0.00, 0.03) 0.00(0.00, 0.01) <0.01
Maximum 2D diameter (Row) (shape) 13.43 (10.59, 18.43) 19.59 (15.87, 25.68) <0.01
Small dependence high gray level emphasis (gldm) 0.03 (0.02, 0.04) 0.02 (0.02, 0.02) <0.01
Surface area to volume ratio (shape) 0.83(0.70, 0.94) 0.52(0.43, 0.66) <0.01
Long axis length (shape) 12.58(10.10, 17.80) 18.49 (14.71, 24.21) <0.01
Long run low gray level emphasis (glrim) 3.42(2.62,4.49) 5.15 (4.04, 6.79) <0.01
Voxel volume (shape) 442.92 (331.19, 1083.46) 2057.33 (955.59, 3533.20) <0.01
Maximum 2D diameter-slice (shape) 11.69 (9.81, 18.19) 20.20(15.19, 26.21) <0.01
Large area emphasis (glrim) 24,813.78 (10,727.11, 326,569.25) 572,389.70 (152,641.21, 1,808,619.19) <0.01
Short run high gray level emphasis (glrim) 1.10(1.01, 1.22) 0.97 (0.89, 1.06) <0.01
Gray level non-uniformity normalized 1 (glrlm) 0.51(0.50, 0.53) 0.51(0.50,0.51) <0.01
Small dependence emphasis (gldm) 0.02 (0.01, 0.03) 0.01 (0.01,0.01) <0.01
Grid volume (shape) 432.02 (322.61, 1064.50) 2042.05 (941.06, 3507.52) <0.01
High gray level run emphasis (glrim) 2.63(2.44,2.86) 2.41(2.34,2.54) <0.01
Low gray level run emphasis (glrim) 0.59 (0.53, 0.64) 0.65 (0.62, 0.67) <0.01
Total energy (firstorder) 756.57 (521.06, 1423.30) 2540.36 (1203.25, 5404.73) <0.01
Dependence non-uniformity (gldm) 26.96 (15.20, 79.27) 134.89 (63.66, 325.24) <0.01
Gray level non-uniformity (gldm) 372.38(214.59, 863.23) 1357.42 (752.07, 2951.51) <0.01
Large dependence low gray level emphasis (gldm) 94.17 (77.42,119.92) 114.23 (101.00, 131.41) <0.01
Run length non-uniformity (glrim) 61.73 (47.08, 198.26) 240.12 (149.93, 464.43) <0.01
Area percentage (glrim) 0.01 (0.00, 0.03) 0.00 (0.00, 0.01) <0.01
Run percentage (glrlm) 0.44 (0.36, 0.49) 0.37(0.33, 0.40) <0.01
Area variance (glrlm) 19,969.55 (8348.81, 65,333.72) 328,919.88 (76,313.77, 1,262,906.12) <0.01
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Tab 2 Imaging features parameters of the two groups (continued)
Variable Non-malignant group (n=45) Malignant group (n=184) P
Gray level variance 2 (glrim) 0.24(0.23,0.25) 0.25(0.24,0.25) <0.01
Long run emphasis (glrim) 9.25(7.21,13.03) 14.21 (11.60, 19.50) <0.01
Run variance (glrim) 3.17 (2.33,4.77) 6.29 (4.40,9.42) <0.01
Inverse maximum correlation (glcm) -0.06 (-0.12,-0.03) -0.08 (-0.12, -0.05) 0.04
Run length non-uniformity normalized (glrlm) 0.29%+0.06 0.27£0.04 0.04
Small area low gray level emphasis (glrim) 0.31(0.16, 0.41) 0.37 (0.23,0.49) 0.04
Inverse maximum correlation 2 (glcm) 0.26 (0.17,0.43) 0.32(0.26, 0.40) 0.04
Maximum correlation coefficient (glcm) 0.23(0.16,0.38) 0.29 (0.24, 0.37) 0.03
Correlation (glcm) 0.23(0.12,0.38) 0.29(0.24,0.37) 0.01
Small dependence low gray level emphasis (gldm) 0.01 (0.01, 0.02) 0.01 (0.01, 0.01) <0.01
Dependence variance (gldm) 46.48 (40.05, 52.16) 49.65 (43.97,56.11) 0.01
Short run low gray level emphasis (glrim) 0.38(0.34,0.42) 0.41 (0.38, 0.43) 0.01
Dependence non-uniformity normalized (gldm) 0.05 (0.05, 0.05) 0.05 (0.05, 0.07) <0.01
Sphericity 0.81%0.11 0.86%0.08 <0.01
Cluster shade (glcm) -0.26 (-0.32,-0.20) -0.32(-0.36,-0.27) <0.01

Due to the large number of variables, only the significant variables with P<0.05 are retained Tab 2. The letters in parentheses in Tab 2 represent feature

categories, not abbreviations. CT: computed tompgraphy.
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Tab 3 Univariate and multivariate Logistic regression

Variable Univariate Logistic regression Multivariable Logistic regression
B OR (95%Cl) z P B OR (95%Cl) V4 P

Age 0.06 1.06 (1.02-1.10) 3.26 <0.01 0.03 1.03 (0.99-1.08) 1.33 0.18
Short axis 0.20 1.23(1.13-1.33) 4.75 <0.01 0.05 1.05 (0.93-1.19) 0.80 0.42
CT min value -0.02 0.99 (0.98-0.99) -4.39 <0.01 -0.01 0.99 (0.98-1.00) -1.40 0.16
Roughness (ngtdm) -84.60 0.00 (0.00-0.00) -5.38 <0.01 -53.56  0.00(0.00-0.63) -1.98 0.04
Dependence variance (gldm) 0.05 1.05(1.01-1.09) 271 <0.01 0.08 1.09 (1.02-1.16) 2.63 <0.01
Dependence non-uniformity normalized (gldm)* 0.42 1.53 (1.14-2.06) 1.72 <0.01 0.42 1.52 (0.94-2.45) 1.72 0.08
Short run high gray level emphasis (glrim) -5.67 0.00 (0.00-0.04) -4.73 <0.01 -1.16 0.31(0.01-10.92) -0.64 0.52
Small area low gray level emphasis (glrIm)* 1.96 7.08 (1.19-42.00) 2.15 <0.01 0.03 1.03 (1.00-1.06) 1.88 0.06
Short run low gray level emphasis (glrim)* 0.1 1.12 (1.04-1.20) 3.05 <0.01 0.14 1.15(1.02-1.29) 2.35 0.01
Cluster shade (glcm)* -3.83 0.02 (0.00-0.39) -2.60 <0.01 0.03 1.03 (0.99-1.08) 1.50 0.13
Bronchial truncation sign 0.20 1.22(0.60-2.49) 0.55 0.58

Irregular -0.30 0.74 (0.38-1.45) -0.86 0.38

Pleural retraction 0.64 1.90 (0.54-6.66) 1.00 0.31

Correlation (glcm) 3.09 21.87 (1.11-430.76) 2.03 0.04

CT max value 0.01 1.01 (1.01-1.01) 2.36 0.01

CT value variance 0.01 1.01 (1.01-1.01) 294 <0.01

Gray level non-uniformity normalized 1 (glrlm) -28.70 0.00 (0.00-0.00) -3.72 <0.01

Dependence non-uniformity (gldm) 0.01 1.01 (1.01-1.01) 2.52 0.01

Small dependence low gray level emphasis (gldm)  -82.62 0.00 (0.00-0.00) -3.56 <0.01

*indicates that the variable has been magnified by a factor of 100. OR: odds ratio.
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Tab 4 Comparison of the predictive efficacy of five models
Model AUC 95%Cl P Cut-off value Sensitivity Specificity ~ Accuracy Precision
Logisticregression Training set 0.86 0.79-0.92 0.62 0.78 0.76 0.85 0.78 0.95
Testing set 0.89 0.78-1.00 0.78 0.91 0.75 0.88 0.93
XGBoost Training set 0.78 0.71-0.86 0.84 0.79 0.78 0.67 0.75 0.91
Testing set 0.77 0.65-0.90 0.79 0.78 0.67 0.79 0.91
SVM Training set 0.93 0.90-0.96 0.11 0.80 0.86 0.91 0.82 0.91
Testing set 0.80 0.67-0.95 0.80 0.80 0.67 0.83 0.90
LightGBM Training set 0.94 0.91-0.97 0.23 0.82 0.79 0.99 0.83 0.99
Testing set 0.88 0.77-0.98 0.82 0.76 0.75 0.76 0.92
Random forest Training set 0.89 0.83-0.94 0.67 0.88 0.82 0.85 0.82 0.96
Testing set 0.91 0.82-0.99 0.88 0.85 0.75 0.83 0.93

The model uses a 0.75 and 0.25 split for the training set and testing set. The training set undergoes 10-fold cross-validation, and grid search is used to

determine the best parameters. AUC: area under the curve.
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