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Abstract: - With the growing integration of Internet of Things (IoT) technologies and Artificial Intelligence (Al) in healthcare, it is crucial to
prioritize transparency and interpretability in the decision-making process. This paper presents a novel framework that utilizes Explainable Al
(XAI) to improve the interpretability of predictive healthcare models. The proposed system integrates feature importance-based methodologies
with the Local Interpretable Model-agnostic Explanations (LIME) technique to offer a comprehensive comprehension of the predictive and
preventive healthcare recommendations. The framework commences by conducting an in-depth examination of the present condition of Internet
of Things (IoT) in the healthcare sector, as well as the importance of predictive and preventive healthcare. The literature review examines the
difficulties related to the comprehensibility of artificial intelligence (Al) in the healthcare field and presents feature importance-based approaches
and LIME as potential remedies. The focus is on the hybrid approach that combines these techniques, as it has the potential to offer precise
predictions while also ensuring a strong level of interpretability. The methodology section delineates the procedure for gathering healthcare data
and IoT sensor data, subsequently followed by preprocessing measures such as data cleansing and feature engineering. The predictive models
undergo a process of selection, training, and evaluation, with the primary objective of attaining a notable accuracy level of 0.961. This text provides
a detailed explanation of how the combination of feature importance-based approaches and LIME improves the transparency and interpretability
of the model. An extensive case study is provided to illustrate the implementation of the suggested framework in an actual situation. The results
and evaluation section showcases the exceptional precision of 0.961, as well as enhanced interpretability scores and decreased computational time
in comparison to the baseline XAI models. The discussion section juxtaposes the suggested hybrid approach with conventional models, examines
ethical considerations, and investigates the scalability and generalizability of the framework. To conclude, the paper provides a concise overview
of the findings and implications of the Explainable Al-Powered IoT Systems for Predictive and Preventive Healthcare framework. This hybrid
approach demonstrates high accuracy, improved interpretability, and efficient computational performance, making it a promising advancement in
personalized health management and wellness optimization. This research adds to the expanding collection of literature on Explainable Artificial
Intelligence (XAI) in the healthcare sector, thus opening up possibilities for future research avenues and practical applications in this domain.

Keywords: eXplainable Artificial Intelligence (XAI), Healthcare Predictions, Feature Importance, Local Interpretable Model-
agnostic Explanations (LIME), Predictive and Preventive Healthcare, Hybrid Framework

LINTRODUCTION
The convergence of Internet of Things (IoT) technologies with healthcare has brought about a new era in patient
care, diagnosis, and treatment in recent years. The integration of IoT and healthcare, commonly known as IoT in
Healthcare, has facilitated the development of innovative applications focused on anticipatory and precautionary
healthcare. This shift in paradigm is highly significant as it enables proactive management of health, potentially
decreasing the strain on healthcare systems and enhancing overall patient results. Nevertheless, the growing
intricacy of Al models utilized in healthcare presents difficulties in terms of their comprehensibility. In the
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healthcare domain, ensuring transparency and interpretability in these models is of utmost importance, given the
potential life-altering impact of the decisions made based on them. This paper examines the scope of IoT in the
healthcare industry, highlighting the significance of predictive and preventive healthcare. It also investigates the
difficulties related to the comprehensibility of artificial intelligence in healthcare[1].

The increasing number of interconnected devices and sensors has led to the emergence of a networked system in
the healthcare field, commonly referred to as the Internet of Things in Healthcare (IoT in Healthcare). This network
comprises a diverse range of devices, including wearable fitness trackers, intelligent medical devices, and remote
patient monitoring systems, all interconnected to gather and exchange health-related data. These Internet of Things
(IoT) applications allow for uninterrupted, immediate monitoring of patients, enabling a more thorough
comprehension of their health condition. The implementation of Internet of Things (IoT) technology in the
healthcare industry is revolutionizing the conventional healthcare system by offering timely and customized
interventions, ranging from monitoring vital signs to ensuring medication adherence[2].

The importance of predictive and preventive healthcare lies in the shift from a reactive approach to a proactive
approach in healthcare. Conventional healthcare models typically focus on identifying and treating diseases once
they become apparent. Predictive and preventive healthcare utilizes sophisticated technologies to anticipate health
problems before they worsen, facilitating timely interventions and personalized health management. This transition
not only enhances patient results but also aids in the efficient utilization of healthcare resources by reducing the
effects of avoidable illnesses[3], [4].

With the growing sophistication of AI models, their decision-making processes frequently resemble intricate black
boxes. It is essential to comprehend the process by which these models generate precise predictions in healthcare,
as this is vital for establishing trust among healthcare professionals and patients. The absence of explainability
presents difficulties in implementing Al solutions in crucial healthcare scenarios, where decisions must be
rationalized and easily understood. To tackle this challenge, it is necessary to create and incorporate explainability
techniques that can elucidate the internal mechanisms of Al models, thereby enhancing their interpretability and
reliability[5].

1.1. The present status of the Internet of Things (IoT) in the healthcare industry:

. Applications and Use Cases: The utilization of IoT in healthcare is extensive and covers a wide range of
areas including patient care, remote monitoring, and disease management. Wearable devices, such as smartwatches
and fitness trackers, are frequently utilized to track physical activity, heart rate, and sleep patterns, offering valuable
information about an individual's general state of health. Remote patient monitoring systems utilize the Internet of
Things (IoT) to allow healthcare providers to monitor patients' health metrics in non-traditional clinical settings.
This improves the management of chronic conditions and post-operative care. In addition, medical devices that are
enabled with IoT technology, such as smart inhalers and insulin pumps, provide real-time data to enhance treatment
plans and ensure proper medication usage[6].

. Current Al Models in Healthcare: Al models have become essential components of healthcare applications,
encompassing diagnostic tools and personalized treatment plans. Machine learning algorithms, specifically deep
learning models, have exhibited exceptional proficiency in identifying images for medical imaging, thereby
assisting in the timely identification of diseases like cancer. Natural Language Processing (NLP) algorithms are
utilized to extract valuable insights from electronic health records (EHRs), enabling data-driven decision-making
by healthcare professionals. Although these Al models are effective, their inherent complexity presents difficulties
in interpreting their predictions and decisions, which hinders their widespread use in critical healthcare situations.
1.2. Explainability in AI

. Significance in Healthcare: The explainability of Al is extremely important in healthcare because of the
crucial impact that Al models have on patient care decisions. Healthcare professionals, patients, and regulatory
bodies necessitate a lucid comprehension of the process by which AI generates particular predictions or
recommendations. The transparency of Al-driven healthcare systems is essential for establishing trust and ensuring
that decisions adhere to medical standards and ethical considerations. The ability to provide a clear explanation for
the reasoning behind predictions is crucial for the acceptance and adoption of Al models used in diagnosis, treatment
planning, or prognosis scenarios[7].

. Challenges and Concerns: Attaining comprehensibility in Al models presents a range of difficulties,
especially in the healthcare sector. The inherent intricacy of specific Al algorithms, such as deep neural networks,
poses challenges in tracing the decision-making process. Moreover, the integration of extensive and varied datasets
in healthcare models gives rise to concerns regarding bias and equity. It is essential to tackle these challenges in
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order to prevent unintended outcomes and to guarantee that Al-powered healthcare systems are dependable,
transparent, and in accordance with the principles of medical ethics.

1.3. Feature Importance-based Approaches

Utilizing feature importance-based methods is one approach to enhance the explainability of Al models. The purpose
of these methods is to detect and emphasize the characteristics or variables that have a substantial impact on the
model's predictions. Stakeholders can gain insights into the primary factors influencing the model's decision-making
by comprehending the relative significance of various input features. Approaches based on feature importance offer
a valuable method for elucidating the opaque characteristics of intricate AI models, providing transparency and
interpretability[8].

14. LIME (Local Interpretable Model-agnostic Explanations):

LIME is a technique that falls under the category of feature importance-based approaches. Its main objective is to
generate explanations that are faithful to individual predictions at a local level. LIME functions by altering input
instances and analyzing the resulting modifications in model predictions. This process produces a locally
interpretable model that approximates the behavior of the intricate Al model in the proximity of a particular data
point. LIME's model-agnostic methodology enables its application to a diverse array of Al models, facilitating the
provision of localized and comprehensible explanations for individual predictions. LIME has become increasingly
popular in healthcare applications due to its capacity to connect intricate models with human comprehension,
rendering it a promising instrument for augmenting the interpretability of Al-powered healthcare systems.

1.5. Our contribution

Here presented work proposed to developed a new hybrid framework that specifically tackles the challenge of
explainability in Al-driven healthcare systems. The framework combines feature importance-based approaches with
the Local Interpretable Model-agnostic Explanations (LIME) technique to improve the interpretability of predictive
and preventive healthcare models. The framework not only attains a remarkable accuracy of 0.961, but also
outperforms baseline eXplainable Al (XAI) models in terms of interpretability scores and computational efficiency.
This innovation is highly important in the realm of personalized health management and wellness optimization, as
it offers healthcare professionals and patients clear insights into the decision-making process of the Al models. Our
hybrid approach not only combines accuracy and interpretability, but also contributes to the wider discussion on the
responsible and ethical implementation of Al in crucial healthcare situations. The potential ramifications of our
framework go beyond enhanced model performance, promoting trust and acceptance in Al-driven healthcare
solutions.

The incorporation of IoT into healthcare has facilitated the development of predictive and preventive healthcare,
fundamentally transforming the provision of patient care and overall well-being. Nevertheless, the growing intricacy
of Al models in healthcare presents difficulties pertaining to their comprehensibility. The necessity for innovative
solutions is emphasized by the significance of transparency in healthcare decisions, the present condition of loT
applications, and the importance of predictive and preventive healthcare. Approaches that prioritize feature
importance, such as the highly effective LIME technique, provide a promising method to improve the interpretability
of Al models in the healthcare field. The following sections of this paper will explore a suggested hybrid framework
that combines feature importance-based methods with LIME, with the goal of achieving precise predictions while
preserving a strong level of interpretability. This text will thoroughly examine the framework's methodology, results,
and implications for healthcare, emphasizing its capacity to enhance personalized health management and optimize
wellness.

ILEXISTING WORKS

This literature review table offers a thorough summary of recent research efforts that connect the domains of Internet
of Things (IoT), e-healthcare, and eXplainable Artificial Intelligence (XAI). The chosen studies cover a wide range
of research methods and approaches, demonstrating the changing and developing field of technological progress in
healthcare. Every item in the table represents a distinct and original contribution, encompassing a variety of
proposed models, approaches, case studies, surveys, and literature reviews. The integration of Internet of Things
(IoT) and Explainable Artificial Intelligence (XAI) is being investigated in multiple fields, such as elderly
monitoring, medical diagnosis, reliable IoT systems, COVID-19 detection, community healthcare services,
blockchain-based authentication, secure Internet of Health Things (IoHT), human digital twin frameworks, and
others. The table-1 presents a range of creative uses and approaches, highlighting the significance of precision,
comprehensibility, and protection in the constantly evolving convergence of healthcare, IoT, and XAI.
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Table 1 Major related existing works wrt XAl Healthcare

Author Methodology Approach Key Finding Result
S. Muneer et Proposed model | IoMT and XAl An XAl-enabled smart Improved accuracy and
al.[9] healthcare model for elderly | interpretability in
monitoring healthcare monitoring
M. H. Wang et | Proposed XAl and medical A robust optimization Enhanced accuracy and
al.[10] approach loT approach for age-related explainability in medical
macular degeneration diagnosis
detection
I. Garcia- Proposed Human-centric Al | XAl for trustworthy loT Improved trust and
Magarifio et approach and explainable systems transparency in loT
al.[11] MLP systems

Deepanshi et
al.[12]

Deep learning

Choquet integral

XAl can be used to improve
the accuracy of COVID-19
diagnosis using NG-loT
models.

A Choquet integral
based deep learning
model for COVID-19
diagnosis is proposed.

A. K. Sangaiah | Big data Community XAl can be used to improve | An XAl framework for
etal.[13] analytics detection the efficiency of community | community detection in
detection in e-healthcare e-healthcare services is
services. proposed.
R. Kumar et Blockchain Authentication XAl can be used to improve | A blockchain-based
al.[14] the security of consumer 10T | authentication and XAl
applications. framework for securing
consumer loT
applications is proposed.
M. A. Rahman | Secure and Sustainable health | XAl can be used to improve | A secure, private, and
et al.[5] private loOHT monitoring the privacy and security of explainable loHT
loHT-based health framework to support
monitoring systems. sustainable health
monitoring in a smart
city is proposed.
T. Vats et Case study Human digital twin | XAl can be used to improve | A context-aware loT
al.[15] the interpretability of 10T- framework using human
based healthcare systems. digital twin for
healthcare is proposed.
F. Di Martino et | Survey Tabular and time XAl can be used for clinical | Various XAl techniques

al.[16]

series data

and remote health
applications.

are available for tabular
and time series data.

P. N. Srinivasu
etal.[17]

Literature review

Case studies

Existing tools and challenges
for XAl in healthcare

Identified different XAl
methods and their
applications in
healthcare

D. Saraswat et
al.[18]

Literature review

Opportunities and
challenges

Potential benefits and
challenges of XAl in
Healthcare 5.0

Identified key research
directions for XAl in
healthcare

S. K.
Jagatheesaperu
mal et al.[19]

Literature review

Overview and
future directions

State-of-the-art and future
trends in XAl for loT

Identified promising
research areas in XAl
for loT
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10T applications techniques and their
applications in loT

I. Kok et al.[20] | Literature review | Survey Existing XAl methods for Identified different XAl

To summarize, the collection of studies presented in this literature review table highlights the ever-changing nature
of research efforts at the convergence of IoT, healthcare, and eXplainable Al (XAI). These studies collectively
enhance the progress of healthcare monitoring, medical diagnosis, and the security of IoT applications. The proposed
models and approaches exhibit a dedication to enhancing precision, comprehensibility, and openness in healthcare
systems. Furthermore, case studies, surveys, and literature reviews provide valuable knowledge about current tools,
difficulties, possibilities, and future paths for implementing XAI in healthcare environments. As technology
continues to advance, these contributions lay the groundwork for further exploration and development in ensuring
the responsible and effective integration of Internet of Things (IoT) and Explainable Artificial Intelligence (XAI) in
healthcare domains.

III.PROPOSED HYBRID FRAMEWORK
The Hybrid Framework, presented in this study, seeks to improve the interpretability of Al models in the context of
predictive and preventive healthcare. This framework provides a distinctive solution to the difficulties arising from
the lack of transparency in complex models by integrating feature importance-based approaches with the Local
Interpretable Model-agnostic Explanations (LIME) technique. The combination of these two components offers a
synergistic approach, utilizing the advantages of both methods to attain enhanced precision and comprehensibility
in healthcare predictions.
3.1. Integration of methods based on feature importance
. Explainability through Feature Importance: Feature importance-based approaches are essential
components of the hybrid framework, as they enhance the transparency of the model's decision-making process.
The significance of a feature Xi can be measured mathematically using metrics like Gini impurity or information
gain in decision trees. For example, in a model based on decision trees, the Gini importance (GI) of a feature Xi can
be computed using the following eq.1

GIX) =Xi B x(1—-p)...1

where, P;= “prediction of samples in class ; for the considered feature X;”.

. Selection of Relevant Features for Healthcare Predictions: The framework incorporates a methodical
approach for choosing pertinent features that are essential for precise healthcare predictions. The model utilizes
feature selection algorithms- Recursive Feature Elimination (RFE) to identify and retain the most informative
features. In mathematical terms, this process entails maximizing a cost function by taking into account both the
performance of the model and the significance of each feature.
3.2, Integration of LIME:
LIME functions as a model-agnostic method for explaining predictions, offering localized interpretability for
individual instances. The main concept revolves around creating surrogate models that accurately represent the
behavior of the intricate Al model in the vicinity of particular instances. LIME generates a straightforward and
understandable model, like a linear regression model, near the specific instance to provide insights that can be easily
understood by humans regarding the decision made by the model. The surrogate model (g(z)) for an instance (z) is
obtained by solving the following optimization problem as shown in eq.2

mingL(f, g,m,) + Q(g)...2
where, L= “loss function measuring the difference between the complex model f and surrogate model g,7, .
. Applying LIME to Healthcare Data:
In the healthcare domain, LIME is customized to accommodate particular data structures and attributes. Surrogate
models take into account continuous variables, categorical features, and temporal data during their generation. LIME
enhances local interpretability in healthcare scenarios, which complements the global interpretability achieved
through feature importance-based approaches. This combination provides a comprehensive understanding of model
predictions.
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3.3. Advantages of the Hybrid Approach:

. Enhanced comprehensibility: The hybrid framework achieves enhanced interpretability by integrating
feature importance-based approaches and LIME. The identified salient characteristics enhance comprehension of
the model's decision-making factors, while LIME offers specific explanations for individual predictions. The ability
to be interpreted in two different ways improves the overall clarity of the healthcare model.

. Increased Confidence in Predictions: The hybrid method not only enhances the ability to understand but
also boosts confidence in predictive and preventive healthcare models. Providing explanations for predictions at
both broad and specific levels enhances the trust of healthcare professionals and end-users, thereby promoting a
higher level of acceptance for Al-generated recommendations. The hybrid framework's transparency and
interpretability play a crucial role in establishing trust in the accuracy of healthcare predictions.

IV.METHODOLOGY
4.1. Dataset
. Data collection: Healthcare Datasets: During the process of collecting data, appropriate healthcare datasets
are obtained to aid in the creation and training of the predictive model. The datasets may contain a wide range of
patient information, such as demographic information, medical history, diagnostic records, and treatment outcomes.
Choosing healthcare datasets that are comprehensive and representative is crucial for guaranteeing the accuracy and
applicability of the model.
. 10T Sensor Data: Concurrently, the approach entails gathering data from IoT sensors. The data consists of
up-to-the-minute information collected from sensors integrated into medical devices, wearables, or other healthcare
devices enabled with Internet of Things (IoT) technology. The data collected by IoT sensors may encompass
physiological parameters, levels of activity, and various other health-related metrics. The integration of IoT sensor
data with healthcare datasets enhances the model's input features, offering a comprehensive perspective on a
patient's health condition.
4.2 Preprocessing
. Data Cleaning: Data cleaning is an essential process that guarantees the accuracy and reliability of the
gathered datasets. Outlier detection and missing value imputation are two essential techniques used in data cleaning.
Outliers, anomalies, or erroneous entries in the healthcare and IoT sensor data are detected and subsequently
rectified or eliminated. In addition, the issue of missing values is resolved using techniques such as mean imputation
or more sophisticated methods like predictive modeling, which fill in the missing values based on the existing data.
4.3. Feature Engineering
Feature engineering is the process of converting raw data into meaningful features that improve the performance of
a model. Normalization and dimensionality reduction are two frequently employed techniques in feature
engineering. Normalization guarantees that all features are uniformly scaled, preventing any specific feature from
overpowering the model due to its magnitude. Dimensionality reduction methods as Principal Component Analysis
(PCA) used to decrease the number of features while maintaining important information, thus improving
computational efficiency and minimizing the likelihood of overfitting.

4.4. Model development

. Training and Evaluation: Training using the preprocessed healthcare and IoT sensor data. The dataset is
divided into separate training and validation sets, and the model parameters are optimized to minimize the error in
predictions. The efficacy of the model is assessed by employing metrics such as accuracy, precision, recall, and F1-
score to ascertain its ability to generate precise healthcare predictions.

. Incorporation of Explainability Components: By incorporating feature importance, the hybrid framework
improves the model's explainability. The model incorporates feature importance scores, which are obtained using
techniques such as Gini impurity or information gain. This step guarantees that the individual impacts of each feature
on the model's predictions are clear and understandable, thereby facilitating the interpretation of healthcare
recommendations.

The implementation of LIME involves providing interpretable explanations for individual predictions using
technique. LIME constructs surrogate models in the immediate vicinity of individual instances, producing a
simplified model that closely approximates the behavior of the intricate predictive model. LIME provides
comprehensible insights into the rationale behind a model's specific prediction, thereby improving the
interpretability of the healthcare model.
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V.RESULT DISCUSSION
5.1. Comparison with Traditional Models

Table 2 Evaluation parameters comparison of proposed model with traditional models

Model Accuracy | F1-Score | Precision | Recall Explainability | Interpretability | Computational
Score Score Time

Hybrid 0.9618 0.958 0.965 0.952 0.85 0.9 1.2
SHAP 0.932 0.948 0.955 0.942 0.8 0.85 1.6
LIME 0.947 0.938 0.945 0.932 0.75 0.8 14

0.97

0.96

0.95

0.94

0.93

0.92 I

0.91

Accuracy

F1-Score

W Hybrid

Precision

SHAP mLIME

Recall

Figure 1 Evaluation parameters comparison- Accuracy, F1-Score, Precision, Recall

s HyOrid e SHAP e | IME

Explainability Score

2

1.5

Computational Time

Figure 2 Explanability, Computational and interpretability score comparison

Interpretability Score
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The model evaluation results demonstrate in the table-2 and figure-1,2the superior performance of the proposed
Hybrid framework in comparison to alternative eXplainable Artificial Intelligence (XAI) models, specifically SHAP
and LIME. The Hybrid model demonstrated a remarkable accuracy of 0.9618, surpassing the performance of SHAP
(0.932) and LIME (0.947), thus indicating its strong predictive ability. The Hybrid model achieved the highest F1-
Score of 0.958, indicating its effectiveness in accurately identifying both positive and negative instances. The F1-
Score is a metric that balances precision and recall. The Hybrid model's balanced approach in minimizing false
positives and false negatives is further emphasized by its precision and recall scores 0f 0.965 and 0.952, respectively.
In addition to its strong predictive performance, the Hybrid model demonstrated exceptional explainability,
achieving an Explainability Score of 0.85 and an Interpretability Score of 0.9. When comparing, SHAP and LIME
exhibited marginally lower scores in terms of explainability and interpretability. The Hybrid model achieved
impressive scores while also maintaining efficient computational time, recording a time of 1.2. This outperformed
both SHAP (1.6) and LIME (1.4). The extensive findings establish the Hybrid framework as a compelling solution
that provides a harmonious equilibrium between predictive accuracy, interpretability, and computational efficiency
in the field of eXplainable Al for healthcare applications.

VI.CONCLUSION AND FUTURE SCOPE
To summarize, this study presents a new Hybrid framework that combines feature importance-based approaches
with Local Interpretable Model-agnostic Explanations (LIME) to tackle the difficulties of achieving explainability
in eXplainable Artificial Intelligence (XAI) models used in healthcare applications. The findings illustrate the
exceptional efficacy of the Hybrid model in comparison to alternative XAl models like SHAP and LIME. The
Hybrid model achieves a remarkable accuracy of 0.9618, a balanced F1-Score of 0.958, and operates efficiently
with a computational time of 1.2. The Hybrid model demonstrates exceptional performance in both predictive
accuracy and explainability, attaining an Explainability Score of 0.85 and an Interpretability Score of 0.9. Feature
importance-based approaches improve transparency by emphasizing important features, whereas LIME offers local
interpretability for individual predictions. The effective combination of these elements establishes the Hybrid
framework as a promising solution for personalized health management and optimization of wellness.
Probable Future Expansion
Although this study represents a notable progress in incorporating XAl into healthcare models, there are multiple
opportunities for further research and development. To enhance the generalizability of the framework, it is important
to first expand it to accommodate various healthcare domains and datasets. Furthermore, investigating the influence
of various feature importance metrics and adjusting LIME parameters could further improve the interpretability of
the model. Research in the field of healthcare analytics can be greatly enhanced by integrating with emerging
technologies, such as federated learning, which ensures privacy while analyzing data. Additionally, it will be crucial
to examine the scalability of the Hybrid framework in the context of large-scale healthcare systems and evaluate its
resilience against adversarial attacks in order to ensure its successful implementation in real-world scenarios.
Validating the framework in clinical settings and ensuring regulatory compliance through collaboration with
healthcare practitioners will enhance its practical applicability. Continuously adapting the Hybrid model to changing
healthcare technologies and datasets will be essential for ensuring its relevance in the ever-changing field of
predictive and preventive healthcare. In summary, the proposed Hybrid framework has the potential to greatly
impact the combination of Al, IoT, and healthcare, benefiting both individuals and healthcare systems. It provides
a foundation for further exploration and improvement in this field.
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