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STROKE PREDICTION MODEL USING MACHINE LEARNING TECHNIQUES

Potchara Dockchaam®, Ruangsak Trakunphutthirak2

Abstract

Stroke is one of the leading causes of death and disability worldwide. Early diagnosis of stroke is crucial
in reducing mortality rates and subsequent disabilities. However, diagnosing stroke requires the expertise of
medical professionals, which is limited. Researchers have recognized the potential of using Machine Learning
techniques to create models that can help classify stroke patients based on patient characteristic data, thereby
reducing the burden on doctors and enabling faster patient screeninsg.

This research involved the study of model creation using Machine Learning techniques, with the
dataset used for model creation coming from the Kaggle website. This dataset includes clinical data of 5,110
samples, comprising both normal individuals and stroke patients, and features imbalanced data, which can
affect the performance of the model. Various techniques were employed to manage the imbalanced data. The
study compared different models created using various algorithms including Logistic Regression, Decision Tree,
Random Forest, XGBoost, LishtGBM, AdaBoost, and CatBoost.

The comparison used performance metrics derived from the Confusion Matrix, including Accuracy,
Sensitivity, F1-score, Specificity, ROC Curve, and Balanced Accuracy. However, this research prioritized Balanced
Accuracy as the main performance metric due to the imbalanced data set, which required a performance metric
that considered the weight of the data categories. The results showed that the model created with the AdaBoost
algorithm had the highest performance with a Balanced Accuracy score of 0.72. If researchers want to improve
the model's performance, they can do so by increasing the sample size and performing parameter tuning using
the GridSearchCV algorithm.
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id age hypertension heart_disease avg_glucose_level bmi stroke

count 5110.000000 5110.000000  5110.000000 5110.000000 5110.000000 4909.000000 5110.000000
mean 36517.829354 43.226614 0.097456 0.054012 106.147677 28.893237 0.048728
21161.721625 22.612647 0.296607 0.226063 45.283560 7.854067 0.215320
67.000000 0.080000 0.000000 0.000000 55.120000 10.300000 0.000000
17741.250000 25.000000 0.000000 0.000000 77.245000 23.500000 0.000000
36932.000000 45.000000 0.000000 0.000000 91.885000 28.100000 0.000000
54682.000000 61.000000 0.000000 0.000000 114.090000 33.100000 0.000000
72940.000000 82.000000 1.000000 1.000000 271.740000 97.600000 1.000000
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smoking_status
never smoked 1892
Unknown 1544

formerly smoked 885
smokes 789
Name: count, dtype: int64
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Joyarneu (Training data) 4,088 f9819 uazdeyanAdey (Test data) 1,022 faa819

X_train.shape, X_test.shape, y_train.shape, y_test.shape

v/ 0.0s

((4088, 10), (1022, 10), (4088,), (1022,))
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Original Counter({@: 3889, 1: 199})
Undersampling : Counter({@: 199, 1: 199})

Oversampling Counter({0: 3889, 1: 3889})
SMOTE Counter({@: 3889, 1: 3889})
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A9 2 uansransuazUsEANSAnANgaveLuUTIaeIiaiwiedane3fiu Adaboost

Adaboost Algorithm

Imbzlance Type | Thresheld | TR | FN [ TR | FP | Accuracy | Recal | RCC Balance
Accuracy

0.1 BE1| & |42 3 0.61 04 | 0.70 o.r2

02 T2 B0 [ DO ] 0.gs oo | 070 0.50

Criginal Data 0.3 T2 B0 [ O 0 0.8s n0.oo | 0.70 0.0

0.4 72| B0 [ DO ] 0.85 0oo | 070 0.50

nsa T2 B0 [ O 0 0.8s n0.oo | 0.70 0.0

0.1 0 o (80| B0 0.05 1.00 | 080 0.50

n2 ] o |80 | &r2 0.05 1.00 | 060 0.0

SMOTE 0.3 i o |80 | &7z 0.05 1.00 | 06D 0.50

04 ] o |80 | &r2 0.05 1.00 | 060 0.0

ns 0 o |50 &7z 0.05 1.00 | 080 0.50

0.1 BBl | 8 |42 3 0.E1 ned | 071 072

0z T2 B0 [0 ] 0.85 oo | oT 0.50

Undersampling 03 T2 B0 [0 0 0.85 oo | 0T 0.E0

0.4 T2 B0 [0 0 0.85 noo | oT 050

ns T2 B0 [ O ] 0.gs oo | 0T 0.E0

0.1 o o |80 &r2 0.05 1.00 | 080 050

02 i o |80 | &r2 0.05 1.00 | 0.BD 0.50

Cversampling 0.3 0 0 | a0 | &7z 0.05 1.00 | 0.80 0.50

04 i o |80 | &r2 0.05 1.00 | 0.BD 0.50

nsa gEg | B0 [ O 13 094 000 | 060 049

1NANT199 2 s ndentdiinusydnsamlimanean dinussansanarldldaevioufsanuaunsalunis
MUIETDIMUUTIADY AIRN151FI08719 Sanaiid Adaboost iU yadeyanddyl (Original Data) AvAdaLiug1ilAas
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Adedenldriauudugianna ewinuansmnuaiunsalunisyihuedeyannuseny

dievhnsldanuudugraunadudiinUszdnsnmuediuuinass danesiiuiliusednsnmgeiiagn Inenisly
Anuwiuaunaiivianun 4 wuudiaes Fuluwuuiaeiiasiwinedanesiiu Adaboost Manuauuudaewsnie nsld

8ane3iu Adaboost funsldyadeyaund uazuuudnaesiasshe N15lddane3fiu Adaboost USutminvestayasiey
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A19599 3 Lansnan1siIsuiisulssansninesaluudnass Decision Tree Wag Catboost

Type Threshold | TM | FM | TP | FP | Accuracy | Recall | ROC | Balance
ACCUrscsy
0.1 844 | 33 | 17 | 128 | o084 034 | 082 | 060
Decision Tree + 0.2 888 | 42 | 8 |104| 086 018 | 082 | 053
Undersampling + 0.3 548 | 33 | 17 |123| o085 030 | 082 | 059
Class Resweight 0.4 888 | 37 | 132 | 104 | 0a&7 034 | 082 062
0.5 885 | 37 | 12 | 107 | 086 028 | 082 | 057
0.1 785 | 34 | & |184| 073 032 | 084 | 057
Catoonsting < 0.2 871 | 42 | & |101| 038 016 | 084 | 053
SMOTE + Class 0.3 915 | 42 | 8 | &7 0.90 016 | 084 | 055
Rewweight 0.4 a40 | 46 | 4 | 32 0.42 008 | 084 052
0.5 941 | 48 | 2 | 31 0.92 004 | 084 | 050

NA13197 3 wuudnaesiademedanesiiu Decision Tree mnausatunldsiuiuimaiianisdnnisteya

v '

Tundudeunitle Wewnanmsidenldinaiianisdnnisteyaiinunzan vinlinsvinuieves Decision Tree d

doaumsvineiignaeswengudeyans 2 Usennvaauuudnaed Decision Tree vilafiusedvznainiigendn
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JUN 7 UszAnsmuanuwivdraunanfngavainuudnaasiainsisudazdanasiy

Balanced Accuracy

0.8

0.69 0.72
N o 0.62 0.68 0.64 0.68
0.
0.
0

Catboost Decision LightGBM Random Logistic XGBoost ADABoost
Tree Forest Regression

~

N

N3UT 7 Mavhanuves Catboost finrmdudou dwmalinadnsildensludtugadeyaiiiaianuuue
aunagil 0.57 Fsnsidenld Decision Tree Autoyauniadlinadnsaiinindidogi 0.62 udluvauuusiaesiiini
Fudoufliuszansamiiininuusiaesiiugiu Wy XGBoost wag AdaBoost TilviszanSnmuesuuuiiaedlainiy
Decision Tree IngilAnnuuiuganunasgil 0.69 uag 0.72

madenlésanesiutusgiummumnzauvesetoya 1wu CatBoost iusanasfuitlimnziumslituyn

I @

Joyaiinduvesteyaiinnuasieaianu(s] Auluileliiuyadeyaithelsavasnfonaussiuguisuniniinudnuvugves

q

Joyandendeiu vilauseansamiisinituuudiaeaiugiuet1e Decision Tree

ANNAFIUN 3 N131U50 Threshold anmnsadaeufitymresuuudnaesiunisnmadunisuunngudeyadnuaunin
(Majority Class) uazngudiagasnuauiias (Minority Class) atnels
113U Threshold 1Junisidsunadnsnsvirunelvedlugduuuvesainuiiasdu Ineamnnsgiulunisli
auzdulumsinegazegi 0.5 mndunisvhweuuu 2 nquuesdeyaszed 50% : 50% vililemaniazviuey
Foyarivaenguiiaviiu wazmnuiualinedi 0.1 Temalunisvhwengudeyafisauladadunquieyaduiudesd
| 2 2 o o & A | ! o qw ° o 2 Y <
Aanuaslunazdulunmshuengudeyatinniaiegsening 0-10% gvilikuudnaesihwedungudeyaiisiaula

bilenanuuuitaesyiwenguieyadnuiuieslvignsesileniannniul]

AN9199 4 NARNGNITYINUIBLUUTADINE5 1908883713 Logistic Regression sauAumatia SMOTE

Loqgistic Regression

Imbalanced Type | Threshold | TN FM | TP FP | Accuracy | Recall | ROC Bslance

Accuracy

0.1 857 | 28 | 24 | 11

(a1}
=
m
o
=1
.
o

075 0.8

0.2 944 | 48 28 093 010 | 0.7B 0.84

(&3]

SMOTE 0.3 965 | 48 4 7 0g9s 008 | 0.7E 0.84
0.4 970 | B0 0 2 0g9s 000 | 07E 0.0
0.5 972 | 80 a 0 nas 000 | 078 0.80
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PNNTT 4 wuUsIaesTiad1esnesane3iu Logistic Regression aufuwmaiia SMOTE neaaslnanisusue
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