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Market Risk Modelling after Basel lll: New
Challenges for Banks and Supervisors

» Market risks: regulatory outlook

» The rise of historical simulation

» Backtesting and VaR exceptions

» Pointwise volatility estimation: The conundrum

» Assessment of risk models under Basel
» Limited usefulness of econometric techniques
» Hypothetical Portfolio Exercises challenged?

» Lower decay factors to mitigate disruptions in the
computation of Risk Weighted Assets?




Key messages for regulation

» Hidden impacts of risk modelling choices on financial
stability and pro-cyclicality under Basel Il FRTB

» Even when considering simple exposures (S&P500)

» And complexity (optional products, correlations) left aside
» Basel backtests poorly discriminates among models

» Danielsson (2002), Danielsson et al (2016)

» Focus on VaR exceptions over past year! Minsky moment

» Benchmarking on hypothetical portfolios (EBA, 2017)
» Unstable ranking of risk models calls for proper averaging
» Promote smart model risk supervision and enhanced
disclosure on risk methodologies
» Ongoing ECB TRIM



http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.202.504&rep=rep1&type=pdf
http://eprints.lse.ac.uk/66046/1/__lse.ac.uk_storage_LIBRARY_Secondary_libfile_shared_repository_Content_LSE%20SRC%20Discussions%20papers_2016_dp-57.pdf

Messages for market risk managers

» Favour Volatility Weighted Historical Simulation (VWHS)
over Historical Simulation (HS) for VaR/ES computations
» Historical Simulation works poorly in stressed periods
» Backtesting over current period is useless!

» Procyclicality: patterns of VaR exceptions under stress and
fall-back to costly Standard Approach

» Implementing Volatility Weighted Historical Simulation
» Consider smaller values of decay factor than .94 Riskmetrics

» Does not lead to extra-capital charges: Basel Il capital
metrics based on stressed period only

» Endogenous stressed period does not depend upon choice of
decay factor

» Lower number of exceptions under stress: greater resilience




Market risks: Basel Il regulatory
outlook

» Internal Models Approach (IMA) still applicable

» Stringent constraints on data (modellable risk
factors) and processes (P&L eligibility tests)

» + backtesting at desk level requirements
» IMA based on 97.5% Stressed Expected Shortfall
(ES)
» liquidity horizons : 10 days or more

» No scaling from 1D to 10D (Danielsson & Zigrand
(2006))

» 1Y stressed period endogeneously computed

» Is model dependent, but in our case study example,
was found to be mid June 2008 — mid June 2009



http://eprints.lse.ac.uk/24827/1/dp439.pdf

Market Risk Weighted Assets (RWA):
Basel lll regulatory outlook

» Minimum capital requirements for market risk
(January 2016)
» FRTB: Fundamental Review of the Trading Book

» Implementation delayed to 2019

» 2016 monitoring exercise: increase of 75% of RWA
compared with Basel 2.5

» Bank struggling with operational issues
» Data quality: Non Modellable Risk Factors (NMRF)
» Alignment between risk and front office models

» To a lesser extent, compliance with backtesting
requirements

» Market risk RWA might be further inflated...



http://www.bis.org/bcbs/publ/d352.pdf

Basel Ill regulatory outlook: Market
Risk Group reopened in 2017

» Desk eligibility to internal models?
» Threat of fallback to costly Standard Approach

» According to ISDA could lead to x6 increase for
FX and x4 increase for equity desks

» Questions the calibration of risk weights in the
Standard Approach

» Non Modellable Risk Factors (NMRF) charge

» Roughly one third of IMA, but large ongoing
variability and uncertainty

» Could be dramatically reduced if banks to use
settlement prices in collateral agreements




Market Risk Weighted Assets (RWA):
EU regulatory outlook

» £U CRR-2 (November 2016)

» Differences on key points with Basel document

» Restricted scope of modellable risk factors (MRF)

» Slightly different backtesting constraints
» EBA Technical Standards to be issued in 2021

» Eligibility to Internal Models Approach...
» ECB TRIM (Targeted Review of Internal Models)

» Still Basel 2.5, but not innocuous regarding pricing models
and VaR methodologies

» Impact of ongoing deregulation in the US?



https://ec.europa.eu/transparency/regdoc/rep/1/2016/EN/COM-2016-850-F1-EN-MAIN.PDF

Market risks: Basel Ill regulatory
outlook
» Hypothetical Profit and Loss (HPL)

» Banks holdings frozen over risk horizon

V4

» « Uncontaminated P&L »: not accounting for banks
fees (Fresard et al. (2011)).

» Computed according to all risk factors and pricing
tools being used by Front Office (FO)

» full revaluation is implicit when computing
hypothetical P&L

» Backtesting: compare 1 day VaR with daily HPL
and daily actual Profit and Loss (P&L)



http://terpconnect.umd.edu/%7Elfresard/images/Contamination_JBF.pdf

Market risks: Basel Il regulatory
outlook

1 11% HS VaR (based on 250 rolling days) and S&P500
returns over past 10 years. Nominal =1

s ,MW{MWWWW

I| b
VaR exception




Market risks: Basel Il regulatory
outlook

» Backtesting based on 97.5% and 99% 1 day VaR
» Not directly on ESasin Du & Escanciano (2016)

» Number of VaR exceptions is the max of number of
VaR exceptions computed using HPL and number of
VaR exceptions using actual P&L (over past year)

» Allowance for up to 12 breaches for 99% VaR and 30
breaches for 97.5% VaR

» At trading desk level: Danciulescu (2010), Wied et
al. (2015)

» BCBS OIS and monitoring exercises also requests
reporting of 1D 97.5% ES + p —values



https://www.google.fr/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0ahUKEwj0yNC47OzOAhXLtRQKHWyiAeEQFggmMAA&url=http://ssrn.com/abstract%3D2548544&usg=AFQjCNGy5zd-mHi9gcWRRDZZFhJMLwZ60w
http://core.ac.uk/download/pdf/6518519.pdf
http://papers.ssrn.com/sol3/papers.cfm?abstract_id=2593526
https://www.bis.org/bcbs/qis/

Market risks: Basel Ill regulatory

outlook

» Desk eligibility to IMA (Internal Model
» Risk-theoretical P&L (RTPL)

» Changes in P&L according to bank’s internal risk
model

» Use of modellable risk factors within risk
systems (FRTB/Basel 3)

» Mapped from risk factors used in Front Office

» Delta/gamma approximations, PV grids or full
revaluation might be used in repricing books

» Definition of RTPL is subject to controversy and
needs to be clarified

» Desk not eligible to IMA if HPL and RTPL
are too distant (criteria under scrutiny)




The rise of historical simulation

» Huge litterature relarted to VaR/ES computations

» Historical, FHS, VWHS, EWMA, Parametric (multivariate
Gaussian), GARCH family, EVT, CAViaR, ...

» To quote a few: Kupiec (1995) Hendricks (1996), Christoffersen (1998),
Berkowitz (2001), Berkowitz, & O’Brien (2002), Yamai & Yoshiba (2002)
Kerkhof & Melenberg (2004), Yamai & Yoshiba (2005), Campbell (2006),
Hurlin & Tokpavi (2008), Alexander (2009), Candelon et al. (2010), Wong
(2010), BCBS (2011), Rossignolo et al. (2012), Rossignolo et al. (2013),
Abad et al. (2014), Ziggel et al. (2014) Kramer & Wied (2015). Siburg et al.
(2015), Pelletier & Wei (2015), Nieto & Ruiz (2016)

» Backtesting performance?

» Lack of implementation details, choice of backtest
portfolios, historical periods make comparisons difficult
» Dealing with operational issues is also of importance

» large dimensionality: several thousands of risk factors,
» Costly to price optional products,
» Data requirements.



http://www.simonemanganelli.org/Simone/Research_files/caviarPublished.pdf
http://papers.ssrn.com/sol3/papers.cfm?abstract_id=7065
http://www.academia.edu/download/43834952/Evaluating_Interval_Forecasts20160317-12546-11n33wo.pdf
http://www.ims.nus.edu.sg/Programs/econometrics/files/kw_ref_2.pdf
https://www.bis.org/bcbs/events/oslo/berkowitz.pdf
https://www.google.fr/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0ahUKEwjmu4qP6OzOAhVJShQKHaghAvAQFggmMAA&url=http://econpapers.repec.org/RePEc:ime:imemes:v:20:y:2002:i:1:p:87-121&usg=AFQjCNH2EtfVVRGRidDLVDxDtDOpu_fX9Q
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.201.3622&rep=rep1&type=pdf
http://down.cenet.org.cn/upfile/36/200542013514148.pdf
http://www.federalreserve.gov/pubs/FEDS/2005/200521/200521pap.pdf
http://www.cairn.info/revue-finance-2008-1-page-53.htm
https://books.google.fr/books?hl=fr&lr=&id=j5l82vMfcbQC&oi=fnd&pg=PR7&dq=Market+Risk+Analysis,+Value+at+Risk+Models+&ots=A4hBLj8aok&sig=0Rk_0oUZFFsMJzHRPYKEhcAiliQ
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.404.3188&rep=rep1&type=pdf
https://www.researchgate.net/profile/Woon_Wong/publication/222823720_Backtesting_value-at-risk_based_on_tail_losses/links/00463528a8091e92c2000000.pdf
http://www.bis.org/publ/bcbs_wp19.pdf
https://lra.le.ac.uk/bitstream/2381/27567/4/Value-at-Risk%20models%20and%20Basel%20Capital%20Charges-Evidence%20from%20Emerging%20an%20%20%20.pdf
http://www.sciencedirect.com/science/article/pii/S0378426612002580
http://weimarques.es/soniabenito/academicjournal/A%20comprehensive%20review%20of%20value%20at%20risk....pdf
https://eldorado.tu-dortmund.de/bitstream/2003/30557/1/DP_2913_SFB823_Ziggel_Berens_Wei%C3%9F_Wied.pdf
https://eldorado.tu-dortmund.de/bitstream/2003/34125/1/DP_1715_SFB823_Kr%C3%A4mer_Wied.pdf
https://eldorado.tu-dortmund.de/bitstream/2003/30287/1/mathematicalPreprint-2013-04.pdf
https://pdfs.semanticscholar.org/644b/ced159cafb17e48a24ffa36bbaf2ac776f18.pdf
http://www.sciencedirect.com/science/article/pii/S016920701500120X

The rise of historical simulation

Others
3.5%

Monte-Carlo
Simulation
14.0%

From Perignon & Smith (2010)
based on 2005 data

Market-risk practices at 18 financial institutions, 2011, %

Valuation approach?

Sensitivities Hybrid Full revaluation

Historical
simulation

Simulation approach

Monte
Carlo

1 Banks are deemed to use the sensitivites approach F they wse it excusively,
hybrid if they use it at least 30 percent of the ime, and full revaluation if less than 30 percent.

Spurce: MeKinsey Market Risk Sunvey and Benchmarking 2011

Mehta et al (2012)



http://www.efmaefm.org/0EFMSYMPOSIUM/2009-Nantes/paper/P%C3%A9rignon.pdf
https://www.google.fr/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0ahUKEwjhxtrquenOAhXmDcAKHe6uDWcQFggpMAA&url=http://www.mckinsey.com/%7E/media/McKinsey/Business%20Functions/Risk/Our%20Insights/Managing%20market%20risk%20Today%20and%20tomorrow/Managing%20market%20risk.ashx&usg=AFQjCNGkx9TRox_lyMbp5cXV3n7Qvoqigg&bvm=bv.131286987,d.d24

The rise of historical simulation

A

EBA (2017) benchmarking exercise conducted over a
(heterogeneous) panel of 50 banks with approved internal
models

W Historical simulation
Montecarlo
B Parametric

Com bination/Other




The rise of historical simulation

» Volatility Weighted Historical Simulation
(VWHS)

» Hull & White (1998), Barone-Adesi et al. (1999)

» Volatility not constant over VaR estimation period

» Rescale returns by ratio of current volatility
to past volatility

» o; volatility attime t, ry_;, returnatt — h
Ot
Ot-h

» Rescaled past returns X Ti_p

» VWHS: empirical quantile of rescaled returns



https://www.researchgate.net/profile/John_Hull2/publication/2645882_Incorporating_volatility_updating_into_the_historical_simulation_method_for_VaR/links/00b7d5335d8e2394d0000000.pdf
http://doc.rero.ch/record/9092/files/wp9904.pdf

The rise of historical simulation

» (Location) scale models: 1 = g; X &
» GARCH: & has a given stationary distribution
» Such as t(v): parametric approach to &;

> VaR:qq(1:) = 0; X qq(&r)

» EVT could be used to assess q,(&;), McNeil & Frey
(2000), Diebold et al. (2000), Jalal & Rockinger (2008)

» VWHS: same approach to VaR

» BUT g, (&;) empirical quantile of standardised
returns 1; /oy

» Above decomposition shows two sources of model
risk: volatility estimation oy, tails of standardized
returns &



http://faculty.washington.edu/ezivot/econ589/EVT_Mcneil_Frey_2000.pdf
http://archive.nyu.edu/bitstream/2451/27079/2/wpa98081.pdf
http://www.econbiz.de/archiv1/2008/48985_tail-related_risk_measures.pdf

Practical implementation of VWHS

» Standardised returns &; = r;:/0o; not directly
observed

» Since & depends on unobserved volatility o;
» Large uncertainty when deriving o;

» Specific additional issues with GARCH(1,1)
modelling: Pritsker (2006)

» Misspecification of & distribution?

» Tail dynamics only driven by volatility o;



https://www.google.fr/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0ahUKEwikuu6kuunOAhXoAsAKHSmtBQIQFggoMAA&url=https://www.federalreserve.gov/pubs/feds/2001/200127/200127pap.pdf&usg=AFQjCNFmwOFCW8xqOKhpLo4WD4SDLGx0Og&bvm=bv.131286987,d.d24

(Var1%/VaR2.5%)/ (®~1(99%)/® ! (97.5%)
EWMA volatility estimates, decay factor'=.8

standard normal quantile ratios
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For Gaussian & and well-specified decay
factor, ratio should be equal to one
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Ratio higher than 1 means fat tails
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(Varl%/VaR2.5%)/ (®~1(99%)/d~1 (97.5%)
EWMA volatility estimates, decay factor =.8

& = 1, /0, show some left tail dynamics.
Descriptive statistics of
standardised returns &;




Backtesting and VaR exceptions

» Basel lll regulatory reporting

» 10 days Expected Shortfall (capital requirement)

» Computed over different subsets of risk factors
(partial ES), scaled-up to various time horizons

» Computed over stressed period, averaged and
submitted to multiplier (in between 1.5 and 2)

» Computation of 10D ES from daily data and VWHS:
Giannopoulos & Tunaru (2005), Righi & Ceretta (2015)

» 1 day 99% and 97.5% VaR (backtesting)
» oo (1:) = 0; X qoo(Et)

» q975(1¢) = 0p X qo75(&t)



https://www.researchgate.net/profile/Radu_Tunaru/publication/223667920_Coherent_risk_measures_under_filtered_historical_simulation/links/54dc95800cf28a3d93f7f4b9.pdf
https://www.researchgate.net/profile/Marcelo_Righi/publication/269288412_A_comparison_of_Expected_Shortfall_estimation_models/links/551d41540cf23e2801fe0be8.pdf

Backtesting and VaR exceptions

» VaR exception: whenever loss exceeds VaR

» For 250 trading days and 1% VaR, average number of
VaR exceptions = 2.5

» For well-specified VaR model, number of VaR
exceptions follows a Binomial distribution

» So-called « unconditional coverage ratios » or traffic
approach (Kupiec, 1995, Basel Ill, 2016)

» Regulatory thresholds at bank’s level green zone, up
to 4 exceptions,
,red zone, 10 or above

» At desk level: 12 exceptions at 1%, 30 at 2.5%



http://papers.ssrn.com/sol3/papers.cfm?abstract_id=7065

Volatily Weigthed Historical Simulation
outperforms Historical Simulation

» Number of VaR exceptions over past 10 years

(S&P 500)
“ 1% VaR ” 2,5% VaR ‘
Historical Simulation. 40 | 89 |

Volatility Weighted
Historical Simulation
(RiskMetrics)

26 68

Expected | 25 | 63




Volatility estimation: the
conundrum

» EWMA (Exponentially Weighted Moving Average)
> of =AX0l 1+ (1 =) X1

» A :decay factor, 1 — A speed at which new returns are
taken into account for pointwise volatility estimation

» RiskMetrics (1996), A = 0.94 « »
» Single parameter model

» EWMA is a special case of GARCH(1,1)
» With no mean reversion of volatility.

» g7 is not floored and becomes quite close to zero in
calm periods (\Vlurphy et al. (2014))



http://www.theotcspace.com/sites/default/files/general_files/fs_paper29.pdf

Volatility estimation: the
conundrum

» Numerous techniques to estimate decay factor A

» RiskMetrics (1996): minimizing the average squared
error on variance estimation

T

. |
A =argmin — [02() — r?]*
ac0.1y T Z ’ I

=
» Other approaches:

» Guermat & Harris (2002) to cope with non Gaussian returns
» Pseudo likelihood: Fan & Gu (2003)

» Minimization of check-loss function: Gonzalez-Rivera et al.
(2007)



http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.27.357&rep=rep1&type=pdf
https://pdfs.semanticscholar.org/fdad/86e5414f67327e41e0b0c7cecf30c87b8406.pdf
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.643.5787&rep=rep1&type=pdf

Volatility estimation: the

conundrum

» For S&P500, Estimates of decay factor are highly
unstable and could range from 0.8 to 0.98 wild
around the 0.94 RiskMetrics « golden number »

» Note that A = 1 corresponds to plain HS

Estimation method,/ length of historical data

10 years

First 5 years

Second 5 years

Squared error method

(.8992854

0.8207192

0.9030331

Pseudo likelihood method

0.9331466

0.9525035

(.9146936

Check loss method at 1% level

0.9010042

0.9406649

(.8398029

Check loss method at 2.5% level

08820908

0.9557358

0.8634200

» Building volatility filters is even more intricate when
considering different risk factors (Dave & Stahl (1998))



http://link.springer.com/chapter/10.1007/978-3-642-58272-1_11

Volatility estimation: the
conundrum

» Lopez (2001), Christoffersen & Diebold (2000),
Angelidis et al. (2007), Gurrola-Perez & Murphy

(2015) point out the issues with determining oy

» Recall that high values of A results in slower
updates of VaR when volatility increases

» Murphy et al. (2014) suggest that CCPs typically use
high values (.99) for decay factor.

» In case of Poisson type event risk (ho memory),
higher values of A would be a better choice.

» No obvious way to decide about the optimal A



https://www.newyorkfed.org/medialibrary/media/research/staff_reports/research_papers/9524.pdf
http://archive.nyu.edu/bitstream/2451/27078/2/wpa98080.pdf
http://www.academia.edu/download/46283141/A_robust_VaR_model_under_different_time_20160606-2402-dsxv59.pdf
http://www.bankofengland.co.uk/research/Documents/workingpapers/2015/wp525.pdf
http://www.theotcspace.com/sites/default/files/general_files/fs_paper29.pdf

Volatility estimation: the
conundrum

Ratios of daily volatility estimates
over past 10Y with decay factor 0.94
and 0.8 are highly volatile

Volatility estimates

WL L

Note that by construction, means of estimated variances are equal

| |
500 1000 1500 2000 2500 2§



Assessment of VaR (risk) models

VaR1%/VaR1% for decay factors .8 and .94
respectively: shaky volatility estimates leads
=1 to large VaR estimation uncertainty and
huge time instabllity.
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Ratio of nignth to first deciles =1.85 but median=1




Assessment of risk models

» Number of VaR Exceptions over past 10 years

(S&P 500)
” 1% VaR ” 2,5%VaR |
VWHS | | |
1-08 28 68
VWHS
A=0.94 26 63
(RiskMetrics)
Expected | 25 63

» Almost same results for tests based on number
of VaR exceptions (unconditional coverage)




Assessment of risk models

» Number of VaR Exceptions over the one year stressed

oeiftere | 1%vaR || 2,5%VaR |

VWHS
A=0.8 1 | 3
VWHS
A=0.94 6 10
(RiskMetrics)
Expected 2.5 | 6

» Smaller decay factors imply prompter VaR increases when
volatility rises and better behaviour during stressed period

» Similar results in Boucher et al. (2014), where plain HS
(A = 1) provides poor results under stress. See also
O'Brien & Szerszen (2014).



http://eprints.lse.ac.uk/59299/1/__lse.ac.uk_storage_LIBRARY_Secondary_libfile_shared_repository_Content_System%20Risk%20Center_Discussion%20Papers_dp-8_0.pdf
http://www.federalreserve.gov/econresdata/feds/2014/files/feds201421.zip

Assessment of risk models

» PIT (Probability Integral Transform)
adequacy tests

» Crnkovic and Drachman (1995), Diebold et al.
(1997), Berkowitz (2001)

» Basel Committee Monitoring Exercises

» Check whether the loss distribution (instead of
a single quantile) is well predicted.

» If F; is the well-specified (predicted)
conditional loss distribution, F;(r:41)~U][0,1]

» Fi(r:11) : p-values



http://archive.nyu.edu/bitstream/2451/14779/1/SOR-98-6.pdf
http://www.ims.nus.edu.sg/Programs/econometrics/files/kw_ref_2.pdf

PIT adequacy tests

QQ plot for p-values for
VWHS with lambda=.8

1.0

Good news: risk models
are not a vacuum!

04

0.6 0.8

Theoretical Quantiles



PIT adequacy tests

QQ plot for p-values for
VWHS with lambda=.94

| Bad news: PIT does not discriminate
among risk models! (lack of conditionality)

0.2

0.4 06 0.8 1.0

Theoretical Quantiles



Focusing on tails: VWHS vs plain HS

Histogram of p-values for VWHS and 1=.94

Expected values: 25 exceptions at 1% level, 38 in between 1% and

2.5%:good fit with VWHS
Hurlin & Tokpavi (2006), Pérignon & Smith (2008), Leccadito, Boffelli, & Urga
(2014). Colletaz et al. (2016) for more on the use of different confidence internals



https://www.cass.city.ac.uk/__data/assets/pdf_file/0019/246502/04-2013.pdf
http://papers.ssrn.com/sol3/papers.cfm?abstract_id=981207
https://www.cass.city.ac.uk/__data/assets/pdf_file/0019/246502/04-2013.pdf
https://halshs.archives-ouvertes.fr/halshs-00746273/document

Focusing on tails: VWHS vs plain HS

Histogram of p-values for plain HS, A=1




Assessment of risk models

» Clustering of VaR exceptions, i.e. several blows
in a row might knock-out bank’s capital

» Are VaR exceptions clustered during stressed
periods?

» “We are seeing things that were 25-standard deviation
moves, several days in a row”

» Quoted from David Viniar, Goldman Sachs CFO, August
2007 in the Financial Times

» Crotty (2009), Danielsson (2008), Dowd (2009), Dowd
et al. (2011)

» Tests based on duration between VaR exceptions

» Christoffersen & Pelletier (2004), Haas (2005),
Candelon et al. (2010)



https://www.google.fr/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0ahUKEwiT6sqFyenOAhVMIsAKHU2lBiAQFggjMAA&url=http://www.ft.com/cms/s/0/d2121cb6-49cb-11dc-9ffe-0000779fd2ac.html&usg=AFQjCNHzaTG5XK4s9W12UXLR5SQAfEVw_A
http://scholarworks.umass.edu/cgi/viewcontent.cgi?article=1017&context=econ_workingpaper
http://www.riskresearch.org/files/Danielsson2008b.pdf
http://www.indytruth.org/library/journals/catojournal/29/cj29n1-12.pdf
http://arxiv.org/pdf/1103.5672
https://pdfs.semanticscholar.org/4dca/d50a51eaa877143ffe8ad36c4c0c0a49d5dc.pdf
http://search.proquest.com/openview/982d08c5201e3b21c4d06ff55192b094/1.pdf?pq-origsite=gscholar&cbl=27099
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.404.3188&rep=rep1&type=pdf

Overshoots for VaR exceptions using VWHS
and lambda=.8 at 1% confidence level

0.025

0%, 0%, 9% quantiles

. 0.0003 l 0.0032

Not too much clustering with lower
values of decay factor

0015 0.020
|

Overshoot for VaR exceptions
0.010
l

0.008
|

0.000
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Assessment of risk models

» Conditional coverage tests

» [, =1,0 depending on occurrence of an exception
> Et[lt+1] — 1%, 25%

» E; conditional expectation

» Conditional probability of VaR exception
consistent with confidence level

» Engle & Manganelli (2004), Berkowitz et al. (2008),
Cenesizoglu & Timmermann (2008), Gaglianone et al.
(2012), Dumitrescu et al. (2012), White et al. (2015).

» Instrumental variables: past VaR exceptions and
current + past level of the VIX volatility index

» Leads to GMM type approach



http://escholarship.org/uc/item/06m3d6nv.pdf
https://erm.ncsu.edu/az/erm/i/chan/library/pelletier-research-partners-2009.pdf
https://www3.imperial.ac.uk/pls/portallive/docs/1/41561696.PDF
https://www.google.fr/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0ahUKEwiFtN2Kuu7OAhWBWhQKHRaYCmsQFggfMAA&url=http://www.eco.uc3m.es/temp/09-46-25.pdf&usg=AFQjCNFCXeikUH9F03J7UryBwmVtAEVUsw
https://halshs.archives-ouvertes.fr/docs/00/67/16/58/PDF/DvarLyxF.pdf
http://www.simonemanganelli.org/Simone/Research_files/VARforVaR.pdf

Assessment of risk models

> It = + Z{=1 al‘It_i + Z‘I]‘{=O ﬁ]VIXt_] + U
» Engle & Manganelli (2004)

» VaR model is well-specified if ay = 1%, 2.5% and f; =
0,a; =0,i =1

» We rather follow the logistic regression approach
» Berkowitz et al. (2008)

» Choosing number of lags I, K is uneasy
» Number of lags depend on confidence level
» And considered portfolio/trading desk

» Bayesian Information Criteria (BIC), backward model
selection, partial autocorrelation function (PACF) are
not discriminant



http://escholarship.org/uc/item/06m3d6nv.pdf
https://erm.ncsu.edu/az/erm/i/chan/library/pelletier-research-partners-2009.pdf

Assessment of risk models

» Results for S&P500 2.5% confidence level

» Red cells are acceptable: no lag for VIX, but lags
2,3,4 or (3,4) for I;_; could be considered

GMM model
BIC
GMM model
BIC
GMM model
BIC
GMM model
BIC




Assessment of risk models

» Preliminary results suggests that A < 0.9
» Would reject A = 0.94 (Riskmetrics standard)

Parameters (two regressors, [;—3,I;_4) | Estimate Pr(> |z|)
ap | —4.0561 8.77e — 16"
o 2.4467 0.0425"
g 2.4467 0.0425%

» But results of statistical tests are difficult to
interpret (depend on the chosen lags)

» Rejection for lags (3,4) acceptance for lag 3 only

Parameters (one regressor, [;_g) | Estimate | Std. Error Pr(> |z|)
ap | —3.8544 0.4519 < 2e — 16***
g 2.2450 1.1850 0.0582

Estimation results based on March 2008 to February 2009 dail




Assessment of risk models

» Vast litterature on model risk due to parameter
uncertainty, choice of estimation method.

» Christoffersen & Goncalves (2005), Alexander & Sarabia
(2012), Escanciano & Olmo (2012), Escanciano & Pei
(2012), Gourieroux & Zakoian (2013), Boucher & Maillet
(2013), Boucher et al. (2014), Danielsson & Zhou (2015),
Francg, & Zakoian (2015), Danielsson, et al. (2016).

» Our focus is more narrow: concentrate on a key
parameter left in the shadow, i.e. decay factor, and
implications for risk management under Basel Il

» Recall that Historical Simulation, EWMA/Riskmetrics and
FHS/VWHS are quite different



http://www.mapageweb.umontreal.ca/goncals/documents/CGJRisk.pdf
https://www.researchgate.net/profile/Jose_Sarabia2/publication/224976552_Quantile_Uncertainty_and_Value-at-Risk_Model_Risk/links/0a85e52f4d34342021000000.pdf
http://www.iub.edu/%7Ecaepr/RePEc/PDF/2007/CAEPR2007-005_updated.pdf
http://www.iub.edu/%7Ecaepr/RePEc/PDF/2012/CAEPR2012-003.pdf
http://www.crest.fr/ckfinder/userfiles/files/Pageperso/zakoian/EstimationadjustedVaR_CREST.pdf
http://boucher.univ.free.fr/publis/fmii.12006.pdf
http://eprints.lse.ac.uk/59299/1/__lse.ac.uk_storage_LIBRARY_Secondary_libfile_shared_repository_Content_System%20Risk%20Center_Discussion%20Papers_dp-8_0.pdf
http://eprints.lse.ac.uk/62002/1/dp-36.pdf
http://papersjds13.sfds.asso.fr/submission_274.pdf
https://www.infona.pl/resource/bwmeta1.element.elsevier-7133f2ab-8cbf-317d-8201-ef629eb75067/content/partDownload/8900b0c7-b69c-39dc-8cbd-94217452a25f

Tackling RWA (Risk Weighted
Assets) variability

» VaR models with strinkingly different
outputs would not fail backtests

» Not new! But what to do with this?
» This can feed suspicion on internal models
» Hidden model complexity, tweaked RWAs?
» Standardized Basel Ill risk models

» Floors based on Hypothetical Portfolios
Exercises




Floors based on Hypothetical
Portfolio Exercises (HPE)?

» Basel 2013 RCAP (Regulatory Consistency
Assessment Programme) BCBS240, BCBS267 &
EBA (2013), EBA(2017) show large variations
across banks regarding VaR outputs for
hypothetical portfolios

» Partly related to discrepancies under various
jurisdictions
» Partly due to modelling choices

» Lenght of data sample to estimate VaR, relative
weights on dates in filtered historical simulation

» And as shown in our study HS vs VWHS



http://www.bis.org/publ/bcbs240.pdf
http://www.bis.org/publ/bcbs267.pdf
https://www.eba.europa.eu/documents/10180/15947/20131217+Report+on+variability+of+Market+RWA.pdf

EBA (2017) benchmarking

exercise

200%

» (Heterogeneous) sample of 50 banks with
approved internal models

» On the right, outcome of 99% (current) VaR
over 10 days horizon

» Equity index futures trade on FTSE 100

1005

» 41 respondent banks

» How can we analyse variation across
banks?




EBA (2017) benchmarking exercise:
Reasons for discrepancies between
internal models

» Poor contributions to the benchmarking exercise!

» Differences in averaging:

» over two weeks but either with daily or weekly
data depending on banks

» Valuation issues for more exotic trades

» Which model has been used ? full revaluation,
approximations made in Risk models

» Not applicable in disclosed hypothetical portfolio

» Differences in methodologies




Differences in methodologies

B Length of chservations: x = 1 year
U 1lvyear< x<=2 years
0 2 years <x<=3 years

W x> 3 years

Longer computational period similar to higher decay fac




Differences in methodologies

B unweighted

weighted

¥ higher of both metrics

Most banks in the panel use plain HS (decay factor = 1)




Differences in methodologies

M 1 day re-scaled to 10 days
10 days with overlapping periods

m 10 days other methodology

Use of scaling to cope with 10D horizon




Floors based on Hypothetical
Portfolio Exercises (HPE)?

» Our controlled experiment shows that ranking
of models varies dramatically through time

» Model A can much more conservative than model B
one day, the converse could be observed next day

» Though in average models A and B provide the same
VaRs

» This is problematic regarding the interpretation
of HPE and RWA variability

» Above approach would favour the use of the same
possibly misspecified 0.94 golden number...




Tweaking internal models?

» Strategic/opportunistic choice of decay factor?

» Danielsson (2002), Pérignon et al. (2008), Pérignon & Smith
(2010), Colliard (2014), Mariathasan & Merrouche (2014)

» Sticky choice of decay factor: supervisory
process

» Does not change average capital requirements
» Could change the pattern of VaR dynamics

» Higher decay factor leads to smoother patterns and
ease management (risk limits)

» Regulatory capital requirements are based on stressed
period only and on averages over past 60 days

» No procyclicality issue with using smaller decay factors



http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.202.504&rep=rep1&type=pdf
http://gloria-mundi.com/UploadFile/2010-2/cpzdzw_dbu.pdf
http://www.sciencedirect.com/science/article/pii/S0378426609001551
http://saet.uiowa.edu/papers/2015/Colliard%20SAET.pdf
http://www.sciencedirect.com/science/article/pii/S1042957314000254

Undue internal model
complexity?

» Haldane and Madouros (2012), Dowd (2016)
tackle undue model complexity

» Our approach is simple and widely documented

» No correlation modelling or pricing models of exotic
produts is involved

» No sophisticated econometric methods

» However, HS can be fine tuned

» Making things simpler (Standard Approaches,
output floors based on SA, leverage ratio) might
reduce risk sensitivity



http://www.committeerepubliccanada.ca/IMG/pdf/speech596.pdf
https://www.google.fr/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0ahUKEwjz5cXF4enOAhWsCcAKHQ96AWEQFggjMAA&url=http://www.cato.org/publications/policy-analysis/math-gone-mad&usg=AFQjCNE5FNBdJ5j2NIGQiHKB3DNiI_B8Aw&bvm=bv.131286987,d.d2s

Traps in market risk capital
requirements

» Procyclical trap when using today’s risk models

» Ratio of IMA to SA quite large in a number of cases

» Plain historical simulation or use Riskmetrics decay
factor results in large number of VaR exceptions
under stress and fallback to SA

» If a IMA desk is disqualified, huge increase in capital
requirements

» Issue not foreseen: QIS are related to a calm period

» Use of outfloors based on a percentage of SA
would not solve above issue




Traps in market risk capital
reguirements

» Avoiding the procyclical trap

» Using lower values of decay factor for prompter
updates in volatility prediction

» Smaller number of VaR exceptions in volatile periods
» Resilience of internal models against market tantrum

» Managing reputation (see above Goldman’s case
study)

» Lowering decay factor should not increase capital
requirements

» No bias in average variance estimates

» ES computed on a stressed period only + averaging




Traps in market risk capital
reguirements

» Avoiding the FRTB procyclical trap?
» Banks are currently faced with other top priorities
regarding desk eligilibility to IMA
» Data management to reduce NMRF scope

» PnL attribution tests: reconciliation of risk and front office
risk representations and pricing tools, dealing with reserves
and fair value adjustements

» Threshold number of VaR exceptions at desk level is high.

» BUT large number of desks (100?) and local or global
market tantrums might be devastating

» Forget about unfrequent recalibration of risk models!




Conclusion

» Focus on decay factor impacts for risk
measurement in the new Basel Il setting

» Desk-level validation and back-testing

» Beware of plain historical simulation methods
and challenge the .94 golden number

» Further research with internal bank data might
prove useful

» Lower decay factors for dedicated trading desks

» Challenge the outcomes of Hypothetical
Portfolio Exercises on RWA variability
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