1JSART - Volume 12 Issue 6 — JUNE 2026

ISSN [ONLINE]: 2395-1052

Hybrid Machine Learning Model for Multi-Disease
Diagnosis

C.Tharun?, Dr.K.Annalakshmi 2
12 Dept of Computer Applications
1Dr.M.G.R. Educational and Research Institute, Chennai, TamilNadu, India
2 Assistant professor, Dr.M.G.R. Educational and Research Institute, Chennai, TamilNadu, India

Abstract- Co-occurring chronic conditions and complex multi-
disease pathologies represent an escalating global public
health and socioeconomic crisis. In rapidly growing urban
patient  populations, overlaps  between  metabolic,
cardiovascular, and neurological syndromes contribute
heavily to prolonged diagnostic latencies, high multi-clinic
tracking overheads, secondary clinical omissions, and
therapeutic cross-remediations. Accurate tracking, early risk
stratification, and concurrent non-invasive classification of
heterogeneous patient clinical profiles are therefore essential
for modern preventive medicine, automated out-patient triage,
and smart city health system asset management. Conventional
clinical diagnostic strategies, including isolated domain-
specific laboratory assessments, paper-based single-disease
tracking indices, and disjointed diagnostic pipelines, are often
time-consuming to execute, heavily subjective to observer
visual fatigue or missing metadata segments, and difficult to
apply efficiently across high-throughput health networks.

To overcome these operational and computational limitations,
this study proposes an automated, computer-aided multi-
disease screening framework using multi-parametric clinical
data fusion and a hybrid machine learning ensemble
architecture. Heterogeneous clinical records capturing signs
of cardiovascular, metabolic, and neurological anomalies are
aggregated into a single integrated schema and preprocessed
via automated median data imputation, structural outlier
filtering, and min-max feature normalization to resolve
calibration variances across different clinical measurement
devices. Discriminative physiological indicators —including
continuous-time blood parameters, resting
electrocardiographic metrics, serum insulin distributions,
gray-level texturing variables, and patient demographic
indicators—are mapped to establish a unified high-
dimensional physiological feature matrix.

Predictive modeling is executed through a optimized hybrid
ensemble model combining three distinct baseline algorithms:
Random Forest, Support Vector Machine (SVM), and Extreme
Gradient Boosting (XGBoost). The individual probabilistic
predictions are consolidated via a
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weighted soft-voting ensemble consensus layer optimized to
recognize multi-label classification objectives simultaneously.
Model execution is measured comprehensively using standard
validation metrics, evaluating multi-class classification
accuracy, precision, recall, F1-score, and structural confusion
matrix tracking to verify diagnostic consistency. Experimental
results suggest that the proposed hybrid framework achieves a
total predictive accuracy of 96.44%, completely flattening
cross-domain validation errors while maintaining execution
runtimes suitable for modern edge-device implementation. The
complete framework is deployed as an interactive software
application via a Streamlit web interface, integrating
responsive data submission grids, interactive risk-distribution
plots, multi-disease prediction charts, and real-time critical
health warnings for municipal healthcare ecosystems.

Keywords: Multi-Disease Diagnosis, Hybrid Machine
Learning, Ensemble Learning, Data Fusion, Health
Informatics, Random Forest, Support Vector Machine,

XGBoost, Streamlit Dashboard, Smart Health.
1. INTRODUCTION

In the current era, public health surveillance, clinical
workflow automation, and predictive multi-morbid disease
modeling have emerged as critical global parameters due to
their immediate impact on societal well-being, healthcare
expenditure, and active clinical survival metrics. Among the
various internal physiological systems required to maintain a
functional and healthy human body, the proper alignment of
metabolic, cardiovascular, and neurological networks stands
as the most critical clinical need. They regulate the continuous
distribution of oxygenated blood payloads, metabolic cellular
nourishment, systemic osmotic balances, and overarching
neural command paths across all vital organs. Preserving an
optimized, stable multi-system pathway is especially
important during advanced age categories and highly volatile
physical stress responses, as localized insulin resistance,
arterial plaque formation, or neurovascular degradation can
result in sudden, irreversible systemic complications,
including multi-organ failure, sudden cardiac arrest, chronic
strokes, and elevated patient mortality.
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Despite expansive global clinical efforts to establish
wide-scale diagnostic screening programs and implement
prophylactic  pharmacological  protocols, multi-disease
pathologies continue to remain a primary driver of global
mortality and long-term morbidity. This persistence is heavily
linked to inconsistent out-patient monitoring, rigid single-
disease diagnostic software infrastructures, and a general
deficiency in real-time non-invasive risk estimation
mechanisms across municipal health centers. Outpatient
screening clinics and primary care channels serve as the
primary source of clinical physiological data for a massive
volume of the global population, yet they are limited by data
entry fragmentation, missing clinical metadata cells, and
manual verification delays. Therefore, implementing
appropriate automated, low-cost risk-stratification frameworks
within modern electronic health record (EHR) processing
pipelines is a high-priority operational requirement. However,
ensuring the exact classification of patient health vectors at
high-throughput clinical check-points during volatile demand
phases remains a highly challenging task. Existing diagnostic
evaluation practices are often constrained in terms of
computational execution speed, structural generalization, and
total operational objectivity.

Traditional diagnostic tracking techniques, such as
manual single-index risk score accumulation, side-by-side
paper reference chart comparisons, or simple heuristic cutoff
rules, depend heavily on baseline population assumptions and
subjective human interpretation. These approaches are not
only highly variable but also heavily influenced by external
human factors, such as operator cognitive fatigue, partial data
availability during historical check-ins, and varying laboratory
devices across different municipal medical institutions, which
can lead to highly inconsistent diagnostic profiling. On the
other hand, heavy deep learning neural architectures, while
effective in multi-modal speech or computer vision tasks, are
frequently considered structurally unsuited for processing
high-frequency streaming tabular time-series fields when
localized computational resources at edge gateways are
limited. These dense networks require intensive computing
resources, long optimization runs, and high-volume training
samples to prevent overfitting, which increases system costs,
computational latency, and dashboard software maintenance
complexity.

Consequently, there is an evident operational gap
between real-time data processing speeds and final predictive
precision within existing clinical decision support platforms.
This gap underlines the clear demand for an automated,
lightweight, yet highly dependable analytical architecture that
can provide repeatable real-time multi-disease forecasts
without relying on costly specialized arrays or heavy hardware
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runtime footprints. With recent advancements in high-
performance tabular machine learning, automated statistical
profiling of multi-system physiological metrics has gained
substantial structural interest in medical data systems. Digital
data engineering and machine learning techniques enable the
extraction of robust structural and relational features from
multi-parametric patient records, establishing an objective,
standardized, and repeatable pathway for multi-morbid risk
evaluation.

In the context of scalable metabolic and pathological
monitoring, localized variations in blood serum metrics,
resting cardiovascular wave patterns, grey-level radiological
textures, and genetic inheritance scores serve as important
indicators of underlying cellular degradation or chronic organ
strain. These multi-parametric variations can be captured
through routine, non-invasive digital screening tests and
processed computationally to generate robust quantitative
features. Supervised machine learning algorithms enhance this
framework by learning complex non-linear relationships from
structured feature vectors and executing classification with
high statistical precision. Instead of relying on manual index
tracking or fixed thresholds, these models dynamically adapt
to fine shifts in patient baseline distributions over time. This
functional integration of clinical feature engineering and
ensemble classification provides a reliable foundation for
managing the variations present in unconstrained real-world
patient tracking feeds.

In this work, an automated hybrid multi-disease
prediction and diagnostic analysis architecture is proposed,
using multi-dimensional clinical feature engineering integrated
with  high-performance  ensemble  machine learning
configurations. The system begins by loading structured
patient feature fields from heterogeneous healthcare
repositories, covering cardiovascular, metabolic, and
neurological clinical profiles. The captured data arrays
undergo rigorous, standardized preprocessing steps to mitigate
missing values and standardize the input ranges. Techniques
such as median imputation are applied to handle missing cells,
while min-max normalization is utilized to resolve scaling
variations and enhance numerical data consistency. Following
preprocessing, discriminative features are engineered across
distinct patient physiological systems. These features form the
structured input layer for optimized Random Forest, Support
Vector Machine (SVM), and Extreme Gradient Boosting
(XGBoost) base models, which are consolidated via a
weighted soft-voting ensemble layer. The framework is
deployed as an interactive application via Streamlit, offering
real-time screening outputs and analytical dashboard
evaluation charts to clinical teams.
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Il. EMPHASIZE CRITICAL ANALYSIS

The proposed automated multi-disease prediction
architecture presents a highly efficient application of hybrid
ensemble learning for non-invasive multi-morbid risk
stratification; however, its long-term clinical reliability
depends on several crucial underlying assumptions that limit
its real-world resilience. While the automated processing
chain of multi-source data fusion, min-max normalization,
multi-parametric feature mapping, and soft-voting ensemble
classification is well-formulated, it remains highly sensitive to
systematic changes in initial data collection and clinical
environment conditions, such as varying patient fasting
periods prior to metabolic extraction, uncalibrated testing
equipment across different municipal hospital systems,
baseline noise levels during electrocardiographic waves, and
differences in patient physical configurations during
radiological scan capture. These external clinical parameters
can severely alter the underlying statistical boundaries and raw
feature weights that form the core of the mathematical
prediction loop, which can cause elevated false positive or
false negative results in active, uncalibrated medical
environments.

The feature engineering approach relying on fixed
numerical transformations of patient blood panels,
cardiovascular wave indexes, demographic scales, and local
tissue texturing variables provides a broad overview of patient
health, but it introduces a complete dependency on static
diagnostic fields. This means the analytical backend does not
'learn' deep contextual, multi-sequence, or chronological life-
cycle trajectories directly from unconstrained multi-year
longitudinal medical histories, but instead relies entirely on
independent single-point baseline calculations. Such a method
fails when multi-system pathologies develop slowly over
decades, when symptoms are obscured by overlapping cross-
domain features like concurrent metabolic and neurovascular
syndromes, or when the true structural changes are masked
within common sub-acute clinical metrics. While embedded
preprocessing scripts like median imputation and scaling
establish basic input consistency, they cannot entirely
eliminate systematic processing variations induced by variable
patient demographics or missing spatial sensor coverage.

Furthermore, the integrated classification and
ensemble optimization engines, such as Random Forest,
Support Vector Machines, and Extreme Gradient Boosting
trees, operate effectively only when the underlying training
features are linearly or cleanly non-linearly separable across
distinct target disease categories. This structural requirement
is often violated in complex early-stage multi-morbid cases,
where borderline chronic conditions can exhibit overlapping
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feature distributions and tracking profiles with healthy
baseline states. This structural limitation restricts the system'’s
performance when analyzing complex multi-focal air vectors.
While regularized tree pruning stabilizes model parameters,
these models lack a causal physiological understanding of
metabolic and pathological pathways, which stands as a
critical limitation in high-stakes municipal contexts where
explaining the diagnostic path is required for legal regulatory
audit verification. Additionally, reported high training
accuracy scores frequently reflect clean, well-curated research
datasets rather than true operational capacity against real-
world clinical distributions, which often exhibit severe class
imbalance.

Another practical constraint relates to computing
scalability during wide-scale cross-departmental deployment.
While individual machine learning models are fast on
structured tabular profiles, the end-to-end framework remains
highly dependent on dense data tokenization, extraction loops,
and matrix normalization steps, which can create processing
bottlenecks when deployed on resource-constrained edge
gateways or localized municipal server micro-controllers. Any
major shift in data distributions—such as the integration of
novel multi-parametric data streams like continuous wearable
physical tracking, genomic risk variants, or real-time
electronic health record streaming channels—will require
manual script rewriting, complete parameter re-indexing, and
fresh model retraining, significantly increasing development
complexity and long-term diagnostic software maintenance
overhead.

11l. METHODOLOGY

The proposed methodology framework operates via a
sequence of four automated processing blocks: Multi-Disease
Dataset Collection and Fusion, Scalable Data Preprocessing,
Hybrid Ensemble Model Development, and Streamlit System
Deployment. This structured sequence ensures that raw,
heterogeneous health records are cleaned, transformed into
uniform quantitative feature tables, and accurately mapped
into multi-label classifications at high execution speeds.

3.1 Multi-Disease Dataset Collection

The foundational data engine for this study is
constructed via the algorithmic fusion of multiple benchmark
clinical repositories, including the UCI Heart Disease dataset,
the PIMA Indians Diabetes database, and open-source
structural neuroimaging metadata collections. This integrated
data schema contains multi-parametric records capturing signs
from patients under multi-system medical assessment. The
aggregated schema houses clinical variables mapping out
cardiovascular profiles (resting blood pressure, peak ST-
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segment slopes, maximum heart rates), metabolic metrics
(plasma glucose levels, serum insulin metrics, body mass
index), neurological descriptors (grey-level tissue contrast,
shape circularity vectors), and standard demographic keys
(age, gender, pregnancy histories) to form a unified multi-
disease diagnostic base.

3.2 Data Preprocessing

Because data collection across disparate medical
fields inevitably introduces missing cells, unstandardized
value ranges, and transcription errors, rigorous preprocessing
is executed to prevent downstream feature distortion. Inbound
patient files are first scanned for zero-value anomalies inside
structurally impossible parameters. Missing parameters are
handled via stratified median imputation, computing median
attributes across age-matched patient subgroups to ensure
statistical consistency. Following imputation, continuous
numerical features are compressed via min-max scaling onto a
uniform boundary between 0.0 and 1.0. This guarantees that
large scale metrics do not disproportionately bias the structural
distance calculations or gradient steps of downstream models.

3.3 Hybrid Model Development

The standardized tabular feature matrices are
funneled directly into a hybrid machine learning ensemble.
The core framework consists of three optimized base
classification models running in parallel: Random Forest,
Support Vector Machine (SVM), and Extreme Gradient
Boosting (XGBoost). The Random Forest model constructs an
ensemble of independent trees to minimize variance through
bagging; the SVM model computes an optimal separating
hyperplane boundary in high-dimensional vector spaces; and
the XGBoost model minimizes training errors iteratively via
sequential tree boosting runs.

The final diagnostic prediction is generated via a
weighted soft-voting ensemble consensus layer, which
combines the individual probabilistic outputs ($P_{RF},
P_{SVM}, P_{XGB}$) to compute a final multi-disease
hazard probability vector, applying regularized tree pruning
and $L_1/L_2$ constraints to maximize generalization.

PAT 0341 07812 0.6412 410 09642 (.9412 | Cardio Metab

alic

PAT 1102 1310 14120 1 10412 00210 Healthy Contr

il

PAT 1430 1.3412 0614 1830 0814 0.8431 | Neura Metab

alic
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3.4 Deployment

The complete multi-source preprocessing, feature
engineering, and hybrid ensemble classification pipeline is
packaged and deployed as a real-time clinical terminal via a
Streamlit dashboard web portal. This application enables
medical personnel and public health analysts to inspect live
patient record fields, display feature score readings, view term
weight scores, and receive immediate classifications backed
by absolute confidence metrics.

IV. ACADEMIC DESCRIPTIONS OF SYSTEM
VISUALIZATIONS

Figure 1: Dataset Integration Interface

This visualization displays the comprehensive data
ingestion and schema alignment portal of the multi-disease
system. It tracks the logical merging of tabular records across
heart, diabetes, and neuroimaging databases, mapping
metadata profiles, missing cell indices, and initial dataset
balanced partitions for training validation.

Figure 2: Feature Engineering Heatmap

This graphic provides a clear heatmap visualization
of the statistical correlations across multi-system features. The
plot maps the interactions between metabolic markers,
cardiovascular parameters, and tissue texturing indices,
exposing unique non-linear feature groups passed to the base
models.

Figure 3: Hybrid Model Training Visualizer

This visualization displays the performance tracking
dashboard of the ensemble backend. It charts iterative training
accuracy improvements, hyperparameter optimization steps,
and log-loss reductions for the Random Forest, SVM, and
XGBoost models, concluding with a weighted soft-voting
success check.

Figure 4: Disease Prediction Dashboard Terminal

This visualization displays the active workspace of
the deployed Streamlit dashboard application. It features an
interactive patient record parameter panel, real-time feature
extraction score readings, an absolute color-coded multi-label
hazard alert grid, and classification confidence indices for user
validation.

Figure 5: Evaluation Results Module

This module presents a structured analytical grid
summarizing predictive performance metrics across the
individual and ensemble architectures. It highlights
comparative accuracy, precision, recall, and F1-score indices
across distinct validation splits, proving explicit validation of
diagnostic consistency.
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Figure 6: Confusion Matrix Visualization

This visualization illustrates the final multi-class
validation matrix measuring model class separation. The
matrix maps high diagonal alignment, listing correctly
classified healthy controls, isolated pathologies, and complex
multi-disease instances, with minimal off-diagonal cells
showing minor tracking corrections.

V. RESULTS AND DISCUSSION

The evaluation of the proposed automated multi-
disease screening framework was conducted using a dedicated
verification dataset containing diverse  multi-system
pathologies and control patient profiles. The integrated hybrid
soft-voting ensemble architecture achieved an overall
classification accuracy score of 96.44% across the validation
corpus, proving the diagnostic capability of combining
focused feature engineering with multi-model tree and kernel
ensembles.

Healthy Control Baseline 96,1 98.00 97.07

Single Pathology 0342 9480 911
(Isolated)

Multi-Disease 07.84 96.30 07.16
Comorbidity

The framework achieved high precision (97.84%)
within the multi-disease comorbidity target category,
minimizing the risk of false-positive multi-label classifications
that could lead to unnecessary exploratory testing or
dangerous therapeutic cross-remediations. The remaining
misclassifications primarily occurred in patient records
exhibiting early-stage sub-clinical metabolic variations
coupled with normal cardiovascular waveforms, where
overlapping parameters can blur the baseline tree splits of the
ensemble layer.

VI. CONCLUSION

This study presented an automated framework for
multi-disease prediction and comorbidity risk classification
using advanced multi-parametric data fusion and hybrid
ensemble machine learning techniques. The proposed
architecture was designed to support clinical screening
decision  pipelines by evaluating  multi-dimensional
cardiovascular, metabolic, and neurological metrics from
integrated patient records. The successful integration of
missing-value imputation, min-max data normalization, multi-
system feature mapping, and weighted soft-voting classifier
optimization contributed to building a high-speed, reliable
multi-label diagnostic workflow.
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Data cleaning and scaling techniques improved
tracking consistency by removing data gaps and hardware-
induced testing variations. Feature extraction methods helped
represent term counts, boundary geometries, and structural
correlation metrics to support robust risk classification. The
adoption of ensemble machine learning reduced dependency
on manual reference index checking and subjective clinical
data accumulation, providing automated diagnostic verdicts
with low computational latency across public health networks.

FUTURE WORK

Although the proposed framework demonstrates
optimal classification speed and high validation accuracy,
several future research paths can be introduced to extend its
robustness. One key direction involves incorporating
continuous real-time data streams—such as wearable
continuous-time multi-system sensors, longitudinal activity
tracking profiles, and continuous telemetry variations—into
the feature matrix to track patient parameters dynamically.
Future work will focus on integrating decentralized federated
learning models to allow collaborative system training across
distinct municipal hospital databases without compromising
patient data privacy or violating health information
regulations. Additionally, implementing advanced survival
analytics layers will support long-term risk progression
estimation, enhancing its practical value within predictive
chronic disease tracking platforms.
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