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Abstract 

The rapid advancements in artificial intelligence and machine learning have led to the development of highly 
sophisticated models capable of superhuman performance in a variety of tasks. However, the increasing complexity of 
these models has also resulted in them becoming "black boxes", where the internal decision-making process is opaque 
and difficult to interpret. This lack of transparency and explainability has become a significant barrier to the widespread 
adoption of these models, particularly in sensitive domains such as healthcare and finance.  

To address this challenge, the field of Explainable AI has emerged, focusing on developing new methods and techniques 
to improve the interpretability and explainability of machine learning models. This review paper aims to provide a 
comprehensive overview of the research exploring the combination of Explainable AI and traditional machine learning 
approaches, known as "hybrid models".  

This paper discusses the importance of explainability in AI, and the necessity of combining interpretable machine 
learning models with black-box models to achieve the desired trade-off between accuracy and interpretability. It 
provides an overview of key methods and applications, integration techniques, implementation frameworks, evaluation 
metrics, and recent developments in the field of hybrid AI models. 

The paper also delves into the challenges and limitations in implementing hybrid explainable AI systems, as well as the 
future trends in the integration of explainable AI and traditional machine learning. Altogether, this paper will serve as 
a valuable reference for researchers and practitioners working on developing explainable and interpretable AI systems. 
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1. Introduction 

The widespread adoption of machine learning models in various industries has led to a growing demand for 
interpretable and explainable systems. Traditional machine learning techniques, such as linear regression and decision 
trees, have inherent explainability due to their relatively simple structure and the ability to trace the decision-making 
process. However, these models often struggle to achieve the same level of predictive performance as more complex 
models, such as neural networks and ensemble methods.  

On the other hand, the impressive performance of these complex models often comes at the expense of interpretability, 
as their inner workings are challenging to understand and explain. This lack of transparency has raised concerns about 
the trustworthiness and reliability of these models, particularly in critical domains where decisions can have significant 
consequences. 

To address this trade-off between predictive accuracy and interpretability, researchers have explored the development 
of "hybrid models" that combine the strengths of Explainable AI and traditional machine learning techniques. Hybrid 
models represent an innovative convergence of traditional machine learning techniques and explainable artificial 
intelligence (AI). These models aim to leverage the strengths of both domains, providing robust predictive capabilities 
while ensuring interpretability and transparency. Traditional machine learning excels in data-driven predictions and 
complex pattern recognition but often lacks the mechanisms to explain its decision-making processes. On the other 
hand, explainable AI focuses on making AI systems understandable to human users, addressing concerns about trust 
and accountability. The integration of these two paradigms into hybrid models seeks to create systems that are not only 
effective but also comprehensible to stakeholders. 

The definition of hybrid models encompasses various methodologies designed to combine the predictive power of 
traditional machine learning with the interpretability of explainable AI. These models can take many forms, such as 
ensemble approaches where multiple algorithms are used to enhance performance while employing explainability 
techniques to clarify their outputs. Alternatively, some models may integrate explainability directly into the learning 
process, enabling more transparent decision-making from the outset. By blending these methodologies, hybrid models 
aim to produce outputs that are both accurate and accessible to users, minimizing the opacity often associated with 
complex machine learning algorithms. 

 

Figure 1 Above diagram explains the sample diagram of explainable AI  

1.1. Importance of Explainability in AI 

Explainability in AI is vital for fostering trust and understanding in machine learning systems, particularly as these 
technologies become increasingly integrated into critical domains such as healthcare and finance. As hybrid models 
combine the strengths of traditional machine learning with explainable AI, the need for transparent decision-making 
processes becomes even more pronounced. Students and researchers must recognize that the complexity of AI systems 
can lead to a lack of clarity regarding how decisions are made. This obscurity can hinder user acceptance and limit the 
effective deployment of AI solutions, making explainability an essential component in the development of robust AI 
applications. 
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Figure 2 Strategies for Developing Explainable Models. 

The evaluation of explainability in combined AI approaches demands the establishment of robust metrics. Students and 
researchers must engage with existing frameworks and contribute to the development of new evaluation criteria 
tailored to hybrid models. This involves understanding how to measure the quality of explanations and their 
effectiveness in improving user comprehension. The challenge lies in balancing the trade-offs between model 
performance and interpretability, which often necessitates innovative strategies that leverage the strengths of both 
traditional machine learning and explainable AI. 

As hybrid models continue to evolve, the challenges associated with their implementation will also require careful 
consideration. Researchers must explore the technical and organizational barriers that impede the integration of 
explainable AI techniques within existing machine learning frameworks. This includes addressing issues related to data 
quality, model complexity, and user engagement. By conducting case studies that illustrate successful applications in 
areas like financial risk assessment, scholars can provide valuable insight into overcoming these challenges, thereby 
paving the way for more widespread adoption of explainable hybrid AI systems.  

2. Methodology 

Hybrid models that combine Explainable AI (XAI) and traditional machine learning (ML) are gaining traction due to 
their ability to balance performance with interpretability. These models aim to leverage the strengths of both 
approaches to create systems that are not only powerful but also transparent and trustworthy. 

2.1. Key Methods and Applications 

Hybrid models that combine Explainable AI and traditional machine learning can be broadly categorized into three main 
methods: 

• Post-Hoc Explain ability: After a traditional ML model has made its predictions, post-hoc methods are used to 
interpret and explain those results. Tools like SHAP (Shapley Additive Explanations) and LIME (Local 
Interpretable Model-agnostic Explanations) fall into this category. These techniques provide insights into how 
a model's outputs were derived by examining feature contributions or approximating the model's behavior 
locally. 

• Intrinsic Explain ability: This approach integrates explainability directly into the model architecture. 
Examples include decision trees and linear models that are inherently interpretable. Hybrid models in this 
category might use simple, interpretable models for certain parts of the problem while leveraging more 
complex algorithms where necessary. 
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• Combined Models: This method involves using explainable models in conjunction with traditional ML models. 
For instance, a complex neural network might be paired with a simpler, interpretable model to provide 
explanations for the predictions. This can involve using rule-based systems or other transparent methods to 
oversee or augment the predictions of the opaquer model. 

These approaches help ensure that the predictions and decisions made by AI systems are understandable, which is 
crucial for trust, transparency, and compliance with regulations. 

3. Applications 

Hybrid models combining Explainable AI and traditional machine learning have been explored in a variety of application 
domains, including: 

• Healthcare: Hybrid models have been applied to medical diagnosis and treatment recommendations, providing 
both accurate predictions and interpretable explanations to support clinical decision-making. 

• Financial risk management: Explainable AI models have been used to enhance the transparency and 
accountability of AI-based decision-making in the financial industry, where interpretability is crucial for 
regulatory compliance and consumer trust. 

• Autonomous systems: In the development of self-driving cars and other autonomous systems, hybrid models 
can help ensure the safety and reliability of the AI-powered decision-making process by providing transparency 
and explainability. 

• Industrial applications: Hybrid models have been used in manufacturing, predictive maintenance, and quality 
control to enhance decision-making and enable better human-AI collaboration. 

These hybrid approaches are essential for developing AI systems that are both effective and transparent, fostering 
greater trust and adoption in various industries. 

 

 Figure 3 The XAI Concept. 

For instance, decision trees can be integrated with more complex models like neural networks. In this scenario, the 
decision tree serves as the first layer to provide initial predictions that are easily interpretable, while the neural network 
refines these predictions through deeper learning. Such a hybrid approach allows researchers to leverage the strengths 
of both methodologies, yielding models that are not only robust but also offer insights into the decision-making process. 
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Integration techniques also play a crucial role in the development of hybrid AI systems. These techniques can range 
from modular designs, where components of XAI and traditional ML are distinctly defined but work collaboratively, to 
tighter integrations where the outputs of one model directly inform the other. This flexibility allows for tailored 
solutions that can be adapted to specific application needs, whether in healthcare analytics, financial risk assessment, 
or natural language processing. The choice of integration method greatly influences the model's effectiveness and 
interpretability, underscoring the need for careful consideration during the design phase.the evaluation of hybrid AI 
models necessitates the establishment of metrics that capture both performance and explainability. Traditional 
evaluation metrics, such as accuracy and F1 score, must be complemented by measures that assess the interpretability 
of the model's outputs. The development of new metrics that quantify the clarity and usefulness of explanations 
provided by hybrid models is essential for advancing the field. By focusing on these evaluation criteria, researchers and 
practitioners can ensure that hybrid AI systems not only perform well but also align with user expectations and ethical 
standards, ultimately fostering a more responsible and impactful deployment of AI technologies.  

 

Figure 4 XAI Challenge Problem Areas. 

4. Integration Techniques for Explainable AI in Hybrid Models 

Integrating model strategies is crucial for merging Explainable AI (XAI) with conventional machine learning (ML) 
techniques effectively. This combination seeks to boost model precision while preserving the clarity and 
comprehensibility of AI decision-making processes. A variety of strategies, from ensemble methods to intricate 
architectures that capitalize on both paradigms' strengths, can be utilized for this integration. These techniques not only 
offer a structure for comprehending AI decisions but also aid in crafting more stable and dependable systems across 
various sectors. 

A common strategy is ensemble learning, where several models are trained on the same problem, and their predictions 
are amalgamated to enhance performance. This is especially useful when combining explainable models like decision 
trees or rule-based systems with opaque models such as deep neural networks. Techniques like bagging or boosting 
allow for the creation of hybrid systems that retain interpretability while gaining from the advanced ML methods' 
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accuracy. This method fosters a deeper insight into the factors influencing predictions, thus improving complex models' 
explainability. 

Another effective method is developing modular architectures that segregate the explainability and predictive 
components. In this structure, a conventional ML model manages prediction tasks, while an XAI module interprets the 
model's results. This separation ensures clear role demarcation, allowing researchers to enhance the ML component's 
predictive capacity without affecting the XAI module's interpretability. This modular concept has been promising, 
particularly in fields like healthcare.  

 

Figure 5 Initial Model of the Explanation Process and Explanation Effectiveness Measurement Categories 

5. Frameworks for Implementation 

Developing a structured framework is crucial for effectively creating hybrid models that combine Explainable AI and 
traditional machine learning. These frameworks guide researchers and practitioners through the complexities of 
integrating the two approaches. A well-defined framework helps identify appropriate hybridization methods and 
techniques, emphasizing the importance of transparency and interpretability in AI models. This is especially crucial in 
fields where decision-making processes must be clear to stakeholders and regulatory bodies, such as healthcare and 
finance. 

Selecting appropriate integration techniques is a crucial aspect of the implementation framework. Researchers should 
evaluate various approaches, such as post-hoc interpretability methods and inherently interpretable models. Post-hoc 
techniques, like LIME and SHAP, provide insights into model predictions after training, while inherently interpretable 
models, such as decision trees, offer transparency from the outset. The choice of integration techniques directly affects 
the model's ability to meet explainability requirements while maintaining performance standards, emphasizing the 
need for a thorough evaluation process. 

Examples in healthcare analytics highlight the practical use of these frameworks. Hybrid models in this field have shown 
the potential to improve diagnostic accuracy while providing essential interpretability for clinical decision-making. For 
example, combining deep learning for image analysis with rule-based systems can create models that outperform 
traditional methods and offer clear explanations for their predictions. The implementation framework should guide 
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researchers in designing hybrid models that leverage the strengths of both approaches, ensuring the resulting systems 
are effective and explainable. 

Evaluation metrics are central to assessing the efficacy of hybrid models that combine explainability and traditional 
machine learning. Measures such as fidelity, robustness, and user satisfaction must be tailored to reflect the dual aims 
of model performance and interpretability. A well-designed framework should provide guidelines for selecting 
appropriate evaluation metrics, aligned with the specific objectives of the hybrid model. This not only facilitates 
measuring the models' effectiveness but also aids in communicating their value to stakeholders, cultivating trust and 
acceptance in AI-driven solutions. 

6. Evaluation Metrics for Explainability in Combined AI Approaches 

The evaluation of hybrid AI models necessitates the establishment of metrics that capture both performance and 
explainability. Accuracy, F1 score, and other traditional machine learning metrics can assess the predictive capabilities 
of the models. However, evaluating the interpretability of these models requires specialized measures that quantify the 
clarity, usefulness, and fidelity of the explanations provided. 

 

Figure 6 Measurement Categories 

6.1. Metrics for Assessing Explainability 

Metrics for assessing explainability play a crucial role in evaluating the effectiveness of hybrid models that combine 
explainable AI and traditional machine learning. These metrics serve as benchmarks for understanding how well a 
model conveys its decision-making process to users, which is essential for fostering trust and transparency. With the 
increasing complexity of AI systems, especially in hybrid frameworks, it becomes imperative to establish clear and 
measurable criteria that can adequately assess how understandable and interpretable these systems are. 

One widely adopted metric is fidelity, which measures the degree to which the explanation provided by the model aligns 
with its actual decision-making process. In hybrid models, where traditional ML techniques are integrated with 
explainable AI methods, fidelity becomes particularly significant. It ensures that the explanations generated are not only 
plausible but also accurate representations of the model's behavior. High fidelity indicates that users can rely on the 
explanations to make informed decisions, while low fidelity can lead to confusion and mistrust. 

Another important metric is consistency, which evaluates how stable the explanations are across similar inputs. In the 
context of hybrid models, consistency is critical because it reflects the reliability of the explanations provided by the 
model. If the explanations vary significantly for similar cases, it may suggest that the model is not sufficiently robust or 
that the integration of explainable AI techniques is flawed. Consistency reassures users that the model's behavior is 
predictable and helps in mitigating the risks associated with unexpected outcomes. 
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Interpretability is also a vital metric, encompassing the ease with which users can understand the reasoning behind a 
model's predictions. In hybrid systems, achieving a balance between the performance of traditional machine learning 
algorithms and the interpretability offered by explainable AI methods is key. Metrics that quantify interpretability can 
include the complexity of the explanation and the number of features considered in the model. A model that provides 
simpler, more concise explanations is often favored, as it allows users to grasp the rationale behind predictions more 
easily. 

7. Trade-offs Between Accuracy and Interpretability 

In the realm of artificial intelligence (AI) and machine learning (ML), the balance between accuracy and interpretability 
presents a critical dilemma. As hybrid models, which combine elements of explainable AI with traditional machine 
learning techniques, gain traction, understanding the trade-offs between these two facets becomes essential. Accuracy 
is often prioritized in traditional ML frameworks, where complex algorithms leverage vast datasets to produce highly 
effective predictive models. However, these models typically operate as "black boxes," offering little insight into their 
decision-making processes. This lack of transparency can lead to issues, particularly in domains sensitive to ethical 
considerations and regulatory compliance, such as healthcare and finance. 

Interpretability, on the other hand, emphasizes the ability to understand and explain model behavior, often at the 
expense of some level of predictive accuracy. Models that prioritize interpretability, such as decision trees or linear 
regressions, provide clear pathways to understanding how input variables influence outcomes. While these models may 
not achieve the same level of predictive power as more complex algorithms, their transparency can foster trust among 
users and facilitate better decision-making. In contexts like healthcare analytics, where understanding the rationale 
behind a diagnosis is crucial, interpretability can significantly enhance stakeholder engagement and compliance with 
ethical standards. 

Hybrid models strive to bridge this gap by integrating the strengths of both traditional ML and explainable AI. By 
leveraging advanced techniques such as rule-based systems or attention mechanisms, hybrid approaches can deliver 
high accuracy while providing insights into the model's inner workings. This dual capability allows practitioners to 
deploy models that not only perform effectively but also meet the demands for transparency. However, achieving this 
balance requires careful consideration of the model design and evaluation metrics, which must account for both 
predictive performance and interpretability.  

8. Challenges and Limitations in Implementing Hybrid Explainable AI Systems 

The development and deployment of hybrid AI models that combine explainable AI and traditional machine learning 
face several challenges and limitations.  

8.1. Challenges in Integration 

Integration of explainable AI (XAI) with traditional machine learning (ML) presents a range of challenges that 
researchers and practitioners must navigate to create effective hybrid models. One primary challenge is the inherent 
complexity of combining algorithms from two distinct paradigms. Traditional ML models often prioritize performance 
and predictive accuracy, while XAI emphasizes interpretability and transparency. Balancing these competing objectives 
can result in trade-offs that may undermine the strengths of either approach. Consequently, researchers must develop 
innovative integration techniques that allow for seamless interaction between the two systems without sacrificing the 
integrity or usability of the model. 

Another significant challenge lies in the evaluation of integrated models. The metrics traditionally used to assess ML 
performance, such as accuracy, precision, and recall, may not adequately capture the explainability aspect of hybrid 
models. Researchers must establish new evaluation frameworks that encompass both the predictive capabilities and 
the interpretability of the combined systems. This involves identifying suitable metrics that can quantify the 
effectiveness of explanations provided by XAI components, ensuring that end-users can trust and understand the output 
of the hybrid model. Without robust evaluation criteria, it becomes difficult to gauge the success of integration efforts. 

The domain-specific nature of applications further complicates the integration of XAI and traditional ML. Different 
fields, such as healthcare and finance, have unique requirements and expectations regarding explainability and model 
performance. For instance, in healthcare analytics, stakeholders may demand elevated levels of transparency to ensure 
patient safety and compliance with regulations. Conversely, in financial risk assessment, the focus may be on predictive 
accuracy and the ability to handle vast amounts of data. Researchers must tailor their hybrid models to meet these 
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varying demands, which often necessitates extensive domain knowledge and collaboration between experts in AI and 
the specific application area. 

User-centric design also presents a challenge in developing effective hybrid models. The end-users of these systems 
may include data scientists, business analysts, and domain experts, each with various levels of familiarity with AI 
technologies and varying expectations regarding model transparency. Designing hybrid solutions that cater to these 
diverse user needs requires a careful consideration of how explanations are presented and what types of insights are 
most valuable. This involves iterative testing and refinement to ensure that the explanations generated by the XAI 
components resonate with users and enhance their understanding of the model's decision-making process. 

Finally, regulatory compliance and ethical considerations play a crucial role in the integration of XAI and traditional ML. 
As regulations around data privacy and algorithmic accountability continue to evolve, researchers must ensure that 
hybrid models adhere to relevant standards while also providing adequate explanations for their predictions. This 
necessitates a proactive approach to understanding and implementing ethical guidelines, which can vary significantly 
across jurisdictions and application areas. Addressing these challenges requires a commitment to developing hybrid 
systems that not only perform well but also align with societal values and legal requirements, paving the way for 
responsible AI adoption. 

8.2. Technical Challenges 

Integrating explainable AI with traditional machine learning frameworks presents multifaceted technical challenges 
that require a comprehensive understanding of both domains. One key issue stem from the inherent complexity of 
explainability techniques. Traditional machine learning models often prioritize performance metrics like accuracy and 
efficiency, while explainable AI methods focus on making model predictions interpretable to users. This divergence can 
make it difficult to reconcile high-performing algorithms with explainability, particularly when using advanced 
techniques like deep learning. The main challenge is ensuring that the provided explanations do not undermine the 
predictive power of the models. 

Integrating diverse data sources poses a significant challenge for hybrid models. Explainable AI often relies on 
structured data to generate clear explanations, while traditional machine learning can handle unstructured data like 
text and images. This data heterogeneity complicates the development of hybrid systems that maintain consistency and 
reliability in both prediction and explanation. Researchers must develop integration techniques that can seamlessly 
process various data formats while preserving the quality of interpretability across the model. 

Evaluating the effectiveness of hybrid models poses another technical challenge. While various metrics exist for 
assessing traditional machine learning performance, evaluating explainability remains less standardized. The subjective 
nature of interpretability means stakeholders may have diverse expectations regarding the explanations provided by 
AI systems. Establishing uniform evaluation metrics for explainability across different hybrid models is crucial but still 
an ongoing effort. This challenge requires collaboration among researchers to develop a framework that can accurately 
assess both the performance and explainability of these integrated systems. 

Implementing hybrid explainable AI systems in real-world applications such as healthcare analytics and financial risk 
assessment introduces additional technical complexities. These domains often require compliance with strict regulatory 
standards, which can conflict with the flexibility needed to create interpretable models. Moreover, the integration 
process itself can be resource-intensive, necessitating advanced computational capabilities and expertise in both AI 
paradigms. Addressing these implementation challenges requires a concerted effort to develop tools and methodologies 
that streamline the hybridization process while ensuring adherence to industry regulations.  

8.3. Future Trends in Explainable AI and Traditional Machine Learning Integration 

The integration of explainable AI and traditional machine learning is a rapidly evolving field that holds significant 
promise for addressing the growing demand for transparent and trustworthy AI systems. 

9. Emerging Technologies 

Emerging technologies are rapidly changing the field of artificial intelligence and machine learning, especially in hybrid 
models that combine explainable AI and traditional machine learning. These advancements improve the interpretability 
of complex algorithms and address the need for transparency in AI systems. Researchers and students should recognize 
the importance of incorporating emerging technologies to develop robust hybrid models that can explain decision-
making while maintaining high predictive performance. 
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Advanced neural networks, such as attention mechanisms and transformer models, have significantly impacted natural 
language processing and image analysis. These technologies enable the creation of hybrid models that combine the 
strengths of explainable AI and traditional machine learning. By using techniques like layer-wise relevance propagation 
or SHAP, these hybrid models can offer valuable insights into feature importance and decision-making processes, 
addressing the interpretability challenges often linked to deep learning. 

A crucial area of development is in reinforcement learning, where modern technologies allow for the creation of 
adaptive AI systems that can learn from their environment while explaining their actions. This adaptability is crucial in 
fields like healthcare analytics, where hybrid models can predict patient outcomes and explain treatment 
recommendations. By using these technologies, researchers can better address issues of user trust and regulatory 
compliance, ensuring that AI systems are effective and responsible. 

The integration of explainable AI and traditional machine learning is being improved through new data visualization 
tools and interactive interfaces. These technologies help users, such as healthcare professionals and financial analysts, 
engage with AI systems more effectively. As students and researchers explore these interfaces, they will learn how user-
centric design principles can create more intuitive and accessible hybrid solutions. This can foster a better 
understanding of AI outputs and promote wider acceptance of these systems across different sectors. 

As hybrid models evolve, researchers must focus on compliance with emerging regulations and ethical standards for AI 
technologies. They should stay informed about regulatory developments to ensure their work aligns with the best 
practices in transparency and accountability. By embracing modern technologies, students and researchers can create 
hybrid AI systems that are both innovative and responsible, enabling AI to serve humanity effectively and ethically. 

9.1. Anticipated Developments in the Field 

The field of combining explainable AI and traditional machine learning is advancing rapidly. As the need for transparent 
AI grows, researchers are integrating explainability into traditional machine learning. This aims to improve 
interpretability without reducing performance, resulting in more trustworthy AI. Expected developments include better 
algorithms that blend the strengths of both approaches, allowing practitioners to use traditional machine learning's 
predictive power while gaining the clarity and insight from explainable AI. 

Healthcare analytics case studies are expected to be crucial in highlighting practical applications of hybrid models. The 
complexity of medical data and the need for interpretability in clinical settings make healthcare an ideal field for these 
advancements. Future developments may focus on creating hybrid models that predict patient outcomes and provide 
explanations that clinicians can understand and trust. This ability to explain predictions could significantly improve 
decision-making, leading to better patient care and outcomes. 

In financial risk assessment, hybrid models are expected to become more prominent as regulators emphasize the need 
for explainability in AI-based decision-making. As financial firms adopt these models, anticipated developments will 
likely include user-focused design approaches prioritizing transparency and usability. By prioritizing the end-user 
experience, researchers can ensure hybrid AI solutions meet regulatory requirements and user needs, promoting 
acceptance and adoption within the industry. 

9.2. Research Directions and Opportunities 

The study of hybrid models that blend Explainable AI with conventional machine learning offers many research avenues 
and possibilities. As the need for transparency and interpretability in AI grows, researchers can explore methods to 
effectively combine XAI principles with traditional ML algorithms. This includes creating frameworks to smoothly 
integrate explainability into existing ML workflows. By concentrating on the design of hybrid models, researchers can 
contribute to a deeper understanding of how these systems function and how their outcomes can be interpreted by 
users. 

Evaluating hybrid models requires new metrics that capture both predictive performance and explanatory power. 
Traditional machine learning prioritizes accuracy, often overlooking interpretability. Researchers should develop 
multi-dimensional evaluation frameworks that assess both model performance and the quality of explanations. These 
comprehensive metrics will aid model selection and guide the creation of more user-friendly AI applications. 

Case studies in specific domains, such as healthcare, insurance, and finance, present valuable research opportunities. 
Applying hybrid models in healthcare analytics can advance patient care by providing clinicians with interpretable 
insights from complex data. Similarly, in financial risk assessment, integrating explainable features into predictive 
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models can enhance decision-making and regulatory compliance. Through detailed case studies, researchers can 
identify the best practices, challenges, and successful strategies for implementing these hybrid approaches in real-world 
settings. 

Researchers should investigate challenges in implementing hybrid explainable AI systems. They should identify barriers 
to adoption, such as computational complexity, data quality, and user trust. Understanding these challenges will help 
develop solutions to enable practical deployment of hybrid models. Exploring user-centric design principles will also 
enhance the usability of these systems, ensuring the explanations are accessible and meaningful to various stakeholders, 
including non-experts. 

The regulatory landscape and ethical considerations around hybrid AI models present valuable research opportunities. 
As new regulations emerge, researchers should explore how hybrid models can meet evolving standards while 
preserving their explanatory capabilities. This intersection of technology and ethics is crucial in guiding the future 
development of AI applications. By addressing these challenges, research can contribute to the design of responsible AI 
systems that prioritize transparency, accountability, and fairness - paving the way for innovative applications across 
diverse fields.  

10. Conclusion 

Hybrid models that combine Explainable AI and traditional machine learning techniques offer a promising approach to 
address the trade-off between predictive accuracy and interpretability. By leveraging the strengths of both paradigms, 
these hybrid models can deliver high-performing yet transparent and explainable AI systems that are well-suited for 
critical application domains. As the field of Explainable AI continues to evolve, further research and development of 
hybrid models will be crucial to unlocking the full potential of AI in areas where both performance and interpretability 
are paramount. 

Techniques like SHAP and Integrated Gradients have emerged as popular methods for creating explainable hybrid 
models. 

The paper concludes by highlighting the pivotal role of explainability within artificial intelligence. It underscores the 
imperative to amalgamate interpretable machine learning models with the more enigmatic 'black box' models. This 
amalgamation aims to strike a balance between accuracy and interpretability. The document presents an exhaustive 
survey of key methodologies, applications, integration tactics, implementation frameworks, evaluation metrics, and 
recent progress in the realm of hybrid AI models. 

Moreover, the paper also delves into the challenges and limitations encountered in the deployment of hybrid 
explainable AI systems. It investigates prospective trajectories in the confluence of explainable AI and traditional 
machine learning methods. In essence, this paper serves as a critical compendium for both researchers and practitioners 
committed to fostering the development of explainable and intelligible AI systems.  
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