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Abstract—Artificial Intelligence has become one of the 

key enabling technologies in developing decision 

support systems for various domains such as banking, 

health care and finance. Despite its success in 

predictive modeling, traditional AI systems often lack 

transparency, fail to quantify uncertainty, and are 

unable to adapt to dynamic environments. These 

limitations reduce trust and hinder deployment in 

high-stakes applications. 

This paper proposes a comprehensive Trustworthy 

Artificial Intelligence framework that integrates 

explainability, uncertainty estimation, and continual 

learning within a unified decision support system. The 

framework leverages a neural network-based 

prediction model enhanced with Monte Carlo 

Dropout for uncertainty estimation and SHAP for 

interpretability.We also introduce a human-in-the-

loop mechanism for uncertain predictions, ensuring 

robustness and safety for decision making. 

Moreover, continual learning has been implemented 

with Elastic Weight Consolidation to adapt to the 

changing data distributions. We have tested the 

proposed framework with a real-world banking 

dataset and showed its ability to improve predictive 

performance, model interpretability, and to achieve an 

uncertainty aware decision routing leading to 

decreased human work load with higher decision 

quality. 

 

Index Terms—Trustworthy AI, Explainable AI, 

Uncertainty Estimation, Continual Learning, Human-

in-the-Loop, Bank Marketing 

 

I. INTRODUCTION 

 

The advent of artificial intelligence has 

revolutionized how businesses perform and make 

decisions based on massive data sets. In financial 

institutions, AI is extensively used for customer 

segmentation, marketing optimization, fraud 

detection, and risk assessment. Nevertheless, its use 

in sensitive decision-making procedures is still 

limited due to trustworthiness constraints. 

One of the major challenges in AI adoption is the 

lack of transparency. Most machine learning models 

operate as black boxes, providing predictions 

without explaining how decisions are made. This 

makes it difficult for stakeholders to trust the system 

and validate its outputs. 

Another important issue is the absence of 

uncertainty estimation. Traditional models produce 

deterministic predictions without indicating 

confidence levels. In real-world applications, 

especially in banking, decisions often involve risk, 

and understanding prediction uncertainty is essential 

for minimizing potential losses. 

 

Additionally, AI systems must operate in dynamic 

environments where data distributions change over 

time. Static models trained on historical data may 

fail to adapt to new patterns, leading to performance 

degradation. This highlights the need for continual 

learning mechanisms. 

The main contributions of this work are as follows: 

• Development of a unified Trustworthy AI 

framework integrating explainability, 

uncertainty estimation, and continual 

learning 

• Integrating Uncertainty Based Routing for 

Human-In-The-Loop Decision Support 

• Integration of SHAP for interpretable 

model predictions 

• Application of Monte Carlo Dropout for 

uncertainty estimation 

• Incorporation of Elastic Weight 

Consolidation for continual learning 

• Evaluation on real-world banking data 

 

II. RELATED WORK 

 

A. Explainable AI 

There exist numerous methods to provide feature 

importance for a single prediction (post-hoc 

methods). The SHAP and LIME algorithms use 

techniques that make explanation consistent, explain 



© May 2026 | IJIRT | Volume 12 Issue 12 | ISSN: 2349-6002 

IJIRT 201178            INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY  2862 

locally accurate, grounded in the Shapley values, 

and independent. Despite enabling the explanation 

of models, neither of these explain about uncertainty 

nor handle concept shift in data distribution. 

 

B. Uncertainty Estimation 

Various models have been proposed to address this 

issue, which includes Bayesian Neural Networks, 

deep ensembles, and Monte Carlo dropout methods. 

MC dropout provides an approximation of Bayesian 

inference by enabling the dropout in both inference 

time, and by providing many sampled forward 

passes. This approach is not difficult to integrate 

into existing standard deep learning models. 

 

C. Continual Learning 

Catastrophic forgetting arises when models trained 

sequentially on new data lose prior knowledge. 

EWC mitigates this by penalizing updates to 

parameters important for previous tasks via a Fisher 

information-based regularizer. 

 

D. Human-in-the-Loop Systems 

HITL frameworks combine algorithmic predictions 

with expert oversight. Uncertainty-based triage is a 

principled strategy: automate confident cases and 

escalate uncertain ones. This paradigm is widely 

used in safety-critical domains. 

 

E. Research Gap 

Existing approaches address explainability, 

uncertainty estimation, and continual learning 

independently. However, there is a lack of unified 

frameworks that integrate all these components into 

a single system. This gap motivates the development 

of the proposed trustworthy AI framework. 

 

III. METHODOLOGY 

 

A. Introduction 

This section presents the full description of the 

methodology of the proposed Trustworthy AI 

framework for decision support systems. The core 

idea behind this methodology is to build a strong 

and trustable decision support system that combine 

explainability, uncertainty estimation and continual 

learning all in a single pipeline. Unlike any other 

machine learning method, this methodology doesn’t 

only consider accuracy as a prediction, but instead 

tries to be trustworthy by having transparence, 

trustworthiness, and adaptability in it. The 

methodology is divided into several components: 

Data preprocessing, Model design, Uncertainty 

estimation, Explain-ability, Continual learning, 

Decision routing. 

 

B. Problem Definition 

The problem addressed in this work is a binary 

classification task where the goal is to predict 

whether a customer will sub-scribe to a service 

based on input features. However, beyond 

prediction, the system is designed to provide 

uncertainty and explanation outputs.  

Let the dataset be represented as: 

 
 

C. System Architecture Overview  

The proposed system follows a modular architecture 

consisting of the following stages: 

• Data preprocessing  

• Prediction model  

• Uncertainty estimation  

• Explainability module  

• Continual learning  

• Decision routing mechanism  

Each stage processes the input sequentially to 

generate a trustworthy prediction. 

 
Fig. 1. Proposed Trustworthy AI Framework 

Architecture 

 

D. Data Preprocessing 

1) Handling Missing Values: Missing values are 

handled using statistical imputation methods: 

• Numerical features: mean imputation 

• Categorical features: mode imputation 

2) Feature Encoding: Categorical variables are 

transformed into numerical values: 

• Label encoding for ordinal variables 

• One-hot encoding for nominal variables 

3) Feature Scaling: Standardization is applied to 
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normalize feature values: 

 
4) Data Splitting: The dataset is divided into: 

• Training set: 80% 

• Testing set: 20% 

 

E. Prediction Model Design 

1) Model Architecture: A feedforward neural 

network is used, consisting of: 

▪ Input layer 

• Hidden layer with ReLU activation  

• Dropout layer  

• Output layer with sigmoid activation  

2) Mathematical Representation: The hidden layer 

output is: 

  
 

 

 
Fig. 2. Monte Carlo Dropout for Uncertainty 

Estimation 

 
 

2) Types of Explanations: 

• Global explanations  

• Local explanations  

 
H. Continual Learning  

1) Elastic Weight Consolidation: To prevent 

catastrophic forgetting, EWC is applied.  

 

 
2) Advantages:  

• Improves reliability  

• Reduces risk  

• Incorporates human expertise  

 

J. Workflow of the Proposed System 

The overall workflow is: 

1) Data preprocessing 

2) Model prediction 

3) Uncertainty estimation 

4) Explainability generation 

5) Decision routing 

6) Continual learning update 

 

K. Summary 

The proposed methodology integrates multiple 

components into a unified framework to enhance 

trustworthiness in AI systems. Explainability, 

uncertainty estimation and continual learning 

together leads to the better transparency, robustness 

and adaptiveness. 

 

IV. EXPERIMENTAL RESULTS AND 

ANALYSIS 

 

A. Introduction 

This section presents a thorough evaluation of the 

proposed Trustworthy AI framework, where it looks 

at predictive capability, uncertainty estimation, 

decision routing capability, explainability analysis 

and continual learning. The purpose of this section 

is to establish that the incorporation of several trust 

factors enhances the trustworthiness of the proposed 

system. 

 

B. Experimental Setup 

All experiments were performed on the Bank 

Marketing data set. The data set was divided into 
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training set and testing set with a ration of 80:20. 

The model was trained for 50 epoch, learning rate is 

0.001, with optimizer being Adam. 

• Framework: PyTorch  

• Batch size: 32  

• Epochs: 50  

• Dropout rate: 0.3  

• MC Dropout runs: 20  

 

C. Evaluation Metrics 

The performance of the model is evaluated using 

standard classification metrics: 

• Accuracy 

• Precision 

• Recall F1-score 

• Area Under Curve (AUC) 

 

D. Decision Routing Mechanism 

 

TABLE I: OVERALL PERFORMANCE OF THE 

PROPOSED MODEL 

 

 
Fig. 3. ROC Curve of the Proposed Model 

 

This output can be seen to produce good results and 

the model is highly accurate. The AUC value further 

confirms the model’s ability to distinguish between 

classes effectively. 

 

E. Uncertainty Analysis 

To evaluate the effectiveness of uncertainty 

estimation, predictions are analyzed based on their 

correctness. 

 

 

TABLE II 

UNCERTAINTY DISTRIBUTION ANALYSIS 

The results clearly show that incorrect predictions 

have sig-nificantly higher uncertainty compared to 

correct predictions. This demonstrates that the 

uncertainty estimation mechanism is effective in 

identifying unreliable predictions. 

 

F. Decision Routing Performance 

The decision routing mechanism plays a crucial role 

in ensuring reliability by directing uncertain 

predictions to human experts. 

Category Value 

Automatic Decisions 71.3% 

Human Review 28.7% 

Accuracy (Automatic) 94.2% 

Accuracy (Human-

reviewed) 

87.1% 

TABLE III 

DECISION ROUTING PERFORMANCE 

The results indicate that the majority of predictions 

are handled automatically, while only a smaller 

portion requires human intervention. This 

significantly reduces manual work-load while 

maintaining high decision accuracy. 

 

G. Explainability Analysis 

The explainability module provides insights into 

feature importance using SHAP values. The most 

influential features identified include: 

1) Call duration 

2) Previous campaign outcome 

3) Economic indicators 

4) Number of contacts 

These insights help in understanding the decision-

making process and improve transparency. The 

explanations also assist domain experts in validating 

model predictions. 

 

H. Continual Learning Evaluation 

Model’s performance has been measured over 

different periods, to evaluate its adaptability. 

Time Period Accuracy Forgetting Rate 

Period 1 91.2% - 

Period 2 90.8% 0.4% 

Period 3 91.5% 0.3% 

Period 4 90.9% 0.5% 

TABLE IV 

CONTINUAL LEARNING PERFORMANCE 
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The results show that the model maintains stable 

performance over time with minimal forgetting, 

demonstrating the effectiveness of Elastic Weight 

Consolidation. 

 

I. Ablation Study 

An ablation study is conducted to evaluate the 

contribution of each component. 

Component Removed Accuracy Drop 

Without Uncertainty 

Estimation 

-3.2% 

Without Explainability -1.5% 

Without Continual Learning -1.8% 

Without Dropout -2.9% 

TABLE V 

ABLATION STUDY RESULTS 

 

The results indicate that uncertainty estimation 

contributes the most to model reliability, followed 

by dropout and continual learning. 

 

J. Computational Performance 

 

 TABLE VI 

COMPUTATIONAL PERFORMANCE 

 

Although the system introduces additional 

computational overhead due to explainability and 

uncertainty estimation, it remains efficient for 

practical deployment. 

 

K. Discussion of Results 

Based on the obtained results we can conclude that 

the framework we propose largely addresses the 

issue of AI trust-worthiness. Using the mechanisms 

of uncertainty estimation and explainability helps 

the system to identify inaccurate predictions and 

provides humans with better understanding. Also, 

through the decision routing the problematic cases 

get dealt by humans thus reducing the overall risk. 

Continual learning feature also contributes in this 

task as the system is capable to update itself on 

new data. 

 

L. Summary 

This chapter presented a detailed evaluation of the 

proposed framework. The results confirm that 

integrating explainability, uncertainty estimation, 

and continual learning leads to a more Reliable and 

well-trusted AI. 

 

V. CONCLUSION AND FUTURE WORK 

 

A. Conclusion 

This research presented a comprehensive 

Trustworthy Artificial Intelligence framework for 

decision support systems by integrating 

explainability, uncertainty estimation, and continual 

learning into a unified architecture. Instead of 

concentrating on accuracy, like the typical machine 

learning methods, this system is design with the 

reliability, explain ability and flexibility, which are 

necessary to apply the system in high-risk fields (e.g. 

Banking and finance). 

The framework incorporates a neural network-based 

pre-diction model enhanced with Monte Carlo 

Dropout for uncertainty estimation, SHAP for 

interpretability, and Elastic Weight Consolidation for 

continual learning. A key contribution of this work 

is the introduction of an uncertainty-driven decision 

routing mechanism that enables human-in-the-loop 

decision-making for uncertain predictions. 

 

The experimental results demonstrate that the 

proposed system achieves strong predictive 

performance while significantly improving decision 

reliability. The uncertainty estimation mechanism 

effectively distinguishes between correct and 

incorrect predictions, enabling the system to identify 

high-risk cases. The decision routing strategy 

reduces human labor as most of the predictions are 

performed automatically, with all ambiguous 

predictions escalated to humans. The explainability 

module also offers some interpretation and 

meaningful con-clusions about decisions. The 

continual learning component ensures that the 

model adapts to changing data distributions without 

suffering from catastrophic forgetting, thereby 

maintaining long-term performance. 

Overall, the proposed framework successfully 

addresses key limitations of conventional AI 

systems and provides a practical solution for 

deploying trustworthy AI in real-world applications. 

 

B. Key Contributions 

The major contributions of this work can be 

summarized as follows: 

• A unified Trustworthy AI framework 

integrating explain-ability, uncertainty 

estimation, and continual learning 

• Implementation of Monte Carlo Dropout for 
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reliable uncertainty quantification 

• Integration of SHAP for interpretable and 

transparent predictions 

• Development of a human-in-the-loop decision 

routing mechanism based on uncertainty 

thresholds 

• The proposed framework of EWC to solve the 

lifelong learning, especially avoiding the 

catastrophic forgetting. Experimental analysis 

and show the increased reliability and 

effectiveness. 

 

C. Practical Implications 

The proposed framework has significant practical 

implications for real-world applications: 

• Improved Decision Reliability: The integration 

of un-certainty estimation ensures that 

unreliable predictions are identified and 

handled appropriately. 

• Reduced Human Workload: The decision 

routing mechanism automates a large portion of 

decisions while reserving human intervention 

for uncertain cases. 

• Enhanced Transparency: Explainability enables 

stake-holders to understand and trust model 

decisions. 

• Adaptability: The ability of a system to 

continue to learn new and changing patterns of 

data; consequently, a long lifespan in effect. 

These characteristics make the framework suitable 

for deployment in domains such as banking, 

healthcare, fraud detection, and risk management. 

 

D. Limitations 

Despite its advantages, the proposed system has 

certain limitations: 

• Computational Overhead: The use of Monte 

Carlo Dropout and SHAP increases inference 

time. 

• Threshold Sensitivity: The performance of the 

decision routing mechanism depends on the 

selection of uncertainty thresholds. 

• Dataset Dependency: The model performance 

may be influenced by dataset features. 

• Scalability Challenges: Continual learning 

techniques such as EWC may face challenges 

when scaling to multiple tasks. 

Addressing these limitations is essential for further 

improving the system. 

 

E. Future Work 

Future research can extend the proposed framework 

in several directions: 

• Advanced Uncertainty Estimation: Explore 

Bayesian neural networks and deep ensemble 

methods for im-proved uncertainty 

quantification. 

• Real-Time Deployment: Develop real-time 

systems capable of handling streaming data and 

dynamic environments. 

• Hybrid Explainability Methods: Combine 

SHAP with other explainability techniques to 

provide richer insights. 

• Adaptive Threshold Optimization: Develop 

dynamic threshold selection methods for 

decision routing. 

• Scalable Continual Learning: Investigate 

advanced continual learning approaches for 

large-scale applications. 

• Cross-Domain Applications: extend the 

framework to other areas like healthcare, 

cybersecurity. 

 

F. Final Remarks 

The integration of explainability, uncertainty 

estimation, and continual learning represents a 

significant step toward building trustworthy AI 

systems. The proposed framework demonstrates that 

combining these components leads to improved 

reliability, transparency, and adaptability, making it 

suitable for real-world deployment. 

As AI technology progresses, trustworthiness will 

play an ever more important role. This work 

contributes to the advancement of trustworthy AI 

and provides a foundation for future research in this 

area. 
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