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Abstract: Objective To construct and validate a risk assessment model for post-transplant diabetes mellitus (PTDM) using
multiple machine learning algorithms, and to realize the early identification of PTDM. Methods A retrospective analysis was
performed for the clinical data of the patients who underwent allogeneic liver transplantation in The First Hospital of Shanxi Medical
University from April 1, 2020 to December 31, 2024, and they were randomly divided into a training set and a validation set at a
ratio of 7: 3. The LASSO regression analysis combined with 5-fold cross-validation was used for feature selection. Seven machine
learning models were developed in the training set, i.e., logistic regression (LR), decision tree (DT), Naive Bayes (NB), random

forest (RF) , K-nearest neighbor (KNN) , extreme gradient boosting (XGBoost) , and adaptive boosting (AdaBoost). In the
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validation set, various methods were used to assess the predictive performance of each model, such as accuracy, precision, recall
rate, specificity, F1 score, area under the receiver operating characteristic curve (AUROC) , and area under the precision-recall
curve (AUPRC). The Brier score and decision curve analysis were used to assess the calibration and clinical practicability of the
models, and the SHAP method was used to analyze feature importance. The independent-samples ¢ test or the Wilcoxon rank-sum
test was used for comparison of continuous data between two groups, and the chi-square test or the Fisher’s exact test was used for
comparison of categorical data between two groups. Results A total of 135 liver transplant recipients were enrolled, among whom
26 developed PTDM, and there were 94 patients in the training set and 41 in the validation set. Feature extraction and screening
identified 7 key features of sex, overweight or obesity, anhepatic phase, time of operation, length of hospital stay, early
postoperative hypomagnesemia, and impaired fasting glucose (IFG). In the validation set, the XGBoost model showed the best
predictive performance, with an AUROC of 0.907 (95% confidence interval [ CI]: 0.807—0.989), an AUPRC of 0.649 (95%CI:
0.339—0.955) , an accuracy of 0.878, a precision of 0.667, a recall rate of 0.750, an Fl-score of 0.706, a specificity of 0.909,
and a Brier score of 0.104. The decision curve analysis showed that when the threshold probability was below 0.667, application of
the XGBoost model in clinical decision-making provided relatively high net benefit. The SHAP analysis showed that the length of
hospital stay ranked first in terms of feature importance, followed by time of operation, overweight or obesity, sex, IFG, anhepatic
phase, and early postoperative hypomagnesemia. Conclusion The risk assessment model for PTDM in liver transplant recipients
based on XGBoost algorithm has excellent performance and can effectively identify high-risk individuals; however, multicenter

large-sample data are needed for further validation.
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Table 1 Comparison of baseline characteristics between patients in the PTDM and non-PTDM groups

*1 PTDMA5SIEPTDM A B H4FFELE

WiH 4 PTDM 4 (n=109) PTDM 41 (n=26) G HE P
e RICN Y=0.50 0.479
<45 % 31(28.4) 5(19.2)
>45 % 78(71.6) 21(80.8)
B (%) ] Y=1.89 0.169
3 84(77.1) 16(61.5)
5y 25(22.9) 10(38.5)
A T AR (%) Y=3.99 0.046
g 68(62.4) 10(38.5)
& 41(37.6) 16(61.5)
e IR 451 (% ) ] Y=0.08 0.784
g 93(85.3) 21(80.8)
& 16(14.7) 5(19.2)
AFTIFG (%) 1" X=9.09 0.003
g 78(83.0) 11(50.0)
= 16(17.0) 11(50.0)
M A 51(%) ] 0.691
AR 29(26.6) 5(19.2)
B! 33(30.3) 11(42.3)
ABH! 8(7.3) 2(7.7)
(OF:1! 39(35.8) 8(30.8)
B AR 11 (%) ] 0.866
AU 5% a4k 50(45.9) 13(50.0)
AN 5 -4 L 4(3.7) 0(0.0)
TR PR AL 18(16.5) 3(11.5)
A B s Il A 8(7.3) 3(11.5)
HAlh 29(26.6) 7(26.9)
A I Mg [ (%) ] x'=0.50 0.479
w 78(71.6) 21(80.8)
= 31(28.4) 5(19.2)
s A 81 (%) 1" =038 0.827
o 35(33.0) 9(34.6)
BRr 36(34.0) 10(38.5)
- 35(33.0) 7(26.9)
I S g B[4 (%) ] X=0.00 >0.05
w5 58(53.2) 14(53.8)
P 51(46.8) 12(46.2)
TR RT 98 6 AR [ 1) (%) 1V >0.05
w 104(96.3) 25(96.2)
P 4(3.7) 1(3.8)
20 it 2 ek [ 491 (%) 1V 0.400
w5 90(93.8) 23(88.5)
P 6(6.3) 3(11.5)
JRZT 2 (pmol/L) 53.3(28.0 ~ 129.9) 66.7(36.8 ~ 156.6) 7=-0.60 0.547
A (%) ] x'=0.74 0.391
<30 /L 30(27.5) 10(38.5)
>30 g/L 79(72.5) 16(61.5)
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Table 1 (continued)
it © 4EPTDM 24 (n=109) PTDM 41 (n=26) S Pl
AR AR 5] (%) 1" X=0.35 0.556
i 64(78.0) 13(68.4)
= 18(22.0) 6(31.6)
JRZ (mmol/L) 5.2(3.9~17.3) 5.7(3.8~7.6) Z=-0.59 0.558
AL (pmol/L) 59.3(49.6 ~ 74.0) 59.5(46.5~73.5) 7=0.29 0.770
FARBH (%) 1" X'=6.65 0.010
<10 h 71(68.3) 10(38.5)
>10h 33(31.7) 16(61.5)
TIFHILBI (%) 1" X=2.66 0.103
<lh 88(84.6) 17(68.0)
>1h 16(15.4) 8(32.0)
AEBEnH [ (%) 1V 0.002
<25d 54(50.5) 4(15.4)
>25d 53(49.5) 22(84.6)
A S IR i [ (%) 1V 0.043
R 22(22.0) 1(3.8)
= 78(78.0) 25(96.2)
A S R 51 (%) 1V X=0.00 >0.05
E 37(34.6) 9(34.6)
= 70(65.4) 17(65.4)
T 1) 52 [l A FE A B , SR AR A7 AE BRI, (H B H2<30% . PTDM, BEAR 5 W b s PG, 25 I U 32904
Fz2 MREHR 7Y EFIEB AR LL
Table 2 Performance comparison of seven machine learning models in the test set
TR MR KR JER FIOE FERE AUROC(95%CI) AUPRC(95%CI)
LR 0.610 0.333 1.000 0.500 0.515 0.915(0.806 ~ 0.989) 0.733(0.396 ~ 0.965)
DT 0.854 0.625 0.625 0.625 0.909 0.892(0.777 ~ 0.976) 0.552(0.264 ~ 0.900)
NB 0.634 0.348 1.000 0.516 0.546 0.899(0.786 ~ 0.976) 0.694(0.356 ~ 0.921)
RF 0.829 0.571 0.500 0.533 0.909 0.911(0.805 ~ 0.987) 0.656(0.333 ~ 0.958)
KNN 0.585 0.286 0.750 0.414 0.546 0.769(0.564 ~ 0.922) 0.431(0.171 ~ 0.731)
XGBoost 0.878 0.667 0.750 0.706 0.909 0.907(0.807 ~ 0.989) 0.649(0.339 ~ 0.955)
AdaBoost 0.829 0.546 0.750 0.632 0.849 0.896(0.777 ~ 0.986) 0.687(0.376 ~ 0.960)

1 LR, 3B 500 [0 5 5 DT, P 3R ; NB, ANES U107 s RF, BEALARAK ; KNN, K-3E48 s XGBoost , #3438 B 52 71 ; AdaBoost, [13& 4271 ; AUROC,
ZAREBRVERAE 2R T AR AUPRC, RS 5% - I S i 28 F HTFH 5 95%C1 L, 95% A IX ]

HEAT RUECPE 23 M7, A 3 5558 0F T LR DT NB . RF .KNN
XGBoost Fl AdaBoost 3 7 Fh L7527 > B Y | i 2045 1) 5
T XGBoost 51 i #4152 & PTDM KU PEAG B, fig
BN HER M F RS AE 52 5 A& 2E PTDM B RURS -
TEFRRIEBEEJ7 T, AW R Lasso [B1 15 43 H7 7 1E
W7 AR RRAE S ) R T IR R TE I TR
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SRR R IS R 2 # PTDM & A (9 0k 7 FE 56 (A
R H R A S B e PRSI 24 0.5 % (LA e =1.53,
95%C1:1.24 ~ 1.90)"%) & 8 AL 5 2 % £ PTDM 1Y

R TR IR & X SRR 3,
HALA LG SR = R T SRR A L e
925 PTDM M1261510 . PTDM H % 9 45 [ Bt ] 1 (g 4E
K, T RE S ARG I & RE AR A B 0 5E 2 G . BEAEAT
FELEI AR R AT 8RB R U4y A B Y R) O K E
)R] 5 ) S e A G R T, DT 384 i A 3 L 1) IR
670 A AR MR 7 A BIF S A 2 T ) B
£, PTDM B & AR5 1A i B8 /K7 5 2% T3F PTDM /&
5 T AR L6 K S R 410 25 5 3 AR BE aft i ]
RE 38 2o 5% 1 3 5 28 A2 AR A 5 b 7 B ) 1 BO8E R 2L
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