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ABSTRACT 

In recent years, artificial intelligence (AI) has revolutionized fraud detection systems, offering unprecedented 

accuracy and efficiency. However, the inherent complexity of these AI models often renders their decision-

making processes opaque and difficult to understand. This study, titled "AI Decisions Demystified: Comparing 

Narrative Generation Methods in Fraud Detection," aims to address this challenge by evaluating the 

effectiveness of various narrative generation techniques in enhancing the explainability of AI-based fraud 

detection systems. By translating complex numerical patterns into clear, coherent narratives, these techniques 

have the potential to make AI decisions more transparent and accessible to users. The research involves a 

comparative analysis of different narrative methods, assessing their impact on user understanding and trust 

across diverse stakeholder groups, including financial analysts, regulatory bodies, and end-users. The findings 

of this study are expected to provide valuable insights into the most effective approaches for improving AI 

explainability, ultimately contributing to the development of more transparent and user-friendly fraud detection 

systems. 
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INTRODUCTION 

A. Overview of AI in Fraud Detection 

Artificial intelligence (AI) has revolutionized various industries, with fraud detection being one of the most 

significantly impacted areas. Traditional methods of fraud detection often relied on rule-based systems and 

manual oversight, which could not keep pace with the increasing sophistication and volume of fraudulent 

activities. AI technologies, particularly machine learning algorithms, have provided a new frontier in combating 

fraud by offering enhanced capabilities to detect and prevent fraudulent transactions in real-time. 

Machine learning models, which are a core component of AI, are particularly effective in fraud detection due to 

their ability to learn from vast amounts of data and identify patterns that might be indicative of fraud. These 

models can analyze transaction data, user behavior, and other relevant factors to flag suspicious activities that 

may require further investigation. The advantage of AI over traditional methods lies in its scalability, 

adaptability, and ability to handle complex data sets. AI systems can continuously learn and evolve, improving 

their accuracy and effectiveness over time. 

The integration of AI in fraud detection systems has led to significant improvements in identifying and 

mitigating fraudulent activities. For instance, AI models can process and analyze transaction data at a scale and 

speed that is unattainable by human analysts. This capability is crucial in financial sectors where the volume of 

transactions is immense, and fraudsters are constantly developing new methods to bypass traditional detection 

systems. By leveraging AI, organizations can not only detect fraud more efficiently but also reduce false 

positives, thus minimizing unnecessary disruptions for legitimate customers. 

However, despite these advancements, the deployment of AI in fraud detection is not without challenges. One of 

the most significant issues is the opacity of AI models, often referred to as the "black box" problem. This 

problem arises because many AI models, particularly those based on deep learning and other complex 

algorithms, operate in ways that are not easily interpretable by humans. As a result, understanding the decision-
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making process of these models becomes difficult, which can lead to mistrust and resistance from stakeholders 

who rely on these systems for critical decisions. 

 
Figure 1: Accessed from https://www.leewayhertz.com/ai-in-fraud-detection/ 

 

B. Importance of Explainability in AI Models 

Explainability in AI models refer to the ability to understand and articulate the reasoning behind the predictions 

and decisions made by these systems. This aspect of AI is crucial for several reasons, particularly in applications 

like fraud detection where the implications of decisions can be significant. Without explainability, users of AI 

systems may find it challenging to trust and adopt these technologies, especially when they cannot understand 

why certain transactions are flagged as fraudulent. 

The importance of explainability in AI has been highlighted by various researchers and practitioners in the field. 

Ribeiro et al. [1] emphasized that for AI models to be trusted and widely adopted, they must provide clear and 

understandable explanations for their predictions. This transparency is not only important for gaining user trust 

but also for ensuring accountability and compliance with regulatory requirements. In many industries, including 

finance, regulations mandate that organizations provide explanations for decisions, especially those that impact 

customers' financial status. 

Doshi-Velez and Kim [2] further argued that the lack of interpretability in AI models poses a significant barrier 

to their deployment in critical applications. They called for a rigorous science of interpretable machine learning, 

suggesting that developing models that are both accurate and interpretable is essential for the responsible use of 

AI. Explainable AI models enable stakeholders to understand the factors contributing to a decision, which is 

particularly important in fraud detection where understanding the context and rationale behind a flagged 

transaction can inform better decision-making and response strategies. 

The "black box" nature of many AI models also raises ethical and legal concerns. Without clear explanations, it 

is difficult to assess whether a model's decisions are fair, unbiased, and compliant with legal standards. For 

instance, if an AI model disproportionately flags transactions from certain demographics as fraudulent, it could 

lead to allegations of bias and discrimination. Explainable AI can help mitigate these risks by providing 

transparency into how decisions are made, allowing organizations to identify and address potential biases in 

their models. 

 

C. Purpose of the Review: Exploring Narrative Generation Techniques for AI Explainability 

The primary purpose of this literature review is to explore various narrative generation techniques and their 

potential to enhance the explainability of AI models in fraud detection. Narrative generation involves converting 

complex numerical patterns and data outputs from AI models into coherent and understandable narratives that 

can be easily interpreted by humans. This approach aims to bridge the gap between the sophisticated algorithms 

used by AI systems and the need for clear, transparent explanations that stakeholders can trust and act upon. 

Ribeiro et al. [1] introduced methods such as LIME (Local Interpretable Model-agnostic Explanations), which 

aim to provide model-agnostic explanations that can be applied to any classifier. These methods work by 

approximating the AI model locally with an interpretable model, thus offering insights into why a particular 

prediction was made. Such techniques are valuable for enhancing the transparency of AI models, but they often 

require further development to be fully effective in complex real-world scenarios like fraud detection. 

Doshi-Velez and Kim [2] suggested that a more structured approach to interpretability is needed, one that 

systematically evaluates the trade-offs between model accuracy and interpretability. They proposed the 

development of new methods that inherently balance these aspects, enabling the creation of AI systems that are 

not only powerful but also transparent and trustworthy. 

By focusing on narrative generation techniques, this review seeks to identify and evaluate different approaches 

to making AI models more explainable. These techniques include rule-based methods, template-based methods, 

machine learning-based methods, and natural language generation (NLG) techniques. Each of these approaches 
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has its own strengths and limitations, and understanding these can help in developing more effective 

explainability tools for AI-based fraud detection systems. 

Rule-based methods involve predefined rules that generate explanations based on the outputs of the AI model. 

These methods can provide clear and consistent narratives but may lack flexibility and adaptability to new or 

unexpected scenarios. 

Template-based methods use structured templates with placeholders for specific information. These templates 

can generate more flexible narratives than rule-based methods but still rely on predefined structures that may not 

capture all nuances of the model's decision-making process. 

Machine learning-based methods leverage the power of AI to generate narratives by learning from data. These 

methods can adapt to new data and provide more accurate explanations but may also inherit the complexity and 

opacity of the underlying AI models. 

Natural language generation (NLG) techniques involve sophisticated algorithms that convert data into 

human-like text. NLG can produce fluent and contextually appropriate narratives, making it a powerful tool for 

enhancing explainability. However, the complexity of NLG models can also pose challenges in terms of 

transparency and control. 

 
Figure 2: Narrative Generation Techniques across various Criteria 

 

AI IN FRAUD DETECTION 

A. Historical Context and Evolution of Fraud Detection Methods 

Fraud detection has always been a critical concern for financial institutions, businesses, and regulatory bodies. 

Historically, fraud detection methods relied heavily on manual processes and rule-based systems. These 

traditional approaches, while somewhat effective, were often limited by their inability to scale and adapt to new, 

evolving fraud tactics. The manual nature of early fraud detection meant that human analysts had to sift through 

vast amounts of data, looking for patterns or anomalies that might indicate fraudulent activities. This process 

was not only time-consuming but also prone to errors due to the sheer volume of transactions and the increasing 

sophistication of fraud schemes. 

The advent of computerized systems in the late 20th century brought significant improvements. Rule-based 

systems emerged, allowing for automated checks against predefined rules or patterns indicative of fraud. These 

systems could flag transactions that deviated from typical behavior, such as unusually large purchases or 

transactions from geographically disparate locations. While these rule-based systems enhanced efficiency, they 

were still reactive rather than proactive, often identifying fraud only after it had occurred. Moreover, their 

effectiveness was limited by the rigidity of the rules, which required constant updating to keep pace with the 

evolving tactics of fraudsters. 

The application of data mining techniques in the early 2000s marked a significant advancement in fraud 

detection methods. Data mining involves analyzing large datasets to discover patterns, correlations, and 

anomalies that might not be apparent through manual analysis or simple rule-based approaches. According to 

Ngai et al. [3], data mining techniques enabled more sophisticated analysis of transaction data, leading to better 

detection of complex fraud schemes. These techniques could uncover subtle patterns that indicated fraudulent 

behavior, improving the ability to detect and prevent fraud. 

B. Integration and Benefits of AI in Fraud Detection 

The integration of artificial intelligence (AI) into fraud detection systems has further revolutionized the field. 

AI, particularly machine learning (ML), offers the capability to learn from historical data and improve its 

predictive accuracy over time. Machine learning models can analyze vast amounts of transaction data, user 

behavior, and other relevant factors to identify patterns that might indicate fraud. Unlike rule-based systems, 

which rely on predefined rules, ML models can adapt to new data and detect previously unseen fraud patterns. 

One of the primary benefits of AI in fraud detection is its ability to process and analyze data in real-time. This 

capability is crucial in today's fast-paced financial environment, where fraudulent transactions can occur within 

seconds. AI systems can monitor transactions as they happen, applying complex algorithms to assess the 

likelihood of fraud and flagging suspicious activities for further investigation. This real-time analysis 
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significantly reduces the time between the occurrence and detection of fraud, allowing for quicker responses and 

minimizing potential losses. 

AI also enhances the accuracy of fraud detection by reducing false positives. Traditional systems often generate 

numerous false alarms, flagging legitimate transactions as fraudulent due to rigid rules or simplistic anomaly 

detection methods. Machine learning models, on the other hand, can differentiate between normal and 

suspicious behavior more effectively by considering a broader range of variables and learning from past data. 

This reduction in false positives not only improves the efficiency of fraud detection teams but also enhances the 

customer experience by reducing unnecessary transaction disruptions. 

Furthermore, AI-driven fraud detection systems can continuously improve their performance through a process 

known as supervised learning. In this process, the model is trained on labeled datasets, where the outcomes 

(fraudulent or legitimate transactions) are known. The model learns from these examples and applies this 

knowledge to new, unlabeled data. Over time, as more data becomes available and the model is retrained, its 

predictive accuracy and ability to identify new fraud patterns improve. 

Bauder and Khoshgoftaar [4] highlighted that AI, particularly using big data analytics, has significantly 

improved the scalability of fraud detection systems. Big data technologies enable the processing of vast amounts 

of transactional data, social media information, and other relevant datasets, providing a comprehensive view of 

potential fraud indicators. AI models can integrate and analyze this diverse data, offering more robust and 

accurate fraud detection capabilities. 

C. Current Challenges in AI-Based Fraud Detection Systems 

Despite the significant advancements brought by AI in fraud detection, several challenges persist. One of the 

primary challenges is the complexity and opacity of AI models, often referred to as the "black box" problem. 

Many AI models, particularly deep learning algorithms, operate in ways that are not easily interpretable by 

humans. This lack of transparency makes it difficult for stakeholders to understand how and why certain 

transactions are flagged as fraudulent, which can lead to mistrust and resistance from users and regulatory 

bodies. 

Explainability and interpretability of AI models are critical, especially in financial sectors where transparency 

and accountability are paramount. Bauder and Khoshgoftaar [4] emphasized that without clear explanations, it is 

challenging to ensure that AI systems are making fair and unbiased decisions. This issue is compounded by the 

regulatory requirements that mandate clear justifications for financial decisions impacting customers. 

Another challenge is the data quality and availability. AI models rely heavily on large volumes of high-quality 

data to make accurate predictions. In many cases, the data available for training AI models may be incomplete, 

noisy, or biased. Ensuring the quality and representativeness of training data is crucial for developing reliable AI 

fraud detection systems. Moreover, the evolving nature of fraud tactics means that AI models must be 

continually updated with new data to remain effective, which requires robust data collection and management 

processes. 

Data privacy and security concerns also pose significant challenges. The use of personal and sensitive data in AI 

models for fraud detection raises ethical and legal issues related to data protection. Organizations must ensure 

that their AI systems comply with data privacy regulations, such as the General Data Protection Regulation 

(GDPR) in Europe and implement robust measures to protect sensitive information from breaches and misuse. 

Lastly, the implementation and integration of AI systems in existing fraud detection frameworks can be complex 

and resource intensive. Organizations need to invest in the necessary infrastructure, tools, and expertise to 

develop, deploy, and maintain AI models. This integration process can be challenging, particularly for 

organizations with legacy systems or limited technological capabilities. Ensuring that AI systems are 

interoperable with existing processes and technologies is essential for maximizing their effectiveness and 

efficiency. 

 

EXPLAINABILITY IN AI MODELS 

A. Definition and Significance of AI Explainability 

Explainability in artificial intelligence (AI) refers to the extent to which the internal mechanisms of a machine 

learning model can be understood by humans. It involves providing clear and understandable explanations for 

how AI models make decisions, which is crucial for building trust, ensuring accountability, and facilitating the 

broader adoption of AI technologies. Explainability is particularly significant in high-stakes domains such as 

healthcare, finance, and criminal justice, where the implications of AI decisions can have profound 

consequences. 

The importance of explainability in AI models stems from several factors. First, it enables stakeholders to trust 

and adopt AI systems. When users understand how and why an AI model makes certain predictions, they are 

more likely to trust its outputs and integrate the technology into their decision-making processes. This trust is 

essential for the widespread deployment of AI technologies in various sectors. 

Second, explainability is critical for accountability. In regulated industries, organizations must often provide 

clear justifications for decisions, particularly those that impact individuals' lives or financial status. Transparent 
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AI models can help organizations meet these regulatory requirements by offering explanations that are 

comprehensible to regulators and other stakeholders. 

Third, explainability facilitates the identification and mitigation of biases within AI models. Biases can arise 

from various sources, including biased training data or model design flaws. By making AI models more 

interpretable, stakeholders can scrutinize the decision-making process, identify potential biases, and take 

corrective actions to ensure fairness and equity. 

Finally, explainability enhances the collaboration between AI developers and domain experts. In complex fields 

such as healthcare, domain experts need to understand the rationale behind AI predictions to validate and 

effectively use the technology. Explainable AI models bridge the gap between technical developers and domain 

experts, fostering collaboration and improving the overall performance and reliability of AI systems. 

B. The "Black Box" Problem in AI 

One of the most significant challenges in AI is the "black box" problem, which refers to the opacity and 

complexity of many machine learning models. Advanced AI models, particularly those based on deep learning, 

operate with intricate architectures and vast numbers of parameters that are not easily interpretable by humans. 

While these models can achieve remarkable accuracy and performance, their decision-making processes remain 

largely opaque, making it difficult to understand how they arrive at specific predictions. 

The black box nature of AI models poses several issues. First, it undermines trust in AI systems. Stakeholders 

are often hesitant to rely on technologies they do not understand, especially when the outcomes of AI decisions 

have significant implications. Without clear explanations, users may be reluctant to adopt AI systems, limiting 

their potential benefits. 

Second, the lack of transparency in AI models complicates the process of diagnosing and correcting errors. 

When an AI model makes an incorrect or unexpected prediction, understanding the underlying cause is crucial 

for addressing the issue and improving the model. However, the black box nature of complex AI models makes 

this task challenging, hindering efforts to refine and optimize the technology. 

Third, the opacity of AI models raises ethical and legal concerns. In domains such as finance and criminal 

justice, decisions made by AI systems can have serious repercussions for individuals and communities. The 

inability to explain these decisions can lead to allegations of bias, discrimination, and injustice, potentially 

resulting in legal and ethical challenges for organizations that deploy AI technologies. 

Gilpin et al. [5] highlighted the importance of interpretability in AI, noting that as AI systems become more 

pervasive, the need for transparent and understandable models grows. They argued that interpretability is 

essential for ensuring that AI systems are used responsibly and ethically, particularly in high-stakes applications. 

C. Existing Techniques for Enhancing Explainability in AI Models 

Various techniques have been developed to enhance the explainability of AI models, making them more 

transparent and interpretable to humans. These techniques can be broadly categorized into model-specific and 

model-agnostic approaches, each offering different advantages and limitations. 

Model-specific techniques are designed to improve the interpretability of specific types of machine learning 

models. For instance, decision trees and linear regression models are inherently more interpretable due to their 

simple and transparent structures. However, these models may not achieve the same level of accuracy and 

performance as more complex models, such as deep neural networks. 

Model-agnostic techniques, on the other hand, can be applied to any machine learning model, regardless of its 

complexity. These techniques include methods like Local Interpretable Model-agnostic Explanations (LIME) 

and SHapley Additive explanations (SHAP), which provide explanations for individual predictions by 

approximating the model locally with simpler, interpretable models. 

Lundberg and Lee [6] introduced SHAP as a unified approach to interpreting model predictions. SHAP values 

are based on cooperative game theory and provide a consistent and theoretically sound framework for attributing 

the contribution of each feature to the model's prediction. By calculating the Shapley value for each feature, 

SHAP can generate explanations that are both locally accurate and globally consistent, offering a robust tool for 

model interpretation. 

LIME, proposed by Ribeiro et al., approximates the decision boundary of complex models with interpretable 

models such as linear regressions or decision trees in the local neighborhood of a specific prediction. By 

perturbing the input data and observing the changes in the model's output, LIME generates a simplified model 

that approximates the behavior of the black box model around the instance of interest. This approach provides 

an intuitive explanation for individual predictions, helping users understand the factors that influenced the 

model's decision. 

Another approach to enhancing explainability is the use of attention mechanisms in deep learning models. 

Attention mechanisms allow models to focus on specific parts of the input data that are most relevant to the task 

at hand. By visualizing the attention weights, users can gain insights into which features or parts of the data the 

model is focusing on, providing a more interpretable view of the decision-making process. 

Gilpin et al. [5] discussed the importance of visual explanations, such as saliency maps and activation 

maximization, which can be particularly useful in image classification tasks. Saliency maps highlight the 
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regions of an input image that are most influential in the model's prediction, allowing users to see what the 

model "sees" when deciding. Activation maximization techniques, on the other hand, generate images that 

maximize the activation of specific neurons or layers in a neural network, providing insights into the features 

that the model has learned. 

In addition to these techniques, rule extraction methods aim to derive interpretable rules from complex models. 

These methods transform the decision-making logic of black box models into a set of human-readable rules, 

making the model's behavior more transparent. Rule extraction can be particularly useful in domains where rule-

based decision-making is preferred or required by regulations. 

Furthermore, interactive visualization tools have been developed to help users explore and understand the 

behavior of AI models. These tools provide dynamic and interactive interfaces that allow users to manipulate 

input data, observe the resulting changes in model predictions, and gain a deeper understanding of the model's 

decision-making process. By combining visual and textual explanations, these tools enhance the interpretability 

of AI models and facilitate their adoption in various applications. 

 

NARRATIVE GENERATION TECHNIQUES 

A. Introduction to Narrative Generation in AI 

Narrative generation in artificial intelligence (AI) refers to the process of converting structured data and 

complex numerical patterns into coherent and understandable human language narratives. This process is crucial 

in making AI models more interpretable and accessible to users, especially in domains such as fraud detection, 

healthcare, and finance, where understanding the rationale behind AI decisions is vital. Narrative generation 

aims to bridge the gap between sophisticated AI algorithms and the need for clear, transparent explanations that 

stakeholders can understand and trust. 

The importance of narrative generation in AI has grown alongside advancements in natural language processing 

(NLP) and natural language generation (NLG). These technologies enable AI systems to produce text that is not 

only grammatically correct but also contextually appropriate and informative. The ability to generate narratives 

that explain AI decisions can enhance user trust, facilitate regulatory compliance, and improve the overall 

transparency of AI systems. 

Gatt and Krahmer [7] conducted a comprehensive survey on the state of the art in NLG, highlighting its core 

tasks, applications, and evaluation methods. They emphasized that NLG is a critical component of AI systems 

that aim to communicate complex information effectively. McCoy et al. [8] examined the limitations of 

advanced NLP models like BERT, demonstrating the challenges and nuances involved in generating accurate 

and meaningful language outputs. 

B. Overview of Various Narrative Generation Approaches 

Several approaches to narrative generation have been developed, each with its own strengths and limitations. 

These approaches include rule-based methods, template-based methods, machine learning-based methods, and 

natural language generation (NLG) techniques. Understanding these methods is essential for selecting the most 

appropriate technique for specific applications and for enhancing the explainability of AI models. 

Rule-Based Methods 

Rule-based methods for narrative generation rely on predefined rules and logical structures to produce 

explanations. These methods use if-then-else statements and other logical constructs to generate text based on 

the input data. Rule-based systems are straightforward to implement and can provide consistent and reliable 

explanations as long as the rules are well-defined and comprehensive. 

One of the main advantages of rule-based methods is their transparency. Since the rules are explicitly defined, 

users can easily understand how the narratives are generated and can trace the logic behind each explanation. 

This transparency is particularly valuable in regulatory environments where clear justifications for decisions are 

required. 

However, rule-based methods also have significant limitations. They can be rigid and inflexible, as they rely on 

predefined rules that may not cover all possible scenarios. This rigidity makes it challenging to adapt rule-based 

systems to new or unforeseen situations. Additionally, developing comprehensive rule sets can be time-

consuming and labor-intensive, requiring extensive domain expertise. 

Template-Based Methods 

Template-based methods use structured templates with placeholders for specific information to generate 

narratives. These templates are designed to produce coherent and contextually appropriate text by filling in the 

placeholders with relevant data. Template-based methods offer more flexibility than rule-based methods, as they 

can accommodate a wider range of inputs and scenarios. 

The primary advantage of template-based methods is their ability to generate fluent and readable text without 

requiring extensive programming. Templates can be designed to produce narratives that are tailored to specific 

applications, ensuring that the explanations are relevant and informative. Additionally, template-based methods 

can be easily updated and modified to reflect changes in the underlying data or requirements. 
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However, template-based methods also have limitations. They can still be somewhat rigid, as the templates must 

be predefined and may not capture the full complexity of the data. Additionally, creating and maintaining many 

templates can be resource intensive. Template-based methods may also struggle to generate highly nuanced or 

context-specific explanations, limiting their effectiveness in certain applications. 

Machine Learning-Based Methods 

Machine learning-based methods for narrative generation leverage the power of machine learning algorithms to 

generate text. These methods can learn from large datasets to produce narratives that are more flexible and 

adaptable than those generated by rule-based or template-based methods. Machine learning-based methods can 

capture complex patterns and relationships in the data, enabling them to generate more sophisticated and 

contextually appropriate explanations. 

One of the key advantages of machine learning-based methods is their ability to improve over time. As more 

data becomes available, these models can be retrained to enhance their performance and generate more accurate 

narratives. This adaptability makes machine learning-based methods suitable for dynamic environments where 

the data and requirements are constantly evolving. 

However, machine learning-based methods also present challenges. They can inherit the complexity and opacity 

of the underlying machine learning models, making it difficult to understand how the narratives are generated. 

This lack of transparency can be a significant drawback in applications where explainability is critical. 

Additionally, training machine learning models requires large amounts of data and computational resources, 

which may not always be available. 

Natural Language Generation (NLG) Techniques 

Natural Language Generation (NLG) is a sophisticated approach to narrative generation that involves using 

advanced algorithms to produce human-like text from data. NLG techniques can generate highly fluent and 

contextually appropriate narratives, making them a powerful tool for enhancing the explainability of AI models. 

NLG systems can be designed to generate various types of text, including descriptive explanations, summaries, 

and detailed reports. 

Gatt and Krahmer [7] highlighted the core tasks involved in NLG, including content determination, text 

planning, and surface realization. Content determination involves deciding what information to include in the 

narrative, while text planning involves organizing this information into a coherent structure. Surface realization 

involves generating the actual text, ensuring that it is grammatically correct and contextually appropriate. 

NLG techniques offer several advantages. They can generate highly detailed and nuanced narratives that capture 

the complexity of the data and the underlying AI model's decision-making process. NLG systems can also be 

customized to produce text in different styles and tones, making them suitable for a wide range of applications. 

However, NLG techniques also face challenges. McCoy et al. [8] demonstrated that advanced NLP models like 

BERT can struggle with certain linguistic phenomena, such as negation. This indicates that while NLG 

techniques have made significant advancements, they still have limitations and may not always generate 

accurate or meaningful narratives. Additionally, NLG systems can be complex and resource-intensive to 

develop and maintain. 

 

COMPARATIVE ANALYSIS OF NARRATIVE GENERATION METHODS 

A. Criteria for Evaluating Narrative Generation Techniques 

Evaluating narrative generation techniques is essential for understanding their effectiveness in enhancing the 

explainability of AI models. Several criteria are commonly used to assess these techniques, including accuracy 

and fidelity of narratives, clarity and comprehensibility, user trust and acceptance, and applicability to different 

AI models. Comparative studies and empirical research provide valuable insights into how these techniques 

perform across various dimensions. 

1. Accuracy and Fidelity of Narratives 

Accuracy and fidelity refer to how well the generated narratives represent the underlying data and the decision-

making processes of AI models. Accurate narratives faithfully reflect the patterns and insights derived from the 

data, ensuring that the information conveyed is correct and reliable. 

Logeswaran et al. [9] introduced the content attention model for document-level neural machine translation, 

which aims to enhance the accuracy of generated narratives by focusing on relevant content. This model uses 

attention mechanisms to prioritize significant portions of the input data, ensuring that the generated text 

accurately represents the key information. By aligning the generated narratives closely with the data, the content 

attention model improves the fidelity of the explanations, making them more reliable and trustworthy. 

In the context of fraud detection, accuracy and fidelity are crucial because stakeholders rely on these narratives 

to make informed decisions. If the narratives are inaccurate or fail to capture essential details, it could lead to 

incorrect assessments and actions. Therefore, evaluating narrative generation techniques based on their ability to 

produce precise and faithful explanations is critical. 
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2. Clarity and Comprehensibility 

Clarity and comprehensibility refer to how easily users can understand the generated narratives. Even if a 

narrative is accurate, it must be presented clearly and easy to comprehend for users with varying levels of 

expertise. 

Dale [10] highlighted the importance of clarity and comprehensibility in the context of natural language 

processing (NLP) applications, particularly in legal tech. He argued that narratives must be crafted in a manner 

that is not only technically accurate but also accessible to non-experts. In the legal domain, for instance, 

narratives generated by AI systems must be clear enough for lawyers, judges, and other stakeholders to 

understand and act upon. 

To achieve clarity and comprehensibility, narrative generation techniques must consider factors such as 

language simplicity, logical structure, and coherence. Simplifying technical jargon, organizing information 

logically, and ensuring that the narrative flows smoothly are essential for making explanations understandable. 

Techniques that excel in these areas are more likely to be effective in real-world applications where user 

comprehension is paramount. 

3. User Trust and Acceptance 

User trust and acceptance are critical factors that determine the success of narrative generation techniques. If 

users do not trust or accept the generated narratives, they are unlikely to rely on the AI system, regardless of its 

technical capabilities. 

Trust is built through several means, including the perceived accuracy and transparency of the narratives. When 

users can understand how and why an AI model made a particular decision, they are more likely to trust the 

system. Transparency is closely linked to explainability; users need to see that the AI's decision-making process 

is logical and justified. 

Empirical research, such as user studies and feedback, plays a crucial role in assessing trust and acceptance. By 

evaluating how users perceive and react to different narrative generation techniques, researchers can identify 

strengths and weaknesses in these methods. Techniques that consistently receive positive feedback in terms of 

trustworthiness and user satisfaction are more likely to be adopted in practice. 

4. Applicability to Different AI Models 

The applicability of narrative generation techniques to various AI models is another important criterion. 

Different AI models, such as decision trees, neural networks, and support vector machines, have unique 

characteristics and complexities. A narrative generation technique that works well for one type of model may 

not be as effective for another. 

Logeswaran et al. [9] demonstrated that attention mechanisms could be applied across different NLP tasks, 

highlighting the versatility of certain techniques. Similarly, narrative generation methods must be adaptable to 

different AI models to be broadly useful. Techniques that can be easily integrated with various models and 

produce consistent, high-quality narratives across these models are highly valuable. 

B. Comparative Studies and Empirical Research Findings 

Comparative studies and empirical research provide critical insights into the performance of different narrative 

generation techniques. By systematically comparing these methods across various criteria, researchers can 

identify the most effective approaches for enhancing explainability. 

Logeswaran et al. [9] and Dale [10] both contribute to the understanding of how narrative generation techniques 

perform in different contexts. Logeswaran et al. focused on the technical aspects of accuracy and fidelity in 

document-level neural machine translation, while Dale explored the practical implications of clarity and 

comprehensibility in legal tech applications. 

Empirical research findings often involve user studies where participants interact with AI systems and provide 

feedback on the generated narratives. These studies can reveal user preferences, comprehension levels, and trust 

in the narratives. For instance, a comparative study might evaluate how well different narrative generation 

techniques help users understand AI decisions in fraud detection. By analyzing user feedback, researchers can 

determine which techniques are most effective in real-world scenarios. 

 

IMPACT ON STAKEHOLDER GROUPS 

A. Perceptions and Usage of AI-Generated Narratives by Different Stakeholders 

AI-generated narratives are increasingly being used to enhance the transparency and explainability of AI 

systems across various sectors. Different stakeholder groups—financial analysts, regulatory bodies, and end-

users such as customers and businesses—interact with these narratives in distinct ways, each with unique 

requirements and perceptions. Understanding these differences is crucial for optimizing the effectiveness of AI-

generated narratives. 

Financial Analysts 

Financial analysts rely heavily on detailed and accurate information to make informed decisions. For this group, 

the primary value of AI-generated narratives lies in their ability to provide clear and concise explanations for 

complex financial data and AI-driven insights. Financial analysts use these narratives to understand the 
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underlying factors that influence AI model predictions, such as fraud detection alerts or investment 

recommendations. 

Miller [11] emphasizes the importance of providing explanations that are not only accurate but also contextually 

relevant to the needs of the users. For financial analysts, this means that AI-generated narratives must be 

detailed enough to cover all critical aspects of the data while being concise enough to facilitate quick decision-

making. Analysts typically require high levels of detail, including numerical data, trend analysis, and specific 

rationales for why certain transactions or investments are flagged by the AI system. 

Moreover, financial analysts are likely to trust AI-generated narratives if they align with their existing 

knowledge and expertise. Thus, these narratives must be grounded in robust data analysis and presented in a 

format that is familiar and acceptable to financial professionals. The integration of domain-specific terminology 

and concepts can also enhance the trustworthiness and usability of these narratives. 

Regulatory Bodies 

Regulatory bodies play a crucial role in ensuring that AI systems operate within legal and ethical frameworks. 

For these stakeholders, the primary concern is transparency and compliance. AI-generated narratives must 

provide clear and understandable explanations that demonstrate how AI models comply with relevant 

regulations and standards. 

Bussone et al. [12] highlight the importance of trust and reliance in the context of clinical decision support 

systems, noting that clear explanations are essential for regulatory compliance. This principle applies equally to 

financial and other regulatory domains. Regulatory bodies require that AI-generated narratives explicitly outline 

the decision-making process, highlight the key factors considered by the AI model, and demonstrate adherence 

to legal and ethical standards. 

In addition, regulatory bodies are concerned with the fairness and bias of AI models. AI-generated narratives 

must include information about how the models mitigate potential biases and ensure equitable treatment of all 

individuals. This level of transparency is critical for gaining the trust of regulators and facilitating the approval 

and oversight of AI systems. 

End-Users (Customers, Businesses) 

End-users, including customers and businesses, interact with AI-generated narratives in various contexts, such 

as receiving explanations for loan approvals, insurance claims, or personalized product recommendations. For 

this group, the key factors are clarity, simplicity, and relevance. AI-generated narratives must be easily 

understandable and directly address the user's concerns or queries. 

Miller [11] suggests that explanations in AI should be tailored to the cognitive needs of the end-users, ensuring 

that they are not overwhelmed by technical jargon or unnecessary details. For customers, narratives should be 

written in plain language and provide clear answers to questions such as why a loan was approved or denied, or 

why a specific product was recommended. These explanations help build trust and confidence in the AI system, 

as users can see the rationale behind the decisions that affect them. 

For businesses, AI-generated narratives can be used to improve operational efficiency and decision-making 

processes. Businesses may use these narratives to understand customer behavior, optimize supply chains, or 

enhance marketing strategies. In these cases, the narratives must provide actionable insights that are directly 

applicable to business operations, helping stakeholders make data-driven decisions. 

 
 

B. Studies on User Comprehension and Trust in AI-Generated Narratives 

Research has shown that user comprehension and trust in AI-generated narratives are crucial for the successful 

adoption of AI technologies. Bussone et al. [12] conducted studies on the role of explanations in clinical 

decision support systems, finding that clear and well-structured explanations significantly enhance user trust and 

reliance on AI systems. These findings are applicable across different domains, including finance and business. 

One key aspect of user comprehension is the format and presentation of the narratives. Narratives that are 

logically structured, use clear headings and subheadings, and provide visual aids such as charts or graphs tend to 

be more comprehensible. Miller [11] points out that the use of storytelling techniques, where narratives follow a 
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logical progression and include real-world examples, can also enhance understanding and retention of 

information. 

Trust in AI-generated narratives is influenced by several factors, including the perceived accuracy and reliability 

of the explanations, the reputation of the AI system, and the user's previous experiences with the technology. 

Studies have shown that users are more likely to trust AI-generated narratives if they perceive the AI system as 

transparent and accountable. Providing users with the option to ask questions or seek further clarification can 

also enhance trust. 

C. Incorporating User Feedback to Improve Narrative Generation 

Incorporating user feedback is essential for continuously improving the quality and effectiveness of AI-

generated narratives. User feedback provides valuable insights into how different stakeholders perceive and use 

the narratives, highlighting areas for improvement and potential enhancements. 

Bussone et al. [12] emphasize the importance of iterative design processes that incorporate user feedback at 

every stage. By regularly collecting and analyzing feedback from financial analysts, regulatory bodies, and end-

users, developers can refine the narrative generation techniques to better meet the needs of these stakeholders. 

User feedback can be collected through various methods, including surveys, interviews, and focus groups. These 

methods can provide both quantitative and qualitative data on user satisfaction, comprehension, and trust. For 

example, surveys can measure the clarity and usefulness of the narratives, while interviews and focus groups 

can provide deeper insights into specific user experiences and challenges. 

Based on user feedback, developers can make targeted improvements to the narrative generation process. This 

might include simplifying technical language, enhancing the logical flow of the narratives, or adding more 

visual aids to support the text. Additionally, incorporating real-world examples and case studies that resonate 

with users can make the narratives more relatable and engaging. 

 

CHALLENGES AND OPPORTUNITIES 

A. Technical and Practical Challenges in Narrative Generation 

Narrative generation in AI presents numerous technical and practical challenges that must be addressed to 

improve the effectiveness and reliability of AI-generated explanations. One of the foremost technical challenges 

is the complexity and variability of natural language. Generating coherent, contextually appropriate, and 

accurate narratives requires sophisticated natural language processing (NLP) techniques that can understand and 

replicate human language patterns. 

Lipton [13] discusses the myth of model interpretability and highlights the intrinsic complexity of creating 

models that are both highly accurate and interpretable. This complexity extends to narrative generation, where 

balancing the depth of technical content and the simplicity required for user understanding is a significant 

challenge. Models need to distill complex data and decisions into clear and concise narratives without losing 

essential information, which requires advanced algorithms capable of nuanced language generation. 

Another technical challenge is ensuring the scalability and real-time performance of narrative generation 

systems. AI models often need to generate narratives on the fly, responding to user queries or analyzing 

transactions in real-time. This requirement demands highly efficient algorithms and robust computational 

infrastructure, which can handle large volumes of data and deliver explanations promptly. 

On the practical side, integrating narrative generation systems with existing AI frameworks and business 

processes poses significant challenges. Organizations often have established workflows and systems that may 

not easily accommodate new technologies. Ensuring seamless integration, without disrupting existing 

operations, requires careful planning, customization, and continuous monitoring to address any issues that arise. 

Additionally, the diversity of user needs and contexts complicates the narrative generation process. Different 

stakeholders, such as financial analysts, regulatory bodies, and end-users, require narratives tailored to their 

specific requirements and levels of expertise. Creating adaptable systems that can generate customized 

explanations for various audiences involves complex design and extensive user testing. 

B. Potential Biases and Ethical Considerations 

Bias and ethical considerations are critical issues in narrative generation and, more broadly, in AI. Mittelstadt et 

al. [14] discuss the importance of fairness, accountability, and transparency in AI, emphasizing the need to 

address biases that can arise in AI models and their explanations. Biases in narrative generation can stem from 

several sources, including biased training data, algorithmic design, and the subjective nature of language 

interpretation. 

Training data is a primary source of bias. If the data used to train narrative generation models reflects existing 

societal biases, these biases can be perpetuated or even amplified in the generated narratives. For example, if 

historical data used for fraud detection contains biases against certain demographic groups, the narratives 

generated by AI systems might unfairly target these groups, leading to discriminatory practices. Ensuring that 

training data is representative and free from biases is essential but challenging, requiring rigorous data collection 

and curation processes. 
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Algorithmic bias can also occur when the design and implementation of narrative generation algorithms 

inadvertently favor certain outcomes or perspectives. This issue can be mitigated by employing fairness-aware 

algorithms and conducting thorough evaluations to identify and correct biases. However, designing such 

algorithms requires a deep understanding of the sources and impacts of bias, as well as ongoing research to 

develop effective mitigation strategies. 

Ethical considerations extend beyond bias to include issues of transparency, accountability, and user autonomy. 

AI-generated narratives must be transparent, providing clear and understandable explanations that allow users to 

make informed decisions. Mittelstadt et al. [14] argue that transparency is crucial for ensuring that AI systems 

are accountable to their users and stakeholders. This transparency involves not only the clarity of the narratives 

but also the disclosure of the methods and data used to generate them. 

User autonomy is another ethical consideration. AI systems should support users in making their own decisions, 

rather than unduly influencing or manipulating them. This principle is particularly important in narrative 

generation, where the framing and presentation of information can significantly impact user perceptions and 

actions. Ensuring that narratives are balanced, informative, and empowering is essential for maintaining ethical 

standards in AI. 

C. Future Research Opportunities and Advancements 

Despite the challenges, narrative generation in AI offers numerous opportunities for future research and 

advancements. One promising area is the development of more sophisticated NLP techniques that can better 

handle the nuances of human language. Advances in deep learning and transformer models, such as BERT and 

GPT-3, have already shown significant improvements in language understanding and generation. Continuing to 

refine these models and applying them to narrative generation can enhance the quality and accuracy of AI-

generated explanations. 

Lipton [13] highlights the need for a deeper understanding of model interpretability, suggesting that future 

research should focus on creating models that are inherently interpretable without sacrificing accuracy. This 

research could lead to new approaches in narrative generation that seamlessly integrate interpretability and 

performance, providing users with clear and reliable explanations. 

Another area of research is the development of adaptive narrative generation systems that can tailor explanations 

to different audiences and contexts. These systems could use user feedback and interaction data to continuously 

improve and personalize the narratives they generate. For example, machine learning techniques could be 

employed to analyze user preferences and comprehension levels, enabling the generation of narratives that are 

specifically tailored to individual users' needs. 

Research into bias detection and mitigation in narrative generation is also crucial. Developing algorithms that 

can identify and correct biases in real-time would help ensure that AI-generated narratives are fair and unbiased. 

This research could involve creating new fairness metrics, designing bias-aware training processes, and 

developing tools for auditing and evaluating narrative generation systems. 

Additionally, interdisciplinary research that combines insights from AI, social sciences, and ethics can provide a 

more holistic understanding of the impact of narrative generation on different stakeholder groups. Mittelstadt et 

al. [14] advocate for a multidisciplinary approach to AI ethics, suggesting that collaboration between technical 

and non-technical disciplines is essential for addressing the complex ethical issues in AI. This approach could 

lead to the development of narrative generation systems that are not only technically advanced but also socially 

and ethically responsible. 

Furthermore, exploring the integration of explainable AI techniques with narrative generation can enhance the 

transparency and trustworthiness of AI systems. Techniques such as Local Interpretable Model-agnostic 

Explanations (LIME) and SHapley Additive explanations (SHAP) can be combined with narrative generation to 

provide both visual and textual explanations, offering a more comprehensive understanding of AI decisions. 

Finally, the application of narrative generation in new and emerging domains presents exciting opportunities. 

For example, in healthcare, AI-generated narratives could explain medical diagnoses and treatment 

recommendations, helping patients understand their health conditions and make informed decisions. In 

environmental monitoring, narratives could provide insights into climate data and ecological changes, 

supporting policy-making and public awareness. 

 

CONCLUSION 

A. Summary of Key Literature Review Findings 

The literature review reveals several critical insights into the field of AI-generated narratives for fraud detection 

systems. The historical evolution of fraud detection methods has significantly advanced with the integration of 

AI, which offers improved accuracy and real-time capabilities. However, the inherent complexity of AI models, 

often referred to as the "black box" problem, poses significant challenges for transparency and user trust. 

Explainability in AI is essential for ensuring that stakeholders, including financial analysts, regulatory bodies, 

and end-users, can understand and trust the decisions made by AI systems. Various narrative generation 

techniques, such as rule-based methods, template-based methods, machine learning-based methods, and natural 
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language generation (NLG) techniques, offer different strengths and weaknesses in making AI models more 

interpretable. 

Comparative analyses highlight the importance of evaluating narrative generation techniques based on criteria 

such as accuracy and fidelity, clarity and comprehensibility, user trust and acceptance, and applicability to 

different AI models. Studies show that user comprehension and trust are significantly enhanced when AI-

generated narratives are clear, accurate, and contextually relevant. 

Moreover, incorporating user feedback into the narrative generation process is crucial for continuous 

improvement. Addressing technical challenges, potential biases, and ethical considerations is essential for 

developing reliable and fair AI systems. 

B. Implications for Developing Transparent AI Fraud Detection Systems 

The findings underscore the necessity of integrating explainability into AI fraud detection systems to build trust 

and ensure regulatory compliance. Transparent AI models can provide stakeholders with clear, understandable, 

and actionable insights, facilitating better decision-making and enhancing user acceptance. 

For financial analysts, detailed and accurate narratives help in understanding the rationale behind fraud detection 

alerts, enabling more informed and timely responses. Regulatory bodies benefit from transparent AI systems 

that provide clear justifications for decisions, ensuring compliance with legal and ethical standards. End-users, 

including customers and businesses, require straightforward and relevant explanations to trust AI-driven 

outcomes. 

Addressing the "black box" problem through effective narrative generation techniques is critical. Combining 

various methods, such as integrating explainable AI techniques like LIME and SHAP with narrative generation, 

can offer both visual and textual explanations, providing a more comprehensive understanding of AI decisions. 

C. Recommendations for Future Research 

Future research should focus on several key areas to advance the field of AI-generated narratives for fraud 

detection: 

1. Development of Advanced NLP Techniques: Continued research into sophisticated NLP and NLG 

techniques is essential for improving the quality and accuracy of AI-generated narratives. Deep 

learning models, such as BERT and GPT-3, should be further explored and refined for their application 

in narrative generation. 

2. Bias Detection and Mitigation: Developing algorithms that can identify and correct biases in real-time 

is crucial for ensuring fairness and equity in AI-generated narratives. Research should focus on creating 

new fairness metrics, designing bias-aware training processes, and developing tools for auditing and 

evaluating narrative generation systems. 

3. Adaptive Narrative Generation Systems: Future research should explore the development of 

adaptive systems that tailor explanations to different audiences and contexts. Machine learning 

techniques can be employed to analyze user preferences and comprehension levels, enabling the 

generation of personalized narratives. 

4. Interdisciplinary Research: Collaboration between AI researchers, social scientists, and ethicists can 

provide a holistic understanding of the impact of narrative generation on different stakeholder groups. 

This interdisciplinary approach is essential for addressing the complex ethical issues in AI and 

developing socially and ethically responsible narrative generation systems. 

5. Integration of Explainable AI Techniques: Combining explainable AI techniques with narrative 

generation can enhance transparency and trustworthiness. Research should focus on creating seamless 

integrations that offer both visual and textual explanations, providing a comprehensive view of AI 

decisions. 

6. Application in Emerging Domains: Exploring the application of narrative generation in new and 

emerging domains, such as healthcare and environmental monitoring, can provide valuable insights and 

drive innovation. Developing domain-specific narrative generation techniques can help address unique 

challenges and requirements in these fields. 
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