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WHAT IS GEOPOLITICAL RISK?

• Is it about politics or economics?

• Is it about terrorism, military risks, cyber risks or about elections, congressional actions 
and political movements?

• Is it about the level of risk or the surprise?

• Is it best measured in news or in financial markets?

• Rutherford D. Roger:  “We are drowning in information and starving for 
knowledge.”

• Hastie, Tibshirani and Friedman “the statistician’s job is to make sense of it 
all - to extract important patterns and trends, and understand what the 
data says.  We call this ‘learning from the data.’
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STYLIZED FACT:

• Volatilities of most asset classes, sectors, countries, and even 
individual securities, tend to move together.

• A common view is that this is because they are all exposed to the 
same financial risk factors.  

• Recent work by Herskovic, Kelly, Lustig, Von Nieuwerberg(2016) 
shows that this is also true after factors have been extracted.  This 
follows a big literature on idiosyncratic volatility including Connor, 
Korajczyk and Linton(2006),  Ang, Hodrick, Xing, Zhang(2006) and 
many others.



STYLIZED FACTS ABOUT VOLATILITY

• Although asset returns  are difficult to forecast, volatilities are quite 
predictable
• ARCH and GARCH style models show that shocks to volatility are persistent 

with long half lives.

• The shocks to volatility can be extracted from volatility estimators.

• Because volatilities of many assets, asset classes, sectors and 
countries are correlated.
• the shocks to volatilities must be correlated across assets

• This is a new and testable observation



INTRODUCING  - GEOVOL

• GEOVOL is a volatility factor that influences all financial assets, asset 
classes, and markets at the same time.

• When GEOVOL has a high value, it means that all asset returns are 
more volatile. 

• Sometimes GEOVOL is due to political or military or terrorist activities 
and sometimes it is simply very impactful economic news.  We think 
of it as geopolitical volatility.



MEASURING SHOCKS TO VOLATILITY

• From a volatility model, we can forecast the future variance.  When returns 
around the mean are greater than this, we call it a volatility shock and 
measure it as a fraction of the predicted variance.

• For return r on day t, let h be the predicted variance of return, and m the 
predicted mean, then the variance shock is defined as:

• The variance shock should have a constant mean of 1 and be serially 
uncorrelated.   As they are unpredictable we call them innovations or 
shocks.

• In this notation, m is the mean that is predicted from the past and also 
from any common risk factors such as the market, Fama French Factors or 
Principle Components.
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• For a set of n assets and k risk factors:

• The standard data generating equation is 

Where h and e are nx1 vectors. The vector et satisfies:

• Furthermore, without loss of generality factors can be rotated to be orthogonal and will 
have residuals that satisfy:

• Hence 

STANDARD STATISTICAL MODEL
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CROSS SECTIONAL CORRELATION

• By construction and definition of the set of risk factors, e should be serially 
and cross sectionally uncorrelated.

• Typically e2 is also uncorrelated over time, but it is correlated across assets.  
Thus there is a common volatility shock which motivates our definition of 
GEOVOL.

• We can compute correlations between the volatility shocks of asset i and 
asset j using the standard formula for correlation:

• In this formula we use kappa because this is the kurtosis-1 of e. 

( )( )

( )

2 2

, , ,

1

2
2

1

1
1 1 /

1
1

T

i j i t j t i j

t

T

t

t

e e
T

e
T

  



=

=

= − −

= −







TESTING THAT VOLATILITY SHOCKS ARE 
INDEPENDENT
• If there is no cross sectional correlation in volatility shocks, then there 

is no evidence for GEOVOL.

• We can apply standard tests that average correlations between a 
collection of returns are zero.  If we reject this hypothesis, then there 
is some type of GEOVOL.

• We generally find that these correlations are almost all positive and 
very significant.  

• However they are not equal.  Thus there are differences in the 
exposure of different assets to the GEOVOL.  



DEFINITION OF GEOVOL

• Let x be a latent variance with a conditional mean of 1. GEOVOL is its 
square root and is therefore a volatility.        

• The information set in this notation is the past observations of {r}.  
Consequently, it is not possible to forecast x based on observed data 
although its variance can be forecast.

• However the main results hold under a weaker formulation: 

• Now it is not possible to forecast x with any one asset history but perhaps 
it can be forecast with multivariate methods. 
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Factor Model for GEOVOL

• Now let asset j have a factor loading of sj. 

• Then, for a given value of x, the variance of e is modeled as

• This expression means that the unconditional variance, (when x is 
equal to its mean) is 1.  Assuming s to be between zero and 1, the 
variance will always be non-negative, and the larger s, the more 
sensitive the asset variance is to GEOVOL.

• And  as required
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INTERPRETATION OF X

• All elements of e have variance one.

• But on some days the squared return is bigger than one and some 
days it is smaller.

• When  x is large, all returns are likely to be bigger than usual and 
when it is small, they are likely to be smaller than usual.

• When x is 4, and s=1,  the standard deviation of returns is 2. 

• When x is 4 but s=.1, the standard deviation of returns is 1.14



ECONOMETRICS OF GEOVOL



GEOVOL

• Suppose asset j has variance shock gj,t and

• And let the data generating process be:

• The data are e, and the unobservables are parameters s and latent x
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WHAT IS THE COVARIANCE MATRIX OF e2 ?

• The Variance of each element is

• And the covariance of each pair is

• The matrix is equicorrelated if all s are the same.

• The average covariance matrix can be written as a factor matrix 
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LIKELIHOOD FUNCTION

• Let s be an nx1 vector of parameters and x be a Tx1 vector of random 
variables and                            .  Then assuming

• the data augmented log likelihood is 

• The first order conditions are the partial derivatives with respect to s and x.  
Since each partial depends upon the other estimates, a joint maximum can 
be achieved if these are iterated to convergence.  Interpretation as EM.

•

• These conditions define time series and cross sectional heteroskedastic 
regressions.

• For a discussion of data augmentation and EM models see Hastie, Tibshirani and Friedman(2009). 
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ESTIMATING S AND X

• An estimate of s is given by the factor loadings of the first principle 
component of e2.  Works best with rank correlation matrix since data non-
Gaussian. 

• With an estimate of s we can estimate x with a cross sectional estimate for 
each time period using the relation:

• Then from these estimates of x, a new estimate of s can be found from 
time series of the relation:

• Iterate to convergence  (like Fama MacBeth)
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NORMALIZATION

• Clearly the covariances that identify the matrix of squared returns will 
be unchanged if each s is multiplied by lambda and the variance of x 
is divided by lambda squared.

• x is non-negative with mean 1 and variance v

• s  is between zero and one and normalized so the sum of squares is 1

• These normalizations are imposed in each estimation step. 

• With these normalizations, the larger is n, the smaller must s be.



TWO MONTE CARLOS AND TWO APPLICATIONS

• Size and power of the test for a global volatility factor

• Performance of the estimator with a geopolitical volatility factor

• US Sector ETFs with n=9 and T=5177 (not fully presented to avoid fatigue)

• 12/23/1998 to 10/25/2018

• World country MSCI  ETFs with n=45 and T= 5241  

• 1/1/1999 to 2/1/2019  .



SIZE AND POWER OF THE GVF TEST



ACCURACY MEASURE:  R2

• After iteration, there are estimates of s and x.

• MSE(x) is the mean squared error of x.  It is calculated by averaging 
the squares of all the elements of x.

• These R2 indicate the improvement over using the unconditional 
values.  
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PERFORMANCE

• S are drawn from uniform and normalized to s’s=1. These s are reused for all simulations.

• X are drawn from exp(IN(0,u)) normalized to have mean 1.

• Epsilon are standard normal.  Estimates are iterated to convergence.



ACWI DATASET



AUSTRIA:  RETURNS, VOL, STD RES
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STEP 1

• Estimate factor model with GARCH errors for each asset

• Factors are ACWI and first PC.

• Test whether the average correlation is equal to zero:  

• Accept null of zero correlation.
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STEP 2

• Compute standardized residuals and square them
• Test whether average correlation of e squared is zero:

• Test statistic is N(0,1) under Ho

• The result is 120 for MSCI ETF data   

• Easily reject the null of no GEOVOL

• Compute principle components of squared covariance matrix

• Factor loadings are the initial estimate of s  
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CORRELATIONS OF e2



STEP 3:   ITERATION

• Estimate xt using cross sectional heteroskedasticity regression  (x>0)

• Then estimate s using time series heteroskedasticity regressions (0<s<1)

• Normalize after each step.  Mean of x is 1, and s’s=1

• Iterate to convergence.
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RESULTS FROM NEW VERSION NOW ON V-LAB 

• VLAB.STERN.NYU.EDU  go to GEOPOLITICAL RISK ANALYSIS

• Data set is 47 US traded International ETFs   2000 to present

•

• Factors are ACWI and the first principle component











Recursive estimates of loadings are stable



PORTFOLIO IMPLICATIONS



PORTFOLIO IMPLICATIONS

• All portfolios will generally be sensitive to “GEOVOL” or geopolitical 
shocks.

• Even though a Markowitz optimal portfolio has a low variance, it will 
be sensitive to these shocks and its variability may be high.  

• Since some assets are less sensitive to geopolitical shocks than 
others, these risks can be reduced by including an additional criterion 
in portfolio optimization.   We call this risk diversification.



THEORY

• Consider two assets with the same variance and expected return

• One has unit loading on GEOVOL, the other has zero.

• The Markowitz portfolio is equally weighted.

• This portfolio will have kurtosis proportional to the variance of 
GEOVOL and higher moments related to moments of GEOVOL.

• To reduce this kurtosis, the portfolio must reduce impact of the first 
asset and thereby increase variance.  

• This tradeoff depends upon tolerance of tail risk and the size of tail 
risk.

• Such behavior will affect expected returns in equilibrium.



Variance Weighted Factor Loadings

• Factor returns are given by:

• Hence the variance of a factor conditional on x and the past is: 

• And the average variance conditional on x is

• Thus the average loading on GEOVOL is the 
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FOR ANY ASSET

• The variance conditional on GEOVOL can similarly be computed.  For 
simplicity suppose the factors are uncorrelated.   Then

• In matrix notation this is
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PORTFOLIO OPTIMIZATION

• Maximize return
• Subject to volatility constraint

• And subject to sensitivity to geopolitical risk
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CORRELATIONS CHANGE WITH X

The covariance matrix between asset i and j conditional on x can be written as:

The correlation can be rewritten as:

This will rise with x if                           , which is typically satisfied.
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GEOVOL PROPERTIES

• When GEOVOL is high, correlations typically rise.

• When GEOVOL is high all assets and factors have higher volatility.

• When GEOVOL is very high, then most asset returns are tail events.

• Naturally an optimal portfolio will try to reduce this exposure.  



COMPARISONS



COMPARISON WITH EPU OF BAKER BLOOM DAVIS



COMPARISON WITH GPR OF CALDARA AND IACOVIELLO 



COMPARISON WITH BLACKROCK





CORRELATIONS BETWEEN GEOVOL, AVGCOR 
AND d(GEPU) AND d(GPR)
• CORRELATIONS BETWEEN MONTHLY VALUES

• CORRELATIONS ARE HIGHEST BETWEEN GEOVOL AND dGEPU.



ASSET CLASS GEOVOL  :  ASSETGEOVOL

• Fixed Income, Commodities, Stock Style funds, Stock Sector Funds, 
International Funds, Exchange Rates, Real Estate: 23 funds

• One factor is the equal weighted average

• Average correlation of standardized residuals and t-stat:  -.005,  -6.9

• Average correlation of squared standardized residuals:   0.13,    161



SORTED ASSET GEOVOL AND LOADINGS
SHAT11 NAMELONG

8 0.265118 Russel 1000 Growth

11 0.256220 Global Energy ETF

7 0.251203 Russel 1000 Value ETF

16 0.249021 Energy Sector SPDR

19 0.234077 Technology Sector SPDR

17 0.226975 Financial Sector SPDR

24 0.226881 Average equally weighted of all assets 

14 0.223477 GSCI WTI Crude Oil Index

13 0.222594 Stranded Asset Porfolio

5 0.216629 Gold Spot

1 0.201268 Barclays US Agg Credit Baa

12 0.197895 Barclays US Agg Gov

9 0.188891 Russel 2000 Value

6 0.188405 Cohen and Steers REIT ETF

10 0.187917 Russel 2000 Growth

20 0.187684 Consumer Staples SPDR

4 0.178915 EAFE ETF

22 0.173482 Health Care SPDR

3 0.170798 Emerging Markets ETF

23 0.165238 Consumer Discretionary SPDR

21 0.157874 Utilities Sector SPDR

18 0.155096 Industrial Sector SPDR

2 0.151853 US Dollar Index

15 0.150798 Materials Sector SPDR

ASSETVOL DATE

7874 6.662131 2020-03-09

3054 6.321569 2001-09-17

7006 6.308375 2016-11-09

7546 6.140162 2018-12-05

6814 5.942512 2016-02-15

6794 5.788944 2016-01-18

2683 5.308053 2000-04-14

7560 4.894078 2018-12-25

2871 4.675957 2001-01-03

6498 4.586077 2014-11-28

5028 4.476759 2009-04-10

6908 4.443259 2016-06-24

7749 4.245216 2019-09-16

4898 4.117005 2008-10-10

6418 4.104520 2014-08-08

6534 4.056355 2015-01-19

5712 4.038448 2011-11-24

4899 4.026468 2008-10-13

5654 3.878905 2011-09-05

6000 3.798525 2013-01-01



ASSET CLASS GEOPOLITICAL RISK: ASSETVOL
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WHAT ABOUT A CLIMATE VOL FACTOR?
CLIMATEVOL

• 179 funds are considered to be climate sensitive funds by 
Morningstar

• Some are low carbon, others are low E risk of ESG, others are 
sustainable sectors such as solar or wind energy

• Some are ETFs and others are open end mutual funds

• Some have 2 decades of history and others are very recent.

• Factors:  investable FF3, transition risk, physical risk, oil futures, EW 
average 



PERFORMANCE TODAY

• Alpha computed from investable version of FF 3 factor over different 
horizons



CLIMATEVOL  (very preliminary results)



CONCLUSIONS

• Geopolitical risks are shocks that impact many markets, sectors and 
asset classes.

• These can be observed as tail events in many asset returns.

• A Geopolitical Volatility Factor (GEOVOL) is introduced which has 
different loadings for different assets.

• Estimation and testing methods are introduced and examined by 
Monte Carlo.

• When applied to sector and country models, extreme events and 
factor loadings are identified.

• Portfolio implications are discussed.  



YES, THERE IS ANOTHER WAY  TO MANAGE GEOPOLITICAL RISKS


