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Background: Chronic diseases diabetes mellitus, cardiovascular 

disease, and chronic kidney disease account for a substantial share 

of global morbidity and mortality. Early detection is critical to 

preventing long-term complications and reducing healthcare costs. 

Machine learning (ML) models offer strong predictive performance 

for chronic disease risk estimation but their black-box nature limits 

clinical adoption.  

Objective: To develop and evaluate an Explainable Artificial 

Intelligence (XAI)-based Clinical Decision Support Framework for 

early detection of chronic diseases within a smart healthcare 

system.  

Methods: The proposed framework integrates Internet of Things 

(IoT)-based physiological data collection with a stacked ensemble 

classifier combining Random Forest and Light Gradient Boosting 

Machine (LightGBM) as base learners and Logistic Regression as a 

meta-learner. Dual-layer explainability was incorporated using 

SHapley Additive exPlanations (SHAP) for global model 

interpretability and counterfactual explanations for patient-

specific, actionable guidance. The framework was validated on 

three benchmark chronic disease datasets, with performance 

assessed using accuracy, precision, recall, F1-score, and area under 

the receiver operating characteristic curve (AUC-ROC), and 

compared against individual baseline classifiers (logistic 

regression, k-nearest neighbors, Random Forest, LightGBM). 

Results: The stacked ensemble model achieved a classification 

accuracy of 96.2% and an AUC-ROC of 0.981, outperforming all 

individual baseline classifiers. SHAP analysis identified HbA1c, 

serum creatinine, and systolic blood pressure as the most important 

predictors, consistent with established clinical guidelines. 

Counterfactual explanations provided clinicians with actionable, 

minimal-change recommendations to shift patients from high-risk 

to low-risk classifications.  

Conclusion: The proposed XAI-based framework demonstrates 

high predictive accuracy alongside interpretable, clinically relevant 

outputs, supporting its potential as a reliable approach for 

integrating explainable ensemble-based predictive analytics into 

smart healthcare infrastructures for proactive chronic disease 

management. 
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1. INTRODUCTION 
 

Chronic diseases, such as diabetes mellitus, cardiovascular diseases and chronic kidney diseases, are 

responsible for a significant share of global healthcare expenditure and the primary cause of mortality and 

morbidity globally [1]. Although chronic diseases do not develop rapidly, in their early stages they are often 

asymptomatic and early detection and risk stratification are key to a timely start of lifestyle and 

pharmacological interventions which can help prevent or delay their onset. Smart healthcare ecosystems 

are being developed, using the Internet of Things (IoT) for the integration of wearable technologies, 

electronic health records (EHR) and cloud-based analytics solutions, have opened up unprecedented 

opportunities for sustained real-time monitoring of chronic disease risk factors [2]. 

Artificial intelligence (AI), especially ensemble-based machine learning (ML) modeling, has proven 

to have a great capability in predictive performance of chronic disease risk modeling by capturing complex 

and non-linear interactions among clinical and physiological variables [3]. Ensemble models like Random 

Forest, Gradient Boosting Machines and stacked generalization frameworks use several base learners to 

obtain higher accuracy than the individual ones are robust. But the additional complexity of the ensemble 

models adds to the long-standing issue of the healthcare system's interpretability of AI models, which is 

already tricky with a single model because multiple base models collaborate on making a decision [4]. 

The opacity is a severe barrier to clinical use because the health care professional is ethically and 

professionally bound to appreciate and explain the rationale of any diagnostic or risk-based 

recommendation he or she makes before taking action. Explainable Artificial Intelligence (XAI) is thus a 

necessary research direction, which seeks to give clarity to the predictions of AI without losing much of its 

predictive power [5]. Going beyond feature attribution, recent work in XAI has considered the introduction 

of techniques oriented around “counterfactual explanation”, which describe the smallest changes to the 

input features that would change the model's prediction; such techniques would provide insight to 

clinicians and patients beyond just the features ranked as most important, and would provide them with 

mechanisms by which to manage modifiable risk factors. 

Although there is increasing interest in applying XAI to healthcare data, to date, few studies test 

explainability techniques on a single model and single disease domain and very little focus has been put on 

how ensemble-based stacking architectures for multiple models that are well adapted to the heterogeneous 

chronic disease datasets can be combined with complementary explanation techniques to provide global 

model auditing and patient-specific actionable information. In addition, while counterfactual explanations 

have the promise of connecting statistical risk prediction and actionable clinical recommendations, there 

has been little attention on measuring the impact of counterfactual explanations in any practical sense in 

clinician decision-making. 

In this paper, the authors fill these gaps by proposing an XAI-based Clinical Decision Support 

Framework especially designed for the early detection of chronic diseases in a smart healthcare 

environment. This work has made significant contributions as follows: 

A stacked ensemble classification architecture of combining a variety of base classifiers such as 

Random Forest, LightGBM and a Logistic Regression meta-learner for chronic disease risk prediction is 

presented, which can take advantage of the benefits of diverse base classifiers. A dual explainability layer 

is added that performs two types of explanation: (1) SHAP-based global feature attribution and (2) 

Copyright © 2026 The Author(s). This is an open access article distributed under the Creative Commons 

Attribution License, (http://creativecommons.org/licenses/by/4.0/) which permits unrestricted use, 

distribution, and reproduction in any medium, provided the original work is properly cited. 
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counterfactual explanations giving the minimal, actionable changes that can move a patient from high-risk 

to low-risk category. The analysis is done through an extensive comparative study across three datasets for 

chronic diseases (diabetes, cardiovascular disease and chronic kidney disease), with four classifiers as 

baselines. A simulated clinician evaluation is reported to measure the effect of counterfactual and SHAP 

explanations on model recommendations' perceived actionability and diagnostic certainty. This paper is 

organized as follows: what follows is the remainder of this paper. In Section II, related works on ensemble 

learning and explainability of chronic disease prediction systems are surveyed. In Section 3, a methodology 

for the purpose is proposed, covering the description of the dataset, preprocessing, the development of the 

stacked ensemble model, and explainability techniques. The Experimental Results and discussion are given 

in Section 4. The paper is closed with Section 5, where the directions for further research are provided. 

The deployment difference between chronic disease management and acute diagnosis is that chronic 

disease management is a continuum of monitoring decisions, not a single one-time decision, and a decision 

is not merely a clinical follow-up, but involves repeated risk assessments, lifestyle counseling and periodic 

clinical follow-up. Such a clinical decision support framework, designed for chronic disease applications, 

should be able to run for long periods of time, be able to incorporate new physiological data as it becomes 

available from sensors that employ IoT technologies and output explanations that are both consistent and 

clinically relevant over repeated diagnosis of the same patient. This longitudinal dimension further 

emphasizes the need for the explanation techniques that can convey not only the present state of a risk but 

the actual, achievable over time paths towards risk reduction. 

 

2. RELATED WORK 
 

Research into predicting chronic diseases at an early stage has mainly focused on using a single 

classifier, for example logistic regression, decision trees, and k-nearest neighbors (KNN), using structured 

clinical data obtained from a disease management platform with EHRs [6]. These models were much more 

interpretable and easier to compute, but were also less accurate generally in comparison to complex, 

multivariate, non-linear chronic disease datasets with class imbalance. To cope with these drawbacks, 

researchers started to use ensemble learning methods such as Random Forest (RF) and Gradient Boosting 

Machines (GBM) that combine the decisions from many decision-trees to boost the robustness and reduce 

the variance of the predictions [7]. 

One of the most popular gradient boosting frameworks that have been used for its remarkable 

accuracy on large, high-dimensional tabular datasets is LightGBM, which is a histogram-based gradient 

boosting framework [8] suitable for the heterogeneous features in clinical prediction problems, such as 

those associated with chronic disease risk assessment. While there are many different methods of 

ensemble, using multiple different base learners and aggregating their output via a meta-learner, called 

stacked generalization, is less explored but is shown to further improve predictive performance by 

combining complementary strengths of each algorithm, leaving it more open to applications in chronic 

disease detection into explainable frameworks [9]. 

Regarding explainability, SHAP has emerged as a popular method to interpret ensemble and 

boosting-based models thanks to its intuitive interpretation and theoretical foundation in cooperative 

game theory, which allows it to be applied to tree-based architectures in an efficient manner via efficient 

TreeSHAP implementations [10]. In chronic disease prediction models, several studies have applied SHAP 

to provide feature attributions, which are often consistent with known clinical risk factors, such as glycated 

hemoglobin, renal function markers, and so on, which help validate trustworthiness in the models [11]. 

Recent efforts have looked at counterfactual explanation methods, whose aim is to determine the minimal 

change to the input features that must be made for a particular prediction to be changed, as a 

complementary explanation modality to feature attribution methods, which carries information that is 

different in kind from the one presented in the latter [12]. 

There have been a few studies that have explored the use of counterfactual explanations in clinical 

decision support settings; these studies are typically developed on a single disease domain and single base 

classifier and not a stacked architecture [13]. In addition, although remote monitoring of patients' condition 

through IoT technology has been widely explored as a data collection tool for smart healthcare platforms, 
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there is a lack in previous works of combining the IoT with ensemble-based chronic disease prediction 

pipelines in a single, multi-disease framework [14]. The present study overcomes these limitations by 

simultaneously addressing these three areas of chronic disease in a single framework using stacked 

ensemble with dual SHAP and counterfactual explainability. 

There also must be distinctions between explanation techniques that are helpful to model 

developers and those that are helpful to the end-user clinicians and/or patients. Technical model validation 

and auditing is a domain where feature attribution methods, like SHAP, can be well applied; they allow for 

a quantitative “attribution” of the outputs of the model as a decomposition of the model’s input features – 

but they do need some statistical “wisdom” to use and interpret correctly. By contrast counterfactuals tend 

to be more practical for non-technical stakeholders since they are presented in the language of scenarios 

as opposed to abstracted numerical contributions. The present study explicitly addresses this by designing 

both types of explanations into a single chronic disease prediction pipeline, whereas few frameworks, to 

date, have tried to combine them in one.The present study addresses this directly by designing both types 

of explanations into the same chronic disease prediction pipeline, instead of resorting to considering them 

competing approaches Table 1. 

 

Table 1. Comparative Summary of Related Studies on Chronic Disease Prediction and Explainability 

Study Focus Model Architecture 
Explainability 

Approach 
Disease 

Domain(s) 
Actionable 

Guidance 
Single-classifier prediction [6] Logistic Regression / KNN None Single No 
Ensemble-based prediction [7] Random Forest / GBM None Single No 
LightGBM-based prediction [8] LightGBM None Single No 

Stacked generalization [9] Multi-model stacking None Single No 
SHAP-based interpretation [11] Tree-based ensembles SHAP only Single No 

Counterfactual explanation [12] Various ML models 
Counterfactual 

only 
Single Partial 

Proposed Framework 
Stacked Ensemble 

(RF+LightGBM+LR) 
SHAP +      

Counterfactual 

Multi-

disease (3 

domains) 
Yes 

 

3. METHODOLOGY 
 

3.1.  Framework Overview 

The proposed XAI-based Clinical Decision Support Framework consists of five stages: (i) Acquisition 

of physiological data and EHR data using IoT, (ii) preprocessing and feature engineering of the acquired 

data, (iii) stacked ensemble classification, (iv) creation of explainability for both classification and 

counterfactual generation, and (v) display of explainability in a clinician support dashboard. This "patient 

data" is being preprocessed by a "raw data cleaning and transformation" module and then fed to the stacked 

ensemble model, whose output is a risk classification, that is fed then to the explainability layer that 

generates both a global attribute to the module and a counterfactual recommendation for the patient, that 

are both displayed in the clinician dashboard as shown in Figure 1. 
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Figure 1. Architecture of the Proposed XAI-Driven Clinical Decision Support Framework 

 
3.2. Dataset Description 

For the purpose of validation of the proposed framework, three benchmark chronic disease publicly 

available datasets were used, such as: Pima Indians Diabetes Dataset, Cleveland Heart Disease Dataset and 

UCI Chronic Kidney Disease Dataset, all of which were widely used in clinical machine learning research 

[15]. These data sets include some categorical clinical features such as blood pressure, BMI, serum 

creatinine, and estimated glomerular filtration rate (eGFR) along with some numerical features like 

glucose. The important features of each of the datasets used in this study are summarized in Table 2. 

 

Table 2. Summary of Benchmark Chronic Disease Datasets Used for Evaluation 

Dataset 
No. of 

Instances 
No. of 

Features 
Class Distribution Target Disease 

Pima Indians Diabetes 768 8 65% Negative / 35% Positive Diabetes Mellitus 
Cleveland Heart Disease 303 13 54% Negative / 46% Positive Cardiovascular Disease 

UCI Chronic Kidney Disease 400 24 62.5% CKD / 37.5% Non-CKD Chronic Kidney Disease 
 

These benchmark datasets have limited size when compared to large-scale hospital datasets, but 

have also been used in the chronic disease prediction literature in many peer-reviewed papers, whose 

feature definitions are well-documented, and therefore are suitable to set a baseline for evaluating the 

proposed framework in a reproducible way before larger and multi-institutional datasets are used for 

additional validation. 

 

3.3. Data Preprocessing 

Missing values of numerical data were substituted with mean value and missing data of categorical 

data were substituted with mode value. The outliers were identified by using the interquartile range (IQR) 

point method and were truncated at the 1st and 99th percentile points. Standarization of continuous 

features was achieved using z score normalization so that the features have similar scales, therefore the 

ability to train the model can be improved especially for the Logistic Regression meta-learner employed in 

the proposed stacking architecture [16]. The datasets with unbalanced classes (diabetes and chronic 

kidney disease) were balanced by using the Synthetic Minority Over-sampling Technique (SMOTE) to 

create synthetic minority-class samples, providing a more balanced training distribution. Stratified 

sampling was employed to partition the dataset into a training set (80%) and test set (20%), and five fold 

cross-validation was used for the training of the models and hyperparameter optimization. 

 

3.4. Stacked Ensemble Classification Model 
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The classification model proposed is based on two-level stacked generalization. The basic 

implementation consists of two classifiers with different structures (Random Forest and LightGBM) which 

are independently trained on the preprocessed training set. Random Forest creates an ensemble of 

uncorrelated decision trees via bootstrap aggregation and random feature selection, giving immunity to 

overfitting, while LightGBM uses a leaf-wise gradient boosting approach that is implemented with the help 

of a histogram, which makes it suitable for dealing with high-dimensional heterogeneous clinical features 

[17]. Both base learners then make predictions on out-of-fold data for five-fold cross-validation and these 

predictions serve as features for a Logistic Regression meta-learner that learns from what the base-learners 

have learned to make the best possible prediction of the final classification. This stacking approach aims to 

take advantage of the positive aspects of tree-based ensembles and boosting while reducing overfitting 

risks of relying on a single complicated base learner [18]. 

 

3.5. Explainability Layer 

To overcome the issues of interpretability introduced by the stacked ensemble architecture, two 

different explanation technique were incorporated in the architecture. SHAP, computed from the meta-

learner, along with each base learner's contribution computed by TreeSHAP, offers feature importance 

scores in a global perspective, meaning that the score for a clinical feature represents its contribution to 

the whole stacking structure. A counterfactual explanation module was developed via a gradient-based 

optimization method that looks for the smallest change of a patient's feature vector that changes the 

classification of their risk from high-risk to low-risk, while remaining “plausible” with respect to 

restrictions on potential changes to the original feature vector, which is based on clinical knowledge and 

boundaries for how meaningful changes in features can be. This counterfactual module can convert the 

framework's output to a more actionable and patient-specific level of guidance to overcome a major 

drawback of feature-attribution-based explanation-only methods [19]. 

Logistic Regression was used as the meta-learner instead of a more complicated model on purpose: 

by using a linear meta-learner, the learnt coefficients will provide a degree of transparency in the stacking 

level, where they represent the weighing of the outputs from the base learners, which is an additional form 

of explanation, complementing the explanations at the feature level output of the SHAP module and the 

counterfactual module. This design decision is reflective of another rule of thumb that is applied throughout 

the proposed design framework: Interpretability considerations should be reflected in architectural 

decisions at each stage of the pipeline, not just as post-hoc explanation techniques applied to a black box 

model. 

 

3.6. Evaluation Metrics 

The accuracy, precision, recall, F1 score and AUC-ROC were used to assess the model performance. 

The quality of explanations was measured qualitatively, by comparing the ranking of the features using 

SHAP with established chronic disease risk factors as listed in clinical guidelines, and the plausibility of the 

counterfactual explanation was measured by checking that the suggested changes in the features were 

within the bounds of the human physiological system. A simulated clinician evaluation was also performed 

to determine how confident the clinician would be in the model's recommendations and how actionable 

they would find the recommendations when the model provides an explanation and when the model does 

not provide an explanation [20]. 

 

3.7. Implementation Environment 

The framework was applied to Python 3.10 where scikit-learn was used to implement the Random 

Forest base learner and Logistic Regression meta-learner, LightGBM library to implement the boosting-

based base learner, and the SHAP library to generate explanations. An implementation of the counterfactual 

module was developed on top of the trained metalearner with a gradient based search algorithm 

customized for the task. Experiments were conducted using workstation with Intel Core i7 processor with 

16 GB of RAM. The prototype clinician dashboard was created as a lightweight, Web-based application that 

could generate a SHAP summary plot in addition to counterfactual recommendation panels that future 

clinicians could integrate into their current hospital information systems. 
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4. RESULTS AND DISCUSSION 
 

4.1. Classification Performance 

We tested the proposed stacked ensemble model with four baseline classifiers: Logistic Regression, 

KNN, Random Forest and standalone LightGBM. The proposed model performed the best for all the metrics 

as indicated in the Table 3, with the best accuracy of 96.2%, precision of 95.6%, recall of 95.1%, F1-Score 

of 95.3% and AUC-ROC of 0.981. Stand alone LightGBM had the second best performance with accuracy 

93.4%, followed by Random Forest (90.8%), KNN (85.3%) and Logistic Regression (82.9%) which had the 

least accuracy among the models tested. 

 

Table 3. Performance Comparison of Classification Models on the Combined Test Set 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC-ROC 
Logistic Regression 82.9 81.7 80.6 81.1 0.861 

K-Nearest Neighbors 85.3 84.2 83.4 83.8 0.879 
Random Forest 90.8 90.0 89.3 89.6 0.939 

LightGBM 93.4 92.7 92.0 92.3 0.958 
Stacked Ensemble (Proposed) 96.2 95.6 95.1 95.3 0.981 

 

The proposed stacked ensemble outperforms all baseline models not only in terms of accuracy, but 

also in terms of the AUC-ROC as well; as can be seen in Figure 2, the stacked ensemble performs best when 

compared with the simpler Logistic Regression and KNN models. The complementary effects of the two 

base learnersRan dom Forest is able to compensate for overfitting by making use of bootstrap aggregation, 

while LightGBM can capture the fine-grained, non-linear feature interaction by using its leaf-wise boosting 

strategy, and the efforts of Logistic Regression, which acts as a meta-learner, can combine the strengths of 

the two base learners is responsible for this improvement [21]. 

 

 
Figure 2. Performance Comparison of Classification Models: Accuracy vs AUC-ROC 

 

As can be seen in the disease-specific results Table 4, the best results were obtained on the chronic 

kidney disease dataset (97.1%), followed by diabetes (96.5%) and cardiovascular disease (94.8%). As 

shown in Table 4, the stacked ensemble performed best on the chronic kidney disease dataset (with the 

highest number of clinical features) among the three datasets, indicating that the gains in stacked ensemble 

performance with respect to the strongest individual baseline (LightGBM) are greater with greater feature 

dimensionality and heterogeneity. 
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Table 4. Disease-Specific Performance of the Proposed Stacked Ensemble Model 

Disease Dataset Accuracy (%) Precision (%) Recall (%) F1-Score (%) 
Diabetes (Pima Indians) 96.5 95.9 95.4 95.6 

Cardiovascular Disease (Cleveland) 94.8 94.1 93.6 93.8 
Chronic Kidney Disease 97.1 96.6 96.2 96.4 

 

4.2. Explainability Analysis 

The global ranking of the feature importance was obtained using the stacked ensemble model by 

applying the SHAP analysis. HbA1c level was the most influential predictor (mean absolute SHAP value of 

0.171) followed by serum creatinine (0.149), systolic blood pressure (0.131), BMI (0.119) and age (0.103) 

as seen in Figure 3. This is in rough agreement with standard clinical guidelines – blood glucose is a key 

factor for the prediction of diabetes, renal function markers a key factor for the prediction of chronic kidney 

disease, and blood pressure a key factor for the prediction of cardiovascular disease, respectively – 

indicating that the model has been qualitatively validated in the learned decision patterns [22]. 

Global SHAP attributions were created as well as counterfactual explanations for cases with high-

risk patients. A representative high-risk diabetes case with elevated fasting glucose and HbA1c levels 

demonstrated that the counterfactual module suggested a decrease in fasting glucose of ~18 mg/dL along 

with a 2-point decrease in BMI are the minimal changes needed to transition from high-risk to low-risk, 

while still staying within physiologically plausible limits. Compared to other explanation frameworks, 

solely descriptive risk explanations, as reported in previous studies [23] can be enhanced with such 

counterfactual recommendations, which give both clinicians and patients a clear set of targets to act upon. 

 

 
Figure 3. Global Feature Importance for Chronic Disease Risk Prediction Derived from SHAP Analysis 

 

4.3. Clinician Evaluation 

A simulated clinician evaluation was performed where healthcare professionals evaluate predicted 

outcomes of models when they are given no explanation and when given only the SHAP-explanation and 

when given the SHAP-explanation along with a counterfactual explanation. The 10-point scale was used to 

rate the diagnostic confidence and perceived actionability of recommendations. As seen in Table 5 the mean 

diagnostic confidence increased by around 24% from no-explanation up to the SHAP-only (mean = 7.2) and 

the combined explanation (mean = 7.8) condition, while the mean perceived actionability had the highest 

increase, which was specifically due to the addition of counterfactual explanations [24]. 
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Table 5. Simulated Clinician Evaluation Results across Explanation Conditions 

Evaluation Condition 
Mean Confidence 

Score (/10) 
Mean Actionability 

Score (/10) 
Acceptance 

Rate (%) 
No explanation 6.3 5.1 70.2 

SHAP-only explanation 7.2 6.4 82.5 
SHAP + Counterfactual explanation 7.8 8.3 89.6 

 

4.4. Discussion 

The experimental results validate that the proposed stacked ensemble architecture outperforms the 

individual baseline classifiers and that the ensemble of heterogeneous base classifiers by a meta-learning 

approach is able to capture complementary patterns in the heterogeneous chronic disease setups. As can 

be seen in the results in Table 4, the proposed model exhibits consistency of performance in all three 

disease domains, which implies that the framework is well transferring based on the different chronic 

diseases prediction tasks and it is not necessarily well optimized for a specific disease prediction task. 

This work is significant when compared to previous clinical applications of XAI, that are typically 

based on feature attribution, and often lack counterparts to SHAP in the field of counterfactual 

explanations. SHAP does not imply what specific improvements would impact a patient's classification, just 

that the features that helped make the prediction are important. This gap is to be closed by the 

counterfactual module that converts predictions made by the model into 'actionable' targets for the 

intervention to a model which could be very useful for patient counseling and planning of lifestyle 

intervention in chronic disease management programmers. 

The substantial increase in simulated clinician actionability scores with the introduction of 

counterfactual explanations, relative to the increase in confidence scores only, indicates that different 

explanation modalities can be used to serve different clinical purposes: SHAP scores are more likely to be 

used in patient-facing clinical decision-making and intervention planning, while counterfactual 

explanations are more likely to be used in model auditing and trust calibration. The difference is not only 

meaningful for the design of clinical decision support dashboards, but also because they may be structured 

in different ways that show both types of explanations, with the SHAP overview for clinical auditing and 

the counterfactual panel for the latest management decisions. 

While these are promising findings, there are some caveats to be discussed. The datasets used in this 

study are commonly used in the literature for predicting chronic diseases, but they are relatively small and 

may not represent the full demographic and clinical spectrum of patients in the real world that would be 

likely to be seen in a typical smart healthcare deployment. Although informative, the simulated clinician 

evaluation is not as close to the time pressure, workload and contextual complexity found in real-world 

clinical settings, and the generated counterfactuals, although strictly limited to plausible alternatives, do 

not capture causal relationships between features, so that feature suggestions should be viewed as 

statistical associations and not as interventions that can be guaranteed to induce the observed features. 

Going forward, future research should focus on validation on larger-scale, multi-institutional chronic 

disease data and prospective studies of clinical trials that extend the deployment duration and include real 

clinician-AI interactions. 

In addition, the proposed explainability framework is shown to be lightweight and computationally 

efficient because the computational time required to generate explanations is limited and is within 

acceptable timeframe for near real-time support for clinical workflows, which is particularly important for 

an IoT-based smart healthcare platform where timely feedback to clinicians and patients is required. 

 

5. CONCLUSION 
 

In this paper, a Clinical Decision Support Framework driven by the XAI was introduced that consists 

of three main components: (1) an IoT-enabled sensor actives and data acquisition layer, (2) a stacked 

ensemble model using Random Forest, LightGBM and a Logistic Regression meta-learner that were used 

for the classification, and (3) a dual explanatory layer with global explanations through SHAP and local 

explanations as counterfactuals. The proposed model showed better classification accuracy of 96.2% and 
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AUC-ROC value of 0.981 compared to the individual baseline classifiers in the three benchmark chronic 

disease datasets. The model predictions matched with existing clinical risk factors and the counterfactual 

explanations gave information to clinicians and patients to take as clinically actionable and physiologically 

plausible targets for intervention. The combination of a multi-modal explainability, regardless of whether 

it was simulated or real, led to a significant increase in perceived actionability, while the simulated one also 

showed an improvement in diagnostic confidence, highlighting the importance of multi-modal 

explainability for chronic disease management in practice. The proposed framework will be further 

validated on larger, multi-institutional clinical databases, real-time physiological data streams from the 

Internet of Things (IoT), and prospective clinical trials to build the clinical utility and clinical readiness of 

the proposed framework for deployment in real-world smart healthcare applications. 
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