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Abstract 
The growing complexity of financial markets has necessitated the development of predictive models 

that not only achieve high accuracy but also provide transparent, interpretable insights into underlying 

risk dynamics. This study investigates Explainable Predictive Models for Financial Risk Forecasting 

(Peer-Reviewed and Revised Version), focusing on the integration of interpretability constraints within 

machine learning frameworks to balance predictive power with transparency. A hybrid architecture was 

developed and tested across three critical domains—credit default, equity volatility, and systemic risk 

forecasting—using financial time-series data spanning a decade. The model employed both post hoc 

and intrinsic explainability techniques, including SHAP, LIME, and attention-based regularization, to 

evaluate local and global explanation fidelity. Statistical validation through the Diebold-Mariano and 

DeLong tests confirmed that interpretable-regularized models maintained accuracy comparable to 

black-box counterparts while demonstrating superior stability and expert-aligned explanations. Key 

performance metrics, such as the Global Consistency Index (GCI) and SHAP Stability Index (SSI), 

indicated substantial improvements in explanation reliability across varying market regimes. The 

findings underscore that embedding interpretability during model training enhances not only 

transparency and auditability but also user trust and compliance readiness within financial institutions. 

Practical recommendations emphasize early-stage integration of explainability constraints, the 

establishment of interpretability evaluation metrics, and the inclusion of interdisciplinary collaboration 

in model design and validation. Overall, the research provides a robust framework for developing 

explainable, high-performing, and regulation-compliant predictive systems that can support sustainable 

and ethical decision-making in the modern financial sector.  
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Introduction 
In recent years, the financial industry has witnessed a surge in the adoption of advanced 

machine learning and deep learning techniques for forecasting risks—such as credit default 

probability, volatility jumps, and systemic stress—because these approaches often 

outperform classical models (e.g. GARCH, VAR) in predictive accuracy [1, 2]. However, as 

these models grow more complex, their “black‐box” nature poses significant obstacles: 

decision makers, auditors, regulators, and stakeholders struggle to trust or validate their 

outputs (particularly in adverse market conditions) [3, 4]. In financial applications especially, 

the lack of transparency can lead to regulatory noncompliance, model misuse, or failure to 

detect spurious behavior in extreme events [4, 5]. The field of explainable artificial intelligence 

(XAI) has thus emerged as a way to bridge the gap between accuracy and interpretability by 

offering techniques such as SHAP, LIME, attention mechanisms, or rule extraction to 

illuminate how model predictions arise [6-8]. A recent systematic review of XAI in finance 

identifies that credit scoring, fraud detection, and stock forecasting are among the most 

studied tasks, with feature attribution and rule‐based explanations being prevalent, yet often 

lacking evaluation of stability or fidelity in dynamic markets [3, 9]. Moreover, efforts to 

integrate explanation constraints during model training (rather than applying post hoc 

explainers) remain comparatively rare, and explanation quality under shifting data 

distributions is underexplored [10, 11]. 

In this work, we confront the central problem that, although modern predictive models can 

achieve excellent accuracy in financial risk forecasting, their lack of trustworthy, stable, and 

domain‐aligned explanations limits their real‐world adoption. Our objectives are: (i) to  
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propose a hybrid modelling architecture that combines high 

forecast performance with built-in interpretability 

regularization (e.g. via sparsity penalties, attention 

consistency losses, or explanation consistency constraints); 

(ii) to rigorously evaluate explanation fidelity, stability, and 

usability across different market regimes; and (iii) to 

benchmark this approach against both conventional 

interpretable models (e.g. sparse regression, decision rules) 

and black-box models augmented with post hoc explainers, 

across multiple risk forecasting tasks. We hypothesize that 

models trained with explicit interpretability constraints can 

match or closely approach the predictive performance of 

unconstrained black-box models, while generating more 

stable, faithful, and domain‐aligned explanations—thus 

improving trust and acceptance in finance. 

 

Materials and Methods 

Materials 

This research utilized publicly available financial time series 

datasets comprising daily and monthly market indicators, 

macroeconomic variables, and firm-specific financial ratios 

derived from reliable repositories such as Yahoo Finance, 

Kaggle, and the Federal Reserve Economic Data (FRED) 

platform [1, 2]. The selected datasets covered a ten-year 

horizon (2014-2024), encompassing equity indices (S&P 

500, FTSE 100), interest rates, exchange rates, and credit 

default swap (CDS) spreads to capture multiple risk 

dimensions—market, credit, and systemic [3, 4]. Data 

preprocessing included normalization, missing-value 

imputation, and outlier detection using robust z-score 

thresholds to minimize data skewness and ensure 

comparability across instruments [5, 6]. Financial risk 

measures such as Value-at-Risk (VaR), Expected Shortfall 

(ES), and volatility clusters were computed to establish 

baseline targets for predictive modeling [7, 8]. Feature 

engineering incorporated lag structures, moving averages, 

technical indicators, and macroeconomic sentiment 

variables derived from financial news to enhance model 

informativeness [9]. All features were subjected to 

correlation filtering and principal component analysis 

(PCA) for dimensionality reduction while retaining over 

95% variance explanation [10]. 

The computational environment was established using 

Python 3.11 with libraries such as TensorFlow, PyTorch, 

and Scikit-Learn for modeling, SHAP and LIME for 

explainability, and Pandas/NumPy for data manipulation [6, 

11]. Experiments were executed on a high-performance 

workstation (Intel Xeon 32-core CPU, 128 GB RAM, 

NVIDIA RTX A6000 GPU) to enable efficient model 

training and iterative explainability analysis [12]. 

 

Methods 

The methodological framework integrated predictive 

modeling with embedded interpretability constraints 

following established explainable artificial intelligence 

(XAI) protocols [2, 6, 9]. Baseline models included 

conventional econometric approaches (ARIMA, GARCH) 

and modern machine-learning architectures—Random 

Forest, Gradient Boosting, LSTM, and Transformer 

networks—for comparative benchmarking [3, 4, 7]. 

Explainability was incorporated through two 

complementary approaches: (i) post hoc interpretation using 

SHAP and LIME to attribute variable influence in black-box 

predictions, and (ii) intrinsic interpretability via sparse 

attention mechanisms, rule extraction layers, and 

explanation-consistency regularization during model 

training [5, 10, 11]. Model hyperparameters were optimized 

through Bayesian search to minimize forecasting error (Root 

Mean Square Error—RMSE and Mean Absolute Error—

MAE) and maximize explanation stability metrics such as 

Local Explanation Fidelity (LEF) and Global Consistency 

Index (GCI) [8, 9]. 

The evaluation procedure followed k-fold time-series cross-

validation to maintain chronological integrity and avoid data 

leakage. Statistical validation employed the Diebold-

Mariano test to assess predictive significance among 

competing models [12]. The experimental pipeline was 

replicated across three risk domains—credit default, equity 

volatility, and systemic risk indices—to ensure 

generalizability. The hypothesis was tested by comparing 

the performance and explanation stability between models 

trained with interpretability regularization and those relying 

solely on post hoc explainers [9-11]. Model outputs were 

further validated against domain knowledge by financial 

experts to confirm the alignment of model explanations with 

real-world economic causality [3, 6, 10]. 

 

Results 

Across all three risk forecasting tasks—credit default, equity 

volatility, and systemic risk—the interpretable-regularized 

(IR) model matched the black-box + post-hoc (BB+X) 

model on predictive accuracy while substantially 

outperforming it on explanation quality: 

 Predictive accuracy (Table 1) 
1. Credit default: AUROC was 0.914 for IR vs 0.918 for 

BB+X (Δ=0.004), with Brier scores 0.104 vs 0.106, 

respectively; Traditional baselines lagged (AUROC 

0.873; Brier 0.127) [1-5, 7-9]. 

2. Equity volatility: IR achieved RMSE 0.182 and MAE 

0.139, nearly identical to BB+X (0.179/0.137) and 

superior to Traditional (0.206/0.161), consistent with 

prior reports that ML architectures rival or surpass 

classical econometric models when carefully tuned [1, 2, 

4, 7-9]. 

3. Systemic risk index: IR RMSE/MAE (0.127/0.093) 

were on par with BB+X (0.126/0.091) and better than 

Traditional (0.149/0.112), aligning with the literature 

that hybrid time-series models capture nonlinearities 

without sacrificing forecast ability [1, 2, 7-9]. 

 Explanation quality (Table 2 & Figure 2) 
1. IR delivered higher Local Explanation Fidelity (LEF) 

across tasks (0.83-0.86) than BB+X (0.76-0.79) and 

Traditional (0.69-0.72), indicating closer agreement 

between explanations and model behavior during local 

perturbations [2, 6, 8, 10, 11]. 

2. Global Consistency Index (GCI) and SHAP Stability 

Index (SSI) were consistently higher for IR (GCI≈0.78-

0.81; SSI≈0.74-0.77) than BB+X (GCI≈0.63-0.70; 

SSI≈0.58-0.65), supporting the hypothesis that 

imposing explanation-consistency constraints during 

training yields more stable, regime-robust attributions 

than purely post-hoc methods [2, 6, 8, 10, 11]. 

3. Expert alignment—the proportion of explanations 

judged consistent with domain risk drivers—was also 

higher for IR (82-85%) than BB+X (71-75%) and 

Traditional (69-70%), echoing recommendations for 

human-in-the-loop validation in financial XAI [3-6, 10, 11]. 

 Statistical validation (Table 3) 
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1. Diebold-Mariano tests showed no significant difference 

between IR and BB+X for volatility (p=0.36) or 

systemic risk (p=0.59), but significant improvements of 

IR over Traditional (volatility p=0.004; systemic 

p=0.016), consistent with prior comparative studies [1, 2, 

7-9]. 

2. For credit default, DeLong tests found no significant 

AUROC difference between IR and BB+X (p=0.43), 

but IR significantly exceeded Traditional (p=0.0019), 

matching patterns reported in earlier explainable credit-

scoring research [4-6, 10, 11]. 

3. Calibration (Figure 3; Brier score) slightly favored IR 

over BB+X and clearly over Traditional, an important 

consideration for risk management and regulatory 

review [3-6]. 

 Case illustration (Figure 1): On the out-of-sample 

systemic-risk test window, both IR and BB+X tracked 

cyclical swings and stress spikes closely. However, 

IR’s explanations were more stable across adjacent time 

points (higher GCI/SSI), reducing the risk of 

“explanation flip” in turbulent regimes—an issue 

frequently noted for post-hoc explainers on non-

stationary financial time series [2, 6, 8, 11]. 

 
Table 1: Predictive performance across tasks 

 

Task Metric Interpretable-Regularized (IR) Black-box + Post hoc (BB+X) 

Credit Default AUROC (↑) 0.914 0.918 

Credit Default AUPRC (↑) 0.621 0.628 

Credit Default Brier score (↓) 0.104 0.106 

Equity Volatility RMSE (↓) 0.182 0.179 

Equity Volatility MAE (↓) 0.139 0.137 

Systemic Risk Index RMSE (↓) 0.127 0.126 

 
Table 2: Explanation quality metrics 

 

Task Explanation Metric Interpretable-Regularized (IR) Black-box + Post hoc (BB+X) 

Credit Default Local Explanation Fidelity (LEF, ↑) 0.86 0.79 

Credit Default Global Consistency Index (GCI, ↑) 0.78 0.63 

Credit Default SHAP Stability Index (SSI, ↑) 0.74 0.58 

Credit Default Expert Alignment (%, ↑) 82.0 71.0 

 
Table 3: Statistical tests for performance differences 

 

Task Test (Comparison) Statistic p-value 

Systemic Risk Index Diebold-Mariano (IR vs BB+X) -0.54 0.59 

Systemic Risk Index Diebold-Mariano (IR vs Trad) -2.43 0.016 

Credit Default DeLong AUROC (IR vs BB+X) -0.78 0.43 

Credit Default DeLong AUROC (IR vs Trad) 3.11 0.0019 
 

 
 

Fig 1: Actual vs predicted systemic risk index (test period) 

 

 
 

Fig 2: Global Consistency Index (GCI) across models and tasks 
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Fig 3: Brier score for credit default forecasting 

 

Overall interpretation: The results support our hypothesis 

that training with interpretability constraints can maintain 

competitive forecast accuracy while materially improving 

explanation fidelity and stability. In practice, this improves 

auditability, facilitates model risk governance, and 

strengthens decision-maker trust without sacrificing 

performance—an outcome aligned with emerging best 

practices for XAI deployment in finance [2-6, 8, 10, 11]. 

 

Discussion 

The results of this study demonstrate that the integration of 

interpretability constraints within predictive models 

provides a viable pathway toward achieving explainable, 

reliable, and high-performing financial risk forecasts. The 

interpretable-regularized (IR) framework not only matched 

the predictive performance of traditional black-box models 

but also offered superior transparency and stability in its 

explanatory outputs, validating prior findings on the 

importance of interpretability in financial AI [1-3]. Consistent 

with recent systematic reviews of explainable AI (XAI) 

applications in finance [2, 4, 5], the present research highlights 

that model transparency is achievable without sacrificing 

predictive accuracy, thereby addressing one of the most 

persistent challenges in algorithmic risk management—

balancing performance with interpretability. 

A key insight lies in the consistency and fidelity of 

explanations. Higher Global Consistency Index (GCI) and 

SHAP Stability Index (SSI) scores observed for IR models 

indicate that explanation structures remained robust across 

temporal shifts and varying market conditions. This aligns 

with evidence from Schmitt [10] and Quinn [11], who 

emphasized that interpretability must be assessed not only 

by local attribution accuracy but also by global stability over 

time. Moreover, the elevated expert alignment percentages 

(82-85%) suggest that the generated explanations were 

coherent with known economic drivers, reinforcing the 

potential of human-in-the-loop validation frameworks 

advocated in contemporary financial XAI literature [3, 6, 10]. 

The stability of attributions is particularly critical for high-

stakes applications—such as credit risk assessment and 

systemic risk monitoring—where inconsistent explanations 

may erode institutional trust or misguide regulators [4, 5, 9]. 

From a methodological perspective, the Diebold-Mariano 

and DeLong tests confirmed that while IR models achieved 

comparable accuracy to black-box counterparts, they 

significantly outperformed traditional approaches (p < 0.05) 

in predictive precision and calibration. These findings 

corroborate earlier reports suggesting that hybrid models 

incorporating explainability constraints maintain forecast 

competitiveness while mitigating overfitting and data 

leakage risks [7, 8]. The marginal difference in AUROC 

between IR and BB+X further validates the claim that 

transparency need not come at the cost of accuracy, echoing 

the empirical evidence presented in recent systematic 

reviews [2, 4, 9]. 

Finally, this study underscores the regulatory and ethical 

implications of adopting explainable predictive frameworks 

in finance. As noted by Deloitte [6] and Brigo et al. [3], the 

financial sector increasingly requires models that are not 

only empirically validated but also auditable and 

interpretable under supervisory scrutiny. By embedding 

explanation constraints during model training, this research 

provides a replicable blueprint for responsible AI 

development in finance—bridging the gap between 

algorithmic sophistication and regulatory accountability. 

The evidence thus supports the hypothesis that interpretable-

regularized predictive models can achieve high performance 

and stable, domain-aligned explanations, advancing the next 

generation of transparent and trustworthy financial risk 

forecasting systems [2-6, 8, 10, 11]. 

 

Conclusion 

The findings of this research reaffirm that explainable 

predictive modeling represents a vital evolution in financial 

risk forecasting, where transparency, accountability, and 

performance must coexist harmoniously. The study 

successfully demonstrated that models embedded with 

interpretability constraints can maintain forecasting 

accuracy equivalent to traditional black-box algorithms 

while offering far greater stability and consistency in their 

explanatory outputs. This dual achievement not only 

advances the technical discourse around artificial 

intelligence in finance but also addresses a long-standing 

practical and ethical challenge—building models that 

decision-makers can trust, understand, and justify. The 

interpretable-regularized framework developed in this study 

proved capable of producing coherent, human-

understandable explanations that align closely with 

recognized financial risk drivers. By achieving stable 

attributions across volatile market conditions, such models 

reduce the unpredictability often associated with AI-driven 

forecasts, thereby enhancing their suitability for deployment 

in real-world banking, investment, and regulatory 

environments. 
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From a practical standpoint, the study suggests several 

actionable recommendations for financial institutions, 

regulators, and AI practitioners. First, organizations should 

prioritize the integration of explainability mechanisms at the 

model design stage rather than relying solely on post hoc 

interpretation tools. This proactive approach ensures that 

transparency becomes an intrinsic property of the 

forecasting system, rather than an afterthought. Second, 

institutions should adopt hybrid model validation 

frameworks that simultaneously evaluate predictive 

accuracy, interpretability, and stability to ensure balanced 

performance under varying market conditions. Third, 

regulators and compliance bodies could establish 

standardized metrics—such as explanation fidelity and 

stability indices—to guide model certification and audit 

processes, ensuring consistency and accountability across 

financial systems. Fourth, investment in capacity-building 

programs is essential to equip analysts, risk managers, and 

policymakers with the skills required to interpret AI-

generated insights responsibly. Finally, collaboration 

between data scientists, economists, and domain experts 

should be institutionalized within model development 

pipelines to ensure that machine learning outputs remain 

grounded in economic logic and practical feasibility. 

In conclusion, the evolution of explainable predictive 

models represents more than a technological 

advancement—it signifies a paradigm shift toward ethical, 

transparent, and resilient financial analytics. By embedding 

interpretability into the core of risk forecasting systems, the 

financial sector can build not only more accurate models but 

also more trustworthy institutions. This convergence of 

accuracy and accountability paves the way for a future 

where artificial intelligence supports financial stability, 

fosters informed decision-making, and strengthens the 

integrity of the global economic ecosystem. 
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