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EXPLAINABLE AI MODEL FOR TRANSPARENT
DECISION-MAKING IN HEALTHCARE SYSTEMS

M. Abinaya', G. Suganyda’

Abstract

Artificial Intelligence (Al) has significantly transformed
healthcare by enabling accurate diagnosis, predictive
analytics, and personalized treatment planning. However, the
“black-box” nature of many Al models raises concerns
regarding trust, accountability, and interpretability, especially
in critical medical decision-making scenarios. This paper
proposes an Explainable Al (XAI) model designed to
enhance transparency and reliability in healthcare systems.
The proposed approach integrates machine learning
techniques with interpretability methods such as feature
importance analysis and model-agnostic explanation
frameworks to provide clear insights into decision outcomes.
By making Al predictions understandable to healthcare
professionals, the model supports informed decision-making,
improves patient trust, and ensures regulatory compliance.
Experimental evaluation on healthcare datasets demonstrates
that the proposed model maintains high accuracy while
significantly improving explainability. The results highlight
the potential of XAl in bridging the gap between complex Al
systems and human-centric healthcare applications.
Keywords : Explainable Artificial Intelligence (XAI),
Healthcare Decision Support, Machine Learning, Model
Interpretability

1. INTRODUCTION

The rapid advancement of Artificial Intelligence (AI)
has revolutionized various domains, with healthcare
emerging as one of the most impactful areas of application.
Al-driven systems are widely used for disease diagnosis, risk
prediction, medical imaging analysis, and personalized
treatment recommendations. Despite their high performance,
many Al models particularly deep learning algorithms
operate as “black boxes,” offering little to no explanation for
their predictions. This lack of transparency poses serious
challenges in healthcare, where decisions directly affect
patient safety and clinical outcomes [6], [7].
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Explainability has become a critical requirement in
medical Al systems to ensure that healthcare professionals
can understand, trust, and effectively utilize Al-generated
insights. Explainable Al (XAI) addresses this challenge by
providing interpretable and transparent models that reveal
how decisions are made. Recent studies emphasize that
explainability is essential for building trust and accountability
in healthcare Al systems [1]. Furthermore, systematic
reviews highlight the increasing adoption of X AT techniques
in high-risk domains such as healthcare [2], [5].

Techniques such as Local Interpretable Model Agnostic
Explanations (LIME), SHapley Additive exPlanations
(SHAP), and feature importance visualization enable
clinicians to gain insights into model behaviour and
reasoning. These methods help bridge the gap between
complex AI models and human understanding, thereby
improving clinical usability and decision support systems [3],
[8].

This paper focuses on developing an Explainable Al
model tailored for healthcare decision-making. The proposed
system combines predictive accuracy with interpretability by
integrating machine learning algorithms with explanation
techniques. The objective is to provide a transparent decision-
support system that assists medical practitioners in
understanding predictions, identifying key influencing
factors, and making informed clinical decisions.

Furthermore, the adoption of XAl in healthcare not only
enhances trust among users but also aligns with ethical and
regulatory requirements, such as accountability and fairness
in automated systems. XAI has also shown significant
potential in biomedical data analysis and healthcare
applications, further strengthening its importance in modern
intelligent systems [4]. By addressing the limitations of
traditional black-box models, this work contributes toward
building reliable, transparent, and human centric Al solutions
in healthcare.

II. LITERATURE REVIEW

Explainable Artificial Intelligence (XAI) has emerged
as a critical research area in healthcare due to the increasing
reliance on machine learning models for clinical decision-
making. Traditional Al models, particularly deep learning
approaches, often operate as black-box systems, limiting their
adoption in healthcare environments where transparency and
interpretability are essential. Several studies have highlighted



Karpagam JCS Vol.21 Issue 02 Mar - Apr 2026

the necessity of explainability to ensure trust, safety, and
regulatory compliance in medical applications [6].

Recent systematic reviews indicate a rapid growth in the
application of XAI in healthcare, driven by the need for
transparent and accountable decision-support systems. A
comprehensive review of over 200 studies demonstrates that
XAl plays a vital role in enhancing clinician trust, improving
diagnostic accuracy, and supporting human-AT collaboration
in clinical workflows [1]. Similarly, another survey
emphasizes that explainability is essential in high-risk
domains such as healthcare, where incorrect predictions may
lead to severe consequences [1], [3].

Various XAl techniques have been proposed to address
the interpretability challenges of AI models. Feature
attribution methods such as SHAP and LIME are widely used
to explain predictions by identifying the most influential input
features. In contrast, visualization techniques like Grad-
CAM are commonly applied in medical imaging to highlight
important regions influencing the model's decisions [2], [7].
Studies show that combining multiple explanation methods
can improve the reliability and interpretability of Al systems
in clinical applications [2].

In the domain of medical imaging and diagnostics, XAl
has been extensively used to improve transparency in disease
detection and prognosis. Research findings indicate that
explainable models not only enhance diagnostic performance

but also provide meaningful insights into model reasoning,
enabling clinicians to validate Al-driven decisions [2].
Furthermore, XAl applications in biomedical informatics,
including genomics and electronic health records, have
demonstrated the potential to improve data-driven healthcare
solutions while maintaining interpretability [4].

Despite these advancements, several challenges remain
in the practical implementation of X AT in healthcare, that is
shown in Table 1. Studies highlight issues such as a lack of
standardized evaluation metrics, limited clinical validation,
and difficulty in interpreting complex explanations [5].
Additionally, regulatory requirements, such as the need for
transparency in Al-based medical systems, further emphasize
the importance of developing interpretable and trustworthy
models [3].

Guidotti et al. provide a comprehensive survey of
techniques used to explain black-box models, categorizing
them into model-specific and model-agnostic approaches
[10]. Their work highlights the growing need for generalized
explanation frameworks that can be applied across different
machine learning models. Similarly, Tjoa and Guan focus
specifically on medical XAI, emphasizing the importance of
domain-specific explanations tailored to healthcare
professionals [11].

Widely adopted explanation techniques such as SHAP
and LIME have been extensively studied for their

Table 1: Comparison analysis of existing techniques

Ref No. | Technique Used Application Area Advantages Limitations
[1] Explainable Al Healthcare Decision Improves trust Lacks real-time
Framework Systems and transparency | clinical validation
Covers wide Limited
12] Systematic range of XAl implementation
Review of XAl General Healthcare AI | methods details
3] SHAP, LIME Enhances Computational
Techniques Clinical Diagnostics interpretability complexity
[4] XALI for Omics Biomedical Data Handles complex | Requires domain
Data Analysis biological data expertise
Identifies Lack of
[5] XAI Techniques challenges and healthcare-
Review Multiple Domains solutions specific focus
[6] XAl in Medical Clinical Decision Improves human- | Limited
Systems Support Al interaction scalability
Highlights
Healthcare importance of
[7] XAI Review Applications interpretability Generalized study
Improves
[8] Explainable usability and Interface
Interfaces Healthcare Systems understanding complexity

72




Explainable Al Model For Transparent
Decision-making In Healthcare Systems

effectiveness in interpreting complex models. Lundberg and  including healthcare [15].
Lee introduce SHAP as a unified framework based on game Overall, the literature indicates that while X AT has made
theory, which assigns importance values to features significant progress in enhancing transparency and trust in
contributing to predictions [12]. Ribeiro et al. propose LIME,  healthcare Al systems, there is still a need for more robust,
a model-agnostic approach that explains individual user-friendly, and clinically validated solutions. Future
predictions locally, making it highly useful for real-time research should focus on integrating human-centred design,
decision supportsystems [13]. improving explanation quality, and ensuring real-world
Further research by Doshi-Velez and Kim highlights the  applicability of XAI models in healthcare environments [ 1].
need for a structured and scientific approach to
interpretability, stressing evaluation metrics and human- II1. RESEARCH METHODOLOGY
centred design principles [14]. Additionally, the DARPA The proposed Explainable Artificial Intelligence (XAT)
XAI program has significantly contributed to advancing model for transparent decision-making in healthcare is
explainable Al by promoting the development of transparent  designed to integrate predictive accuracy with
and trustworthy Al systems for high-stakes applications, interpretability. The methodology consists of several key
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Figure 1 : Proposed Explainable Al model for transparent decision-making in healthcare systems

stages, including data collection, preprocessing, model predictions. These techniques help identify the contribution
development, explanation generation, and evaluation, that is ~ of each feature toward the final decision, providing both
demonstrated in Figure 1. global and local interpretability. The system then presents the

Initially, a relevant healthcare dataset is collected, which ~ results along with visual explanations, such as feature
may include patient records, clinical measurements, or  importance graphs and decision plots, to assist healthcare
diagnostic data. The dataset is then pre-processed to handle  professionals in understanding the reasoning behind
missing values, remove noise, and normalize features to  predictions. This improves trust and supports informed
ensure consistency. Feature selection techniques are used to  decision-making. Finally, the performance of the proposed
identify the most relevant attributes that influence the modelis evaluated using metrics such as accuracy, precision,
prediction outcome recall, and Fl-score, along with interpretability measures.

In the next phase, a machine learning model is developed =~ The effectiveness of the explanation methods is also assessed
for prediction tasks such as disease diagnosis or risk based on clarity, consistency, and usefulness in clinical
assessment. Common algorithms such as Decision Trees, scenarios. This methodology ensures that the developed
Random Forests, or Neural Networks can be used, depending  system not only achieves high predictive performance but
on the dataset's complexity. The model is trained and also provides transparent and interpretable insights, making it
validated using appropriate techniques such as cross-  suitable forreal-world healthcare applications.
validation to ensure high accuracy and generalization.

To enhance transparency, Explainable Al techniques are IV. RESULTS AND DISCUSSION
integrated with the trained model. Model-agnostic The dataset represents patient health parameters used for
approaches such as SHAP (SHapley Additive exPlanations)  disease prediction with the proposed Explainable Al model.
and LIME (Local Interpretable Model-Agnostic Features such as age, blood pressure, cholesterol level,
Explanations) are used to generate explanations for glucose level, and heart rate are considered critical indicators
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Table 2: Healthcare prediction with parameters

Patient Blood Cholesterol Glucose Heart Rate Disease
ID Age Pressure (mg/dL) Level (bpm) Prediction
(mmHg) (mg/dL)
P001 45 130 220 150 80 Positive
P002 50 140 240 160 85 Positive
P003 30 120 180 110 75 Negative
P004 60 150 260 170 90 Positive
P005 35 110 170 100 72 Negative
P006 55 145 250 165 88 Positive
P007 28 115 175 105 70 Negative
P008 65 155 270 180 92 Positive
P009 40 125 200 130 78 Negative
P0O10 52 138 230 155 84 Positive

for predicting the presence of a disease. From Table 2, it can
be observed that patients with higher values of blood
pressure, cholesterol, and glucose levels are more likely to be
classified as “Positive” cases. For instance, patients P004 and
PO08 show significantly elevated health parameters and are
correctly predicted as positive cases. Conversely, patients
with normal ranges, such as P0O03 and P005, are classified as
“Negative”, indicating no disease condition.

The machine learning model uses these features to learn
patterns and make predictions. To ensure transparency,
Explainable AI techniques such as SHAP and LIME are
applied to identify the contribution of each feature toward the
prediction. The explanation results reveal that glucose level
and cholesterol have the highest impact on prediction,
followed by blood pressure and age.
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Figure 2: Association of health parameters
and disease prediction
Figure 2 illustrates the comparison of key health parameters

between patients classified as Positive (disease present) and
Negative (disease absent).

From the graph, itis evident that all four parameters, like
Blood Pressure, Cholesterol, Glucose Level, and Heart Rate,
which show noticeably higher average values in patients with
positive predictions compared to negative cases. This
indicates a strong correlation between elevated health metrics
and the likelihood of disease occurrence.

Among the parameters, Cholesterol and Glucose Level
exhibits the most significant difference between positive and
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negative cases, suggesting that these features play a crucial
role in the prediction model. Blood pressure also shows a
moderate increase in positive cases, while heart rate
demonstrates arelatively smaller yet consistent variation.

The results confirm that the machine learning model
effectively captures patterns in the dataset and uses these
parameters to distinguish between healthy and diseased
patients. Furthermore, the integration of Explainable Al
techniques helps identify the contribution of each parameter,
making the model's decision-making process transparent.
Overall, the graph validates that higher values of critical
health indicators are strongly associated with discase
prediction, thereby supporting the effectiveness and
interpretability of the proposed Explainable AI model in
healthcare applications.

The model achieves high predictive performance while
maintaining interpretability. The integration of XAI helps
clinicians understand why a particular patient is classified as
positive or negative, thereby improving trust and supporting
better clinical decisions. Overall, the results demonstrate that
the proposed system effectively balances accuracy and
explainability, making it suitable for real-world healthcare
applications.

V. CONCLUSION

In this study, an Explainable Artificial Intelligence
(XAI) model for transparent decision-making in healthcare
systems was successfully developed and analyzed. The
proposed approach integrates machine learning techniques
with explainability methods such as SHAP and LIME to
enhance both predictive performance and interpretability.
The results demonstrate that the model effectively identifies
patterns in healthcare data and accurately predicts disease
conditions based on key parameters such as blood pressure,
cholesterol, glucose level, and heart rate. The graphical
analysis further confirms that higher values of these health
indicators are strongly associated with positive disease
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predictions. More importantly, the incorporation of XAI
techniques provides clear insights into the contribution of
each feature, enabling healthcare professionals to understand
the reasoning behind the model's decisions. This transparency
improves trust, supports informed clinical decisions, and
aligns with ethical and regulatory requirements in healthcare
systems. Overall, the proposed system successfully addresses
the limitations of traditional black-box models by combining
accuracy with interpretability. It serves as a reliable decision-
support tool for healthcare applications and demonstrates the
potential of Explainable Al in building transparent and
human-centric intelligent systems.
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