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Abstract

Basel penalties originate from VaR violations, based on the type of variance models and the
estimation of VaR thresholds employed by the bank, which leads to excess regulatory capital
charge held and can affect banks’ risk taking ability and thus its profitability. Different
approaches are used to evaluate the performance of variance models and forecasts of the VaR
thresholds i.e. hypothesis tests, back-testing procedures and Basel Accord regulatory
calculations for penalty zones. A multi-criteria performance measure named as analytical
hierarchy process has been introduced in this study. The approach helps in evaluating and
selection of the optimal internal model based on performance evaluation techniques
objectively which, in turn, may help in the selection of best volatility internal model for
reduction in the VaR violations and thus leaving more capital in the hands of the banks for
profitable ventures.
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techniques; multi-criteria decision making
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1. Introduction

Volatility is the focus of market risk measurement, management and reporting exercises.
Measuring the variance or volatility of the market portfolio is at the heart of measuring VaR
threshold for the capital charge of market risk (Bhandari; 2010; Dardac et el.; 2011 & Mehta
et el.; 2012) and thus banks’ compliance with Basel regulations (Anjum; 2018). Under Basel
I1.V and I11, banks are allowed to use insurance risk measures (IRM) approach which make
use of an internal VaR model (IBM; 2011 and Pwc. 2012).

Each bank must, on a daily basis, meet the level of market risk capital requirement expressed
as the higher of its previous day’s VaR number and an average of the daily VaR measures on
each of the preceding sixty business days, multiplied by a multiplication factor which depends
on the back-testing performance of the VaR model (Sharma; 2011 & Stretton et el.; 2011).
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Various performance measures are used in order to compare different variance models and
VaR estimates which can be broadly categorized as back-testing procedures, hypothesis tests
and regulatory calculations (koh et el.; 2012 & Rowe et el.; 2011). Besides, McAleer et. el.
(2006) has used linear regression approach to assess the performance of VaR measure. Alt-
hough VaR can be compared for individual models, multi-criteria analysis may, however,
provide precise assessment.

This study presents a novel approach in using multi-criteria based performance measures for
the comparison of single index volatility models (SIVM) and portfolio volatility models
(PVM) based on analytical hierarchy process (AHP). It has been divided into five sections:
introduction in section 1, literature review in section 2, data description and methodology in
section 3, results and analysis in section 4 and finally conclusion is presented in section 5.

2. Literature review

Broad spectrum of banking risk and related approaches are found in literature. Using non-
parametric and Copula approaches, Huynh et el. (2020) has suggested that risks in portfolio
stock returns of Vietnamese banks because of contagion aspects may be diverted through di-
versification. Various studies have also used the magnitude of the average violations (AV)
(arising from using different models to forecast the VaR threshold), the size of the average
capital charge (ACC) and average deviation (AD) of VaR Violations (ADVV) in order to
compare various volatility models for forecasting VaR threshold. Some have also derived
likelihood ratio (LR) tests of unconditional coverage, serial independence and conditional
coverage which have been adapted to evaluate VaR threshold forecasts (McAleer et. el.;
2006).

Various performance measures and approaches are used in literature. Le et el. (2020) have
shown that optimal ratios, reflecting Basel-III’s minimum common equity ratio and estimated
using fully-modified and dynamics OLS models on UK and Australian banking data from
2000 to 2019, perform better than stricter capital ratio does not to improve bank profitability
and efficiency. Ngo et el. (2018) has incorporated credit risk into the estimation of estimated
efficiency scores by incorporating credit risk into the applying directional distance function
and semi-parametric framework on panel data from 2000 to 2015 and has found no evidence
of impact of technological progress on ASEAN banks is found. Sugiarto et el. (2020) has
found that expected credit loss (ECL) model in IFRS 9 (i.e. PSAK 71) in calculating impair-
ment loss allowance (CKPN), using integration of Markov chain, exponential smoothing, time
series analysis of behavioural inherent trends of probability of default, tail conditional expec-
tation and Monte Carlo simulations for Indonesian banks is more prudent than the implemen-
tation of impairment in financial instruments in incurred loss model of PSAK 55. Discussions
can also be found about: risks in Shariah banks in Anjum (2013a, 2015a&b), banking risks
and operating efficiency in Shamim (2015), technology diffusion in Japanese banks in
Shamim (2013), scenario based cases in Chaudhary et. el. (1996), systematic risk outliers in
Anjum (2014a), VaR violations in Anjum (2014c) and ranking based on fuzzy scales in Anjum
(2014e) and clouds computing in Anjum (2017a&b).

VaR calculations for Performance measures as well as comparison of various volatility
models for variance-covariance matrix require various steps. Performance measures can be
broadly categorized into regulatory test measures (RTM) and hypothesis test measures (HTM)
of unconditional and conditional coverage (Sharma; 2012). McAleer et. el. (2006) and Sharma
(2012) have used three likelihood ratio based hypothesis test measures called unconditional
coverage test (UCT), the serial independence of violations test (SIVT) and the conditional
coverage test (CCT) whereas the later has also used regulatory back test (RBT) and the former
has also used a linear regression approach (LRA). In LRA, volatility forecasts are regressed
on the realized volatility, in order to compare the forecasting performance of various SIVMs
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and PVMs where equal portfolio weights which are constant over time have been assumed for
forecasting period from April 1998 to Nov. 2004 for Datastream datasets of S&P500,
FITSE100, CAC40 and SMI indexes to forecast the 1-day ahead conditional correlations,
conditional variances and VaR thresholds.

The SIVT is the LR statistic for the null hypothesis of serial independence against the
alternative of first-order Markov dependence. LR test for conditional coverage test (a joint
hypothesis test of unconditional coverage and independence of exceptions) is the sum of the
unconditional coverage LR statistic and the independence LR statistic. Furthermore, the Basel
Accord imposes penalties in the form of a higher multiplicative factor k on banks which use
models that lead to a greater number of violations than would reasonably be expected for
confidence level of 1%. The other two performance measures, i.e. the ACC and ADVYV are
obvious ones. The empirical results based on various criteria offer mixed evidence on the
relative performance of the VaR threshold forecasts produced by the SIVMs and PVMs.
Results for these three tests for SIVMs and PVMs have been used to derive VaR.

Based on LRA, conditional volatility models (CVM) estimated using a t-distribution tend to
display marginally superior forecasts, the only exception being the portfolio CCC model. In
all cases, the portfolio models outperform the SIVMs based on R?, which suggests that the
PVMs leads to superior forecasts of the conditional variance of the PVMs compared with their
single index (SI) counterparts. In short, the existing literature applies various while methods
to measure the risks in banks, banking tock returns or performance measures in silos, however,
it falls short of providing a multi-criteria based performance measures for the comparison of
various SIVM and PVM in order to avoid BASEL penalties.

3. Data description and methodology

The current study argues that any inference based on any one of the above mentioned seven
criteria (7CRIT) described in McAleer et. el. (2006) may be overly simplistic. A new approach
uses AHP in order to rank the seven criteria. These 7CRIT are named as UCT, SIVT, CCT,
mean number of VaR violations (NOV or 'k’), mean daily capital charge (MDCC), average
deviation of VaR violations (ADVV) and R? as measure of forecasting Performance (MFP)
for the back-testing LR based on the method used by McAleer et. el. (2006). The hierarchy of
various criteria is shown in Figure 1.

The calculation of relative scores, based on the practical importance of each criterion, uses
AHP’s pair-wise comparison matrix (PWCM) (Anjum 2013b & 2014b). Results for
normalized PWCM, rounded to three decimals for weights, are shown in Table 1. By solving
the eigenvector equation, the maximum eigenvalue Amax, the relative importance of each
criterion is obtained (Bonissone; 1988) whose incommensurate values for MDCC, NOV,
ADVV, MFP, CCT, UCT and SIVT are 0.356, 0.246, 0.185, 0.097, 0.056, 0.038 and 0.022
respectively. The value of Amax is the average of consistency vector. Our consistency index
(i.e. Cl = (Amax -n)/(n-1) & n=7) is 0.0995. Value of random consistency ratio (RI) for a matrix
size of 7x7 is 1.32 from the table. Finally, we have calculated consistency ratio i.e. CR = CI/RI

Figure 1. Various Criteria and Sub-criteria used to Rank various VaR Measures.

Various Criteria and Sub-criteria used to Rank various VaR Measures

v v v : v v v

UcT SIVT CCT MFP NOV MDCC ADVV

Note: The descriptions of the Abbreviations used in this diagram have been provided in the text.
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Table 1. Normalized Pair-wise Weight Matrix.

MDCC NOV ADVV ~MEFP CCT UCT SIT
MDCC 0.7 214 3.37 0.014 0 135 3.54
NOV 454 277 406 0.124 3.66 4.53 4.13
ADVV 5.49 0 3.68 0.022 027 164 0
MFP 488 2.06 3.68 0.022 0.27 4.09 3.44
CCT 576  2.22 403 0.122 359 417 3.63
UCT 4.7 3.8 412 0125 3.69 4.05 4.4
SIT 576  2.22 403 0.168 512 421 3.63

Priority Vector 3.6 3.88 38 0175 536 3.88 4.37

Note: Diagonal cells in the "original PWC matrix", with same order of seven criteria, carries the value
of 1 while the entries in the other cells with row-column combinations of 1-2, 1-3, 1-4, 1-5, 1-6, 1-7,
2-3, 2-4, 2-5, 2-6, 2-7, 3-4, 3-5, 3-6, 3-7, 4-5, 4-6, 4-7, 5-6, 5-7 and 6-7 are 2, 3,5, 7,8, 9,2, 4,6, 7,
8,3,57,9 35,5, 3, 4and 4. The entries in other cells are reciprocal to just mentioned non-diagonal

entries.
Table 2. Basel Accord Penaltx Z0nes gBAPZZ.

Zone NOV Increase in 'k' score

Green Oto4 0.00
5 0.40

Yellow 6 0.50
7 0.65
8 0.75
9 0.85

Red >10 1.00

Note: (1) Number of violations is given for 250 business days. (2) NOV > 10 is k = 1 (Basel Reg-

ulation).

Figure 2. BAPZ based Disutility Function (BDF).

Yellow Zone
Incr=zss in'¥ soore: (k=1

E Blad Zome: K Score of 1

- ot
Green Zome: W Scorzad 0
1

Lower Bounday KOV =0-4 NOW =5-9 Upper Basndarye WOV = =10

whose value was 7.54% and as it is below 10%, our AHP matrix was consistent meaning that
there was no issue of decision reversibility (Anjum 2014d).

Transformation of all the criteria to a range of 0 to 1 has been achieved by using Kramer
(2008) style utility function based on 'k’ penalty factor for NOV criteria (Table 2 and Figure
2).

If the NOV is less than or equal to 4, then value for k = 0 and if NOV exceed 9, then value
for 'k" is 1. Any NOV value between 4 to 10 can be solved by using MinMax function. This
has been shown in Table 2 and Figure 2 entitled Basel Accord Penalty Zones (BAPZ) along-
with corresponding Disutility function showing that the more the NOV, the more the value
for 'k' thus adding more disutility to the bank because of increasing capital charges. The daily
capital charge for the trading book (Cy) is given as the negative of regulatory factor (p) (i.e.
3+k) times the greater of the previous day’s VaR or the average VaR over the last 60 business
days, where k is the Basel |11 penalty (McAleer; 2006).
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Table 3. Rules for Performance Evaluation Criteria.

Criteria Rule Criteria Rule
MFP (R?) Max value is better CCT Higher Value is bad and a Value of over 6
will fail the test
MDCC Higher Value is UCT Higher Value is bad and a Value of over
bad 3.5 will fail the test
ADVV Higher Value is SIVT Higher Value is bad and a Value of over 2
Bad will fail the test

References: McAleer et el. (2006), Sharma (2012).

Table 4. Normalized Scores in % of Single Index Volatility Models based on Individual Criteria

and Combined Criteria glast Column!.

MDCC NOV ADVV R? R? CCT UCT SIT NGS
based based based Values® based based based based Final
Rank Rank Rank Rank Rank Rank Rank Rank

Name Single Index Models
Std. Normal 0.7 2.14 3.37 0.014 0 1.35 3.54 1.48 1.76
Riskmetrics™ 454  2.77 406 0124 366 453 4.13 41 3.87
ARCH 5.49 0 3.68 0.022 0.27 164 0 415 271
ARCH-t 488 2.06 3.68 0.022 027 4.09 344 415 3.37
CcCC 5.76  2.22 403 0122 359 417 3.63 41 4.05
CCC-t 4.7 3.8 412 0125 3.69 4.05 4.4 347 417
GJR 576  2.22 403 0168 512 421 363 414 4.18
GJR-t 3.6 3.88 38 0175 536 388 437 333 3.9
EGARCH 5.82 2.46 443 0168 512 436 3.87 412 436
EGARCH-t 4.64 4.2 384 019 6.06 256 414 222 4.26
PGARCH 591 254 468 0177 5.42 44 394 411 449
PGARCH-t 4.69 4.2 393 0193 596 256 414 222 429

Note: Footnote (1): R? Values are from McAleer et. el. (2006).

The multiplicative factor p is set by the local regulators, but must not be lower than 3. The
regulatory factor (p) can range from a minimum value of 3.0 to an addition of a penalty based
on back testing performance of the VaR model for market risk. The rest of the 6CRIT i.e.
UCT, SIVT, CCT, MDCC, ADVYV and MFP have been brought within the scale of 0 to 1 by
directly using the MinMax function on the realized values.

The rules for criteria UCT, SIVT, CCT, NOV, MDCC, ADVYV and MFP for the back-testing
linear regression based method may be stated as that less value of NOV is preferred over the
higher value and for any criteria or sub-criteria, MinMax will make the higher scores
preferable over the low scores (inverse values have been inverted to make all the values as per
this rule). The rules for the other six criteria and the scoring method used have been provided
in Table 3.

Moreover, we have calculated the numerical score for each criteria of the univariate and
multivariate variance models by multiplying the AHP weights with its MinMax based score
of each criterion. These results have been shown in table 4 and table 5. The most common
aggregation method is linear weighted addition which is applicable if all the criteria are in
commensurate units (Al-Harbi et el.; 2001) as are in our case. In this way we have obtained
the normalized scores for both single index models and portfolio models as are shown in last
column of the Table 4 and Table 5.
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4. Results and analysis

Based on the UCT, with the exception of Riskmetrics™ and EGARCH, all the SVIMs, which
assume normality, has failed i.e. they lead to a significantly greater number of violations than
expected. The SIVMs estimated under the assumption that the returns follow a t-distribution
performed far better, with the ARCH model being the only model to fail the UCT due to an
excessive number of violations. Based on LRA, CVM estimated by McAleer (2006) using a
t-distribution also tend to display marginally superior forecasts, the only exception being the
portfolio CCC model. Virtually all of the normally distributed SIVMs are found to lead to a
greater number of violations on the basis of the UCT. PVMs perform quite poorly, with ten
of the sixteen models considered failing the UCT. It is worth noting that the PVMs fail the
UCT and for a different reason i.e. because they lead to an insufficient number of violations.
SIVMs lead to an excessive number of violations, while the PVMs have too few violations
(McAleer et. el.; 2006). UCT rejects VaR models with either very high and very low coverage.

Based on the SIVT, a VaR method that does not adapt to high volatility conditions and
produces clustered exceptions will fail SIVT (Sharma; 2012). As per the study by McAleer
et. el. (2006), five SIVMs fail the SIVT and four of which assume that the returns follow a t-
distribution. However, only two of the PVMs fail the serial independence test, both of which
assume normality suggesting that serial independence test favors the portfolio model.
Regarding CCT, eight of the twelve SIVMs fail it and eight of the sixteen PVMs also fail it.
Based on MDCC for SIVMs and PVMs, the worst performing models are the SIVMs and
PVMs which are standardized normal, which would lead to average daily capital charges of
12.92% and 12.33% respectively.

Table 5. Normalized Scores in % of Portfolio Volatility Models based on Individual Criteria and
Combined Criteria in last Column.

MDCC NOV ADVV R? R> CCT UCT SIT NGS
based based based Values' based based based based Final
Rank Rank Rank Rank Rank Rank Rank Rank

Name Portfolio Models
Std. Normal 0 206 3.42 0.014 0 008 344 033 142
Riskmetrics™ 5.26 2.69 423 0129 383 447 408 409 412
ARCH 452 341 3.73 0021 023 477 443 413 371
ARCH-t 2.79 4.2 403 0.021 023 458 414 415 342
CCC 3.86 4.36 3.89 0.14 419 444 394 415 4.07
CCC-t 169 4.83 0 0.139 4.16 3.6 275 416 261
GJR 3.81 4.36 386 018 569 445 394 415 4.18
GJR-t 161 475 3.69 019 586 382 306 415 349
EGARCH 3.85 4.44 4.02 0.198 6.12 436 3.82 415 4.26
EGARCH-t 1.64 475 395 0198 6.12 382 306 416 357
PGARCH 3.74 444 3.99 0.199 6.16 0 382 0 3585
PGARCH-t 15 475 3.92 0.201 6.22 382 3.06 416 3.53

VARMA-GARCH 3.77 444 406 0146 439 436 382 415 411
VARMA-

GARCH-t 153 4.83 0.79 0.133 3.96 36 275 416 271
PS-GARCH 265 4.36 411 0136 4.06 445 394 415 3.73
PS-GARCH-t 1.29 4.83 0.66 0.147 443 36 275 416 264

Note: Footnote (1): R? Values are from McAleer et. el. (2006).
The best performing models are the SI-EGARCH and SI-PGARCH models, which would
lead to average daily capital charges of 7.97% and 8.04%, respectively. With the exception of
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the Riskmetrics™ model, all SIVMs lead to lower daily capital charges than the corresponding
PVMs suggesting that the penalties imposed under the Basel Accord may not be sufficiently
severe, as Basel Accord tends to favor models which lead to an excessive number of violations
(Ahmed; 2014). Furthermore, all the SIVMs which are estimated assuming a t-distribution
lead to higher capital charges than the equivalent models estimated under a normal
distribution. From a regulatory viewpoint, the portfolio model may be preferred as it is likely
to lead to fewer bank failures, while banks are likely to favor the model which leads to the
lowest costs. Although these results might seem to offer support for the use of these two
SIVMs, it is important to note that the SI-EGARCH and SI-PGARCH models lead to 30 and
31 violations, respectively, larger than their t-distribution counterparts. Overall, the numbers
of violations are considerably greater for the SIVMs than for PVMs (McAleer et. el.; 2006).
The first, second, third and fourth highest ratio scores had gone to P-CCC-t, P-PS-GARCH-t,
P-VARMAGARCH-t and P-EGARCH-t respectively while P-PGARCH-t and P-GJR-t were
both at fifth position.

5. Conclusion

The results are interesting especially if we compare it with McAleer et el. (2006) and Sharma
(2012). The portfolio approach was found to yield superior portfolio volatility forecasts based
on the linear regression approach. SIVMs lead to an excessive number of violations, while the
PVMs have too few violations. SIVMs led to lower daily capital charges based on the Basel
Capital Accord penalties, as compared to PVMs. Finally, in SIVMs, the models which display
correct conditional coverage led to higher capital charges than models which led to excessive
violations.

These results seemed to suggest that the penalties imposed under the Basel Capital Accord
may be too lenient, and tended to favor models that had an excessive number of violations, as
well as models that were found to be sub-optimal based on various performance criteria.
Overall, the 'PGARCH' and 'Riskmetrics™" are the most superior model while 'Std. Normal'
is the least preferred models (in both) in SIVMs and PVMs respectively. Based on Number of
Violations criteria, the PGARCH-t & EGARCH-t are the most superior models and ARCH as
least preferred one amongst SIVMs while 'Std. Normal' is the least preferred model and PS-
GARCH-t and VARMA-GARCH-t are most preferred models amongst PVMs.

Disclaimer

The research is meant for academic purposes only and authors or any affiliate organizations
are not liable for any application of this research in practical settings.
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