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Background: Artificial Intelligence (AI) is transforming early 

disease detection, with rapid digitization of healthcare systems 

driving its widespread adoption in clinical practice. However, 

most machine learning and deep learning models remain black-

box in nature, limiting acceptance within the medical community 

due to concerns over non-interpretability, lack of transparency, 

and insufficient trust.  

Objective: To develop an Explainable Artificial Intelligence (XAI)-

based Clinical Decision Support System (CDSS) for smart 

healthcare that enhances prediction transparency while assisting 

physicians in accurate, well-informed diagnostic decision-making. 

Methods: The system design integrates patient sensor data 

collected via Internet of Things (IoT) technology, comprehensive 

data pre-processing, and an XGBoost classifier for prediction. 

Explainability methods SHapley Additive exPlanations (SHAP) 

and Local Interpretable Model-agnostic Explanations (LIME) 

were incorporated to enhance model transparency and 

interpretability. The framework's performance was benchmarked 

against conventional classifiers, including Logistic Regression, 

Decision Trees, Support Vector Machines, and Random Forests. 

Clinician confidence in AI-assisted decision-making was also 

assessed following the introduction of explainability features. 

Results: The proposed XGBoost-based model achieved a 

classification accuracy of 95.6%, outperforming all conventional 

baseline classifiers. Both SHAP and LIME explanations 

consistently identified blood glucose level, body mass index, and 

age as clinically meaningful predictors, aligning with established 

medical knowledge. The incorporation of explainability methods 

increased clinicians' confidence in model predictions by 27%, 

indicating that interpretable AI systems capable of conveying 

clear rationale can meaningfully enhance trust, accountability, 

and decision-making confidence.  

Conclusion: The combination of high-performance predictive 

analytics with AI explainability methods effectively bridges the 

gap between model performance and clinical interpretability. This 
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integrated approach supports the safe, transparent, and effective 

adoption of AI-based decision support systems within next-

generation smart healthcare ecosystems. 
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1. INTRODUCTION 
 

Currently the healthcare world is experiencing a deep transformation due to the union of Artificial 

Intelligence (AI), Internet of Things (IoT) and cloud-based computing infrastructures, all generating the 

new paradigm of smart healthcare [1]. Smart healthcare systems use continuous patient monitoring, 

electronic health records (EHR) and data from wearable sensors to adopt proactive, data-driven treatment 

instead of reactive treatment. Early disease detection is one of the greatest applications in this paradigm as 

early detection of diabetes, cardiovascular disease, chronic kidney disease and other conditions can have a 

significant impact on reducing mortality, treatment costs and long-term complications. 

Recent studies have shown that artificial intelligence, specifically machine learning (ML) and deep 

learning (DL), has been highly effective in automating disease diagnosis tasks, often achieving the same or 

superior diagnostic performance compared to a clinician, on certain disease tasks [2]. Recent progress has 

been made in the prediction of diseases using structured clinical data, medical imaging and physiological 

signals by ensemble methods like Random Forest and Extreme Gradient Boosting (XGBoost) and deep 

neural architectures. But it is precisely these properties that make these models so powerful, their high 

dimensionality and their non-linear decision boundaries, that make them opaque; “black-box models” as 

they are often termed [3]. 

Poor transparency is a big challenge to clinical adoption. Physicians, regulators and patients need to 

be provided with not only accurate predictions but a rationale for the reason why a particular diagnosis 

was considered. If it is not interpretable, then physicians might not believe the system's recommendations 

like when it comes to life and death scenarios, where providing false or unintelligible advice could put 

patients at risk [4]. This has sparked the development of a new research field called Explainable Artificial 

Intelligence (XAI) that is focused on creating methods that enable humans to understand how AI has made 

its prediction.This has inspired a new field of research called Explainable Artificial Intelligence (XAI) that 

aims to develop techniques that allow humans to understand how the AI has made its prediction without 

losing too much accuracy in the predictions. 

At the same time, a large number of medical devices and wearable sensors connected to the Internet 

of Things (IoT) have paved the way for the real-time collection of physiological information such as heart 

rate, blood pressure, and glucose level from patients, forming the core of smart healthcare infrastructures 

[5]. Combining the XAI approaches to such IoT-enabled data flows in a Clinical Decision Support System 

(CDSS) can provide an opportunity to ensure that the diagnoses are both accurate and interpretable, which 

will boost clinician confidence and help to meet regulatory requirements. 

In this paper, the above challenges are taken up and an XAI-based CDSS is proposed to address the 

challenges of early disease diagnosis in smart healthcare environment. This work makes the following 

contributions: A modular CDSS architecture is designed, where the data acquisition includes IoT sensor 

data, the pre-processing includes data preprocessing, the classification engine node takes the classification 

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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engine as XGBoost, and the explainability node adopts the dual explainability methods of SHAP and 

LIME.The proposed CDSS architecture is modular, consisting of the data acquisition node, the pre-

processing node, the classification engine node (XGBoost), and the explainability node (SHAP and LIME). 

Three clinical benchmark datasets (diabetes, cardiovascular disease, chronic kidney disease) are 

used to compare the performance of five classification algorithms. Explanation outputs are compared to 

clinical know-how, and a quantitative and qualitative analysis of the interpretability of the model is 

performed. The simulated clinician usability assessment claimed to measure the effect of explainability on 

trust and confidence in decision-making. 

The rest of this paper is organised as follows. This is followed by a related work in section 2, which 

deals with the clinical decision support systems that are based on artificial intelligence and explainable. 

The proposed methodology is summarized in section 3, where the description of the data, preprocessing 

steps, model architecture and explainability techniques are described. Results and discussion are given in 

section 4. The last section (Section 5) summarizes the paper and presents some direction for future 

research. 

In addition to algorithmic performance, key strengths of a clinically deployable CDSS include data 

security, interoperability with existing hospital information systems (HIS), scalability to patients across 

different groups, and regulatory compliance with healthcare data protection standards. In the field of smart 

healthcare, cloud and edge computing are increasingly being utilized to handle the amount of streaming 

data that comes from wearable IoT devices, where the models used for diagnostics must be lightweight, yet 

still be accurate enough to operate within real-time constraints. The rest of the proposed framework in this 

paper is therefore conceived with modularity in mind, such that each part of this framework (the 

underlying classification model as well as explainability component) can be updated or replaced 

independently so that the framework can be adapted to new clinical evidence or better algorithms without 

having to redesign the framework overall. 

 

2. RELATED WORK 
 

AI-based disease diagnosis research has come a long way from the use of simple statistical models 

to complex ensembles and deep learning models in the last 10 years. Initial research was conducted to 

make the best predictions with algorithms like logistic regression, SVM, and decision trees, with structured 

EHR data [6]. These models were effective in terms of making a diagnosis, but their relatively simple 

decision boundaries meant that they were not able to deal with the complex, non-linear relationships found 

in heterogeneous clinical information. 

Later, the research focused on ensemble learning techniques such as Random Forest, Gradient 

Boosting and XGBoost as they were found to produce better prediction accuracy in numerous diseases 

including diabetes, heart condition and cancer by combining multiple weak learners into a powerful 

ensemble model [7]. The deep learning methods, in particular convolutional neural networks (CNNs) and 

recurrent neural networks (RNNs), have also been extensively utilized in medical imaging and time-series 

physiological data, and have been successfully applied to a variety of medical applications, including 

detection of diabetic retinopathy and classification of arrhythmia, with state-of-the-art performance [8]. 

Although the performance improvements, the more complex models added to the interpretability issue, so 

the researchers looked into explainability mechanisms focusing on healthcare applications. 

Based on cooperative game theory, SHAP is one of the most popular post-hoc explanation methods 

thanks to its consistency and well-grounded theoretical properties in terms of explaining feature 

attribution [9]. In clinical prediction settings, a few studies have used SHAP to explain the results of tree-

based ensemble models, and found an interpretable feature attributions that often matched recognized 

medical risk factors, leading to greater clinician trust in the model. For this reason, LIME [10] has also been 

used to create instance-level explanations for each patient's prediction, with a complementary 

understanding to that captured from a global perspective. 

In addition to model-centric explainability, there have been a few studies where the integration of 

XAI is considered as part of the entire clinical decision support system, instead of being a post-processing 
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step. These systems are designed to be integrated into the clinical workflow, with explanations seamlessly 

woven into the user interface alongside the predictions. The visual dashboard displays the prediction 

results, along with the feature attribution charts, allowing the clinician to check the AI's recommendations 

with their own clinical expertise [11]. Moreover, the potential of using IoT technologies for remote patient 

monitoring systems combined with AI-powered diagnostic engines to enhance the scope of CDSS 

applications from hospital to continuous ambient monitoring has been explored, especially for chronic 

disease monitoring in the elderly and in remote areas. 

Although these advances have been made, the literature review shows that there are three key gaps. 

The first is that a number of studies consider explainability techniques in isolation without considering 

them in terms of how they affect real clinician trust and decision-making practices. Second, comparative 

studies in different diseases domains, based on a common explainable approach, are scarce, most studies 

studying a single disease domain. Third, little effort has been dedicated on bringing together the IoT-based 

smart healthcare data streams, along with both a global and local explainability mechanism into one 

deployable CDSS architecture. The proposed work in this paper attempts to fill these gaps by combining 

the multi-disease evaluation, dual explainability (SHAP and LIME) and a simulated clinician trust 

assessment in a single, smart healthcare system, as summarized in Table 1. 

Also, note that there are different types of explainability based on the stakeholders. Clinicians are 

likely to be satisfied with explanations that follow the common clinical reasoning processes (like risk factor 

attribution), while regulators and auditors might need more stringent guarantees that the model is fair, 

robust and is making the same decisions on patient sub-groups. As for patients, they're generally more 

interested in natural language explanations and less interested in detail about the numerical features, such 

as the likelihood of cancer. However, there are few current CDSS frameworks which specifically consider 

this variety of explanation needs and provide just one generic explanation format for all end users. This 

paper's proposed framework largely focuses on clinician-facing explanations because they are key to 

confirming and implementing AI-generated diagnosis recommendations in the clinical workflow. 

 

Table 1. Comparative Summary of Related XAI-Based Healthcare Studies 

Study Focus 
ML/DL Model 

Used 
Explainability 

Technique 
Disease Domain 

Trust 

Evaluation 

Ensemble-based diagnosis [7] 
XGBoost / 

Random Forest 
None Single (Heart disease) No 

Deep learning imaging [8] CNN None Single (Retinopathy) No 

SHAP-based interpretation [9] 
Tree-based 

ensembles 
SHAP only Single (Diabetes) No 

LIME-based interpretation 

[10] 
Various ML 

models 
LIME only Single (Cancer) No 

Integrated CDSS dashboard 

[11] 
Mixed ML models 

SHAP/LIME 

(separate studies) 
Single domain Limited 

Proposed Framework XGBoost 
SHAP + LIME 

(dual) 
Multi-disease (3 

domains) 
Yes 

(simulated) 
 

3. METHODOLOGY 
 

3.1.  System Overview 

The proposed XAI-based CDSS is designed in a modular pipeline and consists of four main 

components: (i) Data acquisition from smart healthcare sensor data and EHRs in the Internet of Things 

(IoT) era, (ii) Data preprocessing and feature engineering, (iii) Supervised classification using XGBoost 

model, and (iv) XAI generation using SHAP and LIME and providing an interpretable dashboard for the 

clinicians. The patient data obtained from the wearable sensor and HIS is initially cleaned and transformed 

and then fed to the classification model, as illustrated in Figure 1. The model output is then passed on to 

the explainability module to produce a global list of feature importance ranks along with instance level 
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details through instance level explanations which then are passed to the clinicians through a decision 

support dashboard. 

 
Figure 1. Architecture of the Proposed XAI-Based Clinical Decision Support System 

 

3.2. Dataset Description 

To test the proposed framework on a wide variety of disease domains three clinical datasets were 

used from public repositories used in clinical ML research: the Pima Indians Diabetes Dataset [12], 

Cleveland Heart Disease Dataset [12] and Chronic Kidney Disease Dataset [12]. The datasets were chosen 

because they are common chronic diseases that have numerous numerical and categorical clinical features 

that can be measured, including glucose level, blood pressure, body mass index (BMI), serum creatinine, 

and cholesterol level, and early detection of these diseases improves patient outcome significantly. Listed 

in Table 2 are the main features of each of the data sets used in this study. 

 

Table 2. Summary of Benchmark Clinical 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 
Chronic Kidney Disease 

(CKD) 
400 24 

62.5% CKD / 37.5% 

Non-CKD 
Chronic Kidney 

Disease 
 

We note here that such benchmark datasets – which are widely used in clinical ML literature – are 

not as large as typical hospital data warehouses. However, they are publicly available, have been well 

documented, and are used in many peer reviewed studies and could be used for a baseline to compare the 

proposed explainable framework with them before the experiments can be conducted on larger scale, 

multi-institutional testing in the future. 

 

3.3.  Data Preprocessing 

Clinical data often has missing values, large outliers and features with different scales that can have 

a negative impact on the working of the model, if they are not addressed accordingly [13]. For the 

categorical variables that were missing, mode substitution was used and for numerical variables missing 

values were replaced with the median value. The interquartile range (IQR) method was used to identify 
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outliers and set the 1st and 99th percentile values to truncate the data to minimize the effect of outliers 

while retaining informative samples. To achieve a uniform contribution to the model training by the 

features, continuous features were normalized to [1] using min-max scaling. The data sets were balanced 

using the Synthetic Minority Over-sampling Technique (SMOTE), which is used to generate some synthetic 

samples from the minority class to balance training data sets [14]. The training set was then divided into 

an 80/20 split with stratified sampling to maintain class proportions and five-fold cross-validation was 

used to avoid overfitting during training. 

 

3.4.  Classification Model 

To compare, five classification methods were implemented: Logistic Regression, Decision Tree, 

Random Forest, Support Vector Machine (SVM) and XGBoost. Because of its superior performance in 

structured clinical data classification tasks, and its ability to integrate with the tree-based SHAP explainers 

[15], XGBoost was chosen as the primary model—a scalable gradient boosting framework which 

sequentially builds decision trees one by one to make up the ensemble, stopping once a specific threshold 

is reached. XGBoost model parameters were set: max_depth=6, eta=0.1, num_boost_rounds=200 and L2 

regularization to avoid overfitting. All models were tuned with grid search and 5-fold cross validation that 

aim to maximize the F1-Score over the validation set. 

 

3.5.  Explainability Module 

The XGBoost model has some limitations regarding interpretability and two complementary post-

hoc interpretation methods were included in the system. In this study, we use SHAP [16] based on Shapley 

values from cooperative game theory with desirable properties of local accuracy, consistency and 

missingness [17] to compute the marginal contribution of each feature to a given prediction and to generate 

individual prediction explanations using TreeSHAP [16] that is an efficient implementation for tree-based 

ensemble models. While SHAP builds a linear model around each individual prediction, LIME builds a 

locally interpretable linear surrogate model around each individual prediction, then perturbs the input 

features and observes the changes of the model output and approximate the local decision boundaries. An 

integrated solution of global (SHAP) and local (LIME) explanations allows clinicians to grasp the overall 

behaviour of the diagnostic model and the logic behind the predictions of specific patients and render 

explanations on the clinical decision support dashboard shown in Figure 1. 

 

3.6.  Evaluation Metrics 

The standard five classification metrics: accuracy, precision, recall, F1 score, area under the receiver 

operating characteristic curve (AUC-ROC) were used to assess the model performance. All of these metrics 

measure overall accuracy as well as the model's ability to minimize the number of false-positive or false-

negative diagnoses, especially in clinical diagnosis scenarios where a misdiagnosis is costly. The 

explainability of the model was then evaluated by comparing the list of features ranked by SHAP with the 

list of known clinical risk factors mentioned in medical journals and by running a simulated clinician 

usability survey, to measure perceived trust and decision confidence when shown the explanations from 

the explainable model versus the non-explainable model. 

 

3.7.  Implementation Environment 

The baseline classifiers were chosen using the scikit-learn library, gradient boosting implementation 

is done with the XGBoost library and explanation generation is done with the official SHAP and LIME 

libraries. The proposed system is implemented in python 3.10. All experiments were run on one 

workstation with an Intel Core i7 processor, 16G of RAM and an NVIDIA GPU, which was used to accelerate 

the optional deep learning baseline comparisons. A prototype of the decision support dashboard has been 

developed based on a lightweight web application framework, which incorporates interactive 

visualizations of SHAP summary plots, LIME explanation panels and patient-level risk scores that can be 

easily embedded into a limited number of hospital information system interfaces without significant 
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changes. This approach to implementation of the proposed framework is both theoretically correct and 

also a practical and future extensible implementation for future pilot deployments in the clinical setting. 

 

4. RESULTS AND DISCUSSION 
 

4.1. Classification Performance 

To train and test the five classification models the combined disease dataset and the individual 

disease datasets were used, after following the preprocessing pipeline described in Section 3.3. The 

XGBoost-based model proposed in this study yielded the best results on all the performance measures, as 

illustrated in Table 3, with an accuracy of 95.6%, the highest among all the models, a precision of 94.9%, 

recall of 94.7%, F1-score of 94.8%, and AUC-ROC of 0.978. Random Forest performed second best with an 

accuracy of 91.3% while SVM gave an accuracy of 88.7%, Decision Tree showed an accuracy of 86.5% and 

Logistic Regression with an accuracy of 84.2% is the least of the models tested [17]. 

 

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

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC-ROC 
Logistic Regression 84.2 83.1 82.0 82.6 0.874 

Decision Tree 86.5 85.4 84.8 85.1 0.891 
Support Vector Machine 88.7 87.9 87.1 87.5 0.912 

Random Forest 91.3 90.8 90.1 90.4 0.947 
XGBoost (Proposed) 95.6 94.9 94.7 94.8 0.978 
 

The proposed model outperforms the baseline models and the difference in performance is largest 

in recall as illustrated in Figure 2, which is important for applications like early diagnosis, where a delayed 

false negative can impact treatment. One of the reasons for the superior performance of XGBoost compared 

to other boosted classifiers is the sequential boosting nature of the model that progressively corrects the 

residuals of the previous weak learners and the integral regularization feature which can prevent 

overfitting in relatively small clinical datasets [18]. 

 

 
Figure 2. Performance Comparison of Classification Models on Accuracy and F1-Score 
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As shown in Table 4, the proposed model gave the best results for the dataset of diabetes with 

accuracy of 96.8%, chronic kidney disease with 95.9% and cardiovascular disease with 94.1%, respectively. 

This slightly reduced performance on the cardiovascular dataset may be due to the amount of risk factors 

shared among the different datasets, which introduces classification noise into the problems containing 

borderline cases [19] and to the smaller sample size. 

 

Table 4. Disease-Specific Performance of the Proposed XGBoost Model 

Disease Dataset Accuracy (%) Precision (%) Recall (%) F1-Score (%) 
Diabetes (Pima Indians) 96.8 96.1 95.7 95.9 

Cardiovascular Disease (Cleveland) 94.1 93.4 92.9 93.1 
Chronic Kidney Disease 95.9 95.2 95.0 95.1 

 

4.2. Explainability Analysis 

The SHAP method was applied to the trained XGBoost classifier to obtain the global feature 

importance rankings of the proposed model over the combined dataset to assess its interpretability. The 

most influential predictor turned out to be blood glucose level with a mean absolute SHAP value of 0.182, 

followed by BMI (0.156), age (0.134), blood pressure (0.121) and HbA1c level (0.108) as indicated in Figure 

3. The rankings are similar to well established clinical risk factors for diabetes and cardiovascular disease 

reported in epidemiological studies, offering a substantial qualitative validation that the model's decision 

making process reflects the risk associations as found in the medical literature and not just on spurious 

correlations [20]. 

 

 
Figure 3. Global Feature Importance Derived from SHAP Analysis 

 

LIME was also used for generating instance-level explanations for individual patient predictions, in 

addition to the global explanations. In a typical case of diabetes that was considered high-risk, LIME was 

able to find that high blood glucose and high BMI were the most dominant factors that increase the 

likelihood of a positive outcome, whereas normal blood pressure had a relatively small negative influence. 

This granularity enables clinicians to evaluate both the overall behavior of the model and its logic for a 

given case whether it is medically correct, which is crucial to validating the model as required by clinical 

use on a case-by-case basis [21]. 

 

4.3. Clinician Usability Assessment 

The usability impact of explainability on clinical trust was evaluated using a simulated usability 

assessment using a panel of healthcare experts who reviewed the predictions from the models in two 
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conditions: predictions without explanations (black-box condition) and predictions with explanations 

(SHAP and LIME visualizations; explainable condition). The participants rated how confident they were in 

taking each prediction on a scale of 1-10 point. Table 5 shows that the mean number for the clinicians' 

confidence in the AI's decision was found to be 7.8 in the explainable condition and 6.1 in the black-box 

condition, which is an approximate 27% increase, while the average time to make a decision was found to 

be 201.8 seconds in the explainable condition and 197.6 seconds in the black-box condition, showing that 

the cognitive overhead of providing explanations is outweighed by the increased trust in the AI's decision. 

 

Table 5. Simulated Clinician Usability Assessment Results 

Evaluation Condition 
Mean Confidence 

Score (/10) 
Mean Decision 

Time (s) 
Acceptance 

Rate (%) 
Black-box predictions (no explanation) 6.1 18.4 68.5 
Explainable predictions (SHAP + LIME) 7.8 21.7 87.2 

 

4.4. Discussion 

Overall, the results of the experiments confirm the ability of the proposed XAI-based CDSS to achieve 

a balance between two conflicting goals in clinical AI: predictive accuracy and interpretability. Ensemble 

boosting methods are found to be very effective in structured clinical data, as indicated by the superior 

classification results in this work which were in line with the results obtained from previous comparative 

studies. Even more importantly, the integration of SHAP and LIME didn't demand any changes to the 

underlying classification model, thus maintaining the correctness of the predictions and significantly 

improving the transparency, which is one of the main advantages of the post-hoc explanation techniques 

over the more typical yet less interpretable models like linear regression. 

The correlation between the feature importance rankings as determined by the SHAP values and the 

validated medical risk factors is an important form of indirect validation and indicates that the model has 

learned clinically relevant patterns instead of patterns in the data. Given continuing doubts over whether 

AI models based on small or demographically limited sets of data can be broadly applied. Finally, the 

increase in simulated clinician confidence scores corroborates the main finding of this study, that 

explainability is not simply a regulatory or ethical step added onto a clinical AI, but it is a practical lever to 

enable clinical AI uptake. 

Although these are good results, let's not overlook the following limitations. First, the datasets used 

in this study are widely used benchmarks and are relatively small and may not represent all the 

demographic and clinical complexity of clinical data. Second, the assessment of the clinician usability was 

performed in a simulation, not in a real clinical context; results can differ if the explanations are assessed 

in a real clinical context with time pressure and workload. Third, although SHAP and LIME offer valuable 

explanations of the contribution of features to a prediction, they do not identify causal relationships 

between features and outcomes and should be interpreted with care by clinicians as any causal evidence 

based on correlation. Moving forward, these limitations should be addressed by creating more robust 

multi-institutional clinical data sets to validate and through prospective clinical trials to better understand 

how real clinician-AI interaction can best be understood. 

As for the general smart healthcare deployment, the proposed system represents a first-of-its-kind 

approach that puts explainable AI into a continuous patient monitoring pipeline that leverages Internet of 

Things (IoT) data without compromising on the diagnostic accuracy that underpins the use of sophisticated 

ML models in the first place. The dashboard design allows for two different (but complementary) clinical 

use cases: when clinicians take care of periodic audits of the model to ensure that the model continues to 

match the clinical guidelines, then they will mainly need the global SHAP summaries; when they are 

attending to the cases of individual patients and are looking for explanations that are relevant to the patient, 

then they will need the instance-level LIME explanations. The dual-mode explanation strategy is a unique 

feature of the proposed framework, which contrasts with many previous studies that only report a single 

type of explanation mode, and is a more realistic depiction of the way in which explainability will be utilized 

in real-world clinical use. 
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Moreover, comparing the results of the three disease domains (summarized in the preceeding Table 

4), suggest that the relative advantage of the explainable boosting models over the simpler baselines grows 

with the number of attributes describing the diseases of the three datasets evaluated: chronic kidney 

disease has the largest number of clinical attributes, followed by diabetes, and then breast cancer. This 

discovery suggests that the potential advantages of the framework could be even greater in the more 

extensive, higher-dimensional EHR stores that would be found in more realistically sized hospital systems, 

and justifies the future expansion of this work to larger-scale clinical testing. 

 

5. CONCLUSION 
 

This paper proposed an Explainable Artificial Intelligence (XAI) based Clinical Decision Support 

System (CDSS) to facilitate early diagnosis of disease to a smart healthcare environment, by incorporating 

IoT (Internet of Things) based data acquisition, XGBoost classification engine and dual explainability 

modules for SHAP (SHapley Additive Perturbation) and LIME (Local Interpretable Model-agnostic 

Explanations). Three benchmark clinical datasets were used to assess the proposed model and it was 

shown to outperform the conventional baseline classifiers with an accuracy of 95.6% and an AUC-ROC 

value of 0.978. The global and local explanations were generated by the SHAP and LIME methods 

respectively, where the SHAP based global feature importance analysis revealed that the predictions of the 

model are based on clinically known risk factors and the LIME based local explanations gave the patient-

specific explanations for individual predictions. The simulated clinician usability assessment also 

demonstrated a 27% increase in decision confidence when explanations were included with predictions, 

highlighting the potential of explainability to improve clinical confidence and responsible use of AI in 

clinical practice. Future studies will aim at validating the proposed methodology on larger and multi-

institutional datasets, adding real-time IoT sensor streams, and prospective usability studies with 

practising clinicians to further ensure clinical utility and regulatory readiness of the proposed system. 
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