U KS Mimat GLOSSARY

RESPECTED AND RECOGNISED QUALIFICATIONS

Professional Certificate in Risk Modeling with Machine Learning

Risk Model Interpretation

AUC (Area Under the Curve) — a performance metric for binary classifiers that measures the probability that
a randomly chosen positive instance ranks higher than a randomly chosen negative one. Related terms: ROC
curve, discrimination, calibration. Explanation: The AUC is derived from the Receiver Operating Characteristic
(ROC) curve; an AUC of 0.5 Indicates no discriminative ability, while 1.0 Denotes perfect separation. Example:
A credit-scoring model that predicts default risk yields an AUC of 0.78, Meaning it correctly orders default
versus non-default cases 78 % of the time. Practical application: Used to compare alternative risk models
before deployment, especially when class imbalance is severe. Challenges: AUC ignores calibration, can be
misleading when costs of false positives and false negatives differ, and may not reflect performance in the
tail of the risk distribution.

Accumulated Local Effects (ALE) — a model-agnostic interpretation technique that quantifies the average
effect of a feature on the prediction while accounting for feature interactions. Related terms: Partial
dependence plot (PDP), global interpretation, feature importance. Explanation: ALE computes differences in
predictions over small intervals of a feature, then aggregates them, producing a curve that is unbiased by
correlated features. Example: For a loan-approval model, the ALE plot for “debt-to-income ratio” shows a
steep increase in predicted default probability once the ratio exceeds 0.4. Practical application: Helps risk
analysts communicate how regulatory-relevant variables influence model outputs without violating data
privacy. Challenges: Requires sufficient data density across the feature range; sparse regions can produce
noisy ALE curves.

Adversarial Validation — a technique that assesses the similarity between training and validation (or test)
datasets by training a classifier to distinguish them. Related terms: Dataset shift, covariate shift,
distributional similarity. Explanation: If the adversarial classifier achieves high accuracy, the two datasets
differ substantially, indicating potential over-optimistic performance estimates. Example: In a
fraud-detection project, an adversarial model separates 2019 transaction data (training) from 2022 data
(validation) with 85 % accuracy, flagging a shift in transaction patterns. Practical application: Guides the
selection of more robust validation strategies, such as time-based splits, for risk models. Challenges:
Requires careful feature engineering to avoid leakage; may be computationally intensive for large datasets.

Calibration — the agreement between predicted probabilities and observed outcome frequencies. Related
terms: Reliability diagram, Brier score, probabilistic accuracy. Explanation: A well-calibrated model assigns a
10% probability to events that actually occur about 10 % of the time. Calibration can be assessed using
techniques like isotonic regression or Platt scaling. Example: A mortality risk model predicts a 0.2 Probability
of death for a cohort; the observed death rate in that cohort is also 20 %, indicating good calibration.
Practical application: Critical for regulatory reporting where risk estimates must reflect true likelihoods, such
as insurance premium setting. Challenges: Calibration may deteriorate over time due to changing risk
factors; over-fitting calibration parameters can reduce out-of-sample performance.

Counterfactual Explanation — a “what-if" narrative that describes the minimal changes needed to flip a

Read online: https://certificates.uksm.org.uk/glossaries/5083974/risk- London School of Planning and Management - 22 Jun 2026
model-interpretation



U KS Mimat GLOSSARY

RESPECTED AND RECOGNISED QUALIFICATIONS

model’s prediction. Related terms: local interpretability, feature attribution, decision boundaries.
Explanation: By identifying the smallest alteration in feature values that would change the predicted class,
analysts can understand decision logic and suggest remedial actions. Example: For a denied loan
application, a counterfactual explains that increasing the applicant’s annual income by $5,000 would change
the decision to “approved.”

Practical application: Provides actionable insights for borrowers, supports compliance with explainability
regulations, and aids in model debugging. Challenges: Multiple feasible counterfactuals may exist; ensuring
realistic and legally permissible changes requires domain constraints.

Cross-Validation — a resampling method that partitions data into complementary subsets, training the
model on one subset and validating on the other, then rotating the process. Related terms: K-fold,
leave-one-out, model validation. Explanation: Cross-validation provides an unbiased estimate of model
performance by reducing variance associated with a single train-test split. Example: A 5-fold cross-validation
of a credit-risk model yields average AUC =0.81 With a standard deviation of 0.02, Indicating stable
performance across folds. Practical application: Used during hyperparameter tuning of machine learning
algorithms in risk modeling pipelines. Challenges: Time-dependent data (e.G., Financial series) violate the
assumption of exchangeability, requiring specialized time-series cross-validation.

Feature Importance — a ranking that quantifies the contribution of each predictor to the model’s predictive
power. Related terms: Permutation importance, SHAP values, global explanation. Explanation: Importance
can be derived from model-specific metrics (e.G., Gini impurity for trees) or model-agnostic methods that
measure the impact of shuffling a feature on performance. Example: In a neural-network risk model,
permutation importance reveals that “credit utilization” and “payment history” dominate predictive
influence, while “zip code” contributes minimally. Practical application: Guides variable selection, simplifies
models for regulatory review, and highlights potential bias sources. Challenges: Importance scores may be
misleading when features are highly correlated; interpreting importance across heterogeneous models can
be non-trivial.

Gaussian Process (GP) Surrogate — a probabilistic model used to approximate a complex, often black-box,
risk model for interpretation purposes. Related terms: Bayesian optimization, kernel methods, model
approximation. Explanation: The GP learns a distribution over functions that mimic the original model's
output, allowing analysts to query uncertainty and sensitivities. Example: A GP surrogate of a deep-learning
credit-risk model provides confidence intervals for predicted default probabilities, revealing regions of high
epistemic uncertainty. Practical application: Enables risk managers to explore model behavior without
exposing proprietary algorithms, supporting explainability mandates. Challenges: Scaling GP surrogates to
large datasets is computationally demanding; surrogate fidelity may degrade in high-dimensional feature
spaces.

Global Interpretation — techniques that summarize how a model behaves across the entire dataset, rather
than for individual predictions. Related terms: Feature importance, partial dependence, model transparency.
Explanation: Global methods provide a high-level view of relationships between predictors and outcomes,
facilitating stakeholder communication and compliance checks. Example: A global SHAP summary plot
shows that "age” has a monotonic positive effect on insurance claim risk across the population. Practical
application: Used in regulatory filings to demonstrate that the model aligns with underwriting guidelines.
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Challenges: May mask heterogeneous effects that only appear locally; aggregating diverse interactions into
a single view can oversimplify complex dynamics.

Heteroscedasticity — a condition where the variance of the residuals varies with the level of an explanatory
variable. Related terms: Variance modeling, weighted least squares, error structure. Explanation: In risk
modeling, heteroscedasticity often indicates that uncertainty grows with exposure size, violating
homoscedastic assumptions of classic linear regression. Example: In a loss-severity model, residual variance
increases for high-value claims, suggesting the need for a variance-stabilizing transformation. Practical
application: Guides the selection of appropriate loss functions or the use of quantile regression to capture
tail risk accurately. Challenges: Detecting heteroscedasticity in high-dimensional ML models requires
specialized diagnostic tools; ignoring it can lead to biased confidence intervals.

Individual Conditional Expectation (ICE) Plot — a visualization that displays the relationship between a single
feature and the model prediction for each individual observation. Related terms: Partial dependence plot,
ALE, local interpretation. Explanation: ICE plots reveal heterogeneity in feature effects, showing how the
prediction changes as the feature varies while holding other features fixed for each case. Example: ICE
curves for “loan amount” illustrate that for high-credit-score borrowers the prediction is relatively flat,
whereas for low-credit-score borrowers the prediction sharply increases with loan size. Practical application:
Helps risk analysts detect interactions and sub-population patterns that may be hidden in aggregated plots.
Challenges: Visual clutter with many observations; requires smoothing or sampling to remain interpretable.

Interpretability-by-Design Models — models constructed with inherent transparency, such as generalized
linear models (GLMs) or decision trees, rather than post-hoc explanation methods. Related terms:
White-box models, explainable Al, model governance. Explanation: These models trade off some predictive
power for ease of understanding, making them suitable for high-regulation environments. Example: An
insurance pricing model uses a GLM with log-link and interpretable coefficients, allowing actuaries to
directly assess the impact of each rating factor. Practical application: Preferred when regulatory bodies
require explicit documentation of the functional form linking risk drivers to outcomes. Challenges: May
underperform compared to ensemble or deep-learning approaches on complex, non-linear data; requires
careful feature engineering to capture interactions.

Kernel SHAP — a model-agnostic algorithm that approximates Shapley values using a weighted linear
regression on perturbed samples. Related terms: SHAP values, game theory, local attribution. Explanation:
Kernel SHAP treats the prediction problem as a cooperative game, assigning each feature a fair contribution
based on marginal impact across many coalitions. Example: For a single mortgage-default prediction, Kernel
SHAP attributes 30 % of the risk to “payment-history” and 20 % to "debt-to-income ratio.”

Practical application: Provides consistent, additive explanations that satisfy desirable properties (local
accuracy, consistency) for auditors. Challenges: Computationally expensive for high-dimensional data;
approximations may be unstable when features are highly correlated.

Local Interpretable Model-agnostic Explanations (LIME) — an algorithm that fits a simple surrogate model
(e.G,, Linear regression) locally around a prediction to explain its behavior. Related terms: Surrogate
modeling, explainability, counterfactuals. Explanation: LIME perturbs the instance, observes changes in the
prediction, and weights the perturbed samples by proximity to the original instance before fitting the
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surrogate. Example: LIME explains why a credit-risk model flagged a specific applicant as high-risk,
highlighting “recent delinquency” and “high credit utilization” as key factors. Practical application: Enables
front-line staff to generate on-the-fly explanations for customers, supporting transparency initiatives.
Challenges: The choice of neighborhood size and kernel width heavily influences explanations; results may
vary across runs due to random sampling.

Model Drift — the degradation of model performance over time caused by changes in the underlying data
distribution or business environment. Related terms: Concept drift, data shift, monitoring. Explanation: Drift
can be detected by tracking performance metrics, input feature statistics, or by employing statistical tests
that compare recent data to the training baseline. Example: A fraud-detection model’s false-negative rate
rises from 2% to 7% after a new payment method is introduced, indicating drift. Practical application:
Triggers model retraining pipelines, alerts risk managers, and informs governance processes. Challenges:
Distinguishing between random fluctuation and genuine drift; deciding appropriate retraining frequency
without over-fitting to noise.

Monotonic Constraint — a restriction imposed during model training that forces the predicted risk to be
non-decreasing (or non-increasing) with respect to a particular feature. Related terms: Shape constraints,
gradient boosting, regulatory compliance. Explanation: By encoding domain knowledge (e.G., Higher
debt-to-income should not reduce predicted default risk), monotonic constraints improve interpretability
and trust. Example: In a XGBoost credit score model, a monotonic decreasing constraint on “credit score”
ensures that higher scores always yield lower predicted default probabilities. Practical application: Satisfies
audit requirements that prohibit counter-intuitive model behavior. Challenges: Constraints can limit model
flexibility, potentially reducing accuracy; must be carefully selected to avoid over-constraining.

Permutation Feature Importance — a model-agnostic method that measures the increase in prediction error
after randomly shuffling a single feature’s values. Related terms: Feature importance, randomization test,
global attribution. Explanation: If shuffling a feature degrades performance significantly, the feature is
deemed important; otherwise, it has little effect on predictions. Example: After permuting “employment
length,” a churn model's AUC drops from 0.84 To 0.81, Indicating moderate importance. Practical
application: Provides a straightforward way to audit black-box models for reliance on sensitive attributes.
Challenges: Correlated features can mask each other's importance; repeated permutations are needed to
obtain stable estimates.

Quantile Regression — a statistical technique that models conditional quantiles (e.G., Median, 95th
percentile) of the response variable, rather than the mean. Related terms: Expectile regression, tail risk,
distributional modeling. Explanation: Quantile regression directly estimates the relationship between
predictors and specific points of the outcome distribution, useful for capturing extreme outcomes. Example:
A loss-severity model predicts the 95th percentile of claim amounts as a function of vehicle age and driver
experience. Practical application: Enables insurers to set capital reserves based on high-quantile loss
estimates and to price policies for tail risk. Challenges: Requires larger sample sizes for stable high-quantile
estimates; may be sensitive to outliers if not robustly implemented.

Recourse Analysis — the study of feasible actions an individual can take to change an unfavorable prediction
to a favorable one, considering real-world constraints. Related terms: Counterfactual explanation, actionable
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insights, fairness. Explanation: Recourse analysis evaluates whether suggested changes are attainable (e.G.,
Income increase) and whether they obey legal or policy limits. Example: For a denied insurance claim,
recourse analysis determines that improving the “vehicle safety rating” is possible, while raising “annual
mileage” is not permissible. Practical application: Supports compliance with “right-to-explain” regulations
and enhances customer experience by offering realistic remediation paths. Challenges: Modeling feasible
action spaces is complex; may require optimization under multiple constraints and integration with external
data sources.

SHAP (Shapley Additive Explanations) Values — a unified framework that assigns each feature an importance
value for a particular prediction based on cooperative game theory. Related terms: Kernel SHAP, Tree SHAP,
local attribution. Explanation: SHAP values satisfy properties of additivity, consistency, and local accuracy,
ensuring that the sum of feature contributions equals the model output minus the expected value. Example:
In a neural-network risk model, SHAP assigns +0.12 To “recent late payment” and —0.05 To “high savings
balance” for a specific applicant’s default probability. Practical application: Provides a consistent explanation
across different model families, facilitating audit trails and stakeholder communication. Challenges: Exact
computation is exponential; approximations are needed for high-dimensional models, which may introduce
variance.

Side-Channel Attack — a technique that extracts information about a model (e.G., Training data) by
observing its behavior (e.G., Query responses) rather than directly accessing the model’'s parameters.
Related terms: Model inversion, privacy leakage, security. Explanation: In risk modeling, adversaries may
probe a credit-scoring API to infer sensitive attributes of individuals, violating confidentiality. Example: By
submitting crafted inputs and analyzing output probabilities, an attacker reconstructs approximate
distributions of protected attributes. Practical application: Drives the implementation of differential privacy
and query-rate limiting in model deployment. Challenges: Balancing utility and privacy; detecting subtle
leakage patterns requires continuous monitoring.

Survival Analysis — a set of statistical methods for modeling time-to-event data, accounting for censored
observations. Related terms: Cox proportional hazards, hazard function, time-to-risk. Explanation: Survival
models predict the probability that an event (e.G., Default) occurs after a given time, useful for dynamic risk
assessment. Example: A Cox model estimates that each 1% increase in loan-to-value ratio raises the hazard
of default by 3% per month. Practical application: Enables lenders to monitor portfolio health over the life
of loans and to price duration-dependent risk premiums. Challenges: Proportional-hazards assumption may
be violated; handling high-dimensional covariates often requires regularization.

Temporal Cross-Validation — a validation strategy that respects chronological ordering by training on earlier
periods and testing on later periods. Related terms: Rolling window, forward chaining, time-aware
evaluation. Explanation: This approach prevents information leakage from future data into the training set,
providing realistic performance estimates for time-dependent risk models. Example: A 12-month rolling
window trains a churn model on months 1-12 and validates on month 13, then shifts forward. Practical
application: Critical for financial forecasting, where market regimes evolve over time. Challenges: Reduces
the amount of training data per fold; performance may vary widely across windows due to regime shifts.

Tree-Based Model Interpretability — methods specifically designed for ensembles of decision trees, such as
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Gradient Boosting Machines (GBM) or Random Forests. Related terms: Tree SHAP, feature interaction,
structure-aware explanation. Explanation: Tree-specific techniques exploit the hierarchical splitting logic to
compute exact Shapley values efficiently or to extract decision paths. Example: Tree SHAP calculates that
“credit utilization” contributed +0.07 To a default probability prediction in a LightGBM model. Practical
application: Allows risk managers to trace how a particular rule (e.G., “If debt-to-income > 0.5 Then high
risk”) influences outcomes. Challenges: Large ensembles may produce many overlapping paths,
complicating compact summarization.

Uncertainty Quantification (UQ) — the process of characterizing the confidence or variability associated with
model predictions. Related terms: Predictive intervals, Bayesian methods, risk communication. Explanation:
UQ can be achieved via ensembles, dropout-based Bayesian approximations, or explicit probabilistic
models, providing decision makers with ranges rather than point estimates. Example: A Monte-Carlo
dropout model yields a 95% predictive interval of [0.12, 0.18] For a borrower's default probability. Practical
application: Supports capital allocation decisions where regulators require explicit risk buffers. Challenges:
Computational overhead; calibrating uncertainty estimates to reflect true predictive error.

Variable Interaction Detection — techniques that identify synergistic effects between pairs or groups of
features on model predictions. Related terms: Partial dependence interaction, H-statistics, higher-order
effects. Explanation: Interaction strength can be measured by comparing the joint effect of two features to
the sum of their individual effects; strong interactions suggest non-additive relationships. Example: The
H-statistic indicates a strong interaction between “loan amount” and “credit score,” where high loan
amounts dramatically increase risk only for low credit scores. Practical application: Informs feature
engineering, such as creating interaction terms for linear models, and helps auditors assess model
complexity. Challenges: Computationally intensive for many features; interpreting high-order interactions
beyond pairs becomes unwieldy.

Variance Inflation Factor (VIF) — a diagnostic metric that quantifies multicollinearity by measuring how much
the variance of a regression coefficient is inflated due to correlation with other predictors. Related terms:
Multicollinearity, ridge regression, stability. Explanation: VIF values above 5-10 often signal problematic
collinearity, prompting removal or transformation of redundant variables. Example: In a GLM for claim
frequency, “vehicle age” and “mileage” exhibit VIF = 12, suggesting one should be dropped or combined.
Practical application: Ensures stable coefficient estimates for interpretable models, facilitating regulatory
justification. Challenges: VIF is defined for linear models; extending the concept to non-linear or tree-based
models requires alternative diagnostics.

Weighted Loss Function — a loss formulation that assigns different importance to observations, often to
address class imbalance or cost asymmetry. Related terms: Class weighting, focal loss, risk-sensitive
optimization. Explanation: By increasing the penalty for misclassifying rare but costly events (e.G., Defaults),
the model learns to prioritize those cases during training. Example: Using a weighted binary cross-entropy
where the default class receives a weight of 5 improves recall from 0.68 To 0.81. Practical application: Aligns
model training with business objectives where false negatives are substantially more expensive than false
positives. Challenges: Selecting appropriate weight values can be subjective; overly large weights may cause
overfitting to the minority class.
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Zero-Inflated Model — a statistical model that accounts for excess zeros in the response variable by
combining a binary component (zero vs. Non-zero) with a count or continuous component for the positive
outcomes. Related terms: Hurdle model, overdispersion, mixed distribution. Explanation: In risk contexts,
many policyholders may have zero claims, requiring a model that captures both the probability of any claim
and the severity conditional on a claim occurring. Example: A zero-inflated Poisson model predicts claim
frequency, separating the “no-claim” probability (0.70) From the Poisson mean for claimers (1.4). Practical
application: Improves premium pricing accuracy by distinguishing between low-risk (always zero) and
high-risk (potentially multiple claims) segments. Challenges: Model fitting can be unstable; interpreting the
two components jointly demands careful communication to stakeholders.

Explainable Boosting Machine (EBM) — an interpretable ensemble method that builds additive models using
boosting while preserving transparency. Related terms: GAM, rule-based models, glass-box Al. Explanation:
EBM fits a series of shallow decision trees to each feature (or feature pair) and aggregates them, yielding a
model that is both accurate and easy to interpret. Example: An EBM for loan default risk shows that
"employment length” contributes a smooth, monotonic effect, while “number of recent inquiries” adds a
stepwise increase after three inquiries. Practical application: Meets stringent regulatory expectations for
model interpretability while retaining competitive predictive performance. Challenges: Limited ability to
capture deep interactions; may require feature preprocessing to avoid spurious patterns.

Feature Engineering — the process of transforming raw data into informative predictors that enhance model
performance and interpretability. Related terms: Feature extraction, preprocessing, domain knowledge.
Explanation: Techniques include scaling, binning, encoding categorical variables, creating interaction terms,
and deriving domain-specific ratios. Example: Converting “annual income” and “loan amount” into a
"debt-to-income ratio” improves both model accuracy and stakeholder comprehension. Practical
application: Critical step in building risk models that satisfy both predictive and explainability criteria.
Challenges: Over-engineering can introduce leakage; automated feature generation may produce
uninterpretable constructs.

Gradient Boosting Machine (GBM) — an ensemble learning method that builds additive predictive models by
sequentially fitting weak learners (typically shallow trees) to the residuals of previous models. Related terms:
XGBoost, LightGBM, boosting. Explanation: Each iteration reduces the loss function, leading to high
accuracy; however, the resulting model is often a black box, necessitating interpretation tools. Example: A
GBM predicts default probability with AUC = 0.84, Outperforming a logistic regression baseline of 0.78.
Practical application: Widely used for credit scoring, fraud detection, and insurance loss modeling due to its
flexibility with mixed data types. Challenges: Prone to overfitting if not properly regularized; interpreting
feature contributions requires SHAP or similar methods.

Hyperparameter Tuning — the systematic search for optimal algorithm settings (e.G., Learning rate, tree
depth) that maximize model performance on validation data. Related terms: Grid search, Bayesian
optimization, model selection. Explanation: Proper tuning balances bias and variance, improves
generalization, and can affect interpretability (e.G., Deeper trees increase complexity). Example: Using
Bayesian optimization, the optimal LightGBM parameters for a risk model are found to be

learning_rate = 0.05, Max_depth =7, and num_leaves = 31. Practical application: Embedded in automated
machine-learning pipelines for rapid development of risk models. Challenges: Computationally expensive;
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risk of “validation leakage” if the same data is used for both tuning and final evaluation.

Integrated Gradients — a gradient-based attribution method that computes the integral of gradients along a
straight line from a baseline input to the actual input, assigning importance scores to each feature. Related
terms: DeepLIFT, saliency maps, neural network explanation. Explanation: For differentiable models,
integrated gradients satisfy completeness, ensuring that the sum of attributions equals the difference
between the model output and the baseline output. Example: In a neural-network credit-risk model,
integrated gradients reveal that “recent delinquency” contributes +0.15 To the predicted default probability,
while “high savings balance” contributes —0.04. Practical application: Provides transparent explanations for
deep-learning models in regulated environments where feature-level reasoning is mandatory. Challenges:
Requires selection of an appropriate baseline; may be sensitive to input scaling and correlated features.

Joint Distribution Shift — a change where both the marginal distribution of features and the conditional
distribution of the outcome given features evolve over time. Related terms: Covariate shift, concept drift,
environmental change. Explanation: Unlike pure covariate shift, joint shift alters the underlying relationship,
potentially invalidating previously learned patterns. Example: After a regulatory change, the relationship
between “loan-to-value ratio” and default probability weakens, indicating a joint distribution shift. Practical
application: Triggers comprehensive model retraining rather than simple recalibration. Challenges: Detecting
joint shift requires monitoring both input statistics and performance metrics; distinguishing it from noise is
non-trivial.

Knowledge Distillation — a technique where a large, complex “teacher” model transfers its learned
representations to a smaller, more interpretable “student” model. Related terms: Model compression,
teacher-student framework, explainable surrogate. Explanation: The student model is trained on the
teacher's soft predictions, capturing nuanced behavior while remaining simpler. Example: A deep-learning
default predictor (teacher) is distilled into a shallow decision-tree ensemble (student) that retains 95 % of
the teacher's AUC but is fully interpretable. Practical application: Enables deployment of high-performing
models under strict explainability constraints. Challenges: Balancing fidelity against simplicity; the distilled
model may inherit biases from the teacher.

Local Rule Extraction — the process of approximating a complex model’s decision logic around a specific
instance with a set of human-readable rules. Related terms: LIME, rule-based surrogate, instance-level
explanation. Explanation: By sampling the neighborhood of the target instance and fitting a rule learner,
one obtains concise conditions that mimic the original model’s output locally. Example: For a denied loan,
local rule extraction yields: “If credit score 0.45 THEN high risk.”

Practical application: Provides auditors with concrete, rule-based justifications for individual decisions,
satisfying regulatory “right-to-explain” mandates. Challenges: Rule quality depends on sampling density;
may oversimplify complex non-linear boundaries.

Model Governance — the framework of policies, procedures, and controls that ensure risk models are
developed, validated, deployed, and monitored in a compliant and ethical manner. Related terms: Model
risk management, audit trail, regulatory oversight. Explanation: Governance encompasses documentation,
version control, validation protocols, performance monitoring, and periodic review. Example: A financial
institution’s model governance charter requires quarterly back-testing of all credit-risk models, with
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thresholds for acceptable drift. Practical application: Reduces operational risk, ensures transparency for
regulators, and aligns model behavior with corporate risk appetite. Challenges: Balancing thorough
oversight with agility; maintaining documentation that stays current as models evolve.

Partial Dependence Plot (PDP) — a visualization that shows the average predicted response as a function of
one (or two) features, marginalizing over all other features. Related terms: ICE plot, ALE, global
interpretation. Explanation: PDPs help reveal the shape of the relationship (linear, monotonic, threshold)
between a predictor and the outcome across the dataset. Example: A PDP for “age” in an insurance claim
model displays a U-shaped curve, indicating higher risk for both very young and very old drivers. Practical
application: Assists actuaries in validating that modeled effects align with business intuition and actuarial
assumptions. Challenges: Assumes feature independence; when features are correlated, PDPs can be
misleading.

Quantitative Impact Study (QIS) — an assessment that quantifies the effect of a model's predictions on
downstream business decisions, such as capital allocation or pricing. Related terms: Impact analysis,
cost-benefit, strategic evaluation. Explanation: By simulating decisions under model-driven versus baseline
scenarios, a QIS measures added value or risk exposure. Example: A QIS demonstrates that implementing a
new fraud-detection model reduces expected loss by $2.3 Million annually, after accounting for
false-positive operational costs. Practical application: Provides justification for model adoption to senior
management and regulators. Challenges: Requires accurate cost parameters; results can be sensitive to
assumptions about market conditions.

Recursive Feature Elimination (RFE) — a wrapper method that iteratively removes the least important features
based on model performance until a desired number of predictors remains. Related terms: Backward
selection, feature ranking, dimensionality reduction. Explanation: At each iteration, the model is retrained,
and feature importance is recomputed, allowing interactions to be considered in the elimination process.
Example: Applying RFE to a Random Forest credit model reduces the feature set from 120 to 30 without
degrading AUC. Practical application: Streamlines model documentation and reduces computational load,
facilitating faster validation cycles. Challenges: Computationally expensive for large feature spaces; may
discard features that are only useful in combination with others.

Shapley Interaction Index — an extension of SHAP that quantifies the contribution of feature interactions to
a model’s prediction. Related terms: SHAP values, interaction effects, higher-order attribution. Explanation:
By computing the difference between joint and individual Shapley values, the index isolates the pure
interaction component. Example: The interaction between "loan amount” and “credit score” adds +0.05 To
the default probability for a specific applicant, beyond their individual contributions. Practical application:
Highlights complex risk drivers that may warrant additional oversight or policy adjustments. Challenges:
Calculation scales exponentially with the number of features; approximations may lose precision in
high-dimensional settings.

Temporal Feature Importance — an analysis that evaluates how the relevance of predictors changes over

time, often using sliding windows or time-aware importance metrics. Related terms: Concept drift, feature
relevance trajectory, dynamic interpretation. Explanation: By tracking importance scores across successive
periods, analysts can detect emerging risk factors or fading predictors. Example: Over a five-year horizon,
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“online transaction frequency” rises from low to high importance in a fraud model, reflecting the shift to
digital payments. Practical application: Informs proactive feature updates and helps maintain model
relevance in evolving risk environments. Challenges: Requires consistent data pipelines; noisy importance
estimates may obscure true trends.

Univariate Sensitivity Analysis — a simple technique that varies one input variable at a time while holding
others constant to observe changes in model output. Related terms: One-at-a-time (OAT), tornado diagram,
basic interpretability. Explanation: Though limited in capturing interactions, univariate analysis offers quick
insights into which features have the strongest direct influence. Example: Increasing “loan-to-value ratio” by
0.1 Raises predicted default probability by 0.03 On average. Practical application: Useful for rapid sanity
checks during model development and for communicating key drivers to non-technical stakeholders.
Challenges: May misrepresent importance when features are correlated; does not reveal synergistic effects.

Variance Decomposition — a method that partitions the total variance of a model’s predictions into
contributions from individual features and their interactions. Related terms: ANOVA, Sobol indices, global
sensitivity. Explanation: Sobol’ first-order indices capture main effects, while higher-order indices capture
interaction effects, providing a comprehensive view of influence. Example: Sobol analysis shows that “credit
score” explains 45 % of variance, "debt-to-income” explains 20 %, and their interaction accounts for an
additional 10 %. Practical application: Guides prioritization of data collection and feature engineering efforts
in risk modeling pipelines. Challenges: Requires large numbers of model evaluations; computationally
intensive for complex models.

Weighted SHAP — an adaptation of SHAP that incorporates observation weights (e.G., Exposure, monetary
value) into the calculation of Shapley values, ensuring that contributions reflect business impact. Related
terms: Exposure-aware attribution, cost-sensitive explanation, financial relevance. Explanation: By scaling the
contribution of each data point, the resulting SHAP values better align with the economic significance of
predictions. Example: In an insurance loss model, weighted SHAP assigns higher importance to “large
vehicle value” for high-exposure policies, even if its frequency is low. Practical application: Enables risk
managers to focus on drivers of monetary loss rather than mere frequency. Challenges: Determining
appropriate weighting scheme; may amplify noise from high-weight outliers.

Zero-One Loss — a simple loss function that assigns a penalty of 1 for any misclassification and 0 for correct
classification. Related terms: Misclassification error, accuracy, binary evaluation. Explanation: While intuitive,
zero-one loss does not differentiate between types of errors, making it unsuitable when false positives and
false negatives have asymmetric costs. Example: Optimizing a model with zero-one loss yields a 78 %
accuracy but a high false-negative rate for defaults, which is undesirable for a lender. Practical application:
Useful as a baseline metric; rarely employed as the primary objective in risk modeling. Challenges:
Non-differentiable, hindering gradient-based optimization; insensitive to class imbalance.

Model Explainability Dashboard — an interactive interface that aggregates various interpretation tools (e.G.,
SHAP summary, ALE plots, feature importance) for a given risk model. Related terms: Visualization suite,
stakeholder portal, interpretability platform. Explanation: Dashboards enable analysts, auditors, and
business users to explore model behavior, diagnose issues, and generate reports without deep technical
expertise. Example: A dashboard for a credit-risk model displays real-time SHAP values for incoming
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applications, allowing compliance officers to monitor fairness metrics.
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