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”Health Predictor: A Flask Web Application for
Depression and Cardiovascular Disease Prediction”

Vamshi Goud Gouni
22122290

Abstract

The world’s problem of depression and cardiovascular illnesses is addressed by
using the integration of Machine learning in the Flask online application Health
Predictor. The focus on early intervention and tailored medication aligns with the
growing demand for accessible health solutions. The main goal is to incorporate
precise machine learning models to anticipate depression and cardiovascular within
a user-friendly Flask application. Some specific goals include developing models
using appropriate datasets, integrating apps, and evaluating performance. Some
algorithms also use kaggle datasets for training. Cardiovascular disease prediction
showed 72 percent accuracy for logistic regression, which proved resilient. An en-
semble method, Voting Classifier (Random Forest and Gradient Boosting) with out-
standing 73 percent accuracy shows the relevance of model selection. In depression
prediction, Random Forest scored higher than Logistic Regression with an accuracy
of 83.22 percent. While some difficulties were encountered by the ensemble method
and resulted in an accuracy of 83.22 percent, these results show the limitation in
optimization. The findings in both forecasts showed trade-offs in accuracy, recall,
and precision. Some insights include the importance of the ensemble approach,
the need for hyperparameter tuning, and achieving the right balance needed for
accurate forecasting. The Flask app successfully combines multiple models for ease
of application in health assessments.

1 Introduction

The combination of machine learning and healthcare has enabled novel methods of pre-
dicting and averting serious health illnesses. The problem of cardiovascular disease is an
old one that persists, while the incidence of mental disorders such as depression is in-
creasing today. The “Health Predictor” is our project which will solve this problem using
a user-friendly platform to assess health via the incorporation of algorithms predicting
cardiovascular diseases and deprivation in a complete Flask web application.

There are cardiovascular and mind disorders that heavily affect the world’s wellness
therefore they warrant preventive and easily available care.Lamiae et al. (2022) state
that the inclusion of machine learning and smart home technologies can greatly add up
to sustainable health care by providing early detection and unique insights. Depression is
one of the most prevalent mental health issues. There is a lot of research regarding it. As
highlighted by Shameer et al. (2018) and Gao et al. (2018), the use of machine learning
for predicting depression can increase the accuracy of diagnosis, and tailor treatment.
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On the contrary, cardiovascular diseases remain the leading cause of the global burden
of disease (C-Reactive Protein, Fibrinogen, and Cardiovascular Disease Prediction (2012).
As per Alty et al. (2004), predictive models have been proven useful in spotting those at
risk of becoming abusers or abused. Our project gives users the entire health prediction
experience by integrating these insights into a Flask web application. Firdaus et al.
(2018), and Jain et al. (2019) have noted the significance of machine learning for health,
and this underscores the transformative potential of Health Predictor application.

The Health Predictor project seeks to meet the surging demand for complete and
simple health prediction tools. By leveraging technology in the management of health,
more people have opted to seek help through our Flask web application to check on their
cardiovascular risks as well as mental wellness. As observed by Elayan et al. (2021), the
targets of our application coincide with the sustainability of healthcare data analysis using
IoT-based systems. Our system facilitates forward-looking good health and predictive
medicine via presages and personalized knowledge.

However, the project becomes even more significant due to the deficiencies related to
the usual healthcare paradigms. Patel et al.(2016) argue that machine learning can help
in the investigation of depression using an imaging approach and it shows the dynamic
nature of healthcare research. However, for the innovations to have a widespread impact,
they must be incorporated into easy-to-use apps. Our Health Predictor fills this gap by
offering actionable predictions in an understandable way to people with different technical
backgrounds.

The key concern on which the Health Predictor project is centered around involves
incorporating machine learning techniques into a Flask-based web application for predict-
ing depression and cardiovascular disease. Some of the important aims of this research
involve. The project will, in the first place, endeavor to create accurate models for pre-
dictions using related databases relating to cardiovascular and depressive disorders. The
models are necessary for the application to produce accurate and reliable health forecasts.

Importantly, the latter phase of the project entails seamlessly unifying both prediction
models in an intuitive Flask web app. It highlights making an interface that is not only
user friendly but also navigable making it easy for users irrespective of their familiarity
with technical issues.

Eventually, the project entails a thorough assessment of the application’s accuracy in
forecasting health issues. This appraisal will evaluate the efficiency of integrated machine
learning models in the Flask web application. The Health Predictor project is targeting
to develop a strong and user-oriented system that uses machine learning to make accurate
health predictions and thus support healthcare technology and accessibility advancement.

To accomplish these goals, we utilize machine learning algorithms that were trained
by us on Kaggle datasets related to cardiovascular disease and depression.

The recognition of the limits associated with the assumptions and predictive model
used while developing the Health Predictor app is important. As noted by McMahon et
al (2011), the quality of our models is largely dependent on the quality of the input data.
The healthcare industry’s nature makes the forecasts inherently uncertain. Additionally,
the framework design assumes user engagement and data security as per Chekroud, et
al.’s (2016) criteria for transference of treatment outcomes across trials.

Therefore, the concluding point of the Health Predictor is about the innovative Flask
web application having ML forecasts of cardiovascular and depressive disorders. It is
another innovation in the fast-changing field of healthcare technology that deals with the
significance of cardiovascular risk and mental health and offers users an active way to cope
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with one’s wellness status. This report will discuss the technical aspects of the Health
Predictor application, its development process, and its evaluation in its later sections.

2 Related Work

Artificial intelligence (AI) and machine learning (ML) are transforming medicine and
ensuring sustainability in the health sector by applying creative approaches to patients’
care. The sustainability of healthcare could be enhanced by integrating machine learn-
ing with smart homes as outlined in Lamiae et al. (2022). In addition, their review,
released at the International Conference on Smart City Applications, indicates the pos-
sible use of AI for health cost savings, remote monitoring of patients, and personalized
healthcare.Firdaus et al. (2018) consider the comparison between machine learning and
meta-heuristic optimization techniques in intelligent and sustainable healthcare. In the
case of long-term healthcare applications, the suitability of different AI approaches is
critical and is highlighted in publications such as the African Journal of Computer and
ICT. Elayan et al. (2022) use deep federated learning to examine the sustainability of
data analytics for healthcare in IoT-based systems. AI’s contributions to more effective
healthcare data exchange and analysis supporting to long -term health care systems have
been investigated in their study that appeared in the IEEE Internet of Things Journal.
In their presentation at the 6th International Conference on computing for Sustainable
Global Development, Jain and Kaushal (2018) compare different machine learning al-
gorithms for health care. Their study reviews multiple AI techniques providing insights
on how they can be employed in the medical field to enhance patient outcomes, reduce
expenditures, and develop stronger healthcare systems.

2.1 Machine Learning in Cardiovascular Applications

The application of machine learning techniques in cardiovascular medicine has signific-
antly increased. In a meta-analysis by Krittanawong et al. (2020) a detailed account of
the application of machine learning in the prediction of cardiovascular diseases is given.
Early intervention would help reduce demand at health facilities and this paper emphas-
izes the role played by AI-based models in the prediction of cardiovascular disease risk.
Dinesh et al. (2018) emphasize predicting cardiovascular diseases which can be diagnosed
early thereby preventing. Using the practical application of machine learning in health
care settings”, is the title of the presentation they gave at the 2018 International Con-
ference on Current Trends towards Converging Technologies. Just like that, Shameer
et al. (2018) examines the development of machine learning in the field of cardiovascular
medicine. The evaluation evaluates where AI applications currently stand, highlighting
challenges and prospects. This underscores the need for machine learning techniques
to further advance to adequately support the management of cardiovascular disease. In
addition, the growing number of studies emphasized on use of machine learning in car-
diology towards personalized therapies, early diagnosis, and early prediction to improve
sustainability in the field.

2.2 Machine Learning in Depression Prediction

Machine learning offers alternative ways of understanding, labeling, and predicting de-
pression, one of the leading mental disorders.Gao et al. (2018) considered machine learn-
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ing for severe depression including classification, and treatment outcome prediction. AI
helps to improve our understanding of depression and develop personalized treatment
approaches – their study published in CNS Neuroscience and Therapeutics reveals. Ma-
chine learning classifiers are applied in a one-of-a-kind setting of older individuals by
Firdaus et al. (2018) to predict depression. One of the recent studies on machine learn-
ing was presented by Hossain et al., through their work in the International Journal of
Computer Applications. Their study reveals that machine learning can also be custom-
ized for different demographic groups and could be used in early detection. Patel et al.
(2015), apply imaging techniques that use machine learning approaches, in research on
depression. Their research, which was published in NeuroImage: Artificial Intelligence in
Clinical, reveals the neuronal pathways behind sadness from brain imaging data.

2.3 Advancements in Personalized Cardiovascular Treatment

The use of AI in cardiovascular medicine nowadays has shown how tailoring the treatment
regimen for each patient could be done. Krittanawong et al. (2020). A meta-analysis on
the application of machine learning predicting cardiovascular diseases. The Scientific
Reports. The study stresses the importance of early intervention and positions these AI-
driven models as useful tools for assessing the risk of cardiovascular diseases to alleviate
the pressure placed on healthcare systems Krittanawong et al. (2020). This aligns with
the growing shift toward personalized medicine where artificial intelligence is pivotal in
developing tailor-made treatment protocols aimed at improving patient outcomes while
enhancing resource utilization in cardiovascular care.

2.4 Early Detection of Depression through Advanced Imaging
and AI

Integrating high-end imaging, machine learning has become a powerful tool in the early
diagnosis of depression. The work done by Patel et al. (2015) considered the use of
machine learning methods for brain imaging when exploring depression research. Ac-
cording to Patel et al. (2015) this research, which was published in NeuroImage: Clinical
demonstrates the use of artificial intelligence (AI) in reading brain imaging data and un-
masking the neural networks of depression, offering a promising way for earlier detection
and prevention. The combination of neuroimaging and machine learning enhances our
understanding of molecule levels of depression as well as offers great prospects for early
intervention and individual treatment planning. This demonstrates the importance of
high tech in resolving mental problems and building stronger mental health systems.

2.5 Challenges and Ethical Considerations in AI-Driven Health-
careI

While artificial intelligence offers numerous benefits in healthcare, it also poses ethical
problems such as moral dilemmas.Lamiae et al. (2022) describe the potential of machine
learning and smart home technologies as working toward sustainable healthcare. This
is compounded by concerns raised by some authorities such as the security of data,
confidentiality, appropriate use of patient information, and so on Lamiae et al. (2022)).
The credibility of such solutions can only be guaranteed if these challenges are handled
directly. Moreover, with the development of these technologies comes the realization
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of the need for accurate ethical standards and laws, confirming the importance of an
effective roll-out approach.

2.6 Cardiovascular Disease Prediction and Intervention

Cardiovascular disease prediction and treatment is one of the critical research topics. The
approaches are focused on various machine learning technologies. A study by Collabor-
ation et al. (2012) discusses indicators concerning lipids for forecasting cardiovascular
disease. Published as research in JAMA, these indicators have a predictive potential and
our further knowledge on cardiovascular risk factors. Amma (2012), provides an example
of using computational intelligence in risk assessment in which an algorithm and neural
network-based cardiovascular disease prediction system is proposed Amma (2012). Also,
Mcmahon et al. (2011) has shown how many biomarkers influence risk assessment as it
examines fibrinogen and C-reactive protein as predictors for cardiovascular diseases.C-
Reactive Protein, Fibrinogen, and Cardiovascular Disease Prediction (2012) performed a
study that looked at the relation between systemic lupus erythematosus and its possible
effects on cardiovascular diseases. Alty et al. (2004). contribute to the discipline, showing
how modern computational methods could be used in risk assessment via the prediction
of cardiovascular disease by support vector machines Alty et al. (2004).

2.7 Machine Learning in Depression Treatment Outcomes

Machine learning has immensely increased the prediction of depression treatment results,
offering guidance in the individualistic and effective treatment of mental health prob-
lems. One research review by Sajjadian et al. (2021), which included a meta-analysis,
suggested the utilization of machine learning Priya et al. (2020) use predicting anxiety
and sadness in old patients to illustrate machine learning applications’ adaptability across
demographic groups. According to Chekroud et al. (2016), predictive models should con-
stitute critical elements of the cross-trial prediction strategy used in clinical trials for
depression treatment (p. 1). In the paper Usman et al. (2020), an exhaustive review
of the research state in the issue has been conducted presenting a broad analysis of the
literature on the prediction of depression with various machine learning algorithms. In
this regard, Hawes et al. (2023) further our understanding of how machine learning mod-
els could be used to predict stress, anxiety, and depression and therefore assess mental
health comprehensively using computational approaches.

2.8 Future Directions: Integrating AI into Routine Clinical
Practice

The advancement of machine learning in healthcare can lead to a radical change in clin-
ical procedures. Research on the sustainability of healthcare data analysis in IoT-based
systems has been highlighted by Elayan et al., (2021). The study shows how AI can
lead to the sustainability of healthcare through better data transmission and analyses in
healthcare. Elayan et al., 2021, in the IEEE Internet of Things Journal. In addition,
utilizing AI in routine clinical work could enhance patient management in general by way
of better diagnosis and treatment planning in the future. It is expected that artificial
intelligence will be an integral part of future healthcare procedures to increase efficiency,
accuracy, and patient outcomes. Ongoing research and breakthroughs indicate this.
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3 Methodology

Three main elements make up the research methodology: Depression prediction, cardi-
ovascular disease prediction, and the whole Flask application. In each part, the proced-
ures, supplies, methods for gathering data, and statistical methods are given in detail.

3.1 Cardiovascular Disease Prediction

After obtaining a complete dataset of related health features relevant to Cardiovascular
Disease Prediction from Kaggle (cardiovascular disease), the project began. After data
collection, stringent techniques of data pre-processing were applied addressing missing
values, transforming data, and features normalization

Figure 1: Cardiovascular Dataset

Following this, EDA was conducted using bar charts, histograms, and a correlation
matrix to ascertain how the variables were distributed and related in the dataset.

During the project’s effort to build an effective predictive model, the project con-
sidered feature selection with the help of both statistical methodologies and domain
knowledge to discover essential features. Different machine learning algorithms were used
in cardiovascular disease prediction, such as logistic regression, random forest, SVM, etc.
The performance of each model was assessed in terms of its accuracy and F1 score. Hy-
perparameter tuning on best models using grid search cross-validation on top-performing
algorithms on accuracy.

The model ensembling approach was used to help improve the predictive power of the
model; finally, the best model selected was used to integrate with the Flask Application.
In the final stage of the process, a subset of the dataset was used to train selected models
whose performance was determined using metrics like accuracy, precision, and recall.
Each of these stages was implemented as a holistic approach towards building a strong
Cardiovascular Disease Prediction system.
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3.2 Depression Prediction

The Depression Prediction project started with buying Kaggle’s (depression) depression
dataset comprising several mental health and depression-related features. The first stage
of data preprocessing consisted of a comprehensive process of transforming and cleaning
the dataset to eliminate missing values and homogenize its structure.

Figure 2: Depression Dataset

Then came the exploratory analysis, which utilized a variety of plots such as bar
charts, histograms, and correlation matrices for observing interesting distributions among
different variables in the data set.

One of the key elements of the project involved feature engineering that allowed ex-
tracting relevant features from textual and categorical data to improve predictive mod-
eling with a better dataset. Machine learning methods such as decision tree algorithms
and ensemble approaches proved to be efficient in modeling depression prediction. Then,
the two promising models were subjected to stringent hyperparameter tuning, and their
predictions were combined using the Voting Classifier ensemble model. In the last stage,
depression prediction models were properly evaluated with accuracy, F1 score, and ROC-
AUC among the important metrics for comprehensive performance assessment.

The rigorous process included data collection, preprocessing, exploratory analysis,
feature engineering, model training, and evaluation all these processes were done compre-
hensively and systematically. The multilayered methodologies provide a comprehensive
understanding of the dataset and allow to develop of robust prediction tools and accurate
metrics, which serve as the ground for an effective instrument in the prediction of mental
health problems.
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3.3 Flask Application

As regards the Flask Application, a careful evaluation of the design specification was
done to include only the necessary functionalities for an easy-to-use interface. Simplicity
in navigation and rich data visualization capabilities were the major emphasis, aiming
at providing the users with a seamless experience. The later stages of implementing
solutions involved the utilization of these specifications as the blueprint.

During the Implementation/Solution Development phase, a complete Flask applica-
tion was developed with both depression and cardiovascular prediction algorithms. It is a
dynamic app that allows quick communication with the predictive models and proves to
be useful in healthcare information. Carefully, the pickled object for the standard scaler
and ensembled model were exported to support the incorporation of machine learning
models in the Flask app. The smooth incorporation of these machine learning mod-
els into the Flask Application makes it possible for the former to exploit the predictive
capabilities of the latter.

Additionally, the application includes a user table with attributes like user ID, user-
name, and user password. Such a database structure allows for incorporating key func-
tions such as user registration and login. The registration and logging in of customers
is simple, thereby contributing to the enhanced level of personalization, which enables
customers to utilize all the Flask Application features seamlessly.

This is a comprehensive development process that leads to an elegant and presentable
Flask application interface. Data transformation and predictions are integrated for ease
and provide intuitive visuals as well as health prediction. User-centric designing ensures
that individuals, regardless of their technical skills, can easily navigate through the ap-
plication, hence a powerful and convenient instrument for healthcare professionals as well
as health enthusiasts. At its core, the Flask Application is an elegant balance of design
perfection, sturdy solution, and customer orientation, which provides a powerful vehicle
for health forecasting as well as data management.

The study methodology included extensive data preparation, a careful model selection,
and a comprehensive assessment for cardiovascular and depression prediction. It ensured
that the platform for getting the prediction results was interactive and simple. These
actions together underscore the principles of reproducibility and openness for dependable
research results.

4 Design Specification

The Cardiovascular Disease Prediction implementation created multiple machine learn-
ing models to achieve maximum prediction accuracy. Among the initialized classifiers
were Random Forest, Logistic Regression, Support Vector Machine, Gradient Boosting,
k-Nearest Neighbour, Decision Tree, and a Voting Classifier. This latter soft-voting en-
semble integrated predictions from Random Forest, Logistic Regression, SVM, Gradient
Boosting, k-Nearest Neighbours, and Decision Tree. Specifically, the tuning of hyperpara-
meters was done to enhance the forecast power of Random Forest and Gradient Boosting
models. Using the merit of each individual classifier, an improved prediction model was
formed with the aid of ensemble technique.
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Figure 3: Architecture Diagram on Cardio Dataset

4.1 Architecture diagrams

Similarly, several classifiers, including Random Forest, Logistic Regression, Naive Bayes,
SVM, Decision Tree as well as K – Nearest Neighbours, were employed in Depression
Prediction. The main objective of hyperparameter tuning was to optimize the paramet-
ers of the Random Forest and k-Nearest Neighbours. The resulting customized models
were then mixed in a way to improve the overall predictive performance, by leveraging
the strengths of each classifier. This strategy took advantage of the complimentary as-
pects of various algorithms to produce a more reliable and accurate prediction model for
depression.

User engagement with predictions considered specifically in the context of the Flask
Application combining depression and cardiovascular prediction algorithms. The applica-
tion imports Pickled Objects for the Ensembled Model and the Standard Scaler smoothly
from the Machine Learning Models. Additionally, a “user” database table was created
with user-id, username, and password fields to facilitate user function. The implement-
ation of the Register and Login functions became easier with this table, thus enabling a
secure and personalized prediction experience for Flask Application users who wanted to
learn about depression and cardiovascular indicators.

The above Figures 3 and 4 provide an architecture or visual representation of the cod-
ing process for a cardio and depression dataset. They show the systematic procedure or
steps in data loading, cleaning, EDA, pre-processing, model training, model evaluation,
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Figure 4: Architecture Diagram on Depression Dataset

hyperparameter tuning, ensemble modelling and final evaluation. In detail, the data
loading and cleaning process where the datasets are loaded into the coding platform or
environment and performed data cleaning process. The EDA step involves analyzing and
visualizing the datasets to gain appropriate insights into their characteristics and struc-
ture. The data pre-processing involves activities such as normalization, scaling, encoding
or missing value handling to make sure that the data in both datasets are in a suitable
format for further analysis. During the model training process, ML models are trained
using data cleaning and pre-processing activities. Here, the cardio dataset used trained
several models including – Random forest, logistic regression, support vector machine
(SVM), gradient boosting, K-nearest neighbours (KNN), decision tree, and voting clas-
sifier. On the other hand, random forest, SVM, logistic regression, Näıve Bayes, KNN,
and decision tree machine learning models are trained on the depression dataset.

Once the models are trained on the datasets, model evaluation is initiated which
suggests the performance of each model will be assessed using appropriate evaluation
metrics. Then, hyperparameter turning is performed over two models such as random
forest and gradient boosting for the cardio dataset. On the other hand, hyperparameter
tuning is performed on random forests and KNN on the depression dataset. This will help
to enhance or optimize the performance of models by identifying the best combination
of hyperparameter values. Then, an ensembling process is performed to combine the
predictions from the previously trained models, and potentially enhancing the power of
prediction of the models. The evaluation process will represent all final results of the
ensemble model’s performance.

10



5 Implementation

Below is the complete implementation followed for the Application:

5.1 Cardiovascular Prediction

In the implementation phase of cardiovascular disease prediction, a systematic and cyc-
lical procedure that involved data cleansing and exploratory data analysis (EDA) and
the creation and validation of machine learning models was employed. After loading
the cardiovascular dataset from Kaggle, there was a thorough data cleaning process that
included removing irrelevant columns (like “id”) and using the IQR-based method for
handling outliers.

Following cleaning, EDA was done on the 62,505 dataset items. This brought out
important knowledge concerning feature relations, the category of some variables, and
numerical trait distributions.

Then the study of prediction of cardiovascular disease started with a rigorous scrub-
bing of the data using the IQR method for handling outliers.

Upon removals, Box Plot showed that no outliers remained. Bar plots showed that the
median for aphi)was130, for(aplo)/itwas85, forHeight, itwas165, andforWeight, itwas72.
Further EDA also revealed significant correlations, including .52 between height and
gender and .71 between aphi)and(aplo)/.

Categorical variables like gender, cholesterol, glucose level, cigarette smoking, alcohol
drinking, or physical activity were more meaningfully viewed in terms of histogram plots.

Figure 5: Corrlation Matrix
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Subsequently, the data separation process saw the division of the data into training
and test sets, following its segmentation into features (X) and the target variable (y).
Numerical features were standardized using the StandardScaler. The model training
phase utilized several classifiers, including Random Forest, Logistic Regression, Support
Vector Machine, Gradient Boosting, k-nearest Neighbours, Decision Tree, and a Voting
Classifier. Every output from the classifier is well examined by using confusion matrices
and classification reports.

The hyperparameter tuning on Random Forest and Gradient Boosting models was
aimed at improving the prediction accuracy. This entailed setting parameters like the
number of estimators, max depth, and learning rate. Then, the optimal hyperparameters
were used to instantiate models, and an Ensemble Model was built with a Voting Classi-
fier. The final ensemble model was more accurate, and precise, had a higher recall, and
a larger F1 score than the individual classifiers. Throughout the whole implementation,
all of it was in Python, including, among others, packages like sci-kit-learn, pandas, and
seaborn. The integrative approach used machine learning techniques, statistical analysis,
and visualizations to predict a reliable model for cardiovascular disease. For Cardiovascu-
lar Predictions, the last output includes a prediction based on a machine-learning model
for Disease or Not.

5.2 Depression Prediction

In the final stage of deployment, we have successfully created and refined machine learning
models that predict depression based on socio-economic characteristics. We loaded the
dataset, cleaned it up to deal with missing values, and then did EDA to see how important
measures were distributed and how they correlated with depression.

After EDA we preprocessed the data by splitting the data into features and the target
variable, scaling the numerical features using a standard scaler, and splitting the dataset
into the training set and the testing set.

It comprised of twenty-three attributes and one thousand four hundred twenty-nine
cases mostly regarding social economic and demographic parameters.

In the EDA, the use of histogram plots enabled the determination of the distributions
of numerical parameters and also, the frequencies of specific risk variables. However, the
association of these depression occurrences with categories characteristics like gender,
marital status, level of education, and labor activities were considered.

The EDA detected some significant patterns in the dataset, including that men were
more frequent, which could mean a correlation between depression and sex. Nevertheless,
there was no evidence to suggest that marriage or education level were associated with
depression rates. The study also considered categorical factors such as labor participation,
which gave rise to an unusually high frequency in the non-labor group that raises the
possibility of association with depression. The above findings offer the basis for future
model description and training.

We did classifiers like, KNN, Random forest, SVM, Decision tree, Naive Bayes, and
Logistic Regression. The results for these evaluation parameters include recall, accuracy,
precision, and F1 score for each model. GridSearchCV provided the hyperparameters
that improved the performance of the prediction of the Random Forest and KNN model.

Additionally, we employed a Voting Classifier to build an ensemble model that lever-
aged the strengths of random forest and KNN models. The ensemble model exhibited
greater accuracy as far as precision, recall, and F1 score were concerned.
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Figure 6: Corrlation Matrix

This implementation entails a detailed exploration of the model’s performance, an
understanding of key socioeconomic variables driving depression, and optimized machine
learning models for depression prediction. For this implementation, I used Python and
libraries such as sci-kit-learn, pandas, matplotlib, seaborn, and imbalanced-learn. There-
fore, the final output of the Depression Prediction is the user’s prediction on whether a
user is depressed or not.

5.3 Flask Application

To have the suggested health prediction system implemented, a web application that uses
the Flask Python framework must be developed. With the help of machine learning, it can
predict cardiovascular health and depression based on user-provided data. The backend
uses SQLAlchemy which provides an interface to a SQLite database for handling the login
and user registration feature.

Models.py defines the data models that define the database interaction (using SQLAl-
chemy), and also the structure of a user database. There are several sections on the
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website. These include depression, prediction of cardiovascular health risks, login, and
registration.

In terms of machine learning, pickle is used to load pre-trained ensemble models and
scalers for cardiovascular and depression prediction. The models, which are based on
the scikit-learn framework, were developed using the ensemble approach, especially for
classification.

For the front-end implementation, HTML templates are applied, while for the display
of dynamic content, Jinja templating is used. Through the use of CSS and the responsive
nature of the user interface’s design, a user-friendly experience is assured.

User authentication is done using Flask sessions, hence, users will have to register
and log in to enjoy predictive capabilities. It also enhances user experience and security.
It simplifies the deployment process using a lightweight development server that comes
with Flask’s built-in server.

The final output from a Flask Application is that a user can predict cardiovascular
disease and depression. The last stage in the process will include users who may forecast
various health-related difficulties with ease using a smooth and user-friendly platform
through web forms and the system will make predictions based on the developed machine
learning models. These three technologies, namely, web development, machine learning,
and backend database management come together to yield a complete and useful health
prediction system.

6 Evaluation

Cardiovascular and Depression Machine Learning models were evaluated as below:

Figure 7: Accuracy of Different Classifiers in Cardiovascular Disease Prediction

6.1 Cardiovascular Prediction

After data preparation, training and test sets were extracted from the dataset and then
standardized. We developed and carefully assessed seven classifiers using accuracy, pre-
cision, recall, and F1 score metrics:
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Figure 8: Accuracy of Hypertuned Models in Cardiovascular Data Prediction

A voting classifier ensemble, decision tree, random forest, gradient boosting, SVM,
logistic regression, and KNN. However, Logistic regression ranked as the best performer
with a 72 Percent accuracy that surpassed most of the individual classifiers. SVM had
an accuracy of 72 Percent and balanced precision and recall.

Figure 9: Accuracy results of Cardio

Through fine-tuning of the Random Forest and Gradient Boosting algorithms, op-
timized configurations were achieved for the advancement of the application in question.
A voting classifier was used to create an ensemble model that consisted of a random
forest model, an adjusted gradient boosting model, and a random forest model that had
been tweaked. This ensemble model yielded a respectable 73 Percent accuracy. The en-
semble model showed good predictive power for both cardiovascular disease groups, with
a significant increase in recall and accuracy. The evaluation of the performance of these
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classifiers revealed that Random Forest was 71 percent, Logistic Regression was 65 per-
cent, SVM was 68 percent, Gradient Boosting was 76 percent, KNN was 49 percent and
Decision Tree was 54 percent. The voting classifier’s ensemble achieved 71 percent ac-
curacy. These discoveries suggest that ensemble methods and model selection are crucial
for predictive modeling in predicting cardiovascular disease. These findings underscore
the importance of a balanced strategy for optimizing recall and accuracy metrics yielding
robust predictions.

6.2 Depression Prediction

Figure 10: Accuracy results of Depression Results

Figure 11: Classification Report For Ensemble(KNN+Random Forest) on Depression
dataset
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Figure 12: Confusion matrix

The depression prediction research commenced with an intensive survey into the data-
set which entailed data cleaning, missing value replacement, and an in-depth analysis of
significant statistical factors.

The EDA revealed significant trends on the dataset including the higher frequencies
of men suggesting a probable relationship between depression and gender. The results
showed that marital status and level of education did not influence the prevalence of
depression. This also included categorical features such as “work involvement”, where
a high frequency in the non-labor group could potentially signify a correlation with de-
pression. Thus, these results are needed for the subsequent model interpretation and
training.

The depression prediction task was undertaken using a dataset with socioeconomic
and demographic features that were fed into multiple machine-learning techniques. To
predict depression, seven classifiers were used: Algorithms like Random Forest, Logistic
Regression, Naive Bayes, SVM, Decision Tree, and KNN. The Random Forest model
scored 7.41 percent F1, 4.26 percent recall, 28.57 percent precision, and 82.52 percent
accuracy. The Logistic Regression was accurate, with the F1 score of 83.22 percent.
Although it presented a provisionality = 0 percentage, indicating possible limitations.
Naive Bayes achieved a precision of 22.22 percent, a recall of 12.77 percent, and an F1
score of 16.22 percent, resulting in an accuracy of 78.32 percent.

SVM obtained an F1 score of 0.00 percent, with accuracy, precision, and recall at
83.57 percent. Its accuracy was moderate at 75.17 percent and the precision, recall,
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and F1 score for the Decision Tree model were 23.91 percent, 23.40 percent, and 23.66
percent, respectively. The prediction accuracy for KNN was 81.12 percent, recall = 4.26
percent, precision = 18.18 percent, and F1 score = 6.90 percent. With hyperparameter
tuning, KNN’s accuracy improved to 82.17 percent, recall of 2.13 percent, precision of
16.67 percent, and F1 score of 3.76 percent.

Apart, the optimal accuracy in hyperparameter optimization of the Random Forest
model was 83.22 percent, recall of 4.26 percent precision of 40.00 percent, and F1 score
of 7.84 percent. For example, the ensemble method used Random Forest and KNN
with Voting Classifier to achieve an F1 score of 4.00 percent, accuracy of 83.22 percent,
precision of 33.33 percent, and recall value of 2.13. In summary, these results portray the
tradeoffs between the precision, recall, and overall accuracy of the depression prediction
and provide an overview of each model’s predictive performance.

6.3 Flask Application

Figure 13: User Registration Page

The combination of two machine learning models, one for the prediction of depression
and the other, for that of Cardiovascular, was applied in the assessment of the Flask
application. The program is designed intuitively with registration, login, and logout
features to provide a personalized experience. Security measures are put in place to
prevent any unauthorized login or registration.

The cardiovascular prediction module allows users to enter multiple health factors
which are fed into a pre-fitted scalar tailored for the cardiovascular characteristics. The
user interface shows the predicted response of the ensemble model for cardiovascular
health. Moreover, the program handles the user sessions in such a way that every logged-
in individual can only view the predictions.

Similarly, the depression prediction module captures socio-demographic information
which is scaled through a pre-fitted scaler for depression-related characteristics. The user
is provided with the results of using the ensemble model for depression prediction. For
the registration and login methods, they access a SQLite database to safely manage the
user’s information.
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Figure 14: Prediction Result for Depression for a Sample Input

Error management for duplicate usernames during registration and unsuccessful lo-
gin attempts makes up a part of this system. In addition, the site boasts of a simple
homepage, which displays a choice of either cardiovascular or depression predictors with
corresponding input forms.

Figure 15: Prediction Result for Cardiovascular for a Sample Input

Customers can easily use this Flask application which has incorporated machine learn-
ing algorithms for predicting mental and cardiovascular health. At the end of the day,
the technology delivers a seamless user experience via a well-thought-out interface that
offers practical healthcare predictions based on the power of machine learning.

6.4 Discussion

The evaluation of models for predicting cardiovascular illness provided important insights
into the performance of various classifiers. Logistic regression turned out to be a highly
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efficient method with a 72 percent accuracy rate. The above result proves the strength
of logistic regression in prognosis of the cardiovascular diseases and agrees with the other
studies on using this technique in medical care. The SVM model had a balanced preci-
sion and recall, implying that it could predict across illness and non-disease categories.
Interestingly, it also recorded an impressive accuracy of 72 Percentage.

It was shown that ensemble approaches are capable of increasing the predicting accur-
acy, specifically by applying Random Forest and modified Gradient Boosting models in
a Voting Classifier. As shown by the result, the ensemble model achieved an astonishing
73 Percent accuracy rate compared to single classifiers. It strengthens the importance
of ensemble techniques in achieving precision in heart disease prediction. A performance
study revealed each classifier’s strong and weak points, with Gradient Boosting being the
most accurate at 73 Percent.

The Random Forest, however, was a good model for predicting depression in terms of
accuracy with 83.22 Percentage F1 score of 7.41 Percentage precision of 28.57 Percentage,
and recall with 4.26 Percentage. Logistic Regression had a lower precision and recall of
0.00 Percentage whilst showing an 83.22 Percentage accuracy. This reflects the fact that
this study was not fair. It was evident that precision-recall-and-total accuracy trade-
offs provided information regarding the predictive power of each model. Instead, the
hypertuned model was chosen as opposed to Smote, which gave a poor F1 score. This
could be due to inconsistent data.

Additionally, the use of Hyperparameter Optimization led to an improvement in some
models like the Random Forest model which shows that fine–tuning the parameters is
necessary for better results. The ensemble approach (Random Forest + kNN through
Voting Classifier) had an F1 score of 4.00 Percentage accuracy of 83.22 Percentage. This
highlighted the challenge of optimizing multiple models for depression prediction.

The inclusion of depression and cardiovascular prediction algorithms into a user-
friendly system made the Flask application successful. Scalability evaluation, secure
data processing, and user interface design also affect a good user experience. This pro-
gram provides simple-to-use utilities that enable the user to track his cardio and mental
health, according to the current trend regarding personalized healthcare forecasting using
machine learning.

Our results provide further support to earlier studies within the literature review that
point to the growing importance of ensemble approaches and personalized health fore-
casting models. Machine learning models must be made adaptive to changes in healthcare
data and developments in predictive analytics. Further improvements might involve look-
ing for more features, incorporating more elaborate algorithms, and considering possible
biases in the data. In summary, these results underscore the importance of continu-
ous evaluation and improvement in predictive modeling and contribute to the ongoing
discourse on the employment of machine learning in healthcare.

7 Conclusions and Future Work

This study had objectives of evaluating prediction models, developing an app based on
FLASK, and criticizing the results to address the research problem of employing machine
learning for depression/cardiovascular prediction in healthcare. The study’s objectives
were adequately met, providing information on the accuracy of machine learning predic-
tion about depression and cardiovascular diseases.
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The main conclusions of this evaluation pointed out the strength of logistic regression
in predicting cardiovascular outcomes that gave an accuracy of 72 Percent. In addition,
the Random Forest and modified Gradient Boosting ensemble model exhibited an im-
pressive prediction accuracy of 73 Percent. The Random Forest model outperformed the
other models by predicting depression with an accuracy of 83.22 Percentage. Thus, it
proved to be effective in the domain of mental health. This demonstrates how machine
learning can accurately predict the challenges of heart and mental issues.

Important implications of the research can thus be translated into a usable application
via the creation of an intuitive Flask application. Machine learning models introduced
into a platform that assesses mental health and heart diseases can enhance personalized
healthcare. Therefore, one must also be aware of the restrictions, e.g., a necessary large
amount of data as well as existing limitations between recall, precision, and general level
of accuracy.

However, future research should focus on improving upon the prediction models. How-
ever, tackling some of the potential biases in the data set, developing more advanced
algorithms as well as researching more relevant parameters could bring us closer to these
meaningful gains. Additionally, owing to the evolving field of predictive analytics, future
investigations may consider the dynamic nature of healthcare data. The models can be
made to complement clinical processes by involving medical experts in future work plans
and extending their coverage to other health factors.

Furthermore, given the increasingly urgent requirements for tailor-made health ap-
plications, the opportunity for commercialization should also be looked into. In this
regard, collaborations with technology firms and healthcare providers may facilitate the
integration of the predictive models in current health systems. A validation procedure
and respect for ethical practices, however, should support commercialization initiatives to
ensure accurate prediction models’ dependability and credibility in authentic healthcare
settings. In essence, this study provides a basis for future efforts toward making ma-
chine learning models more accurate and appropriate in the detection and management
of medical conditions.
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