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Abstract. Healthcare predictive modeling has been transformed by combining
generative artificial intelligence (Gen Al) and machine learning (ML), which pro-
vide complex computational frameworks for precise disease prognosis. Leverag-
ing Gen Al's ability to synthesize complex, high-dimensional medical data and
ML's advanced pattern recognition capabilities, our research focuses on precisely
predicting critical diseases, including cardiovascular conditions, diabetes melli-
tus, and Parkinson’s disease. These technologies empower the development of
predictive algorithms that can model intricate dependencies within biomedical
datasets, enhancing diagnostic precision and clinical decision-making. Using a
strong comparative analysis framework, our research systematically assesses the
performance of numerous machine learning techniques, such as logistic regres-
sion, decision trees, random forests, support vector machines, and deep neural
networks. We conducted an extensive literature survey against prior studies, ex-
tracting insights into algorithmic efficiencies and constraints. Key results indicate
that algorithmic performance is disease-specific, prompting the development of
an integrated, adaptive backend architecture. This system intelligently deploys
the most effective algorithm for each disease type, optimizing diagnostic out-
comes and computational resources. Our research delivers a novel, data-driven
strategy for disease-specific model optimization, with significant implications for
deploying Al-driven predictive tools in personalized healthcare. The findings
demonstrate the promise of Gen Al and ML in redefining clinical diagnostics,
paving the way for advancements in precision medicine.

Keywords: Parkinson’s Disease, Heart Disease, Diabetes, Generative Artificial
Intelligence, Machine Learning, Predictive Algorithms, Diagnostic Precision,
Clinical Decision-Making.

1 Introduction

Disease prediction is an increasingly significant domain within healthcare, aiming to
leverage predictive models to identify and assess risks associated with complex condi-
tions like Parkinson’s, Heart conditions, and Diabetes. Each of these diseases presents
unique challenges in prediction due to factors such as variability in symptoms,
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demographic influences, and patient histories. Advances in computational techniques
have catalyzed efforts in predictive diagnostics, enhancing early identification and tar-
geted intervention. Finding the best algorithmic strategy is still a crucial objective,
though. In this work, we compare various algorithms to see how well they predict dis-
eases by evaluating how well they perform across various datasets. By identifying the
most accurate and efficient algorithms, this research contributes to enhancing predictive
healthcare methodologies for critical diseases.

2 A Glance at Machine Learning

Machine learning (ML) is pivotal in modern disease prediction due to its sophisticated
data-processing capabilities, allowing it to discern complex, non-linear patterns from
extensive patient datasets. In the realm of predictive healthcare, ML enables models to
go beyond traditional statistical analysis, dynamically identifying features and correla-
tions that are instrumental in understanding the progression of diseases like Parkin-
son’s, Heart conditions, and Diabetes. This study uses a variety of ML approaches, in-
cluding deep learning networks, ensemble methods, and classification algorithms, in
which machine learning techniques provide the best accuracy, sensitivity, and compu-
ting efficiency. The most successful prediction algorithms that are suited to the partic-
ulars of each illness are finally chosen using the comparative analysis of ML models as
a basis to identify the advantages and disadvantages of each strategy.

3 A Glance at Generative Artificial Intelligence (Gen Al)

In healthcare prediction modeling, generative artificial intelligence (Gen Al) is becom-
ing a game-changer, especially in situations where real-world data may be few, unbal-
anced, or challenging to get. Gen Al approaches, like Variational Autoencoders (VAEs)
and Generative Adversarial Networks (GANs) produce new, realistic data that matches
the statistical characteristics of the original datasets. To improve model resilience and
accuracy in illness prediction tasks for Parkinson's Disease (PD), diabetes, and Cardio-
vascular (heart) disease, this work uses Gen Al to supplement training data. By provid-
ing diverse synthetic data, Gen Al helps to reduce bias, improve generalization, and
address class imbalances in datasets, enabling models to perform more reliably across
varied patient populations. Through this approach, the study evaluates how Gen Al can
complement traditional ML models, potentially elevating predictive precision and fos-
tering more adaptable, data-resilient diagnostic algorithms for critical disease predic-
tion.

4 Prediction Models

The Prediction Model in healthcare anchorage artificial intelligence (Al) and advanced
ML techniques to forecast disease outcomes and identify latent health risks, enabling
early detection of various medical conditions. These models are typically built upon
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large-scale datasets comprising patient demographics, clinical histories, biomarker
data, and diagnostic imaging. Feature engineering and selection processes are employed
to identify relevant input variables, followed by training using supervised learning al-
gorithms such as K-nearest neighbors (KNN), random forest (RF), support vector ma-
chines (SVM) or deep learning models. In particular, these models are instrumental in
predicting the likelihood of disease onset, such as neurodegenerative diseases (e.g., Par-
kinson’s disease) or cardiovascular events, based on individual risk factors. Model val-
idation techniques, such as hyperparameter tuning and cross-validation, ensure robust
generalization to unseen patient data. Integrating such prediction models into clinical
workflows can facilitate early interventions, promote personalized medicine, and en-
hance decision-making, ultimately improving patient outcomes and healthcare effi-
ciency.

Logistic
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Random
Forest

Machine Learning
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Trees .
Algorithms
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Deep
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Fig. 1.Types of Machine Learning Algorithms.

5 Exploratory Review of Established Techniques in Disease
Prediction

Xiaoyan Wang et al. (2008) [25] developed an automated disease prediction system
(ADPS) that uses user-provided data, such as symptom information and important
health markers. In order to provide a prioritized list of likely diseases, Complex disease
prediction models have been created as a result of developments in AI/ML. This archi-
tecture achieved a 14.35% enhancement in prediction accuracy compared to standard
models, underscoring the role of client-specific input in augmenting model precision
and diagnostic efficacy [25].

Mingyu Pak and Miyoung Shin (2014) [23] developed an analytical model for type-2
diabetes prediction using Support Vector Machine (SVM), integrating key environmen-
tal and genetic variables for the Ansan/Ansung cohort 2. The model selected variables
based on probability ratios and pre-processed external environmental data into numer-
ical representations, achieving a prediction accuracy of 65.97%. This approach high-
lighted SVM’s capacity for handling high-dimensional data, though its performance
remained contingent on precise parameter optimization and feature selection [23].
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Dhiraj Dahiwade et al. (2019) [20] demonstrated a generic illness prediction model.
To categorize patient data according to symptom inputs, their method used Convolu-
tional Neural Network (CNN) and KNN models. To improve prediction accuracy, their
methods involved preprocessing the data and choosing pertinent characteristics. Their
findings indicated that CNN achieved a higher accuracy rate of 84.5% compared to
KNN, with CNN also requiring less memory and time [20].

Norma Latif Fitriyani et al. (2019) [21] is presented a disease prediction model (DPM)
that uses an ensemble learning technique in conjunction with data balancing (SMO-
TETomek) and outlier identification (iForest) to focus on the early diagnosis of type 2
diabetes and hypertension. These techniques enhanced prediction accuracy when com-
bined with an ensemble learning method that incorporates multiple classification mod-
els. The authors also developed a mobile application to provide real-time predictions.
The proposed model outperformed other classification models with 96.74% accuracy
for diabetes and up to 100% for hypertension, proving particularly effective in reducing
biases from outliers and data imbalance [21].

Sneha Grampurohit and Chetan Sagarnal (2020) [17] created a prediction system with
the aim of evaluating patient medical data for early illness prediction by utilizing ma-
chine learning techniques. Using 4920 records related to 41 different diseases, they op-
timized their model by selecting 95 out of 132 symptoms based on data relevance. To
forecast diseases, their system uses RF, Naive Bayes, and Decision Tree classifiers.
Preprocessing involved data cleaning to fix missing values and data reduction to en-
hance the model's performance by focusing on key variables. With an accuracy score
0f 93.61%, Naive Bayes outperformed the other algorithms by a little margin [17].

Mohammad Ali Moni et al. (2019) [19] evaluated how well a number of supervised
machine learning systems predicted illnesses based on medical data. In order to forecast
illness risk, this extensive study examined 48 publications using a variety of techniques,
including SVM, RF, and Naive Bayes. In 53% of the experiments in which it was ap-
plied, the RF algorithm outperformed than methods such as SVM and Logistic Regres-
sion in terms of accuracy. This comparison provides critical insights into selecting the
appropriate algorithm for disease risk modeling [19].

Table 1. ASSETS AND FLAWS OF PREDICTION METHODS

Method Assets Flaws
KNN High accuracy, Simple Sensitive to local infor-
mation structure; slow com-
putation
CNN High accuracy, handles Requires more computa-
large data well tional power than simpler
models
Decision Tree Good interpretability, fast Prone to overfitting with
training complex datasets
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performance

Naive Bayes Fast, performs well with Limited to large and com-
small datasets plex datasets
Apriori Finds frequent patterns in Computationally expen-
datasets sive, especially for large da-
tasets
Random Forest Reduces overfitting, robust Computationally —inten-

sive; complex implementa-
tion

Support  Vector
Machine (SVM)

High accuracy for complex
data classification

Sensitive to parameter se-
lection; high computational
overhead with large datasets

Logistic Regres-
sion

Good for binary classifica-
tion and probabilities

Assumes linear relation-
ship; may perform poorly

with complex data

Automated Dis- High accuracy (+14.35% Dependent on the quality
ease Prediction | over standard models) of user input
(ADPS)

Genetic ~ Algo- Effective pattern extrac- Computationally  inten-
rithm + Back-propa- | tion, improved accuracy sive, complex to implement
gation

5.1 INSIGHTS INTO THE EVOLVING TECHNIQUES FOR

PARKINSON’S DISEASE DIAGNOSIS

Gunjan Pahuja and T. N. Nagabhushan (2018) [22] compared machine learning clas-
sifiers for PD detection, using the UCI speech dataset. The study examined how well
KNN, SVM and Atrtificial Neural Networks (ANNs) performed. With an accuracy of
95.89%, the ANN using the Levenberg—Marquardt algorithm fared better than the oth-
ers, demonstrating its ability to identify non-linear patterns in speech data. Despite
providing comprehensive classifier insights, the results may be dataset-specific and lack
generalizability [22].

Wu Wang et al. (2020) [18] created a sophisticated deep learning system for early-stage
PD identification, using the Parkinson's Progression Markers Initiative (PPMI) dataset,
which comprised 401 early-stage PD patients and 183 healthy persons, The study used
a combination of cerebrospinal fluid (CSF) data and premotor markers such as SPECT
imaging to compare the deep learning model to 12 machine learning and ensemble
learning techniques. The deep learning model demonstrated improved predicting skills
with a greater accuracy of 96.45% [18].

Z. Karapinar Senturk (2020) [16] suggested a machine learning-based technique that
uses speech features to detect non-motor symptoms in order to detect Parkinson's dis-
ease (PD) early. The SVM model with RFE demonstrated the possibility of employing
minimum speech characteristics for PD diagnosis with an accuracy of 93.84%. This
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approach is computationally efficient compared to traditional MRI or motion-based di-
agnostic methods, offering a promising alternative for early PD detection [16].

Zayrit Soumaya et al. (2021) [11] presented a hybrid machine learning model combin-
ing a Genetic Algorithm (GA) for feature selection with a SVM classifier for PD detec-
tion. This study utilized a voice dataset comprising 34 recordings (20 PD patients and
14 healthy controls). The model attained a classification accuracy of 91.18%. While the
GA-SVM approach effectively optimized feature sets and improved accuracy, the lim-
ited dataset size posed challenges related to overfitting and reduced external validity

[11].

Aditi Govindu et al. (2023) [9] emphasized the early identification of PD by telemed-
icine and machine learning approaches. Several machine learning models were used in
the study to analyze MDVP audio data from 30 participants, including healthy controls
and persons with PD. The most successful model for PD detection among them was
Random Forest, which had the greatest accuracy of 91.83% and sensitivity of 0.95. The
study concludes by emphasizing the potential of remote detection of PD, thereby im-
proving patient care and treatment options. Future work aims to incorporate additional
data sources, including audio and REM sleep data, to further enhance classification
accuracy [9].

Table 2.COMPARATIVE ANALYSIS OF PARKINSON'S DISEASE DETECTION

TECHNIQUES
Authors Year Dataset Methodology Accu-
racy
Gunjan Pahuja 2019 UCI voice ANN  (Leven- 95.89%
& T. N. Nagabhu- dataset berg—Marquardt),
shan SVM, KNN
Wu Wang et al. 2020 Parkin- Deep Learning, 96.45%
son’s Progres- | SVM, Random For-
sion Markers | est
Initiative
Z. Karapinar 2020 Speech Feature selection 93.84%
Senturk signals from | (RFE), classifiers
31 individuals | (SVM, ANN),
(23 PD pa- | voice feature analy-
tients and 8 | sis
healthy con-
trols)
Zayrit 2021 Voice re- Genetic  Algo- 91.18%
Soumaya et al. cordings (34 | rithm for Feature
samples) Selection + SV
Aditi Govindu 2023 UCI data- Logistic Regres- 91.83%
etal. bases and | sion, SVM, Ran-
From PPMI - | dom Forest (RF),
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MDVP audio | KNN, Principal
data Component Analy-
sis (PCA), Imbal-
ance handling

5.2 INSIGHTS INTO THE EVOLVING TECHNIQUES FOR HEART
DISEASE DIAGNOSIS

Zhenzhen Du et al. (2020) [15] applied an ensemble learning approach using XGBoost
and other machine-learning models to a large-scale EHR dataset, comprising data from
42,676 hypertensive patients in Shenzhen, China. Targeting 3-year CHD onset, the
model achieved an AUC 0f 0.943, demonstrating a high prediction accuracy. The model
leveraged both time-variant and trend-based features, outperforming traditional linear
models (e.g., logistic regression with an AUC of 0.865) and established risk models
such as the Framingham risk scale. Through marginal effect analysis, the study high-
lighted the efficacy of non-linear data patterns in EHR-derived predictors, emphasizing
the importance of temporal EHR data aggregation and high- dimensional data repre-
sentation in optimizing predictive accuracy for CHD [15].

Agsa Rahim et al. (2021) [12] presented the MaLCaDD framework, an integrated ma-
chine-learning method for managing data imbalances and optimizing feature selection
for the prediction of cardiovascular disease. Utilizing ensemble techniques, including
logistic regression and K-nearest neighbors (KNN), MaLCaDD applied SMOTE and
feature importance algorithms, attaining an accuracy of 99.1% on the Framingham and
Cleveland datasets [12].

Hosam F. El-Sofany et al. (2024) [6] developed an ensemble-based predictive model
for coronary heart disease (CHD), incorporating high-dimensional feature selection to
enhance the model’s predictive power. The model assessed eleven classifiers, such as
XGBoost, RF, and SVM, using datasets from both public and private health records.
With an accuracy of 97.57% with XGBoost, the model yielded the greatest results when
class imbalance was addressed using the synthetic minority oversampling strategy
(SMOTE). To improve model interpretability, SHAP (Shapley Additive exPlanations)
values were used to elucidate feature impact [6].

Halah A. Al-Alshaikh et al. (2024) [2] proposed a robust feature selection method com-
bining GA with RFE, applied to a multi-layer deep CNN optimized with adaptive ele-
phant herd optimization (AEHO). This methodology achieved an AUC of 95.5% for
CHD prediction by capturing complex, non-linear patterns in clinical data. Emphasiz-
ing the reduction of false-positive rates, the model displayed high sensitivity (96.2%)
and specificity (89.7%), demonstrating the potential of advanced feature engineering
and deep learning to resolve classification challenges within imbalanced healthcare da-
tasets [2].
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Prabu Pachiyannan et al. (2024) [4] centered on congenital heart disease (CHD) pre-
diction utilizing the ML-based Congenital Heart Disease Prediction Model (ML-
CHDPM), which uses clinical risk assessment and ECG signal processing. Key metrics
including specificity (91.74%) and sensitivity (96.25%) were enhanced by applying
feature extraction techniques on ECG data and assessing non-linear feature interactions.
ML-CHDPM achieved an overall accuracy of 94.28%, underscoring the effectiveness
of domain-specific signal processing in distinguishing CHD profiles and informing
clinical diagnostics in prenatal screenings [4].

Table 3.COMPARATIVE ANALYSIS OF HEART DISEASE DETECTION

TECHNIQUES
Authors Year Dataset Methodology Accu-
racy
Zhenzhen Du 2020 EHR XGBoost, Random AUC
et al. data from | Forest, Logistic Re- | 0.943
42,676 hy- | gression, SVM, K-
pertensive Nearest ~ Neighbor,
patients Decision Tree
Agsa Rahim et 2021 Fram- MaLCaDD frame- 99.1%
al. ingham, work using Logistic
Cleveland Regression, KNN,
SMOTE
Hosam F. El- 2024 Private XGBoost, Random 97.57%
Sofany et al. &  Public | Forest, SMOTE for
datasets balancing, SHAP for
(CHDD) interpretability
Halah A. Al- 2024 Multiple CNNs with GA, 95.5%
Alshaikh et al. clinical da- | Recursive Feature
tasets Elimination, and deep
learning approach
Prabu Pachi- 2024 ECG ML-CHDPM 94.28%
yannan et al. data for | model leveraging
CHD ECG signals and fea-
ture sensitivity analy-
sis

5.3 INSIGHTS INTO THE EVOLVING TECHNIQUES FOR DIABETES

DIAGNOSIS

N. Fazakis et al. (2021) [13] developed a diabetes risk prediction system using an en-
semble machine learning model called WeightedVotingLRRFs. This model enhances
long-term prediction for Type 2 Diabetes Mellitus (T2DM) with an AUC of 0.884. It
leverages sensitivity and AUC for optimization, incorporating data from the ELSA. The
comparative analysis showed improved performance using multiple machine learning
models in evaluating diabetes risk over time [13].
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Dolly Das et al. (2022) [10] offered a comprehensive examination of deep learning and
machine learning techniques for diabetic retinopathy (DR) diagnosis. To overcome the
constraints, the authors explore the effectiveness of DL models like Convolutional Neu-
ral Networks (CNN) and their variants (e.g., VGG, AlexNet, ResNet). An overview of
cutting-edge DL techniques for identifying retinal lesions is provided in this publica-
tion, employing fundus image data, and achieving efficient image classification for
early-stage DR detection. Challenges such as data imbalances, dimensionality reduc-
tion, and ensemble models are addressed [10].

Santosh Kumar Sharma et al. (2023), [7] introduce a cloud-based system for diabetes
detection and health monitoring using a machine learning framework. The authors use
Principal Component Analysis (PCA) to pick features for their Extreme Learning Ma-
chine (ELM)-based diabetes classification and prediction model. The system integrates
health data processing in cloud environments to facilitate remote diagnosis, particularly
in rural settings with limited healthcare access. The model's high accuracy and compu-
tational efficiency when tested on the PIMA Indian Diabetes dataset show the benefits
of integrating ML approaches with scalable cloud solutions for health monitoring [7].

Parvathaneni et al. (2024) [1] proposed an explainable Al (XAI) method for predicting
diabetes using spectrogram images of glucose signals using CNN and Bi-directional
Long Short-Term Memory (Bi-LSTM) models. The method improves interpretability
and achieves high accuracy, as demonstrated through spectrogram analysis converted
from real-time glucose monitoring signals. The evaluation metrics indicate the model's
effectiveness, making it a reliable tool for tracking glucose fluctuations [1].

I. Shaheen et al. (2024) [5] presented Hi-Le and HiTCLe, two deep learning ensemble
techniques for early diabetes prediction on a highly unbalanced dataset. Class imbal-
ance was addressed by using the ProWSyn method. Hi-Le, a hybrid of Highway and
LeNet models, achieved an accuracy of 94%, while HiTCLe, blending Highway, Tem-
poral Convolutional Network (TCN), and LeNet, reached a similar performance. SHAP
post-processing was used to explain model outputs, validating model performance us-
ing 10-fold cross-validation [5].

Table 4. COMPARATIVE ANALYSIS OF DIABETES DETECTION TECHNIQUES

Authors Year Dataset Methodology Accu-

racy

N. Fazakis et 2021 English Ensemble AUC
al. Longitudinal | WeightedVot- 0.884

Study of | ingLRRFs ML
Ageing model
(ELSA)

Dolly Das, Sa- 2022 Fundus Deep  Learning 75% to
roj Kr. Biswas, image da- | and Machine Learn- | 98%
Sivaji  Bandyo- tasets (var- | ing models for DR
padhyay ied sources)
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detection (e.g., CNN,
VGG, ResNet)
Santosh  Ku- 2023 PIMA In- Extreme Learning 90.57%
mar Sharma et al. dian Diabe- | Machine (ELM) with
tes dataset PCA-based feature
selection in a cloud
environment
Parvathaneni 2024 Real-time CNN and Bi- 95%
et al. glucose LSTM models with
monitoring spectrogram images
signal data
I. Shaheen et 2024 Diabetes Hi-Le (Hybrid 94%
al. Prediction Highway & LeNet),
Dataset HiTCLe (Highway,
(DPD) TCN, LeNet)

6 NOVELTY

This study is interesting since it compares ML and Gen Al models in great detail, with
a focus on improving illness prediction in healthcare. In addition to Gen Al approaches
that provide artificial but clinically significant data, our study thoroughly assesses a
variety of algorithms, including neural networks, SVM, RF, logistic regression, deci-
sion trees. This approach uniquely addresses challenges like data scarcity and variabil-
ity, particularly for Parkinson’s, Heart conditions, and Diabetes. Through exhaustive
benchmarking, we provide clear, evidence-based recommendations on the optimal al-
gorithm for each disease, significantly enhancing predictive accuracy and robustness.
By leveraging explainable Al methods to ensure model transparency, our work offers a
powerful and scalable framework for early and precise diagnosis, establishing new
standards in Al-driven healthcare solutions. Additionally, generative techniques pro-
vide a platform for adapting to emerging medical data trends, enhancing the model’s
ability to evolve with advances in clinical knowledge.

7 Challenges and Research Opportunities

Despite significant advancements in disease prediction using Machine Learning (ML)
and Generative Al (Gen Al), challenges remain that offer valuable research opportuni-
ties. One key issue is feature selection from high-dimensional medical datasets, which
is crucial for improving classifier efficiency while retaining essential data. The com-
plexity arises from noisy, sparse, and incomplete data, as well as feature interdepend-
encies. Advanced techniques such as ant colony optimization (ACO) could be explored
to better handle these complexities. Additionally, the diverse nature of medical data,
including non-linear relationships and data imbalance, challenges traditional ML mod-
els. Hybrid algorithms that adjust to these fluctuations and increase robustness may be
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the subject of future research. Including techniques for quantifying uncertainty such as
Bayesian networks could enhance model reliability by addressing missing or imprecise
data. Improving the interpretability of black-box models like deep neural networks is
another key area for research, ensuring clinical applicability. Furthermore, addressing
biases in medical datasets, such as demographic imbalances, is essential for equitable
Al-driven predictions. Advancing feature selection, algorithmic adaptability, uncer-
tainty quantification, interpretability, and fairness will enable more accurate, reliable,
and ethical disease prediction models.

8 CONCLUSION

This study presents a robust, data-driven framework for comparing the efficacy of ML
and Gen Al models in disease prediction, focusing on critical conditions like Parkin-
son’s, Heart conditions, and Diabetes. We systematically evaluate a range of machine
learning methods, including neural networks, RF, SVM, and decision trees. Our results
show the need for a customized algorithm selection procedure for optimal performance,
as no single algorithm is consistently better than the others; rather, the best model de-
pends on disease-specific traits and dataset properties.

This approach mitigates the challenges of data imbalance, sparsity, and biases that are
prevalent in medical datasets, thereby improving the robustness and predictive accuracy
of disease risk models. Additionally, we introduce a backend-integrated system that
dynamically selects the most appropriate algorithm based on the disease context, opti-
mizing both diagnostic accuracy and computational efficiency. In conclusion, this work
underscores the potential of combining Gen Al and ML to overcome data-related chal-
lenges, offering scalable, adaptive solutions that significantly improve early disease de-
tection, risk stratification, and personalized treatment strategies in Al-powered
healthcare systems.
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