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Operational risk has become increasingly important due to recurrent financial scandals and
significant loss events, yet it remains comparatively underexplored in the literature. At the same
time, artificial intelligence is gaining prominence as a transformative tool in risk management.
This paper compares traditional parametric and machine-learning approaches for operational loss
severity modeling using the SAS OpRisk database. The analysis combines descriptive
examination of loss characteristics, parametric fitting with the Lognormal and Gamma
distributions, and supervised prediction based on structured explanatory variables. The predictive
framework includes Ridge regression, Decision Tree, Random Forest, Gradient Boosting, and a
hybrid Ridge—Random Forest model. The findings suggest that operational loss severity reflects
both linear and non-linear structures and that hybrid modeling can improve predictive
performance. The research highlights the complementary roles of traditional parametric fitting
and machine-learning methods in operational risk severity analysis

Keywords: Operational Risk; Artificial Intelligence (Al); Machine learning; Loss
Prediction; Databases.

1. Introduction

Operational risk now occupies a central place in financial risk management due to its complexity, the diversity of its
sources, and its capacity to generate substantial losses. Its multifaceted nature makes it both conceptually broad and
methodologically difficult to quantify. Against this background, the introduction is organized into two subsections. The
first discusses operational risk as a concept and a contemporary regulatory and managerial challenge, while the second
turns to the specific issue of operational loss severity and the evolution of its modeling approaches, from traditional
parametric methods to Al-based techniques.

1.1

Operational Risk: Concept, Scope, and Contemporary Relevance

Operational risk has evolved into a fundamental pillar of banking supervision and enterprise risk management. Under the
Basel framework, operational risk encompasses losses stemming from inadequate or failed internal processes, people,
systems, or external events (Basel Committee on Banking Supervision [BCBS], 2021; Chernobai et al., 2018). This
comprehensive definition underscores the multidimensional and heterogeneous character of operational risk, which spans
internal fraud, employment practices, client-related failures, business disruption, system failures, execution errors, and
damage to physical assets (Cope et al., 2012; Dahen & Dionne, 2010; Moosa, 2007). Recent supervisory guidance has
further integrated operational resilience as a complementary dimension, particularly concerning severe but plausible
disruptions, including cyber-attacks, pandemics, and critical infrastructure failures (BCBS, 2021; Financial Stability

Board, 2020).

Operational risk fundamentally differs from market and credit risk in that it does not originate from discrete financial
exposures but is intrinsically embedded within institutional operations and organizational processes (Cruz et al., 2015).
This embeddedness renders operational risk inherently more challenging to identify, classify, measure, and manage. The
complexity is further compounded by the dual nature of operational losses: the coexistence of high-frequency, low-impact
events alongside low-frequency, high-severity tail events, combined with intricate interactions among organizational
culture, technological infrastructure, process design, and exogenous shocks (Moscadelli, 2004; Dutta & Perry, 2006; Cope
et al.,, 2012). Consequently, operational risk management has ascended to a central position within supervisory
frameworks and corporate governance structures. The Basel Committee's revised Principles for the Sound Management
of Operational Risk and its Principles for Operational Resilience explicitly emphasize robust governance frameworks,
resilient information and communication technology (ICT) infrastructures, comprehensive business continuity planning,
and effective change management as foundational elements of sound operational risk practice (BCBS, 2021, 2024).
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The salience of operational risk has been substantially amplified by accelerating digitalization and the pervasive adoption
of advanced technologies within financial services. Empirical evidence demonstrates that digital transformation
simultaneously expands institutional exposure to operational, cyber, and third-party risks while enabling sophisticated
technological solutions for risk surveillance, early warning systems, and mitigation strategies (Aldasoro et al., 2020;
Financial Stability Board, 2023). The recent proliferation of artificial intelligence (Al) and machine learning applications
introduces a paradox: enhanced analytical capabilities and operational efficiencies coexist with emergent risks, including
model opacity, algorithmic bias, data quality vulnerabilities, and novel operational failure modes. This dual-edged nature
necessitates more sophisticated, dynamic, and adaptive risk assessment frameworks that can address both traditional and
technology-driven operational risks (Huang, 2024; Jawdani et al, 2024).

Collectively, these developments signify a paradigm shift: operational risk is no longer a residual or secondary risk
category but has emerged as a strategic determinant of institutional resilience, regulatory compliance, competitive
positioning, and systemic stability (Chernobai et al., 2018; Curti et al., 2022). This elevation reflects broader recognition
that operational failures can precipitate substantial financial losses, reputational damage, regulatory sanctions, and even
systemic contagion (Cummins et al., 2006). Within this context, one of the most significant methodological challenges
remains the accurate quantification and modeling of operational loss severity distributions, particularly for tail events that
are statistically rare yet potentially catastrophic (Dahen & Dionne, 2010).

1.2. Machine Learning and Artificial Intelligence in Operational Risk Modeling

Machine learning (ML) and artificial intelligence (AI) techniques have emerged as a major methodological frontier in
operational risk analytics. Their main advantage lies in their ability to model complex, non-linear structures in loss data
that are often difficult to capture through traditional parametric approaches. Methods such as Random Forests, Gradient
Boosting Machines (GBMs), Support Vector Machines (SVMs), Neural Networks, Deep Learning architectures, and
ensemble models offer greater flexibility in identifying interactions and contextual dependencies. They therefore offer a
powerful complement to conventional modeling frameworks in the analysis of operational risk. (Drydakis, 2022; Huang,
2024; Pacek et al., 2025; Petropoulos et al., 2020; Sarkar et al., 2016).

Empirical evidence suggests that machine learning can improve the prediction of both operational loss severity and
frequency. In particular, Random Forest and Gradient Boosting perform well because they can handle mixed predictors,
capture non-linearities, and identify interaction effects. Neural networks may further uncover latent risk patterns that
traditional regression models often fail to detect. (Liu et al., 2025; Narang et al., 2025; Zhu et al., 2025).

Recent studies also show that ensemble methods can further improve out-of-sample predictive performance by combining
the strengths of multiple base models. In parallel, machine-learning classification algorithms have enhanced the
categorization of operational risk events, allowing more granular risk profiling, more targeted mitigation strategies, and
lower false-positive rates in automated monitoring systems (Eling & Lehmann,2018; Hassani et al., 2020; Liu et al., 2025;
Petropoulos et al., 2020; Rawindaran et al., 2021).

Deep learning has further expanded these possibilities, especially in settings involving sequential dependencies or high-
dimensional data. In parallel, natural language processing (NLP) has opened new avenues for extracting risk-relevant
information from unstructured sources such as incident reports, audit documents, regulatory texts, and news flows. These
developments support more proactive risk management by improving early signal detection and enriching operational
risk assessment (Kulkarni & Chandra, 2025; Mienye et al., 2024).

Although ML and AI models offer strong predictive advantages, they also raise important concerns regarding
interpretability, transparency, and regulatory acceptance. These issues are particularly relevant in operational risk, where
model governance and explainability remain essential. In response, explainable Al (XAI) techniques such as SHapley
Additive exPlanations (SHAP), Local Interpretable Model-agnostic Explanations (LIME), Partial Dependence Plots
(PDP), and Individual Conditional Expectation (ICE) have gained importance because they help clarify the contribution
of individual variables to model predictions. As a result, XAl frameworks are increasingly seen as a way to reconcile
predictive performance with interpretability and regulatory expectations (Ahmed et al., 2022; Alonso & Carbo, 2020;
Bodria et al., 2023; Molnar, 2020).

The absence of a universally dominant modeling approach has encouraged the development of hybrid frameworks that
combine traditional statistical methods with machine learning techniques. These approaches aim to retain the
interpretability and theoretical grounding of classical models while benefiting from the flexibility and predictive capacity
of data-driven algorithms. However, important challenges remain. Data scarcity, especially for extreme loss events, may
reduce the effectiveness of complex ML models and increase the risk of overfitting. In addition, model validation remains
difficult in operational risk settings, particularly under changing business conditions, technological developments,
regulatory shifts, and emerging threats. As a result, adaptive and robust modeling strategies continue to represent an
important direction for future research. (Hassani et al., 2020; Melina et al., 2025; Petropoulos et al., 2020).

2. Materials and Methods

As illustrated in Figure 1, this chapter adopts a comparative empirical framework to model operational loss severity,
drawing on the SAS OpRisk Global Dataset. After filtering and anonymizing the source data, the analysis is restricted to
banking-sector loss events recorded between 1996 and 2023. The selected sample provides sufficient temporal and
geographic heterogeneity to capture the main empirical features of operational losses, notably strong skewness, heavy
tails, and event-level heterogeneity (Moscadelli, 2004).

The entire analysis was implemented using Python, leveraging advanced data science libraries such as Scikit-learn,
Pandas, and NumPy to ensure computational efficiency and methodological rigor. The independent variables encompass
a comprehensive range of operational risk dimensions, including: Event risk categories, Business lines (Commercial and
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Retail Banking), Geographical locations, Firm-level financial indicators, Organizational size and complexity, Regulatory
environment characteristics.

The empirical strategy unfolds in three complementary stages. First, a descriptive analysis characterizes the unconditional
and conditional distributions of loss amounts across event-risk categories and business lines, highlights outliers, and
documents heterogeneity and temporal patterns that may affect model choice and evaluation. Second, a parametric
severity-fitting stage benchmarks two classical positive-skew distributions commonly used in operational risk: the
Lognormal and the Gamma. These specifications serve as baseline parametric references for strictly positive, asymmetric
loss data. Goodness-of-fit is assessed using likelihood-based criteria (AIC/BIC), probability plots, and tail diagnostics to
evaluate the model's ability to capture extreme outcomes. Third, a structured-data predictive stage estimates and compares
supervised models on the same target variable. The dependent variable is log(1 + loss) to mitigate skewness and stabilize
estimation. Evaluated models include:

. Ridge regression (Hoerl & Kennard, 1970) as a regularized linear baseline robust to multicollinearity;
. Decision Tree as an interpretable non-linear baseline;

. Random Forest (Breiman, 2001) to capture non-linearities and interactions via bagged trees;

. Gradient Boosting (Friedman, 2001) to iteratively improve predictive fit through residual correction.

In addition, the chapter introduces a hybrid specification that combines the predictions of the traditional regression model
and the Random Forest model. The purpose of this hybrid approach is to test whether integrating linear statistical structure
with non-linear machine-learning patterns can improve predictive performance compared with single structured-data
models. The dependent variable is the current loss value, and the predictive stage uses its log-transformed form, log(1 +
loss), to reduce skewness and improve model stability. Model performance is assessed on hold-out test data using RMSE,
MAE, and R-squared. Overall, the methodology seeks to determine whether Al-based structured-data models, whether
used alone or in a hybrid form, provide incremental predictive value beyond traditional benchmark approaches.

Methodological Framework

Comparative Empirical Framework
Data Source and Sample

SAS OpRisk Global Dataset
Banking-sector loss events (1996-2023)

Filtered and anonymized data

Key features of the sample
Skewness ¢ Heavy tails *« Event-level heterogeneity

Analytical Environment and Explanatory Variables
Python-based implementation
Scikit-learn * Pandas * NumPy
Independent variables
Event risk categories * Business lines * Geographical locations
Financial indicators * Organizational size and complexity * Regulatory environment

Three-Stage Empirical Strategy

Stage 1. Descriptive Analysis
Distribution of loss amounts
Event categories and business
lines
Outliers and heterogeneity
Temporal patterns

Stage 2. Parametric Severity
Fitting
Lognormal distribution
Gamma distribution
Assessment: AIC/BIC ¢
Probability plots
Tail diagnostics

Stage 3. Structured-Data
Predictive Modeling
Target variable: log(1 + loss)
Ridge Regression
Decision Tree
Random Forest
Gradient Boosting
Performance: RMSE « MAE « R?

Hybrid Specification

A combination of traditional regression and Random Forest predictions

Linear structure + non-linear learning

Objective

Assess whether Al-based and hybrid models provide incremental predictive value
beyond traditional benchmark approaches in operational loss severity modeling

Figure 1: Structure of the Study (Developed by the Authors).
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3. Results

3.1. Descriptive Findings

The descriptive analysis provides an initial understanding of the statistical properties of operational loss severity and helps
justify the subsequent modeling choices. Before comparing traditional parametric distributions and machine-learning
approaches, it is necessary to examine the overall shape of the loss data, its degree of dispersion, and its variation across
operational risk categories. The descriptive evidence shows that operational losses are highly asymmetric, highly
dispersed, and heterogeneous across event types, making severity modeling particularly challenging.

3.1.1. Distributional Characteristics of Operational Losses

The first important result concerns the overall distribution of operational loss severity (Figure 2: Histogram of Current
Value of Loss ($M)). The raw monetary values of loss exhibit pronounced right skew, with a large concentration of
relatively small and medium-sized losses and a limited number of extremely large events. This confirms that operational
loss severity is not normally distributed and that extreme observations substantially influence the average loss level. The
descriptive statistics reinforce this observation. The mean loss is considerably higher than the median, indicating that the
distribution is strongly skewed upward by a few large losses. In addition, the gap between the upper quartile and the
maximum value highlights the presence of an extended upper tail. These characteristics are typical of operational loss
databases and consistent with the heavy-tailed nature of operational risk, as commonly documented in the literature.

Distribution of Current Value of Loss ($M)
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Figure 2: Histogram of Current Value of Loss ($M).

Given this strong asymmetry, a logarithmic transformation of the target variable was introduced for the predictive
modeling stage. The log-transformed severity remains asymmetric, as shown in Figure 3, but the transformation
substantially reduces dispersion and improves the distribution's regularity. This makes the transformed variable more
suitable for supervised prediction models while preserving the fundamental information contained in the loss amounts.

Distribution of Log-Transformed Loss Severity
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Figure 3: Histogram of Log-Transformed Loss Severity.
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3.1.2. Summary Descriptive Statistics

Table 1 summarizes the main descriptive statistics for the loss severity variable. The sample includes 6 535 positive
operational loss events. The average loss is markedly higher than the median, indicating that large losses skew the
distribution. The standard deviation is much larger than the central quantiles, reflecting the dataset’s high dispersion. The
minimum observed loss remains very small relative to the maximum, illustrating the sample’s wide range.

Table 1: Summary Descriptive Statistics of Operational Loss Severity.

Statistic Current Value of Loss ($M) Log-Transformed Severity
Count 6535 6535
Mean 66.453 1.708
Standard Deviation 661.412 1.597
Minimum 0.100 0.095
25th Percentile 0.578 0.456
Median 2.324 1.201
75th Percentile 10.616 2.452
Maximum 25734.045 10.156

3.1.3. Severity Across Event Risk Categories

Operational loss severity also varies substantially across event risk categories. As illustrated in Figure 4, the boxplot of
log-transformed severity reveals marked heterogeneity in both central tendency and dispersion across categories. Some
categories display higher median loss severity and broader interquartile ranges, whereas others exhibit a lower central
tendency but still contain a considerable number of extreme observations. In particular, Clients, Products & Business
Practices, and Internal Fraud stand out because of their pronounced upper tails and numerous outliers, indicating a high
concentration of large and extreme losses. By contrast, categories such as Execution, Delivery & Process Management,
and External Fraud show lower medians, although they remain characterized by a non-negligible degree of dispersion and
tail risk.

Boxplot grouped by Event Risk Category
Log Severity by Event Risk Category
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Event Risk Category
Figure 4: Boxplot of Log Severity by Event Risk Category.

This cross-category heterogeneity is further confirmed by the aggregate severity rankings reported in Figure 5, which
presents the event risk categories ordered by mean loss severity. The figure shows that Clients, Products & Business
Practices records the highest mean severity, followed by Damage to Physical Assets and Internal Fraud, whereas External
Fraud and Execution, Delivery & Process Management are associated with comparatively lower mean loss levels. In
parallel, the descriptive statistics shown in Table 1 reinforce these visual patterns, indicating that categories differ not
only in mean severity but also in median severity and maximum observed losses. For example, while Internal Fraud
combines a relatively high mean severity with very large maximum losses, Clients, Products & Business Practices
emerges as the most severe category overall on average.
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Top 10 Event Risk Categories by Mean Severity

Clients, Products & Business Practices

Damage to Physical Assets

Internal Fraud

Business Disruption and System Failures

Employment Practices and Workplace Safety

External Fraud

Execution, Delivery & Process Management

I T T T T T T T T
0 20 40 60 80 100 120 140 160
Mean Current Value of Loss ($M)

Figure 5: Event Risk Categories Ranked by Mean Loss Severity.

Table 2: Descriptive Statistics of Loss Severity by Event Risk Category.

count mean median max
Event Risk Category
Clients, Products & Business Practices 1622  165.591500 7.580141 25734.044680
Damage to Physical Assets 78 65.378852  3.257589 1301.284274
Internal Fraud 2025 55.638506  1.958430 21071.338106
Business Disruption and System Failures 36 31.563626  3.925084 257.487813
Employment Practices and Workplace Safety 110 27218973  3.456055 626.741364
External Fraud 2506  16.590668  1.444447 6404.636070

Execution, Delivery & Process Management 158 13.947380  2.452374 433.230000

Taken together, Figures 4 and 5 and Table 1 show that operational loss severity cannot be treated as a homogeneous
phenomenon across event types. This heterogeneity is important for at least two reasons. First, it confirms that the
financial impact of operational events depends not only on their occurrence but also on their underlying nature. Second,
it supports the inclusion of event-category information as a central explanatory factor in predictive modeling. The
descriptive evidence, therefore, suggests that more flexible modeling approaches may be required in order to capture
differences in severity across operational contexts.

3.2. Traditional Severity Distribution Fitting

To complement the descriptive analysis, the study next examines the adequacy of standard parametric distributions for
modeling operational loss severity. In operational risk practice, parametric severity distributions remain widely used
because they provide interpretable and tractable representations of loss behavior. Among the most common candidates,
the Lognormal and Gamma distributions are often used for positive, skewed loss data. The purpose of this section is
therefore to assess which of these two traditional specifications offers the better fit for the severity values observed in the
sample. The comparison was performed using three complementary criteria: log-likelihood, Akaike Information Criterion
(AIC), and Bayesian Information Criterion (BIC). A higher log-likelihood indicates a better fit to the data, whereas lower
AIC and BIC values indicate a more favorable balance between goodness of fit and model parsimony.

The results clearly show that the Lognormal distribution provides a substantially better fit than the Gamma distribution.
As reported in Table 2, the Lognormal model yields a higher log-likelihood and lower AIC and BIC values than the
Gamma alternative. This finding indicates that the empirical structure of operational loss severity in the present dataset is
more consistent with a Lognormal distribution than with a Gamma distribution.

Table 2: Comparison of Lognormal and Gamma Severity Fits.

Distribution Log-Likelihood AIC BIC
Lognormal -21275.330  42554.661 42568.231
Gamma -24483.419  48970.839  48984.408

This result is coherent with the descriptive evidence presented in the previous section. The strong right-skewness of the
loss data, the wide dispersion between moderate and extreme losses, and the multiplicative nature of severity variation all
point toward a Lognormal specification. By contrast, the Gamma distribution appears less capable of reproducing the
observed configuration of the loss data, at least in this sample. At the same time, the comparison should be interpreted
within its proper scope. The Lognormal and Gamma models are evaluated here as distribution-fitting tools, not as
supervised predictive models. Their role is to describe the general statistical shape of operational loss severity rather than
to predict individual losses from explanatory variables. For this reason, they are assessed using likelihood-based criteria
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instead of predictive performance metrics such as RMSE, MAE, or R2. This distinction is important because a distribution
that fits the overall loss profile well does not necessarily outperform more flexible models in supervised prediction tasks.

3.3. Predictive Model Comparison

To move beyond global distribution fitting, the study next compares several supervised predictive models designed to
explain and predict operational loss severity from explanatory variables. Unlike the traditional parametric distributions
discussed in the previous subsection, these models use structured predictors to estimate the transformed severity of
individual operational loss events. This predictive perspective is particularly relevant when the objective is not only to
characterize the overall shape of loss severity, but also to identify the modeling strategy that best captures the relationship
between loss magnitude and the available explanatory information.

The predictive comparison was conducted using the log-transformed severity variable as the target. This transformation
was introduced to reduce the influence of extreme values, stabilize dispersion, and improve comparability across model
families. Five structured-data approaches were considered: Ridge regression, Decision Tree, Random Forest, Gradient
Boosting, and a model-level hybrid combining Ridge regression and Random Forest. These models were selected because
they represent distinct methodological families, ranging from linear statistical benchmarks to nonlinear and ensemble-
based machine learning approaches. The hybrid specification was designed to combine the linear component captured by
Ridge regression with the non-linear and interaction effects captured by Random Forest. Model performance was
evaluated using three standard predictive metrics: Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and
the coefficient of determination (R2). Lower RMSE and MAE values indicate better predictive accuracy, whereas a higher
R2 reflects stronger explanatory performance.

The results reported in Table 3 reveal meaningful differences across models. Among the single structured-data models,
Random Forest delivers the strongest predictive performance. It achieves lower prediction errors and a higher R2 than
Ridge regression, Decision Tree, and Gradient Boosting, indicating that it is better able to capture the complexity of
operational loss severity than the other individual structured-data models considered. This result suggests that the
underlying relationship between severity and the explanatory variables is not purely linear and likely involves non-
linearities and interactions that are better handled by ensemble methods.

Table 3: Predictive Model Comparison.

Model RMSE MAE R?
Ridge (tabular) 1.355 0.994 0.313
Decision Tree 1.483 1.081 0.177
Random Forest 1.298 0.924 0.369
Gradient Boosting 1.352  0.986 0.316

Hybrid Ridge + Random Forest  1.273  0.922 0.393

Gradient Boosting and Ridge regression achieve relatively similar performance, with only modest differences between
them. This indicates that while more flexible algorithms may improve prediction, not all machine-learning models
generate equally strong gains in this context. The similarity between these two models also suggests that part of the
predictive structure remains accessible to simpler benchmark approaches, even if their overall explanatory power remains
lower than that of Random Forest. By contrast, the Decision Tree model records the weakest predictive performance
among the structured-data approaches. Although it remains attractive from an interpretability standpoint, its lower R2 and
higher prediction errors indicate that a single-tree structure is not sufficiently flexible to capture the full complexity of
operational loss severity. This finding points to an important methodological trade-off: the most interpretable model is
not necessarily the most accurate one.

Importantly, the best overall structured-data performance is achieved by the hybrid model combining Ridge regression
and Random Forest. This hybrid yields the lowest RMSE, MAE, and highest R2 among all structured-data specifications.
The improvement over Random Forest alone suggests that linear and non-linear components may contain complementary
predictive information. In other words, combining a regularized linear benchmark with a flexible ensemble method
appears to enhance predictive performance beyond what either modeling approach can achieve on its own.

4. Discussion

The empirical findings of this study provide nuanced insights into operational loss severity modeling, critically extending
and challenging existing literature on risk quantification. Our results demonstrate that machine learning approaches,
particularly ensemble methods like Random Forest, substantially outperform traditional parametric distributions in
capturing the complex, non-linear dynamics of operational losses. The Random Forest model's R? of 0.369 represents a
significant improvement over linear benchmarks, confirming previous observations by Chernobai et al. (2011) on the
importance of capturing intricate interactions in loss-generating processes.

The hybrid modeling approach, which integrates Ridge regression and Random Forest predictions, emerges as a
particularly compelling methodological innovation. Achieving an R? of 0.393, this specification not only outperforms
individual models but also validates the theoretical arguments proposed by Eling & Lehmann (2018) about the potential
of model-level fusion techniques. This finding suggests that operational risk modeling benefits from methodological
pluralism, where different modeling logics can provide complementary predictive information.

The stark performance difference between the Decision Tree (R* = 0.177) and Random Forest (R? = 0.369) models
illuminates a critical methodological trade-off between model interpretability and predictive accuracy. This observation
aligns with Sarkar et al. (2018)'s argument that while transparency remains crucial in risk modeling, more flexible
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algorithms can capture complexity that simpler, more interpretable models miss. The results underscore the need to move
beyond traditional linear approaches while maintaining a nuanced understanding of model limitations.

Importantly, the analysis confirms and extends the descriptive findings from earlier operational risk literature. The
pronounced right-skewness and heavy-tailed nature of the loss data, initially evident in the distributional analysis, are
methodologically validated by the superior performance of non-linear modeling techniques. The log-transformation of
the severity variable emerges as a critical methodological innovation, enabling more stable and meaningful predictive
modeling.

The geographical and categorical heterogeneity of operational losses—spanning different business lines, event types, and
institutional contexts—further complicates traditional modeling approaches. Our results suggest that machine learning
techniques, particularly ensemble methods, can navigate this complexity more effectively, offering a more dynamic and
contextually sensitive approach to estimating loss severity. This finding resonates with recent calls in the risk management
literature for more adaptive, data-driven modeling strategies.

5. Conclusions

This research has provided a comprehensive examination of operational loss severity modeling, systematically comparing
traditional parametric distributions with advanced machine learning approaches, and delivering three principal
contributions to the operational risk literature. First, the study provides robust empirical evidence of the pronounced
heterogeneity and nonlinearity in operational loss severity, challenging traditional parametric modeling assumptions.
Second, by leveraging the extensive SAS OpRisk Global Dataset, the research reveals substantial predictive advantages
of machine learning techniques, with the Random Forest model explaining 36.9% of the variance—a significant
improvement over traditional linear benchmarks. Third, the study illuminates the critical trade-off between model
interpretability and predictive accuracy, demonstrating that while the Decision Tree model offers maximum transparency,
its limited predictive performance (R? = 0.177) emphasizes that the most interpretable models are not necessarily the most
accurate. The hybrid modeling approach, integrating linear and nonlinear predictions, underscores the potential of
methodological pluralism in risk modeling, suggesting that financial institutions should invest in advanced machine
learning capabilities, develop more sophisticated risk quantification strategies, and maintain a balanced approach that
combines interpretability with predictive power.

Despite these contributions, the chapter also has limitations. The traditional parametric comparison was restricted to
Lognormal and Gamma distributions, and more tail-sensitive approaches may be needed for a deeper treatment of extreme
losses. In addition, the predictive analysis focused on structured variables and a limited set of model combinations. Future
research could extend this framework in several directions, including more explicit tail modeling, enhanced
interpretability tools for machine-learning models, and more advanced hybrid strategies. Further work could also examine
the extent to which temporal effects, regulatory changes, and broader contextual factors alter the predictive structure of
operational loss severity over time.

By challenging existing operational risk modeling paradigms and providing actionable guidance, the research highlights
a fundamental transformation in risk management methodologies—moving from static, parametric distributions to
dynamic, data-driven models that capture the complex, ever-evolving nature of operational risks.
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