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Abstract

Heart disease is considered one of the most common and dangerous dis-
eases. Predicting heart disease is considered one of the most complex,
difficult and expensive matters, due to the large number of analyzes
and indicators that are difficult to analyze and evaluate, including age,
gender, cholesterol level, sugar level, heart rate, etc. ..etc. Therefore,
health systems face great challenges in diagnosing these diseases using
traditional methods.

Recently, artificial intelligence techniques, specifically machine learn-
ing methods and deep learning methods in particular, have proven their
major role in improving the quality of medicine, especially predicting
various diseases such as heart disease, diabetes, brain tumors, Alzheimer's
disease, and others.

In this study, we developed a deep learning model (DNN) to analyze
health data indicators in order to predict heart disease. We trained the
model on a large data set in order to provide accurate results. In ad-
dition, we verified the performance of the proposed model compared
to the machine learning methods most used in recent studies. Extens-
ive experiments showed the effectiveness of the model, as it achieved
a significant improvement compared to previous methods.

Keywords
HD Heart disease
DD Disease Detectoin
ML Machine learning
SL Supervised learning
SVM Support Vector Machine
LR Logistic regression

KNN K-nearest nighbers
ANN Artifical Neural networks

UL Unsupervised learning
SSL Semi Supervised learning
DL Deep learning

NN Neural networkss

DNN Deep Neural networks



Résumé

Les maladies cardiaques sont considérées comme 1'une des maladies les
plus courantes et les plus dangereuses. La prévision des maladies car-
diaques est considérée comme l'une des questions les plus complexes,
les plus difficiles et les plus cofiteuses, en raison du grand nombre
d'analyses et d'indicateurs difficiles a analyser et a évaluer, notamment
1'age, le sexe, le taux de cholestérol, le taux de sucre, la fréquence cardi-
aque, etc. Les systemes de santé sont donc confrontés a de grands défis
pour diagnostiquer ces maladies a 1’aide de méthodes traditionnelles.

Récemment, les techniques d'intelligence artificielle, en particulier
les méthodes d'apprentissage automatique et les méthodes d'apprentissage
profond, ont prouvé leur role majeur dans 1'amélioration de la qualité de
la médecine, notamment dans la prévision de diverses maladies telles
que les maladies cardiaques, le diabete, les tumeurs cérébrales, 1a mal-
adie d'Alzheimer, etc.

Dans cette €tude, nous avons développé un modele d'apprentissage
profond (DNN) pour analyser les indicateurs de données de santé afin
de prédire les maladies cardiaques. Nous avons formé le modele sur un
grand ensemble de données afin de fournir des résultats précis. De plus,
nous avons vérifié les performances du modele proposé€ par rapport aux
méthodes d'apprentissage automatique les plus utilisées dans les études
récentes. Des expériences approfondies ont montré I’ efficacité du mod-
cle, car il a permis d’obtenir une amélioration significative par rapport
aux méthodes précédentes.

Mots Clés
HD Maladie cardiaque
DD Détection des maladies
ML Apprentissage automatique
SL Enseignement supervisé
SVM Machine a vecteurs de support
LR Régression logistique
KNN k-Voisins les plus proches
ANN Réseaux de neurones artificiels
UL Apprentissage non supervisé
SSL Apprentissage semi-supervisé
DL L'apprentissage en profondeur
NN Les réseaux de neurones

DNN Réseaux de neurones profonds
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data = pd.get_dummies(data, columns=
[ ' AgeCategory', 'Race’,
'GenHealth'], drop_first=True)

label encoder = LabelEncoder()

for column i1n data.columns:
data[column] =

label encoder.fit transform(datal[col

umnl])
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_.evaluate
F'Accura
{accuracy
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Epoch 1/10

15990/1599¢ —————————————————— 38s 2ms/step - accuracy: 9.9075 - loss: ©.2529
Epoch 2/1@

15990/1599¢ —————————————————— 355 2ms/step - accuracy: 0.9150 - loss: ©.2344
Epoch 3/10

15990/1599¢ ——————————————————— 43s 2ms/step - accuracy: ©.9141 - loss: ©.2350
Epoch 4/10

15990/1599@ ———————————————— 42s 2ms/step - accuracy: 0.9150 - loss: ©.2336
Epoch 5/10

15990/1599@ ——————————————— 32s 2ms/step - accuracy: 0.9162 - loss: ©.2295
Epoch 6/10

15990/1599¢ ——————————————————— 39s 2ms/step - accuracy: ©.9157 - loss: ©.2292
Epoch 7/1@

15990/1599¢ —————————————————— 3@s 2ms/step - accuracy: 0.9145 - loss: ©.2320
Epoch 8/10

15990/1599@ —————————————————— 30s 2ms/step - accuracy: 0.9164 - loss: 0.2286
Epoch 9/10

15990/1599@ ————————————————— 41s 2ms/step - accuracy: 0.9169 - loss: 0.2278
Epoch 1@/10

15990/1599¢ ——————————————————— 295 2ms/step - accuracy: 0.9149 - loss: ©.2312
4997/4997 ———————————————— 7s 1ms/step - accuracy: ©.9137 - loss: ©.2353
Accuracy on the original test set: 91.58%
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import pandas as pd

from sklearn.model_selection import train_test_split

from sklearn.preprocessing import StandardScaler, LabelEncoder
from sklearn.decomposition import PCA

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense, Input

from imblearn.under_sampling import RandomUnderSampler

from imblearn.over_sampling import RandomQOverSampler

data = pd.read_csv('/content/heart_2020_cleaned.csv')
data.dropna(inplace=True)
label_encoder = LabelEncoder()

data = pd.get_dummies(data, columns=['AgeCategory', 'Race', 'GenHealth'], drop_first=

for column in data.columns:
data[column] = label_encoder.fit_transform(data[column])

X = data.drop('HeartDisease', axis=1)
y = data['HeartDisease']

scaler = StandardScaler()
X_scaled = scaler.fit_transform(X)

pca = PCA(n_components=11)
X_pca = pca.fit_transform(X_scaled)

X_train_val, X_test, y_train_val, y_test = train_test_split(X_pca, y, test_size=0.5, random_state=42)

model = Sequential()
model.add(Input(shape=(X_train_val.shape[1],)})
model.add(Dense(16, activation='relu'))
model.add(Dense(12, activation='relu'))
model.add(Dense(8, activation='relu'))
model.add(Dense(1, activation='sigmoid'))

model.compile(loss="'binary_crossentropy', optimizer='adam', metrics=['accuracy'])
model.fit(X_train_val, y_train_val, epochs=10, batch_size=10, validation_split=0.1)

loss, accuracy = model.evaluate(X_test, y_test)
print(f'Accuracy on the original test set: {accuracyx100 %')
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