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Abstract: Coronary heart disease (CHD) is a highly threatening
disorder, which involves the heart. Unfortunately, it does not have a
complete solution. Early and accurate discovery of coronary artery
disease is highly significant towards providing effective care to the
patients. Early identification can be used to intervene on patients in a
timely manner and achieve improved outcomes. A proposed model
is the HY OptGBM that relies on the use of an improved version of
LightGBM to predict CHD. LightGBM is an effective gradient
boosting model which is fast and precise as far as prediction is
concerned. It is possible to improve the LightGBM algorithm,
altering its hyperparameters and the loss function. The increased
accuracy and efficiency of the model are made through this
improvement process. The Framingham Heart Institute gathers the
data about coronary heart disease and implements it to evaluate the
efficiency of the model. Through this information, the model
becomes very effective in predicting CHD. This assists in the early
identification of the cases and early treatment of the disease may
reduced the cost of the treatment. It also features an amazing Voting
Classifier (RF + AdaBoost) with a 99% rate on accuracy which is
used to identify cases of CHD. This hybrid model of the RF and the
AdaBoost suggests that it can easily distinguish between patterns that
are related to CHD. An easy to use flask framework with SQLite is
incorporated to ensure that the app is user-friendly. This simplifies
the signup and signin procedures in order to test the user. This easy
interface simplifies the methods of machine learning and makes them
more functional and accessible to a large audience as far as CHD
detection is concerned.

“Index terms - Coronary heart disease, hyperparameter optimization,
LightGBM, loss function, machine learning, OPTUNA”.

Keywords: coronary heart disease; hyperparameter optimization;
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INTRODUCTION

CHD is an ordinary heart disease and occurs when
cholesterol plaques depose the coronary arteries
thereby impeding the flow of blood into the heart.
The symptom of this problem may produce various
symptoms including chest pain (angina), shortness of
breath, rapid heartbeat, and heart failure. The worst
case scenario is that CHD may lead to the heart
attack, which may permanently damage the heart
muscle and leave a substantial impact on the quality
of life of a person. That is why it is highly essential
to be aware of CHD and deal with it with
appropriate medical assistance and lifestyle
modifications [1].

Early detection of CHD has the potential to increase
its chances of being treated and treatment costs less.
During the past couple of years, a lot of ML In
medicine, people have used algorithms and data
mining tools. [2, 3, 4, 5, 6]. due to the fact that ML
algorithms have become more effective and the price
of data storage has decreased. Healthcare data
mining is currently extremely crucial in Data mining
involves issues such as disease diagnosis, aiding
diagnosis, medication discovery, and biotech. The
application of data mining technology can lead to the
secret information of diseases in much unorganized
medical data, formulate models to predict diseases,
and observe the outcomes.
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Health organizations find it extremely difficult to
provide individuals with good and cheap treatment.
A hospital can provide good medical treatment, yet
the Doctors must know a lot to make the right
diagnosis. to ensure that resources used in healthcare
are not wasted due to misdiagnosis. The data mining
technology may do its job and be highly significant in
healthcare instances. Hyperparameters [7] [8] of any
classification method are best which influence a lot
the effectiveness of the same method. The correct set
of hyperparameters may be selected to make the
classification method more precise. Very new and
advanced hyperparameter optimization method was
utilized in this study, which is known as OPTUNA
[9], to obtain the optimal hyperparameter values of
LightGBM model. Then, hyperparameters were
selected by this study as the most appropriate among
those that were given. Hyperparametric
optimization can be done in lots of different ways
like grid and random search. Another approach is
to use the OPTUNA hyperparametric search.
Random and grid searches are commonly used.
methods are inefficient and time-consuming since
they don't learn the most recent optimization.
amount of hyperparameter of the LightGBM
influences its performance significantly.
TheOPTUNA framework continues to learn with the
improvements of the past and updates the
hyperparameters when they require to be altered.
Thus, this paper chose to optimize hyperparameters
with the help of OPTUNA.

Loss function also influences the accuracy of the
model [10]. This paper proposed the focal loss
operation that relies on the cross-entropy loss and
adds the sample difficulty weight modifying factor y
and the category weight «. The work's goal was to
address the issue of too many positive data points
and too few negative ones. Furthermore, the focus
loss feature can enhance the model as a whole. In
this research, the inherent loss of the LightGBM [11]
model was altered to focused loss, which was then
used to predict CHD.

1. LITERATURE SURVEY
This increase your likelihood of developing CVD and
CHD especially when overweight or obese. Partially,
this is due to the fact being overweight is associated
with both the traditional and nontraditional CVD
risk factors [1]. Obesity is also perceived as an
independent risk factor of CVD. Metabolic
syndrome is a significant component of CVD, and
greatly associated with central obesity, including
CHD. Much of the literature has demonstrated that
coronary heart disease is associated with being
overweight or obese [2], [3], [4], [5], [6]. Studies
conducted after death and those studies that involve
imaging to examine the heart arteries are less
convincing. According to the recent studies, there
would be a fat paradox concerning the death of

people who have already developed CHD. Physical
exercise and cardiorespiratory fitness have the
potential to mitigate the adverse impact that the
overweight condition has on cardiovascular events.
Limited information is available on how the attempt
to lose weight on CVD leads to overweight and
obese people.

ML is a recent field in medicine that involves the
integration of computer science and statistics to
address medical issues, and it receives significant
investments of money and resources. Individuals in
favor of ML commend its capability to handle vast,
complex, and variegated information which as a rule
occurs in medicine. They think that the future of
computer-aided diagnosis, individualized medicine,
and biological research, is in ML [12,13], and it is
going to benefit health care in all parts of the world
considerably. Nonetheless, most individuals
employed in medicine are not aware of ML, and it
can be explored in new ways that have not been
experimented yet. In this article [2], we provide an
overview of the idea of ML, and a look at the most
well-known algorithms that are applied in the
medical industry and their issues, and address the
potential future of the field of the ML in medicine.

Regarding drug treatment, AI is most frequently
applied to discover the most suitable drug or drug
combination to a patient, predict drug or target
interactions, and ensure that treatment protocols are
optimal. In this review, some new Als that aid in
drug treatment and administration are discussed [3].
To determine the most effective drug or drugs to
prescribe a patient, there is a tendency to integrate
patient information such as genetics or proteomics
with drug information such as chemical descriptions
of a compound in order to rank how effectively the
drugs will work.  Measures of similarity are
frequently employed to make predictions of drug
interactions on the basis of the belief that drugs with
a similar structure or targeting will act similarly or
can have an interactional effect on other drugs.
Pharmacodynamics and pharmacokinetic data are
viewed using mathematical models to determine the
optimal method to plan doses of drugs. Here [12],
the new, powerful examples of these jobs are
discussed, described, and analyzed.

The training methods and data set play a significant
role in the performance of a model in the context of
ML. The choice of an appropriate training method
could be a significant difference in the way a model
functions. Some datasets are very well suited to
some of the methods whereas others do not present a
problem to others. Additionally, the algorithm's
hyperparameters that control the training phases can
be changed to enhance performance. The GA and
the GWO metaheuristics are employed in this study
[7] to help change the hyperparameters that ML
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algorithms use. It is also used on 11 datasets with
11 different algorithms, which include "Averaged
Perceptron, FastTree, FastForest, Light Gradient
Boost Machine (LGBM), and limited memory. The
Broyden The Fletcher Shannon algorithm
Maximum Entropy (LbfgsMxEnt)”, Linear SVM
and a DNN have four architectures: cancer, clinical
diagnosis, molecular interactions, and behavior-
related predictions. They use RGB images of human
skin and X-ray images of COVID-19 patients. We
found that the training stages were always more
successful in every test. GWO also does better,
with a p-value of 2.6E-5. In addition, the
metaheuristic techniques employed in most
experiments in this study are more effective and find
a solution quickly as compared to Exhaustive Grid
Search (EGS). The proposed solution will simply
accept an input in terms of a dataset and inform you
of what algorithm has been applied the most and
how you should use it. Therefore, it works well with
data where distribution is unknown, machine
learning models that may act in complex manners,
and users with no expertise in the field of data
science and analytical statistics.

method to consider high-throughput sequencing of
the genome data since it is based on terrific
predictions. However, it is extremely difficult to
apply ML to animal and plant breeding projects due
to the very complicated and time-intensive procedure
of adjusting these parameters. As a result, we
combined the TPE, an independent tuning
hyperparameter technique, with ML to simplify the
process of applying ML to genomic prediction. We
used TPE [8] to find the optimal hyperparameters for
SVR and KRR. To see how well TPE performed,
we compared Using GBLUP, KRR-Grid, SVR-RS,
and SVR-Grid, we can make predictions for KRR-
TPE and SVR-TPE. We used RS (random search)
and Grid Search (SVR-GRID) to find the best
hyperparameters for KRR and SVR on both
simulated and real datasets. [47]. In every
demographic, KRR-TPE was the most accurate and
convenient. This was the outcome of the study.
When it came to predicting Chinese Simmental beef
cattle and Loblolly pines, KRR-TPE exceeded
GBLUP by an average of 8.73% and 6.08. Our
study's use of machine learning in GP will
considerably benefit from our findings, and breeding

will continue to grow.
It has been believed that ML is the most appropriate

MATERIAL AND METHODS

i) Proposed Work:

The objectives of the proposed system are to enhance a LightGBM model that forecasts coronary heart disease,
evaluate the quality of work, apply ensemble techniques, allow guessing, and improve the system by adding a
friendly interface and authorization capabilities. The use of ensemble and optimization techniques harms fewer
inaccurate predictions and this is crucial in terms of accurate prediction of coronary heart disease. Fine-tuning
LightGBM ensures that LightGBM is a suitable prediction model having simplified parameters and loss functions.
The technique is applicable in numerous fields within health care, which demonstrates that it is versatile and more
helpful than it is applied in the main sphere of the technique implementation [11, 26]. Additionally, it presents a
Voting Classifier (RF + AdaBoost) that can identify cases of Coronary Heart Disease (CHD) with an astounding 99
percent accuracy rate. This hybrid model combines AdaBoost and RF. demonstrates that this model can make a
consistent decision regarding the differences between the patterns related to CHD. To ensure the app is user
friendly, A flask framework that is easy to use and works with SQLite has been introduced. The purpose of user
testing is to simplify the signup and signin processes. Such a user-friendly interface renders the machine learning
techniques more handy and accessible to a large group of people to identify CHD [2], [3], [ 4], [5], [6].

ii) System Architecture:

‘When working with big datasets, you should use a simple setup more likely when using machine learning models.
All these are reasons why OPTUNA is a wonderful hyperparametric optimization tool. On figure 1, the improved
LightGBM model appears. Figure 1: In the search, each employee performs an instance of the goal function.

Building & and training
the model

Trained

-Gradient Boosting
o | Models |

- XGBoost

- LightGBM with Focal Loss
-LightGBM w/o Focal Loss

- Extension Voting Classifier

(RF + Adaboost) o

“Fig 1 Proposed architecture”
iii) Dataset collection:
To get a sense of the structure, features, and substance of the Framingham Heart Disease data, it has been loaded
and viewed. The FHS seeks to find common characteristics among patients with CVD. The sample population
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There were 5,209 men and women aged 30 to 62 who were chosen in 1948 in Framingham, Massachusetts. In
2004, a new Offspring Spouse Cohort was formed; in 2003, a Second Generation Omni Cohort was formed; in
2002, a Third Generation Cohort was formed; in 1971, an Offspring Cohort was formed; and in 1994, an Omni
Cohort was formed. The dataset analysis predominantly examines cardiac and cerebral disorders. These
include biological samples, molecular genetic data, phenotypic data, pictures, physiological data, demographic
data, ECG data, and information about the subject's vascular function. = The National Heart, Lung, and Blood

Institute and Boston University are working together on it.
Sex Age Education CurrentSmoker CigsPerDay BPMeds PrevalentStroke PrevalentHyp

01 X 1 0 00 00 0 0
1 0 46 0 0 00 00 0 0
2 1 8 0 1 20 00 0 0
I 0 6 1 1 00 00 0 1
4 0 4% 1 1 30 00 0 0

“Fig 2 Framingham Heart Disease Data”

iv) “Data Processing”:

Data handling refers to the process of converting unstructured data to valuable business information. Data
scientists deal with data processing. It implies that they collect, process, clean, verify, and transform data into
readable graphs, documents, or other formats. Data can be handled in three manners, either manually, with the
assistance of machines or using computers. This is aimed at making knowledge more practical and assisting
individuals in making decisions. This assists companies in operating their businesses efficiently and make fast smart
decisions. This is in large part, automated data processing tools, such as writing computer software. It is capable of
assisting you in acquiring valuable data both big and small to aid you in decision-making and managing quality.

v) Feature selection:

The feature selection identifies the most consistent, beneficial and distinct characteristics of the data such that it can
be utilized to create a model. The size of datasets is something that should be carefully reduced as the datasets
become larger and more diverse. The primary purpose of using feature selection is to get a prediction model to
perform better and reduce the cost of modeling.

Among the most significant aspects of feature engineering, there is a process of feature selection, or the process of
deciding which features are most important to give ML algorithms. Feature selection techniques determine which
features are best for a ML model, reducing the number of input variables eliminating irrelevant features or those
that are redundant. The key benefits of performing feature selection prior to committing the machine learning
model to choosing which traits were the most important are

vi) Algorithms:
AdaBoost combines the estimations of a large number of weak classifiers (usually decision trees) to create a strong
classifier. The weak learning models such as decision trees can be put into an ensemble with AdaBoost that would
aid in making more accurate prec‘iictuions

e import AdaBoostClassifier

y_pred = ab.predict(X_test)

ix(y_pred, y_test)

te:
_pred, y_test)
_pred, y_test)
» ¥_tes
e(y_pred, y_test
test, ab.predict_proba(X_test)[:, 1)
(y_pred, y_test)

= TP / (TP + FN)
= TN/ (TN + FP)

storeResults( AdaBoost Classifie ,ab_prec,ab_rec,ab_f1,ab_auprc,ab_auroc,ab_mcc,ab_sens,ab_spec)

“Fig 3 Adaboost”
Decision Tree is a flow chart type of structure which presents a decision and the potential consequences. The A
branch is the decision rule, an internal node is the feature, and a leaf node is the result [22]. DT were used as base
learners in ensemble algorithms (AdaBoost and Bagging) so that the prediction of the coronary heart disease can be
more precise.
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from sklearn.tree import DecisionTreeClassifier

# instontiate the model
tree = DecisionTreeClassifier (max_depth=30)

# fit the model
tree. Fit(X_train, y train)

gpredicting the target volue from the model for the samples
y_pred = tree.predict(X_test)

confusien = confusien_matrix(y_pred, y_test)
TP = confusion[1,1]
TH = confusion[0,0]
FP = confusion[0,1]
FN = confusion[1,0] # f

dt_acc = accuracy_score(y_pred, y_test)

dt_prec = precision_score(y_pred, y_test)

dt_rec = recall_score(y_pred, y_test)

dt_f1 = f1_score(y_pred, y_test)

dt_auprc = average_precision_score(y_pred, y_test)

dt_auroc = roc_auc_score(y_test, tree.predict_proba(X_test)[:, 1])
dt_mce = matthews_corrcoef (y_pred, y_test)

dt_sens = TP / (TP + FN)
dt_spec = TN / (T + FP)

storeResults('Decision Tree Classifier’,dt_acc,dt_prec,dt_rec,dt_f1,dt_aupre,dt_auroc,dt_mcc,dt_sens,dt_spec)

“Fig 4 Decision tree”
Bagging (Bootstrap Aggregating) aggregation or bagging includes constructing numerous models utilizing different
portions of the training data and then averaging the guesses of the individual models to create an improved guess.

The predictability of a set of models using bagging was useful in the prediction of coronary heart disease setting
[26].

from sklearn.ensemble import BaggingClassifier

from sklearn.svm import SVC

€17 = SaggingClassEfLer(SVC(),n_estimatorss10, randon_state=0)

E1F it rrain, ¥ trsin)

#predicting the torget valuve from the model for the samples

y_pred = c1f.predict(X_test)

confusion = confusion_matrix(y_pred, y_test)

TP = cenfusion[1,1] # ue p ve

TH = confusion[0,0) #

FP = confusion[@,1] #
FN = confusion[1,0] # f

bg_acc = accuracy_score(y_pred, y_test)

bg_prec = precision_score(y_pred, y_test)

bg_rec = recall_score(y_pred, y_test)

bg_f1 = f1_score(y_pred, y_test)

bg_suprc = average_precision_score(y_pred, y_test)

bg_auroc = roc_auc_score(y_test, clf.predict_proba(X_test)[:, 1]}
bg_mcc = matthews_corrcoef(y_pred, y_test)

bg_sens = TP / (TP + FN)
bg_spec = TN / (TN + FP)

storeResults('Bagging Classifier’,bg_acc,bg_prec,bg_rec,bg_f1,bg_auprc,bg_auroc,bg_mcc,bg_sens,bg_spec)
Fig 5 Bagging
Gradient Boosting is a powerful predictor based on the combination of the guess of weak predictors in steps and
reduction of the loss value. Gradient Boosting was used to develop a set of models, which resulted to superior
iterations of the coronary heart disease predictions [25].

from sklearn.ensemble import GradientBoostingClassifier

# instantiote the model
gbm = i ingClassifier(n_estis =100, learning rate=1.0,max_depth=1, random_state=0)

# fit the model
gbm. Fit(X_train, y_train)

fpredicting the target volue from the wodel for the samples
y_pred = gbu.predict(X_test)

confusion = confusion matrix(y_pred, y_test)
TP = confusion[1,1] # tr
T = confusion[0,0] # t
FP = confusion[0,1] #
FN = confusion[1,8] # fo

gh_acc = accuracy_score(y_pred, y_test)

gh_prec = precision_score(y_pred, y_test)

gh_rec = recall_score(y_pred, y_test)

gh_f1 = f1_score(y_pred, y_test)

gh_auprc = average_precision_score(y_pred, y_test)

gb_auroc = roc_auc_score(y_test, gbw.predict_proba(X_test)[:, 1])
gh_mcc = matthews_corrcoef(y_pred, y_test)

gb_sens = TP / (TP + FN)
gb_spec = TN / (TN + FP)

“Fig 6 Gradient boosting”
XGBoost XGBoost is a highly scalable gradient boosting that is fast and efficient [25]. The predictions of coronary
heart disease were made more accurate with the help of XGBoost which is a boosting algorithm.

“Fig 7 XGBoost”
CatBoost is a gradient boosting library, which is optimally suited to category features. It can manipulate
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categorical data in real time, hence you do not need to transform data such as one-hot encoding in advance. The
categorical data in the dataset was processed using CatBoost [24]. This simplified the process of modeling and
produced improved predictions.

from catboost import CatBoostClassifier

€lf = CatBoostClassifier(
iterations=5,

D

clf fit(X_train, y_train)
#predicting the target value from the model for the samples
y_pred = cIf.predict(X_test)

confusion = confu:
TP = confusion[1,1] #
TN = confusion[8,8] #
FP = confusion(0,1] #
FN = confusion[1,8] # false negatives

cat_acc = accuracy_score(y_pred, y_test)
cat_prec = precision_score(y_pred, y_test)
cat_rec = recall score(y_pred, y_test)
cat_f1 = f1_score(y_pred, y_test)

= erage_precision_score(y_pred, y_test)
cat_suroc = roc_auc_scare(y_test, clf.predict_proba(X_test)[:, 1]}
cat_mce = matthews_corrcoef (y_pred, y_test)

cat_sens = TP / (TP + FH)
cat_spec = TN / (TN + FP)

“Fig 8 Catboost”

“LightGBM?” is a gradient boosting model and Focal Loss is an adapted loss function which pays attention to the
samples which are difficult to classify to correct the class imbalance. LightGBM with Focal Loss was employed by
prioritizing challenging cases so that it becomes easier to detect the coronary heart disease, particularly when the
information is skewed.

from scipy.misc import derivative

def focal_loss(ytrue, ypred, gamma=2.8):

p =1/ (1+np.exp(-ypred))

loss = -(1 - ytrue) * p**gamma * np.log(l - p) - ytrue * (1 - p)**gamma * np
return loss

def focal_loss_metric(ytrue, ypred):
return 'focal_loss_metric', np.mean(focal_loss(ytrue, ypred)), False

def focal loss_objective(ytrue, ypred):
func = lambda z: focal_loss(ytrue, z)
grad = derivative(func, ypred, n=1, dx=le-6)
hess = derivative(func, ypred, n=2, dx=le-6)

return grad, hess

Fig 9 Light GBM
This implies the application of LightGBM normal loss functions as opposed to Focal Loss function. One baseline
was set to determine the alteration of the prediction outcome of the coronary heart disease by Focal Loss of
LightGBM without Focal Loss.

import lightgbm as lgb
clf = 1gb.LGBMClassifier(boosting_type="gbdt',verbosity=1,metric="auc’,
clf.fit(X_train, y_train, verbose=8)

y_pred = clf.predict(X_test)

confusion = confusion_matrix(y_pred, y_test)

TP = confusion[1,1] # true positive

TN = confusion[@,8] # true negatives

FP = confusion[@,1] # false positives

FN = confusion[1,8] # false negatives

1gb_acc = accuracy_score(y_pred, y_test)

lgb_prec = precision_score(y_pred, y_test)

1lgb_rec = recall_score(y_pred, y_test)

lgb_f1 = fl_score(y_pred, y_test)

1lgb_auprc = average_precision_score(y_pred, y_test)
lgb_auroc = roc_auc_score(y_test, clf.predict_proba(X_test)[:, 1])
lgb_mcc = matthews_corrcoef(y_pred, y_test)

lgb_sens = TP / (TP + FN)
1gb_spec = TN / (TN + FP)

storeResults('LightGBM w/o Focal Loss',lgb_acc,lgb_prec,lgb_rec,lgb_f1,

“Fig 10 LightGBM without Focal Loss”
“A Voting Classifier” is an ensemble algorithm which takes the vote of a number of individual models and
decides the label of the different classes in terms of most of them voting. This project employed a Voting Classifier
and the following models of the AdaBoost and RF to get the best of each of the models and enhance the quality of
the coronary heart disease forecast.
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from sklearn.ensemble import RandamForestClassifier, VotingClassifier, AdaBoostClassifier
€1f1 = AdaBoostClassifier(n_estimators=109, random_state=a)
<12 = RandonForestClassifier(n_estimators=59, random_state=1)

11 = VotingClassifier(estinators=[("ab', CIf1), ('rf’, <1f2)], voting='soft’)
eclLFIE(X_train, y_train)
y_pred = eclf1.predict(x_train)

confusion = confusion_matrix(y_pred, y_test)
™ = n[1,1] # tr .
™ = o n[0,0] # tr

FP = confusion[0,1] # false positives
PN = confusion[1,0] # false negatives

stac_ace = accuracy_score(y_pred, y_test)
stac_prec = precision score(y_pred, y_test)

stac_rec = recall_score(y_pred, y_test

stac_£1 = £1_score(y_pred, y_test)

stac_auprc = average_precision_score(y_pred, y test)

stac_auroe = roc_auc_score(y_test, eclfl.predict_proba(x_test)(:, 1])
stac_mce = matthews_corrcoef(y pred, y_test)

stac_sens = TP / (1P + FN)
stac_spec = TN / (TN + FP)

stac_ace

“Fig 11 Voting classifier”
1. EXPERIMENTAL RESULTS
Precision: Precision is used to determine the fraction of correctly identified examples or instances of the identified
positive. The process of determining the accuracy is:
“Precision = True positives/ (True positives + False positives) = TP/(TP + FP)”

True Positive

Precision = — —
True Positive+False Positive

Classification Performance

Voting Classifier

LightGEM Focal Loss
LightGEM w/o Facal Loss
CatBoost Classifier
XGBoost Classifier
Gradient Boosting Classifier
Bagoging Classifier

Decision Tree Classifier

AdaBoost Classifier

oo 02 04 06 o8
Precision Score

“Fig 6 Precision comparison graph”
Recall: The ability of a model to find all the acceptable examples of a given type is shown by the ML parameter
known as recall. It is the percentage of all actual positive observations that were accurately predicted. In terms of
the instances of a specific class, this gives information about how comprehensive a model is.

TP
Recall T

Classification Performance

Voting Classifier

LightGBM Focal Loss
LightGBM w/fo Facal Loss
CatBoost Classifier
XGBoost Classifier
Gradient Boosting Classifier
Bagging Classifier

Decision Tree Classifier

AdaBoost Classifier

0o 0z 0.4 06 0.8
Recall Score

“Fig 7 Recall comparison graph”
Accuracy: Accuracy refers to the proportion of correct guesses in a job of classification. It informs you of the
accuracy of the guesses of a model on the vast majority of occasions.

TP+TN
TP+ FP+TN+ FN

Classification Performance

Accuracy =

Voting Classifiar

Bagaing Cla:
Decision Tree Classifier

AdaBoost Classiter

o0 oz o=

oa o's
Aaccuracy Scare

Fig 8 Accuracy graph
F1 Score: The F1 Score is the average of accuracy and recall. It is a good measure that takes into account both
false positives and false negatives. therefore a good option when the dataset is not balanced.
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DISCUSSION

The loss function and classifier for the HY_OptGBM
prediction model are LightGBM. have been
improved. When it comes to predicting CHD, it is
extremely accurate. The model's analysis includes F
scores, accuracy, precision, and recall. These tests
give the whole picture of the model's effectiveness in
forecasting outcomes. The optimization work is
aimed at making the HY_OptGBM model more
advanced with the help of the more advanced
classifiers and the more effective loss functions. The
changes also assist the model in generating more
accurate guesses and generally a better job in the
detection of CHD [2], [3], [4], [5], [6]. It consists of
ensemble approach used to combine the predictions
of various models, which only make the system more
precise and dependable. The Voting Classifier and
other sophisticated ensemble algorithms have the
astonishing ability to attain 99 percent accuracy
indicating that the impact of numerous dissimilar
models may enhance predictions. When the system
undergoes testing, it is better to make a Flask
interface easy to use with a safe login that enhances
the overall user experience. This interface is simple
to input data to check the functionality of the system.
This ensures usefulness and safety of the review
process.

FUTURE SCOPE

In order to predict coronary heart disease more
effectively using the HY_OptGBM model, future
research could seek to incorporate additional features
or alternative data sources. This may entail the
incorporation of helpful medical details to have an
entire picture. In the future, the model should be
tested on larger and more diverse datasets to prove its
utility in most cases and its efficacy. This will
demonstrate the ability of the model to transform
towards other data distributions. One can even know
the goodness of the HY OptGBM model by making
predictions on CHD and checking the performance
against other advanced machine learning models
[12,13]. The proposed approach will prove more
valuable should it be applicable in detecting other
cardiovascular diseases or other related conditions,
other than coronary heart disease. Such an increase
can make a substantial impact on the sphere of
cardiology providing it with a beneficial prediction
tool.
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