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Advanced Certificate in Model Risk Management (Germany)

Credit and Counterparty Risk Modeling

Credit Risk refers to the possibility that a borrower will fail to meet its contractual obligations, resulting in a
financial loss for the lender. In the context of model risk management, understanding the nuances of credit
risk is essential because models are used to quantify potential losses, set capital requirements, and inform
pricing decisions. A typical example involves a bank estimating the expected loss on a corporate loan
portfolio by applying a model that incorporates borrower-specific information such as financial ratios,
industry outlook, and macro-economic indicators.

Counterparty Risk is a subset of credit risk that arises from the possibility that the other party in a financial
contract, such as a derivative or a securities financing transaction, will default before the contract’s maturity.
Counterparty risk is especially relevant for over-the-counter (OTC) derivatives, where the absence of a
central clearinghouse means that the parties rely on each other’s creditworthiness. For instance, a dealer
entering into a interest-rate swap with a corporate counterparty must assess the likelihood that the
corporate will fail to make future payments, and the dealer's model must capture this probability accurately.

Probability of Default (PD) is the likelihood that a borrower will default within a given time horizon, typically
one year. PD is a core input for many credit risk models, including the Basel regulatory framework. In
practice, PDs can be derived from internal rating systems, external credit ratings, or market-derived
measures such as credit spreads. An illustrative case is the use of a logistic regression model that predicts
PD based on a borrower's leverage, profitability, and liquidity ratios.

Exposure at Default (EAD) quantifies the amount that would be outstanding if a default occurs. EAD is not
simply the current balance of a loan; it must consider future drawdowns, undrawn commitments, and
potential changes in the market value of collateral. For example, a revolving credit facility with a
commitment of €100 million and a current usage of €40 million may have an EAD that incorporates a
conversion factor to estimate the portion of the undrawn amount that could be drawn before default.

Loss Given Default (LGD) measures the proportion of exposure that is not recovered after a default event.
LGD is expressed as a percentage and is influenced by factors such as collateral quality, seniority of the
claim, and the efficiency of the recovery process. A common approach is to estimate LGD using historical
recovery rates for similar obligors, adjusting for current market conditions. For instance, a senior secured
loan may have an LGD of 10 % because the collateral can be liquidated quickly, whereas an unsecured junior
bond may exhibit an LGD of 70 %.

Expected Loss (EL) is the product of PD, LGD, and EAD. EL represents the average loss that a lender can
anticipate over a specified horizon and is a cornerstone of capital allocation. An illustrative calculation: a
loan with a PD of 2%, an LGD of 40 %, and an EAD of €10 million yields an EL of €80000

(0.02 x 0.40 x 10000 000).

Unexpected Loss (UL) captures the variability of losses around the expected loss and is the basis for
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risk-adjusted capital. UL is often measured using statistical techniques such as Value-at-Risk (VaR) or
Expected Shortfall (ES) at a high confidence level (e.g., 99.9 %). For a portfolio of loans, the UL might be
derived from a Monte Carlo simulation that draws correlated PDs and LGDs, producing a loss distribution
from which the 99.9% quantile is extracted.

Credit Spread is the difference between the yield of a credit instrument and the yield of a risk-free
benchmark (often a sovereign bond). The spread reflects the market’s assessment of credit risk,
incorporating both default probability and recovery expectations. For example, a corporate bond with a
yield of 5% that is benchmarked against a 2% German government bond will have a credit spread of 300
basis points. The spread can be used as an input for market-based PD estimation by inverting the spread
through a structural model.

Credit Valuation Adjustment (CVA) is the adjustment to the fair value of a derivative to reflect the
counterparty credit risk embedded in the contract. CVA is calculated as the discounted expected loss due to
counterparty default, integrating exposure profiles, default probabilities, and recovery rates. A practical
scenario involves a bank computing CVA for a portfolio of interest-rate swaps: the bank first simulates
future exposure paths, then weights each exposure by the counterparty’s PD curve and applies a discount
factor to obtain the CVA.

Wrong-Way Risk (WWR) occurs when exposure to a counterparty is positively correlated with the
probability of that counterparty’s default. WWR amplifies potential losses because the worst-case exposure
coincides with the highest default risk. An example is a commodity-linked derivative where the
counterparty’s credit quality deteriorates precisely when commodity prices rise, increasing the exposure.
Modeling WWR typically requires joint modeling of market risk factors and credit risk factors, often through
copula or factor-based approaches.

Right-Way Risk (RWR) is the opposite of WWR; exposure and default probability are negatively correlated,
which can mitigate losses. For instance, a credit default swap (CDS) on a sovereign entity may see exposure
decrease as the sovereign’s credit deteriorates, because the protection seller’s liability is capped by the
notional amount.

Credit Default Swap (CDS) is a financial contract that transfers credit risk from a protection buyer to a
protection seller in exchange for a periodic premium. The buyer receives a payoff if a credit event (e.g.,
default) occurs, while the seller assumes the loss. CDS spreads are widely used as market-derived indicators
of default risk. A practical application is the use of CDS spreads to calibrate the hazard rate in a
reduced-form credit model, which in turn feeds into CVA calculations.

Hazard Rate (or intensity) is the instantaneous default probability per unit of time in a reduced-form model.
The hazard rate is often modeled as a stochastic process, such as a Cox process, to capture time-varying
credit risk. For example, a model may specify a hazard rate that follows a mean-reverting Gaussian process,
allowing the PD to increase during periods of economic stress.

Merton Model is a structural credit risk model that treats a firm's equity as a call option on its assets.
Default occurs when the asset value falls below the debt face value at maturity. The model links
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market-based equity volatility to default probability, providing a bridge between market data and credit
risk. A practical use of the Merton model is to back-out an implied asset volatility from observed equity
prices, then compute a PD that can be compared with rating-agency estimates.

KMV Model extends the Merton framework by incorporating empirical adjustments to improve default
prediction. KMV introduces the concept of “Distance-to-Default” (DD), which measures how many standard
deviations the firm’'s asset value is away from the default point. A higher DD indicates lower credit risk. In
practice, banks may use the KMV model to generate PDs for large corporate exposures, supplementing
internal rating systems.

CreditMetrics is a portfolio-level credit risk model that simulates rating migrations and computes the
distribution of portfolio losses. The model employs a transition matrix that captures the probability of
moving between credit ratings over a given horizon. CreditMetrics also accounts for correlations among
obligors through a factor model. For instance, a bank could use CreditMetrics to assess the 99.9 % VaR of its
loan portfolio by generating thousands of rating migration scenarios.

CreditRisk+ is a statistical model that assumes default events follow a Poisson distribution with a stochastic
intensity driven by a gamma-distributed risk factor. CreditRisk+ focuses on loss distribution rather than
rating migration, making it well-suited for portfolios with many small exposures. A typical application
involves calibrating the model to historical default data, then using it to compute the unexpected loss for a
retail loan portfolio.

Basel Il and Basel Il are international regulatory frameworks that set standards for capital adequacy, risk
management, and supervisory oversight. Both frameworks require banks to calculate risk-weighted assets
(RWAs) based on credit risk parameters such as PD, LGD, and EAD. Basel Ill introduces additional buffers,
including the capital conservation buffer and the counter-cyclical buffer, to enhance resilience.
Understanding these regulations is critical for model risk managers because model outputs directly affect
capital calculations.

Internal Ratings-Based (IRB) Approach allows banks to use internally estimated PD, LGD, and EAD for capital
calculation, subject to supervisory approval. The IRB approach distinguishes between the Foundation IRB
(F-IRB) and Advanced IRB (A-IRB) methods. In the A-IRB, banks may also estimate the correlation parameter,
offering greater flexibility but also greater model risk. A practical challenge is ensuring that internal
estimates are robust, unbiased, and consistently calibrated across business lines.

Standardized Approach is the alternative to the IRB approach, where regulatory risk weights are applied to
exposures based on external credit ratings or predefined categories. While simpler to implement, the
standardized approach may be less risk-sensitive, leading to higher capital charges for low-risk exposures.
Model risk managers must understand the trade-offs when advising on the choice of approach.

Stress Testing involves evaluating the impact of adverse but plausible scenarios on credit risk metrics. Stress
tests can be macro-economic (e.g., recession, sovereign default) or idiosyncratic (e.g., sector-specific shock).
In a credit context, stress testing may involve shocking PDs upward, increasing LGDs, or reducing collateral
values. The results inform capital planning, risk appetite setting, and regulatory reporting.

Read online: https://certificates.Isba.org.uk/guides/3948193/credit- London School of Business and Administration - 21 Jun 2026
and-counterparty-risk-modeling



5, LSBA

LONDON SCHOOL OF BUSINESS
AND ADMINISTRATION

Scenario Analysis is closely related to stress testing but focuses on specific narrative scenarios rather than
purely statistical shocks. For example, a scenario might describe a sudden increase in oil prices that
adversely affects energy-sector borrowers. Scenario analysis requires translating qualitative descriptions into
quantitative adjustments for PD, LGD, and EAD.

Monte Carlo Simulation is a computational technique that generates a large number of random paths for
underlying risk factors to approximate the distribution of portfolio losses. In credit risk modeling, Monte
Carlo methods are used to capture the joint behavior of correlated defaults, exposure dynamics, and market
variables. A typical implementation might involve simulating correlated Gaussian factors that drive obligor
asset values, then applying a default threshold to determine default events.

Copula functions are statistical tools used to model the dependence structure between random variables,
such as default times of different obligors. The Gaussian copula has been widely used in credit portfolio
modeling, though it has attracted criticism after the 2008 financial crisis. Alternatives such as the t-copula or
Archimedean copulas provide heavier tails and can better capture extreme co-movements. Understanding
the limitations of copula-based models is essential for managing model risk.

Correlation in credit risk models quantifies the degree to which default events or rating migrations are
linked across obligors. Correlation can be driven by common macro-economic factors, industry-specific
shocks, or contagion effects. Accurately estimating correlation matrices is challenging due to limited default
data, especially for high-quality obligors. Model risk managers often assess the sensitivity of capital to
correlation assumptions, as small changes can have large effects on UL.

Default Correlation is a specific form of correlation that measures the likelihood that two or more obligors
default simultaneously. It is distinct from asset-value correlation, which may be higher because default
depends on a threshold crossing. Practical approaches to estimate default correlation include using
historical joint default frequencies, implied correlations from market data, or factor models.

Rating Transition Matrix is a square matrix that records the probabilities of moving from one credit rating to
another over a given time horizon. The matrix is typically estimated from historical rating agency data and is
a key input for CreditMetrics-type models. An example entry might be the probability of a BBB-rated
obligor remaining at BBB after one year, say 85 %.

One-Year Transition Matrix is the most common format, but longer-horizon matrices can be derived by
exponentiating the one-year matrix. Consistency across horizons is important for model validation, as
inconsistencies can lead to arbitrage opportunities.

Rating Agency refers to entities such as Moody's, S&P, and Fitch that assign credit ratings to issuers and
securities. Their rating methodologies influence the construction of transition matrices and provide
benchmark PDs. However, reliance on external ratings introduces model risk if agency ratings are inaccurate
or delayed.

Credit Portfolio is a collection of credit exposures, such as loans, bonds, or derivatives, that share common
risk characteristics. Portfolio-level modeling aggregates individual exposures while accounting for
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diversification benefits and concentration risks. A practical task for a model risk manager is to evaluate
whether the aggregation methodology correctly reflects concentration risk, for example by applying a
concentration multiplier to the UL.

Concentration Risk arises when a portfolio is heavily exposed to a single obligor, industry, or geographic
region. Concentration risk can amplify losses beyond what is implied by simple diversification assumptions.
Techniques for measuring concentration include the Herfindahl-Hirschman Index (HHI) and the
Concentration Ratio (CR). Model risk managers often implement concentration add-on factors to the UL to
address this risk.

Netting is the process of offsetting mutually owed amounts between two counterparties, reducing the
overall exposure. Netting agreements are legally enforceable contracts that specify the net amount payable
in case of default. For example, two parties with multiple swaps can net the cash flows, resulting in a single
net settlement amount. Model risk managers must ensure that netting benefits are correctly reflected in
exposure calculations.

Collateral is an asset pledged by a borrower to secure a credit exposure. Collateral reduces LGD because it
can be liquidated to offset losses. Types of collateral include cash, securities, and real-estate. Valuation of
collateral involves haircuts to account for market volatility and liquidity risk. For instance, a bank may apply
a 20% haircut to a portfolio of equities used as collateral.

Margin is a form of collateral specifically used in derivatives trading, typically posted daily as variation
margin to cover mark-to-market changes. Initial margin is posted at the start of the trade to cover potential
future exposure. Accurate modeling of margin requirements is essential for assessing counterparty exposure
and for calculating CVA.

Settlement Risk is the risk that a party fails to deliver cash or securities as scheduled, leading to a loss even
if the counterparty is otherwise creditworthy. Settlement risk is most pronounced in cross-border
transactions, where differences in time zones and legal frameworks can cause delays. An example is
"Herstatt risk,” where a bank receives a foreign currency payment but cannot deliver the domestic currency
due to the counterparty’s default.

Credit Risk Mitigation (CRM) encompasses techniques such as netting, collateral, guarantees, and credit

insurance that reduce the effective exposure. CRM measures must be incorporated into models to avoid
overstating risk. For instance, a guarantee from a sovereign entity can be modeled as a reduction in LGD,
reflecting the higher recovery rate expected.

Credit Curve is the term structure of credit spreads for a particular issuer or sector. The curve reflects how
market participants price credit risk over different maturities. Building a credit curve often involves
bootstrapping from observed bond yields or CDS spreads. Model risk managers need to verify that the
curve is arbitrage-free and consistent with underlying asset-price dynamics.

Default Curve is a representation of the cumulative probability of default over time for a given obligor. It
can be derived from hazard rates or from market instruments such as CDS spreads. A typical default curve
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might show a 1% cumulative default probability at one year, rising to 5% at five years.

Recovery Rate is the complement of LGD; it indicates the proportion of exposure that is recovered after
default. Recovery rates can be modeled as deterministic (e.g., a fixed 40 % recovery) or stochastic, reflecting
the uncertainty in the recovery process. Empirical studies often show that recovery rates are negatively
correlated with default rates, a phenomenon that must be captured in advanced models.

Stochastic Recovery models treat recovery rates as random variables, often linked to macro-economic
factors or to the same drivers that affect PD. For example, a model might specify that recovery rates decline
when GDP growth falls below a threshold, thereby capturing the “recovery-default correlation.”

Forward-Starting CDS are credit derivatives that commence at a future date. Pricing forward-starting CDS
requires projecting future credit spreads, which involves assumptions about the evolution of the underlying
hazard rate. Model risk managers must assess the robustness of these assumptions, particularly under
stressed market conditions.

Dynamic Credit Model refers to a model that updates credit parameters (PD, LGD, EAD) over time as new
information becomes available. Dynamic models can incorporate Bayesian updating, Kalman filtering, or
machine-learning techniques to adjust predictions. A practical example is a credit scoring model that
retrains weekly on fresh borrower data, thereby improving predictive accuracy.

Static Credit Model assumes that credit parameters are fixed over the modeling horizon. While simpler to
implement, static models may miss important temporal dynamics, leading to model risk. For instance, a
static PD estimate based on a single year of data may not capture the impact of an upcoming economic
downturn.

Machine Learning (ML) techniques, such as random forests, gradient boosting, and neural networks, are
increasingly used to predict credit risk. ML models can capture complex nonlinear relationships between
borrower characteristics and default outcomes. However, they also introduce challenges related to
interpretability, overfitting, and data quality. Model risk managers must ensure that ML models are subject
to rigorous validation, including out-of-sample testing and explainability analysis.

Explainable Al (XAl) methods aim to make the decisions of complex ML models transparent. Techniques
such as SHAP values or LIME provide insights into which features drive predictions. In credit risk, XAl can
help regulators and auditors understand why a particular borrower received a high PD, thereby mitigating
model risk associated with black-box models.

Backtesting is the process of comparing model predictions with realized outcomes over a historical period.
For credit risk, backtesting may involve comparing predicted PDs with actual default frequencies, or
comparing predicted loss distributions with observed losses. Statistical tests such as the Kupiec test for PD
calibration or the Kolmogorov-Smirnov test for loss distribution fit are commonly employed.

Calibration refers to the adjustment of model parameters to align model outputs with observed data or
market prices. Calibration techniques include maximum likelihood estimation, least-squares fitting, and
Bayesian inference. A common calibration exercise is fitting the parameters of a hazard-rate model to
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observed CDS spreads by minimizing the squared error between model-derived and market-observed
spreads.

Parameter Uncertainty captures the statistical error inherent in estimated model parameters, such as PD or
LGD. Parameter uncertainty can be quantified using confidence intervals, bootstrapping, or Bayesian
posterior distributions. Ignoring parameter uncertainty can lead to underestimation of UL, as the model may
appear more precise than it truly is.

Model Validation is a systematic process that assesses the adequacy, accuracy, and robustness of a model.
Validation activities include reviewing model documentation, testing assumptions, performing sensitivity
analysis, and evaluating performance against benchmarks. In the context of credit risk, validation may
involve checking that PD estimates are monotonic with respect to borrower risk grades, and that LGD
estimates are consistent with observed recovery data.

Governance in model risk management establishes the organizational structures, policies, and procedures
that ensure models are developed, implemented, and monitored responsibly. Governance includes model
inventory, version control, independent review, and escalation mechanisms for model deficiencies. Effective
governance mitigates the risk that a flawed credit model leads to material financial loss.

Model Risk is the risk of adverse outcomes resulting from decisions based on incorrect or mis-specified
models. In credit risk, model risk can arise from data quality issues, misspecified functional forms, or failure
to capture tail events. Quantifying model risk often involves adding a model risk capital charge, which is
calibrated based on the model’s sensitivity to key assumptions.

Model Risk Capital (MRC) is an additional capital buffer that banks hold to cover potential losses due to
model error. The amount of MRC is typically determined by the supervisory authority or internal risk
appetite, and may be based on stress-testing results or expert judgment.

Data Quality is a critical input for any credit risk model. Poor data—such as missing values, outdated
financial statements, or inconsistent coding—can bias parameter estimates and degrade model
performance. Data quality controls include validation rules, reconciliation procedures, and periodic audits.

Data Governance encompasses the policies and processes that ensure data integrity, security, and
accessibility. Effective data governance provides a foundation for reliable credit risk modeling, as it defines
data ownership, lineage, and stewardship responsibilities.

Regulatory Capital is the minimum amount of capital that regulators require banks to hold to absorb losses.
It is calculated based on risk-weighted assets, which are derived from credit risk models under the IRB or
standardized approach. Understanding how regulatory capital is linked to model outputs is essential for
aligning model risk management with compliance obligations.

Capital Allocation involves distributing capital across business units or portfolios based on risk
contributions. Models that accurately estimate UL enable more efficient capital allocation, as capital can be
directed toward higher-return, appropriately priced activities.
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Risk-Adjusted Return on Capital (RAROC) is a performance metric that compares the expected return of a
business line to the risk capital it consumes. RAROC calculations incorporate EL, UL, and the cost of capital,
providing a basis for strategic decision-making.

Liquidity Risk in credit portfolios refers to the difficulty of liquidating assets or recovering exposures in a
timely manner. Liquidity considerations affect LGD estimates, as assets that are hard to sell may fetch lower
recovery values.

Macro-Economic Stress Scenario is a scenario that captures severe but plausible macro-economic shocks,
such as a deep recession, a sharp increase in unemployment, or a sovereign debt crisis. These scenarios are
used to stress PDs, LGDs, and EADs, revealing the resilience of the credit portfolio under extreme conditions.

Sector-Specific Shock targets a particular industry, such as energy, real estate, or technology. For example, a
sudden drop in oil prices can be modeled as a sector shock that raises PDs for oil-exploration companies.

Credit Risk Dashboard is a visual tool that aggregates key credit risk metrics—such as EL, UL, concentration
measures, and stress-test results—into a single interface for senior management. Dashboards facilitate
monitoring and enable rapid response to emerging risks.

Sensitivity Analysis examines how changes in model inputs affect outputs. In credit risk, sensitivity analysis
may involve varying PDs by +20 % or applying different haircut levels to collateral, then observing the
impact on capital.

Scenario-Based Sensitivity extends sensitivity analysis by applying full scenario shocks (e.g., a recession
scenario) rather than incremental parameter tweaks. This approach captures nonlinear effects and
interactions among variables.

Model Documentation provides a comprehensive description of model purpose, methodology,
assumptions, data sources, and limitations. Thorough documentation is a prerequisite for independent
review and regulatory scrutiny.

Independent Review is performed by a team that is separate from the model development function. The
review assesses model design, implementation, and performance, and issues a validation report.

Model Performance Monitoring is an ongoing activity that tracks model outputs against actual outcomes.
Monitoring may involve monthly reporting of PD calibration, LGD recovery trends, and back-test results.

Governance Framework defines roles and responsibilities for model development, validation, approval, and
usage. Typical roles include model owner, model validator, risk manager, and senior management.

Model Lifecycle encompasses the stages of model development, implementation, validation, usage,
monitoring, and retirement. Managing the lifecycle ensures that models remain fit for purpose and are
retired when superseded by better approaches.

Model Retirement occurs when a model is decommissioned due to obsolescence, regulatory changes, or
superior alternatives. A formal retirement process includes archiving documentation, notifying users, and
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updating the model inventory.

Credit Risk Analytics Platform is the technological environment that hosts data, models, and reporting tools.
Modern platforms support high-performance computing for Monte Carlo simulations, integration with data
warehouses, and visualization capabilities.

High-Performance Computing (HPC) enables the execution of computationally intensive credit risk models,
such as large-scale Monte Carlo simulations with millions of scenarios. HPC resources reduce run-time,
allowing for more frequent updates and finer granularity.

Model Risk Appetite defines the level of model risk a firm is willing to accept. It is expressed as a tolerance
range for model performance metrics, such as a maximum allowable deviation between predicted and
realized losses.

Model Risk Dashboard (distinct from the credit risk dashboard) tracks model-specific indicators, including
parameter drift, validation findings, and remediation actions.

Model Risk Policy articulates the principles and procedures governing model development, validation, and
usage. The policy outlines the escalation process for model deficiencies and the criteria for model approval.

Regulatory Stress Test is a mandated exercise, such as the European Banking Authority (EBA) stress test, that
evaluates the resilience of banks under adverse macro-economic scenarios. The results influence
supervisory assessments and capital requirements.

Counterparty Credit Risk (CCR) is the term used by the Basel Committee to describe the credit risk arising
from derivative contracts and securities financing transactions. CCR models typically calculate the Expected
Positive Exposure (EPE) and then apply the CVA formula.

Expected Positive Exposure (EPE) is the time-averaged exposure profile that a bank expects to have with a
counterparty, weighted by the probability of the exposure being positive. EPE is a key input for CVA
calculation and is derived from exposure simulations.

Potential Future Exposure (PFE) is a high-percentile (often 95% or 99 %) of the exposure distribution at a
future date. PFE is used for regulatory capital calculations under the standardized approach for CCR.

Effective Expected Exposure (EEE) is an exposure measure that incorporates netting and collateral effects,
providing a more realistic estimate of exposure than gross exposure.

Collateralized Debt Obligation (CDO) is a structured credit product that pools together various debt
instruments and reallocates cash flows to tranches with different risk profiles. Modeling CDO performance
requires assessing the correlation of defaults among underlying assets.

Tranche refers to a slice of a structured credit product that has a specific priority in the cash-flow waterfall.
Senior tranches have lower risk and lower yields, while junior tranches bear higher risk and higher yields.

Loss Distribution is the probability distribution of potential losses across a portfolio. It is derived from
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modeling PD, LGD, and EAD, and is essential for determining UL and capital.

Tail Risk focuses on the extreme left tail of the loss distribution, representing rare but severe loss events. Tail
risk is often measured using Expected Shortfall, which captures the average loss beyond a high confidence
VaR threshold.

Expected Shortfall (ES) is the average loss conditional on losses exceeding the VaR level. ES is considered a
more coherent risk measure than VaR because it accounts for the shape of the tail.

Value-at-Risk (VaR) estimates the maximum loss over a specified horizon at a given confidence level (e.g.,
99.9%). VaR is widely used for UL estimation, but it does not capture the magnitude of losses beyond the
threshold.

Risk-Weighted Asset (RWA) is the exposure amount multiplied by a risk weight, reflecting the riskiness of
the asset. Credit risk models generate risk weights based on PD, LGD, and correlation.

Risk Weight is a percentage applied to an exposure to reflect its credit risk. For example, a sovereign
exposure may have a risk weight of 0% under the standardized approach, while a corporate exposure might
have a risk weight of 100 % or more.

Capital Conservation Buffer is an additional capital requirement under Basel lll that obliges banks to hold a
buffer of 2.5% of RWAs, above the minimum capital requirement.

Counter-Cyclical Buffer is a capital buffer that varies with the macro-economic environment, increasing
during periods of excessive credit growth.

Leverage Ratio is a non-risk-based measure that compares a bank'’s Tier 1 capital to its total exposure,
including off-balance-sheet items. The leverage ratio acts as a backstop to risk-based capital requirements.

Liquidity Coverage Ratio (LCR) ensures that banks maintain sufficient high-quality liquid assets to survive a
30-day stressed liquidity scenario. Credit risk models influence the LCR by affecting the classification of
assets as high-quality liquid.

Net Stable Funding Ratio (NSFR) promotes longer-term funding stability by requiring banks to maintain a
stable funding profile over a one-year horizon.

Internal Model Approach (IMA) allows banks to use internally developed models for market risk, subject to
regulatory approval. While IMA focuses on market risk, the interaction with credit risk models—especially
for CVA and CCR—must be carefully managed.

Monte Carlo CVA computes CVA by simulating joint paths of market risk factors (e.g., interest rates) and
credit risk factors (e.g., default intensity). The simulation captures the correlation between exposure and
default, providing a more accurate CVA estimate than a static approach.

Static CVA approximates CVA using a deterministic exposure profile, often derived from a risk-neutral
valuation of the derivative. While faster to compute, static CVA may underestimate risk when exposure and
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default are correlated.

Risk Factor is a variable that drives the dynamics of credit risk, such as GDP growth, unemployment, or
sector-specific indices. Selecting appropriate risk factors and estimating their statistical properties are
critical modeling steps.

Factor Model expresses the credit quality of obligors as a function of common systematic factors plus an
idiosyncratic component. The model reduces dimensionality, enabling efficient simulation of large
portfolios.

Systematic Risk is the portion of risk that cannot be diversified away because it affects many obligors
simultaneously. Systematic risk is captured by the common factor(s) in a factor model.

Idiosyncratic Risk is the component of risk specific to an individual obligor, which can be diversified across a
large portfolio.

Mean-Reverting Process models a variable that tends to drift toward a long-run average, such as a
stochastic intensity that reverts to a baseline level. The Ornstein-Uhlenbeck process is a classic example.

Jump-Diffusion Process incorporates sudden, discrete changes (jumps) in addition to continuous diffusion.
In credit modeling, jumps can represent abrupt rating downgrades or sudden macro-economic shocks.

Stress-Testing Framework defines the methodology for constructing scenarios, applying shocks, and
aggregating results. A robust framework includes scenario selection, shock sizing, and results interpretation.

Regulatory Validation is the supervisory review of a bank’s credit risk models to ensure compliance with
regulatory standards. Validation may involve on-site inspections, model documentation review, and
independent back-testing.

Model Governance Committee oversees model risk management across the organization, approving model
inventories, setting validation standards, and reviewing remediation plans.

Remediation Plan outlines corrective actions for identified model deficiencies, including timeline,
responsible parties, and performance targets.

Model Risk Register is a centralized list of all models, their status, validation results, and risk ratings. The
register supports oversight and prioritization of remediation efforts.

Risk Rating assigns a qualitative or quantitative score to a model based on its complexity, data quality,
validation outcomes, and impact on capital.

Model Governance Policy stipulates the criteria for model approval, the frequency of validation, and the
escalation procedures for breaches.

Model Documentation Template provides a standardized structure for capturing model purpose,
methodology, data sources, assumptions, and limitations.
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Data Warehouse stores historical and current data used for model development, calibration, and validation.
Integration with the data warehouse enables consistent data access across business units.

Data Lake is a flexible storage architecture that accommodates raw, unstructured data, facilitating advanced
analytics and machine-learning pipelines.

Data Lineage tracks the origin, transformation, and destination of data elements used in a model, ensuring
traceability and auditability.

Data Reconciliation verifies that data extracted from source systems matches the data used in the model,
detecting inconsistencies that could affect results.

Data Governance Framework establishes policies for data ownership, quality standards, security, and usage.

Regulatory Reporting requires banks to submit capital adequacy, stress-test, and credit risk information to
supervisory authorities. Accurate model outputs are essential for reliable reporting.

Capital Adequacy Ratio (CAR) measures a bank’s capital relative to its RWAs, ensuring sufficient buffer to
absorb losses.

Liquidity Stress Test evaluates a bank'’s ability to meet cash-flow needs under adverse liquidity conditions,
often incorporating credit risk impacts on asset liquidation values.

Credit Risk Adjusted Return (CRAR) is a performance metric that subtracts risk-adjusted capital costs from
the portfolio’s earnings, providing a risk-aware profitability measure.

Risk Appetite Statement articulates the amount and type of risk the institution is willing to accept, guiding
strategic decisions and model usage.

Risk Appetite Framework translates the statement into quantitative limits, such as maximum PD or UL
thresholds for each business line.

Risk Appetite Monitoring tracks actual risk metrics against appetite limits, triggering alerts when breaches
occur.

Credit Risk Dashboard (re-mentioned for emphasis) offers real-time visualization of key risk indicators,
including concentration, stress-test outcomes, and model performance.

Portfolio Segmentation divides the credit portfolio into homogeneous groups (e.g., by industry, geography,
rating) to facilitate targeted modeling and risk monitoring.

Granularity Adjustment modifies risk measures to account for the degree of diversification within a
portfolio, reducing UL for highly diversified portfolios.

Concentration Risk Add-On applies a multiplier to UL when exposures are concentrated, ensuring that
diversification benefits are not overstated.
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Risk-Weighted Exposure (RWE) combines exposure amount with risk weights, forming the basis for capital
calculation.

Risk-Adjusted Pricing incorporates credit risk costs (e.g., expected loss and CVA) into loan pricing
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