Risk Managment in Financial Institutions
Lecture 1 - Introduction to Risk Management
Knight’s Distinction
Uncertainty refers to situations in which multiple possible outcomes exist, but we do not know the probabilities with which these outcomes occur.
Risk refers to situations of uncertainty in which probabilities can be assigned to the possible outcomes.
· Risk requires “uncertainty” and “exposure”
[image: A screen shot of a chart

AI-generated content may be incorrect.]“Black Swans”: unpredictable events with high potential impact -> difficult to approach with regular statistics, extreme value theory is better suited
“Grey Rhinos”: well-known events with high potential impact ▶important category in risk management ▶ regular statistics work well




The goal of risk management is to keep firms solvent. To this end, companies have capital that can cover for unexpected losses. Risk management is particularly important for financial institutions: 1. Their business model relies on taking risks. 2. Failures of financial institutions can have high costs due to contagion.
Bank’s Balance Sheet: 									Insurance Balance Sheet:
[image: A green and black text

AI-generated content may be incorrect.]     [image: A green and white box with black text

AI-generated content may be incorrect.]
A sound risk management system therefore consists of consecutive steps
1. Identify risks: spot risks
2. Measure risks: quantify potential deviations from target/expected values 
3. Control risks: take actions to bring risk exposures in line with risk appetite
4. Monitor risks: ensure that actions are effective
5. Report risks: report on spotted risks and effectiveness of actions
Financial Risks:
Market risk is the risk of loss due to unfavourable changes in market variables
Credit risk is the risk of loss due to reduced credit quality
Liquidity risk is the risk of loss from not having the necessary liquid means (see liquidity blackhole)
Underwriting risk is the risk of false underwriting parameters
Operational risk is the risk of loss from inadequate systems, human performance and external events.
See also: Business-, Strategic-, Reputational-, and Sustainability- Risks



Lecture 2 - Tools for Measuring Risks
Objective vs Subjective probability theory: we should use as much information as is available and history provides us with valuable information. But we should not limit ourselves to historical information: incorporating subjective beliefs can enable us to more accurately evaluate what could happen. Stress tests, for example, recognize the advantages of combining the objective and subjective paradigms.
[image: A mathematical equation with black text

AI-generated content may be incorrect.][image: A black letter with a white background

AI-generated content may be incorrect.]Profit & Loss is the change in value V over time:				 not scale free!
Simple return is the relative rate of change over time: 
[image: A black and white math symbol

AI-generated content may be incorrect.][image: ]m -period return (compound return): 
[image: ]In a portfolio context, we are interested in the simple portfolio return: 
[image: A black number with a pointy face

AI-generated content may be incorrect.]Logreturns: 
· it is the continuously compounded rate of return as: 
· [image: ]for short period returns: ( Taylor expansion)                                                  
· for daily data we can thus use returns and logreturns interchangeably
· have an additive relation for compound returns
· [image: A black text with white text

AI-generated content may be incorrect.]can attain all real values (simple returns are limited to -100%)
[image: A black text with white text

AI-generated content may be incorrect.]Skewness expresses tilt to left or right (0 if symmetric): 
Kurtosis expresses fatness/flatness of tails (3 for normal distribution): 
*Population Kurtosis can be retrieved as ( (Sample Excess Kurtosis x (N-2) x (N-3) / (N-1) ) -6) / (N+1) with N the number of possible events in your distribution
 [image: A white background with black text

AI-generated content may be incorrect.]           [image: A math equations on a white background
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[image: A square root of a square root of a number

AI-generated content may be incorrect.]Lecture 3 - Volatility and Comovement
[image: A black and white math symbols

AI-generated content may be incorrect.][image: A black and white symbol

AI-generated content may be incorrect.][image: A mathematical equation with numbers and symbols

AI-generated content may be incorrect.]for IID (normal) logreturns:   because of the multiperiod properties.
Historical volatility:  with 
Two simple methods to account for time-variation in volatility:
[image: A black line on a white background

AI-generated content may be incorrect.][image: A black text on a white background

AI-generated content may be incorrect.][image: A math equation with black text

AI-generated content may be incorrect.]
[image: A black and white math symbols

AI-generated content may be incorrect.]The EWMA model introduces exponentially decreasing weights:  with λ = decay [0;1]	Comment by Ben Schmiz: Sum of Alpha doesn’t have to be 1
[image: A black line on a white background

AI-generated content may be incorrect.]Formal specification of the EWMA volatility: 
[image: ]geometrically declining weights: “going back in time, the weights decline at rate λ” 
A nice characteristic of the EWMA model is that it implies a simple updating rule: 
[image: A white background with black text

AI-generated content may be incorrect.][image: ]GARCH models include a long-run variance component and decreasing weights. The specification for the GARCH(1,1) model is: 
(EWMA volatility is a special case of the GARCH(1,1) volatility)

[image: ]The historical Pearson correlation on day n, estimated at the end of day n − 1, using the m most recent observations of x and y: 
[image: ]
[image: A black and white symbol

AI-generated content may be incorrect.]EWMA covariance: 
GARCH long-run average covariance rate: 





Lecture 4 - Value-at-Risk and Expected Shortfall
[image: ]For a portfolio with initial value V0, the VaR summarizes the loss (in value or return) over a horizon T that will only be exceeded in "rare" cases (as determined by the confidence level c or significance level 1 − c)
[image: ]In value terms, 
In return terms, 
There are two approaches to calculate VaR:
1. Using the distribution of gains, VaR is the negative profit at percentile (1 − c)
2. Using the distribution of losses, VaR is the loss at percentile c
[image: A graph of profit and loss

AI-generated content may be incorrect.]		[image: A graph of loss and loss

AI-generated content may be incorrect.]
To compute changes, we need to decide on a reference point:
1. For the absolute VaR, the reference point is the initial portfolio value: it implicitly assumes zero expected P&L or return over the horizon T (cf. example above).
2. For the relative VaR, the reference point is the expected future portfolio value: it analyzes deviations from the expected P&L or return over the horizon T.
[image: A math equations on a white background

AI-generated content may be incorrect.]    [image: A math equations and formulas

AI-generated content may be incorrect.]
· Relative VaR is more conservative; it accounts for the time-value of money.
[image: A close-up of a mathematical equation

AI-generated content may be incorrect.]Historical VaR: 


[image: A math equations on a white background

AI-generated content may be incorrect.]Normal VaR: 




[image: A close-up of a text

AI-generated content may be incorrect.] [image: A math equations with black text

AI-generated content may be incorrect.]

[image: ]Expected shortfall provides such a characterization: it describes the average loss, given that VaR is exceeded (it is also called conditional VaR, conditional tail expectation, or expected tail loss).
[image: A close up of letters

AI-generated content may be incorrect.]

An acceptable risk measure is called a coherent risk measure, then it fulfils the following criteria:
· Monotonicity: If V1 ≤ V2, then Q (V1) ≥ Q(V2)  If V2 has weak stochastic dominance over V1, V2 should not be judged riskier than V1
· Translation invariance: Q(V1 + K) = Q(V1) – K  Adding an amount with a risk-free gain K reduces net capital at risk accordingly.
· Homogeneity: Q(λV1) = λ Q(V1)  “scaling up the bet, scales up the risk”
· Subadditivity: Q(V1) + Q(V2) ≥ Q(V1 + V2)  The risk of a diversified portfolio is no greater than the weighted average of the risks of the constituents (non-normal VaR violates this criteria)
[image: A mathematical symbols and equations

AI-generated content may be incorrect.]Lecture 5 - Market Risk
Bond pricing: 
YTM is the time-independent discount factor y such that: present valued of cash flows = market price
Deposits, policy holder liabilities, loans:
With the average duration of the asset side of the balance sheet DA and of the liability side DL, you can calculate the duration mismatch: 		ΔD = DA - DL 		 
If ∆D > 0:  The sensitivity to interest rate changes is then higher for the asset side
Lecture 6 – Market Value-at-Risk
Advanced historical simulation 
[image: ]Delta-normal VaR - Stocks
[image: ]Case 1: there is only systematic risk: 
[image: A black text on a white background

AI-generated content may be incorrect.]Thus for p = 1 − c, we have that: 
From which VaR can be calculated: 
[image: ]
[image: A number and a number of numbers

AI-generated content may be incorrect.]Case 2: there is systematic risk and idiosyncratic risk: 
[image: A math equations with numbers and symbols

AI-generated content may be incorrect.]Thus for p = 1 − c, we have that: 

From which VaR can be calculated: 

[image: A black text on a white background

AI-generated content may be incorrect.][image: A black letter with a white background

AI-generated content may be incorrect.]Delta-normal VaR – Bonds
[image: A black text on a white background

AI-generated content may be incorrect.]For a bond, we can use the modified duration proxy, with 
[image: A black text on a white background

AI-generated content may be incorrect.], such that 
Thus for p = 1 − c, we have that: 
[image: A black text on a white background

AI-generated content may be incorrect.]
From which VaR can be calculated: 


[image: A black text on a white background

AI-generated content may be incorrect.][image: A black line on a white background

AI-generated content may be incorrect.]Delta-normal VaR – Option
[image: A math equations and numbers

AI-generated content may be incorrect.]For an option, we can use the delta Taylor approximation: with 
Such that we can calculate VaR as: 

Lecture 7 – Credit Risk
To manage credit risk we have to model three underlying drivers:
1. Probability of default (PD):	▶ default is a discrete state that occurs with probability PD 
▶ within the "no default state" different levels of creditworthiness can arise 
2. Credit exposure (CE): amount of money that is at stake  ▶ CE is equal to the market value of the claim 
          ▶ at default, CE is called Exposure at Default (EAD) 
3. Loss given default (LGD): fraction of claim that cannot be recovered     ▶ LGD = 1-recovery rate = (1 − f)
        ▶ collateral significantly reduces LGD
Assume a credit-sensitive instrument with non-random CE and LGD, and random default probability PD. The credit loss from default of this instrument can be computed as:		  with b a Bernoulli random variable that equals 1 in case of default and 0 otherwise.
▶ The expected value of this Bernoulli variable is: 
▶ The variance of this Bernoulli variable is: 
[image: A close-up of a label

AI-generated content may be incorrect.]Altman Z-score:
1. working capital/total assets (X1)
2. retained earnings/total assets (X2) 
3. EBIT/total assets (X3)
4. market value of equity/book value total liabilities (X4) 
5. sales/total assets (X5)
 Z-score : Z = 1.2X1 + 1.4X2 + 3.3X3 + 0.6X4 + 0.999X5 
[image: A black text with a white background

AI-generated content may be incorrect.]
To show that this approach is closely linked to the idea of a credit spread as a proxy of credit risk, consider a 1-period to maturity bond, where we assume (1 + y) ≈ 1 and where λ is the average hazard rate.
Rewriting in terms of a credit spread, we obtain: 				
The credit spread is thus a measure of credit risk as it reflects PD × LGD

Ben Schmiz 2025
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Assume an initial portfolio value Vj and a future portfolio value — over the
horizon T - equal to: V; = V; (1 4+ Ry).

The portfolio P&L over the horizon T is then: AVr = (Vr — V)
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Assume an initial portfolio value Vj and a future portfolio value — over the
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The expected portfolio value over horizon T is E (V1) = Vo (1 + E (R7)).
The unexpected portfolio P&L over horizon T is then: AV]. = Vi — E (Vr)
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The Monte Carlo simulated VaR model is the most flexible of all VaR methods:
» Allows any distributional assumption and can incorporate theory & empirics.

» Using a combination of historical data, models and parametric distributions,
one simulates future portfolio values Vr (via a function f).

» VaR is then based on the best portfolio value (corresponding to the lowest
loss), such that the probability of doing worseis1 —cor Pr(V < V*) <1 —¢:
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