®15% LM 2 B it E M5 M A
Vol.15 No. 6

2025 % 6 A

Intelligent Computer and Applications Jun. 2025

FEBL, XUFERN , JTARRH, 2. JETHLEA T AR R B A N R 04 (0], BB HLS N, 2025,15(6) : 140-145. DOI:
10. 20169/j. issn. 2095-2163. 250621

B T U255 I B % bR 9% T 70 (E & 2 17

B B, XIFEm, FTIBRE, RiEL
(EIX R KR B2, RN 430065)

W OE BRI WA B | T RO £ W G N B FE T AU o TRt B RS TR 0 T X T AR AR
RS oG, ARSI T E R @R E SR TG 2R 057, R A2 8RB vk DR N AT B X%
PITRINALR 2P WP T PREE AL 20 [0 TR 202 75 X W o 7™ 2B R AE R s i O 40 A T AR AE Y B e, B3R T BB AR AR
1 XGBoost =B T 5 SRR, 51 A EERAEA 2 d & TR BINPERE . 5 B AL a8 2% S BBUAH L , XGBoost )
HEWRR A R AUC G345 T 49 2% 247, FRAE DU TEZE M /04T S0 7R A7 5% | B 1At e 5 50 5 PR 3 AE 0 B T b HL A T 2
PR S, SRR PRI I TR B R L T S K3 .

KRR MR ; HLdRe > BB, R
hE 43S R587.1;TP181 MERFRERD: A XEHE . 2095-2163(2025)06—-0140-06

Machine learning based diabetes prediction and factor analysis
NAN Rui , LIU Yanli, WAN Qiyang, TU Bowen

(College of Science, Wuhan University of Science and Technology, Wuhan 430065, China)

Abstract; Diabetes is a common metabolic disorder, and its complications significantly increase the risk of mortality among
patients. Therefore, early diagnosis and effective prevention are of paramount importance in reducing the risk of developing the
disease. This study is based on subject records from the National Health and Nutrition Examination Survey platform and employs
various data processing methods to explore the predictive power of individual demographic information in relation to diabetes.
Furthermore, the paper investigates whether environmental chemical factors may have a potential impact on diabetes and analyze the
importance of various features. The predictive results from three models, namely Logistic Regression, Random Forest, and
XGBoost, demonstrate that the incorporating environmental features effectively enhances the predictive performance of the models.
Compared to other machine learning models, XGBoost exhibits approximately 2% increase in accuracy, recall, and AUC values.
Feature importance analysis reveals that factors such as age and body mass index play a crucial role in diabetes prediction, providing
valuable insights for diabetes prevention.
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Table 1 The feature description of the data set
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Table 2 Results before and after replacement of partial values of
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Fig. 1 The diagram of Random Forest
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Table 5 Main adjustment parameters and range
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Table 6 Test results of the models based on basic information
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Table 7 Comparison of tests incorporating environmental features
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Fig. 2 Main feature importance analysis
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