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Diabetes prediction and SHAP feature analysis based on machine learning
LI Jiasi

(School of Mathematics, Physics and Statistics, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] To improve the diagnostic accuracy of diabetes and identify the influencing factors of diabetes, the machine learning
algorithm was applied to the diagnosis of diabetes, and a diabetes prediction model was established to provide decision guidance to
physicians. The experiment uses the Pima Indian Diabetes Dataset in the UCI database. First, the data is preprocessed with missing
value filling, abnormal value processing and standardization. Secondly, the single classification model and ensemble learning model
are established on the preprocessed dataset, and the prediction performance of each model is evaluated by 5—fold cross—validation
accuracy and AUC value. The results show that the prediction effect of XGBoost algorithm is the best, the classification accuracy is
77.83% and the AUC value is 0.822. Finally, the SHAP model is introduced to enhance the interpretability of the model. It is
concluded that glucose, BMI and age have a significant impact on the prediction of diabetes.
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Fig. 1 Schematic diagram of SHAP
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Tab. 1 Feature description of diabetes dataset

AR 44 Bk X
Pregnancies ZER AL
Glucose HET R B
BloodPressure #F3K H (mm Hg)
Skin Thickness B JZ )G (mm)
Insulin 1ML 375 JB 5 %€ (mu/ml)
BMI B AT i AR A
DiabetesPedigreeFunction Wl PR R 5 i 5 4
Age AR

Outcome

PRZE (0 FRR ARG 1 TR )

T T4 B T30 S s A T A O
B, A T8l A Brerede, B8 B THSERL 14 53
KRR, T Python 7' Pandas JF 1 describe PREL,
X AR B AT AR R GE T, P J0 45 REAE (] (Y 34 {8
M B RES . FHF Glucose . BloodPressure .
SkinThickness . Insulin #1 BMI 5 M4 1E 47 76 A [5) #2
FERERICTE O, Horp Insulin Y8R HL 15 5148.7 %
H TR B A MR & A SR R REAS
o PERUGRE ) TR, B, X T Bid 5 M4
MEAE ARG AT BRI FE . SR, B
WA T AL PR W8, T8 S RRIE 1 7Y 73 s £k 8]
PEIQR BHETQ, - 1.510R H{ESE T Q, + 1.5I0R
WA SR, Horb, Q, A NIk, 0, b
U728, TQR Sy bV o3 (i 505 T o i dez 2%
ST, W R T b Ak A B A R A i 22 8] 1Y)
PWESE
2.2 LWHERSHH

AR UCT ks 4 v 69 B B BV 22 AW PR
KA TER A S (AL P A TARUEAL ) |, 2301
o PR SRR A IR Sfp ] i AL K- 4B Ah R
DIyt 5 Fhea a2 as ) DL K B AL ZR AR . AdaBoost Al
XGBoost3 FhAE il 2% 27 B3k X #il A B I 11 H5 40 4 F
e, Scsad R b, il H 70% i B8 48 Sl 25
£E ,30% HYBHEAE A AE | SR HT A48 ZF01 58 S5




156 B o /5 M5 MM

ERRES

UEFHRAS MY DY B S50, 4 5 37 38 S UE
RAE R BB S RSBV HE b o B HEST 41
PR AE R AE TPt AT I, DL S H7 38 IR IE e R R
FAUC {EAE AR S TP A, A A28 1 Tt )
g %k 2,

F2 FEMEEELELLE

Tab. 2 Performance comparison of different models
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Fig. 4 Feature importance analysis
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Fig. 5 Feature analysis
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Fig. 6 Example of SHAP interpretation for predicting diabetes
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