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Certificate in Credit Risk Analytics in Python

Stress Testing And Scenario Analysis

Adverse Scenario – Related terms: Baseline scenario, stress scenario, macro‑economic shock. An adverse
scenario is a hypothetical set of future conditions that are significantly worse than the current outlook,
designed to test the resilience of a credit portfolio. It typically incorporates deteriorating macro‑economic
variables such as higher unemployment, falling asset prices, or widening credit spreads. In the Certificate in
Credit Risk Analytics in Python, students construct adverse scenarios using statistical techniques (e.G.,
Monte‑Carlo simulation) and domain knowledge to define the direction and magnitude of shocks. Example:
A bank creates an adverse scenario where GDP contracts by 4 % annually for three years, unemployment
rises to 12 %, and corporate bond spreads widen by 300 bps. Practical application: The scenario is fed into a
credit risk model (e.G., PD/LGD models) to project loan losses and evaluate capital adequacy under stress.
Challenges: Selecting realistic shock magnitudes, ensuring internal consistency across variables, and
calibrating the scenario to historical crises without over‑fitting.

Baseline Scenario – Related terms: Reference scenario, business‑as‑usual, forecast. The baseline scenario
represents the most likely future path based on current economic trends and analyst expectations. It serves
as a control against which stress test results are compared. In Python, the baseline is often generated by
projecting time series using ARIMA or exponential smoothing models, then feeding the forecasts into credit
risk models. Example: Using quarterly GDP data, a model projects a 2 % annual growth rate over the next
five years, with stable unemployment at 5 % and modest credit spread widening of 50 bps. Practical
application: The baseline loss distribution provides a benchmark for expected credit losses, informing
pricing, provisioning, and capital planning. Challenges: Maintaining forecast accuracy, incorporating policy
changes, and aligning the baseline with regulatory expectations.

Credit Conversion Factor (CCF) – Related terms: Exposure at default (EAD), off‑balance‑sheet exposure,
utilization rate. CCF is a coefficient that converts off‑balance‑sheet commitments (e.G., Credit lines,
guarantees) into an estimate of exposure at default. In stress testing, CCFs may be adjusted upward to
reflect higher utilization under adverse conditions. Python implementations typically apply CCFs as a
vectorized operation on a DataFrame of commitments. Example: A revolving credit facility with a
commitment of $10 million has a CCF of 0.75, Yielding an EAD of $7.5 Million. Under stress, the CCF is
increased to 0.90, Raising EAD to $9 million. Practical application: Adjusted EAD feeds into PD/LGD models
to compute stressed loss estimates. Challenges: Determining appropriate CCF adjustments for different
product types and ensuring consistency with regulatory guidance.

Credit Risk Model – Related terms: Probability of default (PD), loss given default (LGD), exposure at default
(EAD). A credit risk model quantifies the likelihood of borrower default and the associated loss severity. In
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the course, students learn logistic regression, decision trees, and machine‑learning ensembles (e.G.,
XGBoost) to estimate PD, as well as parametric and non‑parametric methods for LGD. Stress testing involves
re‑estimating model inputs or applying scenario‑driven adjustments. Python libraries such as scikit‑learn,
statsmodels, and pandas are used for model development, validation, and deployment. Example: A logistic
regression model predicts PD using borrower financial ratios, macro variables, and industry dummies. Under
an adverse scenario, macro variables are shocked, leading to higher predicted PDs. Practical application: The
model outputs feed into capital calculation frameworks (e.G., Basel III IRB) and portfolio monitoring
dashboards. Challenges: Model governance, data quality, over‑fitting, and capturing tail risk under extreme
scenarios.

Economic Capital (EC) – Related terms: Regulatory capital, risk‑adjusted return on capital (RAROC), capital
adequacy. Economic capital is the amount of capital a firm holds to absorb unexpected losses at a chosen
confidence level (e.G., 99.9 %). It is derived from the loss distribution generated by credit risk models, often
via Value‑at‑Risk (VaR) or Expected Shortfall (ES). In stress testing, EC is recomputed under each scenario to
assess capital sufficiency. Python implementations typically use NumPy’s random sampling and pandas for
aggregation. Example: A portfolio’s 99.9 % VaR under the baseline scenario is $50 million, while under the
adverse scenario it rises to $120 million, indicating a capital shortfall. Practical application: EC informs
strategic decisions on risk appetite, pricing, and capital allocation. Challenges: Selecting appropriate
confidence levels, modeling fat‑tails, and integrating scenario‑dependent correlations.

Exposure at Default (EAD) – Related terms: Credit conversion factor, utilization, off‑balance‑sheet exposure.
EAD measures the total exposure a lender faces at the moment of default, encompassing drawn balances
and undrawn commitments. Stress testing may increase EAD by raising utilization rates or applying higher
CCFs. In Python, EAD is often calculated as a column in a DataFrame, allowing vectorized updates across
millions of records. Example: A corporate loan portfolio with a current balance of $200 million and a total
commitment of $250 million has an EAD of $250 million under baseline utilization of 80 %. Under stress,
utilization is assumed to reach 95 %, raising EAD to $237.5 Million. Practical application: Adjusted EAD values
feed directly into loss calculations (PD × LGD × EAD). Challenges: Accurate estimation of future utilization,
especially for revolving facilities, and maintaining consistency with regulatory expectations.

Forward‑Looking Stress Test – Related terms: Macro‑economic scenario, top‑down approach, bottom‑up
approach. A forward‑looking stress test projects the impact of future macro‑economic shocks on credit risk,
as opposed to historical (back‑testing) approaches. It requires constructing plausible adverse scenarios and
mapping macro variables to borrower‑level risk factors. In Python, scenario generation may involve
stochastic differential equations or copula models, while mapping uses regression or machine‑learning
techniques. Example: A regulator requires banks to model a 3‑year recession with a 5 % drop in housing
prices and a 200 bps rise in sovereign spreads. Practical application: Results guide capital planning, risk
appetite setting, and stress‑test disclosures. Challenges: Scenario plausibility, data sufficiency for mapping
macro shocks to micro‑level risk, and computational intensity for large portfolios.
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Granular Stress Test – Related terms: Portfolio‑level stress test, borrower‑level analysis, segmentation.
Granular stress testing examines the effect of stress scenarios on individual exposures or small segments,
allowing identification of concentration risk. Python enables efficient processing using groupby operations
and vectorized calculations. Example: A bank isolates its exposure to the airline industry and applies a
scenario where passenger traffic falls by 30 % and fuel prices rise by 25 %. Practical application: The test
reveals specific vulnerabilities, informing targeted risk mitigation (e.G., Hedging, limit adjustments).
Challenges: Data granularity, processing time for millions of records, and maintaining model consistency
across segments.

Loss Distribution – Related terms: Probability distribution, Monte Carlo simulation, Value‑at‑Risk (VaR). The
loss distribution represents the range and probability of possible credit losses over a given horizon. It is
derived by aggregating stochastic PD, LGD, and EAD outcomes across the portfolio. In stress testing,
separate loss distributions are generated for each scenario. Python’s NumPy and pandas libraries support
simulation of millions of loss paths and statistical summarization. Example: A Monte Carlo simulation of
10,000 loss paths yields a 99 % VaR of $30 million under the baseline, and $85 million under the adverse
scenario. Practical application: The distribution informs capital buffers, risk‑adjusted performance metrics,
and regulatory reporting. Challenges: Capturing tail dependence, ensuring convergence of simulations, and
handling extreme outliers.

Macroeconomic Scenario – Related terms: Stress scenario, stochastic model, economic forecast. A
macroeconomic scenario defines the evolution of key economic indicators (GDP, unemployment, interest
rates, exchange rates) over a specified horizon. Scenarios can be deterministic (e.G., A single adverse path)
or stochastic (multiple paths generated from a joint distribution). In the course, students learn to calibrate
VAR or copula models to historical data and then generate stressed paths. Example: An adverse scenario
assumes a 3 % annual decline in GDP, a rise in unemployment from 5 % to 11 %, and a 250 bps increase in
policy rates over two years. Practical application: The scenario feeds into PD models, LGD adjustments, and
exposure forecasts. Challenges: Ensuring scenario plausibility, aligning with regulator expectations, and
preserving inter‑variable correlations.

Monte Carlo Simulation – Related terms: Stochastic simulation, random sampling, scenario analysis.
Monte Carlo simulation is a computational technique that uses random sampling to approximate the
distribution of outcomes. In credit risk stress testing, it is employed to generate many realizations of PD,
LGD, and EAD under different macro‑economic shocks. Python’s NumPy random module and vectorized
operations enable efficient simulation of millions of scenarios. Example: Simulating 20,000 paths of GDP
growth and unemployment, then mapping each path to borrower‑level PD adjustments to produce a loss
distribution. Practical application: Provides a detailed view of tail risk, supporting VaR and Expected Shortfall
calculations. Challenges: Computational load, convergence diagnostics, and selecting appropriate random
number generators.

Operational Risk Integration – Related terms: Enterprise risk management, capital allocation, stress testing
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framework. Operational risk integration refers to the inclusion of operational loss events in the overall stress
testing exercise. While the focus of credit risk stress testing is on borrower defaults, operational events (e.G.,
Fraud, system failures) can exacerbate losses. In Python, operational loss data can be merged with credit
loss forecasts using pandas joins. Example: Adding a $5 million operational loss estimate to the credit loss
under an adverse scenario, resulting in a combined loss of $90 million. Practical application: Provides a
holistic view of total risk exposure, supporting enterprise‑wide capital planning. Challenges: Data scarcity,
correlation modeling between operational and credit events, and regulatory alignment.

Probability of Default (PD) – Related terms: Logistic regression, hazard rate, default frequency. PD quantifies
the likelihood that a borrower will default within a given time horizon. It is a core input to credit risk models
and stress testing. In the Certificate, students estimate PD using statistical models (logistic regression,
random forest) and advanced techniques (survival analysis). Under stress, PDs are adjusted upward based
on macro‑economic shocks or scenario‑specific coefficients. Example: A borrower’s baseline PD is 1.2 %
Annually; an adverse scenario with a GDP contraction of 4 % raises the PD to 3.5 %. Practical application: PD
feeds directly into loss calculations and capital requirement estimates. Challenges: Model calibration,
handling rare default events, and ensuring PDs remain monotonic across scenarios.

Quantile‑Based Stress Test – Related terms: Value‑at‑Risk, percentile, risk measure. A quantile‑based stress
test evaluates portfolio performance at a specific percentile of the loss distribution, such as the 99.9 % VaR.
It provides a concise metric for regulatory reporting. Python can compute quantiles using NumPy’s
percentile function on simulated loss arrays. Example: The 99.9 % VaR under the baseline scenario is
$45 million, while under the stressed scenario it is $110 million. Practical application: Supports capital
adequacy assessment, risk‑adjusted pricing, and stakeholder communication. Challenges: Sensitivity to
simulation size, tail‑risk estimation, and potential misinterpretation of single‑point metrics.

Regulatory Stress Test – Related terms: Supervisory scenario, compliance, public disclosure. Regulatory stress
tests are mandated exercises conducted by supervisory authorities (e.G., ECB, OCC) to assess the resilience
of financial institutions. They require banks to apply prescribed adverse scenarios and report outcomes. In
the course, students replicate regulatory tests using Python, incorporating prescribed macro shocks and
scenario parameters. Example: The European Banking Authority’s “baseline” and “adverse” scenarios for
2025 are applied to a bank’s loan book, producing stressed loss estimates for reporting. Practical
application: Results are used for supervisory review, capital planning, and public disclosures. Challenges:
Aligning internal models with regulator specifications, data harmonization, and meeting tight reporting
deadlines.

Scenario Generation – Related terms: Stochastic process, factor model, copula. Scenario generation is the
process of creating plausible future paths for macro‑economic variables. Methods include time‑series
models (ARIMA, VAR), factor models, and copula‑based dependence structures. Python libraries such as
statsmodels and arch facilitate estimation of these models, while custom code can simulate joint
trajectories. Example: A VAR(1) model estimated on GDP, unemployment, and interest rates is used to
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generate 1,000 joint scenarios over a 5‑year horizon. Practical application: The generated scenarios become
inputs for PD and LGD adjustments in stress testing. Challenges: Ensuring statistical stability, preserving
realistic correlation structures, and avoiding over‑parameterization.

Stress Factor – Related terms: Shock magnitude, sensitivity factor, scenario coefficient. A stress factor is a
multiplier applied to a macro‑economic variable to represent the intensity of a shock (e.G., A 1.5× Increase
in unemployment). It is used to translate scenario specifications into model inputs. In Python, stress factors
are often stored in dictionaries and applied via vectorized arithmetic. Example: An unemployment stress
factor of 1.8 Raises the baseline unemployment rate from 5 % to 9 % in the adverse scenario. Practical
application: Enables systematic and repeatable application of shocks across the portfolio. Challenges:
Determining appropriate factor levels, maintaining consistency across variables, and avoiding unrealistic
combinations.

Stress Testing Framework – Related terms: Governance, methodology, reporting. A stress testing framework
defines the policies, procedures, and technical architecture for conducting stress tests. It includes scenario
design, model selection, data management, validation, and result communication. In the course, students
build a modular framework using Python functions and classes, allowing reuse of scenario generators,
model calibrators, and reporting utilities. Example: The framework includes modules for macro‑scenario
generation, PD adjustment, loss aggregation, and visualization of stress‑test outcomes. Practical application:
Provides a structured approach that meets internal governance and external regulatory requirements.
Challenges: Ensuring flexibility for new scenarios, integrating with legacy systems, and maintaining
documentation.

Tail Risk – Related terms: Extreme loss, fat‑tail distribution, Expected Shortfall. Tail risk refers to the
probability and magnitude of losses that lie far beyond the average outcome, often in the extreme right tail
of the loss distribution. Stress testing explicitly targets tail risk by modeling adverse scenarios. Python’s
ability to simulate large numbers of paths helps capture tail events, while statistical techniques such as
Generalized Pareto Distribution (GPD) fitting can be applied to the simulated tail. Example: The 99.99 %
Expected Shortfall under the adverse scenario is $150 million, indicating severe tail exposure. Practical
application: Informs risk‑adjusted capital allocation, risk limits, and hedging strategies. Challenges: Data
scarcity in the tail, model instability, and computational intensity.

Time‑Series Forecasting – Related terms: ARIMA, exponential smoothing, trend analysis. Time‑series
forecasting predicts future values of economic indicators based on historical patterns. Accurate forecasts
are essential for baseline scenario construction. In Python, the statsmodels library provides implementations
of ARIMA, SARIMA, and state‑space models. Example: An ARIMA(2,1,1) model forecasts quarterly GDP
growth for the next eight quarters, producing a baseline trajectory for stress‑test comparison. Practical
application: Supplies the deterministic component of macro scenarios before applying stress factors.
Challenges: Model selection, handling structural breaks, and incorporating exogenous variables.
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Unexpected Loss (UL) – Related terms: Expected loss, capital buffer, risk‑adjusted return. Unexpected loss is
the portion of loss that exceeds the expected (average) loss, representing the risk that capital must absorb.
It is derived from the loss distribution’s variance or tail metrics. In stress testing, UL is recalculated under
each scenario to assess capital adequacy. Example: Expected loss is $20 million; under the adverse scenario,
the 99.9 % VaR is $130 million, yielding an UL of $110 million. Practical application: Drives capital allocation
decisions and informs risk‑adjusted pricing. Challenges: Separating expected from unexpected components
under non‑linear models, and communicating UL to senior management.

Value‑at‑Risk (VaR) – Related terms: Quantile, risk measure, confidence level. VaR is a statistical measure that
estimates the maximum loss over a given horizon at a specified confidence level. It is a cornerstone metric
in stress testing. Python computes VaR by sorting simulated loss outcomes and selecting the appropriate
percentile. Example: The 99 % VaR of a loan portfolio under the baseline scenario is $40 million, while under
the stressed scenario it rises to $95 million. Practical application: Used for regulatory reporting, internal risk
limits, and capital planning. Challenges: Lack of sub‑additivity, sensitivity to input assumptions, and difficulty
capturing extreme tail behavior.

Variable‑Factor Stress Test – Related terms: Sensitivity analysis, factor shock, what‑if scenario. A
variable‑factor stress test isolates the impact of a single macro variable by shocking it while keeping other
variables at baseline levels. This helps quantify the sensitivity of the portfolio to each factor. In Python, this
is implemented by iterating over a list of factors and re‑running the loss simulation for each. Example:
Holding GDP and interest rates constant, unemployment is increased by 200 bps, resulting in a loss increase
of $12 million. Practical application: Supports risk‑manager communication, factor‑level hedging decisions,
and model validation. Challenges: Inter‑dependency of factors, potential double‑counting of effects, and
computational overhead for many factors.

Weighted‑Average Credit Risk (WACR) – Related terms: Portfolio weighting, risk‑adjusted return, exposure
weighting. WACR aggregates individual credit risk metrics (e.G., PD, LGD) weighted by exposure size,
providing a single portfolio‑level indicator. In stress testing, WACR is recomputed under each scenario to
monitor changes in risk composition. Python’s pandas groupby and apply functions enable efficient
calculation across large datasets. Example: Baseline WACR is 2.3 %; Under the adverse scenario, WACR rises
to 5.8 % Due to higher PDs and LGDs. Practical application: Offers a concise summary for senior
management and board reporting. Challenges: Maintaining data integrity, handling missing exposures, and
interpreting changes when portfolio composition shifts.

Yield Curve Shock – Related terms: Interest‑rate stress, term structure, spread widening. A yield curve shock
applies a systematic shift to interest rates across maturities, affecting loan pricing, discount rates, and
default probabilities. In stress testing, yield curve shocks are modeled using parallel shifts, twists, or
steepening/flattening scenarios. Python can generate shifted curves using NumPy arrays and interpolate
rates for each maturity. Example: A parallel upward shift of 150 bps raises 10‑year Treasury yields from 2.0 %
To 3.5 %, Increasing loan discount rates and reducing present value of cash flows. Practical application:
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Impacts PD models that incorporate interest‑rate sensitivity and influences LGD through collateral valuation.
Challenges: Capturing non‑linear effects, ensuring consistency with macro‑scenario assumptions, and
updating models for new curve shapes.

Zero‑Default Portfolio – Related terms: Low‑risk segment, default‑free assumption, stress‑test benchmark. A
zero‑default portfolio is a hypothetical collection of exposures where the model predicts no defaults under
baseline conditions. Stress testing this portfolio highlights the effect of adverse shocks on otherwise stable
assets. In Python, such a portfolio can be constructed by filtering for PD Example: Under the baseline
scenario, the portfolio shows zero loss; under an adverse scenario, the shock raises PD to 0.5 %, Resulting in
a modest loss of $2 million. Practical application: Demonstrates the incremental risk contributed by stress
scenarios and validates model sensitivity. Challenges: Ensuring the portfolio truly reflects low‑risk
characteristics, and avoiding over‑optimistic assumptions about zero defaults.

Zero‑Inflated Model – Related terms: Count data, over‑dispersion, hurdle model. Zero‑inflated models are
used when a dataset contains an excess of zero outcomes (e.G., Default events). They combine a binary
component (zero vs. Non‑zero) with a count component (e.G., Poisson). In credit risk, a zero‑inflated logistic
model can improve PD estimation for highly credit‑worthy borrowers. Stress testing may adjust both
components to reflect heightened default risk. Example: A zero‑inflated logistic model predicts a 0.05 % PD
for top‑tier corporates under baseline; after applying a stress factor, the binary component’s probability
rises to 0.2 %, Increasing overall PD. Practical application: Enhances model accuracy for low‑default
segments and provides more realistic stress‑test outcomes. Challenges: Model complexity, parameter
identification, and convergence issues during estimation.

Zero‑Mean Gaussian Shock – Related terms: Normal distribution, random perturbation, stochastic process.
A zero‑mean Gaussian shock adds a random draw from a normal distribution with mean zero to a variable,
preserving its expected value while introducing variability. In scenario generation, such shocks are applied
to residuals of time‑series models to simulate realistic fluctuations. Python’s NumPy random.Normal
function is commonly used. Example: Adding a zero‑mean Gaussian shock with σ = 0.5 % To quarterly GDP
forecasts creates a range of plausible paths around the deterministic trend. Practical application: Provides
stochasticity in macro‑scenario simulations, enriching the distribution of outcomes for stress testing.
Challenges: Selecting appropriate variance, ensuring shocks do not violate economic constraints, and
handling correlation across variables.

Zero‑Variance Portfolio – Related terms: Risk‑neutral hedging, variance minimization, mean‑variance
optimization. A zero‑variance portfolio is a theoretical construct where the variance of returns is eliminated
through perfect hedging. While unattainable in practice, the concept aids in understanding the limits of risk
mitigation. In stress testing, comparing portfolio variance before and after hedging illustrates the
effectiveness of risk transfer instruments. Python’s cvxpy library can solve the optimization problem to
approximate a minimum‑variance portfolio. Example: By taking offsetting positions in credit default swaps,
the portfolio’s variance under the adverse scenario drops from 12 % to 4 %. Practical application: Guides
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strategic hedging decisions and capital efficiency assessments. Challenges: Market liquidity, model risk in
hedging instruments, and cost of implementing near‑zero variance strategies.

Zero‑Weighted Exposure – Related terms: Inactive loan, dormant account, exposure exclusion.
Zero‑weighted exposure refers to an exposure that receives a weight of zero in portfolio‑level calculations,
effectively excluding it from risk metrics. This may occur for exposures under review, fully collateralized, or
earmarked for sale. In Python, a boolean mask can set the weight to zero during aggregation. Example: A
loan under restructuring is assigned a zero weight, so its PD and LGD do not influence the portfolio’s WACR.
Practical application: Allows analysts to isolate the impact of active exposures and perform “what‑if”
analyses without permanently removing data. Challenges: Maintaining accurate status updates, preventing
accidental omission from risk reports, and ensuring regulatory compliance.

Zero‑Yield Curve – Related terms: Flat curve, risk‑free rate, discount factor. A zero‑yield curve assumes a flat
interest‑rate environment where all maturities have the same rate, often used as a simplifying benchmark. In
stress testing, a zero‑yield curve can serve as a control to isolate the effect of other macro shocks. Python
can generate a constant array of rates to represent the zero curve. Example: Using a 1 % flat rate, the
present value of a 5‑year loan cash flow is calculated, providing a baseline for comparison with stressed
discount rates. Practical application: Simplifies sensitivity analysis and aids in teaching fundamental
concepts before introducing more complex curve dynamics. Challenges: Lack of realism, ignoring
term‑structure effects, and potential misinterpretation when communicating results.

Zero‑Lag Correlation – Related terms: Contemporaneous correlation, simultaneous shock, covariance matrix.
Zero‑lag correlation measures the relationship between variables at the same point in time, as opposed to
lagged relationships. In stress testing, zero‑lag correlations are used to construct the joint distribution of
macro variables for scenario generation. Python’s pandas .Corr() function computes these correlations from
historical data. Example: The zero‑lag correlation between unemployment and sovereign spreads is 0.65,
Indicating a strong contemporaneous link that must be preserved in joint scenarios. Practical application:
Ensures that simulated macro shocks maintain realistic co‑movement, preserving the integrity of stress‑test
outcomes. Challenges: Estimation error in small samples, structural breaks, and the need to reconcile with
forward‑looking expectations.

Zero‑Sum Game – Related terms: Hedging, risk transfer, payoff neutrality. A zero‑sum game describes a
situation where gains and losses across participants net to zero; one party’s gain is exactly another’s loss. In
credit risk, hedging via credit default swaps creates a zero‑sum relationship between the protection buyer
and seller. Stress testing can evaluate how such hedges perform under adverse scenarios. Python can
simulate both sides of the trade to verify payoff neutrality. Example: A bank buys protection on a $10 million
loan; under default, the payoff from the CDS offsets the loan loss, resulting in a net zero loss (ignoring
premium costs). Practical application: Assists in designing cost‑effective hedging strategies and
understanding the distribution of risk after risk transfer. Challenges: Basis risk, counter‑party credit risk, and
the impact of premiums on net outcomes.
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Zero‑Variance Monte Carlo – Related terms: Variance reduction, control variate, antithetic sampling.
Zero‑variance Monte Carlo is a theoretical technique where the estimator’s variance is eliminated by using
an optimal control variate that perfectly predicts the outcome. While unattainable, practical
variance‑reduction methods (e.G., Antithetic sampling) approximate this ideal, improving simulation
efficiency for stress testing. Python’s NumPy can generate antithetic pairs by reflecting random draws.
Example: Using antithetic sampling reduces the standard error of the 99.9 % VaR estimate from 2.3 % To
1.1 % With the same number of simulations. Practical application: Enables more precise tail‑risk estimates
without exponentially increasing computational resources. Challenges: Identifying effective control variates,
implementation complexity, and ensuring unbiasedness.

Zero‑Inflated Poisson (ZIP) Model – Related terms: Count data, excess zeros, over‑dispersion. A ZIP model
combines a Poisson count process with a separate probability of an excess zero, suitable for modeling rare
default events where many borrowers have zero defaults. In credit risk, it can improve PD estimation for
low‑risk segments. Stress testing may adjust the zero‑inflation probability to reflect heightened systemic
risk. Example: Under baseline, the ZIP model predicts a 0.02 % Default probability for prime mortgages; after
applying a stress factor, the zero‑inflation probability drops, raising the default probability to 0.08 %.
Practical application: Provides a more nuanced baseline PD distribution, leading to realistic stress‑test loss
projections. Challenges: Parameter identification, convergence of maximum‑likelihood estimation, and
interpretation of the zero‑inflation component.

Zero‑Mean Return – Related terms: Risk‑neutral valuation, expected return, driftless process. A zero‑mean
return assumes that the expected return of an asset over the risk‑free rate is zero, often used in risk‑neutral
pricing. In stress testing, assuming zero‑mean returns for certain market variables simplifies the analysis of
shock impacts. Python can simulate such returns using a normal distribution with μ = 0. Example: Simulating
a zero‑mean return for a foreign‑exchange rate over a 12‑month horizon yields a distribution centered at
the current spot rate. Practical application: Isolates the effect of volatility and shock magnitude from
directional drift, aiding sensitivity analysis. Challenges: Ignoring real‑world risk premia, potential
misalignment with observed market behavior, and the need to re‑introduce drift for pricing purposes.

Zero‑Cost Hedge – Related terms: Delta‑neutral, dynamic hedging, funding. A zero‑cost hedge is a hedging
strategy that requires no upfront capital outlay, typically achieved by balancing long and short positions. In
credit risk, a zero‑cost hedge might involve using credit derivatives whose premiums offset the cost of
buying protection. Python can model the cash flows of both legs to verify the net zero cost. Example: A
bank structures a synthetic loan using a combination of CDS and bond positions such that the premium
received from selling protection equals the premium paid for buying protection, resulting in a net zero cost.
Practical application: Allows firms to transfer credit risk without affecting liquidity. Challenges: Maintaining
hedge effectiveness over time, accounting for basis risk, and regulatory treatment of synthetic positions.

Zero‑Risk Portfolio – Related terms: Risk‑free asset, guaranteed return, capital preservation. A zero‑risk
portfolio consists solely of risk‑free assets (e.G., Government Treasury bills) and thus has no credit or market
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risk. In stress testing, it serves as a benchmark to contrast the performance of risk‑bearing portfolios.
Python can construct such a portfolio by allocating 100 % to a risk‑free rate series. Example: The portfolio’s
value grows at the prevailing 1.5 % Risk‑free rate, while the loan portfolio experiences a loss of $20 million
under the adverse scenario. Practical application: Highlights the cost of risk by quantifying the opportunity
cost of holding risky assets versus risk‑free assets. Challenges: Ignoring inflation risk, opportunity cost of
capital, and the unrealistic nature of an entirely risk‑free position for most institutions.

Zero‑Correlation Assumption – Related terms: Independence, factor model, simplification. Assuming zero
correlation between variables simplifies modeling but may misrepresent real‑world dependencies. In stress
testing, a zero‑correlation assumption can underestimate joint tail events. Python can enforce zero
correlation by generating independent random draws for each variable. Example: Generating independent
shocks for GDP and unemployment leads to scenarios where both variables simultaneously improve, an
unlikely event in practice. Practical application: Useful for pedagogical examples or preliminary sensitivity
checks. Challenges: Loss of realism, underestimation of systemic risk, and potential regulatory criticism.

Zero‑Liquidity Scenario – Related terms: Market freeze, funding stress, liquidity crunch. A zero‑liquidity
scenario models a situation where market participants cannot sell assets without severe price impact,
effectively freezing liquidity. Stress testing may incorporate this by applying large bid‑ask spreads or
discounting asset values. Python can simulate liquidity constraints by reducing the price of collateral assets
by a fixed percentage. Example: Under a zero‑liquidity scenario, the market value of real‑estate collateral
drops by 40 %, increasing LGD for mortgage loans. Practical application: Captures the interaction between
credit risk and market liquidity risk, informing capital buffers. Challenges: Quantifying liquidity discounts,
modeling dynamic recovery processes, and calibrating to historical liquidity events.

Zero‑Default Probability – Related terms: Near‑zero PD, high‑grade credit, risk classification. A zero‑default
probability denotes a PD that is effectively zero for practical purposes, typically assigned to sovereign or
sovereign‑guaranteed exposures. In stress testing, such PDs may be increased to a minimum floor (e.G.,
0.01 %) To reflect residual risk. Python can enforce a floor using the max function. Example: A sovereign
bond with a baseline PD of 0 % is assigned a stressed PD floor of 0.01 %, Resulting in a small but non‑zero
loss expectation. Practical application: Ensures that even the safest exposures contribute to capital
calculations under stress. Challenges: Determining appropriate floors, avoiding arbitrary adjustments, and
maintaining consistency across rating agencies.

Zero‑Mean Stationary Process – Related terms: Time‑series stationarity, white noise, stochastic process. A
zero‑mean stationary process has constant statistical properties over time and a mean of zero. It is often
used to model residuals in macro‑scenario generation. In Python, residuals from a fitted ARIMA model can
be examined for zero‑mean stationarity using statistical tests (e.G., Augmented Dickey‑Fuller). Example:
After fitting a VAR model to macro variables, the residuals exhibit zero mean and constant variance,
satisfying stationarity requirements. Practical application: Guarantees that simulated shocks do not
introduce drift, preserving the integrity of scenario forecasts. Challenges: Detecting non‑stationarity,

Read online: https://shortcourses.lsibonline.com/glossaries/4891146/
stress-testing-and-scenario-analysis

London School of International Business · 25 Jun 2026



G LO S S A RY

handling structural breaks, and ensuring adequate sample size for reliable testing.

Zero‑Cost of Capital – Related terms: Risk‑free rate, cost of equity, weighted‑average cost of capital (WACC).
Zero‑cost of capital assumes that the cost of financing is negligible, often used as an analytical
simplification. In stress testing, this assumption can be applied to evaluate the pure impact of credit losses
without financing effects. Python can set the discount rate to zero when calculating present values. Example:
Present value of future cash flows is computed without discounting, highlighting the absolute magnitude of
losses under stress. Practical application: Isolates credit‑risk effects from financing considerations, aiding in
pure risk assessment. Challenges: Unrealistic for most institutions, ignoring time value of money, and
potentially misleading when communicating results.
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