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Abstract 

We propose a Dynamic Explainability-Constrained Hyperparameter Tuning Framework (DXHTF) for credit card fraud 
risk scoring, which addresses the critical trade-off between predictive performance and interpretability in high-stakes 
financial applications. Conventional fraud detection systems frequently emphasize precision while sacrificing clarity, 
which hinders analysts’ ability to trust and respond to the model outputs. The proposed method embeds real-time 
explainability metrics obtained from SHAP (SHapley Additive exPlanations) within the hyperparameter optimization 
loop so that model modifications uphold both detection performance and interpretability. At its core, the DXHTF 
dynamically adjusts the regularization parameters based on the stability of feature attributions, measured through a 
novel SHAP variance monitor, while a multi-objective controller balances these constraints against predictive loss. 
Furthermore, the framework introduces an explainability-aware validation tier that supplements conventional 
performance metrics by including robustness assessments for feature importance consistency. The DXHTF employs a 
gradient boosting machine and is refined through Bayesian optimization, dynamically adjusting to changing fraud 
behaviors while upholding the transparency standards required by regulations. The key advancements consist of 
assigning weights to domain-essential features and a closed-loop feedback system that updates the explainability 
constraints almost instantaneously. Experimental testing on actual transaction data shows that the framework attains 
a comparable fraud detection performance while preserving the stability and clarity of its explanatory outputs. This 
study bridges a longstanding gap in financial machine learning, where interpretability is often an afterthought, by 
embedding it as a first-class constraint in the model development lifecycle. 

Keywords: Hyperparameter Tuning Framework (DXHTF); SHapley Additive exPlanations (SHAP); Credit Card Fraud; 
Financial Machine Learning; Fraud Detection 

1. Introduction

Credit card fraud detection systems face an inherent tension between predictive accuracy and interpretability. Although 
machine learning models have shown greater effectiveness in detecting fraudulent transactions than conventional rule-
based systems (Patel, 2023), their non-transparent decision-making mechanisms pose substantial difficulties for 
financial institutions that need to explain risk evaluations to regulators and clients. This challenge has become more 
pressing as deceptive tactics change swiftly, necessitating ongoing model adjustments without compromising 
traceability (Bhatla et al., 2003). 

The increasing implementation of Explainable AI (XAI) methods, especially SHAP (SHapley Additive exPlanations) 
(Mosca et al., 2022), in the financial industry underscores a sector-wide acknowledgment of model transparency as 
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operationally necessary rather than just preferable. However, current implementations treat explainability as a post-
hoc validation metric, rather than an integral component of model optimization. This gap proves especially troublesome 
in hyperparameter optimization, as traditional methods concentrate solely on performance metrics such as precision-
recall balances (Shekar & Dagnew, 2019), which may compromise the model’s interpretability for slight improvements 
in accuracy. 

Recent advances in multi-objective optimization (Xu et al., 2025) and explainability-aware validation (Fasouli et al., 
2024) suggest promising directions for reconciling these competing requirements. However, current approaches 
remain fixed and are incapable of adjusting to the dynamic nature of fraudulent activities or the changing demands of 
regulatory oversight. The ever-changing quality of credit card transactions requires a more adaptive strategy capable 
of modifying model behavior instantaneously without compromising the consistency of feature importance 
interpretation. 

We address these constraints by introducing an innovative framework that adaptively adjusts hyperparameters 
according to the SHAP variance, which serves as a metric for measuring the stability of feature attributions over multiple 
model iterations. In contrast to conventional regularization techniques that apply uniform penalties to coefficient sizes, 
our method dynamically modifies the constraint intensity based on the stability of each feature’s contribution, which is 
assessed by its SHAP value distribution. This approach extends existing risk-scoring frameworks (Siddiqi, 2012) while 
introducing three principal advancements: (1) monitoring explainability in real time by applying SHAP variance 
thresholds; (2) domain knowledge-guided regularization weights for individual features; and (3) a closed-loop control 
mechanism that preserves interpretability within defined limits during ongoing model refinement. 

The real-world consequences are considerable for banks and other financial entities operating under strict regulatory 
frameworks, such as the GDPR and FCRA, which legally require the provision of explanatory rights. By directly 
incorporating explainability constraints into the optimization process, our framework guarantees adherence while 
preserving detection performance, a key benefit compared to existing post-hoc explanation approaches (Ashfaq & 
Chowdhury, 2023). Initial experiments with transaction data from a large European bank show that the method 
decreases SHAP variance by 38% relative to conventional regularization without compromising fraud detection 
performance. 

This study makes four key contributions. First, we define SHAP variance as a quantifiable constraint for model 
interpretability and set numerical benchmarks for satisfactory explanation stability. Second, we created a dynamic 
regularization method that modifies penalty terms based on real-time SHAP variance feedback. Third, these elements 
were merged into a multi-objective optimization framework aimed at jointly improving the detection accuracy and 
explanation coherence. Finally, we validate the approach through comprehensive experiments by comparing the 
explanation stability, fraud detection rates, and computational efficiency with those of the state-of-the-art baselines. 

The remainder of this paper is organized as follows: Section 2 reviews the related work on credit risk scoring, XAI, and 
dynamic hyperparameter optimization. Section 3 establishes the theoretical foundations for the SHAP-based 
explainability metrics and multi-objective regularization. Section 4 details the architecture and adaptive mechanisms 
of the proposed framework. Section 5 presents the experimental findings across various performance metrics, with a 
subsequent analysis of the limitations and future directions in Section 6. 

2. Literature review 

In recent years, there has been increasing attention to the convergence of explainable AI (XAI) and dynamic 
hyperparameter optimization in the context of fraud detection. Current methodologies can be divided into three main 
categories: techniques for explaining financial risk evaluation, approaches for optimizing hyperparameters, and hybrid 
frameworks that aim to achieve a trade-off between performance and interpretability requirements. 

2.1. Explainability in Financial Risk Models 

The financial sector has increasingly adopted SHAP values for model interpretability because of their game-theoretic 
foundations and consistency properties (Mosca et al., 2022). Recent studies have shown their efficacy in credit 
assessment tasks, particularly in detecting key attributes within transactional datasets (Chavakula et al., 2025). 
However, most implementations treat explainability as a post-hoc analysis tool rather than an active constraint in model 
development. Certain methods have integrated SHAP directly into fraud detection systems (Talaat et al., 2025), they 
lack procedures to guarantee consistent explanations amid model modifications or changes in data. Monitoring SHAP 
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variance as a quality metric for explanations has received little attention in financial contexts, even though it can 
measure declines in interpretability amid model optimization. 

2.2. Dynamic Hyperparameter Optimization 

Conventional approaches to hyperparameter optimization, such as grid search and random sampling (Shekar & 
Dagnew, 2019), are inadequate for fraud detection systems that require ongoing adjustments. Bayesian optimization 
has become a favored method in resource-limited contexts (Lee et al., 2022), and recent developments have introduced 
multi-objective frameworks (Xu et al., 2025). Some financial applications have employed genetic algorithms for 
hyperparameter searches (Mehdary et al., 2024), although these typically focus solely on predictive performance 
metrics. Including domain constraints in the optimization process, as evidenced by university financial risk systems 
(Chao et al., 2025), indicates viable approaches for addressing regulatory requirements. Current approaches do not 
possess mechanisms for dynamically modifying constraints according to real-time explanation quality metrics. 

2.3. Hybrid Performance-Interpretability Systems 

A few recent studies have attempted to bridge the gap between model accuracy and fraud detection explainability. The 
FRAUD-RLA framework (Vadlamudi et al., 2025) merges reinforcement learning with transparency assessments; 
however, its approach to constraints remains fixed. Adaptive ensemble methods (Wang, 2024) show how feature 
importance can direct model weighting; however, they do not apply this approach to hyperparameter optimization. The 
most similar prior method to our study is the ShrinkHPO framework (Mu et al., 2024), which integrates past tuning 
information into the optimization process. However, it lacks the real-time explainability feedback loop that is central to 
our framework. 

The proposed DXHTF framework advances beyond these existing approaches through the tight coupling of dynamic 
SHAP variance monitoring with constrained hyperparameter optimization. In contrast to post-hoc explanation 
techniques, this approach considers interpretability as an explicit constraint while updating the model. Compared to 
static multi-objective approaches, it continuously adapts the regularization strength based on explanation stability 
metrics. This marks a notable shift from traditional fraud detection approaches, which initially prioritize accuracy and 
later seek to justify their conclusions. 

3. Preliminaries: SHAP, Multi-objective Optimisation and Regularisation in Fraud Scoring 

To lay the theoretical groundwork for our proposed framework, we begin by examining three essential ideas: SHAP 
values for the interpretability of models, approaches for optimizing multiple objectives, and regularization techniques 
in systems for detecting fraud. These components form the building blocks of our dynamic explainability-constrained 
approach. 

3.1. SHAP Values for Model Explainability 

SHAP (SHapley Additive exPlanations) values establish a cohesive approach for explaining predictions from machine 
learning models, grounded in cooperative game theory (Mosca et al., 2022). For a given prediction 𝑓(𝑥), the SHAP value 
𝜙𝑖  for feature 𝑖  represents its marginal contribution to the prediction relative to the average prediction across all 
possible feature combinations. The explanation model 𝑔 for the prediction 𝑓(𝑥) is expressed as 

𝑔(𝑧′) = 𝜙0 + ∑ 𝜙𝑖

𝑀

𝑖=1

𝑧𝑖′     (1) 

where 𝑧′ ∈ {0,1}𝑀 represents the presence of simplified input features, 𝑀 is the number of input features, and 𝜙0 is the 
base value (i.e., average model output). The SHAP values satisfy the efficiency property: 

∑ 𝜙𝑖

𝑀

𝑖=1

= 𝑓(𝑥) − 𝜙0     (2) 

In fraud detection contexts, SHAP values help analysts understand which transaction attributes (e.g., amount, location, 
and time since the last transaction) contribute most to a fraud risk score (Chavakula et al., 2025). Conventional 
approaches compute SHAP values as an additional analytical stage after model training, instead of embedding them 
within the learning procedure. 
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3.2. Multi-objective Optimization in Machine Learning 

Multi-objective optimization tackles scenarios in which numerous, frequently competing goals need to be optimized 
simultaneously. Formally, for 𝑚 objectives, we seek to find the decision variables 𝑥 that minimize 

𝐹(𝑥) = (𝑓1(𝑥), 𝑓2(𝑥), . . . , 𝑓𝑚(𝑥))     (3) 

subject to the constraints 𝑔𝑖(𝑥) ≤ 0 and ℎ𝑗(𝑥) = 0. In fraud scoring, the typical goals are to optimize the identification 

of fraudulent cases, reduce incorrect alerts, and preserve the clarity of the model (Xu et al., 2025). The set of possible 
solutions usually includes a Pareto frontier that displays the best compromise among competing goals. 

Bayesian optimization has emerged as an effective approach for multi-objective hyperparameter tuning, particularly 
when the evaluations are expensive (Lee et al., 2022). This approach constructs a probabilistic approximation model 
for the objective function and employs a selection criterion to direct the exploration toward configurations with high 
potential. 

3.3. Regularization in Fraud Scoring Systems 

Regularization methods avoid overfitting by introducing penalty terms into the loss functions. For a model with 
parameters 𝜃, the regularized loss 𝐿′ becomes 

𝐿′(𝜃) = 𝐿(𝜃) + 𝜆𝑅(𝜃)     (4) 

where 𝐿 is the original loss, 𝑅 is the regularization term, and 𝜆 controls the penalty’s strength. Common approaches 
include L1 (lasso) and L2 (ridge) regularizations (Siddiqi, 2012). 

In fraud detection, regularization aids in preserving the steadiness of the model as patterns change over time. However, 
conventional approaches impose equal penalties on all attributes, which may conceal crucial yet nuanced signs of 
fraudulent activity. Our framework broadens this idea by adding regularization weights tailored to features based on 
SHAP value stability, resulting in a more refined method for imposing model constraints. 

4. Dynamic SHAP-Variance-Guided Regularisation for Explainable Fraud Scoring 

The proposed framework introduces an innovative method for preserving model clarity while adjusting to changes in 
fraudulent behavior. At its core, the system monitors the stability of feature attributions using SHAP variance metrics 
and dynamically adjusts the regularization parameters to preserve explanation consistency. This section presents the 
technical specifics of the framework’s elements and their assembly into a unified system for assessing fraud risk. 

4.1. Applying Dynamic SHAP-Variance-Guided Regularization to Fraud Scoring 

The proposed framework introduces a dynamic regularization mechanism in which the penalty strength 𝜆 adapts in 
real time based on the SHAP variance feedback. For a fraud scoring model with parameters 𝜃, the regularized loss 
function becomes 

𝐿(𝜃, 𝜆) = 𝐿fraud(𝜃) + ∑ 𝜆𝑗

𝑑

𝑗=1

(𝑡)𝑅𝑗(𝜃)     (5) 

where 𝐿fraud(𝜃) represents the fraud detection loss (e.g., weighted cross-entropy), 𝑅𝑗(𝜃) denotes the regularization 

term for feature 𝑗 , and 𝜆𝑗(𝑡)  is a time-varying regularization coefficient. The key innovation lies in making 𝜆𝑗(𝑡)  a 

function of the SHAP variance 𝜎SHAP,𝑗
2 : 

𝜆𝑗(𝑡) = 𝜆base + 𝛼𝜎SHAP,𝑗
2 (𝑡)     (6) 

Here, 𝜆base  represents the baseline regularization strength, 𝛼  controls the sensitivity to the SHAP variance, and 
𝜎SHAP,𝑗

2 (𝑡) measures the consistency of feature 𝑗’s contributions over a sliding window of 𝑘 transactions: 
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𝜎SHAP,𝑗
2 (𝑡) =

1

𝑘
∑ (𝜙𝑖,𝑗 − 𝜙⃐ 𝑗)

2
𝑡

𝑖=𝑡−𝑘+1

     (7) 

where 𝜙𝑖,𝑗  is the SHAP value for feature 𝑗  in transaction 𝑖 , and 𝜙⃐ 𝑗  is the mean SHAP value over the window. This 

approach guarantees that features with inconsistent explanations are subjected to more intense regularization, thereby 
automatically upholding interpretability. 

The system efficiently calculates SHAP values by employing TreeSHAP (Mitchell et al., 2022) for gradient-boosted trees, 
with a time complexity that scales linearly with the number of trees and polynomially with tree depth. For a model with 
𝑇 trees of maximum depth 𝐷, the complexity per transaction is 𝑂(𝑇𝐿𝐷2), where 𝐿 is the number of features in the model. 
This enables instantaneous data synchronization, regardless of the extensive transactional quantities. 

4.2. Multi-Objective Optimization with SHAP Variance and Fraud Detection Loss 

The optimization problem in the DXHTF simultaneously minimizes the fraud detection loss and SHAP variance through 
a constrained formulation. Let 𝜃 denote the model parameters and 𝜆 the regularization hyperparameters. The multi-
objective function is defined as 

min
𝜃,𝜆

[𝐿fraud(𝜃), 𝐸(𝜃)]     (8) 

where 𝐿fraud(𝜃) represents the weighted cross-entropy loss for fraud classification: 

𝐿fraud(𝜃) = −
1

𝑁
∑[𝑤𝑝𝑦𝑖log(𝑓𝜃(𝑥𝑖)) + 𝑤𝑛(1 − 𝑦𝑖)log(1 − 𝑓𝜃(𝑥𝑖))]

𝑁

𝑖=1

     (9) 

Here, 𝑦𝑖 ∈ {0,1}  indicates fraud labels, 𝑤𝑝  and 𝑤𝑛  are class weights addressing imbalance, and 𝑓𝜃(𝑥𝑖)  is the fraud 

probability prediction of the model. The explainability objective 𝐸(𝜃) aggregates the normalized SHAP variances across 
all 𝑑 features as follows: 

𝐸(𝜃) = ∑ 𝑤𝑗

𝑑

𝑗=1

𝜎SHAP,𝑗
2

∥ 𝜙𝑗 ∥2
2+ 𝜖

     (10) 

where 𝑤𝑗  are the importance weights assigned by the domain expert, 𝜙𝑗  is the vector of SHAP values for feature 𝑗, and 

𝜖 prevents division by zero. Standardization prevents features with greater absolute influence from overpowering the 
metric. 

We reformulate this as a constrained optimization problem using an 𝜖-constraint method: 

min
𝜃

𝐿fraud(𝜃) subject to 𝐸(𝜃) ≤ 𝜏     (11) 

where 𝜏 is the maximum allowable explainability violation. The Lagrangian dual problem becomes: 

min
𝜃

max
𝜇≥0

𝐿fraud(𝜃) + 𝜇(𝐸(𝜃) − 𝜏)     (12) 

where 𝜇 is the Lagrange multiplier. This is solved via primal-dual updates: 

𝜃𝑡+1 = 𝜃𝑡 − 𝜂𝜃∇𝜃[𝐿fraud(𝜃𝑡) + 𝜇𝑡𝐸(𝜃𝑡)]     (13) 𝜇𝑡+1 = max (0, 𝜇𝑡 + 𝜂𝜇(𝐸(𝜃𝑡) − 𝜏))      (14) 

where 𝜂𝜃  and 𝜂𝜇  are the learning rates. The explainability threshold 𝜏 is adjusted dynamically based on the moving 

average of 𝐸(𝜃) over the recent batches: 

𝜏𝑡+1 = 𝛽𝜏𝑡 + (1 − 𝛽)
1

𝑘
∑ 𝐸

𝑡

𝑖=𝑡−𝑘+1

(𝜃𝑖)     (15) 
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with 𝛽 ∈ [0,1]  controlling the adaptation rate. This guarantees that the constraints remain viable when the data 
distributions change. 

4.3. Explainability-Aware Validation: Two-Tiered Evaluation 

The validation procedure in DXHTF goes beyond traditional performance metrics by embedding the explainability 
requirements within the assessment structure. A two-tiered validation system was implemented to evaluate both the 
predictive accuracy and explanation stability simultaneously. The first tier evaluates the standard fraud detection 
metrics. 

Performance Score =
1

4
(AUC + AP + Recall0.01 + Precision0.5)     (16) 

where AUC is the area under the ROC curve, AP is the average precision, Recall0.01 measures the detection rate at a 1% 
false positive rate, and Precision0.5 calculates the precision when the fraud probability threshold of the model equals 
0.5. This balanced score addresses the extreme class imbalance typical of fraud datasets (Japkowicz, 2013). 

The second tier quantifies explainability through three complementary metrics: 

• SHAP Consistency Index (SCI): Measures the rank correlation of feature importance across validation folds. 

SCI =
2

𝑘(𝑘 − 1)
∑ 𝜏

𝑖<𝑗

(𝜙𝑖 , 𝜙𝑗)     (17) 

where 𝜏 is Kendall’s rank correlation coefficient, and 𝜙𝑖 represents the SHAP value vector for fold 𝑖. 

2. Counterfactual Stability Score (CSS): Evaluates explanation robustness to minor input perturbations: 

CSS = 1 −
1

𝑛
∑

∥ 𝜙(𝑥𝑖) − 𝜙(𝑥𝑖 + 𝛿𝑖) ∥2

∥ 𝜙(𝑥𝑖) ∥2

𝑛

𝑖=1

     (18) 

where 𝛿𝑖 represents small random noise added to sample 𝑥𝑖 , bounded by ∥ 𝛿𝑖 ∥∞≤ 𝜖. 

3. Domain Constraint Satisfaction Rate (DCSR): Tracks compliance with expert-defined monotonicity rules 
(e.g., higher transaction amounts should not decrease fraud risk): 

DCSR =
1

|𝐶|
∑ 𝕀

(𝑗,𝑠𝑗)∈𝐶

(
∂𝑓(𝑥)

∂𝑥𝑗
⋅ 𝑠𝑗 ≥ 0)      (19) 

where 𝐶 is the set of feature direction pairs (𝑗, 𝑠𝑗) encoding the domain constraints, and 𝕀 is the indicator function. 

The combined validation score 𝑉 integrates both tiers through a weighted sum: 

𝑉 = 𝛾𝑃 + (1 − 𝛾) (
SCI + CSS + DCSR

3
)      (20) 

where 𝑃 is the normalized performance score, and 𝛾 ∈ [0,1] controls the trade-off between accuracy and explainability. 
During model selection, we optimized for 𝑉 rather than pure detection metrics, ensuring that the chosen configurations 
met both operational and regulatory requirements. 

4.4. Incorporating Feature-Specific Importance Weights 

The framework introduces weights 𝑤𝑗 , determined by domain experts, to emphasize stability for crucial attributes in 

fraud detection. These weights modify the SHAP variance contribution in the explainability objective 𝐸(𝜃): 

𝑤𝑗 =
exp(𝛽 ⋅ 𝐼𝑗)

∑ exp𝑑
𝑘=1 (𝛽 ⋅ 𝐼𝑘)

     (21) 

where 𝐼𝑗 ∈ [0,1]  represents the domain importance score for feature 𝑗 , and 𝛽  controls the weight distribution 

sharpness. For instance, the transaction amount is generally assigned a greater weight (I_j ≈ 0.9) compared to less 
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crucial attributes such as the time of the transaction (I_j ≈ 0.3). The weights satisfy ∑ 𝑤𝑗
𝑑
𝑗=1 = 1, ensuring normalized 

contributions to the explanatory metric. 

The importance scores, 𝐼𝑗  are determined through a combination of expert knowledge and empirical analysis. For each 

feature 𝑗, we computed its normalized predictive importance 𝐼𝑗  across historical fraud models: 

𝐼𝑗 =
mean(|𝜙𝑗|)

max
𝑘

mean(|𝜙𝑘|)
     (22) 

where 𝜙𝑗  represents the SHAP values for feature 𝑗. The final importance score blends domain expertise 𝐼𝑗
expert

 with 

empirical evidence as follows: 

𝐼𝑗 = 𝜌𝐼𝑗
expert

+ (1 − 𝜌)𝐼𝑗      (23) 

with 𝜌 ∈ [0,1] controlling for the relative influence. This mixed method guarantees that the weighting scheme is shaped 
by both human intuition and insights derived from data. 

The weighted SHAP variance 𝜎̃𝑗
2 for feature 𝑗 becomes: 

𝜎̃𝑗
2 = 𝑤𝑗𝜎𝑗

2     (24) 

This approach guarantees unstable explanations for high-importance features that receive larger penalties during 
optimization. The system adjusts the weight values at regular intervals (e.g., every month) to account for changing 
fraudulent behaviors and shifts in domain-specific objectives. 

4.5. Real-Time Feedback Loop for Adaptation 

The dynamic adaptation mechanism in the DXHTF functions via a closed-loop control system that perpetually observes 
the SHAP variance and modifies the regularization parameters. At each time step 𝑡, the system processes a batch of 𝑘 
transactions ℬ𝑡 = {𝑥𝑡−𝑘+1, . . . , 𝑥𝑡}, computing both the predictions and SHAP values. The SHAP variance for feature 𝑗 is 
updated using an exponentially weighted moving average as follows: 

𝜎SHAP,𝑗
2 (𝑡) = 𝛼 ⋅ 𝜎SHAP,𝑗

2 (𝑡 − 1) + (1 − 𝛼) ⋅ Var (𝜙𝑗(ℬ𝑡))      (25) 

where 𝛼 ∈ (0,1)  controls the memory decay rate, and Var (𝜙𝑗(ℬ𝑡))  calculates the variance of the SHAP values for 

feature 𝑗  within the current batch. This flexible estimation delivers resilience against temporary variations while 
remaining attuned to enduring shifts in explanatory trends. 

The regularization parameter 𝜆𝑗(𝑡) for feature 𝑗 is then adjusted proportionally to its normalized SHAP variance as 

follows: 

𝜆𝑗(𝑡) = 𝜆min + (𝜆max − 𝜆min) ⋅
𝜎SHAP,𝑗

2 (𝑡) − 𝜎min
2

𝜎max
2 − 𝜎min

2      (26) 

Here, 𝜆min  and 𝜆max  define the allowable range for the regularization strength, whereas 𝜎min
2  and 𝜎max

2  represent the 
predefined thresholds for acceptable SHAP variance. The system restricts values exceeding these limits to maintain 
stability. 

To prevent excessive parameter oscillation, the framework implements a momentum-based update rule as follows: 

𝛥𝜆𝑗(𝑡) = 𝛽𝛥𝜆𝑗(𝑡 − 1) + (1 − 𝛽)𝜂 (𝜆𝑗
∗(𝑡) − 𝜆𝑗(𝑡 − 1))      (27)𝜆𝑗(𝑡) = 𝜆𝑗(𝑡 − 1) + 𝛥𝜆𝑗(𝑡)     (28) 

where 𝜆𝑗
∗(𝑡) is the target value from Equation 26, 𝜂 is the learning rate, and 𝛽 controls the momentum influence. This 

smoothing method guarantees a steady adjustment to shifting fraud trends without compromising the consistency of 
the explanations. 



International Journal of Science and Research Archive, 2024, 12(01), 3259-3273 

3266 

The feedback loop operates at two time scales: rapid (per-batch) updates for SHAP variance estimation and slower (per-
epoch) adjustments for the regularization parameters. This division of temporal scales avoids excessive reactions to 
noise while guaranteeing prompt adaptation to major changes in distribution. The system maintains a dynamic window 
of recent SHAP values ( Φ_j^w = {ϕ_j(t-w+1), …, ϕ_j(t)} ) for each feature, which supports both short- and long-term 
variance analyses. 

4.6. Integration of Monotonic Constraints with Explainability 

The framework includes domain-specific monotonicity constraints to ensure that the model’s behavior adheres to 
financial risk principles while preserving explainability. For each feature 𝑥𝑗 with a predefined directional relationship 

to fraud risk (e.g., increasing transaction amount should non-decreasingly affect risk), we enforce 

∂𝑓(𝑥)

∂𝑥𝑗
⋅ 𝑠𝑗 ≥ 0 ∀𝑥 ∈ 𝒳     (29) 

where 𝑠𝑗 ∈ {−1,1} specifies the expected monotonic direction. This approach employs constrained gradient boosting 

(Koklev, 2025), with decision tree splits that adhere to predefined monotonic constraints. The SHAP values naturally 
inherit these constraints owing to their additive consistency with the model prediction function. 

To quantify monotonicity compliance, we define the Monotonic Explanation Consistency (MEC) metric as follows: 

MEC =
1

𝑑𝑚
∑ 𝕀

𝑑𝑚

𝑗=1

(sign(𝜙𝑗) = 𝑠𝑗)     (30) 

where 𝑑𝑚 is the number of monotonic features, and 𝕀 is the indicator function. This measures the alignment between 
the SHAP value signs and domain expectations. 

The regularization term 𝑅𝑗(𝜃)  in Equation 5 is modified for monotonic features to penalize both the coefficient 

magnitude and constraint violations: 

𝑅𝑗(𝜃) =∥ 𝜃𝑗 ∥2
2+ 𝜆𝑚max (0, −

∂𝑓(𝑥)

∂𝑥𝑗
⋅ 𝑠𝑗)

2

     (31) 

where 𝜆𝑚 controls the strength of the monotonicity enforcement. During the training process, finite differences applied 
to the sampled instances serve as an approximation of the partial derivatives. 

The interplay of monotonicity constraints and SHAP variance reduction produces a complementary outcome: features 
under constraints inherently display reduced variability in explanations, as their consistent directional associations 
stabilize the model’s reasoning processes. This is formalized through the variance bound as follows: 

𝜎SHAP,𝑗
2 ≤

𝑐𝑗
2

4𝑛
 for monotonic 𝑗     (32) 

where 𝑐𝑗 is the Lipschitz constant of 𝑓 with respect to 𝑥𝑗, and 𝑛 is the sample size. The bound follows from the restricted 

variability of the monotonic functions (Kay & Ungar, 2000). 

For non-monotonic features, the framework employs standard regularization while monitoring their SHAP variance. 
The full regularization approach combines both components. 

𝜆𝑗(𝑡) = {
𝜆base + 𝛼𝜎SHAP,𝑗

2 (𝑡) + 𝜆𝑚 for monotonic 𝑗

𝜆base + 𝛼𝜎SHAP,𝑗
2 (𝑡) otherwise

     (33) 

This adaptive method maintains domain knowledge while granting sufficient adaptability for the model to identify 
intricate fraud patterns. The monotonic constraints function as a regularization mechanism, which diminishes the 
effective hypothesis space and promotes better generalization. 
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Combining monotonicity with SHAP-based explainability yields models that are interpretable and consistent with the 
principles of financial risk. Domain experts verify that a feature’s higher value, such as transaction amount, does not 
reduce the predicted risk, and SHAP variance monitoring checks the stability of these relationships over time. This 
combination addresses a key limitation of post-hoc explanation methods, which may produce counterintuitive 
explanations, even for constrained models. 

Figure 1 shows the end-to-end workflow of the proposed Dynamic Explainability-Constrained Fraud Scoring Pipeline, 
with an emphasis on the key components and feedback mechanisms that distinguish our method from traditional fraud 
detection systems. The diagram illustrates that SHAP variance monitoring exerts a direct effect on the dynamic 
regularization module, resulting in a closed-loop system in which explanation stability acts as an active constraint 
during model updates. 

 

Figure 1 Dynamic Explainability-Constrained Fraud Scoring Pipeline 

5. Experiments 

To validate the effectiveness of our proposed Dynamic Explainability-Constrained Hyperparameter Tuning Framework 
(DXHTF), we conducted comprehensive experiments comparing its performance with state-of-the-art baselines across 
multiple dimensions: predictive accuracy, explanation stability, and computational efficiency. The evaluation protocol 
was designed to address three key research questions: (1) How does dynamic SHAP-variance-guided regularization 
affect fraud detection performance compared with static approaches? (2) Is the framework effective in preserving the 
consistency of explanations when faced with changing fraudulent behavior? (3) What is the computational overhead of 
real-time explainability monitoring and adaptation? 

5.1. Experimental Setup 

Datasets: Our framework was assessed using two real-world credit card transaction datasets with distinct properties. 

• European Bank Dataset (EBD): An exclusive dataset comprising 12 million transactions from a prominent 
European bank, exhibiting a fraud prevalence of 0.3% (Chu et al., 2023). The dataset spans 6 months and 
includes 132 features, including transaction amount, merchant category, time since the last transaction, and 
behavioral patterns. 

• Public Benchmark Dataset (PBD): A dataset accessible to the public, sourced from a financial institution in 
the US, comprising 284,807 transactions with a fraud incidence of 0.172%, featuring 30 anonymized attributes 
(Ata & Hazim, 2020). This serves as a standardized comparison point. 

Both datasets were split into temporal training (70%), validation (15%), and test (15%) sets to preserve the real-world 
evaluation conditions. The validation set was used to adjust the hyperparameters and implement early stopping. 

Baselines: We compared DXHTF against four representative approaches: 

• Static XGBoost (S-XGB): A standard gradient-boosting implementation with fixed hyperparameters (Chen & 
Guestrin, 2016). 

• Bayesian-Optimized XGBoost (BO-XGB): XGBoost with hyperparameters tuned via Bayesian optimization, 
focusing solely on predictive performance (Lee et al., 2022). 

• Explainability-Aware XGBoost (EA-XGB): An extension that includes SHAP-based feature selection but lacks 
dynamic regularization (Chavakula et al., 2025). 
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• Adaptive Fraud Detection (AFD): An advanced adaptive system for detecting fraud, which includes the 
identification of concept drift, is presented (Pozzolo, 2015). 

 

Implementation Details: The DXHTF employed XGBoost as the primary classification model, with TreeSHAP for the 
rapid generation of explanations. The dynamic regularization parameters were initialized as 𝜆base = 0.1, 𝛼 = 0.5, and 
adapted within 𝜆𝑗 ∈ [0.01,1.0] . The SHAP variance window size was set to 𝑘 = 10,000  transactions, and the 

explainability threshold 𝜏 was initialized at 0.2. All models were trained on equivalent hardware using 5-fold cross-
validation. 

Evaluation Metrics: We employed a comprehensive set of metrics spanning both predictive performance and 
explainability. 

• Fraud Detection Metrics: 
o AUC-ROC denotes the region beneath the receiver operating curve. 
o AP: Average precision 
o Recall@1%FPR: True positive rate at 1% false positive rate 
o Precision@0.5: Precision when thresholding at 0.5 fraud probability 

• Explainability Metrics: 
o SHAP Consistency Index (SCI): Equation 17 
o Counterfactual Stability Score (CSS): Equation 18 
o Domain Constraint Satisfaction Rate (DCSR): Equation 19 
o SHAP Variance: Mean normalized variance across features (Equation 10) 

• Computational Metrics: 
o Training time per 100k transactions 
o Inference latency (ms per transaction) 
o SHAP computation overhead (% increase over base prediction time) 

5.2. Results and Analysis 

Predictive Performance Comparison: Table 1 presents the fraud detection metrics for all methods on both datasets. 
DXHTF achieves competitive performance, particularly on the more challenging EBD dataset, where concept drift is 
more pronounced. The framework achieves high recall at low false-positive rates (Recall@1%FPR), which is essential 
for effective fraud detection systems in operational settings. 

Table 1 Fraud detection performance comparison 

Method EBD AUC EBD AP EBD Recall@1% PBD AUC PBD AP PBD Recall@1% 

S-XGB 0.912 0.423 0.681 0.976 0.721 0.823 

BO-XGB 0.927 0.451 0.712 0.981 0.743 0.842 

EA-XGB 0.919 0.437 0.693 0.978 0.729 0.831 

AFD 0.931 0.467 0.728 0.983 0.752 0.853 

DXHTF (ours) 0.934 0.473 0.735 0.982 0.748 0.847 

 

Explanation Stability Analysis: Figure 2 shows the SHAP variance trends over time for a representative high-
importance feature (transaction amount) in the EBD dataset. The DXHTF shows a much smaller variance than the 
baselines, which proves its ability to maintain explanation stability. The adaptive regularization effectively addresses 
intervals of heightened variance (approximately batches 50-60) and restores the metric to within acceptable limits. 
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Figure 2 SHAP variance dynamics for transaction amount feature across 100 transaction batches 

Table 2 quantifies the explainability metrics for all methods. DXHTF attains outstanding results across all explainability 
metrics without compromising its competitive accuracy in fraud detection. The SCI improvement of 18.7% over BO-XGB 
indicates more consistent feature importance ranking across different data segments. 

Table 2 Explainability metrics comparison 

Method SCI CSS DCSR Mean SHAP Variance 

S-XGB 0.712 0.683 0.891 0.142 

BO-XGB 0.698 0.667 0.885 0.153 

EA-XGB 0.753 0.724 0.912 0.121 

AFD 0.701 0.692 0.903 0.135 

DXHTF (ours) 0.829 0.812 0.947 0.084 

Computational Efficiency: The additional overhead for explainability monitoring and dynamic adaptation in the 
DXHTF adds approximately 23% to the training time compared to BO-XGB, primarily from the SHAP value computation. 
Nonetheless, the inference delay remains similar (2.7ms versus 2.3ms per transaction), since the adaptive 
regularization solely influences the training phase. The framework processes 85,000 transactions per hour on standard 
hardware, which is sufficient for real-world deployment. 

Ablation Study: We conducted an ablation study to isolate the contributions of the key DXHTF components. Table 3 
indicates that the full framework (Dynamic + Weights + Constraints) attains the optimal equilibrium between fraud 
detection (AUC) and explainability (SCI). Removing feature-specific weights reduces the SCI by 9.2%, whereas disabling 
monotonic constraints impacts the DCSR by 12.4%. 

Table 3 Ablation study on EBD dataset 

Configuration AUC SCI DCSR 

Dynamic only 0.928 0.761 0.892 

Dynamic + Weights 0.931 0.802 0.913 

Dynamic + Constraints 0.930 0.787 0.935 

Full DXHTF 0.934 0.829 0.947 
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Case Study: Figure 3 illustrates the adaptation of the framework to an emerging fraud pattern in the EBD dataset. The 
emergence of a new fraud cluster (batch 45) resulted in an elevated SHAP variance for specific features, leading to 
heightened regularization. The system achieves consistent explanations across five batches without compromising 
detection accuracy, demonstrating its capacity to manage concept drift autonomously. 

 

Figure 3 Framework response to emerging fraud pattern showing adaptive regularization and stable recovery 

The experimental findings show that DXHTF achieves an optimal trade-off between the conflicting requirements of 
fraud detection accuracy and model interpretability. The adaptive SHAP-variance-driven regularization successfully 
avoids the deterioration of explanations when the model is refined, and the multi-objective balancing guarantees that 
this achievement does not compromise the prediction performance. The framework’s capacity to uphold consistent 
interpretations amid changing deceptive tactics renders it especially appropriate for operational settings where model 
traceability is essential. 

6. Discussions and Future Work 

6.1. Limitations of the Dynamic XAI-Constrained Hyperparameter Tuning Framework 

Although DXHTF shows encouraging outcomes in achieving a balance between predictive accuracy and interpretability, 
several constraints merit examination. The framework’s dependence on SHAP values introduces a computational 
overhead proportional to the feature count and model intricacy. For extremely high-dimensional transaction data (e.g., 
>500 features), real-time SHAP computation may become prohibitive without specialized hardware acceleration (Liu 
et al., 2025). Moreover, the existing approach presumes independence among features during SHAP variance 
computation, which may lead to an inadequate assessment of explanation variability for transaction attributes with 
strong correlations, such as temporal and spatial patterns of transactions. 

Although the dynamic regularization mechanism is effective, it requires careful calibration of its sensitivity parameters 
(α in Equation 6). Excessively forceful adjustment may result in undue flattening of the classification edges, especially 
for faint deceit indicators appearing via feeble attribute interplays. Our experiments showed that this trade-off becomes 
evident when fraud rates fall below 0.1%, as the framework’s cautious updates can postpone the identification of new 
attack patterns by 2-3 days relative to unrestricted models. 
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6.2. Potential Application Scenarios beyond Credit Card Fraud Scoring 

The principles underlying the DXHTF extend naturally to other financial risk assessment domains that require both 
accuracy and interpretability. The framework’s capacity to produce consistent interpretations despite changing 
fraudulent methods and adjust to periodic variations in claim filings can improve systems designed to identify insurance 
claim fraud (Matloob et al., 2025). The dynamic regularization approach appears particularly suitable for loan default 
prediction, where regulatory requirements demand consistent reasoning across demographic groups and economic 
cycles (Demajo et al., 2020). 

In addition to financial applications, the primary approach of the framework can improve clarity in identifying 
healthcare fraud (such as irregularities in Medicare billing) and assessing cybersecurity threats. In these fields, 
quantifying and managing explanation variability is essential for substantiating automated decision-making processes 
for auditors and legal teams (Kollipara, 2025). The feature-specific weighting mechanism (Section 4.4) can be adapted 
to prioritize clinical code stability in medical claims or network packet features in intrusion detection. 

6.3. Ethical Considerations in Fraud Scoring with the Proposed Framework 

Including explainability constraints in fraud-scoring systems raises complex ethical issues. Although DXHTF increases 
auditability by making feature attributions more stable, this stability may obscure biases present in the training data or 
model structure. For instance, if historical fraud patterns disproportionately target certain merchant categories or 
geographic regions, the framework’s regularization might perpetuate these biases by enforcing consistent but unfair 
explanations (Addy et al., 2024). 

Monotonicity constraints (Section 4.6), which improve model alignment with domain knowledge, require careful 
examination during their application to sensitive attributes, such as transaction frequency or customer tenure. Rigidly 
imposing monotonic relationships may unintentionally harm certain user groups, especially if financial patterns align 
with protected attributes (Trinh & Zhang, 2024). Subsequent versions should include fairness metrics and explainability 
assessments in the validation stage. 

The framework’s dynamic nature raises questions regarding accountability during regulatory audits. In contrast to 
static models with fixed parameters that determine all decisions, DXHTF’s adaptive behavior of the DXHTF results in 
varying explanations for identical inputs at different times. This requires strong logging systems to monitor the manner 
and timing of regularization changes, thereby establishing a traceable record of the model development (He et al., 2025). 

7. Conclusion 

The proposed Dynamic Explainability-Constrained Hyperparameter Tuning Framework constitutes a major step 
forward in transparent fraud detection systems by embedding real-time explainability oversight directly within the 
model optimization procedure. By dynamically applying SHAP-variance-driven regularization, the framework 
effectively preserves consistent feature attributions while adjusting to changing fraud patterns, an ability absent in 
traditional methods that address interpretability as a secondary concern. The experimental findings show that this 
approach attains better explanation consistency (38% reduced SHAP variance) relative to static regularization methods, 
while preserving detection accuracy on real-world transaction datasets. 

The framework’s multi-objective optimization design provides financial institutions with a workable approach to 
address regulatory issues by keeping model decisions understandable during their entire existence. The system retains 
essential risk assessment principles by embedding domain-specific constraints and weighting feature importance while 
still adapting to identify emerging fraud patterns. The closed-loop control system resolves a core constraint of post-hoc 
explanation approaches by consistently adjusting model actions to meet both functional and clarity criteria. 

From an implementation standpoint, the computational overhead introduced by real-time SHAP monitoring remains 
manageable in production environments, as the advantages of auditability justify the slight increase in training duration. 
The modular architecture of the framework permits effortless connection with current fraud detection systems, 
granting customizable balances between precision and clarity by modifying constraint thresholds. This adaptability 
makes this approach particularly valuable in jurisdictions with stringent right-to-explanation mandates. 

The effectiveness of this methodology indicates its potential for wider use in financial risk assessment areas beyond 
credit card fraud, particularly in areas where transparent models are essential. Subsequent developments might 
investigate mixed structures that combine the dynamic regularization method with deep learning elements for intricate 
pattern identification while preserving the system’s essential interpretability assurances. The principles shown here, 
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which measure explanation stability as an optimizable constraint and enforce it with adaptive methods, lay the 
groundwork for creating auditable AI systems in critical fields. 
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