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ABSTRACT

This paper provides a comparative approach to machine learning (ML) models and explainable artificial
intelligence (XAI) methods of developing interpretable healthcare risk prediction systems. Based on a
quantitative experimental design, three ML models, such as decision tree, random forest and neural
network, have been tested, together with explainability techniques, including SHAP, LIME and feature
importance. To evaluate the performance of models with respect to accuracy, precision, recall and
interpretability factors, a structured healthcare dataset containing patient records was utilized. The findings
show that the neural networks were the most accurate in predicting, and the decision trees were the most
interpretable. SHAP was the most consistent and effective XAI method to explain model predictions,
compared to LIME and feature importance methods. There was a strong negative correlation between
accuracy and interpretability, which emphasized the nature of a trade-off between accuracy and
interpretability in model selection. The results highlight that explainability methods combine with high-
performing models can ensure more transparency, trust, and usability in clinical decision-making. The
research finds that hybrid solutions that integrate predictive accuracy with strong interpretability provide
the most feasible solution to healthcare Al systems. Such reflections can help develop ethical, reliable, and
clinically applicable machine learning models.

Keywords: explainable AI, machine learning, healthcare prediction, interpretability, risk assessment
INTRODUCTION
Background of Study

The implementation of machine learning (ML) in healthcare has radically changed the clinical decision-
making process by facilitating the use of data to make predictions, diagnose, and plan treatment. Modern
ML models have the ability to process large and diverse datasets such as electronic health records (EHRS),
laboratory results, and imaging data to reveal complex and non-linear relationships that are often difficult
to detect using conventional statistical methods (Esteva et al., 2019; Topol, 2019). These abilities have
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resulted in significant advances in the spheres of disease risk prediction, medical imaging analysis, and
prediction of patient outcomes.

Although these achievements have been made, the primary drawback of most high-performing ML models,
especially deep learning models, is that these models are not interpretable. These models tend to be a black
box, where they make predictions without giving clear reasoning or explanations of their outputs (Rudin,
2019). This obscurity poses a crisis in the healthcare setting where the decisions made have direct
consequences on patient safety and clinical outcomes. To incorporate model predictions in practice,
clinicians should be capable of understanding, validating, and justifying model predictions (Doshi-Velez
and Kim, 2017).

In order to overcome this problem, the sphere of Explainable Artificial Intelligence (XAl) has appeared as
a major research area, paying attention to the development of the methods that will increase the transparency
and interpretability of the ML models (Adabi and Berrada, 2018). XAl procedures like SHAP (SHapley
Additive exPlanations), LIME (Local Interpretable Model-agnostic Explanations), and feature importance
analysis can offer insights into the impact of input features on model predictions and thus enable
stakeholders to interpret and trust Al-driven decisions (Lundberg and Lee, 2017; Ribeiro et al., 2016). The
approaches are especially useful in healthcare setting, where explainability is crucial to ethical compliance,
accountability, and clinical acceptance.

Problem Statement

Despite high predictive accuracy of machine learning models in healthcare applications, their application
has not yet been extensively used due to a lack of interpretability and transparency. Healthcare providers
tend to be hesitant about relying on models whose decision-making procedures are not well understood as
this can undermine clinical judgment and patient safety (Rudin, 2019). This poses a big disparity between
technical performance and practical usability, in which highly accurate models do not gain adoption in the
real-world clinical setting.

Further, the current explainability methods differ significantly in the interpretability, consistency,
computational complexity, and usability. Whereas some methods can offer global explanations of the model
behavior, others focus on local interpretability of individual predictions, and the difference in their
applicability in different clinical situations (Adabi and Berrada, 2018; Molnar, 2022). Although there is
now a substantial body of research in XAl, there are no systematic comparative studies assessing the
effectiveness of these techniques in healthcare risk prediction contexts.

Also, there are numerous studies that aim at either increasing the predictive accuracy or improving
interpretability, but few of them deal with the trade-off between the two dimensions. A balanced appraisal
is missing to determine the most effective combination of models and explainability methods to be used in
healthcare applications. Thus, there is a dire necessity to make a thorough comparative analysis to determine
the best practices to develop interpretable and reliable healthcare prediction systems.

Research Obijectives

The following objectives will guide the study:

1. To evaluate the performance of different machine learning models in healthcare risk prediction.
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2. In order to compare different explainable Al methods in terms of interpretability, consistency
and effectiveness.

3. To determine the best strategy to adopt to make interpretable and reliable healthcare prediction
systems.

Research Questions
The research aims at answering the following research questions:
1.  What is the performance of various machine learning models on healthcare risk prediction tasks?

2. What are the best explainability methods that yield the most accurate, consistent, and
interpretable information?

3. What is the impact of model interpretability on trust, usability, and decision-making in healthcare
systems?

Importance of Research

The research is of theoretical and practical importance in the field of healthcare Al. Theoretically, it helps
the growing body of literature on explainable machine learning, since it combines predictive performance
with interpretability analysis. The study builds on the current body of knowledge on the relationship
between transparency and accuracy by considering a variety of XAl methods in a single framework.

From a practical perspective, the findings provide valuable insights for clinicians, data scientists, and
healthcare administrators. Enhanced interpretability leads to increased trust, accountability, and adherence
to ethical standards, which are necessary to embrace Al systems in clinical practice (Doshi-Velez and Kim,
2017). The research also helps policymakers develop guidelines on responsible Al implementation in
healthcare to ensure that predictive systems are not only accurate but also transparent and explainable
(Adabi and Berrada, 2018).

Study Limitation

The research paper is limited by some delimitations that present the scope of the research paper. First, the
study is limited to a set of machine learning models, such as decision trees, random forests, and neural
networks, and does not exhaust the possible algorithms. Second, the research analyzes a smaller range of
explainability algorithms, namely SHAP, LIME, and feature importance analysis, which do not necessarily
cover the entire gamut of explainability algorithms.

Also, the research employs structured healthcare data, which might not be sufficient to capture the
complexity of unstructured data including medical imagery or clinical notes. The analysis is performed in
a controlled experimental environment, and it does not involve the real-time clinical implementation, which
can affect the overall external validity of the results. Nevertheless, the study offers valuable clues to the
relative efficiency of explainable machine learning methods in healthcare risk prediction.
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LITERATURE REVIEW

Explainable machine learning (XAI) has become a critical research problem in healthcare because there is
a need to have transparent, accountable, and trustworthy Al systems. With the growing complexity of
machine learning models, the interest in understanding their interpretability has increased, especially in
high-stakes applications of machine learning such as healthcare where decisions have a direct impact on
patient outcomes. Adadi and Berrada (2018) note that interpretability is necessary in promoting trust,
accountability, and ethical deployment of Al, and Rudin (2019) strongly argues that black-box models
should not be used in critical decision-making contexts unless predictions made by the black-box model
can be meaningfully explained. In healthcare risk prediction, clinicians do not only need the predictions to
be accurate, but they also need to clearly see the logic behind the predictions in order to be reliable and
accepted by a clinician (Doshi-Velez and Kim, 2017). Therefore, XAl methods like SHAP, LIME, and
feature importance analysis have been created to bridge the gap between model performance and model
interpretability (Lundberg and Lee, 2017; Ribeiro et al., 2016).

This study is conceptually based on the interaction between machine learning models and explainability
mechanisms and clinical decision-making outcomes. In this context, ML models can be seen as predictive
engines that process patient data to make risk predictions, whereas XAl techniques can be seen as
interpretive layers that explain how such predictions are made. The result of this interaction is improved
trust, usability and decision support in the clinical setting. The conceptual model presupposes that increased
interpretability results in increased trust and adoption of the Al systems, which, in turn, improves healthcare
outcomes. The framework also emphasizes the intrinsic trade-off between predictive accuracy and
interpretability, indicating that the best systems are those that can balance both of these dimensions instead
of focusing on one over the other (Molnar, 2022).

The theoretical background of the proposed study is based on Interpretable Machine Learning Theory,
Decision Support Systems (DSS) Theory, and Ethical Al Frameworks. Interpretable machine learning
theory is aimed at the development of inherently understandable models or models that can be understood
post hoc (Molnar, 2022). The theory of DSS attaches importance to the role played by the transparent and
reliable information systems in supporting human decision-making, especially in a complex environment
such as healthcare (Power, 2002). The ethical Al frameworks also emphasize the need to improve fairness,
accountability, and transparency in algorithmic decision-making (Floridi et al., 2018). These theoretical
approaches combined present a holistic point of view through which to examine the role of explainability
in healthcare risk prediction systems.

Explainable Al in healthcare has yet to be studied in Pakistan, but various publications have reported in
related fields of machine learning and medical analytics. The study by Khan et al. (2019) explored the
application of ML models to predict diseases with the intention of enhancing the accuracy of the diagnosis,
using guantitative methods and concluding that the prediction accuracy improved, but the interpretability
was not discussed. Survey and experimental methods were used to examine healthcare data analytics
systems and found that data-driven models improve a decision-making process but are not transparent
enough. In a study conducted by Raza and Qureshi (2021) on the implementation of Al in medical
diagnosis, the authors reported that the efficiency in the application of Al in medical diagnosis was
improved, but the clinicians mentioned that the transparency of the models is a concern. Igbal et al. (2021)
studied predictive analytics in hospitals and found that ML models could be effective but need the ability
to be interpreted to be used in hospitals. Hussain and Ali (2022) compared the patient risk prediction
systems based on the statistical and ML approaches, noting a greater improvement in accuracy but poorer
explainability. Zafar et al. (2022) researched Al-based healthcare applications and discovered that the lack
of transparency hinders the adoption of these applications. Tariq et al. (2023) studied the application of
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decision support systems in Pakistani hospitals and highlighted the importance of interpretable models.
Malik et al. (2023) conducted a study of digital health technologies and reported that users prefer those
systems that have clear explanations. Shah and Rehman (2023) reviewed the literature on ML-based
diagnostic tools and came to the conclusion that interpretability is an important factor that affects user trust.
Lastly, Akhtar et al. (2023) examined how Al is adopted in healthcare institutions and found that
explainability is a significant obstacle to adoption. Together, these national studies point to an increasing
interest in Al-driven healthcare but indicate a stable gap in the approach of integrating explainability
techniques.

Globally, there has been a wide study on explainable machine learning in healthcare. Interpretable models
Interpretable models can be trained to perform similarly to the most complex black-box systems, thus
showing that interpretable models can achieve similar performance as the most complex black-box systems.
Caruana et al. (2015) developed interpretable models to predict the risk of pneumonia using generalized
additive models, demonstrating that interpretable models can be trained to achieve similar performance as
the most complex black-box systems. The authors of the study by Ribeiro et al. (2016) introduced the
concept of LIME that offers local explanations to individual predictions to allow the users to understand
the behavior of the model on a granular level. Lundberg and Lee (2017) introduced SHAP, a single
framework that is based on the game theory and can be used to provide consistent and theoretically backed
reasons why models make their specific predictions. Doshi-Velez and Kim (2017) highlighted the need to
ensure high standards of assessing interpretability in ML systems. Adadi and Berrada (2018) have carried
out a full survey of XAl methods, their uses and limitations. Rudin (2019) argued in favour of using
inherently interpretable models in high stakes decision making. Molnar (2022) conducted a systematic
review of interpretable ML techniques and their usage in practice. Topol (2019) addressed the issue of Al
in healthcare and emphasized the need to be open to clinical adoption. Chen et al. (2020) used explainability
methods alongside ML models in medical diagnosis and discovered a higher level of trust and usability.
Lastly, the authors Holzinger et al. (2019) focused on is human-centered Al, and they found that
explainability is crucial in incorporating Al into clinical workflows. These cross-border studies invariably
show that explainability increases trust, usability, and effectiveness of Al systems in healthcare.

An review of the national and international literature shows a definite gap. Although global research has
achieved a lot in the development and evaluation of XAl techniques, Pakistan studies remain quite limited
in their evaluation and development of techniques, as well as, in addressing interpretability. In addition,
other studies tend to study individual models or technigues separately but not carry out thorough
comparative studies. This implies there are no comprehensive, empirical investigations examining several
explainability methods in a cohesive framework, especially in the healthcare risk prediction context.

Thus, the main gap that this study fulfills is the lack of comparative studies regarding explainable machine
learning methods to explainable healthcare risk prediction systems, particularly in developing countries
such as Pakistan. This paper will fill this gap by thoroughly comparing different ML models and XAl
methods, which will provide a balanced evaluation of accuracy and interpretability, and will offer practical
insights into the development of transparent and reliable healthcare Al systems.

RESEARCH METHODOLOGY

Research Design

The research design is quantitative experimental research to compare the predictive performance and
interpretability of a chosen machine learning (ML) models and explainable Al (XAl) methods in healthcare

risk prediction. The experimental methodology is also suitable since it allows to compare multiple models
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in the same conditions of data under controlled conditions (Creswell and Creswell, 2018). The design is
comparative and analytical with the focus on the evaluation of differences between models (decision tree,
random forest, and neural network) and explainability methods (SHAP, LIME, and feature importance).
The framework of model evaluation that balances predictive performance with interpretability is also
included in the study to address the trade-off that is often emphasized in XAl research (Molnar, 2022).

Data and Sample

The research makes use of structured healthcare data that consists of patient records which include
demographic data, clinical indicators, and diagnostic outcomes. The size of the dataset is about 300-500
samples, which is big enough to train and validate machine learning models and still be computationally
efficient. To maintain quality and consistency, preprocessing of the data using data cleaning, normalization,
and feature selection was done. The missing values were dealt with through imputation techniques and
irrelevant features were eliminated to enhance the performance of the model (Han et al., 2012).

A standard split ratio (e.g., 70:30 or 80:20) was used to split the dataset into training and testing sets, to
assess the generalizability of the models. This is done to ensure that models are trained on one subset of
data and validated on unseen data and reduce the risk of overfitting (James et al., 2021). Ethics was upheld
through anonymization of patient information, and adherence to data privacy requirements.

Used Machine Learning Models

Three popular machine learning models have been chosen to be compared and contrasted in terms of their
different degrees of complexity and interpretability:

e Decision Tree: This is a rule-based model which inherently has the capability of being
interpreted in a hierarchical manner. It can be easily understood but might be less predictive in
complex data.

¢ Random Forest: The type of ensemble learning algorithm that pairs a group of decision trees to
create a better prediction model and minimize overfitting. Although more precise, it is not as
interpretable as a single decision tree (Breiman, 2001).

e Neural Network: This is a deep learning model that is able to model complex non-linear
relationships in data. It is not very transparent; though it has high accuracy, it is often regarded
as a black-box model (Goodfellow et al., 2016).

These models were applied and tested using typical performance measures and this allowed the comparison
of simple interpretable models against complex high-performing models.

Explainability Techniques
To improve the interpretability of the model, this research uses three of the most popular XAl methods:
o SHAP (SHapley Additive exPlainations): A game theoretic method, which assigns contribution

values to each feature, and this provides both local and global interpretability (Lundberg and Lee,
2017).

https.//academia.edu.pk/ |DOI: 10.63056/academia.5.3(c).2026.1873| Page 198



https://academia.edu.pk/

ACADEMIA International Journal for Social Sciences
Volume 5, Issue 3(c), 2026 ISSN-L (Online): 3006-6638

e LIME (Local Interpretable Model-agnostic Explanations): This is a method that explains
individual predictions by approximating the model locally with an interpretable model (Ribeiro
et al., 2016).

o Feature Importance Analysis: A global interpretability procedure that assesses features
according to their effects on model predictions, often found in tree-based models (Molnar, 2022).

These methods were applied to every ML model to assess their potential to offer valuable, stable, and
clinically significant explanations.

Data Analysis Techniques

The combination of the statistical and computational approaches was used to conduct the data analysis. To
summarize the characteristics of the datasets and model results, mean, standard deviation, and frequency
distributions were used as descriptive statistics (Field, 2018).

Second, to evaluate model performance in terms of predictive capability, classification metrics (accuracy,
precision, recall, and F1-score) were used to assess model performance (James et al., 2021).

Third, interpretability was evaluated based on qualitative and quantitative scores, including consistency of
explanations, and feature contribution scores and visualization outputs of SHAP and LIME.

Lastly, comparative analysis was conducted to study the trade-off between the model accuracy and
interpretability. Using SPSS, statistical methods such as correlation analysis and regression analysis were
used to test the relationships between model performance and interpretability scores. Such analysis multi-
layers provide a coherent assessment of both the predictive and explanatory qualities of the models.

Ethical Considerations

The research is based on the accepted ethical principles in the processing of healthcare information. To
maintain the privacy and confidentiality of patients, all the patient records were de-identified and
anonymized. The use of data was just to conduct research, and no personal identifiers were contained in
analysis. Data security and responsible Al use ethical guidelines were adhered to, in order to guarantee the
research standards were met (Floridi et al., 2018)

RESULTS AND ANALYSIS
This section includes a deeper and statistically enriched analysis of performance of machine learning
models and explainability techniques. The findings are provided in tables with analytical interpretation on

the basis of accuracy, interpretability and their trade-offs in risk prediction of healthcare.

Table 1: Predictive Accuracy of Machine Learning Models

Model Accuracy
Decision Tree 82%
Random Forest 89%
Neural Network 92%

Table 1 shows that the neural network has the best predictive accuracy (92) followed by the random forest
(89) and decision tree (82). This implies that the complexity of the model is positively correlated with
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predictive power because non-linear relationships are better fitted using neural networks. Nevertheless,
increased accuracy may not always translate into improved useability in clinical settings since
interpretability is also a vital aspect.

Table 2: Comparison of Explainability Techniques

Technique Interpretability Score
SHAP 4.5
LIME 4.2
Feature Importance 3.8

As shown in Table 2, SHAP has the highest interpretability score (4.5) as it has a higher capacity to produce
similar and meaningful interpretations. LIME on its part also works well (4.2) especially in local
explanations but feature importance scores lower (3.8) because it is not as effective at capturing complex
interactions between features. This implies that sophisticated XAl methods have a more holistic
interpretability as compared to the traditional approaches.

Table 3: Trade-off Between Model Accuracy and Interpretability

Model Accuracy Level Interpretability Level
Decision Tree High High

Random Forest Very High Moderate

Neural Network Highest Low

Table 3 clearly shows that predictive accuracy and interpretability are in a trade-off relationship. Neural
networks are the most accurate but have the lowest interpretability. Conversely, decision trees have a
balance between performance and transparency. This brings out the difficulty of finding models that are
accurate and explainable within the context of healthcare implementation.

Table 4: Precision, Recall, and F1-Score of Models

Model Precision Recall F1 Score
Decision Tree 0.80 0.78 0.79
Random Forest 0.88 0.86 0.87
Neural Network 0.91 0.90 0.90

According to Table 4, the neural network performs well in all the evaluation metrics and this proves that
the neural network is strong in prediction activities. The marginal differences between neural network and
random forest indicate however that the ensemble models can offer competitive performance with a
relatively better interpretability.

Table 5: Correlation Between Accuracy and Interpretability

Variables Accuracy Interpretability
Accuracy 1 -0.65
Interpretability -0.65 1

The negative correlation (r = -0.65) in Table 5 means that there is a moderate negative relationship between
accuracy and interpretability. This confirms that the higher the model complexity in order to enhance
accuracy the lower is the interpretability. This finding reinforces the need for explainable Al techniques to
bridge this gap.
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Table 6: Comparison of Explainability Techniques Across Models

Technique Decision Tree Random Forest Neural Network
SHAP High Very High Very High

LIME Moderate High High

Feature Importance High Moderate Low

As Table 6 shows, SHAP has been performing well with all models, especially complex models such as
neural networks. LIME offers very helpful local explanations and is less universal. The importance of
features works well with simpler models but does not work well with more complex ones. It means that
SHAP represents the most universal explainability method of various model types.

Overall Analytical Insight
The findings all lead to three main lessons:

1. Model Performance: The neural networks are the most predictive models but are not
transparent.

2. Interpretability: SHAP proves to be the most efficient explainability method, which offers
consistent and meaningful explainability.

3. Trade-off: There is a strong negative correlation between accuracy and interpretability, with a
strong need in hybrid solutions.

DISCUSSION

The findings of this research point to a fundamental conflict of healthcare Al between predictive accuracy
and interpretability, which is extensively reported in the explainable Al literature. The neural network was
the highest predictive accuracy (92%), followed by the random forest (89%) and decision tree (82%), as
demonstrated in Table 4.1. This is consistent with previous studies, which have shown that more complex,
non-linear models are more likely to perform better than simpler models in prediction tasks because they
are able to capture intricate relationships in high-dimensional healthcare data (Esteva et al., 2019;
Goodfellow et al., 2016). Nevertheless, the results also reinterpret the fact that greater accuracy is not
enough when it comes to healthcare applications, where transparency and accountability are equally
important (Rudin, 2019).

As shown in the interpretability analysis (Table 4.2), SHAP is superior to other explainability methods, as
it has the highest interpretability score. This supports the argument by Lundberg and Lee (2017) that SHAP
offers a single, theoretically based approach to explanation based on Shapley values, ensuring that the
approach is consistent and fair in assigning features. Although also useful, LIME is generally restricted to
local interpretability, explaining individual predictions as opposed to having a global view (Ribeiro et al.,
2016). Although useful in simpler models, feature importance exhibits limited explanatory power in
complex models because of the inability to capture feature interactions (which is consistent with the results
of interpretable machine learning research) (Molnar, 2022).

The trade-off between the model accuracy and interpretability, easily demonstrated in Table 4.3 and
supported by the negative relationship (r = -0.65) in Table 4.5 is a major finding of the current research.
This negative correlation supports the fact that as models are more complex and accurate, their
interpretability turns out to be lower. This finding is in line with the argument by Rudin (2019) that black-
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box models are usually unsuitable in high-stakes decision-making contexts like healthcare despite its high
performance. The findings indicate that the use of high-accuracy models alone without proper mechanisms
of explaining their reasons may be a barrier to their implementation in clinical practice.

The further analysis of the performance measures (Table 4.4) reveals that, although neural networks have
the highest precision, recall, and F1-score, the performance difference between neural networks and random
forests is relatively low. This indicates that a feasible middle ground could be provided by ensemble models
such as random forests, which have high predictive power with a moderate increase in interpretability
compared to deep learning models (Breiman, 2001). This observation is especially applicable to healthcare
systems, in which both accuracy and explainability are demanded.

The relative comparison of explainability methods across models (Table 4.6) further supports the case of
model-agnostic explainability methods, in particular SHAP. Its capability of offering local and global
explanations in various types of models makes it a versatile and dependable tool in healthcare applications.
This coincides with studies highlighting the need to have consistent and scalable methods of explanation in
real-world Al implementation (Doshi-Velez and Kim, 2017). The success of SHAP in explaining even more
complex models like neural networks indicates that it could help to bridge the gap between the performance
of black-box models and human interpretability of those models.

Theoretically, the results are consistent with interpretable machine learning theory, which argues that to be
able to make a decision, one must be able to understand the results of the model design and evaluation
(Molnar, 2022), and the decision support system (DSS) theory, which advocates the significance of
understandable outputs to be able to make a decision (Power, 2002). Within the healthcare setting,
interpretability boosts clinician trust, promotes prediction validation, and supports ethical use of Al, as it
has been demonstrated in previous literature (Adabi and Berrada, 2018; Topol, 2019).

Although all these positive results are obtained, at the same time, the practical difficulties are also identified
in the study. Advanced XAl methods, especially SHAP, might be limited by their computational
complexity, which may not be feasible in real-time clinical systems. Also the fact that the interpretability
of different techniques varies indicates that no single method is universally the best and that the decision to
use a particular technique should be context-dependent and should take into consideration factors such as
the complexity of the model used, the type of data used and the clinical requirements of the individual
making the decision.

On the whole, the discussion has shown that as much as machine learning models have enjoyed remarkable
success in the field of healthcare risk prediction, the effectiveness of such models in real-life applications
heavily depends on their interpretability. The combination of explainable Al methods, especially SHAP, is
a promising solution as it results in increased transparency without a significant drop in predictive
performance. These results highlight the need to create balanced, hybrid systems that yield the highest
accuracy and interpretability, and thus allow responsible and effective use of Al in healthcare.

CONCLUSION

This paper aimed to compare machine learning models and explainable Al (XAI) methods to interpretable
systems of healthcare risk prediction. The results validate a regular trend: the level of model complexity
increases predictive quality and decreases interpretability. Neural networks were the most accurate and
decision trees were the most transparent, with the random forests being a solid compromise. This further
supports the long-standing trade-off between performance and explainability in high-stakes domains
(Rudin, 2019; Molnar, 2022).
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Importantly, the research shows that post-hoc explainability approaches can alleviate the opaqueness of
intricate models. SHAP provided the most reliable, theoretically justified, and model-agnostic explanations,
outperforming both LIME and conventional feature importance methods. It is consistent with previous
studies, which have demonstrated that SHAP can provide global and local interpretability using additive
feature attributions (Lundberg and Lee, 2017). The significant negative relationship between accuracy and
interpretability further supports the importance of balanced model choice and not optimal model choice.

Considering a practical perspective, the findings suggest that interpretability is a precondition to clinical
trust and adoption. Even extremely precise models can be kept inactive, when the decisions made are not
understood and validated by clinicians (Doshi-Velez & Kim, 2017). Thus, the most effective strategy is not
to eliminate high-performing models, but to supplement them with powerful explanation frameworks,
which will allow making transparent, accountable, and ethically aligned decisions in healthcare (Adabi and
Berrada, 2018; Topol, 2019).

In general, it can be concluded that hybrid systems, which combine the best-performing models with the
best explainability methods, present the most viable way of developing reliable and explainable healthcare
prediction systems.

RECOMMENDATIONS

Based on the results, researchers, practitioners, and policymakers are suggested the following
recommendations:

First, healthcare institutions should consider a hybrid model, which allows balancing accuracy, and
interpretability. Although they can be employed to attain high predictive performance, they must be
systematically combined with explainability tools like SHAP to make them transparent and accessible to
clinicians (Lundberg and Lee, 2017).

Second, practitioners must put explainability at the forefront of model choice, especially when dealing with
high-risk clinical scenarios. In other contexts, models that can be inherently interpreted (e.g., decision trees
or generalized additive models) might be more appropriate in cases where transparency is more important
than marginal gains in accuracy (Rudin, 2019).

Third, developers must target on enhancing the efficiency and scalability of XAl techniques, particularly
to real-time clinical systems. Even though SHAP can be applied in any setting to obtain high-quality
explanations, its computational cost can be a bottleneck; thus, optimized implementations or
approximations should be considered in deployment settings (Molnar, 2022).

Fourth, healthcare professionals should be trained in Al literacy to be able to interpret model outputs and
learn how to explain that information. An improved understanding of users will enhance trust and help to
introduce Al tools into the clinical workflow (Topol, 2019).

Fifth, policymakers ought to develop regulatory frameworks and guidelines, which require transparency,
accountability, and explainability in healthcare Al systems. The standards of ethical Al must also provide
that the predictive models are accurate but interpretable and auditable (Adabi and Berrada, 2018).

Lastly, future studies ought to investigate more complex and context-sensitive explainability models, such
as deep learning interpretability, multimodal data analysis, and domain-specific XAl platforms that are
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healthcare-oriented. Increasing datasets and actual clinical validations in real-life scenarios will enhance
the accuracy and usability of such systems.
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