BEXRERKFFIR 2024 £5 49 5% 4 #3 (Journal of Chongging Medical University 2024.Vol.49 No.4 ) — 493 —

UEWESE  DOI:10.13406/).cnki.cyxh.003467
PLES 2T &5 5 CT A AL hiil 2 OB R Hd 385 55 M e Pk 1 Pr

FELE OERLA L3 LA L EERFL AKRE!
(LERERCFEMIR S ZERE R, mR 401120525 K ERRCFMHE S = E RN bR, R 401120)

(7 ZE]EBRVPLESE IS5 6 CT AR =R IE R AR A F 2 AR PR (type 2 diabetes mellitus, T2DM ) 25 2 HE 1A i P 5
PrruEmbE . 75 3% « [UBRPE O 140 4] GEr A MEAIEE B 3T A T2DM FE3% 70 491, %) BEZH 70 1)) 3 CT UG FIG R TR, 55 i
18 51 CHEAR M- 15-47 1) T2DM B35 16 4], 5 B ZH 2 f81)) £ A A YR CT MR AN R ERME SR EGTESE . 1 H B R 50 HT  Pear-
son FH 3T e/ NI UAR B KAH DG BE SR . 5C logistic [91 5 3B Rl R/ IN 28 X6 AU L 3R B30T R B G 18 1) SR AR AIE . B T3
B bl 22BN gs AR 1 4R T (eXtreme Gradient Boosting , XGBoost) M HE TR . 137 132338 3 TAR4RAE i 28 1 A1
(area under the curve, AUC) X BAURL BEHEATITAL o S5 5R « BRI 09 CT BUR PR IUT 1 037 AN AR A 2 - 1L , SR G G 1T hy
LA AU SARE . 17 AN PRAFAE At AR 3 IR BTREOR TR AS R ry s~ R 3R o Forp XGBoost 7328 R IS, I 2R AR
XGBoost B [ AUC 4351 9 1.000,0.929 . 1.000; M4 H 7351 49 0.954 .0.862.0.969., Z518 : FE T IR M S AR L4 A5 AR 1 Y
XGBoost 5 H AT A 4 F0I T2DM A8 5 HER e P15 47 i — FhOC QI MR B TR

[ SR AR A5 s HLAS 2 T 5 2 BUBH PRI s ek B4 5 THEEALIR 2 AL

[hE S 2S5 ]R319; R587;R814.42 [x#rtrErE]A [We#s B #712024-02-01

Machine learning combined with computed tomography radiomics in

predicting vertebral fragility fractures in patients with type 2 diabetes mellitus
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(1. Department of Radiology , The Third Affiliated Hospital of Chongqing Medical University ;
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[ Abstract] Objective : To investigate the accuracy of a model established based on machine learning and computed tomography (CT)
radiomics features in predicting vertebral fragility fractures in patients with type 2 diabetes mellitus(T2DM ). Methods : A retrospective
analysis was performed for the CT images and clinical data of 140 patients, among whom there were 70 T2DM patients with newly diag-
nosed vertebral fragility fractures and 70 patients in the control group. The previous CT images and clinical data of 18 patients (16
T2DM patients with vertebral fragility fractures and 2 patients in the control group) were collected as an external validation set. The
optimal features were screened by the univariate analysis, the Pearson correlation analysis, minimum redundancy maximum relevance
algorithm, the binary logistic regression analysis, and the least absolute shrinkage and selection operator regression model , and then a
predictive model was constructed by support vector machine , multi-layer perceptron, and eXtreme gradient boosting (XGBoost) classi-
fiers. The area under the ROC curve (AUC) was used to evaluate the predictive performance of the model. Resulfs : A total of 1 037
radiomics features were extracted from the CT images of each patient and were then simplified into 14 radiomics features. Among the
17 clinical features, sex, age , and body mass index were independent factors for predicting outcome. XGBoost classifier showed the best

performance, and the XGBoost model showed an AUC of 1.000, 0.929, and 1.000, respectively, in the training set and an AUC of

0.954,0.862, and 0.969, respectively, in the test set. Conclusion :
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