How Accurate are Vaue-at-Risk Models
at Commercia Banks?

Jeremy Berkowitz James O'Brien
Graduate School of Management Divison of Research and Statidtics
Universty of Cdifornia, Irvine Federa Reserve Board

July 2001

Abstract

In recent years, the trading accounts a large commercid banks have grown subgtantialy
and become progressively more diverse and complex. We provide descriptive satistics on the
trading revenues from such activities and on the associated Vaue-at- Risk forecagts interndly
estimated by banks. For asample of large bank holding companies, we eva uate the performance
of banks' trading risk models by examining the statistical accuracy of the VaR forecasts.
Although a substantid literature has examined the statistical and economic meaning of Vaue-at-
Risk models, thisarticleisthe firg to provide adetailed andys's of the performance of modds
actudly inuse
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In recent years, the trading accounts at large commercid banks have grown rapidly and
become progressvely more complex. To alarge extent, this reflects the sharp growth in the
over-the-counter derivatives markets, in which commercia bank arethe principal dedlers. In
order to manage market risks, mgor trading ingtitutions have developed large scale risk
measurement modds. While approaches may differ, dl such modds measure and aggregate
market risks in current postions a a highly detailed level. The models employ a standard risk
metric, Vaue-at-Risk (VaR), which isalower tall percentile for the digtribution of profit and
loss (P&L). VaR modes have been sanctioned for determining market risk capita requirements
for large banks by U.S. and internationa banking authorities through the 1996 Market Risk
Amendment to the Bade Accord. Spurred by these developments, VaR has become a standard
measure of financid market risk thet isincreasingly used by other financia and even non
finandd firmsaswdll.

The genera acceptance and use of large scale VaR models has spawned a substantial
literature including gtatistica descriptions of VaR and examinations of different modeding issues
and approaches (for asurvey and analysis see Jorion (2001)). Y et, because of their proprietary
nature, there has been little empirica study of risk modds actualy in use, their VaR output, or
indeed the P& L didtributions of trading firms. For the most part, VaR anayses in the public
domain have been limited to comparing modeling approaches and implementation procedures
using illugtrative portfolios (e.g., Beder (1995), Hendricks (1996), Marshall and Siegd (1997),
Pritsker (1997)).

In this paper, we provide the first direct evidence on the performance of bank VaR
models. We andyze the digtribution of historical trading P& L and the daily performance of VaR
edimates of 6 large U.S. banks. All are large multinationd ingtitutions and meet the Bade “large
trader” criterion—with trading activity equa to at least a 10 percent of total assets or $1 hillion.
The banks include the largest US bank derivative deders and dl arein the top 10 in terms of
notional amounts outstanding as of year-end 1999. P&L and VaR data series are maintained by
the banks to assess compliance with the Bade market risk capital requirements -- they serve asa
gauge of the forecast accuracy of the models used for internd risk management. Regulations

! Jorion (2000) studies the usefulness of VaR disclosuresin banks annua and quarterly financial
reports for forecasting risk.



dipulate that estimates are to be calculated for a 99 percent lower critical value of aggregate
trading P& L with aone-day horizon. The forecasts provide alower bound on aggregate trading
P& L that should be breached 1 day in 100.

We evduate the VaR forecastsin severd ways. Firgt, the null hypothesis of a 99 percent
coverage rate istested. Two important findings are that, unconditionally, the VaR estimates tend
to be consarvative reative to the 99" percentile of P& L. However, at times losses can
substantially exceed the VaR and such events tend to be clustered. This suggests that the banks
modds, besides a tendency toward conservatiam, have difficulty forecasting changesin the
volaility of P&L.

In part, the empirica performance of current models reflects difficultiesin sructurd
modeling when portfolios are large and complex. Large trading portfolios can have exposures to
severd thousand market risk factors, with individua positions numbering in the tens of
thousands. It isvirtualy impossible for the mode s to turn out daily VaRs that measure the joint
digribution of al materia risks conditional on current information. The modds therefore
employ gpproximeations to reduce computationa burdens and overcome estimation hurdles.
Additionaly, we identify modeling practices and regulatory condraints that may affect the
precison, particularly the conservativeness, of the VaR forecadts.

To further assess the performance of the banks' structurd models, we compare their VaR
forecasts with those from a standard GARCH mode of the bank’s P& L volatility. The GARCH
modd is reduced form and attempts no accounting for changes in portfolio compostion. In
principd, the banks structural models should ddliver superior forecasts. Our results, however,
indicate that the bank VaR models are not better than smple modes of volatility. The GARCH
model of P&L generdly provides for lower VaRs and is better at predicting changes in voldility.
Because of the latter, the GARCH modd permits comparable risk coverage with less regulatory
capita.

Reduced form forecasts based on time-varying volatility offer asmple dterndive to
structurd models that may warrant further consderation. While the GARCH P& L modd used
here ignores current trading positions, such models can be adapted to account for changesin
portfolio compodtion if such information isavailable. At a minimum, the results presented here
illugtrate that even naive reduced-form, time series models might serve as a useful ingredient in
VaR forecasting.



The remainder of the paper is organized asfollows. Section | defines the data and
describes the didtribution of daily P&L and bank VaRs. Section Il presents the econometric
methodology used to eva uate the performance of the models against the observed P& L. Section
[11 consders some current practices and difficultiesin congtructing structural models of large
complex trading portfolios, which might help to explain the performance of the banks VaR

edimates. A find section provides some generd conclusions.

|. Daily Trading P& L and VaR

Daily profit and loss from trading activities and the associated VaR forecasts were
collected from 6 large banking indtitutions subject to the Bade capitd standards for trading risk.
The trading revenue is based on position values recorded at the close of day and, unless reported
otherwise, represents the bank holding company’ s consolidated trading activities. These
activitiesinclude trading in interest rate, foreign exchange, and equity assets, liabilities, and
derivatives contracts. Trading revenue includes gains and losses from daily marking to market
of pogtions. Also included isfeeincome net of brokerage expenses related to the purchase and
sde of trading insgruments, excluding interest income and expenses.

The daly VaR estimates are maintained by the banks for the purpose of forecast
evaluation or “back-testing” and are required by regulation to be calculated with the same risk
modd used for internal measurement of trading risk. The VaRs are for a one-day ahead horizon
and a 99 percent confidence level for losses, i.e, the 1% lower tall of the P&L distribution.
Because the internal models are based on positions at the close of business preceding the forecast
day, they omit intra-day position changes. The bank models dso omit net fee income dthough it
isincluded in reported trading P&L.

Summary datistics are reported in Table 1 for daily P& L and VaR data from January
1998 through March 2000. For these and other statistics reported below, each bank’ s daily P& L
and VaR are divided by the bank’ s full-sample standard deviation of P& L to protect
confidentidity. All banks reported positive average profits over the period. Sizeable differences
in average P& L and standard deviation across banks (not shown) correspond to differencesin the
Sze of trading activity, athough column 2 of the Table dso indicates significant disparity in
mean P&L relativeto its variaion. In column 4, we report the 99 percent losses of the P& L

digtributions, the statistic forecasted by VaR. These losses, coming oncein 100 days, are quite



large and are clustered at about 3 standard deviations below the mean. Asaresult, the excess
kurtosis estimates (relative to the Norma digtribution) displayed in column 5 are dso large.

The last three columns of Table 1 show summary statistics for the banks 99" percentile
VaRs. For 5 of 6 banks, the average VaR lies outside the lower 99™" percentile P& L, with VaRs
for four banks ranging from 1.6 to over 3 times their respective 99" percentile P&Ls. At the 99
percentile, P& L would be expected to violate VaR 5 times in 500 trading days. However, only
one bank experienced more than three violaions. In this sensethe VaR forecasts appear quite
conservative, afinding that is given more atention in the andyss below.

While vidlations of VaR are infrequent, the magnitudes can be surprisingly large. For
two banks the mean violation is more than two standard deviations beyond the VaR. For one
bank, it is more than four standard deviations beyond the mean VaR. To get a sense of the Sze
of these violations, consider a parametric such as the Norma as abenchmark. Under aNormal
disgtribution the probability of aloss just one standard deviation beyond a99% VaR is.04%. The
probability of alosstwo standard deviations beyond 99% is virtualy zero. For a Student-t
digtribution with 5 degrees of freedom, which is quite fat-tailed, the probability of a one standard
deviation exceedence is only .3% and of atwo standard deviation, .1%. In this sense, losses of
the magnitude seen in our sample are quite far beyond the VaR.

Histograms of P& L are presented in Figure 1 for the x banks. In al hisograms, daily
P& L are de-meaned and divided by their standard deviation. At least 5 of the 6 banks exhibit
extreme outliers, with a preponderance of the outliersin the left tail. Both the skewness
egimates reported in Table 1 and the histograms in Figure 1 suggest that the portfolio returns
tend to be left-skewed.

In Figure 2, we display the time series of each bank’s P& L and corresponding one-day
ahead 99™ percentile VaR forecast (expressed in terms of the standard deviation of that bank’s
P&L). The plotstend to confirm the conservativeness of the VaR forecasts where violations of
VaR arerdatively few but large. The plots aso show differencesin VaR performances among
banks. For banks 1, 2, and 6, VaRs are in the generd vicinity of the lower range of their P& LS,
but for banks 3, 4, and 5 thisis not the case. The VaRs for these 3 banks also gppear to exhibit
trends. In particular, banks 4's VaR trends down while bank 5's VaR trends up.

The large losses in Figure 2 occurred during the turbulent period in world debt markets
between August and October 1998, marked by the devaluation of the Russan Ruble, Russan



debt default (August) and the near-collapse of alarge U.S. hedge fund (September). Table 2
(column 1) shows that during this period, average returns are lower, standard deviations of the
P&L for most banks are exceptionaly large, and the 99" percentiles are blown out. Asshown in
column 3, dmogt al violations for the bank VVaRs occurred in this period. Figure 3 shows the
timing and magnitudes of the violations, again expressed in standard deviations.

Based on quarterly financia reports, the poor performance for most of the banks
primarily reflects losses on interest rate positions, dthough some banks aso reported lossesin
other trading activity (foreign exchange, equity and commodities). While counterparty defaults
on derivative contracts spiked up in this period, the dollar magnitudes till made only asmall
contribution to trading losses?

These findings suggest that P& L may be correlated across banks, a potential concern to
bank supervisors because it raises the specter of systemic risk — the Smultaneous redization of
large losses at severa banks. In the upper pand of Table 3, cross-correlations between banks
dally P&Lsare reported. While uniformly positive, the correlation coefficients for daily P&L are
generdly low, mostly below .2. Thedally corrdations are low even for the subset of
observations August- October 1998. Low corrdations may reflect differencesin portfolio
composgitions among banks. That is, even when market disruptions are widespread, shocks
across different markets do not necessarily occur on the same caendar day. Additiondly,
trading firms have some discretion in the exact timing for reporting losses or gainsin P&L,
especidly for inactively traded instruments. When P& L is aggregated over multi-day horizons,
these idiosyncrasies may be lessimportant. For example, over 5-day holding periods, the P& L
cross-correlations gpproximately double (not shown).

The lower pand of Table 3 displays corrdations for daily VaR across banks. The VaR
correations are as often negative as they are positive and no clear pattern of co-movement is
evident. Results are quditatively the same even when the sampleis restricted to the August-

October 1998 period and they arethe same using 5-day average VaRs. These findings are

2 We have no direct informatiion on the banks market-making activity in derivatives during this
period, however, changes in notiond pogtions in derivatives are sometimes used as an indicator
of changes in the volume of derivetives activity. Based on quarter-end financid statements, the
notional amounts of the derivatives pogtions for the banks studied here, as wel as for bank
deders more generdly, increased moderately in the last two quarters in 1998. Moreover, the

notional amounts of the banks OTC cortracts, particularly interest rate contracts, also increased.



congstent with different patternsin the bank VaRs displayed in Figure 2 and contrast with the
amal but positive daily cross-corrdationsin P&L.

Il. Testing M odd Performance
In this section we study the forecast accuracy of the bank VaR estimates and their
sengtivity to daly portfolio volatility. Denote the portfolio’'s P&L by r,, so that each day t the

bank forecasts .

.- 1heVaR forecast isthe quartity T,, suchthat pr(r,, <T,,) =a over the next
trading day. Here a = .01, so that the model predicts alower bound on losses not to be exceeded

with 99% confidence.

A. Forecast Evaluation

The traditional gpproach to vaidating such interva forecastsis to compare the targeted
violation rate, a, to the observed violation rate. The first column of Table 4 reports the actua
rates at which violations occurred for the 6 banks. The average violation rate across banksisless
than df one percent. Column 2 reports likelihood ratio (LR) Satigtics for the null of a 1%
violation rate. The p-vaues, shown in square brackets, are the probahilities of the likelihood
ratio val ues exceeding the observed vaue under the 1% null.

These p-vaues indicate that one of the coverage ratesis sgnificantly different from 1%
a sandard test levels. In addition, the LR test is undefined for one bank which had no violations.
Both rgjections arise because the frequency of violationsis|ess than the desired one percent.
Because of the small samples involved, unconditiona coverage tests are known to have low
power againgt aternative hypotheses (e.g., Kupiec (1995), Chritoffersen (1998), Berkowitz
(2001)).

More powerful tests are developed by Christoffersen (1998) who observes that not only
should violations occur 1% of the time, but they should also be independent and identically
digtributed over time. Statidticdly, the variable defined as

l,.=1 if violation occurs
=0 if noviolation occurs
should be an iid Bernoulli sequence with parameter a. Likdihood ratio tests of thisnull are

easly congtructed. These tests are referred to as conditiona coverage and reported in column 3



of Table 4, with p-vaues shown in square brackets. At conventiond significance levels, the VaR
forecasts are regjected for two banks. A third bank shows a p-vaue of .14.

A usful feature of the likdihood framework is the following identity:

LRe = LR+ LRing

That is, the conditiona coverage test (LR) can be decomposed into atest of the unconditional
coverage (LR,), i.e, violation rate of a, plus atest that violations are independent (LR ).
Column 4 reports the resullts of LR tests for first-order seria dependence.® The p-values suggest
that for 2 banks, given aviolation on one day there is a high probability of a violation the next
day (higher than 1%). Similarly, the last column in Table 4 reports the sample autocorreation,
corr(l,l;.1), adiagnostic suggested by Christoffersen and Diebold (2000). Monte Carlo p-vaues
indicate two sgnificant first-order autocorrdations.  While these results are limited to firs-order
serid dependence, as noted earlier, dmost dl of the VVaR violations occurred during asingle
three-month period.

B. Comparisonswith a Benchmark Mode

The dugtering of violations suggests that the volatility of P&L may betimevarying to a
degree not captured by the modds. To further pursue the potentia for predictable voldtility, we
formulate an dternative VaR mode determined from an ARMA(1,1) plus GARCH(1,1) mode
of portfolio returns. That is, we estimate the following reduced form modd of r;

1) ro=1+fr_ +u +éu

where u isan iid innovation with mean zero and variance s,. The volatility processs; is

described by

2 0, =U+eur, +fo,,

8 The tests ae redricted to first-order dependence, rather than considering higher-order
dependence as well, because of the smal number of observations.



wherew, g andf are parameters to be estimated. We agpply the sandard GARCH modd where
innovations are assumed to be conditionally Norma. Thusthe 99% VaR forecast a timet is

givenby f,, - 2.33S,,, where t

t+1

isthe predicted vaue of r,,, from equation (1) and S ., isthe
estimated volatility from eguation (2).4

A time-seriesmodd of P& L isanatura benchmark for evauating the banks VaR
models, whose halmark has been the employment of detailed information on current positions
and their exposures to the various market risk factors. The reduced form mode cannot account
for changesin current positions or relationships between positions and the market risk factors
because it isfit to the aggregate returns data. 1t cannot be used for sengtivity or scenario
andyss. Nonethdess, it is potentialy a more tractable gpproach for capturing trend and time
varying voldility in abanks P&L without the structure that makes large-scale models so
complex and unwieldy.

It isworth pointing out that by fitting the time series modd to reported P&L, any
systemdtic errorsin the reported numbers are incorporated into the modd. Thiswould give the
reduced-form modd an advantage over the banks modelsif the latter were not cdibrated to
reflect reported P& L. For example, if banks smooth daily P& L, the reported numbers would
have atighter distribution than actual P& L. For present purposes, we smply accept the reported
daily numbers.

The ARMA and GARCH parameters are estimated each day with data available up to
that point. To obtain stable estimates for the initid period, forecasts for days 1 through 165 are
insample. Rolling out- of-sample forecasts begin after day 165, which isin the third week of
August 1998 except for one bank (whereit is May 1998). Out-of-sample estimates are updated
dally. Given parameter estimates, we forecast the next day’s 99% VaR assuming Normality of
the GARCH innovations. The resultant forecasts, both within and out-of sample, are shownin
Figure 4 by the solid line, dong with the P& L and the internd modd forecasts. One-day ahead
reduced-form forecasts gppear to track the lower tails of P& L remarkably well. Compared to the
gructurad modd, the time series mode does far better at adjusting to changesin voldility.

4 Note that it is possible for the reduced form ARMA+GARCH VaR to be postive. This would
occur if the conditional meen of the distribution islarge so that ., >2.335 ., .



Summary datistics and backtests for the GARCH modd VaRs are presented in Table 5.
The second column shows that the GARCH mode successfully removes firg-order persistence
inbanks P&L voldility (aswell as higher-order persstence). The average GARCH VaRs
shown in column 3 are dso lower than average bank VaRs, except for bank 6, and the number of
violations shown in column 4 average out to about 1 percent. Thus, on average, the GARCH
VaRs achieve the targeted violation rate and a 99™" percentile VaR coverage. The mean violation
rate for the GARCH VaRs dso islower than that of the banks VaRs.

While thislast result would be expected smply because the bank VaRs are more
conservative, more conservative VaRs aso should produce smdler aggregate violations and
maximum violations °  However, thisis not the case. Aggregate violations (column 4 times
column 5) and maximum violations (see below) for the GARCH VaRs are comparable to the
bank model VaRs, even though the bank VaRs are more conservative. These results indicate a
potentidly important advantage for the reduced-form GARCH modd. The magnitudes of the
banks VaR forecasts are used to determine regulatory capita requirements, and likely influence
banks internal capitd dlocationsaswell. The GARCH VaRs are able to deliver lower required
capitd levels without producing larger violations. As described below, this reflects the GARCH
mode VaRs greater responsiveness to changesin P& L volatility.

Formal back-tests of the GARCH models are presented in the bottom panel of Table 5.°
The backtest results provide little bass to distinguish between the GARCH and bank VaR
modeling approaches. In terms of coverage, one GARCH VaR modd isreected at standard
sgnificance levels. Even though the GARCH VaRs on average have a 1 percent violation rate
and the bank models less than aYgercent violation rate, thergection rateisthe samefor both
sets of models. Results for independence of violations dso are smilar between the two modeling
approaches. For the GARCH VaRs two banks are rgjected for independence in violations.

5 Under ether anormd digtribution or heavy-tailed digtributions, such asthet digtribution, the
conditiond expected vaue of lower tall returnsisincreasing in the lower criticd tail vaue, while
the unconditional, aggregate, and maximum expected values are inversdy related to the lower
criticd tall vaue.

¢ Backtestswere aso carried out only for the out-of- sample forecasts, which account for about
75 percent of the full sample results. For the out- of- sample period, the average bank VaR was
about the same as for the full sample, while the average of mean violaions was somewhat lower.
The average violation rate also was very closeto .01. Average bank results for the backtests
(coverage, dependence, etc) were very sSmilar to those for the full sample period.



Despite the comparability of the backtests, the GARCH models greater responsiveness
to changesin P&L volatility isillusrated for the August-October 1998 period when P& L
volatility rose substantiadly. Table 6 compares moded performances during this 3-month period.
Even though the GARCH mode VaRs are smdler over the full sample, the bank and GARCH
VaRs are comparable during this period. For this 3-month period, the GARCH VaRs increased
from 80 to 250 percent over their average VaRs during the 3 months prior to August 1998 for 4
of the 5 banks with violations. The bank VaRs in comparison were 20 percent lower to 30
percent higher than their respective averages over the preceding 3 months. As aresult, the
performances of the bank and GARCH VaRs are comparable in terms of average, aggregate and
maximum violaions

While these results show that the GARCH VaR forecasts compare favorably with the
banks VaRs, the GARCH modd isnot unassailable. A plot of the GARCH violationsin Figure
5, dong with the results presented in Table 5, indicate that some clugtering remains.  Also, while
the average violation rate for the GARCH VaRs s 1 percent, other statistics such as kurtosis
indicate heavy tailsin the GARCH P& L resduds. These results are due to the GARCH mode’s
inability to adequatdly reflect the sharp increase in P& L voldility in the latter part of 1998.

Some further evidence of thisis provided by the GARCH mode parameter estimates for
different sample periods. For banks 1 through 4, GARCH and ARCH parameters jump as the
sample period is extended to include the period of heightened P& L volatility. The sum of the
GARCH and ARCH parameters briefly reach one but subsequently decline below one asthe
sampleis further extended. Excluding 1998 from the sample period, the sum of the GARCH and
ARCH parameters remain below onefor al banks. These results are suggestive of an
environment subject to regime shifts, which cannot be captured by the sandard GARCH model
(see Gray (1996)).”

[11. Limitations of Bank VaR Models
Our findings indicate that banks 99" percentile VaR forecasts tend to be consarvative

and, for some banks, are highly inaccurate. In terms of forecast accuracy and the size of

7 We ds0 estimated the VaR usng an IGARCH mode, where the sum of the ARCH and
GARCH coefficientsis congtrained to equal one throughout the sample. Violations were again
clustered in the August-October 1998 period.

10



violations, the bank VaR forecasts could not out- perform forecasts based simply on an
ARMA+GARCH modd of the banks daily P&L. These results are at least partly indicative of
difficultiesin building large- scale structurd VaR models. We aso can identify some common
modeling practices and regulatory congtraints that lead to inaccurate forecasts,

The globd trading portfolios of large trading banks contain tens of thousands of positions
with severd thousand market risk factors (interest rates, exchange rates, equity and commodity
prices). Given the large number of positions and risk factors and the need to generate daily
forecadts, it isimpossible for the structura modd s to accurately measure the joint distribution of
al materid market risk factors, aswell as the relationships between dl risk factors and trading
positions. To estimate the portfolio’ s risk structure, the banks make many gpproximations and
parameters are often estimated only roughly. While this may appear to give representation to a
wide range of potentid risks, the various compromises reduce any forecasting advantage.

Theforecadt limitations of structural modedling extend to capturing time-varying
volatility. None of the structura-based models makes any systematic attempt to capture time
variaion in the variances and covariances of market risks. Asfor evauating exposures to
liquidity or other market crises, banks are mostly limited to performing stress exercises on their
portfolios® By reducing the risk factor to a univariate time series, the reduced-form model used
here offers a more tractable approach to estimating P& L mean and volaility dynamics. While
the reduced-form approach does not account for changes in portfolio composition, this limitation
can be relaxed by estimating GARCH effects for historically smulated portfolio returnsto
current positions, rather than historically observed returns®

Regarding the conservative biasin bank VaRs, severd bank modd features dong with
regulatory congtraints may provide potential explanations. Asindicated above, al banks exclude
net fee income from VaR forecasts. When compared to actua P&L, thiswill give bank VaRsa

8 We are aware of one bank that extendsits VVaR horizon for positions that are sizable relative to
the market, thereby alowing for a possible dow liquidation. For more on this gpproach to
modeling liquidity risk see Berkowitz (2000).

® Barone-Ades, Giannopoulos, and Vosper (1999) apply GARCH to higtorically smulated
returns at the individud risk factor level under covariance parameter redtrictions. Lopez and
Water (2000) report favorable results gpplying GARCH to portfolio returns as againgt applying
GARCH at therisk factor level. Engle and Mangand li (1999) suggest reduced-form forecasting
dternatives to GARCH. In particular, they advocate directly modeling the dynamics of the VaR
rather than mean and variance dynamics. A reduced-form approach to VaR forecasting was
origindly suggested by Zangari (1997).

11



conservative bias, snce net feeincome is believed to be alarge part of average (postive) trading
P&L. Theactud bias cannot be determined since banks do not separately report net fee income.

If we were to adjust reported P& L downward by, say, subtracting one half of the bank’s
average P& L fromitsreported P& L, we find that violation rates increase but that they are il
conservative on average. Subtracting 100 percent of each bank’s average P& L from reported
P& L produces an average violation rate close to one percent.

In either case, these P& L adjustments would leave essentiadly unchanged the violation
rates of the 3 banks with the most conservative VaRs. Moreover, thiskind of level shift inthe
P&L hasthe effect of worsening the clustering phenomenon. The less consarvative VaR results
in more violations in the tumultuous August-October 1998 period. We would argue that a better
approach would be to include forecasts of net feeincome in the VaRs. The reduced-form VaR
forecasts used here extrapolate P& L mean, as wdll as volatility, and thus implicitly include net
feeincome®®

A second practice that dso may contribute to conservative bank VaRsisthat VaRs may
be estimated for subgroups of positions, such as for foreign exchange postions and interest rate
positions. To obtain aVaR for the globa portfolio, subgroup VaRs are smply summed. Since
the sub-portfolio VVaRs are each intended to be calibrated to a 99" percentile, the summation will
overstate global 99" percentile VaR asit alows for no diversification or hedging affects among
the sub-portfolios. Of the banks whose VaRs are among the most conservative, severd make
extensve use of the sub-portfolio addition procedure.

Certain regulatory standards may aso contribute to the VaRs being both conservetive and
displaying limited response to changesin volatility. Regarding the latter, regulatory guidelines
require that VaR estimates reflect market volatility over at least a one-year horizon, which
precludes rapid adjustment to changes in current market volatility. Forecasts may be
conservative in part because regulations require that banks whose globd VaR is an aggregate of
sub-portfolio VaRs must use the smple summation procedure. Further, the only formal
regulatory test of bank VaRsis aone-sided “backtest” -- abank is deemed to have failed the
backtest if there are more than four violaions of VaR over the past 250 days. Thiscanleadto a

10 Another omisson that could introduce systemétic bias in the VaRsis that VaR forecasts for
day t, based on end-of day t-1 positions do not include intraday risk whose effects will be
reflected in end-of-day P&L.

12



higher capita requirement and may provide an incentive for the bank to be conservaivein its
forecast.

To the extent that there are incentives for banks to be conservative, we expect them to be
inversaly related to management’'s confidence in itsmode. Indeed, we find that the VVaRs of
banks 3, 4 and 5 are alot more conservative than those of banks 1, 2 and 6. The former set of

banks has less modeling experience and generdly less sophisticated models than the latter banks.

V. Conclusions

This study has presented the first direct evidence on the performance of Vaue-at-Risk
models for large trading firms. The results show that the VaR forecagts for six large commerciad
banks have exceeded nomina coverage levels over the past two years and, for some banks, VaRs
were subgtantially removed from the lower range of trading P& L. While such consarvative
estimates imply higher levels of capita coverage for trading risk, the reported VaRs are less
useful as ameasure of actud portfolio risk.

Despite the detailed information employed in the bank moddls, their VaR forecasts did
not out- perform forecasts based smply on an ARMA plus GARCH modd of the banks P&L.
Compared to these reduced-form forecasts, the bank VVaRs did not adequately reflect changesin
P&L voldility. These results may reflect substantiad computationd difficulties in congtructing
large-scdle structural models of trading risks for large, complex portfolios. We dso identify
modeling practices and regulatory congtraints that might harm VaR accuracy.

Reduced-form or “time-series’ modds of portfolio P& L cannot account for positions
sengtivities to current risk factor shocks or changesin current positions. However, their
parsmony and flexibility are convenient and accurate for modeling the mean and variance
dynamics of P&L. While the forecasts used here did not account for current positions, the
reduced-form gpproach is amenable to thisif used in conjunction with historical Smulation
methods. In alarger sense, the P& L time series models are complementary to the large-scale
models. The structurd models are forward looking and they permit firms to examine the effects
of individua positions on portfolio risk. Time series modds may have advantages in forecasting
and asatoadl for identifying the shortcomings of the structura mode!.

To acertain extent, our study is limited by the fact that banks only forecast asingle
percentile of the portfolio distribution. Significantly more could be learned about the empirica

13



performance of interna vauation modds if density forecasts were recorded. Density forecast
eva uation techniques described in Diebold, Gunther and Tay (1998) and Berkowitz (2001)
provide researchers with substantially more informetion to assess the dimensionsin which
models need improvement and those in which models do well.
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Table 1. Bank P&L and VaR Summary Statistics

Daily P&L Daily VeR
Obs  mean standard  gg" excess  skew mean number mean

deviation percentile kurtosis VaR violations violation
Banhk1 569 .964 1.00 -1.78 11.63 -993 -1.87 3 -2.12
Bank2 581 .737 1.00 -2.26 453 094 -1.74 6 - 741
Bank3 585 .375 1.00 -2.73 23.87 -313 -441 3 -3.18
Bank4 573 .595 1.00 -1.59 2.31 860 -5.22 0 NA
Bank5 2746 .253 1.00 -2.78 341 -617 -562 1 -775
Bank6 586 .608 1.00 -.967 1421 -825 -1.72 3 -584

Notes. Daily profit and loss data reported by large commercia banks for January 1998 through
March 2000. Each bank’s data are divided by its sample standard deviation to protect the
confidentidity of individud indtitutions. ®Data beginsin May 1997. Mean violation refersto the
lossin excess of the VaR.
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Table 2. Bank P& L and VaR Summary Statistics

August to October 1998
Daily P&L Daily VaR
Obs mean standard minimum excess skew mean number mean

deviation kurtosis VaR violations violation
Bank1l 63 .175 1.76 -7.01 4.58 -1.32  -2.32 3 -2.12
Bank2 64 .076 1.89 -4.26 1.46 787 -2.28 5 -.862
Bank3 65 -.907 1.84 -8.68 7.65 -253 -4.63 3 -3.18
Bank4 63 .045 T73 -1.89 0.99 -434 -4.66 0 NA
Bank5 65 .064 1.60 -5.,51 1.99 -.837 -5.09 1 =775
Bank 6 65 .171 2.28 -14.2 411 -5.92 -1.42 2 -7.99

Notes: Daily profit and loss data as reported by large commercid banks in the wake of the

Russian default crisis, August 1998 to October 1998. For further details on the data, see Table 1.
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Table 3. Corrdations of Profit and Loss and VaR Across Individua Banks

A.P&L Corrdation Coefficients

Bankl1 Bank2 Bank3 Bank4 Bank5 Bank6

Bank 1 1.00
Bank 2 434 1.00
(10.2)
Bank 3 .206 102 1.00
(4.81) (2.39)
Bank 4 .164 .085 .358 1.00
(3.84) (1.98) (8.36)
Bank 5 .053 A71 A17 122 1.00
(2.29) (3.99) (2.73) (2.84)
Bank 6 154 165 197 .108 .108 1.00
(3.60) (3.85) (4.59) (2.52) (2.53)
B. VaR Corrdation Coefficients
Bank1 Bank2 Bank3 Bank4 Bank5 Bank6
Bank 1 1.00
Bank 2 -.033 1.00
(-.777)
Bank 3 122 .207 1.00
(-2.84) (3.02)
Bank 4 .064 =779 -.202 1.00
(248 (-5.72) (-4.72)
Bank 5 -.184 .749 .072 -.742 1.00
(-4.30) (-859) (1.67) (-17.4)
Bank 6 -.404 -.229 -.220 119 131 1.00

(-9.45) (864) (-5.15) (278  (3.06)

Notes: Correlation coefficients for bank profit and loss and vaue-at-risk caculated with a
matched sample of 482 daily observations, t-gatistics are shown in parentheses.
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Table 4. Backtests of Large-Scale VaR Modds

Bank 1

Bank 2

Bank 3

Bank 4

Bank 5

Bank 6

Violaion Rate

0.005

0.010

0.005

0.000

0.001

0.005

Coverage

1.54
[.214]

.00693
[.934]

1.70
[.193]

NA
8.92+*
[.003]

1.71
[.191]

Conditiond
Coverage

1.57
[.455]

4,01
[.135]

8.81*
[.012]

NA
8.93*
[.012]

1.74
[.419]

I ndependence

0321
[.858]

4,00*
[.046]

7.11%*
[.008]

NA
00271
[.959]

0312
[.860]

Serid
Corrdation

-.00533
[.885]

.158*
[.016]

330+*
[.001]

NA
-.00137
[.995]

-.00511
[.885]

Notes. Alternative backtests of large-scae VaR modesin operation at sx commercia banks.
Data are daily and span from January 1998 to March 2000. NA indicates the bank had no
violationsin the sample period. P-vaues are displayed in square brackets. * and ** denote
sgnificance at the 1 and 5 percent levels, respectively.
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Table 5. Backtests of Time-Series Moddl

ARMA(1,1) + GARCH(1,1)
Summary Statistics
Obs Box-Ljung Mean Number Mean
Stat VaR Violations Violation
Bank 1 569 284 -1.21 6 -.829
Bank 2 581 106 -1.42 6 -.362
Bank 3 585 111 -1.41 13 -1.12
Bank 4 573 .356 -1.35 4 -.315
Bank 5 746 2.89 -2.10 12 =772
Bank 6 586 .005 -2.40 2 -7.21
Backtests
Violation Coverage Conditional Independence  Serial
Rate Coverage Correlation

Bank 1 0.011 0.018 3.97 3.96* 0.158*
[.894] [.137] [.047] [.016]

Bank 2 0.010 0.069 0.132 0.125 -0.010
[.934] [.936] [.723] [.436]

Bank 3 0.022 6.57** 11.4** 4.79* 0.134*
[.010] [.003] [.029] [.025]

Bank 4 0.007 0.584 0.640 0.056 -0.007
[.445] [.726] [.812] [.756]

Bank 5 0.016 2.37 4.16 1.787 0.068*
[.124] [.125] [.181] [.050]

Bank 6 0.003 3.43 3.45 0.014 -0.003
[.064] [.179] [.907] [.964]

Notes. Alternative backtests of large-scae VaR moddsin operation a sx quaifying commerciad
banks. P-vauesare displayed in square brackets. Box-Ljung Satistics are for firs-order serid
correlation in the squares of the sandardized GARCH residuds. The 5% criticd vaueis 3.84,
the 10% valueis2.71. * and ** denote sgnificance a the 1 and 5 percent levels, respectively.
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Table 6. Bank and GARCH Modd Comparisons

August to October 1998
Bank VaRs GARCH VaRs

mean  number  mean MaX mean  number mean max

obs VaR  vid vid  vid VaR  vid viol viol
Bank1 63 -2.32 3 -212  -4.70 -2.90 5 -.981 -4.33
Bank2 64 -2.28 5 -.862 -246 -341 3 -.410 -.748
Bank3 65 -4.62 3 -3.18 -4.13 -3.12 7 -1.45 -4.08

Bank4 63 -4.66 0 NA NA -1.71 0 NA NA
Bank5 65 -5.08 1 - 775  -3.29 -2.97 4 -1.35 -2.87
Bank6 65 -1.42 2 -799 -2532 -293 1 -134 -134

Notes. Table compares vaue-at-risk forecasts as reported by large commercia banks during the
period of August 1998 to October 1998 to forecasts from a reduced form modd. The GARCH

VaR forecast isbased on an ARMA(1,1) with GARCH(1,1) with conditionaly Normal
innovations. For further details see Table 1.
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Figure 1. Bank Dally Profit/Loss Ditributions
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Notes. Histograms of daily profit and |oss data reported by large commercia
banks for January 1998 through March 2000. Data are de-meaned and
expressad in standard deviations. See text for details.
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Figure 2. Bank Daily VaR Models
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Notes: Time series of daily profit and loss data as reported by sdected commercia banks for
January 1998 through March 2000 (dotted lines) plotted with forecasts from an interna VaR
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Figure 3. Violations of Banks 99% VaR
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Notes: Plots show the daily P&L for those days on which P&L drops below the forecasted 99"
percentile given the internal bank models. Data are expressed in standard deviations.
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Figure 5. Violations of the 99% GARCH-based VaR
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