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ABSTRACT 

Machine learning (ML) has revolutionized real-time decision-making, enabling 
significant advancements in fields such as healthcare, cybersecurity, and 
autonomous systems. Despite these strides, two critical challenges hinder broader 
adoption: the lack of transparency in complex models and concerns about 
preserving user privacy. This paper introduces a comprehensive framework that 
combines explainable artificial intelligence (XAI) with privacy-preserving machine 
learning (PPML), tailored for systems requiring real-time responsiveness. The 
framework employs innovative methods, including interpretable modeling, 
federated learning, and secure computation, to balance accuracy with ethical 
considerations. Rigorous evaluations on benchmark datasets, particularly in 
healthcare and energy optimization, highlight its effectiveness, with results 
demonstrating a 15% increase in interpretability scores and 20% enhancement in 
privacy adherence compared to existing approaches. By addressing these critical 
barriers, the proposed framework establishes a foundation for integrating ML 
ethically and efficiently into real-time applications. 
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INTRODUCTION 

Machine learning (ML) has become an integral part of modern decision-making systems, 
driving advancements in critical sectors such as healthcare, energy, and cybersecurity. Despite 
its potential, the widespread adoption of ML technologies is hindered by two significant 
challenges: lack of transparency in decision-making processes and concerns about data privacy 
[1]. 
 
Many ML models function as "black boxes," delivering high accuracy but offering limited 
explanations for their predictions. This opacity creates a trust gap, particularly in high-stakes 
fields like healthcare, where stakeholders demand clarity and accountability for algorithmic 
outputs. The field of Explainable Artificial Intelligence (XAI) aims to address this issue by 
developing models and techniques that make ML systems more interpretable. However, 
integrating XAI into systems that require rapid, real-time responses is still an open problem [2]. 
In parallel, the growing reliance on ML systems has heightened privacy concerns. Sensitive 
data, such as medical records or financial transactions, is often required to train these models, 
raising the risk of data exposure. Privacy-Preserving Machine Learning (PPML) has emerged to 
tackle these issues through strategies like federated learning and secure computation, which 
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minimize the need for data sharing. Yet, solutions that effectively combine PPML and XAI to 
meet the dual objectives of transparency and privacy are limited [3]. 
 
This paper addresses these gaps by introducing a unified framework that integrates XAI and 
PPML for use in real-time systems. The proposed framework is designed to ensure that ML 
models are both interpretable and privacy-conscious while maintaining the computational 
efficiency needed for real-time applications. 
 
The main contributions of this work include: 

1. A novel framework that combines XAI and PPML to address the challenges of 
transparency and privacy in real-time ML systems. 

2. Application of the framework in real-world domains, such as healthcare and energy 
management, to tackle pressing societal challenges. 

3. A thorough evaluation that demonstrates improved interpretability and robust privacy 
compliance without compromising system performance. 

 
The paper is organized as follows: Section 2 discusses prior work related to XAI and PPML. 
Section 3 explains the design and implementation of the proposed framework. Section 4 
presents the experimental results and analysis. Section 5 delves into the broader implications 
and limitations of the study. Finally, Section 6 concludes with key findings and 
recommendations for future research. 
 

RELATED WORK 
Explainable Artificial Intelligence (XAI) and Privacy-Preserving Machine Learning (PPML) have 
emerged as two critical areas of research, each addressing key challenges in modern machine 
learning systems. While XAI seeks to enhance the transparency and interpretability of models, 
PPML focuses on protecting data privacy during training and inference processes. Despite the 
significant progress in both fields, there remains a scarcity of research combining these two 
domains, particularly for real-time applications. 
 
Explainable Artificial Intelligence (XAI) 
The growing complexity of machine learning models has increased the demand for methods 
that provide clear and understandable explanations of their predictions. Techniques such as 
Local Interpretable Model-agnostic Explanations (LIME) and SHapley Additive exPlanations 
(SHAP) have become standard tools for post-hoc interpretability [4]. These methods generate 
explanations after the model has been trained, but they often require additional computational 
resources, which limits their utility in scenarios where rapid responses are necessary. 
Additionally, post-hoc methods, while useful, do not inherently make the model itself 
interpretable by design. This distinction is particularly important in domains like autonomous 
systems or clinical decision-making, where both speed and trust are essential [5]. 
 
Privacy-Preserving Machine Learning (PPML) 
In response to increasing concerns about data security and privacy, PPML techniques have been 
developed to allow model training and inference without exposing sensitive data. Federated 
learning enables decentralized data processing, keeping data localized while still contributing 
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to global model updates [6]. Complementary methods such as differential privacy and 
homomorphic encryption further strengthen data protection by ensuring that individual 
contributions cannot be easily reconstructed [7]. However, these techniques can introduce 
latency and computational overhead, making their integration into time-critical systems 
challenging. Moreover, their application often overlooks the need for interpretability, creating 
a gap in the development of solutions that address both privacy and transparency [8]. 
 
Integration of XAI and PPML 
Although XAI and PPML address different aspects of ethical AI, there has been limited 
exploration of frameworks that combine the two. A few studies have proposed mechanisms for 
producing interpretable outputs in privacy-preserving environments, such as within federated 
learning systems, where local data remains protected [9]. These approaches, while promising, 
are often tailored to specific use cases and fail to generalize to broader applications requiring 
real-time decision-making capabilities. The lack of comprehensive frameworks that unify these 
concepts represents a significant opportunity for innovation, particularly in high-stakes 
domains where both privacy and interpretability are critical. 
 
This paper seeks to fill this gap by presenting a framework that integrates XAI and PPML for 
real-time systems. The proposed approach aims to deliver transparent and secure decision-
making capabilities without sacrificing performance, addressing the pressing need for ethical 
and efficient AI solutions. 
 

METHODS 
This section outlines the proposed framework, which combines Explainable Artificial 
Intelligence (XAI) and Privacy-Preserving Machine Learning (PPML) into a single architecture 
designed for real-time decision-making applications. The framework is composed of three 
primary components, each aimed at balancing interpretability, privacy, and efficiency. 
 
Framework Overview 
The framework integrates three key elements: 

1. Interpretable Model Design: Focuses on using models that provide transparent 
decision-making processes, supported by post-hoc explanation tools for added clarity. 

2. Federated Learning Architecture: Implements distributed training methods to keep 
sensitive data localized while contributing to a shared global model. 

3. Secure Computation Techniques: Incorporates privacy-preserving methods such as 
homomorphic encryption and differential privacy to ensure secure data processing. 

 
Together, these components enable the framework to address the dual challenges of 
transparency and privacy while maintaining the performance required for real-time 
applications. 
 
Interpretable Model Design 
The framework prioritizes inherently interpretable models for foundational transparency. For 
example, decision trees and generalized additive models (GAMs) are selected for their 
simplicity and clarity in classification tasks. When more complex architectures, such as neural 
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networks, are necessary, methods like SHapley Additive exPlanations (SHAP) are used to 
identify and visualize key features influencing predictions [4].  
 

Here, i represents the SHAP value for feature i , N is the set of all features, S is a subset of 

features excluding i , ( )f S is the model output for the subset S , and | |S is the size of subset S :

  

𝜙𝑖 = ∑
|𝑆|!(|𝑁|−|𝑆|−1)!

|𝑁|!𝑆⊆𝑁∖{𝑖} [𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)]   (1) 

 
Gradient-based techniques are applied to convolutional neural networks (CNNs) to provide 
additional interpretability, particularly for image-related tasks. 
 
Federated Learning for Privacy 
To ensure data privacy, the framework employs federated learning, a decentralized approach 
where individual nodes train models locally using their private data. Instead of transferring raw 
data, only model updates, such as gradients, are shared with a central server. These updates are 
secured with differential privacy, which introduces noise to the gradients to obscure individual 
data contributions [6].  
 

Here, t represents the global model parameters at iteration t , n  is the number of nodes, and t

ig

is the gradient update from node i  at iteration t : 
 
This approach minimizes the risk of exposing sensitive information during training. 
 
Secure Computation Techniques 
The framework integrates two advanced privacy-preserving methods: 

1. Homomorphic Encryption: Allows computations to be performed directly on 
encrypted data, ensuring that the data remains protected throughout the process [7]. 

2. Differential Privacy: Adds statistical noise to outputs and model updates to protect 
individual data records, ensuring compliance with privacy regulations. 

 
These techniques complement the federated learning architecture, providing a robust defense 
against potential data breaches while maintaining system usability. 
 
Real-Time Optimization 
Real-time decision-making demands fast and efficient processing. The framework incorporates 
techniques such as model pruning and quantization to reduce computational complexity, 
ensuring that operations remain lightweight and responsive. Additionally, distributed 
inference capabilities are implemented, allowing parallel processing across multiple nodes to 
further improve latency and throughput. Here, CR represents the compression ratio as a 
percentage, which quantifies the reduction in model size after pruning: 
 

𝐶𝑅 =
Total Parameters Removed

Total Parameters Before Pruning
× 100                                                       (3) 
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Evaluation Metrics 
The effectiveness of the framework is assessed using the following metrics: 

• Interpretability: Evaluated using established benchmarks, such as explanation fidelity 
and human interpretability scoring [4]. 

• Privacy Compliance: Measured through privacy leakage assessments and adherence to 
differential privacy standards [7]. 

• Performance: Assessed based on accuracy, computational latency, and resource 
utilization across diverse datasets in healthcare and energy management. 

 
RESULTS 

This section details the evaluation of the proposed framework using real-world datasets in 
healthcare analytics and energy optimization. The experiments focused on assessing the 
framework’s performance across three key dimensions: interpretability, privacy compliance, 
and real-time efficiency. 
 
Datasets 
The experiments utilized two well-established datasets: 

• Healthcare Dataset: This dataset includes anonymized patient information for 
predicting cardiovascular disease risk. It comprises 10,000 samples, each with 15 
features such as age, cholesterol level, and blood pressure. 

• Energy Dataset: Hourly energy consumption data from 5,000 households, used to 
forecast demand patterns based on temporal and seasonal variables. 

 
Evaluation Metrics 
Three metrics were employed to evaluate the proposed framework: 

• Interpretability: Assessed using SHAP-based explanation fidelity and feature ranking 
accuracy [4]. 

• Privacy Compliance: Measured through differential privacy leakage tests and 
evaluation of noise levels in gradient updates [7]. 

• Performance: Evaluated in terms of accuracy, latency (milliseconds per prediction), 
and computational resource efficiency. 

 
Experimental Setup 
The experiments were conducted on a simulated federated learning environment with eight 
computing nodes. Each node processed local data independently, and a central server 
performed global model aggregation. Differential privacy was applied with privacy parameters 

set to 1.0=ò  and 510 −= . To ensure fairness, all models were trained using identical 
configurations. 
 
Results: Healthcare Analytics 
The framework demonstrated strong interpretability capabilities, with SHAP explanation 
fidelity scoring 91%. Predictions achieved an accuracy of 87%, while latency remained low at 
65 milliseconds per prediction. Privacy compliance tests confirmed that differential privacy 
safeguards effectively mitigated leakage risks, ensuring adherence to ethical standards. 
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Figure 1 highlights the prediction latency for the proposed framework compared to baseline 
models, showing significant improvements in real-time performance. 
 
Results: Energy Optimization 
For the energy forecasting application, the framework achieved an explanation fidelity score of 
89%, indicating reliable identification of key influencing factors. Forecasting accuracy was 
recorded at 90%, and latency was further optimized to 48 milliseconds per prediction. Privacy 
leakage was minimal, with noise-based safeguards maintaining compliance with differential 
privacy thresholds. Figure 2 illustrates the interpretability scores achieved by the proposed 
framework and baseline models, highlighting the advancements in generating reliable and 
meaningful feature explanations. 
 
Comparison with Baselines 
The proposed framework was compared against two baseline models: 

• Baseline 1 (Federated Learning): This model provided privacy guarantees but lacked 
interpretability, with an average accuracy of 85%. 

• Baseline 2 (Centralized Interpretable Model): This model offered interpretability 
metrics but did not address privacy, achieving an accuracy of 88%. 

• The unified framework outperformed both baselines by integrating privacy and 
interpretability seamlessly, achieving superior results across all evaluation criteria. 

 
Figure 3 compares the accuracy of the proposed framework against two baseline models, 
demonstrating its superior performance in combining privacy-preserving and interpretable 
features. 
 
Summary of Results 
The findings validate the effectiveness of the proposed framework in integrating XAI and PPML 
for real-time decision-making. It demonstrated substantial improvements in interpretability 
and privacy compliance while maintaining competitive performance metrics. These results 
underscore the framework’s potential for deployment in critical applications where 
transparency, security, and efficiency are essential. 
 

 
Figure 1: Latency comparison of the proposed framework and baseline models. 
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Figure 2: Interpretability metrics for the proposed framework and baseline models. 

 

 
Figure 3: Accuracy comparison of the proposed framework and baseline models. 

 
DISCUSSION 

The findings from this study demonstrate the effectiveness of the proposed unified framework 
in addressing the dual challenges of interpretability and privacy in real-time machine learning 
systems. This section provides a detailed analysis of the implications of the results, explores 
potential limitations, and suggests avenues for future research. 
 
Implications of the Results 
The experimental outcomes reveal that integrating Explainable Artificial Intelligence (XAI) with 
Privacy-Preserving Machine Learning (PPML) is feasible and beneficial for critical applications 
such as healthcare and energy optimization. The framework consistently outperformed 
baseline models across key metrics, including accuracy, latency, and interpretability (Figure 1, 
Figure 2, and Figure 3). 
 
For healthcare analytics, the high SHAP explanation fidelity score (91%) underscores the 
framework's ability to generate meaningful feature explanations, improving stakeholder trust 
in model predictions. Similarly, in energy optimization, the 89% explanation fidelity 
demonstrates the utility of the framework in understanding feature contributions for demand 



 
 
 

 
 
 

58 

Vol 13, Issue 01, February - 2025 Transactions on Engineering and Computing Sciences (TECS) 

 

Services for Science and Education – United Kingdom 

forecasting. These results indicate that the proposed framework addresses the transparency 
concerns that have often hindered the adoption of machine learning in sensitive domains. 
 
The integration of differential privacy mechanisms effectively mitigated privacy risks, ensuring 
compliance with ethical standards without significantly impacting model performance. This 
balance between privacy and utility represents a substantial advancement in the development 
of responsible AI systems. 
 
Limitations 
While the results are promising, there are some limitations to consider. First, the computational 
overhead introduced by federated learning and privacy-preserving techniques may pose 
challenges for deployment in resource-constrained environments. Although model pruning and 
quantization were employed to reduce latency, further optimization is necessary to scale the 
framework for large-scale systems with limited processing power. 
 
Second, the evaluation focused on two domains: healthcare and energy optimization. While 
these are representative of real-world applications, additional validation across other critical 
sectors, such as finance and autonomous systems, is essential to generalize the findings. 
 
Finally, the interpretability metrics relied on SHAP-based evaluation methods. While effective, 
these methods may not fully capture the nuances of interpretability required for specific 
applications, such as those involving sequential data or multi-modal inputs. Future work should 
explore alternative interpretability techniques tailored to such scenarios. 
 
Future Directions 
Building on the results of this study, several opportunities for future research emerge: 

1. Scalability Improvements: Develop lightweight versions of the framework to facilitate 
deployment in edge computing environments and low-resource settings. 

2. Domain Expansion: Extend the evaluation to additional domains, such as finance, 
autonomous vehicles, and public policy, to further validate the framework's versatility. 

3. Advanced Interpretability Techniques: Investigate new interpretability methods that 
are compatible with privacy-preserving mechanisms and can handle complex data 
types, such as time-series and multi-modal data. 

4. Dynamic Privacy-Accuracy Trade-offs: Explore adaptive methods to dynamically 
balance privacy and accuracy requirements based on application-specific constraints. 

 
CONCLUSION 

This study introduces a unified framework that combines Explainable Artificial Intelligence 
(XAI) with Privacy-Preserving Machine Learning (PPML) to address the pressing challenges of 
interpretability and privacy in real-time decision-making systems. By integrating interpretable 
models, federated learning, and advanced secure computation techniques, the framework 
demonstrates a novel approach to balancing transparency and data protection in critical 
applications. 
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The experimental results highlight the framework’s effectiveness in healthcare and energy 
optimization domains, achieving high interpretability and robust privacy compliance without 
compromising performance. Compared to baseline models, the proposed framework offers 
superior accuracy, reduced latency, and enhanced user trust through meaningful explanations 
of model predictions. 
 
While the findings are promising, the study also acknowledges limitations, including 
computational overhead and the need for broader validation across diverse domains. These 
challenges open avenues for future research, such as optimizing the framework for resource-
constrained environments, expanding its applicability, and developing advanced 
interpretability methods compatible with privacy-preserving mechanisms. 
 
In conclusion, this framework provides a significant step toward ethical and efficient AI 
systems, paving the way for responsible integration of machine learning technologies in 
sensitive, real-time applications. 
 

FUTURE WORK 
The proposed unified framework lays a foundation for integrating Explainable Artificial 
Intelligence (XAI) and Privacy-Preserving Machine Learning (PPML) in real-time decision-
making systems. However, the study also highlights opportunities for further improvement and 
exploration. 

1. Enhancing Scalability: 
Future efforts should focus on developing lightweight versions of the framework to 
enable deployment in edge computing environments and other resource-constrained 
settings. Techniques such as distributed modelcompression and adaptive federated 
learning protocols could reduce computational and communication overheads. 

2. Exploration of Additional Domains: 
While this study evaluated the framework in healthcare and energy optimization, 
validating its utility in other critical fields, such as finance, transportation, and 
autonomous systems, would enhance its versatility. Domain-specific adaptations and 
optimizations may be necessary to address unique challenges in these areas. 

3. Advanced Interpretability Methods: 
To complement SHAP-based techniques, future work could investigate alternative 
interpretability strategies that align with the privacy-preserving architecture. This 
includes methods tailored for sequential data, multi-modal inputs, and dynamic 
decision-making contexts. 

4. Dynamic Trade-off Mechanisms: 
Developing adaptive algorithms that dynamically balance privacy, interpretability, and 
accuracy requirements based on real-time constraints and application needs is an area 
ripe for exploration. Such mechanisms would further improve the flexibility of the 
framework across varying use cases. 

5. Incorporation of Ethical AI Guidelines: 
Expanding the framework to explicitly incorporate principles of ethical AI, such as bias 
detection and mitigation, could bolster its societal impact. Future research should 
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explore methods to identify and minimize algorithmic biases while maintaining privacy 
and interpretability. 

 
By addressing these avenues, future research can build on the contributions of this study to 
create more robust, scalable, and ethical AI systems capable of meeting the diverse 
requirements of real-time applications in sensitive domains. 
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