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Explainable machine learning for identifying key biomarkers in predicting chronic
kidney disease risk among patients with metabolic dysfunction-associated fatty

liver disease: A study based on NHANES database

XU Yan, HOU Wengqing, TANG Yuxin, QIN Zhongyi, WANG Tao, XIANG Junyu, WANG Bin, WEN Liangzhi,
CHEN Dongfeng Department of Gastroenterology , Chongqing Key Laboratory of Precision Prevention and Treatment
for Digestive System Tumors, Chongqing, Daping Hospital, Army Medical University (Third Military Medical
University ) , China

[Abstract] Objective To construct a machine learning-based prediction model for chronic kidney
disease(CKD) in patients with metabolic dysfunction-associated steatotic liver disease (MASLD) and to
develop a diagnostic nomogram for guiding clinical management. Methods This study was based on the
National Health and Nutrition Examination Survey (NHANES) database (2007 to 2018). Patients with
MASLD, defined as hepatic steatosis with at least one cardiometabolic risk factor, were selected as the analysis
sample. After excluding patients with chronic renal failure and other conditions, a total of 2 144 MASLD
patients were included, and 34 variables (including demographics, clinical characteristics, and laboratory
indicators) were collected. Patients were stratified into a chronic kidney disease (CKD) group (n=347) and a
non-CKD group (n=1 797) based on CKD status. The total participants were randomly divided into a training
set (n=1 501) and an internal validation set (n=643) using stratified sampling at a 7 : 3 ratio. A prospective
external validation cohort comprising 110 eligible fatty liver disease patients was recruited from our department
during January 2024 and October 2025, adhering strictly to predefined inclusion and exclusion criteria
Variables were screened using Least Absolute Shrinkage and Selection Operator (Lasso) regression. Eight
machine learning algorithms were then employed to construct the CKD risk prediction models: decision trees
(DT), extreme gradient boosting (XGBoost), K-nearest neighbors (KNN), Naive Bayes (NB), support vector
machine (SVM), single hidden layer neural networks (NNET), light gradient boosting machine (LightGBM),
and random forest (RF). Model performance was comprehensively evaluated using receiver operating
characteristic (ROC) curves area under the curve (AUC), sensitivity, specificity, calibration curves, and
clinical decision curves. Based on key biomarkers identified through SHAP analysis, a diagnostic nomogram
was constructed, and its diagnostic accuracy was assessed using ROC curves. Results Using interpretable
machine learning algorithms, we identified 10 key biomarkers: SBP, age, diabetes, BUN, BMI, globulin, HDL-C,
neutrophil count, uric acid, and gamma-glutamyl transferase. These biomarkers were utilized to construct
predictive models through 8 distinct machine learning algorithms. Comprehensive evaluation revealed that the
LightGBM model achieved optimal performance, with an AUC of 0. 871, a sensitivity of 0. 838, a specificity of
0. 756, an accuracy of 0. 825, an F1 score of 0. 889, and a Brier score of 0. 091. Calibration curve analysis
demonstrated good consistency of the LightGBM-based predictive model across both training and validation
sets. Clinical decision curve analysis indicated significant clinical utility of this model in predicting kidney
damage risk in patients with MASLD. Based on SHAP values, we developed a diagnostic nomogram with a
risk cutoff score of 81. 7. This nomogram enabled categorization of patients into high-risk and low-risk subsets
for MASLD-related CKD, and exhibited favorable accuracy and robust predictive reliability with an AUC value
of 0.816. Conclusion The LightGBM model significantly outperforms other models and demonstrates
potential for application in early clinical prediction of CKD risk among MASLD patients.
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machine learning; disease risk prediction
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2.1 MASLD &% ¥ CKD #=3F CKD & %4 L & &5 /e
AT A 2 144 BIFFH 12 W7 1) MASLD f 35,
e JC CKD, ¥ H 4 434 CKD 4H (n=347) #1JC CKD

4 (n=1797),CKD 4 F19E CKDHFE BB H HEH .
ERE M CALT  ALP IV 8E Il /R 2R A& IMLAR R \BMIJiEE
IR D N A R = I i UM R v o
Wi B0 £T AR 1 2 B i A A
N 2 B R RAEFRECERin 2 R A it E X
(P<0.05); 53E CKD 4 AH Lt , 12 Wk CKD 11 £ 35 1118
2 L AL, AR TR R, B RO | R i AR R
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#1 MASLD 2EF&H CKDHBEEELIFMEIMP,, Py, #1(%)]
Table 1 Baseline characteristics of MASLD patients with or without CKD[ M(P,,,P,,), n(%) ]

Variables All(n=2 144) No-CKD(n=1797) CKD(n=347) P

Gender <0. 001

Female 501(23.4) 452(25.2) 49(14.1)

Male 1643(76.6) 1345(74.8) 298(85.9)
Agelyears 43.00(33. 00,56. 00) 42.00(32.00,53. 00) 57.00(41.00,71.00) <0. 001
Smoke <0. 001

Current smoker 422(19.7) 357(19.9) 65(18.7)

Former smoker 620(28.9) 488(27.2) 132(38.0)

Never smoker 1102(51.4) 952(53.0) 150(43.2)
Hypertension <0. 001

No 1294(60.4) 1164(64.8) 130(37.5)

Yes 850(39. 6) 633(35.2) 217(62.5)
CHD <0. 001

No 2041(95.2) 1736(96.6) 305(87.9)

Yes 103(4.8) 61(3.4) 42(12.1)
Diabetes <0. 001

No 1831(85.4) 1 606(89. 4) 225(64.8)

Yes 313(14.6) 191(10. 6) 122(35.2)
Waist circumference/cm 110. 80(104. 30, 119.70) 110. 09(104. 00, 119.00) 115.50(107. 40, 127. 50) <0. 001
BMI/(kg/m”) 32.80(29. 88, 36.50) 32.70(29. 80, 36.26) 33.82(30. 50, 39.31) 0. 026
SBP/mmHg 121.33(113. 33, 130. 00) 120.00(112. 67, 128.67) 129.33(118. 80, 141.33) <0. 001
Albumin/(g/dL) 4.30(4. 00, 4. 40) 4.30(4. 10, 4.50) 4.20(4. 00, 4. 40) 0. 004
Globulin/(g/dL) 2.80(2. 60, 3.10) 2.80(2. 60, 3.10) 3.00(2. 70, 3.40) <0. 001
ALT/(U/L) 26. 00(20. 00, 36. 00) 27.00(20. 00, 36.00) 24.00(18. 00, 32.00) 0. 001
ALP/(U/L) 65. 00(55. 00, 79. 00) 65. 00(54. 00, 78.00) 68. 00(55. 47, 88.00) 0.013
Serum iron/(pg/dL) 87.00(67.00, 111.00) 88.00(68. 00, 112.00) 81.94(62. 00, 104.00) 0.013
BUN/(mg/dL) 12.00(10. 00, 15.00) 12.00(10. 00, 15.00) 14.00(11. 00, 19.00) <0. 001
Uric acid/(mg/dL) 6.20(5. 40, 7.00) 6. 10(5. 30, 7.00) 6.40(5. 60, 7.50) 0.001
Total protein/( g/dL) 7.10(6. 80, 7.40) 7.10(6. 80, 7. 40) 7.20(6. 90, 7.60) 0. 002
Hb/(g/dL) 15.00(14. 10, 15.90) 15.10(14. 10, 15.90) 14.70(13. 60, 15. 80) 0.039
Lymphocyte/(10°/L.) 2.00(1. 60, 2.40) 2.00(1.70, 2. 40) 1.90(1. 50, 2.20) 0. 004
Neutrophils/(10%/L) 4.00(3. 20, 5.00) 4.00(3.20, 4.90) 4.30(3.50, 5.40) <0. 001
Glucose/ (mg/dL) 103. 00(96. 00, 113.00) 102. 00(96. 00, 111. 00) 111.00(100. 00, 130. 00) <0. 001
HbA1c/% 5.50(5. 20, 5.80) 5.50(5.20, 5.80) 5.80(5. 40, 6.70) <0. 001
HDL-C/(mg/dL) 43.00(37. 00, 50.00) 44.00(38. 00, 50.00) 41.00(36. 00, 48.00) 0.008
TC/(mg/dL) 191. 00(166. 00, 217. 00) 194.00(167. 00, 218. 00) 180. 00(155. 00, 209. 49) <0. 001
LDL-C/(mg/dL) 116. 00(95. 00, 139. 00) 117. 00(96. 00, 139. 00) 107. 00(80. 58, 131. 00) <0. 001
SI/(10°/L) 61.82(46.67, 80.76) 61.22(46.22, 79.47) 66.32(51.06, 91.25) 0. 006
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Xof AR RISk (e, Bl A G SetLasg ) i, B
A7 5 DL 1, €03% SBP . BUN AE#E PR % 2 \HDL-C.
PR AR AL LR R LGGT BMIL EREE . VIF K
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Table 2 Model performance of machine learning algorithms for predicting CKD risk in MASLD patients

Datasets Models AUC(95%CI) Accuracy Sensitivity Specificity F1 score  Brier score
Training set DT 0.791(0. 758~0. 824) 0.792 0.812 0. 691 0. 867 0. 096
NB 0.795(0. 762~0. 827) 0. 676 0. 645 0. 829 0.769 0. 131
RF 0.958(0. 948~0. 968) 0.815 0.783 0.976 0. 876 0. 065
XGBoost 0.846(0. 818~0. 874) 0. 807 0. 822 0.732 0. 877 0. 096
SVM 0.803(0. 771~0. 835) 0.745 0.745 0.744 0. 830 0.116
NNET 0.781(0. 748~0. 813) 0.751 0. 764 0. 683 0. 837 0. 150
LightGBM 0. 871(0. 846~0. 897) 0. 825 0.838 0.756 0. 889 0.091
KNN 0. 859(0. 835~0. 897) 0.754 0.741 0. 821 0. 834 0. 099
Internal validation set DT 0.731(0. 678~0. 783) 0.765 0.793 0.614 0. 851 0.116
NB 0.787(0. 738~0. 837) 0.816 0.852 0. 624 0. 887 0.133
RF 0.783(0. 732~0. 834) 0. 670 0. 657 0.743 0.771 0. 107
XGBoost 0.783(0. 732~0. 835) 0. 781 0. 804 0. 653 0. 861 0. 106
SVM 0.773(0. 720~0. 827) 0.723 0.723 0.723 0.815 0.116
NNET 0. 723(0. 665~0. 786) 0.725 0.753 0.574 0. 822 0. 154
LightGBM 0. 787(0. 737~0. 838) 0.790 0. 821 0. 624 0. 868 0. 107
KNN 0. 770(0. 719~0. 821) 0. 695 0. 699 0.673 0. 795 0.110
External validation set LightGBM 0. 740(0. 660~0. 820) 0.773 0.795 0.730 0.822 0. 141
1.00 1.00
0.75 0.75
>
£ >
= £
Z 0.50 Model [AUC (95%C)] ‘% 0.50 Madel [AUC (95%Cl)]
3 DT [AUC: 0.791 (0.758~0.824)] 5 DT [AUC: 0.731 (0.678~0.783)]
KNN [AUC: 0.859 (0.835~0.897)] @ KNN [AUC: 0.77 (0.719~0.821)]
mmm LightGBM [AUC: 0.871 (0.846~0.897)] W LightGBM [AUC: 0.787 (0.737~0.838)]
0.25 mmmm NB [AUC: 0.795 (0.762~0.827)] 0.25 m— NB [AUC: 0.787 (0.738~0.837)]
NNET [AUC: 0.781 (0.748~0.813)] NNET [AUC: 0.723 (0.665~0.786)]
RF [AUC: 0.958 (0.948~0.968)] RF [AUC: 0.783 (0.732~0.834)]
m— SVM [AUC: 0.803 (0.771~0.835)] mm SVM [AUC: 0.773 (0.720~0.827)]
mmm— XGBoost [AUC: 0.846 (0.818~0.874)] J— XGBoost [AUC: 0.783 (0.732~0.835)]
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A: ROC curve of the training set; B: ROC curve of the internal validation set
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Figure 2 ROC curves of machine learning models for CKD in MASLD patients
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