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ABSTRACT
This study estimates value-at-risk (VaR) to measure foreign exchange risk in Indonesia’s 
banking industry using quantile regression (QR) approach. Four large banks whose 
capital and assets were the biggest were observed, and their selection was based on 
their market share in the industry. To compute VaR, data on each bank’s day-to-day 
gain/loss between 1 January 2016 and 9 February 2021 were examined, and they 
involved records of all transactions involving six foreign currencies. According to results 
of a backtesting analysis using dynamic quantile (DQ) test at a 95% confidence level 
performed in this study, VaR estimation of each bank’s gain/loss on foreign currency 
transactions generated using QR regression approach demonstrates an excellent 
predictive performance, with an average of 95% accuracy level. The contribution of this 
article lies in the development of an internal model that produces better risk mea
surements, a model that has not yet gained widespread usage in empirical research 
within the context of Indonesia.

1.  Introduction

Global financial integration arising along with the rapid advancement of information technology has 
promoted integration of the banking industry into regional and global economies. With that being said, 
banks’ foreign exchange transactions—either to meet customers’ needs or to fulfill their needs for hedg-
ing as well as asset and liability management—rise. Al Janabi (2007) found a rapid increase in derivative 
(forex) trading along with an increase in international linkages among companies. More varied activities 
and increasingly complex foreign exchange products in the financial market have increased exposure to 
risks as a result of changes in exchange rates, making precise measure and sound management of banks’ 
foreign exchange risks crucial. More specifically, the 2007–2009 global financial crisis has highlighted the 
importance of developing methods to measure market risks (Bautista & Mora, 2021).

Amendments to the Basel II allow banks to use value-at-risk (VaR) in the measurement of market risks, 
particularly if banks adopt an internal model approach. VaR is an estimate of potential loss for an invest-
ment as a result of market risk factors in certain period of time and with certain confidence level. When 
using internal models, banks possess discretions and flexibility in their use of VaR models. Nevertheless, 
there is a critical issue in market risks, namely inaccuracy of the risk estimation (Bautista & Mora, 2021). 
This inaccuracy stems from the use of various VaR models that leads to different risk sizes.

A study by Hermsen (2010) demonstrated how different banks implemented different VaR models, 
particularly in how cautious they were in accommodating some stylized facts in typical return time 
series. Numerous study results demonstrating unconditional return distribution of exchange rate revealed 
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non-normal distribution of stylized facts and their tendency for volatility clustering. To date, VaR esti-
mates using all types of GARCH models and various error distribution patterns remain one of the most 
successful methods used to measure market risks based on return distribution patterns (see, for example, 
Berger & Gençay, 2018; Dimitrakopoulos et  al., 2010; Emenogu et  al., 2020; Hansen & Lunde, 2005; 
Hermsen, 2010; Jiang et  al., 2020; Smolović et  al., 2017).

However, Kuester et  al. (2005) stated that estimating VaR using parametric GARCH model requires 
valid distributional assumptions and volatility structure, which are often unknown. Selection of GARCH 
model is highly influenced by conditional volatility output (Khan et  al., 2019; Naqvi et  al., 2019). When 
selecting a model to use, the use of likelihood-based method such as Akaike Information Criterion (AIC) 
or Bayesian Information Criterion (BIC) is solely based on the fitting of distributional assumptions to the 
data that may cause overfitting. On the other hand, Quantile Regression (QR) approach is a method 
developed to measure VaR without any unconditional return distribution assumptions. Since the devel-
opment of Conditional Autoregressive Value-at-Risk (CaViaR) by Engle and Manganelli (2004), the quantile 
approach has been widely used in numerous empirical studies to estimate VaR. Numerous studies exhib-
ited that the performance of quantile regression in predicting VaR was better than that of GARCH mod-
els (see, for example, Adrian & Brunnermeier, 2016; Chen et  al., 2012; De Lange et  al., 2022; Dumitrescu 
et  al., 2012; Rubia & Sanchis-marco, 2013; Wu, 2020; Xiao et  al., 2015).

According to Xiao et  al. (2015), quantile regression (QR) demonstrates special properties including its 
robustness in non-Gaussian distribution and insensitivity to outliers, making it a suitable VaR estimation 
method in the measurement of market risks. However, this particular model has not gained widespread 
usage in empirical research within the context of Indonesia. Therefore, this aspect constitutes a contribu-
tion of this paper. To demonstrate how crucial QR method for estimating VaR is, this study aims to test 
suitability of QR for measuring foreign exchange risks in Indonesia’s banking industry. The objects under 
investigation are the four banks with the largest capital, assets, credit exposure and third-party funds in 
Indonesia. In their study, McKinsey predicted that Indonesia’s economy will be the seventh biggest econ-
omy in the world in 2030 and is currently the biggest economy in southeast Asia. Economic turmoil in the 
country potentially affect the economy of other countries within the region. Risk management in Indonesia’s 
banking industry is both important and interesting to discuss given Indonesia’s bank-based financing sys-
tem. Banks that are resilient to external shocks make a great support for the country’s economic stability.

The use of each bank’s individual data on gains and losses incurred from its trading activities makes 
this study even more compelling. Individual data is critical given the rapid advancement as well as 
greater variety and complexity of commercial banks’ trading account.

In the following section of this paper, or in Section 2, a literature review is presented, while in Section 3, 
dynamic QR specification and backtesting procedure are detailed. In Section 4, results of the estimate model 
as well as VaR forecasting and backtesting results are presented, followed by a conclusion in Section 5.

2.  Literature review

VaR estimation has been a standard measure of market risks since the passing of Basle II Agreement in 
2004. However, one key issue in market risk management is now lying at its measurement. Availability 
of various VaR models has resulted in different risk sizes. In a survey, Boothe and Glassman (1987) found 
that, in numerous empirical studies, the foreign exchange returns tended to be heavy tails, asymmetry 
and volatility clustering in the distribution. In response to the situation, a number of methods have been 
developed and implemented. One of the most popular VaR estimates is the GARCH model under various 
distributional assumptions.

Smolović et  al. (2017) investigated numerous GARCH models to estimate VaR in Montenegrin 
emerging market and found that (ARMA (1, 2)–TS GARCH (1), ARMA (1, 2)–T GARCH(1,1) with 
Student-t distribution and ARMA (1, 2)–EGARCH(1,1) with reparameterized unbounded Johnson dis-
tribution [JSU] passed the Christoffersen test at a 95% confidence level. Berger and Gençay (2018) 
adopted GARCH, GJR-GARCH and FIGARCH by classifying conditional volatility into different compo-
nents, namely short, mid and long-run to improve accuracy of daily VaR forecast. This empirical 
study involved data on stock returns in DJIA index. Emenogu et  al. (2020) applied nine GARCH 
models to estimate VaR of Total Nigeria Plc’s daily stock returns and concluded that eGARCH dan 
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sGARCH were the best models for normal innovations while NGARCH was more suitable for student-t 
innovations.

Another highly popular method used to estimate VaR in numerous financial markets in developed coun-
tries is quantile regression. Following the development of CaViaR model by Engle and Manganelli (2004), 
numerous empirical studies adopted a quantile-based approach to measure VaR. Xiao et  al. (2015) applied 
QR approach to estimate VaR in the International Equity Markets, and results showed that QR was a robust 
method of estimate. Similarly, Wu (2020) adopted CaViaR to estimate VaR in three different stock market 
indices in China and found suitability of the model for Shanghai Security Composite index (SSEC), Shanghai 
Stock Exchange B Share index (SHBSHR) and Shenzhen Security Component index (SZSC). While conducting 
a study into the emerging market, Bautista and Mora (2021) found empirical evidence showing how robust 
the CaViaR model was in estimating VaR in Market Integrated Latin America (MILA) and ASEAN-5 stock 
markets. De Lange et  al. (2022), on the other hand, used QR to develop VaR forecasting model by incor-
porating implied volatility as an explanatory variable into the model and made the model forward-looking, 
ensuring the ability of VaR estimates to reflect all relevant information concerning risk factors. In this study, 
QR approach was found to be a better model for EUR/USD compared to other traditional models.

After comparing QR method with other traditional distributional-assumption-based methods such as 
GARCH, Xiao et  al. (2015) stated that QR was robust for non-Gaussian distributions. Unlike GARCH that 
requires presence of assumptions about return distribution pattern, QR mainly focuses on local behavior 
of conditional return distribution in certain quantiles. As a result, QR estimation is insensitive to outliers 
often found in financial return data series. This study aims to apply QR method to estimate VaR in 
Indonesia’s banking industry. The QR method, along with the comparison between QR’s predictive per-
formance and that of GARCH specifications, has been widely studied. However, studies that specifically 
address the emerging markets, particularly Indonesia’s banking industry, remain non-existent. Although 
Bautista and Mora (2021) implemented the CaViaR model in ASEAN-5 and Market Integrated Latin 
America (MILA), both of which are emerging markets, their study focused on foreign exchange risk in the 
stock market and not in the banking industry.

3.  Methodology

Estimation of VaR using GARCH approach is able to capture the special characteristics of financial data 
namely heavy tails, asymmetry and volatility clustering. However, Kuester et  al. (2005) claimed that 
obtaining optimal estimation results using volatility dynamics specification is impossible and proposed 
the use of QR approach in VaR estimation instead. This study estimates VaR for foreign exchange risk in 
Indonesia’s banking industry by adopting the QR approach.

Four banks with the largest capital and assets were selected based on their total market share in the 
industry to represent the entire industry. Banks with the greatest capital and assets are also highly com-
plex and, therefore, exposed to higher foreign exchange risks. The four sample banks in this study are 
classified under the BUKU 4 business group. BUKU 4 refers to Commercial Banks for Business Activities 
with a core capital equal to or greater than 30 trillion Indonesian rupiah (IDR). These banks dominate 
the market share in terms of assets and credit, accounting for 67.5% of the total banking assets and 
credit in Indonesia in 2020.The banking structure in Indonesia is highly oligopolistic, dominated by the 
market share of four major banks (which are the subjects of our research). Therefore, the four banks we 
study can accurately represent the condition of the banking industry in Indonesia. In other words, these 
four major banks serve as a representative sample for the industry.

Quantile Regression model (Davino et  al., 2014; Koenker, 2005):

	 Q y x xq q|( ) = ′β � (1)

with quantile 0 1< <q . Coefficient Quantile Regression β
^

q of q-quantile is to determine the value βq in 
such a way that minimizes the objective function:

	 Q q y x q y xq

i y x
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with 0 1< <q . Different quantile q will result in different quantile regression coefficient †q

ɵ
. In VaR anal-

ysis, q values are normally 0.01 or 0.05.
According to Adrian and Brunnermeier (2016), VaR can be estimated using quantile regression equa-

tion, with y being a dependent variable and M being independent variables, and where M are macro-
economy variables:

	 y M
q t q q t t,
= + +−α γ ε

1
� (3)

VaR is y generated using the above quantile regression equation:

	 VaR M
q t q q t,
= + −α γ

1
� (4)

Conditional q-quantiles of the gains/losses resulting from bank transactions were estimated using pre-
dictor variables of macroeconomy, including inflation rate, IDX Composite, yield from three-month Surat 
Berharga Negara (SBN) and foreign exchange volatility. To estimate VaR using QR approach, data on 
gains/losses from all bank transactions related to the six foreign currencies were collected from each 
bank’s internal sources. Therefore, the data used in this study consists of bank-level data, specifically the 
gain-loss data from daily foreign exchange trading activities of each bank.

This paper uses the CoVaR model, which employs quantile regression, for the purpose of calculating 
the conditional quantile value per observation. It focuses on the method of calculation rather than the 
type of its input data. Quantile regression models do not require the input to be return data (Koenker, 
2005). This is similar to the VaR model, which also does not require its input data to be returns; instead, 
the VaR model commonly uses gains/losses expressed in currency values, such as USD/IDR. The use of 
gain/loss data is an advantage of our research. With this data, the VaR estimation we obtain depicts the 
maximum potential loss that a bank can experience in nominal terms. This nominal amount information 
is crucial for banks in establishing the minimum reserves needed to cover market risks arising from 
exchange rate movements. Such critical information would be unattainable if we relied solely on exchange 
rate return data.

Numerous VaR estimation methods have been developed; therefore, evaluation of VaR’s predictive 
ability is crucial. In this study, backtesting procedure was used to evaluate accuracy of VaR prediction 
results, and dynamic quantile (DQ) test by Engle and Manganelli (2004) was performed.

4.  Results

4.1.  Data and descriptive statistics

VaR estimation to measure foreign exchange risk in this study was performed using data on daily gain/
loss from transactions of six foreign currencies carried out by each of the four banks namely Bank_A, 
Bank_B, Bank_C and Bank_D between 1 January 2016 and 9 February 2021. Data were collected from 
internal data sources of each bank.

The descriptive statistics for daily gain/loss data within the period is presented in Table 1. Panel A, 
Panel B, Panel C and Panel D are for Bank_A, Bank_B, Bank_C and Bank_D respectively.

The skewness values presented in Table 1 demonstrate asymmetrical distribution in gain/loss dataset 
in the study, with kurtosis values showing presence of excess kurtosis (leptokurtic), an indicator of heavy 
tail in the data distribution. The magnitude of skewness and kurtosis indicates that the use of the QR 
model for the data in this study is appropriate because QR is a robust approach for non-Gaussian distri-
butions, as stated by Xiao et  al. (2015).

Conditional q-quantiles of the gains/losses resulting from bank transactions were estimated using 
predictor variables of macroeconomy, including inflation rate, IDX Composite, yield from three-month 
Surat Berharga Negara (SBN) and foreign exchange volatility. The descriptive statistics are shown on 
Table 2.
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4.2.  Results of VaR estimation using quantile regression

To estimate the one-day-ahead Value at Risk (VaR), the research data is divided into two parts. The 
in-sample data covers the period from 1 January 2016 to 27 January 2019, and the out-of-sample data 
starts from 28 January 2019. The in-sample data is used to estimate the Quantile Regression (QR) model, 
while the out-of-sample data is used to forecast VaR from the QR modeling, resulting in 595 VaR fore-
casts. Results of VaR estimate involving 4 banks and 6 foreign currencies (USD, EUR, AUD, SGD, JPY and 
GBP) are presented in Figures 1–4. It is apparent that, within the period, VaR of almost all banks increased 
in early 2020 when the first Covid-19 cases was reported. VaR was the highest in the second quarter of 
2020, during the first wave of the Covid-19 pandemic in Indonesia.

The descriptive statistics of VaR estimates are presented in Table 3. It is can be seen that the greatest 
possible losses incurred from daily USD transactions carried out by the banks studied, ranging from 
−18,491.5997 million to −528,517.2131 million. As can be seen in Figure 1, the greatest loss was between 
early and mid-gggg2020, beginning from Covid-19 cases in Indonesia were first confirmed to the first 
wave of the Covid-19 pandemic in the country.

4.3.  Evaluation of VaR-QR

To assess performance of VaR using QR approach, backtesting using Dynamic Quantile (DQ) test from 
Engle and Manganelli (2004) was performed. The DQ test operates by examining whether the violations 

Table 1.  Descriptive statistics for daily gain/loss (in IDR).
Mean SD Skewness Kurtosis

Panel A: Bank_A
  USD-IDR 174,730,600.5162 433,599,071.4133 3.2109 46.6851
  EUR-IDR 17,940,700.2114 55,580,022.8316 3.4536 35.9060
  GBP-IDR 6,287,392.7317 22,241,679.7964 2.0653 29.7712
  JPY-IDR 68,364.9770 890,342.7421 17.2391 325.8489
  AUD-IDR 3,622,778.7824 11,982,712.3905 4.1644 76.7356
  SGD-IDR 641,823.0911 8,203,667.0866 18.4590 380.8308
Panel B: Bank_B
  USD-IDR 521,129.4428 16,062,406,722.9773 −2.7892 92.1796
  EUR-IDR −1,141,305.7655 1,205,573,602.0223 −2.6610 290.6615
  GBP-IDR −70425.0253 164,653,431.7395 1.1555 135.0045
  JPY-IDR −210,619.0757 1,097,747,063.8228 −1.7890 244.9481
  AUD-IDR −1,354,330.3354 500,487,821.6743 0.0203 97.8843
  SGD-IDR −3,288,051.2017 3,403,478,341.1714 −2.6272 301.1306
Panel C: Bank_C
  USD-IDR −8,476,582.4388 6,105,085,130.5660 0.0230 9.9184
  EUR-IDR −6,033,492.9214 6,589,028,278.9929 −9.4168 367.9038
  GBP-IDR 6,659,638.3817 1,411,988,772.1771 −0.5156 58.7247
  JPY-IDR −718,015.7678 1,283,570,087.1585 0.7320 13.3381
  AUD-IDR 3,934,814.8533 697,186,668.6889 −1.6302 35.2329
  SGD-IDR −1,788,238.7661 710,185,539.6058 −0.4781 23.2202
Panel D: Bank_D
  USD-IDR 21,496,671,768.9089 687,332,394,481.4010 34.2359 1,215.0845
  EUR-IDR 275,452,643.6466 32,900,278,442.6181 0.5015 25.7043
  GBP-IDR −27,695,526.1369 16,504,727,370.3256 −0.1152 9.1405
  JPY-IDR 18,227,875.9884 20,710,648,521.4170 0.2737 22.5799
  AUD-IDR 97,731,323.2506 74,135,831,539.8306 0.1856 0.1856
  SGD-IDR −608,400,658.4478 92,126,815,764.5202 −0.1506 14.4677

Table 2.  Descriptive statistics for predictor variables of macroeconomy.
Volatility

AUD EUR GBP JPY SGD USD Inflationa IDX compositea GBY3Ma

Mean 0.8245 0.6592 0.7289 0.6449 0.5625 0.4863 2.2023 5840.4249 4.3445
Median 0.7299 0.5641 0.6856 0.5730 0.4860 0.3568 2.8642 6209.1200 5.9000
Standard deviation 0.2481 0.2260 0.3422 0.3150 0.2691 0.3117 0.6685 600.7553 1.1594
Kurtosis 9.4444 7.7858 0.1433 1.1246 0.7407 1.2690 −1.7439 −0.2265 −1.5493
Skewness 2.5276 2.8430 0.5358 1.1262 1.0867 1.4245 −0.0751 −0.9989 0.4893
Minimum 0.6218 0.5569 0.1320 0.2616 0.2280 0.1602 1.3233 3937.6300 3.0750
Maximum 2.6544 1.7885 2.0126 1.8562 1.6767 1.5810 3.1222 6547.8800 6.2360
aCEIC Global Database (https://www.ceicdata.com).

https://www.ceicdata.com


6 S. SAADAH ET AL.

(or ‘hits’) of the VaR threshold are independent and identically distributed over time. A violation or hit 
occurs when the actual loss exceeds the VaR estimate. The DQ test is considered an enhancement over 
traditional backtesting methods because it not only checks the frequency of VaR violations but also 

Figure 1.  VaR estimation results for Bank A.

Figure 2.  VaR estimation results for Bank B.
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their independence over time, as detailed in Section 5 of their article. Backtesting is performed to val-
idate accuracy of VaR generated as well as its consistency with data. Results of backtesting with a 95% 
level of confidence are presented in Table 4.

Figure 3.  VaR estimation results for Bank C.

Figure 4.  VaR estimation results for Bank D.
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Table 3.  Descriptive statistics of VaR estimation results.
Mean Minimum Maximum

Panel A: Bank_A
  USD-IDR −134.9573 −302.9760 −21.6346
  EUR-IDR −12.6943 −46.5300 1.7671
  GBP-IDR −5.2209 −14.5934 1.7595
  JPY-IDR −0.00003 −0.00019 0.000006
  AUD-IDR −2.0934 −6.3457 0.4087
  SGD-IDR −0.0376 −0.1267 −0.0093
Panel B: Bank_B
  USD-IDR −110,129.3643 −325,672.4854 22,539.4460
  EUR-IDR −13,207.7566 −31,203.8858 4.0600
  GBP-IDR −1,498.6041 −3,162.5181 −452.9187
  JPY-IDR −17,648.5425 −34,518.0855 −6,948.6433
  AUD-IDR −2,756.7345 −6,766.1627 155.6119
  SGD-IDR −45,731.2867 −96,247.8963 −12,947.8534
Panel C: Bank_C
  USD-IDR −6,066.6261 −18,491.5997 −654.0565
  EUR-IDR −1,742.0625 −3,512.4995 −189.9246
  GBP-IDR −1,444.0488 −2,795.3132 −361.3178
  JPY-IDR −1,349.5373 −2,806.3017 176.3289
  AUD-IDR −810.3503 −1,647.8564 43.7822
  SGD-IDR −324.0610 −1,229.2918 238.1070
Panel D: Bank_D
  USD-IDR −242,068.6794 −528,517.2131 −49,257.1293
  EUR-IDR −39,659.6818 −78,647.0328 −23,105.6258
  GBP-IDR −28,865.1874 −48,646.3525 198.3691
  JPY-IDR −26,659.3499 −46,042.2701 −8,722.5922
  AUD-IDR −127,092.2841 −336,812.6781 2,575.4421
  SGD-IDR −200,652.9507 −389,494.5852 37.2636

Table 4.  Dynamic quantile backtesting results.
Number of 

observations
Number of 
violations % violations Test statistic p Value H0

Panel A
  BANK_A_AUD 595 22 3.70% 1.870 .3926 Not rejected
  BANK_A_EUR 595 17 2.86% 0.566 .7537 Not rejected
  BANK_A_GBP 595 17 2.86% 0.141 .9318 Not rejected
  BANK_A_JPY 595 15 2.52% 10.925 .0042 reject
  BANK_A_SGD 595 17 2.86% 0.807 .6680 Not rejected
  BANK_A_USD 595 20 3.36% 11.577 .0031 reject
  Accuracy 80%
Panel B
  BANK_B_AUD 595 38 6.39% 0.141 .9318 Not rejected
  BANK_B_EUR 595 23 3.87% 3.234 .1985 Not rejected
  BANK_B_GBP 595 37 6.22% 1.433 .4883 Not rejected
  BANK_B_JPY 595 28 4.71% 0.104 .9495 Not rejected
  BANK_B_SGD 595 24 4.03% 0.232 .8907 Not rejected
  BANK_B_USD 595 27 4.54% 0.373 .8297 Not rejected
  Accuracy 100%
Panel C
  BANK_C_AUD 595 36 6.05% 0.232 .8907 Not rejected
  BANK_C_EUR 595 26 4.37% 0.192 .9086 Not rejected
  BANK_C_GBP 595 31 5.21% 1.817 .4032 Not rejected
  BANK_C_JPY 595 32 5.38% 0.373 .8297 Not rejected
  BANK_C_SGD 595 36 6.05% 0.566 .7537 Not rejected
  BANK_C_USD 595 41 6.89% 1.097 .5779 Not rejected
  Accuracy 100%
Panel D
  BANK_D_AUD 595 27 4.54% 0.320 .8520 Not rejected
  BANK_D_EUR 595 29 4.87% 0.566 .7537 Not rejected
  BANK_D_GBP 595 41 6.89% 3.234 .1985 Not rejected
  BANK_D_JPY 595 35 5.88% 1.097 .5779 Not rejected
  BANK_D_SGD 595 27 4.54% 0.120 .9417 Not rejected
  BANK_D_USD 595 26 4.37% 0.120 .9417 Not rejected
  Accuracy 100%

Note: Dynamic quantile backtest by Engle and Manganelli (2004).
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H0: The actual number of exceedances of VaR matches the expected number based on the specified confi-
dence level (valid QR model)

The last line of each Panel shows accuracy of VaR estimation results measured using percentage of 
gain/loss of 6 forex transaction activities successfully passing the backtest, significant at the 5%. As to 
Panel A, backtesting results with a 95% confidence level show that VaR generated using QR estimation 
displays an excellent performance with 80% accuracy. Meanwhile, in Panel B, Panel C and Panel D, VaR’s 
performance is even better with 100% accuracy.

We also present the results of VaR backtesting with the Kupiec model benchmark, using alpha 5%. 
Generally, the results of the DQ test backtest with the Kupiec test are comparable, as shown in the 
Table 5.

Of all backtest results, VaR estimation using QR approach demonstrates an excellent performance 
(95% accurate) in all backtests. VaR’s excellent performance in this study can be attributed to two main 
factors. Firstly, incorporating economic and financial predictors as explanatory variables in the QR model 
of the study makes the model forward-looking, similar to results of the study conducted by De Lange 
et  al. (2022), ensuring VaR’s ability to provide all relevant information on risk factors. Secondly, QR mainly 
focuses on local behavior, not on the distribution of conditional return within specific quantile. When 
studying emerging stock markets namely ASEAN-5 and Market Integrated Latin America (MILA), Bautista 
and Mora (2021) found that quantile regression approach is a model that generates the highest accuracy 
rate when predicting VaR in Southeast Asia and MILA emerging stock markets within their study period.

5.  Discussion and conclusions

VaR estimation has become the standard for measuring market risks in banking industry since the estab-
lishment of Basel II Agreement. Basel II gives banks discretion and flexibility to determine the best VaR 
model in the calculation of minimum capital requirements for market risk. Selecting a suitable VaR model 
is critical given how different models generate different VaR estimates and therefore different minimum 
capital requirements for market risk. This study examines whether or not QR is the right method to 
generate an accurate VaR estimate to measure foreign exchange risk in Indonesia’s banking industry. 
Hermsen (2010) stated that the use of bad simple VaR model which disregards the characteristics of 
return data apparently results in lower capital requirements compared to a calculation using better VaR 
model based on realistic assumptions about return data. In this regard, the use of the appropriate model 
for estimating VaR becomes crucial as it determines the accurate calculation of the minimum capital 
requirement to cover the risks arising from exchange rate volatility. Inaccurate calculation of the mini-
mum capital requirement poses a potential threat to the financial system stability. Banks with insufficient 
minimum reserves will be unable to mitigate their risks, which can have systemic effects on other banks 
through the domino effect it creates.

In this study, the QR method was adopted to estimate VaR because, according to Xiao et  al. (2015), 
the QR method is robust in non-Gaussian distributions and mainly focuses on local behavior of the con-
ditional return distributions in specific quantile, making it insensitive to outliers that are common in time 

Table 5.  Backtesting results with benchmark model.

Currency 

Bank - A  Bank - D 

VaR  p Value  Accuracy  VaR  p Value Accuracy 

AUD  −3489110  .849  Accurate (not 
significant) 

−3904677776  .849  Accurate (not 
significant) 

EUR  −34785341  .849  Accurate (not 
significant) 

−28103185259  .849  Accurate (not 
significant) 

GBP  −13225686  .849  Accurate (not 
significant) 

−2692135957  .849  Accurate (not 
significant) 

JPY  −2504.957  .849  Accurate (not 
significant) 

−27502826207  .849  Accurate (not 
significant) 

SGD  −58268.510 .849  Accurate (not 
significant) 

−77633613603  .849  Accurate (not 
significant) 

USD  −217787979  .849  Accurate (not 
significant) 

−2.5232E + 11  .849  Accurate (not 
significant) 
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series financial data. To validate the accuracy and consistency of VaR estimated in this study with data, 
a backtesting using Dynamic Quantile (DQ) test procedure was performed. Based on the results of the 
test, VaR estimation using QR test on banks’ individual data on gain/loss performed in this study demon-
strates an excellent predictive performance with an average accuracy level of 95%. High VaR accuracy is 
the key to accurate calculation of minimum capital requirement for market risk in banking industry. 
Lower minimum capital than the actual minimum requirement will threaten the banking industry, put-
ting it at systemic risk.

The use of internal models in measuring market risk, as conducted in this study, results in better risk 
measurements compared to standard models. Unfortunately, in practice, the banking industry in Indonesia 
has not widely adopted internal models due to the complexity of the measurement methods.

A suggestion for further research is to continue using data at the individual bank level, as done in 
this study, but it could be expanded by including foreign exchange banks that represent the BUKU 3 
group (commercial banks for business activities with a core capital of 5 – 30 trillion Indonesian Rupiah).
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