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Professional Certificate in Risk Modeling with Machine Learning

Model Evaluation And Selection

Model Evaluation and Selection are central activities in any risk‑modeling project that employs machine
learning. The vocabulary surrounding these activities is extensive, and mastering each term helps
practitioners build robust, reliable, and compliant models. Below is a comprehensive guide to the most
important concepts, definitions, and practical considerations. The discussion is organized thematically,
moving from data partitions to performance metrics, validation techniques, model‑complexity notions,
selection criteria, and operational challenges. Real‑world examples from credit risk, fraud detection,
insurance underwriting, and market risk illustrate each idea.

---

Data Partitions

Training set – The subset of observations used to fit model parameters. In a credit‑scoring project, the
training set might contain several hundred thousand loan applications with known outcomes. The model
learns relationships between applicant features (income, debt‑to‑income ratio, credit history) and the binary
default indicator.

Validation set – A separate portion of data reserved for tuning hyperparameters and monitoring over‑fitting.
For example, when adjusting the regularization strength of a logistic regression, the validation set provides
an unbiased estimate of how changes affect predictive performance.

Test set – The final hold‑out sample that is never touched during model development. It offers a true
out‑of‑sample assessment of model quality. In regulatory contexts, the test set must be frozen before any
modeling begins, and its composition is often documented in a model risk register.

Holdout – A simple data‑splitting strategy where a fixed percentage (e.G., 20 %) Of the full dataset is set
aside as the test set. The remaining 80 % is then further split into training and validation subsets. Holdout is
easy to implement but can be unstable when the data are limited or highly imbalanced.

k‑fold cross‑validation – A more efficient technique where the data are divided into *k* equally sized folds.
The model is trained *k* times, each time leaving out one distinct fold for validation and using the
remaining *k*‑1 folds for training. The average validation score across folds provides a reliable estimate of
generalization error. In fraud detection, where fraudulent cases are rare, a stratified version of k‑fold ensures
each fold preserves the minority class proportion.

Stratified sampling – A method that maintains the class distribution (or any other important variable) when
creating splits. For binary risk outcomes, stratification prevents a validation fold from containing no defaults,
which would render performance metrics meaningless.

Time‑series split – When observations are ordered chronologically, standard random splits can leak future
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information into the past. A time‑series split respects temporal ordering by training on earlier periods and
validating on later periods. This approach is essential for market‑risk VaR models, where the model must
forecast future volatility based on past price movements.

Leave‑one‑out cross‑validation (LOOCV) – An extreme case of k‑fold where *k* equals the number of
observations. Each iteration trains on all data except a single point, which is used for validation. LOOCV
provides an almost unbiased error estimate but is computationally intensive for large datasets typical in
insurance pricing.

---

Performance Metrics

Accuracy – The proportion of correctly classified instances. While intuitive, accuracy can be misleading for
imbalanced risk problems; a model that predicts “no default” for every loan could achieve > 95 % accuracy if
defaults are rare.

Precision – Also called positive predictive value; it measures the fraction of predicted positives that are true
positives. In fraud detection, high precision means most flagged transactions are indeed fraudulent,
reducing investigation costs.

Recall – Also known as sensitivity or true‑positive rate; it quantifies the fraction of actual positives that are
correctly identified. A credit‑risk model with high recall catches most potential defaulters, which may be
desirable for a conservative underwriting policy.

F1‑score – The harmonic mean of precision and recall. It balances the trade‑off between false positives and
false negatives, providing a single number useful when both types of error matter.

Confusion matrix – A tabular summary of true positives, false positives, true negatives, and false negatives.
For a binary risk model, the matrix allows quick computation of all derived metrics and highlights where
misclassifications concentrate.

Receiver operating characteristic (ROC) curve – Plots the true‑positive rate against the false‑positive rate at
varying classification thresholds. The shape of the curve reveals the model’s discriminative ability across the
entire spectrum of decision thresholds.

Area under the ROC curve (AUC‑ROC) – A scalar summary of the ROC curve ranging from 0.5 (No
discriminative power) to 1.0 (Perfect discrimination). In credit scoring, AUC‑ROC is a standard benchmark for
comparing alternative models.

Precision‑Recall (PR) curve – Plots precision versus recall for different thresholds. PR curves are more
informative than ROC curves when dealing with heavily imbalanced data, as they focus on the performance
of the positive class.

Average precision (AP) – The area under the PR curve, providing a single‑value metric analogous to
AUC‑ROC but tailored to imbalanced settings.
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Log loss (cross‑entropy) – Measures the negative log‑likelihood of the predicted probabilities. Lower log
loss indicates better calibrated probability estimates. In insurance claim severity modeling, log loss penalizes
overconfident but wrong predictions more heavily than simple classification errors.

Brier score – The mean squared error between predicted probabilities and actual binary outcomes. It
captures both calibration and discrimination, making it useful for evaluating probability forecasts in
operational risk models.

Calibration – The agreement between predicted probabilities and observed frequencies. A well‑calibrated
model will output a 10 % default probability for a group that actually defaults roughly 10 % of the time.
Calibration can be assessed with reliability diagrams or the Hosmer‑Lemeshow test.

Gini coefficient – A transformed version of AUC‑ROC (Gini = 2 × AUC − 1). It is frequently reported in
credit‑risk analytics because it directly relates to the Lorenz curve used in concentration analysis.

Kolmogorov‑Smirnov (KS) statistic – The maximum vertical distance between the cumulative distribution
functions of the positive and negative classes. In banking, KS is a legacy metric that accompanies AUC‑ROC
in model performance reports.

Lift – The ratio of the model’s capture rate to the baseline capture rate. Lift charts visualize how many
high‑risk cases are identified in the top deciles of the score distribution, guiding business decisions such as
targeted marketing or risk‑adjusted pricing.

Cost‑sensitive metrics – Incorporate a monetary or regulatory cost matrix into evaluation. For example, a
false negative (missing a default) may incur a higher expected loss than a false positive (rejecting a good
applicant). Weighted accuracy or expected cost can be derived from the confusion matrix and the cost
matrix.

Expected shortfall (ES) – In market‑risk contexts, ES (also known as Conditional VaR) measures the average
loss beyond a chosen VaR quantile. While not a classification metric, ES is a key evaluation measure for
models that predict loss distributions.

---

Validation Techniques

Nested cross‑validation – An outer loop estimates generalization error while an inner loop performs
hyperparameter tuning. This two‑level structure prevents optimistic bias that can arise when the same data
are used for both tuning and evaluation. Nested CV is recommended for high‑stakes risk models where any
overestimation of performance could lead to regulatory penalties.

Bootstrap resampling – Generates many pseudo‑samples by sampling with replacement from the original
dataset. Model performance is evaluated on each pseudo‑sample, and the distribution of scores provides
confidence intervals. The .632 Bootstrap corrects for the optimistic bias inherent in the naive bootstrap.

Monte‑Carlo cross‑validation – Randomly splits the data multiple times, each time training and validating
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on different partitions. It offers a flexible way to approximate the distribution of performance metrics
without fixing a single split.

Early stopping – Monitors validation loss during iterative training (e.G., Gradient boosting) and halts training
when the loss stops improving. Early stopping acts as a regularizer, reducing over‑fitting, and is particularly
useful when training deep neural networks for insurance claim fraud detection.

Cross‑validation for time series – Implements a rolling‑origin scheme where each validation set consists of a
contiguous future period, and the training set expands to include all prior periods. This respects temporal
causality and provides realistic estimates of predictive power for risk‑forecasting models.

Hyperparameter search methods – Include grid search (exhaustive enumeration of a predefined parameter
grid), random search (sampling random combinations), and Bayesian optimization (model‑based search
using a surrogate function). The chosen method influences the computational cost and the likelihood of
finding a near‑optimal configuration. In credit‑risk modeling, grid search over a small set of regularization
strengths and interaction depths may suffice, whereas deep learning pipelines often rely on Bayesian
optimization to navigate a high‑dimensional hyperparameter space.

---

Bias‑Variance Trade‑off

Bias – Systematic error introduced by overly simplistic assumptions. A highly regularized linear model may
exhibit high bias, under‑capturing nonlinear relationships between borrower characteristics and default risk.

Variance – Sensitivity of the model to fluctuations in the training data. An unregularized decision tree can
have low bias but high variance, leading to wildly different predictions when the training set changes
slightly.

Irreducible error – The noise inherent in the data-generating process that no model can eliminate. In
operational‑risk loss modeling, random external shocks constitute irreducible error.

Bias‑variance decomposition – Formalizes the total expected error as the sum of bias squared, variance, and
irreducible error. Understanding this decomposition guides the selection of model complexity and
regularization strength.

Model capacity – The ability of a learning algorithm to fit a wide variety of functions. High‑capacity models
(e.G., Deep neural networks) can approximate complex relationships but require careful regularization to
keep variance in check.

VC dimension – A theoretical measure of capacity that quantifies the largest set of points a model can
shatter (i.E., Classify perfectly) for any labeling. While rarely computed directly in practice, VC dimension
provides insight into the relationship between model complexity and over‑fitting risk.

---
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Model Selection Criteria

Akaike information criterion (AIC) – Balances goodness‑of‑fit with model complexity by penalizing the
number of estimated parameters. Lower AIC values indicate a better trade‑off. AIC is useful for selecting
among nested logistic‑regression specifications in credit‑risk scoring.

Bayesian information criterion (BIC) – Similar to AIC but imposes a stronger penalty for model complexity,
especially as sample size grows. BIC tends to favor simpler models, making it attractive when regulatory
guidelines emphasize model interpretability.

Deviance – The negative twice log‑likelihood of a model relative to a saturated model. In generalized linear
models, deviance serves as a loss function; differences in deviance can be tested with chi‑square statistics to
compare nested models.

Adjusted R‑squared – Extends the classic R‑squared by accounting for the number of predictors. Though
more common in linear regression, adjusted R‑squared can help evaluate the explanatory power of
continuous‑outcome risk models, such as loss‑severity predictions.

Information‑theoretic scores – Include AIC, BIC, and the deviance information criterion (DIC). These scores
provide a principled way to compare models with differing numbers of parameters or disparate likelihood
structures.

Out‑of‑sample R‑squared – Computes the proportion of variance explained on a held‑out test set, giving a
realistic sense of predictive power. In market‑risk modeling, out‑of‑sample R‑squared helps assess whether
a volatility forecast captures future price movements better than a naïve benchmark.

Cross‑entropy loss – Equivalent to log loss for binary classification. When comparing probabilistic classifiers,
the model with lower cross‑entropy on the validation set is preferred.

Ensemble performance – When multiple base learners are combined (e.G., Via bagging or boosting), the
ensemble’s performance is evaluated using the same metrics as single models. Often, ensembles achieve
higher AUC‑ROC and lower log loss, justifying their extra computational cost.

---

Regularization Techniques

L1 regularization (lasso) – Adds the absolute value of coefficients to the loss function, encouraging sparsity.
In credit‑risk scoring, L1 can automatically drop irrelevant predictors, simplifying the model for regulatory
review.

L2 regularization (ridge) – Penalizes the squared magnitude of coefficients, shrinking them toward zero but
rarely eliminating them entirely. L2 is useful when many correlated predictors exist, as it distributes weight
among them.

Elastic net – Combines L1 and L2 penalties, offering a balance between sparsity and stability. Elastic‑net
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regularization is often applied to high‑dimensional insurance‑pricing datasets where multicollinearity is
pervasive.

Dropout – Randomly deactivates a proportion of neural‑network units during each training iteration.
Dropout reduces variance by preventing co‑adaptation of neurons, improving generalization in deep
models for fraud detection.

Early stopping – Already described under validation techniques, early stopping also functions as a
regularizer by limiting the number of training epochs before the model begins to over‑fit.

Tree pruning – Removes branches of a decision tree that do not improve validation performance. Pruning
controls tree depth, thereby reducing variance while preserving essential splits that capture risk drivers.

---

Model Complexity and Capacity Control

Depth – In tree‑based models, depth refers to the longest path from root to leaf. Shallow trees (depth ≤ 3)
are highly interpretable but may underfit complex risk patterns. Deep trees can capture intricate interactions
but risk over‑fitting without pruning or regularization.

Number of estimators – In ensemble methods like random forests or gradient boosting, this is the count of
individual trees. More estimators generally improve performance up to a point, after which marginal gains
diminish and computational cost rises.

Learning rate – Controls the contribution of each new estimator in boosting algorithms. A smaller learning
rate requires more estimators but often yields smoother convergence and better generalization.

Maximum leaf nodes – Limits the number of terminal nodes in a tree. Constraining leaf nodes reduces
model size, aiding interpretability in regulatory filings.

Feature engineering – Creating new variables from raw data (e.G., Debt‑to‑income ratio, rolling averages of
claim frequency). Proper feature engineering can reduce required model complexity by making the
underlying pattern more linear.

Dimensionality reduction – Techniques such as principal component analysis (PCA) compress
high‑dimensional data into a smaller set of orthogonal components. PCA is sometimes employed in
market‑risk factor modeling to capture the main sources of variance while limiting the number of inputs.

---

Model Interpretability and Explainability

Global importance – Summarizes how each predictor contributes to the model’s overall predictions. For tree
ensembles, mean decrease in impurity or permutation importance are common measures.

Permutation importance – Assesses the drop in performance when a feature’s values are randomly shuffled,
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breaking its relationship with the target. This technique works for any model type and is especially valuable
for black‑box models used in operational‑risk classification.

SHAP values – Based on Shapley theory from cooperative game theory, SHAP assigns each feature a
contribution to an individual prediction. SHAP provides both local (per‑observation) and global
explanations, helping risk officers understand why a particular loan was flagged as high‑risk.

LIME – Generates locally linear approximations of a complex model around a specific instance. LIME can be
used to justify a single fraud alert to auditors, showing which features most influenced the decision.

Partial dependence plots – Visualize the marginal effect of a feature on the predicted outcome, averaging
over other variables. In credit‑risk modeling, a partial dependence plot of credit utilization may reveal a
non‑linear increase in default probability beyond a certain threshold.

Counterfactual explanations – Provide alternative feature values that would change the model’s prediction.
For an applicant denied a loan, a counterfactual might indicate that reducing the debt‑to‑income ratio to
30 % would flip the decision to “approve.” Such explanations support fairness and transparency initiatives.

---

Model Risk and Governance

Model risk – The possibility that a model’s outputs are incorrect or misleading, leading to adverse business
or regulatory outcomes. Model risk can arise from data quality issues, inappropriate assumptions,
over‑fitting, or lack of monitoring.

Model validation – An independent assessment of model performance, assumptions, and documentation.
Validation includes back‑testing on out‑of‑sample data, stress testing under extreme scenarios, and
reviewing governance artifacts.

Back‑testing – Comparing model forecasts against realized outcomes over a historical period not used in
model development. In market‑risk VaR models, back‑testing examines the frequency of exceedances
(actual loss > VaR) to verify the model’s reliability.

Stress testing – Evaluating model behavior under hypothetical extreme conditions (e.G., A sudden
credit‑spread widening or a pandemic scenario). Stress testing reveals model robustness and helps
regulators assess capital adequacy.

Concept drift – A shift in the underlying data distribution over time. In credit risk, macro‑economic changes
can alter default patterns, causing a previously accurate model to deteriorate. Detecting drift often involves
monitoring performance metrics on a rolling basis.

Data leakage – The inadvertent inclusion of information that would not be available at prediction time. For
example, using a borrower’s subsequent repayment behavior as a predictor in a default model creates
leakage and inflates performance metrics.
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Regulatory constraints – Requirements such as the Basel Committee’s “model risk management” principles
or the EU’s “CRR/CRD IV” guidelines. These regulations mandate documentation of model purpose, data
lineage, validation results, and ongoing monitoring procedures.

Model monitoring dashboards – Real‑time or periodic visualizations of key performance indicators (KPIs)
such as AUC‑ROC, calibration error, and drift detection statistics. Monitoring dashboards enable risk
managers to spot degradation early and trigger model retraining.

---

Practical Application Workflow

1. Data acquisition and cleaning. Gather historical loan performance data, remove duplicates, and handle
missing values using imputation or indicator variables. Ensure that any future‑information fields (e.G.,
Payment status after the observation window) are excluded.

2. Exploratory analysis. Compute summary statistics, visualize distributions, and examine correlations.
Identify potential leakage sources and assess class imbalance.

3. Feature engineering. Create risk‑relevant variables such as rolling averages of past defaults,
credit‑utilization ratios, and macro‑economic indicators (unemployment rate, GDP growth). Apply domain
knowledge to encode categorical variables (e.G., Industry sector) using target encoding or one‑hot
encoding as appropriate.

4. Partitioning. Reserve a chronological holdout period (e.G., The most recent 12 months) as the test set.
Within the training period, set up a stratified 5‑fold cross‑validation framework to guide hyperparameter
tuning.

5. Model selection. Train a baseline logistic regression with L2 regularization, a random forest, and a
gradient‑boosted decision tree (GBDT). Use nested cross‑validation to obtain unbiased estimates of
AUC‑ROC, log loss, and calibration for each candidate.

6. Hyperparameter optimization. Conduct a random search over regularization strengths, tree depths,
number of estimators, and learning rates. For GBDT, also explore subsample ratios and column‑sampling
parameters to reduce variance.

7. Evaluation. Compare models based on a weighted combination of AUC‑ROC, Brier score, and
cost‑sensitive expected loss (assigning higher cost to false negatives). Examine calibration curves to verify
that probability outputs align with observed default frequencies.

8. Interpretability analysis. Generate SHAP summary plots for the best‑performing model to identify top risk
drivers. Produce partial dependence plots for key features such as debt‑to‑income ratio and credit‑score
band.

9. Validation and documentation. Perform a back‑test on the holdout period, compute the KS statistic, and
document results in a model risk register. Conduct a sensitivity analysis by varying macro‑economic inputs
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to assess stress performance.

10. Deployment and monitoring. Deploy the model in a production scoring pipeline, ensuring that feature
pipelines are versioned. Set up a monitoring dashboard tracking weekly AUC‑ROC, calibration drift (e.G.,
Using the Hosmer‑Lemeshow p‑value), and data‑distribution changes. Schedule periodic retraining when
performance degrades beyond predefined thresholds.

---

Common Challenges and Mitigation Strategies

Imbalanced classes – Defaults, fraud, and extreme loss events are often rare. Techniques such as
oversampling the minority class (SMOTE), undersampling the majority class, or using class‑weight
adjustments in the loss function can improve recall without sacrificing precision.

Small sample size – In niche insurance lines, historical claim data may be limited. Leveraging hierarchical
Bayesian models or borrowing strength from related segments can reduce variance and produce more
stable probability estimates.

Feature drift – Economic shifts may change the predictive power of variables. Implementing a drift detection
algorithm (e.G., Population Stability Index) on feature distributions helps flag when retraining is necessary.

Regulatory interpretability requirements – Some regulators demand transparent models. If a complex
ensemble outperforms a simple logistic regression but fails the interpretability test, consider a “glass‑box”
surrogate model that mimics the ensemble’s predictions while providing clear coefficient estimates.

Computational constraints – Large datasets and extensive hyperparameter searches can be
resource‑intensive. Using distributed computing platforms (e.G., Spark) or cloud‑based AutoML services can
accelerate training while maintaining reproducibility.

Data leakage prevention – Establish a strict data‑pipeline governance framework that records the exact
timestamp of each feature. Automated checks should verify that no future‑information columns are present
in the training matrix.

Over‑fitting to validation data – Repeatedly tweaking models based on validation performance can lead to
“selection bias.” Nested cross‑validation or a final blind test set mitigates this risk by providing an unbiased
performance estimate after model finalization.

Model decay monitoring – Set up statistical process control (SPC) charts for key metrics. When a metric
crosses a control limit, trigger an investigation and possible model re‑calibration.

Fairness and bias – Risk models may unintentionally discriminate against protected groups. Conduct fairness
audits using metrics such as disparate impact, equal opportunity difference, and demographic parity. If bias
is detected, adjust the training process (e.G., Re‑weighting, adversarial debiasing) and re‑evaluate
performance.

Read online: https://certificates.HealthCareCourses.org.uk/guides/
5083973/model-evaluation-and-selection

HealthCareCourses (An LSIB brand) · 02 Jul 2026



G U I D E

---

Advanced Topics in Model Evaluation

Ensemble selection – Instead of a single best model, combine multiple high‑performing models using
stacking. A meta‑learner (often a logistic regression) aggregates predictions, often yielding incremental
gains in AUC‑ROC and calibration.

Multi‑objective optimization – When both discrimination and calibration matter, treat model selection as a
multi‑objective problem. Pareto front analysis identifies models that cannot be improved on one metric
without worsening another, allowing stakeholders to choose a balanced solution.

Bayesian model averaging (BMA) – Assigns posterior probabilities to each candidate model and averages
predictions accordingly. BMA naturally incorporates model uncertainty, which is valuable for risk capital
calculation where under‑estimation of uncertainty can be costly.

Transfer learning – In contexts with limited labeled data (e.G., New insurance product lines), pre‑train a deep
neural network on a related large dataset (such as general credit data) and fine‑tune on the target domain.
Transfer learning can improve performance while reducing the need for extensive hyperparameter searches.

Explainable AI (XAI) for risk – Deploy XAI tools that generate regulatory‑ready reports, including
feature‑importance tables, SHAP summary figures, and decision‑rule extracts. Automation of XAI
documentation speeds up model approval cycles.

Robustness to adversarial attacks – Fraudsters may deliberately manipulate input features to evade
detection. Evaluating models under adversarial perturbations (e.G., Using FGSM or PGD attacks) reveals
vulnerabilities and informs the design of more resilient detection systems.

Uncertainty quantification – Beyond point predictions, provide confidence intervals for risk scores.
Techniques such as quantile regression forests or Bayesian neural networks produce predictive distributions,
enabling more nuanced risk‑adjusted decision making.

Model‑based stress testing – Integrate scenario generators (e.G., Macro‑economic shock series) directly into
the model pipeline. Simulate the impact on predicted loss distributions, and compare against regulatory
stress‑testing thresholds.

Online learning – For high‑frequency trading risk models, update parameters incrementally as new data
arrive, using algorithms such as stochastic gradient descent with a decaying learning rate. Online learning
maintains model relevance in rapidly changing markets.

---

Glossary of Frequently Encountered Terms

Algorithmic bias – Systematic error that causes the model to produce unfair outcomes for certain groups.
Measured using fairness metrics and mitigated through pre‑processing, in‑processing, or post‑processing
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techniques.

Calibration curve – Plot of predicted probability versus observed frequency. Ideal calibration lies on the
45‑degree line; deviations indicate over‑ or under‑confidence.

Confounding variable – An external factor that influences both predictor and outcome, potentially distorting
the estimated relationship. Identifying and controlling for confounders is essential in causal risk modeling.

Cost function – The objective that the learning algorithm seeks to minimize (e.G., Log loss, hinge loss).
Choice of cost function determines the model’s sensitivity to different types of errors.

Data augmentation – Synthetic generation of new training examples (e.G., SMOTE for minority class). Helps
alleviate class imbalance and improve model generalization.

Decision threshold – The cutoff probability at which a continuous risk score is converted into a binary
decision (e.G., Approve vs. Reject). Adjusting the threshold trades off precision against recall.

Ensemble method – Combines multiple base learners to improve predictive performance. Common
methods include bagging (e.G., Random forest), boosting (e.G., XGBoost), and stacking.

Feature selection – Process of identifying a subset of predictors that contribute most to model performance.
Techniques range from simple filter methods (e.G., Mutual information) to wrapper methods (e.G., Recursive
feature elimination).

Hyperparameter – Configuration parameter not learned from data (e.G., Tree depth, learning rate).
Hyperparameters control model capacity and must be tuned through validation.

Learning curve – Plot of training and validation error versus the size of the training set. Learning curves
reveal whether adding more data would likely improve performance.

Model drift – General term for any change in model performance over time, often caused by data
distribution shifts, feature changes, or evolving business processes.

Outlier detection – Identifying observations that deviate markedly from the bulk of the data. Outliers can
distort model fitting and may represent fraudulent activity in risk contexts.

Regularization path – Sequence of models obtained by varying the regularization strength. Visualizing the
path helps understand how coefficient shrinkage affects model sparsity and performance.

Risk‑adjusted return – Metric that balances expected profit against risk exposure, often expressed as Sharpe
ratio or Sortino ratio. Models that predict risk more accurately enable better risk‑adjusted decision making.

Sampling bias – Systematic error introduced when the sample is not representative of the target population.
In credit risk, sampling bias can arise if only approved applications are observed.

Scoring function – The mathematical formula that maps input features to a risk score. In logistic regression,
the scoring function is the linear combination of features passed through the logistic link.
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Time‑to‑event analysis – Also known as survival analysis; models the time until a default or claim occurs.
Metrics such as concordance index (C‑index) evaluate discrimination for time‑dependent outcomes.

Variable importance – Quantitative measure of how much each predictor contributes to model predictions.
Can be derived from impurity reduction, permutation impact, or SHAP values.

Variance inflation factor (VIF) – Diagnostic for multicollinearity; high VIF indicates that a predictor is linearly
dependent on others, potentially inflating coefficient variance.

---

Illustrative Example: Credit‑Scoring Model Development

Suppose a bank wants to build a model that predicts the probability of default (PD) for new mortgage
applicants. The dataset contains 500 000 historical applications, each labeled with a default indicator
observed over a 24‑month horizon. The steps below demonstrate how the vocabulary introduced earlier is
applied in practice.

1. **Data split** – The most recent 12 months (100 000 records) are set aside as the test set. The remaining
400 000 records are used for training/validation via 5‑fold stratified cross‑validation.

2. **Feature set** – Raw variables (age, income, loan‑to‑value ratio, credit‑score) are combined with
engineered features (rolling average of past delinquencies, regional unemployment rate). Categorical
variables (state, mortgage‑type) are target‑encoded using the training folds to avoid leakage.

3. **Baseline model** – A logistic regression with L2 regularization is trained. Cross‑validation yields an
AUC‑ROC of 0.78, Log loss of 0.34, And a Brier score of 0.12. Calibration curves show slight under‑prediction
for high‑risk scores.

4. **Complex model** – A gradient‑boosted tree (XGBoost) is tuned with a random search over max depth
(3‑7), learning rate (0.01‑0.1), And number of estimators (200‑800). The best configuration attains an
AUC‑ROC of 0.84, Log loss of 0.28, And improved calibration after Platt scaling.

5. **Ensemble** – Stacking the logistic regression and XGBoost predictions using a ridge meta‑learner yields
an AUC‑ROC of 0.85 And a modest reduction in log loss. SHAP analysis on the XGBoost component reveals
that loan‑to‑value ratio, credit‑score, and regional unemployment are the top contributors.

6. **Cost‑sensitive evaluation** – The bank assigns a cost of $10 000 to a false negative (missed default) and
$2 000 to a false positive (unnecessarily rejected applicant). Expected cost is computed for each model; the
stacked ensemble minimizes expected cost, confirming its operational advantage.

7. **Back‑testing** – The final model is applied to the holdout test set. The KS statistic is 0.32, Exceeding the
bank’s internal threshold of 0.25. The model also passes a Hosmer‑Lemeshow test (p‑value = 0.13),
Indicating acceptable calibration.

8. **Monitoring** – A weekly dashboard tracks test‑set AUC‑ROC, Brier score, and Population Stability Index
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(PSI) for key features. After six months, PSI for regional unemployment rises above 0.25, Prompting an
investigation and eventual model retraining with updated macro‑economic inputs.

Through this example, the practitioner sees how terms such as “training set,” “validation set,”
“hyperparameter tuning,” “SHAP values,” and “model monitoring” interlock to produce a model that meets
both predictive and regulatory standards.

---

Illustrative Example: Fraud Detection with Imbalanced Data

A payment processor wants to flag potentially fraudulent transactions in real time. The dataset contains
10 million transactions, of which only 5 000 are confirmed frauds (0.05 % Prevalence). The challenges are
severe class imbalance and the need for low latency.

1. **Resampling** – SMOTE is applied to generate synthetic fraud examples, increasing the minority class to
0.5 % Of the training data. This mitigates extreme imbalance while preserving the original distribution of
legitimate transactions.

2. **Model choice** – A LightGBM gradient‑boosted tree is selected for its speed and ability to handle
categorical features directly. Hyperparameters are optimized using Bayesian optimization, focusing on max
depth, leaf‑wise growth, and early‑stopping rounds.

3. **Evaluation metrics** – Because the positive class is rare, PR‑AUC and average precision are prioritized
over ROC‑AUC. The final model achieves a PR‑AUC of 0.28 (Substantially higher than the baseline logistic
regression’s 0.12) And an F1‑score of 0.41 At the operating threshold that yields a 1 % false‑positive rate.

4. **Cost‑sensitive threshold** – The business defines a cost ratio of 20 : 1 (Fraud loss vs. Investigation cost).
The optimal decision threshold is computed by maximizing the expected net benefit, resulting in a recall of
0.68 And a precision of 0.35.

5. **Explainability** – SHAP values are computed for a sample of flagged transactions. For a particular
high‑risk transaction, the top contributors are “IP address mismatch,” “large transaction amount,” and “new
device fingerprint.” These explanations are logged for compliance auditors.

6. **Monitoring for drift** – Daily PSI scores for the “transaction amount” feature reveal a gradual shift
toward higher values, reflecting a change in customer behavior. The monitoring system triggers a retraining
pipeline after a PSI threshold of 0.2 Is crossed.

7. **Adversarial robustness** – Simulated attacks perturb the “device fingerprint” feature to mimic
legitimate patterns. The model’s performance under attack drops by 8 %, prompting the addition of a
robust feature that captures historical device consistency.

Read online: https://certificates.HealthCareCourses.org.uk/guides/
5083973/model-evaluation-and-selection
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