DATA SCIENCE CAPSTONE PROJECT

Predictive Medical Assistant

Yen Phi Do

Introduction - Problem Statement : The project introduces the development of the Predictive Medical Assistant, a predictive model focused on anticipating the
probability of coronary heart disease (CHD) or myocardial infarction (Ml) by leveraging various health-related attributes. By employing machine learning techniques,
the project aims to analyze health-related data and create a predictive model to enhance early detection and timely, targeted intervention for individuals susceptible
to heart diseases, thereby contributing significantly to preventive care within the healthcare domain. To kickstart the project, a comprehensive health-related
dataset will be acquired and preprocessed from Kaggle (https://www.ka

Data description

The project utilizes the following data attributes:

o Heart disease: Indicates whether respondents have ever reported having coronary heart disease (CHD) or myocardial infarction (MI)

o BMI: Body Mass Index (BMI)

o Smoking: Determines if respondents have smoked at least 100 cigarettes in their lifetime. (Note: 5 packs = 100 cigarettes)

* Alcohol drinking: Indicates whether respondents are considered heavy drinkers. (Note: For adult men, heavy drinking refers to consuming more than 14 drinks
per week, while for adult women, it means consuming more than 7 drinks per week)

o Stroke: Indicates whether respondents have ever suffered a stroke

* Physical health: Reflects the number of days during the past 30 days when respondents experienced poor physical health, including iliness and injury

o Mental health: Indicates the number of days during the past 30 days when respondents experienced poor mental health

* Walking difficulty: Determines if respondents have serious difficulty walking or climbing stairs

o Sex: Identifies respondents' gender as male or female

* Age category: Represents respondents' age categorized into fourteen levels

« Ethnicity: Indicates the imputed race/ethnicity value

* Diabetes: Determines if respondents have ever had diabetes

* Physical activity: Indicates whether respondents have engaged in physical activity or exercise during the past 30 days, excluding regular job-related activities

* General health: Reflects respondents' perception of their overall general health

* Sleep time: Represents the average number of hours of sleep obtained within a 24-hour period

* Asthma: Determines if respondents have ever been told they had asthma.

* Kidney disease: Indicates if respondents have ever been diagnosed with kidney disease, excluding kidney stones, bladder infections, or incontinence

« Skin cancer: Determines if respondents have ever been told they had skin cancer

1. Initial setup, dataset acquisition and data preprocessing

This section encompasses initial setup code, data loading, and crucial preprocessing steps essential for effective data analysis and modeling. These steps include
handling missing values, binary encoding, scaling numerical features, and one-hot encoding categorical data to prepare the dataset adequately.

# Import nece y libraries
import pandas as pd

import numpy as np

from sklearn.preprocessing import MinMaxScaler

from sklearn.neighbors import KNeighborsClassifier

from sklearn.linear model import LogisticRegression

from sklearn.ensemble import RandomForestClassifier

from sklearn.model_ selection import train test split, GridSearchCv
from sklearn.decomposition import PCA

from sklearn.cluster import KMeans

from sklearn.metrics import accuracy score

from joblib import dump, load

from tableone import TableOne

import seaborn as sns

import matplotlib.pyplot as plt

# Function for data p. ng

def data_preprocessing(input_data=None) :

# Load data

data = pd.read csv("heart_ 2020_cleaned.csv")

# H le m g values

data.dropna (1npiace:True)

binary columns = ['Smoking', 'AlcoholDrinking', 'Stroke', 'DiffWalking', 'Sex', 'PhysicalActivity', 'Asthma', 'KidneyDisease',
'Skincance;‘]

data[binary_columns] = data[binary columns].replace ({'Ye 1, 'No': 0, 'Male': 1, 'Female': 0})

~ale numerical fe

scaler = MinMaxScaler ()

numerical cols = ['BMI', 'PhysicalHealth', 'MentalHealth', 'SleepTime']

data[numerical cols] = scaler.fit transform(data[numerical cols])

# One-hot encode egorical I ure t t du S

categorical columns = ['AgeCategory', Race', Diabetic', 'GenHealth']

data = pd.get_dummies (data, columns=categorical_columns)

return data




data = data_preprocessing()

2. Exploratory data analysis (EDA)

EDA is an essential preliminary step in understanding and preparing data which helps uncover the insights into the dataset's characteristics, the underlying patterns
and relationships in the dataset, ultimately leading to more informed and effective model building. Visualizations and statistical tests provide insights into the
dataset's characteristics, including the correlation matrix, distribution of the target variable, and univariate statistical tests.

In [7]:
# Display the dimensions of the dataset

print ("Number of rows and columns:"'
print (data.shape)

Number of rows and columns:
(313014, 41)

In [8]:
# Display the column labels (names) of the d

print ("Column names:")
print (data.columns)

Column names:

Index(['HeartDisease', 'BMI', 'Smoking', 'AlcoholDrinking', 'Stroke',
'PhysicalHealth', 'MentalHealth', 'DiffWalking', 'Sex',
'PhysicalActivity', 'SleepTime', 'Asthma', 'KidneyDisease',
'SkinCancer', 'AgeCategory_ 18-24', 'AgeCategory 25-29',
'AgeCategory 30-34', 'AgeCategory 35-39', 'AgeCategory_ 40-44',
'AgeCategory 45-49', 'AgeCategory 50-54', 'AgeCategory_ 55-59',
'AgeCategory 60-64', 'AgeCategory 65-69', 'AgeCategory 70-74',
'AgeCategory 75-79', 'AgeCategory 80 or older',

'Race_American Indian/Alaskan Native', 'Race_ Asian', 'Race_Black',
'Race_Hispanic', 'Race_Other', 'Race White', 'Diabetic No',
'Diabetic_Yes', 'Diabetic_Yes (during pregnancy)',
'GenHealth Excellent', 'GenHealth Fair', 'GenHealth Good',
'GenHealth Poor', 'GenHealth Very good'l],

dtype='object"')

In [9]:

# Display overview of the dataset
print ("Data overview:")
print(data.info())

Data overview:

<class 'pandas.core.frame.DataFrame'>
Index: 313014 entries, 0 to 319794
Data columns (total 41 columns):

# Column Non-Null Count Dtype
0 HeartDisease 313014 non-null object
1 BMI 313014 non-null floaté64
2 Smoking 313014 non-null 1int64
3 AlcoholDrinking 313014 non-null int64
4 Stroke 313014 non-null inté64
5 PhysicalHealth 313014 non-null floaté4
6 MentalHealth 313014 non-null float64
7 DiffWalking 313014 non-null int64
8 Sex 313014 non-null inté64
9 PhysicalActivity 313014 non-null int64
10 SleepTime 313014 non-null floaté64
11 Asthma 313014 non-null inté64
12 KidneyDisease 313014 non-null 1int64
13 SkinCancer 313014 non-null inté64
14 AgeCategory 18-24 313014 non-null bool
15 AgeCategory 25-29 313014 non-null bool
16 AgeCategory 30-34 313014 non-null Dbool
17 AgeCategory 35-39 313014 non-null bool
18 AgeCategory 40-44 313014 non-null Dbool
19 AgeCategory 45-49 313014 non-null Dbool
20 AgeCategory_50-54 313014 non-null bool
21 AgeCategory_55-59 313014 non-null bool
22 AgeCategory 60-64 313014 non-null Dbool
23 AgeCategory_65-69 313014 non-null Dbool
24 AgeCategory_70-74 313014 non-null bool
25 AgeCategory_75-79 313014 non-null Dbool
26 AgeCategory_ 80 or older 313014 non-null Dbool
27 Race_American Indian/Alaskan Native 313014 non-null bool
28 Race_Asian 313014 non-null bool
29 Race_Black 313014 non-null bool
30 Race_Hispanic 313014 non-null bool
31 Race_Other 313014 non-null bool
32 Race_White 313014 non-null bool
33 Diabetic_No 313014 non-null bool
34 Diabetic_Yes 313014 non-null bool
35 Diabetic_Yes (during pregnancy) 313014 non-null Dbool
36 GenHealth Excellent 313014 non-null bool
37 GenHealth Fair 313014 non-null bool
38 GenHealth Good 313014 non-null Dbool
39 GenHealth Poor 313014 non-null bool
40 GenHealth Very good 313014 non-null Dbool

dtypes: bool (27), float64(4), int64(9), object(l)
memory usage: 43.9+ MB
None

In [10]:

# Display des

print ("Data description:")

iptive statis for the numerical columns of the dataset



print (data.describe())

Data description:

BMI Smoking AlcoholDrinking Stroke \
count 313014.000000 313014.000000 313014.000000 313014.000000
mean 0.196298 0.411959 0.068399 0.037426
std 0.076472 0.492189 0.252431 0.189805
min 0.000000 0.000000 0.000000 0.000000
25% 0.144513 0.000000 0.000000 0.000000
50% 0.184233 0.000000 0.000000 0.000000
75% 0.233007 1.000000 0.000000 0.000000
max 1.000000 1.000000 1.000000 1.000000
PhysicalHealth MentalHealth DiffWalking Sex \
count 313014.000000 313014.000000 313014.000000 313014.000000
mean 0.111554 0.129514 0.137249 0.475589
std 0.264016 0.264482 0.344111 0.499405
min 0.000000 0.000000 0.000000 0.000000
25% 0.000000 0.000000 0.000000 0.000000
50% 0.000000 0.000000 0.000000 0.000000
75% 0.066667 0.100000 0.000000 1.000000
max 1.000000 1.000000 1.000000 1.000000
PhysicalActivity SleepTime Asthma KidneyDisease \
count 313014.000000 313014.000000 313014.000000 313014.000000
mean 0.776422 0.265154 0.133221 0.036695
std 0.416643 0.062348 0.339814 0.188012
min 0.000000 0.000000 0.000000 0.000000
25% 1.000000 0.217391 0.000000 0.000000
50% 1.000000 0.260870 0.000000 0.000000
75% 1.000000 0.304348 0.000000 0.000000
max 1.000000 1.000000 1.000000 1.000000
SkinCancer
count 313014.000000
mean 0.092986
std 0.290414
min 0.000000
25% 0.000000
50% 0.000000
75% 0.000000
max 1.000000
In [11]:
# Calculate the number of missing values for each column
data.isnull () .sum()
out[11]:
HeartDisease 0
BMI 0
Smoking 0
AlcoholDrinking 0
Stroke 0
PhysicalHealth 0
MentalHealth 0
DiffWalking 0
Sex 0
PhysicalActivity 0
SleepTime 0
Asthma 0
KidneyDisease 0
SkinCancer 0
AgeCategory 18-24 0
AgeCategory_ 25-29 0
AgeCategory 30-34 0
AgeCategory_ 35-39 0
AgeCategory 40-44 0
AgeCategory_45-49 0
AgeCategory 50-54 0
AgeCategory 55-59 0
AgeCategory 60-64 0
AgeCategory 65-69 0
AgeCategory 70-74 0
AgeCategory_75-79 0
AgeCategory 80 or older 0
Race_American Indian/Alaskan Native 0
Race_Asian 0
Race_Black 0
Race_Hispanic 0
Race_Other 0
Race_White 0
Diabetic_No 0
Diabetic_Yes 0
Diabetic_Yes (during pregnancy) 0
GenHealth Excellent 0
GenHealth Fair 0
GenHealth Good 0
GenHealth Poor 0
GenHealth Very good 0
dtype: int64
In [12]:
# Display the first few rows of the dataset
print ("\nSample data:")
print (data.head())
Sample data:
HeartDisease BMI Smoking AlcoholDrinking Stroke PhysicalHealth
0 No 0.055294 1 0 0 0.100000
1 No 0.100447 0 0 1 0.000000

\



2 No 0.175782 1 0 0 0.666667

3 No 0.147169 0 0 0 0.000000
4 No 0.141132 0 0 0 0.933333
MentalHealth DiffWalking Sex PhysicalActivity ... Race_Other \

0 1.0 0 0 1 . False

1 0.0 0 0 1 False

2 1.0 0 1 1 False

3 0.0 0 0 0 False

4 0.0 1 0 1 False
Race_White Diabetic No Diabetic Yes Diabetic_Yes (during pregnancy) \

0 True False True False

1 True True False False

2 True False True False

3 True True False False

4 True True False False
GenHealth Excellent GenHealth Fair GenHealth Good GenHealth Poor \

0 False False False False

1 False False False False

2 False True False False

3 False False True False

4 False False False False
GenHealth Very good

0 True

1 True

2 False

3 False

4 True

[5 rows x 41 columns]

In [13]:

# Exclude non-numeric columns from correlation calculation
numeric_data = data.select_dtypes(include=['number'])

# Visualize correlation matrix

plt.figure (figsize=(14, 7))

sns.heatmap (numeric_data.corr(), annot=True, cmap='coolwarm')
plt.title('Correlation Matrix')

plt.show()
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In [14]:

# Distribution of Target Variable
sns.countplot (x="HeartDisease', data=data)
plt.title('Distribution of Heart Disease')
plt.show()

Distribution of Heart Disease
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In [15]:

# Visualize distributions of numerical features
numerical features = ['BMI', 'PhysicalHealth',
for feature in numerical_ features:

plt.
sns
plt.
plt.

figure (figsize=(7,

.histplot(data=data,

4))

x=feature,

kde=True)

Yes

'MentalHealth',

title(f"Distribution of {feature}l")
show ()
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Distribution of SleepTime
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# Assuming
¢ rt boolean int
bool_columns = data.select_dtypes(include=['bool']) .columns

data[bool_ columns] = data[bool columns].astype (int)

definition for TableOne

categorical columns = list(data.select_dtypes(include=['object',

# Adjusting the categorical columns

# Add bool columns to categorical if not already present

1.0

'category']) .columns)

categorical columns += [col for col in bool_columns if col not in categorical columns]

# Prelimin
print ("\nUnivariate statistical

y univariate statisti

try:

# Attempt to create TableOne object

mytable = TableOne (data,
columns=data.columns.tolist (),
categorical=categorical_columns,
groupby="'HeartDisease',
pval=True)

# Print the table

print (mytable.tabulate(tablefmt="fancy grid"))
except Exception as e:
# If an error occurs, print the error message

print ("Error:", e)

Univariate statistical tests:

# Convert to list

Missing Overall No Yes P-Value
n 313014 286430 26584
HeartDisease, n (%) No 0 286430 (91.5) 286430 (100.0) <0.001
Yes 26584 (8.5) 26584 (100.0)
BMI, mean (SD) 0 0.2 (0.1) 0.2 (0.1) 0.2 (0.1) <0.001
Smoking, mean (SD) 0 0.4 (0.5) 0.4 (0.5) 0.6 (0.5) <0.001
AlcoholDrinking, mean (SD) 0 0.1 (0.3) 0.1 (0.3) 0.0 (0.2) <0.001
Stroke, mean (SD) 0 0.0 (0.2) 0.0 (0.2) 0.2 (0.4) <0.001
PhysicalHealth, mean (SD) 0 0.1 (0.3) 0.1 (0.2) 0.3 (0.4) <0.001
MentalHealth, mean (SD) 0 0.1 (0.3) 0.1 (0.3) 0.2 (0.3) <0.001
DiffWalking, mean (SD) 0 0.1 (0.3) 0.1 (0.3) 0.4 (0.5) <0.001
Sex, mean (SD) 0 0.5 (0.5) 0.5 (0.5) 0.6 (0.5) <0.001
PhysicalActivity, mean (SD) 0 0.8 (0.4) 0.8 (0.4) 0.6 (0.5) <0.001
SleepTime, mean (SD) 0 0.3 (0.1) 0.3 (0.1) 0.3 (0.1) <0.001
Asthma, mean (SD) 0 0.1 (0.3) 0.1 (0.3) 0.2 (0.4) <0.001
KidneyDisease, mean (SD) 0 0.0 (0.2) 0.0 (0.2) 0.1 (0.3) <0.001
SkinCancer, mean (SD) 0 0.1 (0.3) 0.1 (0.3) 0.2 (0.4) <0.001
AgeCategory 18-24, n (%) 0 0 292123 (93.3) 265664 (92.8) 26459 (99.5) <0.001
1 20891 (6.7) 20766 (7.2) 125 (0.5)
AgeCategory 25-29, n (%) 0 0 296234 (94.6) 269781 (94.2) 26453 (99.5) <0.001
1 16780 (5.4) 16649 (5.8) 131 (0.5)
AgeCategory 30-34, n (%) 0 0 294467 (94.1) 268108 (93.6) 26359 (99.2) <0.001
1 l 18547 (5.9) 18322 (6.4) l 225 (0.8)
1 1




AgeCategory 35-39, n (%) 292737 (93.5) 266441 (93.0) 26296 (98.9) <0.001
20277 (6.5) 19989 (7.0) 288 (1.1)

AgeCategory_40-44, n (%) 292308 (93.4) 266198 (92.9) 26110 (98.2) <0.001
20706 (6.6) 20232 (7.1) 474 (1.8)

AgeCategory 45-49, n (%) 291621 (93.2) 265761 (92.8) 25860 (97.3) <0.001
21393 (6.8) 20669 (7.2) 724 (2.7)

AgeCategory 50-54, n (%) 288158 (92.1) 262914 (91.8) 25244 (95.0) <0.001
24856 (7.9) 23516 (8.2) 1340 (5.0)

AgeCategory_55-59, n (%) 283989 (90.7) 259531 (90.6) 24458 (92.0) <0.001
29025 (9.3) 26899 (9.4) 2126 (8.0)

AgeCategory_ 60-64, n (%) 280211 (89.5) 256854 (89.7) 23357 (87.9) <0.001
32803 (10.5) 29576 (10.3) 3227 (12.1)

AgeCategory_65-69, n (%) 279765 (89.4) 257175 (89.8) 22590 (85.0) <0.001
33249 (10.6) 29255 (10.2) 3994 (15.0)

AgeCategory_70-74, n (%) 282874 (90.4) 260978 (91.1) 21896 (82.4) <0.001
30140 (9.6) 25452 (8.9) 4688 (17.6)

AgeCategory_75-79, n (%) 292129 (93.3) 269483 (94.1) 22646 (85.2) <0.001
20885 (6.7) 16947 (5.9) 3938 (14.8)

AgeCategory 80 or older, n (%) 289552 (92.5) 268272 (93.7) 21280 (80.0) <0.001
23462 (7.5) 18158 (6.3) 5304 (20.0)

Race American Indian/Alaskan Native, n (%) 307971 (98.4) 281914 (98.4) 26057 (98.0) <0.001
5043 (1.6) 4516 (1.6) 527 (2.0)

Race Asian, n (%) 305285 (97.5) 278958 (97.4) 26327 (99.0) <0.001
7729 (2.5) 7472 (2.6) 257 (1.0)

Race_Black, n (%) 290702 (92.9) 265805 (92.8) 24897 (93.7) <0.001
22312 (7.1) 20625 (7.2) 1687 (6.3)

Race_ Hispanic, n (%) 286330 (91.5) 261128 (91.2) 25202 (94.8) <0.001
26684 (8.5) 25302 (8.8) 1382 (5.2)

Race_Other, n (%) 302472 (96.6) 276727 (96.6) 25745 (96.8) 0.047
10542 (3.4) 9703 (3.4) 839 (3.2)

Race _White, n (%) 72310 (23.1) 67618 (23.6) 4692 (17.6) <0.001
240704 (76.9) 218812 (76.4) 21892 (82.4)

Diabetic_No, n (%) 43361 (13.9) 34296 (12.0) 9065 (34.1) <0.001
269653 (86.1) 252134 (88.0) 17519 (65.9)

Diabetic_Yes, n (%) 272212 (87.0) 254585 (88.9) 17627 (66.3) <0.001
40802 (13.0) 31845 (11.1) 8957 (33.7)

Diabetic_Yes (during pregnancy), n (%) 310455 (99.2) 283979 (99.1) 26476 (99.6) <0.001
2559 (0.8) 2451 (0.9) 108 (0.4)

GenHealth Excellent, n (%) 246919 (78.9) 221800 (77.4) 25119 (94.5) <0.001
66095 (21.1) 64630 (22.6) 1465 (5.5)

GenHealth Fair, n (%) 279464 (89.3) 259757 (90.7) 19707 (74.1) <0.001
33550 (10.7) 26673 (9.3) 6877 (25.9)

GenHealth Good, n (%) 222379 (71.0) 205060 (71.6) 17319 (65.1) <0.001
90635 (29.0) 81370 (28.4) 9265 (34.9)

GenHealth Poor, n (%) 302072 (96.5) 279226 (97.5) 22846 (85.9) <0.001
10942 (3.5) 7204 (2.5) 3738 (14.1)

GenHealth Very good, n (%) 201222 (64.3) 179877 (62.8) 21345 (80.3) <0.001
111792 (35.7) 106553 (37.2) 5239 (19.7)

Cluster, mean (SD) 0.4 (0.5) 0.4 (0.5) 0.2 (0.4) <0.001

3. Unsupervised leaming - Clustering




In this section, unsupervised learning techniques, particularly clustering methods, are explored. PCA (Principal Component Analysis) is employed for dimensionality
reduction, and KMeans clustering is utilized to uncover patterns and groupings within the data. The primary focus is on visualizing patient clusters based on heart
disease risk factors, aiming to reveal potential insights and relationships. Prioritizing this exploration phase allows for valuable understanding of the data's inherent
structure before proceeding to subsequent analyses.

In [18]:

# Dimensionality Reduction using PCA
pca = PCA(n_components=2)
data pca = pca.fit transform(data.drop(columns=['HeartDisease']))

In [19]:

# KMeans clustering
kmeans = KMeans (n_clusters=2, random_state=1, n_init=10)
data['Cluster'] = kmeans.fit predict (data_pca)

In [20]:

# Visualizing Clusters

plt.figure (figsize=(10, 6))

sns.scatterplot (x=data_pcal[:,0], y=data_pcal:,1], hue=data['Cluster'], palette='Setl', alpha=0.8)
plt.title("Clusters of Patients Based on Heart Disease Risk Factors (PCA Reduced)")

plt.xlabel ("First Principal Component - Risk Factor Pattern 1")

plt.ylabel ("Second Principal Component - Risk Factor Pattern 2")

plt.legend(title="'Cluster"')

plt.show()
Clusters of Patients Based on Heart Disease Risk Factors (PCA Reduced)
& Cluster
1.5 & 0
™ [ 1
£
i
& 1.0
2
E ®
v
i)
@ 0.5
S
= o
%]
c
=]
(=9
£ 0.0
o
(%]
w
(=1
w]
£ -0.5-
o
=
c
[=]
(%]
&
-1.0
-1.0 ~0.5 0.0 0.5 1.0 1.5 2.0

First Principal Component - Risk Factor Pattern 1

4. Model building and fitting

This section elaborates on the selection, training, and optimization of machine learning models aimed at predicting heart disease risk. It covers details regarding
model training, parameter tuning using GridSearchCV, and model evaluation based on accuracy. Specifically, various machine learning algorithms including
KNeighborsClassifier, LogisticRegression, and RandomForestClassifier, will be utilized for model building. Each model will undergo rigorous testing and evaluation,
with the most accurate model being selected based on predefined criteria.

In [21]:

Prepare data for modeling - Split data

= data.drop(columns=['HeartDisease'])

= data['HeartDisease']

_train, X_test, y train, y test = train_ test_split(X, y, test_size=0.25, random_state=1, stratify=y)

Mo X e

K-Nearest Neighbors (KNN): KNN is chosen for this project due to its simplicity, non-parametric nature, and ability to predict heart disease risk based on the
similarity between data points. Its adaptability to various classification tasks and localized decision-making process make it suitable for capturing complex patterns
in the data without strict assumptions. Despite its simplicity, KNN remains effective for exploring heart disease prediction, although its performance should be
compared with other algorithms for validation.

In [22]:

# Initialize the K-Nearest Neighbors (KNN) classifier with default parameters. KNN is a simple, instance-based learning algorithm
# where the class of a sample is determined by the majority class among its k nearest neighbors.
knn = KNeighborsClassifier ()

# Define the parameter grid for GridSearchCV to tune the KNN classifier. The grid specifies a range for 'n neighbors'
# (i.e., the value of k in KNN) from 1 to 49. The optimal number of neighbors will be determined through cross-validation.
param_grid knn = {'n_neighbors': np.arange (1, 50)}

# Perform grid search with 4-fold cross-validation to find the best number of neighbors ('n neighbors') for the KNN classifier.
# GridSearchCV evaluates different 'n neighbors' values to find the best parameter setting that maximizes model performance.
knn_gscv = GridSearchCV (knn, param grid_knn, cv=4).fit(X_train, y_train)

# Retrieve the best KNN model (with the optimal 'n neighbors' value) found by the grid search.
knn_opti = knn_gscv.best_estimator_



onvert X

as KNN c

data in memory.

.asarray (X_test) .copy(order="'C")

well

acct optimized KNN model on the

test set.

lata, using
= accuracy_score(y_test, knn_opti.predict (X _test_ c_contiguous)

dump (knn_opti, "knn_ opti.joblib")

c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\model selection\ validation.py:824: UserWarning: Scoring failed.
The score on this train-test partition for these parameters will be set to nan. Details:
Traceback (most recent call last):
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\model selection\_validation.py", line 813, in _score
scores = scorer (estimator, X_test, y_test)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\ scorer.py", line 527, in _ call
return estimator.score (*args, **kwargs)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\base.py", line 705, in score
return accuracy_score(y, self.predict(X), sample weight=sample weight
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\neighbors\_classification.py", line 246, in predict
if self. fit method == "brute" and ArgKminClassMode.is_usable_ for (
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\_pairwise distances_reduction\_dispatcher.py", 1
ine 471, in is_usable_for
ArgKmin.is_usable_for (X, Y, metric)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\ pairwise distances_reduction\_dispatcher.py", 1
ine 115, in is_usable_for
and (is_numpy c ordered(X) or is _valid sparse matrix (X))
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\_pairwise distances_reduction\_dispatcher.py", 1
ine 99, in is_numpy c ordered
return hasattr (X, "flags") and X.flags.c_contiguous

AAAAAAAAAAAAAAAAAAAA

AttributeError: 'Flags' object has no attribute 'c_contiguous'

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\model selection\ validation.py:824: UserWarning: Scoring failed.
The score on this train-test partition for these parameters will be set to nan. Details:
Traceback (most recent call last):
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\model selection\_validation.py", line 813, in _score
scores = scorer (estimator, X_test, y_test)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\_scorer.py", line 527, in _ call _
return estimator.score(*args, **kwargs)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\base.py", line 705, in score
return accuracy_score(y, self.predict(X), sample weight=sample weight
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\neighbors\_classification.py", line 246, in predict
if self. fit method == "brute" and ArgKminClassMode.is usable for(
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\_pairwise distances_reduction\_dispatcher.py", 1
ine 471, in is_usable_for
ArgKmin.is_usable_for (X, Y, metric)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\_pairwise distances_reduction\_dispatcher.py", 1
ine 115, in is_usable_for
and (is_numpy c ordered(X) or is valid sparse matrix (X))
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\_pairwise distances_reduction\_dispatcher.py", 1
ine 99, in is_numpy c_ ordered
return hasattr(X, "flags") and X.flags.c_contiguous

AAAAAAAAAAAAAAAAAAAA

AttributeError: 'Flags' object has no attribute 'c_contiguous'

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\model selection\_validation.py:824: UserWarning: Scoring failed.
The score on this train-test partition for these parameters will be set to nan. Details:
Traceback (most recent call last):
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\model selection\_validation.py", line 813, in _score
scores = scorer (estimator, X_test, y_test)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\_scorer.py", line 527, in __ call _
return estimator.score(*args, **kwargs)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\base.py", line 705, in score
return accuracy_score(y, self.predict(X), sample weight=sample weight)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\neighbors\ classification.py", line 246, in predict
if self. fit method == "brute" and ArgKminClassMode.is usable for(
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\_ pairwise distances_reduction\_dispatcher.py", 1
ine 471, in is_usable_for
ArgKmin.is_usable_for (X, Y, metric)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\_ pairwise distances_reduction\_dispatcher.py", 1
ine 115, in is_usable_for
and (is_numpy c_ordered(X) or is_valid sparse_matrix (X))
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\_ pairwise distances_reduction\_dispatcher.py", 1
ine 99, in is_numpy_c_ordered
return hasattr(X, "flags") and X.flags.c_contiguous

ANAAAAAAAAAAAAAANANA

AttributeError: 'Flags' object has no attribute 'c_contiguous'

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\model selection\_validation.py:824: UserWarning: Scoring failed.
The score on this train-test partition for these parameters will be set to nan. Details:
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ine 115, in is_usable_ for
and (is_numpy c_ordered(X) or is_valid sparse_matrix(X))
AAAAAAAANANANAAAAAAAAN
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\_pairwise distances_reduction\_dispatcher.py", 1
ine 99, in is_numpy c_ordered
return hasattr (X, "flags") and X.flags.c_ contiguous

AAAANAAAAAAAAAAAAANAAN

AttributeError: 'Flags' object has no attribute 'c_contiguous'

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\model selection\ validation.py:824: UserWarning: Scoring failed.
The score on this train-test partition for these parameters will be set to nan. Details:
Traceback (most recent call last):
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\model selection\_validation.py", line 813, in _score
scores = scorer (estimator, X_ test, y_test)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\ scorer.py", line 527, in _ call
return estimator.score (*args, **kwargs)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\base.py", line 705, in score
return accuracy_score(y, self.predict (X), sample weight=sample weight)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\neighbors\ classification.py", line 246, in predict
if self. fit method == "brute" and ArgKminClassMode.is_ usable_ for(
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\ pairwise distances_reduction\_ dispatcher.py", 1
ine 471, in is_usable_ for
ArgKmin.is_usable for (X, Y, metric)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\_pairwise_distances_reduction\_dispatcher.py", 1
ine 115, in is_usable_for
and (is_numpy c_ordered(X) or is_valid sparse_matrix (X))
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\_pairwise distances_reduction\_dispatcher.py", 1
ine 99, in is_numpy c_ordered
return hasattr(X, "flags") and X.flags.c_contiguous

AAAANANAAAAAAAAAAANAA

AttributeError: 'Flags' object has no attribute 'c_contiguous'

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\model selection\ validation.py:824: UserWarning: Scoring failed.
The score on this train-test partition for these parameters will be set to nan. Details:
Traceback (most recent call last):
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\model selection\_validation.py", line 813, in _score
scores = scorer (estimator, X_test, y_test)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\ scorer.py", line 527, in _ call
return estimator.score (*args, **kwargs)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\base.py", line 705, in score
return accuracy_score(y, self.predict(X), sample weight=sample weight)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\neighbors\ classification.py", line 246, in predict
if self. fit method == "brute" and ArgKminClassMode.is usable_ for (
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\_pairwise_distances_reduction\_dispatcher.py", 1
ine 471, in is_usable_ for
ArgKmin.is_usable_for (X, Y, metric)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\_pairwise distances_reduction\_dispatcher.py", 1
ine 115, in is_usable_for
and (is_numpy c_ordered(X) or is_valid sparse matrix (X))
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\metrics\ pairwise distances_reduction\_ dispatcher.py", 1
ine 99, in is_numpy c_ordered
return hasattr (X, "flags") and X.flags.c_contiguous

AAAAAAAAAAAAAAAAAAAA

AttributeError: 'Flags' object has no attribute 'c_contiguous'

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\model selection\_search.py:976: UserWarning: One or more of the t
est scores are non-finite: [nan nan nan nan nan nan nan nan nan nan nan nan nan nan nan nan nan nan

nan nan nan nan nan nan nan nan nan nan nan nan nan nan nan nan nan nan

nan nan nan nan nan nan nan nan nan nan nan nan nan]

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\base.py:464: UserWarning: X does not have valid feature names, b
ut KNeighborsClassifier was fitted with feature names

warnings.warn (

out[22]:
['knn_opti.joblib']
Logistic Regression: Logistic Regression is chosen for its effectiveness in binary classification tasks, like predicting heart disease presence. It's ideal for linear

relationships between features and outcomes and offers interpretable results, aiding in risk assessment. Its simplicity, efficiency, and interpretability make it a fitting
choice for this project, providing valuable insights into heart disease risk factors.

In [23]:

# Initialize the Logis Regression model with a high number of maximum iterations 10, 000)

logReg = LogisticRegression(max_iter=10000)

np.liogspace(o, 2, 50), 'penalty': ['ll', '1l2', None]}

model t
ag' based on
g' based o

(X train,
y train).

ioqReg_gscv = GridSearchCV (logReg, param grid_logreg, cv=4).fit(X train, y_train)

# Retrieve the best




# c

on ov 1e pa

logReg _gscv.best_estimator_

n model on

ccuracy of the optimized Logistic Regr

S y st
logreg_accuracy = accuracy_score(y_test, logReg_opti.predict (X_test)

dump (logReg_opti, "logReg opti.joblib")

c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\ logistic
will ignore the C and 11 _ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\ logistic
will ignore the C and 11 _ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11 _ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11 _ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\ logistic
will ignore the C and 11 _ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\ logistic
will ignore the C and 11 _ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\ logistic
will ignore the C and 11 _ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\ logistic
will ignore the C and 11 _ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\ logistic
will ignore the C and 11 _ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11 _ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11 _ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11 _ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11 _ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11 _ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11_ratio parameters

warnings.warn (
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\_ logistic
will ignore the C and 11 _ratio parameters

-PY

-PY

.py:

-PY

.py:

-Py

.py:

.py:

.py:

.py:

.py:

.py:

.py:

.py:

.py:

.py:

.py:

.py:

.py:

.py:

-Py

.py:

-Py

.py:

-Py

.py:

-Py

.py:

-Py

.py:

.py:

3923

3923

1192:

31923

1192:

:1192:

1192:

1192:

1192:

1192:

1192:

1192:

1192:

1192:

1192:

1192:

1192:

1192:

1192:

1192:

:1192:

1192:

311923

1192:

311923

1192:

311923

1192:

311923

1192:

1192:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

UserWarning:

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

Setting

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None

penalty=None



solver = check _solver(self.solver, self.penalty, self.dual)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\linear model\ logistic.py", line 56, in _check_solver
raise ValueError (
ValueError: Solver lbfgs supports only '1l2' or 'none' penalties, got 11 penalty.

warnings.warn (some_fits_failed message, FitFailedWarning)
c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\model selection\_search.py:976: UserWarning: One or more of the t

est scores are non-finite: [ nan 0.91678736 0.91679588 nan 0.91677458 0.91679588
nan 0.91678736 0.91679588 nan 0.91678736 0.91679588
nan 0.91678736 0.91679588 nan 0.91679588 0.91679588
nan 0.9167831 0.91679588 nan 0.9167831 0.91679588
nan 0.91679162 0.91679588 nan 0.9167831 0.91679588
nan 0.9167831 0.91679588 nan 0.91677884 0.91679588
nan 0.9167831 0.91679588 nan 0.91677884 0.91679588
nan 0.91677884 0.91679588 nan 0.9167831 0.91679588
nan 0.91677458 0.91679588 nan 0.91677884 0.91679588
nan 0.91677884 0.91679588 nan 0.91678736 0.91679588
nan 0.9167831 0.91679588 nan 0.91677458 0.91679588
nan 0.9167831 0.91679588 nan 0.9167831 0.91679588
nan 0.9167831 0.91679588 nan 0.91678736 0.91679588
nan 0.91679162 0.91679588 nan 0.91678736 0.91679588
nan 0.9167831 0.91679588 nan 0.9167831 0.91679588
nan 0.9167831 0.91679588 nan 0.91678736 0.91679588
nan 0.9167831 0.91679588 nan 0.9167831 0.91679588
nan 0.91679162 0.91679588 nan 0.9167831 0.91679588
nan 0.91678736 0.91679588 nan 0.9167831 0.91679588
nan 0.91678736 0.91679588 nan 0.9167831 0.91679588
nan 0.91679162 0.91679588 nan 0.91678736 0.91679588
nan 0.91678736 0.91679588 nan 0.91679162 0.91679588
nan 0.91679588 0.91679588 nan 0.9167831 0.91679588
nan 0.91678736 0.91679588 nan 0.9167831 0.91679588
nan 0.91678736 0.91679588 nan 0.9167831 0.91679588]

warnings.warn (
out[23]:
['logReg_opti.joblib']

Random Forest Classifier: The Random Forest Classifier is chosen for its ability to handle complex datasets like medical data, accurately predicting heart disease. Its
capability to capture nonlinear relationships and manage missing data ensures robust performance. Additionally, its ensemble approach reduces overfitting,

enhancing model reliability and interpretability for heart di risk 1ent.
In [24]:
# Initialize the Random For ifier without specifying

rf = RandomForestClassifier

# Defin

# (the

) ] that improves mod
param_grid rf = {'n_estimators': [600, 730, 800],

# to finc

idation on the R

of

id search with

expl

ores

# 'n_job allows the process to use all rilable CPU cores for faster completion.

rf_ggcv = GridSearchCV (rf, param grid rf, cv=5, n_jobs=-1).fit(X_train, y train)

# Retrieve the be (Random Forest model) found

model is considered opti

# based on the c validation ts over the spec
rf opti = rf gscv.best estimator
# Calculate and print the accuracy of the optimized Random Forest model on the test dataset to evaluate its

rf_accuracy = accuracy_score(y_test, rf opti.predict (X_test)

zed Random Fc i . joblib' for future use,

# allowing the del to be readi

dump (rf_opti, "randomForest opti.joblib

c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\model selection\ validation.py:425: FitFailedWarning:
24 fits failed out of a total of 30.

The score on these train-test partitions for these parameters will be set to nan.

If these failures are not expected, you can try to debug them by setting error_score='raise'.

Below are more details about the failures:
8 fits failed with the following error:
Traceback (most recent call last):
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\model selection\_validation.py", line 732, in _fit and_s
core
estimator.fit (X _train, y train, **fit params)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\base.py", line 1151, in wrapper
return fit method(estimator, *args, **kwargs)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\ensemble\ forest.py", line 456, in fit
trees = Parallel (
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\utils\parallel.py", line 65, in _ call
return super()._ call (iterable with config)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\joblib\parallel.py", line 1863, in _ call
return output if self.return generator else list (output)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\joblib\parallel.py", line 1792, in _get_ sequential_ output
res = func(*args, **kwargs)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\utils\parallel.py", line 127, in _ call
return self.function(*args, **kwargs)
File "c:\Users\Asus\scoop\apps\python\current\Lib\site-packages\sklearn\ensemble\ forest.py", line 188, in _parallel build_trees
tree.fit (X, y, sample weight=curr_sample_weight, check_input=False)



Qut[24]:

['randomForest opti.joblib']

In [25]:

# Res S

print (f"K-Nearest Neighbors Accuracy: {knn_accuracy}")
print (f"Logistic Regression Accuracy: {logreg accurac
print (f"Random Forest Accuracy: {rf accuracy}")

K-Nearest Neighbors Accuracy: 0.8713164822245508
Logistic Regression Accuracy: 0.915812610218008
Random Forest Accuracy: 0.9035065300176349

5. Results and Model Deployment:

Based on the results obtained from the three models, it is evident that Logistic Regression outperforms both K-Nearest Neighbors (KNN) and Random Forest
Classifier in terms of accuracy. With an accuracy of 91.58%, Logistic Regression demonstrates superior predictive power in identifying heart disease. While both
KNN and Random Forest also achieve respectable accuracies of 87.13% and 90.40%, respectively, Logistic Regression proves to be the most effective model for
this task. Therefore, Logistic Regression is the recommended choice for accurately predicting heart disease in this dataset.

The following Python code is intended for deploying a trained machine learning model using Streamlit. The model is loaded from a file named "logReg_opti.joblib".
The main function of the code creates a Streamlit web application titled "Heart Disease Prediction”. It includes input fields for various features such as age, sex,
chest pain type, blood pressure, cholesterol, blood sugar, resting ECG, max heart rate, exercise-induced angina, and oldpeak. The user can input values for these
features, and upon clicking the "Predict" button, the code makes predictions using the loaded model and displays the result. This code is saved in a separate Python
file named "heart_disease_prediction_app.py" within the same folder for deployment purposes.

In [1]:

import streamlit as st
import pandas as pd
from joblib import load

ned model

logReg opti.joblib') #

# Load the t

model = load(

a
'

# Define the function to make predictions
def predict (input_features) :
try:

prediction = model.predict (input_features)
return prediction
except Exception as e:
return str(e)
# Create the Streamlit web application
def main() :
st.title('Heart Disease Prediction')

# Add input fields for features

heart_disease = st.radio('Heart Disease', ['Yes', 'No'])

bmi = st.slider('BMI', 10.0, 50.0, 25.0)

smoking = st.selectbox('Smoking', ['Yes', 'No'l)

alcohol drinking = st.selectbox('Alcohol Drinking', ['Yes', 'No'])
stroke = st.selectbox('Stroke', ['Yes', 'No'l])

physical_health = st.slider('Physical Health', 0, 100, 50)

mental health = st.slider ('Mental Health', 0, 100, 50)

diff walking = st.selectbox('Difficulty Walking', ['Yes',6 'No'])

sex = st.selectbox('Sex', ['Male', 'Female'])

age_category = st.selectbox('Age Category', ['18-24', '25-29', '30-34', '35-39', '40-44', '45-49', '50-54', '55-59', '60-64',
'65-69', '70-74', '75-79', '80 or older'])

race = st.selectbox('Race', ['White', 'Black', 'Asian', 'Hispanic'l])

diabetic = st.selectbox('Diabetic', ['Yes', 'No'])

physical_activity = st.selectbox('Physical Activity', ['Yes',6 'No'l])

gen_health = st.selectbox('General Health', ['Excellent', 'Very Good', 'Good', 'Fair', 'Poor'])

sleep_time = st.slider('Sleep Time',6 2, 12, 8)

asthma = st.selectbox('Asthma', ['Yes', 'No'])
kidney disease = st.selectbox('Kidney Disease', ['Yes', 'No'l])
skin_cancer = st.selectbox('Skin Cancer', ['Yes', 'No'l])
# Convert categorical features to numer I format
categorical mapping = {'Yes': 1, 'No': 0, 'Male': 1, 'Female': 0,
'18-24': 0, '25-29': 1, '30-34': 2, '35-39': 3, '40-44': 4, '45-49': 5,
'50-54': 6, '55-59': 7, '60-64': 8, '65-69': 9, '70-74': 10, '75-79': 11, '80 or older': 12,

'White': 0, 'Black': 1, 'Asian': 2, 'Hispanic': 3,
'Excellent': 0, 'Very Good': 1, 'Good': 2, 'Fair': 3, 'Poor': 4}
heart_disease numeric = categorical_mapping[heart_disease]
smoking numeric = categorical mapping[smoking]
alcohol drinking numeric = categorical mapping[alcohol drinking]
stroke_numeric = categorical mapping[stroke]
diff walking numeric = categorical mapping[diff walking]
diabetic numeric = categorical mapping[diabetic]
physical_activity numeric = categorical mapping[physical_activity]
asthma numeric = categorical mapping[asthma]
kidney disease_numeric = categorical mapping[kidney disease

skin_cancer_numeric = categorical mapping[skin_cancer]
# Convert input into a DataFrame
input_data = pd.DataFrame ({
'HeartDisease': [heart_ disease numeric],
'BMI': [bmil],
Smoking': [smoking numeric],
'AlcoholDrinking': [alcohol drinking numeric],
'Stroke': [stroke numeric],
'PhysicalHealth': [physical health],
'MentalHealth': [mental health],

'DiffWalking': [diff walking numeric],
'Sex': [sex],



'AgeCategory': [age_category]

'Race': [race],

'Diabetic': [diabetic_numeric]
'PhysicalActivity': [physical activity numeric],
'GenHealth': [gen_health],

'SleepTime': [sleep time],

'Asthma': [asthma_numeric]

'KidneyDisease': [kidney disease_numeric],
'SkinCancer': [skin_cancer numeric]
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# Make prediction
if st.button ('Predict'):
prediction = predict (input_data)
st.write (f'The prediction is: {prediction}"')

if name == '_main_':
main ()

2024-03-01 11:15:12.746
Warning: to view this Streamlit app on a browser, run it with the following
command :

streamlit run C:\Users\Asus\AppData\Roaming\Python\Python31l\site-packages\ipykernel launcher.py [ARGUMENTS]

After creating the heart _disease_prediction_app.py file and running it, | executed the command streamlit run heart_disease_prediction_app.py in my terminal to
initiate the Streamlit application. This command launched a local server and opened the application in a web browser. Upon opening the application, | was
presented with a user interface where | could input various features related to heart disease prediction, such as age, sex, chest pain type, blood pressure,
cholesterol, blood sugar, resting ECG, max heart rate, exercise-induced angina, and oldpeak. After inputting these features and clicking the "Predict" button, the
application utilized the trained model to make predictions and displayed the result on the browser interface, similar to the image below.

6. Representing results - Dashboard insights

The dashboard illustrates the comparison of three machine learning models for heart disease prediction: K-Nearest Neighbors, Logistic Regression, and Random
Forest. Each bar in the plot represents the accuracy achieved by the respective model on the test dataset. The accuracy scores, ranging from approximately 0.87 to
0.92, indicate the proportion of correctly predicted outcomes. Based on these results, it is evident that Logistic Regression achieved the highest accuracy of
approximately 91.58%, making it the most effective model for heart disease prediction among the three considered.

In [35]:

import seaborn as sns
import matplotlib.pyplot as plt

# Set Seaborn theme and style
sns.set_theme (style='whitegrid'

# Sample data
models = ['K-Nearest Neighbors', 'Logistic Regression', 'Random Forest']
accuracies = [0.871252587727145, 0.9157742735195645, 0.9039793492984384]

# Create a horizontal bar plot using Seaborn
plt.figure (figsize=(8, 6))
ax = sns.barplot (x=accuracies, y=models, palette='mako'

# Set title and axis labels

plt.title('Model Comparison for Heart Disease Prediction', fontsize=16)
plt.xlabel ('Accuracy', fontsize=14)

plt.ylabel ('Models', fontsize=14)

# Set font size for tick labels
plt.xticks (fontsize=12)
plt.yticks (fontsize=12)

# Show grid lines
plt.grid(True, axis='x', linestyle='--', alpha=0.7
# Add data labels to each bar
for i, v in enumerate (accuracies) :
ax.text(v + 0.01, i, f£'{v:.3f}', color='black', va='center', fontsize=12)
# Show plot
plt.tight_layout (
plt.show()

C:\Users\Asus\AppData\Local\Temp\ipykernel 15760\2812506543.py:13: FutureWarning:

Passing °‘palette’ without assigning ‘hue’ is deprecated and will be removed in v0.14.0. Assign the 'y ' variable to ‘hue’ and set "1
egend=False’ for the same effect.

ax = sns.barplot (x=accuracies, y=models, palette='mako')

Model Comparison for Heart Disease Prediction

K-MNearest Neighbors 0.871

Logistic Regression 0.916

Viodels



Random Forest 0.904

0.0 02 04 0.6 08
Accuracy

7. Conclusion:

The success of the Predictive Medical Assistant project relies on the availability of resources and technical feasibility, ensuring efficient model training through high-
performance computing clusters and expert guidance. Compliance with healthcare regulations, such as HIPAA, is prioritized, with stringent measures like data
encryption and access controls ensuring data privacy and security. Integration with existing healthcare systems is facilitated through APIs and standard data
exchange formats, enhancing usability in real-world settings. A comprehensive cost-benefit analysis explores economic feasibility and potential health impacts,
while scalability and maintenance protocols ensure adaptability and relevance over time. Success metrics tailored to medical diagnostics provide a comprehensive
evaluation of model performance, with expected outcomes including high model accuracy, an interactive web application, and comprehensive documentation. This
project lays a foundation for future advancements in medical diagnostics and decision support systems, addressing key areas of technical feasibility, compliance,
integration, cost-benefit analysis, scalability, maintenance, and success metrics.
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