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Abstract

Objective: This study aimed to develop and compare seven machine learning algorithms, including
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Transformer, to build risk prediction models for ischemic stroke, identify the best-performing
model, and perform interpretability analysis to support early detection of high-risk individuals.
Methods: A publicly available Kaggle stroke dataset was used, comprising 5110 patients (249 with
stroke, 4860 without). Missing values were imputed using random forests, and the dataset was bal-
anced with SMOTE. Prediction models were built using BP, RF, XGBoost, SVM, DNN, MLP, and Trans-
former algorithms. Internal validation was conducted via five-fold cross-validation. Model perfor-
mance was evaluated using AUC, accuracy, recall, specificity, and Brier score. SHAP was applied to
interpret the best model visually. Results: The Transformer model achieved an AUC of 0.912, accu-
racy of 0.771, recall of 0.847, specificity of 0.766, and Brier score of 0.091, outperforming the other
six models. SHAP analysis revealed that age, work type, BMI, and heart disease were the most influ-
ential features. Conclusion: The Transformer-based early prediction model for ischemic stroke shows
strong predictive performance. Combined with SHAP for interpretability, it can help clinicians iden-
tify key risk factors and support early prevention strategies.
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BRI, AT FU 4R %R Transformer 032 7E i 25 o 0l o 4 B2 AR B 3 S5 AR B M R b, LR
HUHIAT B 2D IR RRE R LMo B S KARMKM,  TRMAE SRR LR FE . R E KRB R
PR bAh, EEXS TR AR “BRA 7 REPET S 80 A DUERE, HEmsemas R S5 @6l A
W5 N SHAP Al fEREVE DT J5i o 10715 M RE e 7n B A REAE X T 45 SR K DR AR FE, 16 BE R ILEEA
FERI YRS AE, SR T X TGRS . X T T BB E I, 0 1 T 45 SRR I PR S
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2. Rl
2.1. BURTRALEE

AT KA Kaggle AFFEHESE[7] (https://www .kaggle.com/datasets/fedesoriano/stroke-prediction-dataset,
F 20254 6 A 17 Hij), ZEHEEH fedesoriano T 2021 4F 1 A 26 H kA%, Hra$E 5110 F1%dE,
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HIREARLER L FER: FW53d). HHl(gender). H#(age). Il & 5 (hyper tension). /0I5 5 (heart
disease). USUH 5 (ever married). T./EZA(work type). JE{F 2% (Residence type). T34 LA 7K *F(avg glu-
cose_level). AR (bmi). WAHIR AL (smoking status) 1A% H & 2 (stroke), FoHf, AR R A LN AT 7L
AT H AR . AT TR BEATLAR PRI NE A BR R S AR M B R A8, 107V RE 2 2 PRI A i
7, R E SERHAE R e R A 5 n] 52 AR o 28 T B AR rh I A v R AR 5 AR AR P RE AR AR AE SR AN T4 ) 2

R R, AR I ZREE SR SMOTE 3 RAEJ7VE[9], It 28 /D E ke AR K H AR RE A ]
LM T FEA, P 2B S/ DBERREARLLE], A TTHFH A D ECER R A RE . RIS, ek
ERFFIFIB AL, LRI HIA T RE .

TR A2, AT R RIE T A A TR, AW ERE R AR &, FEAE T
JETRIASE AU i R AC SR . IR H., 2R W B B0kl B = 8 AR b R AR I ) 2 b s
BEVIWRAE B BRI, AW S HTEY BAN B AEIR T8 5 2 TR AR DRI R 28, I 5 SRt R 26 s e N
RN TSR PR R AN S KA

2.2. {REHE

LEARMFFHKEL T SVM. RF. XGBoost. BP. MLP. DNN A1 Transformer G/ 5274 2 AH N ) T
PR, FER A BT A IR E AT B A PRl 5 NS IE . K i EER AR TR A S 4, RGER
1 I VENAESE, 4 4 ERNIIZGE. 48—, SMOTE i RFEEA N H T 4T3 K2R 4. 56
BCS IRESESS, K 5 RV SE REBCPIME, VF R I e R IR bR . bAh, NidE— R Bz AL
ReJIAIRRE T, FRATEA AT T SEOAM . Wil KRG BB SH, AW R e, [ H AR
ANTRIESHE 73 A1 T #RE DR R 4 1R FI0I R

FERRY I REVPAL 7 TH, AR T 24 BA R RTEAR, Q20 TAERHE 4 T I (AUC).
FEREE. AR, REUEAUERFZ, KA Shapley H%f#F(SHapley Additive exPlanations, SHAP)&i%
PEAS AR ANRFAE R e A AR Ry H (R DT R[10], DASEIIUAR AL R AT AR 14k o X 4B AR AN [R] A FE A THT VR A 1 A5 2
PIvERE, SRR BRI ARt T AR .

23, RERSEXEH

KT FER SR IRAB R F 22 e A A A SR = TR B2 o ST AORL Sl FH B300 B AR T R BUE  Ai #h 5 70 R T AR AIE R
HUAOEUE N, 3&T Simplelmputer SEF . A1 &% 2% ST R F 1A B WL AR M4 M2 (RandomForestRegressor,
n_estimators = 100, random_state = 42), F|H 5EBFFAETMER A, LT GF L OR B RFAE (R e 1 56 &R

B B AN P4l ), FEAR ALY ZR I BE S SMOTE ILRAE, S35 72 N(sampling_strategy ='auto'
k_neighbors = 5. random_state = 42). SMOTE fUA/EAH TIN5, H AR I UE ARG, #i iR
WEERAS S SRR, AR 5 .

BRI EE LR, A S B R S 0 S R A BUE LK 1. Transformer SR 512 4 it 253 25
F, MINGRMEIRNZBUT R 128 48, SINEZMERLE, BN 4 LkEERNIES 128 ERTinm Lt
(GELU ¥3%), #1284k EER:. EIH— & 0.2 /) Dropout, &% 4 =il 545>, DNN
N3 EEEFERT NSRS JZY4EE 128—32), IS REUN ReLU, % 4 Dropout /Z(0.3). MLP 5 BP
R AT, BZ4ERE S0 64 F1 50, WO R E s> AR F ReLU 5 tanh. BEALARREE K 200 £R
CART A, HRIREEIRBIY 10, XGBoost t7 200 BREREESETHH, S AIREEN 3, % 21F N 0.01.
SVM K42 [H) F:A% B BU(RBF), gamma ZEHN 0.1. Fi ML ML 28 9K Adam, BARIENIL &R
5T RREE N TR 1.
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Table 1. Model parameters

= 1. RESY

Y S5 Ei el AR E
Transformer embed dim 32, 64,128 128
num_heads 4,8 4
ff dim 64, 128, 256 128
dropout_rate 0.1,0.2,0.3 0.2
learning_rate 0.001,0.0005, 0.0001 0.0001
batch_size 32 32
epochs 100 100
patience 10 10
DNN hidden_units1 64, 128, 256 128
hidden_units2 32,64, 128 32
dropout_rate 0.2,0.3,0.4 0.3
learning_rate 0.001,0.0005, 0.0001 0.0001
alpha (L2 regularization penalty) 0.01 0.01
batch_size 32 32
epochs 50 50
patience 5 5
MLP units 16, 32, 64 64
dropout_rate 0.3,0.5,0.7 0.5
learning_rate 0.01, 0.005, 0.001 0.005
alpha (L2 regularization penalty) 0.1 0.1
batch_size 64 64
epochs 30 30
patience 5 5
BP hidden_layer_sizes (50,), (100,), (50, 50), (100, 50) (50,)
activation relu, tanh tanh
alpha (L2 regularization penalty) 0.0001, 0.001, 0.01 0.0001
learning_rate constant, adaptive constant
RF n_estimators 100, 200, 300 200
max_depth None, 10, 20, 30 10
min_samples_split 2,5,10 10
min_samples_leaf 1,2,4 4
bootstrap True, False True
XGBoost n_estimators 100, 200, 300 200
max_depth 3,6,9 3
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learning_rate 0.01,0.1,0.2 0.01

subsample 0.6,0.8,1.0 1.0

colsample bytree 0.6,0.8,1.0 0.6

gamma 0,0.1,0.2 0.1

SVM C (penalty parameter) 0.1, 1, 10, 100 0.1
kernel rbf, poly, sigmoid rbf

gamma scale, auto, 0.1, 1 0.1

24. GHFERE

K R4.4.1. python3.12 F PyCharm2025.1.1.1 AT 48115041 SR Kolmogorov-Smirnov 5% o
Tl IEZS T o AR IEZS 7040 (1T 5 TR DA B + FRifk 22 (X + 5 )FRoR, I BRI REA ¢ 1050 AR
MIEZS 73 A (R v B R A A 8 (09 23 R R ) 2, AHIAT EL SR A Mann-Whitney U R 36 ; 150K DL
BRI R )R, AL SR 2 KBk Fisher BVIMER: . KB /KHE a=0.05, XUl P<0.05 BN AN
ZRBHSRIFE . KRR ESHH P <0.05 FIASEGIN 5 SRR i N REE -

3. &%
3.1. BEEDFENEERENR

ARWFFGIN 5110 B8, HEFR 1 61, Zdam Qi 5109 %1, ForpAdm kBN 4860 1], i K E#
249 . HERR B EH FITERITUA “other” , FNEHEM 2. PALEE I —BVORIELE W2 2. B &4
WRBL, A5 R R HEZANNE EFEAEREZES. L, #4758 K Mann-Whitney U #8546, 43
KRR 2, 450 TR PHIER . TR . SRS . il OAFR . TAERM. P
FEAE AT BMI 1 2 3 B A Gt 5 5 (34 P < 0.05).

Table 2. Comparison of general data between stroke group and non-stroke group

3% 2. FErhiAFNIEZE A —RRBIRIEEE

TiH Vs 2R R ZH (N = 4860) (N = 249) SiitHE P 1

5 2007 (41.3) 108 (43.4)

TR (%) =034 0.560
e 2853 (58.7) 141 (56.6)

SRS 43.00 (24.00, 59.00) 71.00 (59.00, 78.00) U =200261 <0.001

W HEARZS (%) MA 814 (16.7) 70 (28.1) ¥ =2927 <0.001
/R 1802 (37.1) 90 (36.1)
7 747 (15.4) 42 (16.9)
ES 1497 (30.8) 47 (18.9)
PN 1727 (35.5) 29 (11.6)

SRR (%) 72 =58.87 <0.001
LS 3133 (64.5) 220 (88.4)
T 4428 (91.1) 183 (73.5)

a1 1L (%) 7A=81.58 <0.001
H 432 (8.9) 66 (26.5)
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) T 4631 (95.3) 202 (81.1)
DI (%) 72=90.23 <0.001
H 229 (4.7) 47 (18.9)
- o) 2399 (49.4) 114 (45.8)
JE AT (%) ) =108 0.300
I 2461 (50.6) 135 (54.2)
gl NBE 685 (14.1%) 2 (0.8%)
AR 624 (12.8%) 33 (13.3%)
TAREEI(%) M TAE 22 (0.5%) 0 (0.0%) 72 =49.16 <0.001
R 2775 (57.1%) 149 (59.8%)
AN 754 (15.5%) 65 (26.1%)
T35 B A 91.47 (77.12,112.80)  105.22 (79.79, 196.71) U =1471082 <0.001
BMI 28.00 (23.40, 33.10) 29.70 (26.40, 33.70) U=1413263 <0.001

3.2. iRk MRE A RELEL R

MRYE FREEAR, IR DL FRHE N TR AT /007, BFEGEE . TERAS . SIRES . Mk, O
WSS« TARSSAL, P MpEE . BMI. 3£F BP. RF. XGBoost. SVM. DNN. MLP. Transformer 5:#)
T 7 P LA A R R TN AR Y, i I AT A SCIGIE AT A BRI TE AR B M B M R, L 3
455K, BP. RF. XGBoost. SVM. DNN. MLP. Transformer %) AUC {4514 0.810, 0.785,
0.764, 0.788, 0.853, 0.844, 0.912 H:h Transformer FEA [ AUC {fif i, HKZE DNN #ik, (AUC =
0.853), M EIETHAUC = 0.764) A%, RN IZARY B R (1) T RLREAR T Hofh 7S A Y, S8 ¥ ROC
HEEYNS P

3.2.1. Transformer 2314 GE (L

AW TR AT A8 IS AE Al 52 T Transformer 57204 2 1A 4% FRopis R TROMASE B P, LIS 20 BE T i
AR S A F AT TP A SCIGIE, TS RN Foldl (AUC=0.918). Fold2 (AUC=0.921). Fold3
(AUC=0.912). Fold4 (AUC =0.920). Fold5 (AUC =0.905), BRI A[REHE T4 L B A Fase i o
PERE . ZHHE R Y] Transformer SEN & A ERIT HE AR VERFE SR ILEE 1 BB B0 H . IR H, &gl
()73 IER 2R (AP)A 0.890, 3R BRI HLA 45 m ITE A %

Table 3. Performance of the seven models for predicting stroke onset

3. EMRBMZ MR R & TR B AL RE

CA7S AUC TR 2R B R 5 Brier 433
BP ik 0.810 0.756 0.711 0.758 0.154
RF #i% 0.785 0.904 0.210 0.939 0.072
XGBoost Hi2: 0.764 0.905 0.144 0.944 0.072
SVM Hi% 0.788 0.756 0.655 0.761 0.149
DNN $y2; 0.853 0.696 0.868 0.687 0.193
MLP $7i% 0.844 0.688 0.872 0.679 0.179
Transformer 5% 0.912 0.771 0.847 0.766 0.091
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Figure 1. ROC curves of the seven prediction models
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Figure 2. ROC curve and PR curve of the transformer model
2. Transformer #R84[) ROC BiZ& & P-R

3.2.2. Transformer &Y BY4FIE 5347

AWITIEH SHAP BIEVTAL & RFEAE 2B f 240 P ) DTBRAE FE . SHAP SR AR08 175 b 57 i ik 4%
e PR i 7 £ 32 9 THUIU BV 7 28 R VA 7 ThT BAT S K52 g, AT SEASEARY () W] Bt . SHAP 21 4F
FPe R 3 ps, SR ESFIRCE PARHE N @ EMRIK I : F6e . BMILL TAEZRAY., OAER . P
FEACSE S WRRAS . mli s AW .

3.2.3. EMHES Transformer FHBFIRFRXFR

DR BT LR b 2 30N R O AR R A ) R R OC R, AR LA G SHAP FHEEE], LK 4. 9
AL FR AFFAE 4% B EEVE SR P HES ), R ARAR N AN FEA Y] SHAP B, AR -5 AR AR 3L 5t R 20 &2 TR AH O,
B IEAE I R AR B I A XU, AU R PR AR XU o (RIS, s A TR R (A 1 i,
A EARRHEER R, W EARRREERK.
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Figure 3. SHAP feature importance ranking plot
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Figure 4. SHAP summary plot
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fix) =0.894
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YRR X AR R U0 45 SR A I 1) TR RIVARFAL AL 18 o 2 B v 2 m o R RS T 5 T € 2 B i i) BT R
HIVRFAAL (LG 0 2 PR TR . dn B P, B IEHE RS (R A5 i A A2 30) 0 0.222. e BB E AR e . TR
MHIRZS - BMIL AR SERHIE R 17 TTlk, 1% 8 RS IE 2 52 71 42 0.894, J& T i A s .
AR S ER . S SRS SRR, K2 0.194, ARTIEHEME, R UIZEE B9 KX
o gig

4. 7ig

M 7K Kaggle 28 B4 BB AL, @it X E LR HLES 22 ST LR TPE B8, & 3 Transformer
BIERI A, A AUC 1L 0912, %41 AUC ¥J7E 0.905 DA |, FRIPHEA RiFmf et S5z 1068
AL, 456 SHAP 43 Wit SR St AT P AR 1 oA, 33— D 3B B SR IR W 5, NI Rl B v
HIRPEH I3 FF

4.1. REPRFEHEXER

AWFFRIL, F6 BMLL TAEFRALR TUBREE i 10 = AMRHAE, YO OIER s P B KSF . )%
JRARAS o I 5 5 2%

FEWE TR AHIE 7T P AR R AR T B R R N R (1] BRI, MR I BESERR . 3)
KRR A B . AR T RRIRAT M C R, AT 3B A v R U B T . TR A RN, N
AR BFAER RSN 71 ¥, BEE TN P 43 2, WRIRKET N RN E S RELERBA
B, BAT Jee i o 6 T {07 25 S5 VP Ay, SRR I A b S SN, S AT TR 1T T

P AR EU(BMI)JE PR HLAAR AR FEAR B A% O AL TR AR 12],  ASHIF FEIIF 52 35 5 10 20 o R0 XU &2 TEAH
Ko BEJHE AT I G 4 S 0B It SORE IS SRR B AP T I A L K S5 22 S EAL A, N
BRI REREA ) AR 5 R R, 3 1 v i 25 R A XU [ 13] [14] 0 LI R 8 B R B JE N T R (i e &
¥, e HaEE R A S s SR T TR RS, B ARt fE R &R

HRMb 2 RE506H i 25 v A0 (54, AT RS A RN BEBRV AR SR 038 Bt BRV I 77 4 A B At s 4 5%
RS R E V) CHR[15]o AW FEAR TR, e R ME - T ER 26.1%, B3 TIEA T4
(19 15.5%; 11 i 25 H 2 20l N o B AL 0.8%,  F o s (1 HR VPR A6 o 25 Hh &0 T BB A7 AE — & PRI PE K
Ri[16]. TEMGARYEE AR, N o m B s s e g MOk AT 0 B R S 5 1 e B 245 7 2
b tEde S HIF BRI WEFEIZE), DA RIFH,  BRARMA 3 A0 R o

BEAN, OO S PRI KT WRORPIR 2 T I 95 5 54 4 £ 6 TR 2 B S s HE 3 R TR AR
B PIRUE TR A R . X LG R E S A T R AR R ORI CE 2 DU AT AR BIE S

4.2. Transformer =EEFE iz rh RHATN + R A RIFAOMERE

ITAER, BIFFEN 53 C I 20 A i 2 v i o JRUIG: DAl 5 3 A TRMINARE AR, {HL IR 8 T 50 5 e 22 s vk
LA R R HTRE ST MR R o IS X[ 17]55 K H Essen A5 H1 XU 43 )= B3R (Essen Stroke Risk Score,
ESRS)FIZE 1 7 T. FL-II (Stroke Prognostic Instrument-I1, SPI-TN)X 25 Hp & KU 3E4 714k, X B 20 HT B
PIANER I AUC {35108 0.576 1 0.583. ZRiM, M TIFMERMAR KGR, 58RI ERZR, 7
REAFAEARINBREEA R KSR 2R BT iR 0%, k. Mg, 2308, e M. 4
HHIZ, FLEERPRER AR, A, AR AR AR R RN S T, MR EEE iR
BER SRR ER, AR ANTR T A H 1) R L

B K E U 58 BRI TR R, LA S — R TR Z A TR A,  FHT5%0%
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S TR AR RSA, BO M BT BE - Rl BNIG R HIT B B D7 8 KT e R T i B R B 18]
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