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Why Do Risk Models Fail Precisely When We Need Them Most?

The Measurement Paradox

Financial institutions spend billions building models to quantify
risk — Value at Risk, Expected Shortfall, stress tests, Monte Carlo
simulations. The models produce precise numbers: “Your 99%
VaR today is $47.3 million.”

What precise risk numbers deliver:

® A single figure that boards, regulators, and traders can understand
Capital allocation decisions grounded in historical data

Regulatory compliance (Basel Il requires VaR for market risk)

The confidence to take on exactly the risk you think you are taking

Reality: CRISIS

What precise risk numbers also create:
The model said “safe.”

® False certainty — the number feels more real than the uncertainty it The crisis didn't check the model.
represents

® Model risk — the map is mistaken for the territory

® Herding — everyone's model says the same thing, so everyone does the
same thing

® Catastrophic surprises — when reality departs from the model’s
assumptions

The paradox of quantitative risk management: building a model precise enough to satisfy regulators may create exactly the false confidence that blinds us

to the next crisis.



What Did Lehman Brothers' Risk Dashboard Look Like the Morning Before It Collapsed?

September 12, 2008 — The Last Normal Friday

Lehman Brothers had one of the most sophisticated risk management systems on Wall Street. Its Value at Risk model
was updated daily. Its risk committee met regularly. Its regulators had reviewed its books.

That Friday morning, the VaR dashboard showed: everything within acceptable bounds.

That Sunday evening: Lehman filed for bankruptcy. $613 billion in debt. The largest bankruptcy in US history. Global
financial markets went into freefall.

The models had not malfunctioned. They were doing exactly what they were designed to do — measuring risk under normal market
conditions, using historical data from years when the crisis had not yet happened.

This is the measurement paradox at its most brutal: the more sophisticated the risk model, the more convincingly it can tell you that
everything is fine — right up until it isn't. Precision becomes a trap when it measures the wrong thing.

The question is not whether you have a risk model. The question is whether you understand what your risk model cannot see.

Lehman'’s risk models were technically correct by their own assumptions. Those assumptions simply did not include the scenario that actually occurred — a

systemic loss of counterparty confidence.



What Is the Difference Between Risk You Can Measure and Risk That Measures You?

Dimension Measurable Risk Uncertainty Black Swan
Definition Known unknowns Unknown unknowns Extreme, inconceivable
Example Credit default rate New regulation 2008 financial crisis
Model fit High Low None by definition
Historical data Sufficient Sparse Nonexistent

VaR captures? Yes Partially No

Management Hedge, diversify Scenario plan Resilience, optionality
Nassim Taleb “Domain of statistics” “Gray zone" “Fat tail events”

Pattern to notice: VaR is designed for the leftmost column. It is applied to all three.

The further right you go, the more dangerous that mismatch becomes. Fat tails — more

frequent extreme events than the normal distribution predicts — make the mismatch

lethal in practice.

The distribution problem

® Normal distribution assumes extreme events are
vanishingly rare — a 10-sigma event “cannot
happen”

® Financial returns actually have fat tails — 10-sigma
events happen roughly once per decade

® VaR at 99% ignores the worst 1% by design — that
1% is where crises live

® Expected Shortfall improves on VaR by averaging
the tail — but still assumes a distribution

Knight's distinction (1921)
® Risk: outcomes unknown, probabilities known
® Uncertainty: outcomes AND probabilities unknown
® Most models treat uncertainty as risk — and that is
the root of the paradox

Frank Knight drew the distinction between risk and uncertainty in 1921. Most financial risk models still treat them as the same thing a century later.



How Did a Fund Run by Nobel Laureates Lose $4.6 Billion in Six Weeks?

Six weeks

1. Nobel
Strategy

2. Extreme
Leverage

3. Russia
Defaults

Convergence trades: bet
spreads return to “normal”
using decades of data

25:1 leverage — tiny spreads
magnified into large returns

August 1998: an event out-
side all historical data —
correlations snap

Everyone exits the same
trades simultaneously — the
model assumed liquidity

Federal Reserve coordinates
$3.6B rescue to prevent
systemic collapse

Long-Term Capital Management (1994-1998)

® Founded by Salomon Brothers traders and
academics including Myron Scholes and Robert
Merton — both Nobel laureates in Economics (1997)

® Strategy: exploit tiny pricing anomalies that history
said would converge

® At peak: $125 billion in assets, $1.25 trillion in
notional derivatives

® The models were right — eventually. But
“eventually” arrived after the fund was already
bankrupt

What the models missed:

® Correlation breakdown: in a crisis, all assets fall
together — diversification disappears

® Liquidity assumption: models assumed you could
always exit a position; the market disagreed

® Model crowding: other banks ran similar models,
creating a fire sale when all unwound simultaneously

LTCM'’s models were mathematically sophisticated and historically validated. They simply assumed a world that ceased to exist the moment Russia

defaulted — illustrating that models are only as good as their assumptions.



How Much Do VaR, Expected Shortfall, and Stress Tests Disagree When Markets Break?

Reading the chart

Risk Measures Diverge Most When It Matters Most ® In normal markets, VaR, ES, and stress tests give
= VaR 99% VR sees 9.5% broadly similar answers — the calm makes the gap
Stress Test sees 38%
o ES 97.5% (4 gap in the tai) look small
40%

mm Stress Test Scenario ® As conditions deteriorate, the measures begin to

diverge — stress tests see problems that VaR does
not
0% ® |n a crisis, the gap becomes a chasm: VaR says 7%,
stress tests say 21%
. ® At the tail (Black Swan), VaR reads 9.5% while
stress scenarios flag 38% — a four-fold difference

Estimated Loss (% of Portfolio)

10% 4 The implication: capital held against VaR is
catastrophically insufficient in the scenarios that actually
threaten solvency. Regulators now require all three

09% . . .

Normal Stressed Crisis Tail Event measures precisely because no single metric captures the
Market Market (Black Swan) L. .
Market Scenario full distribution.

Illustrative estimates based on industry practice. The divergence between VaR and stress tests is not a modelling error — it is by design. VaR measures the
center of the distribution; stress tests probe the tails.



What Happens When Every Bank’s Risk Model Tells It to Sell at the Same Moment?

Three failure modes of quantitative risk models
1. Model Risk

) . . L. . ket sti =
® The model’s assumptions do not match reality (wrong distribution, (market stress)

stale data, missing variables)

® The model is implemented incorrectly — spreadsheet errors, coding
bugs, wrong calibration

® The model is used outside its valid range — applying a credit model to
a liquidity crisis

2. Tail Risk and Correlation Breakdown T
s . . . . . imult |
® Diversification relies on correlations estimated in calm periods .

® |n a crisis, correlations spike toward 1.0 — everything falls together
® The portfolio that was “diversified” becomes undiversified exactly

when it matters Prices fall
Volatility rises more =

3. Procyclicality and Herding

AMPLIFICATION

® When VaR rises (volatility up), models demand reduced positions
® All banks sell simultaneously — driving prices down further — raising
VaR further
® The risk management system amplifies the crisis it was meant to
contain
The 2008 crisis demonstrated all three failure modes simultaneously: models assumed normal distributions (model risk), correlations broke down (tail risk),

and forced selling by VaR-constrained banks amplified the downturn (procyclicality).



Where Is Risk Measurement Heading When Al and Climate Change Rewrite the Historical
Record?

Three frontier ct

in risk ement The common thread
1. Al and Machine Learning in Stress Testing All three frontiers share the same paradox as classical risk

® ML models can identify non-linear relationships that parametric models miss management:

Neural networks can generate synthetic stress scenarios beyond historical data

L]

° . .
® Challenge: ML models are black boxes — regulators demand explainability We build more sophisticated models to handle
L]

Risk: overfitting to past crises, missing novel failure modes uncertam!:y L.
® The sophistication generates new forms of false
2. Climate Risk Quantification Erohnfldence | b the d N
. . . L ° e next crisis exploits exactly the dimension the
® Physical risk: asset values exposed to floods, heat, sea rise — no historical P Y
precedent at scale new model does not capture
® Transition risk: carbon pricing and regulation change the economics of entire
sectors overnight What regulation is doing:
;I;n;(e)B};gézlooramlsmatch. financial models run to 1-3 years; climate scenarios run ® Basel IV: stricter standardized floors to limit model
® Regulators (ECB, Bank of England) now require climate stress tests freedom_ i i
® FRTB: internal models must pass P&L attribution
3. Cyber Risk Quantification and ba(.:ktestlng ) .
. o ® ECB climate stress test (2022): first system-wide
® Cyber losses are fat-tailed, sparse, and correlated across institutions hysical + t it . .
® Insurance markets struggle to price systemic cyber events ( “uninsurable tail") ° P ySICé rar,ISI lon scenario e?<erC|se e
® Proposed approach: scenario-based models with expert elicitation DORA: operational and cyber risk quantification

now mandatory for EU financial institutions

The measurement paradox is not a solved problem — it re-emerges with each new risk category. Climate and cyber risk represent the next generation of
the same fundamental challenge.



What Changes When Every Systemically Important Bank Uses the Same Risk Model?

Bank A Bank B Bank C
VaR=2% VaR=2% VaR=2%

(s )

N

Bond prices crash
Volatility spikes

Identical models create identical behavior.

Identical behavior creates systemic fragility.

The

} .

VaR rises again
L ]

The

herding problem

When regulators mandate a specific risk measure
(VaR under Basel Il), every institution adopts it
Identical constraints produce identical responses to
identical signals

The financial system stops being a market (diverse
views) and becomes a herd (one view)

Herding amplifies shocks: what would be a bump
becomes a crash

regulatory response:
Basel Il introduced systemic risk surcharges for
G-SIBs

Macroprudential tools (countercyclical buffers) try
to break the amplification cycle

Stress tests use common scenarios precisely to
check systemic coherence

But common scenarios are themselves a form of
herding — the paradox persists

Regulatory standardization of risk models solves the individual institution problem but creates a systemic problem: when everyone uses the same model,

everyone fails at the same time for the same reason.



Has Regulation Kept Pace With the Risks It Cannot Fully Measure?

When you evaluate financial regulation — as an analyst, investor, or policy
professional — ask these four diagnostic questions:

1. What does this rule assume about distributions?
Basel II's VaR assumed normally distributed returns. Fat tails make that assumption
dangerous. Does the new rule acknowledge what it cannot model?

2. Does it create procyclicality?
Rules that require more capital when markets fall (or less when they rise) amplify booms
and busts. Countercyclical buffers try to break this — do they succeed in practice?

3. What is outside the perimeter?
Shadow banking, crypto, private credit — the next crisis usually migrates to wherever
regulation is lightest. What does the current framework not cover?

4. What happens when the model is wrong?
Every regulation embeds a model. What are the failure modes of the model, and how

does the rule degrade gracefully when the model breaks?

The Basel journey (in brief)

® Basel | (1988): Simple risk weights — crude but
transparent

® Basel Il (2004): Internal models allowed —
sophistication created gaming

® Basel 11l (2010): Higher capital, liquidity ratios,
leverage cap — addressed solvency

® Basel IV (2024): Output floors limit how much
internal models can reduce capital vs. standardized
— addresses model freedom

® FRTB: Fundamental Review of the Trading Book
replaces VaR with ES + scenario analysis in trading
books

The pattern: each Basel revision adds layers to address
the failure of the previous revision. The measurement
paradox is not solved — it is managed, one crisis at a
time.

Basel IV’s output floors are a direct response to the measurement paradox: if you cannot trust the model, constrain how much the model can deviate from

the simple standardized answer.



Your Challenge: Diagnose the Measurement Paradox in a Real Portfolio Decision

our Challenge

The scenario: A fund manager tells the investment committee: “Our VaR is $12 million at 99% confidence. We are
well within our risk budget. | recommend we increase leverage to improve returns.”

Apply the four diagnostic questions from the previous slide:

Question Your Assessment

1. What distribution is assumed by the VaR?

2. Does the VaR create procyclical pressure?

3. What risks are outside the VaR perimeter?

4. What breaks the $12M estimate first?

Discuss with your neighbor:

® \What additional information would you need before approving the leverage increase?
® If you were the risk officer, what single metric would you add alongside VaR?
® Where do you disagree? That disagreement reveals your implicit model of the world.

The four diagnostic questions work for any risk presentation — portfolio, bank, insurer, or regulator. Practice asking them once, and you will never take a

VaR number at face value again.



