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EIEEL T ERPRE VSR ITIEVEAT X b, SEEG 45 AR B, MSCSO fERHEE 37 TH 2 A B30
#, BRNS A RER TR R 12 W R R R
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Abstract

The diagnosis of diabetes is crucial in modern medicine. As a key part of health management, it is of
great significance to fully mine medical big data to optimize diabetes diagnosis algorithms. This thesis
delves into the research and optimization of diabetes diagnosis algorithms, aiming to improve diagnostic
accuracy and provide reliable support for clinical decision-making. The main content of this study includes
the following aspects:

(1) Research on feature selection method for diabetes based on an improved sand cat swarm
optimization Algorithm. First, the data set used for diabetes diagnosis is introduced, including the data
source, feature description, and data preprocessing methods. Then, the improved sand cat swarm
optimization (MSCSO) algorithm is applied to diabetes data for feature selection, aiming to select the most
relevant features for diabetes diagnosis. In the D1 dataset, MSCSO reduced the feature count by about
67.66%, and in the D2 dataset, the feature count decreased by about 67.35%. Compared to the original
dataset, mutual information method, variance selection method, and chi-square filtering method,
experimental results show that MSCSO has significant advantages in feature selection and can effectively
improve the accuracy and efficiency of diabetes diagnosis.

(2) Research on diabetes diagnosis algorithm based on optimized Stacking ensemble learning. This
section proposes an improved Stacking ensemble learning method based on a classification error rate
weighting strategy and designs an improved sparrow search algorithm (ISSA). Spearman’s rank correlation
coefficient is used to analyze the correlation between different machine learning models, and LR, DT,
KNN, and XGBoost are selected as base learners. After experimental analysis, SVM is chosen as the
meta-learner, and a diabetes diagnosis model is successfully constructed. To further enhance the algorithm's
performance, ISSA is used to optimize the model’s hyperparameters. Compared to the original Stacking
ensemble model, the optimized Stacking ensemble model shows improvements in Accuracy, Precision,
Recall, and F1 Score by 2.75%, 2.99%, 3.05%, and 2.92%, respectively, on the D1 dataset; and by 1.97%,
1.54%, 2.43%, and 1.93%, respectively, on the D2 dataset. Compared to the improved Stacking ensemble
model, the optimized Stacking ensemble model improves the four metrics by 1.51%, 1.18%, 1.38%, and
1.73% on the D1 dataset, and by 1.32%, 1.50%, 1.10%, and 1.29% on the D2 dataset. The experimental
results show that the optimized Stacking ensemble model significantly enhances the accuracy and
reliability of diabetes diagnosis.

(3) Design and implementation of diabetes diagnosis system. The system uses the Django framework

for backend data storage and model invocation, with the frontend built using Vue.js to ensure a good user



experience. The system integrates the optimized Stacking ensemble learning model, further improving
diagnostic accuracy. The main functional modules include user management, diagnostic management, and
physical examination data management, aiming to provide an efficient and intuitive diabetes diagnosis
platform.

Key words: Diabetes Diagnosis; Machine Learning; Ensemble Learning; Swarm Intelligence Optimization

Algorithm.
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1.2 EARIMARINIA

bEE N LR BESORIA T, BEIRIR 2T 2 N T LS 2 SIS . A SCRAH R
W N =38: ARGHLERE 2 T5ik R I IE AR R Re it ik, e, £RpisA 2]
reblasf M E P50, SRR R DURTIHERE s AR R DAL T iR H A T4 e
AMSHCRAE, B R R A HERR I S REE 1

1.2.1 ETFEGHEF SRR KRIZET IR

—UERIE TN R ALAS 7 ) TP B PRIm AT 12 W, B AR IR B Sh Ak IR 2 A A
B IR T2 W AR A e o o, g A N TSI — gk 1 KO 21 Rk
(K-Nearest Neighbors, KNN) X} 2 BUfE pRpG B BT mR02 B, #4iE KNN 3 2848 1)
8 FH £ %57 7 ¥ (Principal Component Analysis, PCA) X REANMRFAEIR T A [E] A E . X1l
15 T2 NUOERFE T R SEM (Decision Tree, DT) « X FFREHL (Support Vector Machine,
SVM) 1 PCA 558 WL HIHLAS 7 ST AERE PRI 2 B S IR . o638 NP DT
S 2 BUBEPR WY, ShRe S HER IS K 2 BURE IR ER HESAKHE, HUR T RiIFRi2
Wik . weiEGESE NPUXT DT @4 [R5 (Logistic Regression, LR) . XGBoost. FfiAl
M (Random Forest, RF) . KNN. #H& 2% 6 B AL P2 Wik gedt 4T o0 #r, RILK
F LR BEAAERE FRIp 12 W i) — 7028 e B HA B s AR E AR 22, XGBoost 158 1]
Al . I B RE 7 Ak — 2D AF PSR 1 80 22 5 IR AR B2 1R AH S M g K
H5EREEA . F4 05 NPET L LRy SVM. DT, 43 VUi Al KNN 7E 2
AU R g K2 W R e RE, R LR 7EAER TR AR e e R IR, IR IR 2 Wi fs
R PPl AR IR R T S . LU N2 ha it AR oA 1 AR AiRom PR 26
H7 I A B I RRHZ W R, HUAS T 2 3R LR A RF BZWrdcR, K IBENLARFR
BIREHER R . KRS . A%, F1 598 AUC 7 30 T LR B4, BoR 7 HAE
BT UE AR PR S8 7 FE BB A R e AU 7 TR R DGR o PR 28 S N PRI 1 — A
T 0L R 5 A I PR PR U gk A JR 97 (Gestational Diabetes Mellitus, GDM) {2 W57,
ZAEALEIT LR 0 ik 7 24 GDM HIsgma Rz, JELAtE ST T2 A 5. R E
ROC 4k FHIFUEAS] 0.818, REBUEN 93%, FEREHN 56%, o HEUF ISR,
R GDM T iR At 7 A R0 TR o iR e 55 NSRRI LS 55 > SR80 08 bR s s i3k
17500, WA IR A B A 25, FLL F1 Score 1EATEAT bR, LA kE IR s 1 &
SOMA R 3R P w2 Wi 1t . 2 p e SE Aol I AT db g 1,738 08, #or
T =AMz W GDM AL, AR I R R A2 R R LR Jp Afr e th B o S e R 2



F1E &0 BAFRFMEFMIL

A ROC HZe A oz W alhe, 25 R BB S L, SHiiE S, Ref
) GDM 1 SR A 3 . Khanam 55 NP7 FATL 85 55 J AH SRR B R HEAT 2 18T,
FFRBL LR A SVM FE 12 Wbl s 75 T 2 IS « Krishnamoorthi 55 ARSI H T — M fE
BLES 7 ) Bl B PR 12 W 484, iZAE SR T 2 ML 88 5% S 80K, 1 DT RF #l SVM,
FEAESEBRE R BT 7V, SRR IZAEZE LI T 83%MHEm 2, i+ H B A &I
wH, Ahmed FF NPHRH T —Fh@h & HLER % S T E R R I B A, A 455
SVM FI N T M 2% (Artificial Neural Network, ANN)D o #7192 Wi Bk A AR
WA, DN ITT B 2400 78 B PR 2 B 5 SR o XN A Y RS W R ek 21 T
94.87%, =T LARTHI 77, Sivaranjani 8 ABUE ] 17 SVM Al RF H3% K12 Wrbis JK 9
I RHEIE A PCA SRIE 2 W HERPE . 45 R EoR, FENLARMRIZWiER 2N 83%,
T SRR E ALY 81.4%. Rastogi ¢ NBUMEH 7 —FibE R IZWE AL, RAZEREH .
SVM. BENLARMAET %, SRS R BN, WHEIABARIRAE, #EfFRET] 82.46%.

FRAE BT HLAS 7 ) B0 FR 3 12 Wi st B 7 412 v 12 W SO 3 B 1 7 T R B 1 R 47 1)
A, AHIX AP TV AFAE — LA AT LR o LA 5 S A R X R i 1 e 3 R 040 o =
AEHFBUK, BO 2R EEIR, SEOCWERARE. AL, tRgEpLasss B
AT TS NN 240, AT REAE AL I B 2% S 4R E I R IR A, ME AR 2
FEAL I 2B 5 5

1.2.2 BT E/RZFE SIIERBIZEARINIR

N T SR R IZ W R AERR AT SE 1, BIF T A TR R 22 M SR P AR 1 S T
IS5 E 2 MRS, 52T T2 RGN REARYERE 9, 075 2058 N B2 B Kaggle
TG BB IR I EE, A XGBoost #4 & 1 BE IR 7> K IZ Wik A, [R5\ T SHAP 1
5 ALK AT AR, IR GBI S R AR . R AR S N3 A Stacking ZREE KT SVM.
CatBoost. XGBoost HTHIERIG . SCIRUER], Bh&EIAEMAETZ, WX, FRET
T A A KRB i, B8 50 A ROt Bh B2 A= BEAT BE SRR 12 Wi A0 T 1. 5 < 055 NBYRIIE 7T,
TR — MR RN PRI RE 2 I R 40, T8I LU 10 FhbLas = IR 48 A Stacking
FERATIE R,  RGRENS A RGZ Wt RIS Fows U, 3R HEAH S R . & 2R B 55
ABSLiE g 5T XGBoost. LightGBM. AdaBoost f1% |2 %14l (Multilayer Perceptron,
MLP) %5 4 Fhop 2R3 ATHE IRIG R i2 K, WD Mo 1 B PR T A ) 1, mIE o —
PRI W) T H . REERGEE NBSIRIIIT A 134T LightGBM H & RO8E R 12 Wi 7,
A RAE SRR IER AR, SEILT 97%MSE S erfa R, bR RS ket 7
A T R SR T o X E AR A N BT R 32 AL AR K- A2 I IR 336 VA R AE VH FR VA

(Random Forest - Recursive Feature Elimination with Cross-Validation, RF-RFECV) #l
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LightGBM W& H L, Erh B S57RZIBE A S E LSLIl 17 0.9772 HER: 2 A
BE W RESE T, R TR AR B AR R PR 1S N AN B RS W v ) v ke
AR . B KIS NS N Ge it S AL 88 24 ST U590, BCIEEST T B b A bR 95 40
JEp AR & HE 2 R Y, JFi@ T LR AT LightGBM HERELEL, 1FH] T LightGBM #
BAUFEAZWORE PR AL I3 8 6 78 Lo B FH S JRE 3l ki 282 77 T LA B v (0 M A A AT
CWIEE, NIRRT IR AL T B SR . EEAS AP T — R T
AR A RS B SR A S i, T T B3R Stacking SR S REAY, i I Ak
IR HIENIEBEAC)E GBDT BRI &% 5], BB T 1 IR U= I0E IR A7 R 2 I
WatERIES e M, F1E 2 5 bb B — AR AL 45 Stacking BEALER ) 1 40 9%A1 7%. ZEAER
2 NWOIRIF XGBoost 54 7EHE R B 48 L 7 R R IS Wik A, iR R I 3
77.83%, it SHAP BRI/~ T A AT FHR L . BMI FIAE RS & IR 12 Wi i B R R
Hasan 25 \FUR T ZFIHLAS S I B, 3G KNN. DT. RF 4§, {EAMBUEEREAR,
W IR e BLRE A LA 5 S BB S B 25 R AT RS o I8 N R M AL A R A, 48
B TR R M A RS e M . Mahesh 28 N2 T — Rl LT 42 0 ) ORE IR 12
Wik, 56T ZMLE S IR W5 RoR, 1275 RS R TR W A
RIS WAL T R E TR . A S8 NS T — s TR0 ) a3 5 o 25 8%
&P, X ZE AT LR.DT M SVM 55 2 FibLas 5 ) 502, i858 8L 7E Pima Indians
PE RS FIE BT 81.17%MIAERR e, 1T 78 B HAME PRops KU 12 W B 4 Uik 3 1
94.23%HERIR, BoR T HAEREPRIBIZWT h I U0BYERE . Ganie 8 AW T —Fh2E T
SR ST HIAESE, T 52 K 2 BUBE IR . 120712456 T Bagging. Boosting #1 Voting
GHA, WIARERY, Bagging fEHEMZE . KA AN G B FER bR R R .

Zi ERTA, SERCE IR RS W R T B LS. 1 il 2 SR TR 4
B R IR S TSR A AR E M, R TN B R BRI AR R 7T,
BT BB SR PR . SR, X RO IE B, HRAEE SRR T, A
4 (R 2 BB T e 2 RO MR B () B AR B

1.2.3 B EREM U B EEREKRIS BT AU 5INR

TR R LA SEEAE NS R 12 W7 Bl B A2 21 9T, ilan, Al BRSNS ad 1) g ik 22
LA 5% (Sparrow Search Algorithm, SSA) ALY BP #4578 KE R 9% B i
( Diabetic Nephropathy, DN) [FJFJHiZWr K ILH ¢, #HERIZRIAE] 95.83%, Fl-score
H1ik 0.9600, BEL T HARAL G ARSI, O 2 BB PR R E TR AL T —Fhim Rk,
1) DN 2 T H. FEHEEABOEE T — ool i 5% AGABP) ik BP #1£2 K
25T, IS B IR B N O B S R R, A TN PRI R ACRE



F1E &0 BAFRFMEFMIL

WA, SEIG 25 SR B, IGABP 7512 Wi H: A 26 R0 I 285 e K0 B _ B3 T-4% 458 BP ik
Khademi 5 AW H 7 — M B R iZ I R 4E, 454 1 SVM. KNN Mg ta fe i 5k

(Whale Optimization Algorithm, WOA) . WOA H T A/ R A E, M s
KR KIS R AR, ZRENERRN 83%, WA KRS T 5%,
It HARB TR T BEAC AL (Particle Swarm Optimization, PSO) #2/& T #) 1%. Mishra 25 A\
SI5E H 7 G o O B L (EAGAD , A TR IR 2 W 0 8 48, IF5 MLP
SiatiH. ZNEEZ MRS ERIL R, SmdE Rk H] 97.76%. Kamel &8 A4
P T —Fh T dE A5 (Grasshopper Optimization Algorithm, GOA) HJ4RFAEIE R
J7i%, AR mBE PR 2 W e e . ABATTAE PIMA Indian 0345 E R TiX—57%, FF
i SVM BIEIR T T 97% MR . Jovanovic 25 APEH T — At T XGBoost &1
HIBE IR IR 328 ik, RIFAT 25 (Planetary Optimization Algorithm, POA) g
itk XGBoost HIHE 24, LIRS MATTRIBF LR, XM OTVELE S LS H )
RO T HAB A 5% . Navazi 8 NP T —FR-&HE, @i PSO #HATHRHMIEEEE,
FFE B AL 5% (Genetic Algorithm, GA) it SVM KBS K. XA L ERE IR 5
S W R B 5, HER 258 B 93%. Jibril 55 NF2RH] PSO {4k SVM Al LR HIEZ 4L,
CLSE mibE PRI 2 W R 14, 85 PIMA Indian B8 JR0p B £ E 47 5258, LG 1T SVM
IR 3 98.67%MIHER3, LR BiAIA R 97%MMERIR, BN [V iZ 7 e IRIw 12 W
(KA 251 . Arsyadani 558 A\3UE A KINN G PRI EAT 12 W . 38 PR B S AR AL AL B
% (TMGWO) ik # e ERHE T8, IFRH G B> BRI RAEBA G St # AT P Ab 7
I 10 758 XIRUE,  J7IEAERE R 73 IS B HER 1k 2] 98.85%.

M ERTHR T LA th, B Re A kI8 % T AR S AU AR b e 38 . 515
GTEMLE, EATHEA E R R R A AE N, RE%A Ak R L. R,
X LBV AE A PR S AE A s I BE 8 gl D RP AR RS, IR T HERME . AL, BER BRI
LSRG, WOIE R — B R s KR 2 W RE B T .

T8I 5B AR B SRR, BT RAS LR i

C1 HEPRIR 2 WA SR T Im Bk ik,  JCH R AEHER A — Bk 7 . X R EF 2 &
HARRAE IR BE 96T, S g R B

(2) HRUPFHEIE R B AR A B IS, DR RITURE R . PEIRIEISH
Frish SO B I B SRR, IR ZRHE AT A2 TUR BRI SR 1) o I8 i i th 5 6% PR
Iz Wi A SRR IE, AT DU R TR B 1

(3) EHSHUEF BRI G B . SN E R L S B
AE o A1 P 2 20mT DUAR i 2R R v P AN S e v, T AN 24 e 32 ) o] R S B RE R B4
PRI, W S L S EAH G, 22— MESIRAW TR A .
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1.3 fIRAR

PR 2 W 2 Z R R, SRnd RS a H 248 bEE IARER 215 B AR
OFERE, G N T2 W7 v i 5 S A B k. S5 FURI A 36 45 inl . (AL, &)
PLEs 7 21 5 N TR Re LR AL THBE FRIR 2 W (R HERR A R O T T Foka . &
XTI BE R IZW T IERIA R, AR SCE LR S S BRI T, 3t
ITHEIRIFIZWIIRE 9T, BIEMEE R EAEMIISHIEL, JENIRKEST Je kR (R}
FHICFE. B AANET:

(1) FET SOV AR B S R R R B TV 98 . 158, 4l 7R IROW
ST RS, ARSI RIR. R SR, B)E, TR ABYD AR
W FE R B B AT o, DA o H 4 R A R Ay AUS St g, i ok o4 R 5 e
RSO BRI A B . s, R SOk b SR B0 v W R s iR AT R AR I
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