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Abstract


This paper explores the use of explainable artificial intelligence (XAI) techniques in actuarial science to address the opacity of advanced machine learning models in financial contexts. While technological advancements have enhanced actuarial models, their black box nature poses challenges in highly regulated environments. This study proposes a protocol for selecting and applying XAI techniques to improve interpretability, transparency, and regulatory compliance. It categorizes techniques based on origin, target, and interpretative capacity, and introduces a protocol to identify the most suitable method for actuarial models. The proposed protocol is tested in a case study involving two classification algorithms, gradient boosting and random forest, with accuracy of 0.80 and 0.79, focusing on two explainability objectives. Several XAI techniques are analyzed, with results highlighting partial dependency variance (PDV) and local interpretable model-agnostic explanations (LIME) as effective tools for identifying key variables. The findings demonstrate that the protocol aids in model selection, internal audits, regulatory compliance, and enhanced decision-making transparency. These advantages make it particularly valuable for improving model governance in the financial sector.
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1. Introduction


Actuarial science has focused on addressing the challenges related to identifying, quantifying, and managing risks using mathematical and statistical methods that enable the creation of effective models for risk management.



Globalization, technological advancements in data processing and generation, data science, and software development have optimized the work of actuaries. However, these advancements also bring challenges, ranging from adaptability issues to ethical dilemmas in handling sensitive information.



These challenges stem from the increasing efficiency of risk measurement and classification techniques, which, due to their ‘black box’ nature, hinder the detailed explanation of applied relationships. In simpler terms, what is happening inside of these models?



These techniques, which are standard in other areas and derived from machine learning or artificial intelligence algorithms, might outperform conventional methods in terms of accuracy. Nevertheless, their lack of transparency, traceability, explainability, and auditability limits their application in specific contexts. This limitation stems from their inability to meet the regulatory requirements of different regions, leading to the need for less precise models.



Machine learning, a subfield of artificial intelligence, emphasizes creating algorithms capable of learning from data and generating predictions. In an environment with constant data generation, such as the financial sector, machine learning has ample problems and data for its application. However, interpreting these models in actuarial science often presents challenges [1,2], raising concerns about their accuracy and reliability. Explainable artificial intelligence (XAI) [3], with techniques such as partial dependence plots (PDP) [4,5], SHAP [6], decision trees, or variable importance (VI) [7], among many others [8], has emerged to address these challenges by enabling the development of accurate, interpretable models. These models allow complex results to be contrasted with expert judgment and facilitate informed decision-making, which is critical in the financial sector.



In recent years, multiple frameworks have been developed in the literature to improve transparency in artificial intelligence models in various areas of knowledge. For example, Lorentzen and Mayer [4] propose a framework to explain machine learning models in the actuarial context, using techniques such as PDP and Shapley additive explanations (SHAP) to facilitate the comparison of results with expert criteria. In the medical field [9], a framework has been introduced that integrates data from multiple hospital centers to optimize the interpretability and traceability of clinical prediction models, increasing confidence in diagnostic and therapeutic decisions. In cybersecurity, ref. [10] propose an AI system audit model that evaluates explainability and fairness to improve intrusion detection without compromising user privacy. In the public policy domain, Gerlings and Constantiou [11] suggest an explainable AI approach for monitoring financial transactions in regulatory compliance, providing robustness metrics that evaluate the consistency of results under variations in data. Another interesting work is the XAI used in a finance systematic literature review (SLR) that identifies 138 relevant articles from 2005 to 2022 and highlights empirical examples demonstrating XAI’s potential benefits in the financial industry [12].



These frameworks reflect the growing attention in different disciplines towards transparency and confidence in AI models, which justify the development of a specific framework in actuarial science that comprehensively addresses interpretation and compliance needs and that also facilitates the adoption of standards such as the EU’s proposed AI Act or ISO/IEC 42001 [13] focused on guaranteeing transparency in the use of AI in business terms.



Our work provides a methodology that integrates XAI techniques into the actuarial domain to address the challenges of interpretability and transparency in machine learning models. Our framework utilizes intrinsic and post hoc interpretability techniques such as PDP, SHAP, and local interpretable model-agnostic explanations (LIME) [14] to provide comprehensive insights into model behavior. By categorizing XAI methods based on their origin, destination, and interpretability objectives, the framework ensures the selection of the most suitable explainability technique for various actuarial applications. This approach aims to enhance decision-making, regulatory compliance, and model governance within highly technical and regulated financial environments.



The proposed framework was evaluated through a case study involving predictive models for credit granting, comparing gradient boosting [15] and random forest [16] approaches. The study demonstrated the framework’s ability to identify key features, improve transparency, and support informed decision-making by applying multiple XAI techniques. The results confirmed the framework’s effectiveness in providing consistent explanations and facilitating audits of complex models. This comprehensive evaluation underscores the framework’s potential to strengthen actuarial governance and adaptability to real-world financial challenges.



The study is structured into five sections: the first provides an introduction and technical context; the second outlines the selection of XAI techniques; the third presents the proposed protocol for the selection of XAI techniques; the fourth illustrates the application of the protocol to a case study comprising two scenarios; and finally, the last section offers conclusions and suggestions for future work.




2. Context and Related Work


This section explores and provides a framework for addressing the challenges of interpretation and transparency in machine learning models for decision-making and regulatory compliance in actuarial science.



2.1. Definition: Explainable Artificial Intelligence (XAI)


XAI techniques [17] consist of methods and approaches to make artificial intelligence models and systems more transparent and understandable to various information users. The main goal is to enable people to comprehend how and why an artificial intelligence model makes certain decisions or predictions. XAI techniques also facilitate key processes like model auditing, which includes testing models for fairness and potential discrimination and ensuring compliance with ethical and legal standards. These techniques enhance transparency by enabling people to understand how data are collected and used in training artificial intelligence models, thus reinforcing the quality and transparency of the models. These techniques enhance transparency by enabling people to understand how data are collected and used in training artificial intelligence models, thus reinforcing the quality and transparency of the models. They are typically categorized by their evaluation goals: interpretability, origin, and destination. Additionally, they can be grouped by their outcomes, where key categories include:




	
Data and feature visualization is an essential technique for helping people understand how input features relate to the model’s outputs [5]. Charts and diagrams can intuitively show these relationships and facilitate comprehension.



	
Feature importance techniques assess the relative importance of input features in the model’s predictions, helping to identify which variables influence the model’s decisions the most, for instance in fair risk prediction application [18].



	
Employing AI models that are inherently more interpretable, such as decision trees or linear regressions, instead of more complex black box models like deep neural networks [19], is the most standardized practice in the industry.



	
Some approaches allow AI models to generate rules or explanations describing how they made a particular decision. This can be especially useful in critical applications where justification is needed [20].



	
Natural language: generating natural language explanations that describe the models decisions in terms understandable by humans [21].









2.2. XAI Techniques


A wide range of XAI techniques have been developed to meet various needs arising from the implementation of AI solutions across different domains. XAI methods can be classified based on three main attributes: interpretability, model origin, and application scope. These are detailed with some examples in Table 1.




2.3. Contribution of XAI to the Actuarial Context


Explainable artificial intelligence is essential in the insurance sector as it enhances transparency, fostering stakeholder trust in AI-driven decision-making. Here are some uses of XAI in this context:




	
Interpretable models: More interpretable algorithms, such as decision trees or linear regressions. These models are more accessible to explain and understand than black-box models [8] like neural networks. They are commonly used in highly regulated contexts, such as technical provisions.



	
Localization of explanations: Provides specific explanations for each prediction. For instance, why was an insurance application denied [32]? What factors contributed to that decision? What surcharges could be applied to offer the requested coverage?



	
Model auditing [33]: The periodic audits of AI models to detect any unexpected behavior or bias. This could be by governance models, internal control processes, external audits, or regulatory bodies. XAI techniques reduce the need for exact replicability and allow evaluation of the robustness of the established relationships, facilitating reviews.



	
Transparency in decision-making: Clearly, communication about how AI models is used in underwriting, claims processing, and risk evaluation. This builds trust among decision-makers and regulators, (AI Act [34]). In this context, processes are highly technical and must, understandably, be communicated to senior management and the board, identifying the most sensitive variables to facilitate understanding and impact evaluation.



	
Education and training: Employees and insurance agents training on how AI models work and how to interpret their results [35]. Internal understanding is essential for successful implementation, especially for those models’ affecting commercialization and not used by developers.



	
Sensitivity tests evaluate how predictions change when certain features are modified, helping better understand the relationships between variables and the models decisions. XAI techniques help identify the most influential variables, aiding in anticipating effects due to variations or potential impacts from environmental or management changes. Other relevant use is for feature selection [36] and model debugging.










3. Selection of XAI Techniques


While there are studies addressing the application of XAI techniques in actuarial models, most focus on specific aspects or particular applications. For instance, the work by [37] discusses the need for interpretability in insurance pricing and proposes a framework to explain models within this context. However, the present article stands out by offering a comprehensive methodological framework that not only evaluates various XAI techniques, but also provides a detailed protocol for their selection and application in different actuarial contexts. This holistic and practical approach represents a novel contribution, as it integrates multiple evaluation metrics and applied examples, thereby facilitating the structured and effective adoption of explainable AI in the actuarial sector.



Explainable artificial intelligence is essential for understanding and trusting AI models. However, its selection and application must adhere to the same rigor and governance as any other AI technique. Therefore, when an XAI method has to be applied, its appropriateness must be evaluated [38]. The most important attributes include the following dimensions, which are subsequently listed.



3.1. Usability


The choice of technique must consider its usability within the context of the problem and the user. Considerations such as computational capacity, the recurring incorporation of the technique, and the usability of its results condition the use of one method over another. Therefore, it is relevant to consider if the technique offers the following dimensions.



3.1.1. Model Consistency


Do the explanations inspire confidence in the AI model or raise doubts about the process or results? This aspect depends on the purpose of the XAI technique, which should be evaluated considering the goal and in comparison with other techniques.



The indicator (1) is based on the correlation of the results from the explainability method after its application to different algorithms in the same scenario [39]. It seeks to ensure the consistency of variable contribution across different instances.


  C   E   =    1   m   m − 1   / 2      ∑  i = 1   m − 1      ∑  j = i + 1   m    c o r   r   S p e r m a n   ( E     A   1     , E     A   j     )      



(1)




where C(E) is the score of the explainability technique E; m is the number of the machine learning algorithm applied, and corrSpearman() is the Spearman correlation coefficient between these results.




3.1.2. Facilitating Decision-Making


Does the technique identify aspects relevant to interpretability, or are additional steps required? In the latter case, the complexity of the process should be compared to other alternatives. This indicator (2) can be assessed by evaluating how the decision-making process has been affected since implementing the technique, and it can be helpful in model lifecycle evaluations. A simple metric would be:


    B D   E   =      P X   E   −   P O X   E       P O X   E       



(2)




where BDE is the decision-making improvement indicator from incorporating XAI model E, POX is the user’s accuracy without the explanation, and PX is the user’s accuracy with the explanation—all with values from 0 to 1.




3.1.3. Replicability in Production


The computational time and execution must be viable within the established model governance; therefore, the use of certain metrics to assess this characteristic is essential in implementation processes. Below are two representative examples.



Computational time and efficiency (TO(3)) [40] evaluates the relationship between the computational cost of the XAI technique and the quality of the explanations obtained. This aspect is particularly relevant for techniques with high computational costs, especially in cases with limited hardware resources.


  T O ( E ) =   w   1   ∗   T   n o r m . E   +   w   2   ∗   1 −   K   s c o r e      



(3)






    K   s c o r e     E   =    1   m ( m − 1 ) / 2      ∑  E = 1   m − 1      ∑  J = E + 1   m    c o r   r   S p e r m a n   ( E ( X ) , J   X   )      



(4)






    T   n o r m . i   =      T m a x −   T   E         T m a x − T m i n       



(5)




where T (3) denotes the computation time for XAI technique E, and w1 and w2 are weights adjusted according to specific requirements, and must add up to 1.



The Kscore (4) indicates the quality of the explanation, comparing the same XAI technique to two different models. J denotes the total number of techniques being compared, and X represents the vector of standardized metric scores for each technique and m is the number of the machine learning algorithm applied.



As an alternative to Kscore, the C(E) (1) can be used, with the weights w1 and w2 adjusted according to specific requirements.



For comparison purposes, it is recommended that the computational time (5) be scaled according to the maximum and minimum of the different techniques applied.



This equation assumes that a lower TO score is preferable, given that a lower computation time and a higher Kscore are desired. If the Kscore is perfect (equal to one), its contribution to TO is zero. Conversely, if the Kscore is poor (close to zero), it contributes to TO increases [40].



Another alternative score is statistical parity difference [41], which is a commonly used metric that measures the difference in the proportion of positive outcomes for two groups. It is often employed to assess the fairness of a decision-making process when there are two groups of interest (e.g., men and women). SPD (6) is the difference between the proportion of positive outcomes for one group and the proportion of positive outcomes from the other group.


    S P D   E     =   P ( Y = 1   ∣   A = m i n o r i t y ) − P ( Y = 1   ∣   A = m a j o r i t y )  



(6)




where Y represents the model’s predictions, and A represents the group of the sensitive attribute. The result should be close to 0 to indicate no bias.



These techniques should not generate significant delays in model production or hinder the evaluation of data structure changes. If the technique is not feasible for implementation, it should be discarded in favor of a more suitable option.




3.1.4. Fairness and Bias


It is possible to assess the presence of biases in both the model and the XAI technique by evaluating its ability to accurately identify the influence of characteristics that may introduce biases, such as gender or race, in decision-making. Additionally, the technique ensures fairness in its explanations, preventing preferential treatment of specific features for inappropriate reasons.



This indicator (7) evaluates potential bias or unfair treatment of certain groups, especially regarding sensitive attributes (e.g., positive or negative discrimination based on regulatory factors). It identifies a set of fairness criteria (e.g., age, gender, race) and assesses whether the provided explanations meet these criteria for each sensitive feature.


  F B   E   = 1 −   ∑  i = 1   n      w   i   ∗   V   i      



(7)




where n is the total number of relevant fairness criteria, wi is the weight assigned to the i-th fairness criterion based on its relevance; these weights should range from 0 to 1. If the technique generates standardized results, they can be used directly; if not, scaling the weights obtained or applying a uniform assignment is recommended. Vi is a binary variable indicating whether the model satisfies the i-th fairness criterion (1 for satisfying, 0 for not). These techniques should not generate significant delays in model production or hinder the evaluation of data structure changes. If the technique is not feasible for implementation, it should be discarded in favor of a more suitable option.



It is worth emphasizing that the statistical parity difference (SPD) metric (6) is particularly relevant in actuarial contexts for evaluating fairness when must comply with regulatory standards and uphold ethical principles of non-discrimination. Furthermore, recent developments in reinforcement learning with human feedback (RLHF) [42] offer promising pathways to align AI model behavior with fairness expectations informed by human judgment.





3.2. Interpretability


This refers to how easily users can understand the explanation provided by the XAI method. Key evaluation criteria include the following:



3.2.1. Simplicity of Results


The explanation can be delivered to the model’s end-user without intervention from the developer, and it is easy to interpret. When comparing and selecting XAI techniques, one of the most intuitive indicators is related to simplicity (8), measured by the number of features involved in the explanation [27]. An XAI method that highlights fewer features is generally more interpretable.


  S ( E ) =    1   n     



(8)




where n is the number of highlighted features in the explanation. The closer the value is to 1, the simpler the model. In XAI comparison, it is recommended to scale with this metric in the different techniques.




3.2.2. Coherence


The results make sense in the context of the problem. The contrast with expert judgment should be suitable, insightful, or inconsistent with the context of the problem. The most representative index its feature importance (9), it determines which features significantly impact predictions and whether the importance of these features aligns with domain knowledge and expert intuition. For its application, an XAI reference technique like VI should be considered.


  F I ( E ) = |   f   i       f   i       f   i   ∈   R   E     i f     f   i     i s   a m o n g   t h e   k   p r i n c i p a l   v a l u e s   o f     R   D     | / k  



(9)




where k is the number of principal features of RD. FI(E) s the explainability score for method E, RE is the feature ranking provided by method E, feature is represented as f1, f2,…, fn, and RD is the reference ranking of features. This can be:




	
A priori list: a top list of variables based on their relevance in the study context provided by domain experts.



	
A posteriori list: the average result from different feature importance determination techniques. At least three techniques should be applied to derive a mean ranking from the results.










3.3. Confidence


Ensuring that the results of the XAI technique are reliable compared to the reviewed model and its outcomes is essential. Two key characteristics must be evaluated:



3.3.1. Faithfulness


This evaluates whether the explanations generated by an XAI method accurately reflect the proper behavior of the underlying model. So, it evaluates the faithfulness (10) of an explanation E(x) generated by an XAI method for an instance x, by determining the difference between the original model prediction f(x) and the prediction using only the most important features from the XAI method g(x).


  F ( E ) =      f   x   − g   x     + 1   2     



(10)




where g(x) is a simplified model based on the explanatory features provided by the XAI method. The closer to one, the better the result.



This metric is critical, as an explanation that does not faithfully represent the model’s logic can lead to user errors.




3.3.2. Stability and Robustness:


It must be assessed whether the XAI technique accurately explains the model’s behavior and response to small input data perturbations, both locally and globally.



This score (11) evaluates the stability of the explanation across different data scenarios, using the correlation of the technique’s results when applied to different datasets or small data perturbations [39]. Robust models should produce consistent results even when input data changes.


  R ( E ) =    1   n ( n − 1 ) / 2      ∑  i = 1   n − 1      ∑  j = i + 1   n    c o r r ( E     S   1     , E     S   j     )      



(11)




where R(E) is the robustness score of the explainability technique E, n is the number of different scenarios, and corr() is the Pearson correlation coefficient between these results from scenario S1 and scenario Sj.






4. Proposed XAI Selection Protocol for Actuarial Problems Discussion


Before selecting an XAI technique, it is important to answer the following questions: why and for what purpose is it needed? Is it to evaluate a model’s regulatory compliance? Is the aim to better understand the model or increase user confidence? Is the goal to identify relevant variables to facilitate decision-making? Different contexts may require different levels and types of explainability, and therefore, it is necessary to take several considerations into account (Table 2).



4.1. Actuarial Application


Focusing on the analysis of AI models for actuarial problems reveals some specific needs of the financial industry that require the use of explainability techniques as part of the governance in model development as we explain in the following subsections:



4.1.1. Understanding the Model


The process of understanding the model involves the steps in Table 3.




4.1.2. Results Explanation


The explanations provided must accomplish the following characteristics.



	
Relevance and precision of explanations: Evaluate the relevance and precision of explanations about the specific actuarial problem. Explanations must be relevant and valuable for actuarial decision-making. This aspect can be evaluated with FI, in any of its versions.



	
Clarity and understandability of explanations: Assess the clarity and understandability of the explanations provided by the XAI model. The explanations should be accessible to actuaries and other end users without requiring deep technical knowledge. For example, if a pricing model combines diverse sources of information, the explanations should be evaluated according to the number of highlighted features; too many features could make the explanation difficult for insurance agents to follow. Coherence means whether the most relevant features remain similar for clients with similar profiles.







4.1.3. Model Inspection


Inspecting the model is one of the most important aspects of our proposal and must be focused on the following aspects:




	
Transparency in the modeling process: Evaluate the transparency of the modeling process provided by the XAI model. Actuaries must understand how the model was trained, what data were used, and how the explanations were generated. This characteristic will be a fundamental part of model governance documentation, and a similar process should allow for similar explainability results, even if the core model does not allow for exact replicability.



	
Regulatory and ethical compliance [43]: Assess whether the XAI model complies with the actuarial field’s relevant regulatory and ethical requirements. They can include data privacy, fairness, and non-discrimination, among other factors. The results from feature importance and fairness tests will facilitate this type of assessment of the models.










4.2. Proposed Protocol


Selecting explainability and interpretability (XAI) techniques for financial models is relevant given the significant impact of decisions based on these models. Below is a proposed guideline protocol for selecting XAI models, summarized in Figure 1:



4.2.1. Understanding the Problem


Understanding the problem involves several key steps. First, it requires a clear definition of the specific issue that XAI will address within the insurance sector, such as risk assessment, fraud detection, or policy pricing. Next, it is crucial to research and comprehend the relevant regulatory and legal requirements for the industry in a given region, such as GDPR, HIPAA, or specific financial regulations. Finally, understanding the context in which financial models will be applied is essential. This includes identifying whether the application relates to loans, investments, credit risk, or fraud detection, as well as recognizing specific explainability requirements, such as regulatory compliance, user understanding of the model, or building confidence in decisions.




4.2.2. Define the Explainability Goal


Based on the preliminary steps, the selection of one or more XAI techniques should be aligned with the interpretability goal, which in actuarial contexts typically includes:




	
Part of the model development cycle–technical validation:













	
Model optimization: Identify interactions and their impact on model output, enabling the evaluation of feature relevance, prioritization of variables, optimization, or identifying potential deficiencies or areas of improvement in the models.



	
Detection of biases or technical discrimination: Identify possible biases generated by AI models, ensuring balanced inputs or hyperparameters to guarantee equitable models.



	
Model selection: When multiple models are available, prediction accuracy may not be the only factor considered when implementing or deploying the final model. Bias analysis, regulatory compliance, or ease of implementation can become additional factors. In this regard, XAI techniques can be used to evaluate metrics beyond prediction accuracy.



	
Understanding established relationships in the base model: Identify interactions and their impact on model output, which allows for evaluating the effects of varying relevant characteristics, facilitating sensitivity analysis while reducing total processing costs. It also allows for the consistent evaluation of the model’s development context and economic rationale.



	
Evaluate financial models: Analyze the utilized financial models. This includes understanding their architecture, the data they use, and the relevant features for financial decision-making.













	
Decision-making:













	
Explanation to third parties: Understand how the relationships established by the model work, which features or variables influence the predictions most, and the rationale behind these relationships. It will aid in communicating with non-technical stakeholders and serve as a decision-making tool.



	
Contrasting explainability results: XAI techniques rely on training and test data, are sensitive to inputs, and are influenced by the nature of the selected model. Therefore, it is advisable to compare results with one or more models.



	
Expert review and contrast analysis: Compare the results with expert judgment to ensure coherence and validate the findings.













	
Audit Process:













	
Internal control: In developing the internal review processes carried out by key functions in the second and third lines of defense, replicating complex or deep learning models is not always feasible. Implementing XAI techniques facilitates the evaluation of the models proposed outputs without requiring the exact recalculation of results, which may not be viable in some models.



	
Regulatory compliance: Facilitate the evaluation of compliance with regulatory requirements, such as ensuring no gender-based discrimination in insurance pricing or establishing consistency between variables and the context of the problem, allowing for bias detection.









4.2.3. XAI Model Selection


XAI model selection should ensure the effectiveness and fairness of AI models. First, model optimization plays a crucial role in identifying feature interactions and their impact on model outputs, enabling the evaluation of feature relevance, prioritization of variables, and optimization while uncovering potential deficiencies or areas for improvement. Second, detecting biases or technical discrimination is essential for ensuring equitable models by identifying imbalances in inputs or hyperparameters that could lead to biased predictions. Finally, when selecting a model from multiple options, prediction accuracy may not be the sole criterion; factors such as bias analysis, regulatory compliance, or ease of implementation also become critical. In this context, XAI techniques provide valuable insights into metrics beyond accuracy, aiding in comprehensive evaluation and decision-making. Several XAI techniques may be helpful in the financial context, and are presented in Table 4. At least two of these techniques should be tested to cross-reference the results. In Table 4 the term ‘Global’ refers to techniques that provide explanations for the overall behavior of the model, while ‘Local’ refers to techniques that explain individual predictions or specific data subsets




4.2.4. Evaluation of Results and Selection of Techniques


This encompasses an understanding of the relationships established in the base model and analyzing the financial models it aims to explain. This involves identifying interactions and their impact on model outputs, enabling sensitivity analysis by evaluating the effects of varying relevant characteristics while reducing processing costs. Additionally, it ensures a consistent assessment of the models development context and economic rationale. Furthermore, the evaluation includes analyzing the architecture of financial models, the data they utilize, and the features most relevant to financial decision-making, ensuring that the model aligns with its intended purpose and provides actionable insights.




4.2.5. Implementation of XAI Techniques in Governance Model


The implementation of explainable AI (XAI) techniques within a governance model encompasses several key considerations, including explanation to third parties, the comparison of explainability results, expert review and contrast analysis, and the audit process, which involves internal control and regulatory compliance. To ensure the effectiveness of XAI, it is crucial to document and validate the generated explanations, ensuring they are comprehensible, useful, reproducible, and reliable for end users. Additionally, proper education and training should be provided to users and professionals, enabling them to utilize the explanatory AI model effectively in their daily tasks.



Furthermore, maintaining and updating the explanatory AI model is essential to sustaining its accuracy and relevance. This includes the establishment of a structured maintenance plan that incorporates periodic performance reviews and the integration of the latest updates and data. By implementing these measures, organizations can enhance the transparency, reliability, and regulatory compliance of AI-driven decision-making processes, thereby fostering greater trust and accountability in their use.




4.2.6. Re-Evaluation of Needs


The objectives of analysis or evaluation may change according to the economic context or business dynamics; therefore, it will be necessary to assess the relevance of the technique(s) employed and, if needed, identify suitable XAI techniques.





4.3. Assessment Framework


Regarding the proposed evaluation metrics, a combination is suggested by the general objectives of the actuarial context, presented in Section 4.2. Table 5 introduces a weighted scoring system to guide the inclusion of each metric in the evaluation process, with standardized values ranging from 0 (worst) to 1 (best).



The proposal considers a weighting of metrics according to the objective and is a guide of weights for the inclusion of metrics in a weighting exercise in the evaluation of the results of each one, applied to standardization of each metric, taking the evaluation from 0 to 1, with 0 being the worst rating and 1 the best, in Table 3.



The definition of this weighting scheme could incorporate expert knowledge by using structured elicitation techniques such as the Delphi method [44] and the analytic hierarchy process (AHP) [45]. The Delphi method facilitates expert consensus through iterative anonymous feedback, while the AHP derives the relative importance of metrics through structured pairwise comparisons. Combining these approaches with consensus methods ensures a balanced and informed weighting system.



The suggested weightings have been obtained from an order of priority according to the context of the explainability objective, based on a preponderant weight V1 (12) of 22% for the most relevant metric, decreasing by a factor of proportion, as given in (4).


    V   i   =      V   i − 1       S   i − 1   +   a   i       



(12)




where Vi. is the weight of the i-th metric, ordered by relevance level, Si is the reference division factor of the previous metric, and ai is the addition of weight decrease in the i-th factor, guaranteeing that the sum of the weights is 100% for is the proposed case V1 = 22%, S2 = 1.05 and ai, for all i > 2 = 0.1., considering 8 features.



In summary, according to the defined protocol, the selection of XAI techniques is determined by the specific explainability objective. For audit purposes, techniques are selected based on their usability, interpretability, and confidence performance, focusing on the attributes necessary for assessing model behavior and ensuring regulatory compliance (faithfulness, robustness, and coherence). For model selection, techniques are compared based on their ability to explain model behavior, maintain consistency in variable importance, and provide reliable support for comparing alternatives. In both cases, the protocol supports using multiple techniques to provide complementary insights and improve the evaluation process.





5. Case Study


This study is based on the application of explainability techniques for predictive models of credit granting using a FICO dataset [46]. Two explainability objectives are proposed: (1) the selection of the best model, and (2) an internal audit of the results.



5.1. Dataset


The analysis starts with anonymized data related to home equity line of credit (HELOC) applications. The primary purpose of the data, which comes from a competition, is to predict whether an applicant will make their HELOC payment in the next 24 months.



This dataset has 24 variables (1 target, 23 independent) with 10.459 records, described in and generated for the competition. These do not present the possibility of biases that go against regulation, so they do not contain variables such as gender or age; they are designed to provide relevant information on past credit behavior and the potential risk of default. The dataset included variables related to the payment behavior of claimants that can be grouped into three categories



	
Delinquency and inquiries (Group 1)



	
Credit history and activity (Group 2)



	
Yield and financial risk (Group 3)






The target variable is RiskPerformance, which is binary and classifies applicants as “Good” (good payer) or “Bad” (bad payer), depending on whether they have had more than 90 days of late payment in a 24-month period.




5.2. Machine Learning and Explainability Results


As a solution to the problem, three machine learning techniques were applied because their good results on similar problems [47]. The results are presented in Table 6, resulting in gradient boosting being the model with the best results under all the evaluation metrics proposed.



On the other hand, five XAI techniques, LIME, SHAP, PERM [31], Morris sensitivity (MS) [48], and PDV, are applied to the two models with the highest accuracy. Since the accuracy results of DT, ANN and KNN are outperformed by RF and GB, on the other hand, the calculation times of the explainability metrics are very high with kNN and its variability in terms of resampled bases. Therefore, we focus on showing the results of RF and GB.



The results are shown in Figure 2 for the gradient boosting model, and in Figure 3 for the random forest model.



ExternalRiskEstimate is the variable with the highest consistency in its relevance, ranking first in most techniques (LIME, SHAP, and PDV), and a very close position in Morris sensitivity, which indicates that it is a critical variable in the credit risk assessment and probably a robust indicator of the probability of default.



AverageMInFile and NumSatisfactoryTrades are prominent variables that hold high positions in all techniques, suggesting that data on the age of the credit file and the number of satisfactory transactions are relevant for the GB model.



On the other hand, MSinceMostRecentInqexcl7days and NetFractionRevolvingBurden show some variability across techniques, but are still among the most relevant variables. This suggests that the time elapsed since the last credit inquiry and the proportion of revolving credit in use significantly impact risk analysis, although the magnitude of this impact may vary depending on the explanatory technique used.



The Morris sensitivity technique shows more variability in ranking certain variables than the other techniques, as observed in the cases of MSinceMostRecentDelq and NetFractionRevolvingBurden. This may indicate a greater sensitivity to small perturbations in these variables, implying that the model is less robust in its response to changes in these dimensions.



The results of the explainability techniques for the random forest (RF) model allow us to appreciate some key differences in the importance assigned to several variables, which have relevant implications for the interpretation and transparency of both models.



Consistency persists in key variables such as ExternalRiskEstimate, which appears to be the most important, showing the preponderance of the variable for the problem. On the other hand, it presents variability in the importance of secondary variables, such as AverageMInFile and PercentTradesNeverDelq, which are consistently positioned in the first places, which contrasts with the GB model, where some techniques, such as Morris sensitivity, assign less importance to these variables. Finally, inconsistency is evident in variables of lesser importance, such as NumInqLast6M and NumBank2NatlTradesWHighUtilization, whose positions vary between techniques in the RF model, compared to the GB model, where the ranking was more consistent. This variability in the RF model suggests that certain XAI techniques (e.g., Morris sensitivity) may be more sensitive to small variations in the data, affecting interpretability and confidence in secondary risk factor analysis.




5.3. Protocol Application


The different metrics were calculated for each XAI technique of reference models according to the defined protocol. These results are presented in Table 7 and Table 8. As mentioned, the fairness attribute is guaranteed by the structure of the base; therefore, it is complied with, and then, no weight will be assigned in the metrics matrix. The previous metrics reflect changes for the coherence metric, where in GB, it is PDV that has the highest score, while in RF, it is LIME. There is also a difference in simplicity where GB presents more in PERM and RF in PDV; however, in general, the order and metrics are similar between models, reflecting consistency between the application of XAI techniques to models for this particular problem.



We present the application of the protocol to the two proposed phases, applying the weights of the metrics presented for the two review approaches in Table 9.




5.4. Protocol Result: Understanding Established Relationships


	
Objective: To compare two different credit granting prediction models (random forest, gradient boosting) using XAI techniques to select the best model based on relevance and accuracy of the explanations.



	
Attribute evaluation: Attributes of usability, interpretability, and confidence in the explanations generated by each XAI technique will be evaluated. The results are presented in Table 10 for gradient boosting model.



	
The results for random forest are presented in Table 11.






Based on the above results for GB, it is suggested that the use of the partial dependency variance (PDV) technique is recommended for the process. The next options would be LIME and PERM, the first with good results in consistency and decision-making and the second highlighting the simplicity of faithfulness, stability, and robustness.



For random forest, PDV is reaffirmed as the best option, with LIME as the second choice and SHAP as the third. Notably, for this machine learning technique, Morris sensitivity exhibits lower volatility in its results compared to the ranking observed for gradient boosting, which could indicate that this technique is more stable for RF than for GB.



While the scoring differences between techniques such as LIME (0.679) and PDV (0.690) in Table 8 may appear small, the intent of the framework is not to prescribe a single optimal technique, but rather to offer a structured comparison based on multiple technical and practical attributes. In fact, the close scores support the recommendation of using multiple XAI techniques in parallel, particularly when diverse stakeholder perspectives are involved. The combined application of LIME, PDV, or others can provide complementary views and increase the robustness of the interpretability analysis.




5.5. Protocol Result: Audit Process


	
Objective: To review the modeling process and its results, evaluating transparency, regulatory compliance, and internal audit.



	
Techniques: Same as one target.



	
Attribute evaluation: Attributes of usability, interpretability, and confidence of the explanations generated by each XAI technique will be evaluated. With the results presented in Table 12 for GB and Table 13 about random forest.






With the above results, it is suggested that the PDV technique is recommended for the review process, followed by LIME and SHAP. In this case, the consistency and the result of stability and robustness place it in third place for GB, and LIME in first, then PDV if it is RF. In general, LIME and PDV present valuable structures for the review process and reflect stability concerning the main features to address the problem.



The XAI analysis has highlighted that the most relevant variables are those related to credit history and activity (Group 2). However, the most relevant seems to be ExternalRiskEstimate in almost all the techniques applied to the two models.



It was possible to independently verify that the selected variables were relevant to the problem in the different metrics, facilitated the audit process of the black box models, and allowed the evaluation of potential improvements to the process itself.



As can be seen, the explanatory techniques offer different perspectives on the importance of each variable. LIME and SHAP present more consistency and stability in their ranking of variables, which helps obtain a reliable and stable explanation of the main risk factors. Stability in the ranking of key variables may give greater confidence in the applicability of these models in credit contexts, where transparency and consistency in decision-making are essential for regulatory compliance.



On the other hand, Morris sensitivity and PDV reveal certain differences in the importance of secondary variables, which can be useful in identifying sensitivity to changes in data or detecting possible complex interactions. However, this variability can also complicate interpretation if a single stable view of the risk factors is sought, so using more than one technique and applying the suggested protocol allows a more complete view, according to the desired approach to the problem.





6. Discussion and Conclusions


The development of a framework for the application of XAI techniques to common actuarial problems was sought. The developed framework proposes the inclusion in the model development and governance process of explainability techniques subject to the user’s objective and the problem, as well as the criteria for their selection and evaluation, thus generating a robust process for different casuistry that facilitates the use of IA techniques in this context.



The use of XAI techniques facilitates the interpretation and comparison of models, allowing, if desired, to address the challenges of auditability, understanding, comparison and generation of new modeling approaches, as well as to evaluate the logic in the established relationships and facilitate the challenges of efficient risk management in the financial sector and the explanation of results to non-technical counterparties.



6.1. Evaluation of the Framework


The protocol proposed in this study provides a structured and systematic framework for the assessment of explainability in actuarial models. The main advantage is that it allows an objective comparison between different XAI techniques, applying some suggested metrics for the consistency and robustness of each method. This approach facilitates the selection of the most appropriate explainability techniques for each model based on the variables’ importance and the models sensitivity to small changes in the data. By applying this protocol, risk analysts can consistently identify the most critical variables and assess the impact of secondary variables on the prediction, thus improving decision-making.



The proposed framework enables actuaries to understand better key variables influencing predictions, such as ExternalRiskEstimate and credit history and activity variables, while providing tools to audit complex models effectively. This capability supports transparency in decision-making processes and fosters confidence among stakeholders, including regulators and non-technical audiences. Additionally, the framework aids in identifying model biases and optimizing feature prioritization, contributing to ethical and equitable model development.




6.2. Practical Implications


In a risk management context, which is the main challenge in actuarial science, consistency in the importance of key variables, such as that observed with the case of study, ExternalRiskEstimate and AverageMInFile, are relevant to maintain model transparency and reliability. Differences in the importance of secondary variables across techniques and models suggest that a combination of XAI methods could be beneficial. This would allow both the robustness of the main variables to be captured and a more detailed view of the less important variables to be obtained, providing a more complete risk analysis. This would allow techniques to be applied according to the analysis objective.



In the practical case developed, significant limitations are found both in the application context and in the interpretation of the characteristics of the variables associated with their source of creation for competition, which makes it difficult to contrast expert criteria in the results obtained. However, part of the challenge to be addressed by the proposed framework is to overcome these barriers through agnostic models and, therefore, conclusive explanations without expert judgment.




6.3. Limitations and Challenges


The protocol has some limitations, such as the definition and weighting of metrics. However, it meets the main objective of facilitating the implementation and testing of AI models in the actuarial context for the developer, the reviewer, and the decision-maker. It is important to mention that to strengthen it, it is necessary to carry out several exercises with different problems, and it is not easy to find open datasets to develop this type of exercise.



Finally, it is possible to see the potential of this type of models that transform the black boxes and open a window for future work focused on evaluation and replication exercises within the framework of risk management processes in the actuarial environment, such as technical risk management and commercial or auditing processes for daily supervision in the financial sector, being a clear path for strengthening the governance of models in the daily work of the actuary.





7. Future Work


The proposal for a framework for the evaluation of XAI techniques for actuarial problems is an initiative of permanent analysis, given the dynamics of this area of knowledge and the multiplicity of potential applications.



However, one of the main future works is related to the definition of pairs of problems and techniques that facilitate the development of the process according to the process and the exclusion or inclusion of additional techniques according to the needs of the modeling process or the context.



Other highly topic will be integration of XAI aligned with regulatory documents [49] such as the proposed EU AI Act and standards such as ISO/IEC 42001, emphasizing transparency, fairness, and accountability in AI-driven decisions [50]. Future research should focus on adapting the proposed framework to meet these regulatory standards by exploring the implications of evolving regulations on the governance of the model. This includes assessing the role of XAI in addressing issues such as bias detection and ensuring fairness in actuarial practices.



In another hand, the future research should focus on expanding the proposed XAI protocol to incorporate fairness-aware techniques, thereby addressing not only interpretability but also bias detection and mitigation. This extension would ensure that efforts toward model transparency are accompanied by mechanisms that promote equitable treatment, in line with evolving regulatory frameworks and ethical standards in the financial industry.
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Figure 1. Protocol for implementing XAI techniques in actuarial problem contexts. 
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Figure 2. Feature ranking by XAI technique by gradient boosting model. 
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Figure 3. Feature ranking by XAI technique by random forest model. 
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Table 1. Main XAI techniques.
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	Techniques
	Interpretability
	Origin
	Scope





	Counterfactual explanations [22]
	Post hoc
	Agnostic
	Local



	Decision trees [23]
	Intrinsic
	Specific
	Global



	Feature importance [7]
	Post hoc
	Agnostic
	Global



	Individual conditional expectation (ICE) [24]
	Post hoc
	Agnostic
	Local



	Accumulated local effects (ALE) [25]
	Post hoc
	Agnostic
	Global



	Interaction measure (H-statistic) [26]
	Post hoc
	Agnostic
	Local



	LIME [27]
	Post hoc
	Agnostic
	Local



	Partial dependence plot [5]
	Post hoc
	Agnostic
	Global



	Rule extraction [28]
	Post hoc
	Agnostic
	Global



	Sensitive analysis [29]
	Post hoc
	Agnostic
	Local and global



	SHAP (Shapley explanations) [30]
	Post hoc
	Agnostic
	Local and global



	Surrogate models [31]
	Post hoc
	Agnostic
	Local and global










 





Table 2. Key evaluation criteria for XAI techniques.
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	Criteria
	Key Points





	Model Type
	Different XAI methods work better with certain models (e.g., deep learning vs. linear/decision trees); agnostic techniques are model-independent.



	Available Methods
	A variety exists (rule-based, post-processing, visualization); selection depends on computational resources and specific explainability goals.



	Multiple Techniques
	Combining techniques can yield complementary insights and enhance interpretability.



	Evaluation
	Assess based on the quality of information, ease of interpretation, computational cost, and robustness/sensitivity to input variations.










 





Table 3. XAI evaluation criteria according to objectives.
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	Aspect
	Key Point/Example





	Interpretation of Key Features
	Explain critical variables (e.g., income and age in credit models).



	Consistency and Stability
	Ensure explanations are robust and consistent (e.g., high C(E) values).



	Feedback
	Incorporate actuary feedback for improvements (e.g., surcharges based on age/activity).



	Ease of Use
	Seamlessly integrate into workflows and assess computational efficiency (using TO formula).










 





Table 4. XAI techniques according to objectives.
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Goal

	
Technique






	
Technical Validation:




	
Model optimization

	
Global–local




	
Detection of biases or technical discrimination

	
Global




	
Model Selection

	
Feature importance

Partial dependence plot

Rule extraction

Surrogate models




	
Understanding relationships in the base model

	
Local




	
Decision-Making:




	
Explanation to third parties

	
Shape

PDP




	
Contrasting explainability results

	
Global




	
Expert review and contrast analysis

	
Shape

PDP




	
Audit Process:




	
Internal control and/or regulatory compliance

	
Global and local: Shapley, LIME, PDP











 





Table 5. Suggested evaluation framework by XAI attributes.
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XAI Attribute

	
Usability

	
Interpretability

	
Confidence




	
Explainability Goal

	
Consistency

	
Decision-Making

	
Replicability

	
Fairness

	
Coherence

	
Simplicity

	
Faithfulness

	
Stability and

Robustness






	
Consistency and stability of explanations

	
18%

	
5%

	
7%

	
3%

	
14%

	
10%

	
21%

	
22%




	
Feedback and continuous improvement

	
22%

	
7%

	
21%

	
3%

	
10%

	
5%

	
14%

	
18%




	
Ease of use and practical applicability

	
5%

	
21%

	
22%

	
3%

	
7%

	
18%

	
10%

	
14%




	
Relevance and accuracy of explanations.

	
10%

	
7%

	
5%

	
3%

	
21%

	
14%

	
22%

	
18%




	
Clarity and comprehensibility of explanations.

	
21%

	
7%

	
5%

	
3%

	
10%

	
22%

	
14%

	
18%




	
Transparency of the modeling process

	
14%

	
5%

	
3%

	
18%

	
10%

	
7%

	
22%

	
21%




	
Regulatory compliance

	
10%

	
3%

	
7%

	
22%

	
14%

	
5%

	
21%

	
18%











 





Table 6. FICO models results.
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	Models
	AUC
	Accuracy
	Precision
	Recall
	F1





	Decision tree (DT)
	0.71
	0.71
	0.71
	0.67
	0.69



	KNN
	0.70
	0.70
	0.67
	0.73
	0.70



	Artificial neural networks (ANN)
	0.71
	0.71
	0.73
	0.70
	0.71



	Random forest (RF)
	0.79
	0.71
	0.72
	0.65
	0.69



	Gradient boosting (GB)
	0.80
	0.73
	0.73
	0.69
	0.70










 





Table 7. Evaluation results of technical attributes in XAI FICO gradient boosting.
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XAI Attribute

	
Usability

	
Interpretability

	
Confidence




	
Explainability Goal

	
Consistency

	
Decision-Making

	
Replicability

	
Fairness

	
Coherence

	
Simplicity

	
Faithfulness

	
Stability and

Robustness






	
LIME

	
0.8298

	
0.500

	
0.739

	
1.000

	
0.667

	
0.333

	
0.500

	
0.908




	
SHAP

	
0.9418

	
0.600

	
0.245

	
1.000

	
0.500

	
0.500

	
0.495

	
0.705




	
PERM

	
0.6905

	
0.200

	
0.727

	
1.000

	
0.500

	
1.000

	
0.500

	
0.962




	
MS

	
0.6379

	
0.200

	
0.879

	
1.000

	
0.500

	
0.250

	
0.490

	
0.416




	
PDV

	
0.8653

	
0.500

	
0.696

	
1.000

	
0.667

	
0.667

	
0.485

	
0.912











 





Table 8. Evaluation results of technical attributes in XAI FICO random forest.






Table 8. Evaluation results of technical attributes in XAI FICO random forest.





	
XAI Attribute

	
Usability

	
Interpretability

	
Confidence




	
Explainability Goal

	
Consistency

	
Decision-Making

	
Replicability

	
Fairness

	
Coherence

	
Simplicity

	
Faithfulness

	
Stability and

Robustness






	
LIME

	
0.8298

	
0.500

	
0.706

	
1.000

	
0.900

	
0.500

	
0.492

	
0.945




	
SHAP

	
0.9418

	
0.600

	
0.211

	
1.000

	
0.857

	
0.714

	
0.482

	
0.635




	
PERM

	
0.6905

	
0.200

	
0.689

	
1.000

	
0.818

	
0.455

	
0.497

	
0.970




	
MS

	
0.6379

	
0.200

	
0.732

	
1.000

	
0.600

	
0.333

	
0.492

	
0.573




	
PDV

	
0.8653

	
0.500

	
0.691

	
1.000

	
0.800

	
1.000

	
0.482

	
0.962











 





Table 9. Weights of the metrics case of study.
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Features

	
Evaluation of Prediction

	
Models Audit






	
Usability

	
Consistency

	
24.75%

	
14.00%




	
Make decision

	
18.00%

	
4.00%




	
Replicability

	
22.00%

	
10.00%




	
Interpretability

	
Coherency

	
7.00%

	
18.00%




	
Simplicity

	
4.00%

	
7.00%




	
Confidence

	
Fidelity

	
14.00%

	
24.75%




	
Stability and robustness

	
10.00%

	
22.00%











 





Table 10. Evaluation results of technical attributes in XAI FICO models—1 GB.
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	LIME
	SHAP
	PERM
	MS
	PDV





	Usability
	0.458
	0.395
	0.367
	0.387
	0.457



	Interpretability
	0.060
	0.055
	0.075
	0.045
	0.073



	Confidence
	0.161
	0.140
	0.166
	0.110
	0.159



	Results
	0.679
	0.590
	0.608
	0.543
	0.690










 





Table 11. Evaluation results of technical attributes in XAI FICO models—Phase 1 RF.
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	LIME
	SHAP
	PERM
	MS
	PDV





	Usability
	0.451
	0.388
	0.359
	0.355
	0.456



	Interpretability
	0.083
	0.089
	0.075
	0.055
	0.096



	Confidence
	0.163
	0.131
	0.166
	0.126
	0.164



	Results
	0.697
	0.607
	0.600
	0.536
	0.716










 





Table 12. Evaluation results of technical attributes in XAI FICO models—2 GB.






Table 12. Evaluation results of technical attributes in XAI FICO models—2 GB.













	
	LIME
	SHAP
	PERM
	MS
	PDV





	Usability
	0.210
	0.180
	0.177
	0.185
	0.211



	Interpretability
	0.143
	0.125
	0.160
	0.108
	0.167



	Confidence
	0.324
	0.278
	0.335
	0.213
	0.321



	Results
	0.677
	0.583
	0.673
	0.506
	0.698










 





Table 13. Evaluation results of technical attributes in XAI FICO models—2 RF.
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	LIME
	SHAP
	PERM
	MS
	PDV





	Usability
	0.207
	0.177
	0.174
	0.171
	0.210



	Interpretability
	0.197
	0.204
	0.179
	0.131
	0.214



	Confidence
	0.330
	0.259
	0.336
	0.248
	0.331



	Results
	0.733
	0.640
	0.689
	0.550
	0.755
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