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1. Introduction

.

e Medical diagnoses often rely on expert
opinions, but in heart disease cases,
consensus is difficult due to varying patient
symptoms. To 1improve early detection and
treatment outcomes, researchers are developing
new methods to identify heart disease in its
early stages.

e Machine Learning (ML) is a field of AI that
enables computers to learn from data and make
predictions without being explicitly
programmed.

smm Project Objective:

e Develop a predictive model using clinical and
demographic data to identify patients at risk
for heart disease.

e This project uses supervised learning,
specifically classification, to predict heart
disease based on patient medical data.

ALGORITHMS

Automated instructions

ARTIFICIAL INTELLIGENCE

Programs with the ability to
mimic human behavior

MACHINE LEARNING

Algorithms with the ability to learn
without being explicitly programmed

DEEP LEARNING

Subset of machine learning
in which artificial neural
networks adaptand learn
from vast amounts of data

FIG.1: AT and its
subcategories




1.1. General Workflow For Classification Al dev.

& Dpata To Collect

Blood tests

“ Pooled Labeled Data

Splitting Data

Diseased patients (n=x) — K-fold cross validation ,

Blood imaging

Monte Carle method, Or
leave one out

Control samples (n=y)

Urine analysis

«0) Output

Model Validation

Training data (e.g. 70% of x+y)
Validation data (e.g. 30% of x+y)

= Tuning And Optimization

{fﬁ Data Pre-processing (Feature Engineering)

Serological assays

Accuracy o tassification (1 or 0) Adjusting learning rate/epochs,

Precision nary classification (- or dropout rate, layers, nodes, etc
Recall @=m| Regression (Prediction of || Gradient decent, loss function

F1-Score numerical outcome) minimalization, RMSE, etc.

Receiver operating
characteristic (ROC)Area
Under Curve (AUC)

Multi-class classification

Interpretability (e.g.,
Shapley value)

GridSearch, RandomizedSearch,
Bayesian Optimization, etc..
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Feature
selection/reduction

Data Standardization Data Cleaning

Discretization Remaove missing dala
or fill with
imputation

Feature selection
with forward/
backward selection,
random forest, etc..

Normalization

Scaling Remove duplicates

Concept hierarchy Remove autliers Dimensionality

generation
Binning data } reduction
Embedding/ wilh PCA, LDA, SVD,
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" Machine Learning Model Development

LASSO Convolutional
AdaBoost i
Regression neural network
Autoencoder

Random forest Ridge regression

Neural network

XGBM Support yectcur Feed Forward
machine Neural network
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Feature Description

2. Dataset Overview

Age of participants

resting blood pressure |blood pressure upon admission

* Source:
Dat t 'F 303 t £ .th 13 1 . 1 cholesterol serum cholestoral conc (mg/dl)
° atase 0 patients Wwl cllnlca
. . fasti blood dl = dl =
features and a binary target variable aating blood sumr
. e: normal
(target: 1 = heart dlsease) © = no heart 1: having ST-T wave abnormality (T wave
. resting_ecg inversions and/or ST elevation or depression of >
disease)
* (electrocardiograph) @.85 mv)

Obtained from Machine Learning Repository at
https://www.openml.org/search?type=data&statu
s=active&id=43672.

2: showing probable or definite left wventricular
hypertrophy by Estes’' criteria

max_heart_rate

maximum heart rate achieved

exercise_angina

exercise induced angina (1/@)

oldpeak ST depression induced by exercise relative to

* Key Features: rest
slope of the peak exercise ST segment
Feature Description & Value Meaning ST _slope u :?Zioping
3: downsloping
sex 1 = male, @ = female
1 = Typical angina (classic heart-related pain),
2 = Atypical angina,
3 = Non-anginal pain, ~-
chest_pain_type 4 = Asymptomatic (no pain) ECG measurements Blood measurements
Blood Test Results
fasting blood sugar 1 = true (>120 mg/dl), @ = false (<120 mg/dl) o R
n : n : rrr—
target 1 = heart disease present, @ = no heart disease prveendes AL
LDL cholesterol <26mWm

Exercise
Blood Pressure z
'Normal Renal Function

150 minu 1

<1308

upsloping downsloping horizontal

< A9RI



https://www.openml.org/search?type=data&status=active&id=43672

2.1. Exploratory Data Analysis
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3. Methodology

Preprocessing:

e Checked and cleaned data (no missing values in provided sample)
e Standardized numerical features

e Model Selection:

e Random Forest Classifier for its accuracy and interpretability
e Gradient Boosting

e Neural network

e Decision Tree

e Logistic regression

e Ensemble model

= Training & Evaluation:

e Data split into training and testing sets (e.g., 80/20)
e Performance measured by accuracy, precision, recall, Fl-score, and ROC-AUC

<CTL




Spectrophotometric
analysis of glucose ==p-
and cholesterol.

i ab "

Collected data from
differentt countries

e

A 4

Ensemble (Weighted)

Training Set

t

Validation Set
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Dataset
?

« Etc...
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OpenML Repository Model Training Optimization Application Dev.
1‘  Heart Disease Predictor — 0 xf Heart Disease Predictor 0D X
® ® ng?j% Random forest : fww, ey
cfl\o Binary Output: o o —
i (Disease/No Disease) e -
Decision Tree l 0 e e
Heart Disease Healthy Heart Disease Predictor.exe ;M . WM",‘MM
° R B b(ems; :ng\:l o) obum; :.g-:. o
| ‘ 3["0 L ogistic regression Performance estimation Nl
l 1 1 ° «  Accuracy — °
. 0 ° - Prediction: Heart Disease (58.0%) Prediction: No Disease (30.0%
Caie Feed Forward NN Precision -
Blood  ECG measurements Symptomatic b * F1Score T
sample data _ _ « ROC A_UC '
| | Sradient Boosting *  Confusion matrix Best performing algorithm

Random Forest

Performance visualization







ROC Curve Comparison

107 = Calibration Curves Comparison
1.0 4 —®— Gradient Boosting -
—&— Random Forest
0.8 4 —8— Decision Tree
' —8— Logistic Regression
—8— Neural Network
0871 o Ensemble (Weighted Voting)
- -—-- Perfectly Calibrated
© 0.6 -
a
[i}] 0]
B 2 06-
g I3
P Q.
= 4 N
2 04 5
S
g 047
024 ’,"‘ —— Gradient Boosting (AUC = 0.95)
' ’,’ —— Random Forest (AUC = 0.97)
ot —— Decision Tree (AUC = 0.85)
7 —— Logistic Regression (AUC = 0.91) 0.2
o —— Neural Network (AUC = 0.94)
0.0 4 —— Ensemble (Weighted Voting) (AUC = 0.97)
0.0 0.2 0.4 0.6 0.8 10 0.6
False Positive Rate
0.0 0.2 0.4 0.6 0.8 1.0
FIG. 2 Compares the performance of different Mean fredicted Probability
machine learning models using Receiver FIG. 3 Assesses how well each model's predicted
Operating Characteristic (ROC) curves. probabilities match real-world outcomes, which

is crucial for clinical decision-making.




Precision-Recall Curve Comparison

1.0

0.9

0.8 1

Precision

0.7

0.6

—— Gradient Boosting (AUC = 0.94)
Random Forest (AUC = 0.97)
—— Decision Tree (AUC = 0.82)
—— Logistic Regression (AUC = 0.91)
—— Neural Network (AUC = 0.93)
—— Ensemble (Weighted Voting) (AUC = 0.96)

e

0.0 0.2 0.4 0.6 0.8 1.0
Recall

FIG. 4 Evaluates model performance using
precision-recall curves, which is particularly
informative for imbalanced medical datasets.

Confusion Matrix - Decision Tree

Confusion Matrix - Random Forest

Confusion Matrix - Gradient Boosting

0 1
Predicted Predicted Predicted
Confusion Matrix - Neural Network

Confusion Matrix - Logistic Regression Confusion Matrix - Ensemble (Weighted Voting)

4] 1 0 1 1
Predicted Predicted Predicted

FIG. 5 Compares the classification performance
different
through their confusion matrices,
each model distinguishes between patients with

of five machine learning models

showing how

and without heart disease.
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Model Metrics Comparison
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FIG. 6 Presents a side-by-side evaluation of
machine learning models across six key

Feature Importance (Randem Forest)

ST slope

chest_pain_type

oldpeak
cholesterol
Metrics
Accuracy
precision max_heart_rate
Recall g
F1 Score *E age
ROC AUC &
PR AUC resting_bp_s
exercise_angina
sex
resting_ecg
fasting_blood_sugar
0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16
Importance
FIG. 7 Reveals the most influential medical
factors for predicting heart disease, as
determined by a Random Forest algorithm.
Six

performance metrics for heart disease detection

e
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* Summary Results For Model Performance

Gradient Boosting
Random Forest
Decision Tree
Logistic Regression
Neural Network

Ensemble (Weighted Voting)

Accuracy
0.9131635
0.918768
0.851541
0.843137
0.885154
0.915966

Precision

0.911438
0.916667
0.882022
0.851852
0.873737
0.920635

Recall

0.925926

0.931217

0.830688

0.851852

0.915344
0.920635

F1 Score

0.912771

0.918399

0.851424

0.842593

0.884337
0.913675

ROC AUC

0.950145

0.969309

0.852844

0.913045

0.938146
0.968191

Comprehensive quantitative comparison of six machine
learning models across seven key evaluation metrics.

PR AUC

0.944635

0.965629

0.822321

0.911826

0.932695
0.964948
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Working Desktop Application Draft
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Age
50
Sex (0=F, 1=M)
1
Chest Pain Type (0-3)
4
Resting BP
%0
Cholesterol
210
Fasting Blood Sugar (0/1)
0
Resting ECG (0-2)
2
Max Heart Rate
140
Exercise Angina (0/1)
0
Oldpeak

ST Slope (0-2)

Prediction: Heart Disease (58.0%)

f Heart Disease Predictor

4

1

Age

Sex (0=F, 1=M)

Chest Pain Type (0-3)

0

90

Resting BP

Cholesterol

180
Fasting Blood Sugar (0/1)

0

Resting ECG (0-2)

Max Heart Rate

140
Exercise Angina (0/1)

0

Prediction

Oldpeak

ST Slope (0-2)

: No Disease (30.0%)
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Healthy Heart Disease
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spectroscopy application (in
1 wrist/forearm/index finger).
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5.0ther Real-World Projects

A
1 |ID I
2 145654403
3 144731507
45774419
45769185
45809263
45802912
45656768
45816158
45641395
45756839
45621750
45814818
45815568
45661288
45732604
45465200
45772281
45797221
45772104
45653306
45801686
45168471
45751951
45814106
45813492
27 | 45782859
28 45759112

u:m-«:cnu'\b

B T D E
Price Levy manufacte Model
13328 1399 LEXUS RX 450
16621 1018 CHEVROLE Equinox
8467 - HONDA 21
3607 262 FORD Escape
11726 446 HONDA AT
39493 291 HYUNDA! santa FE
1803 761 TOYOTA Prius
549 751 HYUNDA! Sonata
1098 304 TOYOTA Camry
26657 - LEXUS RX 350
941 1053 MERCEDE! E 350
8781 - FORD Transit
3000 - OPEL Vectra
1019 1055 LEXUS RX 450
59464 891 HYUNDAI Santa FE
549 1079 TOYOTA CHR
7683 810 HYUNDAI Elantra
28382 810 HYUNDA} Elantra
549 2386 HYUNDAI Sonata
941 1850 LEXUS RX 400
18826 531 HYUNDA! Elantra
20698 586 TOYOTA Prius
17562 1249 TOYOTA Camry
7840 - FORD Transit
4704 - OPEL Vectra
20385 - MERCEDE{E 220
549 2455 LEXUS GX 470

F G
prod. year Category

2010 leep Yes
2011 Jeep No
2006 Hatchback No
2011 Jeep Yes
2014 Hatchback Yes
2016 leep Yes
2010 Hatchback Yes
2013 Sedan Yes
2014 Sedan Yes
2007 Jeep Yes
2014 Sedan Yes

1999 Microbus No
1997 Goods wai No

2013 Jeep Yes
2016 Jeep Yes
2018 Jeep Yes
2016 Sedan Yes
2016 Sedan Yes
2006 Sedan Yes
2008 Jeep Yes
2012 Sedan Yes
2012 Sedan Yes
2017 Sedan Yes

2001 Microbus No

1995 Sedan No
2006 Sedan Yes
2008 leep Yes

H

|

Hybrid
petrol
petrol
Hybrid
petrol
Diese!
Hybrid
petrol
Hybrid
petrol
Diesel
CNG
CNG
Hybrid
Diesel
petrol
petrol
petrol
petrol
Hybrid
petrol
Plug-in Hyt
petrol
Diesel
petrol
Diese!
petrol

Kidney Diseas€

prediction

J K

Leather int Fuel type Engine vol Mileage

3.5 186005 ke
3192000 kiv
1.3 200000 kry
2.5 168966 kny
1.3 91901 km
2 160931 kw
1.8 258909 krr
2.4 216118 knr
2.5 398063 kit
3.5 128500 kit
3.5 184467 kit
4 0km
1.6 350000 ki
3.5 138038 ki
2 76000 kin
2 74146 km
1.8 121840 ki
1.8 54317 km
3.3 295059
3.5 364523 1
1.6 112645 2
1.8 187000 3
2.5 39709 % 4
2.0 Turbo 230000 5
1.8 Okm
2.2 Turbo 210000
4.7 0km

@

17

s
o

22

Cyli

L

M N

6 Automatic axd
6 Tiptronic ax4
4 Variator
4 putomatic axéd

Frant

4 putomatic Front
A Automatic Front
4 Automatic Front
4 putomatic Front
2 putomatic Front
6 Automatic Ax4

6 Automatic Rear
g Manual
4 Manual
& Automatic Front

Rear
Front

4 Automatic Front
4 Automatic Front
4 Automatic Front
4 Automatic Front

B i3
age bp

i} 48 80

1 7 50

1 62 80

3 48 70

4 51 80

5 60 90

6 68 70

7 24

8 52 100

9 53 90
10 50 60
11 63 70
12 68 70
13 68 70
14 68 80
15 40 30
16 47 70
17 47 80
18 60 100
19 62 60
20 61 80
21 60 90
22 48 80
23 21 70
24 42 100
25 61 60
26 75 80

a7 en a0

S8

nders Gear pox t Drive whet Doors

Used-cars prices
prediction

(¢} P Q R
wheel Color Airbags
oa-May Left wheel Silver 12
0a-May Left wheel Black 8
04-May Right-hanc glack 2
o4-May Left wheel White 0
o4-May Left wheel Silver 4
04-May Left wheel White 4
04-May Left wheel White 12
04-May Left wheel Grey 12
p4-May Left wheel Black 12
p4-May Left wheel Silver 12
oa-May Left wheel White 12
p2-Mar Left wheel Blue 0
04-May Left wheel White A
o4-May Left wheel White 12
04-May Left wheel Wwhite A
04-May Left wheel White 12
04-May Left wheel Blue 12
04-May Left wheel White 4
D E F G H i )
al su rbc pc pec ba
1.02 1 0 normal  notpresen notpresen
1.02 4 0 normal notpresen notpresent
101 2 3 normal normal notpresen notpresen
1,005 4 0 normal abnormal present notpresen
1.01 2 0 normal normal notpresent notpresen
1.015 3 0 notpresen’ notpresen
1.01 0 0 normal notpresen’ notpresen
1.015 2 4 normal abnormal notpresen’ notpresen’
1.015 3 0 normal abnormal present notpresen
1.02 2 0 abnormal abnormal present notpresen’
1.01 2 4 abnormal present aotpresen’
1.01 3 o abnosmal abnormal present notpresen’
1,015 3 1 normal present notpresen’
notpresen’ notpresen’
1.01 3 2 normal abnormal present present
1.015 o normal notpresen’ notpresen’
1.015 0 normal  notpresen notpresen’
notpresen notpresen
1.025 0 3 normal notpresen notpresen’
1.015 0 abnormal present notpresen’
1.015 0 abnormal abnormal nolpresen‘natpresen‘
notpresen’ notpresent
1.025 4 0 normal abnormal notpresen’ notpresen
1.01 0 0 normal  notpresen notpresent
1.015 4 0 normal abnormal notpresen’ present
1.025 0 0 normal notpresen’ notpresen
1.015 0 0 normal notpresen’ notpresen’
ann '\ R e reanl mmbmannemt R AT

bgr

K

423
117
106

74
100
410
138

70
490
380
208

98
157

76

99
114
263
100
173

95

108
156

bu

36
18
53
56
26
25
54
31
60
107
55
60

86
90
162
46
87
27
31
148
180
163

50
75

o7

sC

1.2
0.8
18
3.8
1.4
11

24
11
1.8
72

2.7
21
46
41
9.6
2.2
5.2
1.3
1.6
39

7%
7.1

1.4
1.9
2.4

AT

sod

111

142
104

114

131
138
135
130
141
138
139
135

135
45
136

129
141
140

PETY

pot

o]

25

3.7

4.2
5.8
3.4
6.4
4.9
4.1
3.7
43

3.8

5.2
3.4

P Q
hemo pev
15.4 44
1.3 38
9.6 31
11.2 32
11.6 35
12.2 39
12.4 36
12.4 a4
10.8 33
9.5 29
a4 28
10.8 32
9.7 8
9.8
5.6 16
7.6 24
12.6
121
12.7 37
10.3 30
7.7 24
10.2 32
9.8 32
1.1 39
9.9 29
11.6 35

PR

11400
5300
9200
6200
6900

8300
8400
10300

neno

htn

5.2 yes
no

no

3.9 yes
4.6 no
4.4 yes
no

5 no
4 yes
3.7 yes

3.8 yes
3.4 yes

2.6 yes
2.8 yes

no

4.3 yes
3.7 yes
3.2 yes
3.6 yes
3.4 yes
no
4.6 yes
3.7 yes
4 yes

PR

appet
good
good
poor
poor
good
good
good
good
good
poor
good
poof
poor
pDOf
poor
good
good
poar
good
good
poor
good
good
poor
poor
good

poor
e
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Thank you.

For more information, please contact:
zeyvad.mansour@aucegypt.edu
alexbe323@gmail.com
Rabab.asarl7@fsc.bu.edu.eg

Enjy sayed@aun.edu.eg

Esraa Hussien@aun.edu.eg
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