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Constructing a fatty liver prediction model based on machine learning
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[ Abstract] Objective This study aims to use machine learning technology to construct an efficient fatty liver prediction
model to help medical personnel accurately identify and classify high—risk populations for fatty liver, thereby providing support for
early intervention and personalized treatment. Methods The research data was sourced from the National Health and Nutrition
Examination Survey (NHANES) database in the United States from 2017 to 2020. Finally, 11 variables were included for analysis.
Using 6 machine learning algorithms, Decision Tree (DT) Extreme Gradient Boosting (XGBoost), Adaptive Boosting (Adaboost),
K-Nearest Neighbor (KNN), Logistic Regression, and Artificial Neural Network (ANN) models are used to construct a fatty liver
prediction model. The randomly generated 70% is used as the training set, and the remaining 30% is used as the testing set. The
model evaluation metrics include accuracy, precision, recall, F1 score, Receiver Operating Characteristic curve (ROC), and Area
Under Curve (AUC). Results A total of 3383 participants were included, including 1506 patients with fatty liver. The decision tree
The AUC of XGBoost, AdaBoost, KNN, logistic regression, and ANN models are 0.98838, 0.94624, 0.88935, 0.99110, 0.90047,
and 0.98990, respectively. Except for the KNN model, the calibration curves of all other models performed well, with the AdaBoost

model showing the best predictive performance among the six models. Conclusion The AdaBoost model is considered the optimal
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predictive model for predicting fatty liver and can explain the interaction between feature variables. Body mass index, triglycerides,

and low—density lipoprotein indicators can effectively identify high—risk populations for fatty liver.
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F1 M BBORHLE [0 (%), X 5]

FI A5 4 HIEC (n=3383) Jig Wi lF (n=1506) JENG AT (n=1877) 1/t P
S (%) 49.04 = 17.80 51.43 +16.22 47.12 = 18.75 7.063 <0.001
P
B (%) 1696 (50.10) 801 (53.20) 895 (47.70) 10.128 <0.001
Z (%) 1687 (49.90) 705 (46.80) 982 (52.30)
HEH (pg/ml) 51.68 + 324.25 67.41 +394.20 39.06 + 254.01 2.530 0.011
ALER I (mg/dl) 138.99 + 85.40 147.69 + 87.71 132.01 + 82.86 5.332 <0.001
MM HLEF (mg/g) 49.01 + 370.92 65.17 + 458.13 36.05 + 281.55 2.270 0.023
ALT (U/L) 22.45 +20.78 26.74 = 19.27 19.00 = 21.29 10.963 <0.001
ALP (TU/L) 77.90 + 25.75 83.11 = 27.59 73.73 + 23.35 10.714 <0.001
AST (U/L) 22.00 + 15.84 23.00 + 14.61 21.20 + 16.71 3.279 <0.001
MR PR 2 A (mg/dl) 14.61 + 5.47 15.20 + 6.29 14.14 + 4.66 5.648 <0.001
CPK (TU/L) 176.48 + 45221 168.97 + 217.88 182.50 + 574.88 -0.864 0.387
BRIEH (g/dl) 3.11 £ 0.44 3.18 + 0.45 3.05 + 0.41 8.782 <0.001
P (mg/dl) 104.98 + 35.20 115.19 + 4431 96.78 + 22.54 15.647 <0.001
GGT (IU/L) 31.93 + 56.00 43.63 = 77.38 22.54 + 25.54 11.079 <0.001
LDH (IU/L) 157.44 + 36.40 160.17 + 35.77 155.25 + 36.76 3916 <0.001
%% E (mmol/kg ) 281.81 + 531 282.34 + 5.57 281.38 + 5.05 5275 <0.001
SR ZE (mg/dl) 0.49 + 0.29 0.47 +0.28 0.51 +0.30 -3.623 <0.001
JHEEE (mg/dl) 183.31 + 40.80 186.56 + 41.01 180.70 + 40.45 4.161 <0.001
S (g/dl) 7.15 + 0.44 7.13 +0.44 7.16 + 0.44 -1.776 0.076
JRIR (mg/dl) 547 + 1.45 5.95 + 1.46 5.09 + 1.32 17.967 <0.001
il =R (mg/dl) 106.52 + 71.24 138.03 + 84.34 81.24 + 44.79 25.093 <0.001
LDL ( mg/dl) 110.15 + 36.02 114.13 = 35.76 106.96 + 35.93 5.784 <0.001
HDL (mg/dl) 53.42 + 15.69 47.49 + 12.35 58.17 = 16.44 -20.926 <0.001

W ALT: WAL B0, ALP: BRPEBRRRNY; AST: RKAZAMFE 2N ; BMI: {KF54; CPK: WLAR ¥ WE; DBP: &F5k &,
FLI: JFIRMIT6%0; GGT: v-BA M RBHE; HDL. %058 AR EE; LDH. FLRRULENE; LDL.: {I% 5 H[EEE; SBP: Y4k,

2 Logistic A Hr& R (3

SRS BFEL (n=3383) R (n=1506) NG (n=1877) t P

SR REEE (mg/dL) 183.07 + 40.79 186.41 + 41.05 180.39 + 40.38 4.280 <0.001
WA E 431 (%) 31.36 + 8.76 30.71 + 8.81 31.89 + 8.69 -3.881 <0.001
AR E T (%) 827 +2.15 8.12 +2.16 8.39 +2.14 -3.565 <0.001
LI AN (million cells/ 1) 4.77 +0.50 4.84 +0.51 4.72 + 0.49 6.616 <0.001
M£r A (g/dl) 14.12 = 1.54 1422 + 1.62 14.03 = 1.46 3.454 <0.001
T/ 5 (1000 cells/ 1) 241.98 + 63.89 24828 + 67.95 236.94 + 59.97 5.151 <0.001
A LT A 0.08 + 0.09 0.08 + 0.08 0.08 +0.11 0.631 0.528
WML (%) 5.84 £ 1.14 6.17 + 1.40 5.58 +0.79 15.547 <0.001
BEH (ng/ml) 159.03 + 192.96 184.27 + 199.12 138.78 + 185.46 6.861 <0.001
ZE MG % (mg/dl) 112.52 + 36.88 122.93 + 46.37 104.16 + 23.88 15.203 <0.001
#E (kg) 83.33 +22.37 100.00 + 20.55 69.96 + 12.69 52.143 <0.001
H (em) 167.25 + 9.96 168.00 + 9.80 166.65 + 10.04 3.934 <0.001
BMI (kg/m*) 29.71 + 7.31 3542 + 6.66 25.14 + 3.69 56.900 <0.001
JEEE (em) 100.20 + 17.40 114.61 + 13.35 88.64 + 10.12 64.353 <0.001
B (em) 107.15 + 14.58 117.45 + 14.32 98.89 + 8.07 47.548 <0.001
SBP 123.61 + 18.68 126.29 + 18.37 121.47 + 18.65 7.531 <0.001
DBP 7431  11.31 77.45 + 11.25 71.78 + 10.72 14.951 <0.001
FLI 52.09 + 33.18 84.79 + 11.79 25.85 + 18.05 109.379 <0.001

H: ALT: NS B, ALP: BIMEEMRES; AST: RA ML % M; BML: {KTFE4; CPK: WIMRES; DBP: #F5KJE;

FLI: FFIRMT64; GGT: v-ABAMERME; HDL: =% 058 A ERE; LDH: FLMRNEENE; LDL: {IR% 5 HERE; SBP: Wik,
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