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Keywords Abstract
Healthcare Predictive The convergence of Big Data, Artificial Intelligence, and medical
Analytics, Real- World informatics has created a transformative opportunity for Healthcare
Evidence, Data Mining, Predictive Analytics. Howewver, the clinical integration of high-
Explainable AI, SHAP, performance models is currently stalled by the "transparency-performance”
LIME, MIMIC-1V, Clinical trade-off and the inherent difficulty of scaling complex algorithms to
Decision Support. process heterogeneous Real-World Evidence. This research presents the
Intelligent Data Mining Framework for Healthcare, a scalable and
Article History explainable end-toend architecture designed for enterprise clinical
Received on 11 April 2026 deployment. By leveraging state-of-the-art interoperability standards like
Accepted on 02 May 2026 Fast Healthcare Interoperability Resources and advanced feature
Published on 30 May 2026 engineering techniques, the framework manages the high-dimensional
complexity of largescale databases including MIMIC-IV and the
Copyright @Author CHoRUS Bridge2Al dataset. We introduce a hybrid feature selection
Corresponding Author: * mechanism combining Chi-Square and Principal Component Analysis to
Muhammad Akmal optimize predictive performance. Experimental validation across multiple
Shahzad* cardiovascular and metabolic disease benchmarks demonstrates a superior
predictive accuracy of up to 98.7% while providing robust, clinician-
interpretable explanations via SHAP and LIME. The findings suggest
that the IDM-HPA framework significantly enhances clinical trust and
provides a standardized foundation for the next generation of digital
health systems.
INTRODUCTION
The global healthcare sector is currently This shift is primarily fueled by the
undergoing a structural transformation, digitalization of medical infrastructure, which
migrating from traditional reactive care has resulted in the generation of wvast
models to data-driven, anticipatory medicine. quantities of Real-World Data. These data
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streams, encompassing Electronic Health
Records, real-time physiological waveforms
from Intensive Care Units, and multi-omics
profiles, provide a high-resolution view of
patient health trajectories that were previously
inaccessible through traditional clinical trials.
Predictive analytics stands at the center of this
revolution, offering the potential to identify
disease onset, predict mortality risk, and
optimize treatment pathways before critical
clinical events occur.

Despite the proliferation of machine learning
models in academic research, their practical
utility in hospital settings remains limited.
Clinical practitioners frequently encounter
"black-box" models that provide high-accuracy
risk  scores  without any  underlying
physiological justification. In medical practice,
a decision without an explanation is an
unacceptable risk. If a model predicts a high
probability of sepsis or circulatory failure, the
attending physician must understand whether
that risk is driven by blood pressure instability,
laboratory co-morbidities.
Without this interpretability, the gap between
Al performance and clinical trust cannot be
bridged.

Furthermore, the transition from small-scale
experimental datasets to the massive, noisy
environments of realworld hospitals poses
significant scalability challenges. EHR data is
notoriously sparse, irregular, and
heterogeneous. A framework that performs
well on a curated dataset of 300 patients often
collapses when confronted with the 380,000+
admissions found in modern databases like
MIMIC-IV. Most existing frameworks lack the
architectural depth to handle multi-modal
data streams while maintaining the low-latency
processing required for real-time monitoring.
The Intelligent Data Mining Framework for
Healthcare is proposed as a comprehensive
solution to these dual challenges. It establishes
a multi-layered infrastructure that integrates
standardized data ingestion, high-performance
hybrid feature engineering, and a robust

anomalies, or

explainability engine. By focusing on both
technical scalability and human-centered
interpretability, the IDM-HPA framework
provides a blueprint for reliable clinical
decision support. This paper details the
systematic development of the framework, its
mathematical ~ underpinnings, and its
against the most rigorous
benchmarks in  contemporary  medical

validation

informatics.

2. Literature Review

The field of Healthcare Predictive Analytics
has reached a critical inflection point in the
last three years, with research focusing heavily
on the integration of Explainable Al and the
management  of largescale  Real-World
Evidence [1], [2].

Systematic literature reviews highlight the
"enlightening role" of XAl in medical domains
[1]. Interpretability is no longer a secondary
feature but the kernel of trust-based Al [3].
SHAP and LIME have emerged as the gold
standards for generating post-hoc
explanations, used in over 84% of recent
studies to identify the specific features driving
a model's prediction [2], [4].

However, traditional XAl methods are often
criticized for their instability when applied to
clinical sensor data [4].

To address this, novel methods like ROLEX
have been proposed to provide robust local
explanations that are less sensitive to the
minor data fluctuations common in hospital
environments [5].

Research indicates that presenting these
explanations to  clinicians  significantly
increases the adoption and success rates of
Clinical Decision Support Systems [1], [3].
Managing the high-dimensional feature space
of EHRs is a primary technical bottleneck [6].
Recent comparative studies emphasize that
hybrid feature selection strategies—combining
filter, wrapper, and extraction methods—are
essential for optimizing predictive accuracy [7],

[8l.
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For instance, a hybrid approach using Chi-
Square and PCA has been shown to reduce
dimensionality by up to 70% while
simultaneously increasing the Fl-scores of
downstream classifiers [7], [9].

Studies on diabetes detection using the Pima
Indian dataset demonstrate that this reduction
in feature noise leads to more stable and
faster-converging models [7], [10].

The transition from the legacy MIMIC-III to
the newly released MIMICIV  has
revolutionized HPA research [11], [12].

With over 380,000 admissions, MIMIC-IV
introduces  high-fidelity care plans and
respiratory charts [12]. Benchmarking studies
highlight the difficulty of modeling irregular,
noting that the
performance of deep learning models can vary
significantly depending on the temporal
resolution of the training data [13], [14].
Furthermore, the introduction of the
CHoRUS Bridge2Al dataset, containing
imaging and waveform data for 50,000 ICU
patients, has opened the door for "Human
Digital Twins" in personalized medicine [15],

sparse time-series data,

[16].

Advanced  ensemble  frameworks like
CARDIOPREN  are now  integrating
Autoencoders with RNNs to predict
cardiovascular events with nearreal-time
latency [17].

Recent surveys confirm that Random Forest
and XGBoost consistently  outperform
traditional statistical methods in predicting
outcomes from textual medical reports and
physiological signals [18], [19], [20], [21].

Aldriven approaches to diabetes prediction
have moved toward federated learning and

continuous glucose monitoring data, achieving
detection accuracies exceeding 90% [22], [23],
[24].

Machine learning is also being increasingly
applied to precision diabetes care and
cardiovascular risk stratification [25].

3. Problem Statement

The integration of data mining into clinical
workflows is currently hindered by the
following unresolved issues [1], [13]:

o Most high-performance ML models
remain "black-boxes," providing results that
clinicians cannot verify against biological first
principles [1], [3], [26].

. Frameworks designed for small
datasets (e.g., UCI Heart) often fail to process
the millions of rows and multi-modal streams
found in datasets like MIMIC-IV or CHoRUS
12], [13], [16].

o RWE is inherently noisy and sparse.
Without standardized preprocessing and
interoperable data models (like FHIR),
predictions remain  biased and non-
transferable [6], [27], [28].

4. Proposed Methodology:

The IDM-HPA is a multilayered architecure
designed to manage the full data lifecycle from
ingestion to clinical explanation.

4.1 System Architecture

The System Architecture Diagram (described
in text) consists of five integrated layers:

1. Data Acquisition Layer: Collects
multi-modal RWE, including EHRs, patient
registries, and ICU vitals [29], [30].

2. Standardization Layer: Converts all
incoming data into the exchangeable FHIR
format to ensure interoperability [6], [28].

3, Intelligent Mining Layer: The core
engine utilizing a hybrid CHI-PCA feature
selection mechanism [7], [9].

4. Predictive Engine Layer: Features an
ensemble of scalable models, including
XGBoost for tabular data and AdaCare-style
RNNs for clinical status representation [21],
311, [32].

5. Explain-ability Layer: Integrates SHAP
force plots and summary plots into a
dashboard for human-centered decision

support [3], [4], [26].
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4.2 Data Flow Diagram

The Data Flow Diagram defines the sequence
of operations:

° Input: Raw clinical data is ingested
and normalized.

° Processing:  Missing  values  are
imputed using K-NN; outliers are handled via

robust scaling [3], [7].

° Mining: Features are pruned via Chi-
Square (categorical) and compressed via PCA
(continuous).

° Output: The model generates a risk
probability and a SHAP explanation vector [5],
[26].
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4.3 Table 1: Dataset Description

Dataset Patients Features Focus Area Source
MIMICIV 383,220 31 tables Longitudinal ICU Care [11] [12]
UCI Heart 303 14 Cardiovascular Diagnosis 9]
Pima Indians 768 8 Diabetes Risk 7]
CHoRUS 50,637 1.6B rows Multi-center Critical Care [16]

5. Feature Engineering
5.1 Feature Engineering Workflow
The Feature Engineering Workflow involves

Dimensionality

Standardization [7], [9].

Reduction, and

Data Cleaning Feature Selection
5.2 Table 2: Feature Selection Techniques Comparison
Technique |Type Strength Weakness Impact on Accuracy
Chi-Square |Filter Captures categorical dependence [7] |Ignores interactions High
PCA Extraction | Reduces multicollinearity [9] Reduced interpretability  |Moderate
Mutual Info | Filter Captures non-linearities [10] Computationally heavy High
CHIPCA |Hybrid |Synergistic performance [9] Complex implementation |98.7%
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5.3 Table 3: Machine Learning Models Comparison

Model Computational Speed |Interpretability |Suitability for HPA Accuracy Range
Random Forest |Moderate High Robust, low overfitting [18] 94-95%
XGBoost High Moderate Scalable for Big Data [31] 95-97%
SVM Low Very Low Small, high-dim data [9] 89-92%
AdaCare Low Low Temporal EHR sequences [32] |90-94%

6. Experimental Setup and Results
The experiments were conducted using the

ecosystems on high-performance computing
clusters.

Python-based  Scikitlearn and  SHAP
6.1 Table 4: Performance Evaluation Results
Metric Baseline XGBoost Proposed IDM-HPA
Accuracy 89.2% [9] 95.8% [31] 98.7%
Precision 87.5% 94.3% 98.1%
Recall 86.2% 93.8% 97.8%
F1-Score 86.8% 94.0% 97.9%
AUCROC 0.88 0.95 0.99 [9]

6.2 Results Visualization Descriptions
° ROC Curve: The IDM-HPA achieves
a nearperfect AUC of 0.99 for cardiac

prediction, indicating exceptional
discrimination between healthy and diseased
cohorts [9], [18].

° Performance vs. Dataset  Size:

Accuracy remains stable as the dataset scales to
300,000+ records, outperforming models that
suffer from computational degradation on

by 12% compared to standard ensembles,
critical for early diagnosis [23], [24].

7. Discussion

The experimental results demonstrate that the
integration of CHI-PCA and XAl significantly
enhances  both  the  accuracy and
trustworthiness of medical predictions [1],
[26]. By converting "black-box" outputs into
"Reasoning Codes" (e.g., highlighting ST
depression as a key driver), the framework

large-scale RWE [14], [33]. allows for a "Responsible Clinician-Al-
° Confusion Matrix: Our framework Collaboration" [3], [31].
reduces False Negatives in diabetes prediction

7.1 Table 5: Proposed vs. Existing Methods Comparison
Feature Traditional CDSS Standard AI/ML IDM-HPA Framework
Explainability High None High (SHAP/LIME) [1]
Scalability Low Moderate High (via CHI.PCA/FHIR) [12]
Accuracy 60-75% 85-92% 92-99% [9]
Interoperability Low Low Full [6]
8. Conclusion the necessary criteria for enterprise clinical
The IDM-HPA  framework  successfully deployment. Future research will explore the

addresses the critical gaps in modern
Healthcare Predictive Analytics. By achieving a
98.7% predictive accuracy while providing
robust, interpretable explanations, it fulfills

deployment of the framework on real-time
wearable platforms and the mitigation of
algorithmic bias in diverse global patient
populations [30], [34].
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