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This study aims to model the volatility of the top three pharmaceutical sector stocks in Indonesia
using a two-stage modeling approach. The first stage involves GARCH and its variations, followed
by residual modeling using the GPD-based EVT approach. The three stocks analyzed are Mitra
Keluarga Karyasehat Tbk (IDX: MIKA), Kalbe Farma Tbk (IDX: KLBF), and Medikaloka Hermina
Tbk (IDX: HEAL). The dataset comprises return data spanning July 1, 2019, to April 30, 2025 (a
total of 1,412 observations), sourced from Yahoo Finance. The findings reveal that the best-fitting
models for capturing volatility are ARMA(0,1)-GARCH(1,1) for MIKA.JK, ARMA(1,2)-
TGARCH(1,1) for KLBF.JK, and ARMA(0,0)-GJRGARCH(1,1) for HEAL.JK. Backtesting and
the Kupiec test confirm that these models provide highly accurate VaR predictions at the 1%, 2.5%,
and 5% quantiles.
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In 2025, the pharmaceutical sector in Indonesia continues to present an intriguing

trend worthy of examination, particularly regarding stock issuances within the
industry. With a population of 270 million, Indonesia represents a significant
market for health needs. This potential drives the growth of pharmaceutical
companies involved in producing medical devices, medications, and herbal
products, suggesting that the market will likely maintain a positive trajectory this
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year and in the coming years. The sector peaked during the global Covid-19
pandemic, with the pharmaceutical industry experiencing a 10% growth in 2021,
reaching total assets of Rp 90-95 trillion just a year after the lockdown. Although
this upward momentum persisted until the end of 2022, the sector began a gradual
decline that continued until late 2023. According to Figure 1, fluctuations in the
healthcare index persisted into early 2025, before trending upwards again by the
end of the first half of 2024.

Figure 1
Fact sheet index health sector Indonesia
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Source: [1].

According to the quarterly report from the Research Division of the Indonesia
Stock Exchange as of April 2025, the top three constituents in the healthcare
sector, specifically within pharmaceuticals, based on the highest index weight and
assets, are Mitra Keluarga Karyasehat Tbk (IDX: MIKA), Kalbe Farma Tbk (IDX:
KLBF), and Medikaloka Hermina Tbk (IDX: HEAL). Together, these three
companies represent 70% of the index weight and account for nearly IDR
35 trillion of the total IDR 52 trillion in assets held by all constituents in the
healthcare sector [2]. This indicates their dominant position in Indonesia's
pharmaceutical market, which comprises around 20 constituents in total. However,
despite their significant index weights and asset values, investors in these
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companies are not insulated from the risk of loss. Unpredictable natural events like
floods, disease outbreaks, and earthquakes can greatly influence market stability
(Alogoskoufis et al., 2021; Battiston et al., 2021). Additionally, shifts in
macroeconomic and microeconomic regulations, both domestically and globally,
can have widespread effects on financial market fluctuations (Boikos et al., 2023;
Ciapanna et al., 2024). Political changes, whether recovery or instability, also
significantly impact the market, highlighting the importance for investors to stay
informed about investment risk assessment and price forecasting in financial
markets (4l-Thageb—Algharabali, 2019; Boubaker et al., 2022; Boungou—Yati¢,
2022).

The phenomenon of market risk instability from a statistical point of view
means that there is heterogeneity of variance in time series data. Variety
heterogeneity is caused by volatility. According to Bhowmik and Wang (2020),
Bollerslev et al. (2020), Fassas and Siriopoulos (2021), low volatility represents
financial market stability, while high volatility indicates dominance in financial
transactions. This causes commodity prices to fluctuate sharply and makes it
difficult to measure the risk of loss in financial transactions. J.P. Morgan in 1994
introduced Value at Risk (VaR) which measures the maximum loss of financial
market risk that may occur in an asset or portfolio at a certain confidence level (%)
(Choudhry, 2013, Jorion, 2007). In the study of financial transactions, investment
risk is identified by analyzing return data to obtain the VaR of an investment.
Based on the statements of researchers, it is known that the nature of return data
includes non-normally distributed, thick-tailed, and leptokurtic (Bollerslev, 1986,
Fernandez, 2003; Narayan et al., 2016, Sheikh—Qiao, 2009).

The volatility present in return data results in varying variance across different
time horizons, which makes it challenging for the ARIMA Box-Jenkins time series
model to accurately capture crucial information that may be hidden due to this
volatility. To tackle this problem, Engle (1982) developed the autoregressive
conditional heteroscedasticity (ARCH) model, which was subsequently enhanced
into the Generalized ARCH (GARCH) model by Bollerslev (1986). However,
shifts in economic policy can affect return data, leading to asymmetric volatility —
where volatility may be either positive or negative, commonly referred to as the
leverage effect. To accommodate this leverage effect, the GARCH model was
further refined into an asymmetric GARCH model (Glosten et al., 1993; Nelson,
1991; Zakoian, 1994). Moreover, return data are often characterized by non-
normal distributions and heavy tails due to sharp and extreme fluctuations,
necessitating adjustments for these characteristics. In climatology, extreme data
patterns are modeled using extreme value theory (EVT), which was first
introduced by Fisher and Tippett (1928). In the financial field, however, the EVT
method became widely utilized since in the early 2000s. McNeil and Frey (2000)
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specifically integrated the GARCH model with EVT to improve the accuracy of
Value at Risk (VaR) measurements.

In this study, an empirical study will be conducted on the three leading
constituents in the pharmaceutical sector in Indonesia: MIKA, KLBF, and HEAL.
To date, there has been no specific research the investment risk in the three
constituents with a mixed modeling approach that integrates between
GARCH/asymmetric GARCH and EVT. The objective is to determine for the most
suitable model for each constituent, and derive VaR calculations based on the
selected model. Therefore, the research conducted is the first review so that the
results obtained can be taken into consideration by investors in investing.

Beyond the Indonesian market, a growing body of evidence shows that
combining GARCH-type volatily models with EVT improves tail-risk
measurement across assets and geographies. For example, GARCH-EVT delivers
more reliable VaR forecasts than plain GARCH in equity and commodity settings,
especially at low quantiles where heavy-tail behavior matters most. These gains
are documenters in emerging and developed markets, and during turbulent periods
such as the Covid-19 shock. Situating our Indonesia-specific analysis within this
broader literature clarifies both the external validity of our approach and its limits
when sectoral and macro conditions differ (Echaust—Just, 2020; Gen¢ay—Selcuk,
2004; Kayani et al., 2024; Maharana et al., 2024). We further note the health-care
and pharmaceutical equities exhibit policy-sensitive volalitility, tied to public-
health interventions and fiscal health spending, which shapes both conditional
variance and downside risk. International evidence on healthcare indices
underscores that model choice and backtesting should reflect there policy linkages,
lending support to our use of asymmetric GARCH-EVT for Indonesian pharma
constituents (Li et al., 2024).

1. Literature survey

The ARCH/GARCH model was introduced due to the limitations of the Box-
Jenkins ARIMA model in adequately capturing variance information affected by
volatility (Bollerslev, 1986; Engle, 1982). Subsequently, the GARCH model was
further refined into an asymmetric GARCH model to account for leverage effects
on volatility. This includes the exponential GARCH (E-GARCH) model (Nelson,
1991), the Glosten-Jagannathan-Runkle GARCH (GJR-GARCH) model (Glosten
et al., 1993), and the threshold GARCH (T-GARCH) model (Zakoian, 1994).
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Numerous researchers have applied these models to financial data in recent years.
For instance, Naik et al. (2020) used the GARCH model to predict stock market
crises. Additionally, Endri et al. (2020) employed the GARCH model to identify
factors influencing the Composite Stock Price Index (CSPI). Pham Thi et al.
(2023) analyzed economic resilience and natural resource prices in China post-
Covid-19 using GARCH (1,1) and TGARCH(1,1) models. In India, Shahani—
Taneja (2022) explored the volatility patterns of raw materials in the energy sector
using GARCH(1,1), TGARCH(0,1), and EGARCH(1,1) models.

Although EVT was initially utilized for climatology modeling, it has been
adapted in finance since the early 2000s to analyze extreme data. EVT can be
approached in two ways: block-maxima (BM) and peak over threshold (POT)
(Balkema—Haan, 1974, Gilli-Kéllezi, 2006, Gnedenko, 1943; Pickands 111, 1975).
While the GARCH model focuses on the error of mean model, integrating EVT
with GARCH results in the GARCH-EVT model, which effectively incorporates
information about extreme data. This combined approach enhances the accuracy
of VaR calculations (Balmaceda et al., 2022; Echaust, 2018, Echaust-Just, 2020;
Huang et al., 2017; Khan et al., 2023, Tabasi et al., 2019). Empirical research
employing the GARCH-EVT model continues to be prevalent among researchers.
For example, Ke et al. (2022) successfully modeled Bitcoin patterns, particularly
for negative tails, using the GARCH-EVT(POT) method. Additionally, Ren et al.
(2023) applied the GARCH-EVT(POT) approach to model extreme risks in the
crude oil market in China, finding that the model effectively estimates VaR.

2. Methods

2.1 Return data and identification of its characters

Let P, and P,_, denote the closing price of a stock index at time t and ¢t — 1
respectively, then the log of return (r;) is calculated as in equation (1) (Aliyev et
al., 2020, Chocholata, 2022; Sema et al., 2021).

rn=InP,—InP,_, = ln( Pe ) (1)

Pt
Many researchers conducted studies and modeling of return data and then
concluded empirically that return data tends to have non-normal distribution with
fat tails, leptokurtic, skewed, volatile, volatility clustering and also asymmetric
(Bollerslev, 1986, Caporin—Costola, 2019; Ding et al., 2017; Fernandez, 2003;
Glosten et al., 1993, Mittnik et al., 1998; Sheikh—Qiao, 2009).
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Normality distribution is identified using two methods: descriptive analysis
involving skewness and kurtosis, and statistical tests such as Anderson—Darling
and Lilliefors. The values for skewness and kurtosis are computed using equation
(2a) and equation (2b) (Karagiorgis—Drakos, 2022).

1 (re—m)3

Skew = ;Z’Ll% (2a)
1 (re-m*

Kurt = ;Z’t\’zl rtaf (2b)

Return data is said to be Normal distribution if the value of Skew = 0 and
Kurt = 3 (mesokurtic). As for if Skew < —0.5 or Skew > 0.5, the data indicates
negative or positive skewed and if Kurt <3 or Kurt > 3, the data indicates
negative kurtosis (platykurtic) or positive kurtosis (leptokurtic) (Wilcox, 2020).
Meanwhile, the Anderson—Darling and the Lilliefors statistic test with the null
hypothesis that the random sample r; is normally distributed [Hy: 7,~N(p, 0%)] use
equation (3) and equation (4) respectively (Anderson—Darling, 1954, Lilliefors,
1967):

a2 =—n-2[yr,t - D {InF (Z,,)+In (1 ~F (Zrn“_t(i)))}] 3)
with F* (2, ) and F* (Z,,,
standard normal distribution, and

) are the cumulative distribution functions of the

F (Zrt(i)) — Sn (Zrt(i))| 4)

is the standardized ordered return data, S, (Zrt(i)) is the cumulative

D = max
Tt

where Z, -

distribution function of Zr s and F* (Zrt(i)) is the standard normal cumulative
distribution function.

2.2 Time dependency modeling of return data

One of the models that can be used to capture time dependency in return data (r;)
is the Autoregressive Moving Average (ARMA)(p,q) model which is a
combination of AR(p) and MA(gq) models as in equation (5) (Box et al., 2015,
Grillenzoni, 1993; Hyndman—Athanasopoulos, 2018; Montgomery et al., 2015).
e = Z?:l Pirp—i + & — Z?:l Oige—i = (1 - Zf:l ¢iBi)Tt = (1 - Z?:l HiBi)gt (5)
The backshift operator (B) acts as the lag operator, where B'r, = r,_;, and &,
represents a white noise process, meaning its rows are uncorrelated with a mean
of 0 and variance o2, &~WN(0,0%). The ARMA)(p,q) model is considered
stationary if ¢p(B)r; = 0.
The identification of the ARIMA((p, d, q) model relies on the patterns observed
in the autocorrelation function (ACF) and partial autocorrelation function (PACF)

HUNGARIAN STATISTICAL REVIEW, VOLUME 8, NUMBER 2, PP. 63-93. DOI: 10.35618/HSR2025.02.en063



EVAULATING AND ASSESSING RISK OF BIG THREE STOCKS‘ PHARMACEUTICAL SECTOR IN INDONESIA... 69

plots. To aid in identifying the ARMA(p, q) model, Cryer and Chan (2008)
presented a summary in Table 1.

Table 1
Identification tentative model of ARMA(p, q)
Pattern
Model
ACF PACF
AR(p) Tails off Cuts off after lag p
MA(q) Cuts off after lag q Tails off
ARMA®,q),p>0,q>0 Tails off Tails off

Source: Cryer and Chan (2008).

The parameters of the ARIMA(p, d, ) model can be estimated using Maximum
Likelihood Estimation (MLE) through a conditional likelihood function approach
(Box et al., 2015). Assuming that ¢, follows a normal distribution, the probability
density function for ¢, can be expressed as follows:

2
Do) < e - (52, D) ©
with w data, the Log-Likelihood function with parameter values (¢,0,02)
conditional on the initial selection (w*, €*) is defined as in equation (7).

L'($,0,02) = —2In(c2) -T2 (7)
where
S*(<|),9 ) = Z?:l St2(¢'9|W*'£*'w) (8)

The estimated value is obtained by minimizing the conditional sum of squares
function (S*(¢,0)).

2.3 The family of GARCH model

The GARCH model, introduced by Bollerslev (1986), builds upon the ARCH
model developed by Engle (1982) to effectively capture volatility. Volatility is
indicated by the error variance derived from the ARMA ((p, ¢) mean model, which
may exhibit heteroscedasticity, affecting the efficiency of parameter estimators.
The presence of ARCH/GARCH effects in the model can be assessed using the
Lagrange Multiplier (LM) test as in equation (9)
LM =T x R*~x2, )
Let ¢, represent the error of the stochastic process at discrete time t, and ),
denote the information set related to the error variance at that time. The general
form of the GARCH(P, Q) model is as follows:
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&c|e-1~N(0,0¢) (10)

O-t_w+211a Etl+21 1ﬁjo-t] (11)

To ensure o is always positive, ay > 0,a; = 0,i = 1,2,...,q, B;i=0,j=12,...p

and a; + f; < 1 (Boonyakunakorn et al., 2019; Chocholata, 2022; Echaust-Just,

2020). In many studies, it is stated that the GARCH(1,1) model is sufficient to
capture volatility clustering (Aliyev et al., 2020; Brooks—Burke, 2003).

2.3.1 EGARCH model

The EGARCH(P, Q) model, as shown in equation (12), employs a logarithmic
form of a2, which eliminates the need for parameter restrictions (Nelson, 1991).
In this model, the GARCH parameter is denoted by B, while parameters @ and y
capture the size and direction of the leverage effect.
in(07) = 0+ 3L, a; [2= — £ (2)| + 2.0 B (02 ) + Tk i 2% (12)
It has been noted that asymmetric volatility occurs only When y # 0.
Specifically, if y < 0, negative events have a greater impact on volatility than
positive ones (Do et al, 2020, Milosevi¢ et al., 2019, Wang et al., 2021).
Conversely, if y > 0, positive events are more strongly correlated with volatility,
indicating that they exert a greater influence. The presence of asymmetric volatility
is confirmed when y # 0. The effect of positive prior returns on volatility is
represented by a + y, while the effect of negative prior returns is captured by y — «
(Naimy et al., 2021).

2.3.2 GJRGARCH model

The GJRGARCH model is also a development of the GARCH model to capture
asymmetric volatility with the parameter y in the GIRGARCH(P, Q) model and by
adding d;_, as a virtual indicator with a value of 0 or 1 as in equation (13) (Du—
He, 2015; Glosten et al., 1993, Naimy et al., 2021; Noori-Mohammad, 2021).
ol =w+ Z?:l aigf_; + Xi-1 Bjolj +yetadey (13)
with
d _ {1, &1 <0
t-1 0, &_120
At time t, if a positive event occurs, it will raise volatility by «,, while a
negative event will increase volatility by a, + y,. When y > 0, this indicates that
negative events from the previous period have a stronger impact on current
volatility compared to positive events, and the opposite is true when y < 0 (Naimy
etal., 2021).
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2.3.3 TGARCH model

Zakoian (1994) introduced the TGARCH model as a more advanced version of the
GARCH model and an extension of the GIRGARCH model to analyze asymmetric
volatility features. equation (14) is a TGARCH(P, Q) model,
of =w+ XL el + X, B ol + Xher Vel idi-k (14)
In this equation, the magnitude of ¢# is influenced by the square of the error
from the previous period (¢2;) and the variance of the prior period's error (a2 j).
The model accounts for volatility asymmetry through the term y, &2 ,d,_,, where
d._, = 1 indicates the occurrence of a negative event, and vice versa. A positive
value of y suggests the presence of volatility asymmetry, while a negative value
indicates a reduction in the asymmetric effect on volatility (Ausloos et al., 2020;
Caporale—Zakirova, 2017; Hongwiengjan—Thongtha, 2021; Wang et al., 2021;
Zakoian, 1994).

2.4 Tail characteristics and extreme value theory (EVT)

The EVT method was initially introduced by Fisher and Tippett in 1928 and was
applied in hydrological research. There are two primary approaches within the
EVT framework: the Annual Maxima Series (AMS) method, also known as the
Block-Maxima (BM) method, and the Peak Over Threshold (POT) method. In this
research, POT will be implemented.

The POT method employs a specific threshold value u to classify data as
extreme observations. If X represents a random variable with observations
X1, X3, .., X, then the cumulative distribution function (CDF) [E,(y)] for
observations exceeding u (the excess), where y = x —u, is referred to as the
conditional excess distribution function is (Gilli—Kéllezi, 2006)

E@)=PX—-u<ylX>uw),0<y<xz—u (15)
or
__ Fu+y)-F(w) _ F(x)-F(u)
FG) = 1-Fu)  1-F(u) (16)

Theorem 1. (Balkema and Haan, 1974, Pickands 111, 1975)

For a sufficiently large sample size with a cumulative distribution function
(CDF) F, the CDF of the conditional excess F,(y) for a large threshold u can be
accurately approximated by:

E,(y) = Ges(y), u- oo,
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with

1
— L
G;,,,(y)={ 1 (y1+6y) , jika & #0 a7
1—e o, jika& =0
fory € [0,(xp —w)]ifé =0and y € [0, — %] if ¢ < 0. The distribution G, is called
the Generalized Pareto Distribution (GPD).
Equation (16) can be written as follow

F(x) =[1-FwIky) +Fw) (18)
Assuming the tails of the distribution conform to the Generalized Pareto
n—Ny

Distribution (GPD), we can say that F (u) follows a GPD and is estimated as ,

n
where n is the total number of observations and N, is the count of observations

exceeding the threshold u. Consequently, the estimator for F(x) can be derived as
follows,

ﬁ(x)=%l1—<1+§(x—u)) f

_ 2 3
+"n”u=1—%(1 +§(x—u)> . (19)

Estimates of the parameters £ and o can be obtained by MLE.

2.5 Value at risk (VaR) and backtesting

Let L represent the loss of an asset, stock, or portfolio over a period T. The VaR is
a risk metric that quantifies the risk associated with that asset, stock, or portfolio
during the same period T. Assuming F; is the distribution function of L, (Bernard
et al., 2017; Brodin—Kliippelberg, 2014, Jorion, 2007) define it at the level
ac(0,1) as follows:

VaR? = inf{x e R: P(L > x) <1—a}=inf{x e R:F, > a}. (20)

Typically, VaR is assessed at a confidence level of (1 — a)100%, meaning it is
defined as P(Risk < —VaR,), with a usually set between 1% and 5% (Acharya et
al, 2017).

According to Zhang and Nadarajah (2018), the accuracy of VaR estimations
and the effectiveness of the models used to calculate VaR can be assessed using
backtesting methods. The results from VaR backtesting indicate whether the
estimated VaR is smaller (underestimated) or larger (overestimated) compared to
the actual VaR. Among the simplest and most commonly used backtesting
methods for VaR research are the Kupiec-POF (Proportion of Failures) test and
the Kupiec-TUFF (Time Until First Failure) test (Kupiec, 1995). If N represents
the total number of observations and x denotes the number of VaR prediction
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errors, the Kupiec-POF test can be expressed using the likelihood ratio (LR)
statistic as shown in equation (21) (Dowd, 2005).

X X

& |

LRpor = —2In[(1 — &) ™ a*] + 2In [(1 — %)
~Xen 1)

\N=X /o \X

%) &
(1—a)N—Xa"

The Kupiec-TUFF test defines V as the average number of observations until

the first VaR prediction error happens. The test statistic for the Kupiec-TUFF

method is defined as follows:
1 N
G-6)

~X czr,l (22)

The model is considered to provide accurate VaR estimates if LRrypr < x21,
where a represents the significance level of the hypothesis test being applied.

N-x

=2In

RTUFF =-2 ln[a(l - a)v_l] + 2 ln

. [@)(1—(%))"‘1

a(l-a)V-1

3. Results

3.1 Descriptive statistics and data characteristics

This study employs the logarithm of daily stock return data from the three largest
pharmaceutical companies in Indonesia: Mitra Keluarga Karyasehat Tbk (IDX:
MIKA), Kalbe Farma Tbk (IDX: KLBF), and Medikaloka Hermina Tbk (IDX:
HEAL), collected from Yahoo Finance for the period between July 1, 2019, and
April 30, 2025 (1,412 obs.). The analyses were performed using R software with
the MS-GARCH package by Ardia et al. (2019). Figure 2 illustrates that the
closing prices of these stocks show considerable fluctuations and a positive trend,
suggesting that, the closing price data is non-stationary on mean. According to
Chocholata (2022), this mean non-stationarity in stock data can influence the
stationarity of the mean of return data. In addition, based on the Augmented
Dikkey-Fuller (ADF) test conducted on the three-return data used, it shows that all
three are proven to be stationary (see Table 2).
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Figure 2
Closing price and return data per July 1, 2019-July 30, 2024
Kalbe Farma (KLBF.JK)
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As shown in Figure 2, the return data for a specific period experienced
significant increases and decreases. This suggests that over the last five years, a
phenomenon impacted the Indonesian economy, leading to extreme fluctuations
in the return data for the pharmaceutical sector. One major event that caused
dramatic shifts in stock prices and returns was the global Covid-19 pandemic,
which affected Indonesia from late 2019 to mid-2022. Although stock prices
initially plummeted at the onset of the pandemic, the demand for medications
surged sharply until mid-2021, drawing investor interest toward pharmaceutical
stocks. The ongoing instability of the Covid-19 situation continues to affect the
volatility of pharmaceutical stocks, causing companies in the hospital,
pharmaceutical, and laboratory sectors to experience uncertainty in their
investment decisions due to the fluctuating returns.

Figure 2 also illustrates that stock prices in the first half of 2023 declined as the
Covid-19 outbreak diminished and Indonesia worked to revive its economy. The
country's recovery efforts included a quantitative easing policy, which contributed
to a commodity boom driven by high inflation in raw materials and commodities.
Consequently, stock returns experienced a gradual decrease during this period.
Additionally, this situation compelled Indonesia, along with the rest of the world,
to implement high-interest rate policies to curb inflation. According to the IDX
factsheet for the year-to-date (YTD) period from January to May 2023, the
healthcare sector saw a 6.9% decline attributed to the recovery from the Covid-19

pandemic.
Table 2
Statistics descriptive, stationarity and normality test of return data

Normality test

Constituent Mean St. Dev. | Skewness | Kurtosis | ADF test

AD Lilliefors
HEAL.JK 0.00035 | 0.02015 0.607 9.23 Eiggi? (2<7090316) (g()lgi)
KLBF.JK —0.00010 | 0.02148 0.657 8.00 Ei?)?)?? (1309516) (gé)g?)
MIKA.JK 0.00021 | 0.02468 0.408 6.68 (7<102(;1'17) (1<104§12) (g(?gi)

Note: the value in bracket is the p-value of the test results.

Table 2 provides insight into the distribution of the three return data sets,
showing that they do not center around the mean. This is evident from the
skewness values, which exceed 0.5, indicating that the distributions are skewed to
the right. Such a rightward skew suggests that there are more extreme positive
returns than negative ones in the data sets. Moreover, the kurtosis values for all
three return data sets are significantly greater than 3, which indicates that they are
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leptokurtic. This means that the distributions have heavier tails and a sharper peak
compared to a normal distribution, suggesting a higher likelihood of extreme
values. These findings from the descriptive statistics support the conclusions
drawn from the normality tests performed using the Anderson—Darling and
Lilliefors methods. Both tests indicate that at a 5% significance level, the return
data does not follow a normal distribution. In summary, the combination of high
skewness and kurtosis values highlights the non-normal characteristics of the
return data sets, suggesting a more complex underlying behavior in the data.

3.2 Mean model and residual diagnostics

The model employed to calculate the model error is the ARIMA Ljung-Box model,
specifically the ARMA(p, q) variant. This choice is justified because the return
data has been demonstrated to be stationary around its mean, which implies that
the integrated component is of order 0 (see ADF Test in Table 2). To determine
the appropriate order of the ARMA (p, q¢) model, we utilize the Autocorrelation
Function (ACF) and Partial Autocorrelation Function (PACF) plots. These plots
help in identifying the order of the model, leading to the formulation of the average
model for the three constituents under study. The results of this analysis are
summarized in Table 3.

Table 3
The ARMA(p, q) identification
Constituent/ticker p q
Medikaloka Hermina (HEAL.JK) 0 0
Kalbe Farma (KLBF.J K) 0 2
Mitra Keluarga Karyasehat (MIKA.JK) 0

Note that the constituent model of HEAL.JK is ARMA(0,0) which means
that the model only takes into account the average of the return data without regard
to past values (AR order) and no disturbance is calculated from past errors (MA
order) or the model can be written as,

Tn=UtE
where ¢, represents the model error, which is assumed to follow a normal distribution
with a mean of zero and constant variance. However, upon further examination using
the Lagrange Multiplier (LM) test (see Table 4), the results indicate that the model
errors exhibit ARCH effects. This means that the variance of the errors is not constant
and is influenced by previous values of the errors. In other words, even though the
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ARMA(0,0) model is employed, the data reveals that the variance of the errors is
unstable and tends to fluctuate over time, indicating volatility.
Table 4
LM test of ARCH/GARCH effect

ARCH effect test (ARCH-LM)

Lag 1 Lag?2 Lag 3 Lag4 Lag 5
20.98 42.58 73.58 82.96 88.31
(<0.01) (<0.01) (<0.01) (<0.01) (<0.01)
20.59 136.47 173.27 199.94 220.06
(<0.01) (<0.01) (<0.01) (<0.01) (<0.01)
26.03 49.33 109.66 140.06 171.13
(<0.01) (<0.01) (<0.01) (<0.01) (<0.01)

Constituent/ticker

Medikaloka Hermina (HEAL.JK)

Kalbe Farma (KLBF.JK)

Mitra Keluarga Karyasehat (MIKA.JK)

The same phenomenon is observed in the other two constituents, KLBF.JK and
MIKA.JK, where the underlying models used to analyze the errors are ARMA(0,2)
and ARMA(0,1), respectively. As shown in Table 4, all three return data sets
display ARCH/GARCH effects. Consequently, a GARCH model or one of its
family is considered essential for capturing the dynamics of the changing error
variance effectively.

3.3 The GARCH and its family modeling

Based on table 5, it can be seen that the ARCH component () represented by the
constituents of HEAL.JK (Medikaloka Hermina) lies between 19% to 21%,
KLBF.JK (Kalbe Farma) by 7% to 13%, and MIKA.JK (Mitra Keluarga
Karyasehat) between 8.5% to 10%. This suggests that the three constituents are
quite sensitive to market disturbances. Based on table 5, ARCH-GARCH
component (a + B) can also be seen that the values for the three constituents are
very high and significant in all models, especially for the MIKA.JK (Mitra
Keluarga Karyasehat) constituent which around 94%. As for the very small values
of w and towards 0 for each model used in each constituent indicates that actually
all models are very good at modeling the diversity of return data. Another thing
that can be seen from table 5 is the size of the persistence parameter, which is close
to the value of 1, indicating that the variance is not stationary. In addition, the
leverage parameter estimates for the constituents HEAL.JK (Medikaloka
Hermina) and MIKA.JK (Mitra Keluarga Karyasehat) is significant only shown
by the EGARCH(1,1) model, while it is stated to have a significant effect on the
constituent KLBF.JK (Kalbe Farma) for all models, namely TGARCH(1,1),
EGARCH(1,1), and GIRGARCH(1,1). The estimated value of leverage effect (y)
ranges from 0.16 to 0.39 for all constituents indicating that positive shocks are
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more influential than negative shocks. Based on the AIC value, although the
difference between models is very small, it can be concluded that the best model
in modeling return data for HEAL.JK (Medikaloka Hermina) constituents is
GJRGARCH(1,1), KLBF.JK (Kalbe Farma) is TGARCH(1,1), and while
MIKA.JK (Mitra Keluarga Karyasehat) is well modeled by GARCH(1,1).

Table 5
Parameter estimators of the GARCH model and its family
Ticker/ | ameter| GARCH(1,1) | TGARCH(1,1) | EGARCH(1,1) | G/RGARCH
constituent (L1)
1 0.000 (0.000) | 0.000(0.000) | 0.000 (0.000) | 0.000 (0.000)
W 0.000 (0.000) | 0.003 (0.001) | —1.274 (0.227) | 0.000 (0.000)
a 0.203 (0.031) | 0.186(0.025) | —0.052 (0.024) | 0.196 (0.033)
I3 0.646 (0.046) | 0.714(0.041) | 0.835(0.029) | 0.652 (0.051)
zﬁéﬁiﬁka «+ B 0.849 0.900 _ 0.848
Hermina) y 0.163 (0.077) | 0.358(0.043) | 0.161 (0.057)
Num.Obs. 1412 1412 1412 1412
RMSE 0.02 0.02 0.02 0.02
MAE 0.014 0.013 0.013 0.013
AIC -5.127 ~5.125 -5.123 -5.131
i 0.000 (0.000) | 0.000(0.000) | 0.000 (0.000) | 0.000 (0.000)
6, 0.179 (0.030) | —0.183 (0.030) | —0.179 (0.029) | —0.180 (0.029)
0, ~0.098 (0.031) | —0.120 (0.028) | —0.109 (0.029) | —0.096 (0.028)
W 0.000 (0.000) | 0.001 (0.000) | —0.392 (0.079) | 0.000 (0.000)
a 0.130 (0.036) | 0.114(0.025) | —0.073 (0.018) | 0.072 (0.018)
KLBF.JK B 0.766 (0.069) | 0.852(0.036) | 0.949 (0.010) | 0.877 (0.025)
(Kalbe Farma) |« + p 0.896 0.966 0.876 0.949
v 0.336 (0.117) | 0.200(0.034) | 0.393 (0.111)
Num.Obs 1412 1412 1412 1412
RMSE 0.021 0.021 0.021 0.021
MAE 0.015 0.015 0.015 0.015
AIC -5.027 ~5.040 -5.037 -5.038
u 0.000 (0.001) | 0.000(0.001) | 0.000 (0.001) | 0.000 (0.001)
0, ~0.160 (0.030) | —0.167 (0.029) | —0.162 (0.028) | —0.161 (0.030)
W 0.000 (0.000) | 0.002 (0.000) | —0.474 (0.169) | 0.000 (0.000)
a 0.0880.017) | 0.101(0.017) | —0.015(0.018) | 0.085 (0.017)
x/}i’:m B 0.852 (0.031) | 0.850(0.030) | 0.936(0.023) | 0.857 (0.030)
Keluarea a+p 0.940 0.951 - 0.942
g
Karyaschat) % 0.074 (0.102) | 0.189(0.030) | 0.084 (0.074)
Num.Obs. 1412 1412 1412 1412
RMSE 0.024 0.024 0.024 0.024
MAE 0.017 0.017 0.017 0.017
AIC —4.699 —4.690 —4.689 —4.698

Notes: The value in parentheses indicates the standard error value. Bold text indicates significance at the 5% level.
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3.4 The EVT modeling based on POT

Table 6 is the threshold value based on the quantile that extracts the model error
included in the extreme value with the POT approach for each constituent. It can
be seen from Figures 3 to 5 that the red dots are model errors categorized as
extreme points. In general, the frequency of extreme points for the three
constituents is relatively the same and is found in periods that are also relatively
the same. This indicates that the three constituents have relatively similar data
patterns. The variance of all three is influenced by the same type of shocks.

Table 6
Threshold point
Ticker/constituent Model Quantile
5% 2.5% 1%
HEAL.JK (Medikaloka Hermina) GJRGARCH(1,1)| —0.028 | —0.039 | —0.063
KLBF.JK (Kalbe Farma) TGARCH(1,1) | -0.031 | —0.042 | —0.057
MIKA.JK (Mitra Keluarga Karyasehat) GARCH(1,1) —0.037 —0.049 —-0.062
Figure 3
Residual plot for quantile 5%
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Figure 4
Residual plot for quantile 2.5%
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Residual plot for quantile 1%
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Figure 5
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Table 7

Ticker/constituent

Model

Mean VaR

1%

2.5%

5%

HEAL.JK (Medikaloka
Hermina)

GIRGARCH(1,1)

1.190 | -0.354 2.863

2.137

1.467

KLBF.JK (Kalbe Farma)

TGARCH(1,1)

0.819 | —0.210 2.605

2.016

1.488

MIKA.JK (Mitra Keluarga
Karyasehat)

GARCH(1,1)

0.758 | —0.124 2.627

2.026

1.523
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Furthermore, the extreme points obtained based on POT are modeled with the
GPD approach. Table 7 shows the estimation of GPD parameters with shape
parameter and scale parameter. Based on the estimation results, it is known that
the statistic of shape parameter (£) for the constituents KLBF.JK (Kalbe Farma)
and MIKA.JK (Mitra Keluarga Karyasehat) are negative, indicating that the error
patterns of the two constituents are light-tailed and tend to be normal. The
constituent HEAL.JK (Medikaloka Hermina) has a value that tends to follow an
exponential distribution. In addition, based on Table 7, it can be seen that the
average VaR for 1%, HEAL.JK has the highest risk of loss compared to the other
two constituents. At 2.5% and 5%, MIKA.JK shows the highest risk compared to
the other two constituents.

3.5 Backtesting and Kupieck test

Figures 6, 7, and 8 show the visualization of the backtesting of each model for
each constituent at 1%, 2.5%, and 5% VaR, respectively. In general, it can be seen
that the model can describe well the prediction of VaR values at all three quantiles.
This is supported by the Kupiec test as in Table 8 which shows a p-value greater
than the 5% significance level, which means that the model used to predict VaR is
very suitable. The suitability of the model used, namely the GJRGARCH(1,1)
model for HEAL.JK (Medikaloka Hermina), TGARCH(1,1) for KLBF.JK (Kalbe
Farma), and GARCH(1,1) model for MIKA.JK (Mitra Keluarga Karyasechat)
applies to all VaR levels used.
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Figure 6
Plot VaR 5%
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Figure 7
Plot VaR 2.5%
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Figure 8
Plot VaR 1%
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Table 8
Backtesting of VaR estimation
Ticker/constituent Model No.of | First | pop | pypp
violations | violations
VaR 5%
HEAL.JK (Medikaloka 6.259 0.681
Hermina) GIRGARCH(LD | 22 8 | 0988) | (0.591)
2.256 1.098
KLBF.JK (Kalbe Farma) TGARCH(1,1) 18 6 0.867) | (0.705)
MIKA.JK (Mitra Keluarga 0.496 1.801
Karyasehat) GARCH(L1) 15 4 (0.519) (0.820)
VaR 2.5%
HEAL.JK (Medikaloka 0.01 1.182
Hermina) GIRGARCH(1,1) 6 1 0081 | 0.723)
0.01 0.077
KLBF.JK (Kalbe Farma) TGARCH(1,1) 6 52 (0.081) (0.219)
MIKA.JK (Mitra Keluarga 0.01 0.048
Karyasehat) GARCH(L1) 6 32 (0.081) (0.173)
VaR 1%
HEAL.JK (Medikaloka 0.108 0.569
Hermina) GIRGARCH(L1) 2 195 (0.258) | (0.549)
0.095 0.352
KLBF.JK (Kalbe Farma) TGARCH(1,1) 3 52 (0.242) (0.447)
MIKA.JK (Mitra Keluarga 0.095 0.934
Karyasehat) GARCH(L1) 3 32 (0.242) (0.666)

Note: the value in parentheses indicates p-value.

4. Discussion

The closing price data of the three stocks — HEAL.JK (Medikaloka Hermina),
KLBF.JK (Kalbe Farma), and MIKA.JK (Mitra Keluarga Karyasehat) — is
graphically non-stationary in terms of mean, which affects the return data. This
observation is supported by the results of the ADF test, which confirm that the
return data is stationary at a 5% significance level. Additionally, the return data
for all three stocks exhibit positive skewness and leptokurtosis. However, these
characteristics are not consistent with the residuals derived from modeling the
return data. For instance, the estimated shape parameters (§) of the residuals based
on GPD show values less than 0, (¢ < 0), for KLBF.JK and MIKA.JK, indicating
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a thin-tailed distribution, similar to a Normal distribution. Meanwhile, HEAL.JK
has € ~ 0, suggesting an exponential distribution for its residuals.

Despite the absence of heavy tails in the residuals, the use of the EVT model
for estimating VaR proves highly effective, as validated by the Kupiec test for the
1%, 2.5%, and 5% quantiles. This demonstrates that integrating the EVT model
with the GARCH family enhances the accuracy of VaR predictions. Although
EVT is primarily designed to model extreme values, its application successfully
accommodates the patterns of extreme observations, improving VaR estimation
even when the tail structure of the distribution does not become significantly
heavier.

Our findings, that asymmetric GARCH specifications combined with POT-
GPD tails yield accurate VaR backtests, align with cross-market results. In equity
and commodity applications, GARCH-EVT consistently improves tail quantile
forecasts relative to Normal or Student-t GARCH alone, particularly at 1-5% VaR
levels. Similar improvements have been reported for agricultural commodities and
broad emerging-market equities, indicating that EVT enhaced filters capture
extremal clustering that standard conditional variance models tend to miss
(Echaust—Just, 2020; Gen¢ay—Selcuk, 2004). Sectorally, healthcare indices
outside Indonesia display volatility that co-moves with government health
measures and spending, echoing our context where pandemic and policy-related
shocks are prominent drivers. This supports the interpretation that asymmetric
terms (EGARCH/GJRGARCH/TGARCH) are economically meaningful in
pharma and healthcare settings, not only statistically convenient (Li et al., 2024).

At the same time, international studies remind us that the “best” asymmetric
form can be market- and regime-dependent. For instance, post-crisis and pandemic
periods often strengthen leverage-type asymmetries and alter volatility spillovers,
which can favor EGARCH/GJR in some markets, while plain GARCH or
TGARCH dominates elsewhere. Our model selection by ticker (GARCH for
MIKA, TGARCH for KLBF, GIRGARCH for HEAL) is therefore consistent with
the literature’s asset-specific heterogeneity and with evidence from other emerging
markets (e.g., Brazil’s IBOVESPA) where different GARCH families rotate in and
out of favor across horizons and regimes (Maharana et al., 2024, Tabash et al.,
2024).

Finally, studies on tail-risk dependence within pharmaceutical markets indicate
that VaR co-movements can intensify under stress, reinforcing the need for
extreme-value adjustments when drawing inferences about portfolio-level risk.
While our article focuses on univariate VaR accuracy, these insights suggest a
natural path to extend the framework toward multivariate EVT or copula-GARCH
for joint tail assessment across pharma constituents (Zhou).
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5. Conclusion

This article employs a two-stage VaR prediction approach, combining GARCH
modeling and its family to capture volatility in data variance, followed by residual
modeling using GPD-based EVT. The methodology is applied to the top three
pharmaceutical sector stocks in Indonesia: Mitra Keluarga Karyasehat Tbk (IDX:
MIKA), Kalbe Farma Tbk (IDX: KLBF), and Medikaloka Hermina Tbk (IDX:
HEAL). Based on the lowest AIC values from the volatility modeling, the optimal
models identified are GARCH(1,1) for MIKA.JK, TGARCH(1,1) for KLBF.JK,
and GJRGARCH(1,1) for HEAL.JK.

The residuals from these volatility models are further analyzed using GPD-
based EVT to account for potential heavy-tailed characteristics. However, the
GPD analysis reveals that the residuals are not significantly heavy-tailed, showing
a tendency toward Normal or exponential distributions. Despite this, the Kupiec
test confirms that all three models perform excellently in predicting VaR at the
1%, 2.5%, and 5% quantiles.

Placing our results alongside international evidence, the two-stage asymmetric
GARCH-EVT pipeline we employ is broadly validated in the literature as a robust
approach for downside-risk estimation in turbulent regimes. In practical terms, this
suggests that investors and risk managers operating in other emerging
healthcare/pharmaceutical markets can adapt our specification and backtesting
protocol with reasonable expectations of performance, while still re-checking
model form against local policy cycles and crisis phases. Future work can
generalize our contribution by incorporating multivariate tail dependence (e.g.,
copula-GARCH with EVT margins) and by benchmarking to sectoral studies
abroad to further gauge portability.

Acknowledgment

The author would like to thank Diego Irsandy who helped with the programming of this
article.

HUNGARIAN STATISTICAL REVIEW, VOLUME 8, NUMBER 2, PP. 63-93. DOI: 10.35618/HSR2025.02.en063



EVAULATING AND ASSESSING RISK OF BIG THREE STOCKS‘ PHARMACEUTICAL SECTOR IN INDONESIA... 89

References

Acharya, V. V. —Pedersen, L. H. — Philippon, T. — Richardson, M. (2017): Measuring Systemic Risk.
The Review of Financial Studies, 30(1), 2—47. https://doi.org/10.1093/rfs/hhw088

Aliyev, F. — Ajayi, R. — Gasim, N. (2020): Modelling Asymmetric Market Volatility With Univariate
GARCH Models: Evidence From Nasdaq-100. The Journal of Economic Asymmetries, 22(C).
https://doi.org/10.20944/preprints201909.0280.v1

Alogoskoufis, S. — Carbone, S. — Coussens, W. — Fahr, S. — Giuzio, M. — Kuik, F. — Parisi, L. —
Salakhova, D. — Spaggiari, M. (2021): Climate-related risks to financial stability. Financial
Stability Review, 1. https://ideas.repec.org//a/ecb/fsrart/202100012.html

Al-Thageb, S. A. — Algharabali, B. G. (2019): Economic policy uncertainty: A literature review. The
Journal of Economic Asymmetries, 20, ¢00133. https://doi.org/10.1016/j.jeca.2019.e00133

Anderson, T. W. — Darling, D. A. (1954): A test of goodness of fit. Journal of the American Statistical
Association, 49, 765-769. https://doi.org/10.2307/2281537

Ardia, D. — Bluteau, K. — Boudt, K. — Catania, L. — Trottier, D-A. (2019): Markov-Switching
GARCH Models in R: The MSGARCH Package. Journal of Statistical Software, 91, 1-38.
https://doi.org/10.18637/jss.v091.104

Ausloos, M. — Zhang, Y. — Dhesi, G. (2020): Stock index futures trading impact on spot price
volatility. The CSI 300 studied with a TGARCH model. Expert Systems with Applications,
160, 113688. https://doi.org/10.1016/j.eswa.2020.113688

Balkema, A. — Haan, L. (1974): Residual Life Time at Great Age. The Annals of Probability, 2.
https://doi.org/10.1214/a0p/1176996548

Balmaceda, J. F. — Miranda, M. A. — Parba, M. H. J. — Zapanta, P. A. (2022): Forecasting Value-at-
Risk During Crises in Select ASEAN Stock Market Indices Through GARCH-EVT Models.
Financial Management Bachelor’s Theses. https://animorepository.dlsu.edu.ph/etdb_finman/27

Battiston, S. — Dafermos, Y. — Monasterolo, I. (2021): Climate risks and financial stability. Journal
of Financial Stability, 54, 100867. https://doi.org/10.1016/1.jfs.2021.100867

Bernard, C. — Riischendorf, L. — Vanduffel, S. (2017): Value-at-Risk Bounds With Variance
Constraints. Journal of Risk and Insurance, 84(3), 923-959. https://doi.org/10.1111/jori.12108

Bhowmik, R. — Wang, S. (2020): Stock Market Volatility and Return Analysis: A Systematic
Literature Review. Entropy, 22(5), 522. https://doi.org/10.3390/¢22050522

Boikos, S. — Bournakis, I. — Christopoulos, D. — McAdam, P. (2023): Financial reforms and innovation: A
micro—macro perspective. Journal of International Money and Finance, 132, 102820.
https://doi.org/10.1016/j.jimonfin.2023.102820

Bollerslev, T. (1986): Generalized Autoregressive Conditional Heteroskedasticity. Journal of
Econometrics, 31(3), 307-327. https://doi.org/10.1016/0304-4076(86)90063-1

Bollerslev, T. — Li, S. Z. — Zhao, B. (2020): Good Volatility, Bad Volatility, and the Cross Section
of Stock Returns. Journal of Financial and Quantitative Analysis, 55(3), 751-781.
https://doi.org/10.1017/S0022109019000097

Boonyakunakorn, P. — Pastpipatkul, P. — Sriboonchitta, S. (2019): Value at Risk of SET Returns
Based on Bayesian Markov-Switching GARCH Approach. In: Kreinovich, V. — Sriboonchitta,
S. (eds.): Structural Changes and their Econometric Modeling, pp. 329-341., Springer
International Publishing. https://doi.org/10.1007/978-3-030-04263-9 25

Boubaker, S. — Goodell, J. W. — Pandey, D. K. — Kumari, V. (2022): Heterogeneous impacts of wars
on global equity markets: Evidence from the invasion of Ukraine. Finance Research Letters,
48, 102934. https://doi.org/10.1016/1.fr1.2022.102934

HUNGARIAN STATISTICAL REVIEW, VOLUME 8, NUMBER 2, PP. 63-93. DOI: 10.35618/HSR2025.02.en063



90 DARMANTO — ISNANI DARTI — SUCI ASTUTIK — NURJANNAH

Boungou, W. — Yati¢, A. (2022): The impact of the Ukraine—Russia war on world stock market
returns. Economics Letters, 215, 110516. https://doi.org/10.1016/j.econlet.2022.110516

Box, G. E. P. — Jenkins, G. M. — Reinsel, G. C. — Ljung, G. M. (2015): Time Series Analysis:
Forecasting and Control. Wiley and Sons.

Brodin, E. — Kliippelberg, C. (2014): Extreme Value Theory in Finance. In Wiley StatsRef: Statistics
Reference Online. John Wiley and Sons, Ltd. https://doi.org/10.1002/9781118445112.stat03757

Brooks, C. — Burke, S. P. (2003): Information Criteria for GARCH Model Selection. The European
Journal of Finance, 9(6), 557-580. https://doi.org/10.1080/1351847021000029188

Caporale, G. — Zakirova, V. (2017): Calendar anomalies in the Russian stock market. Russian
Journal of Economics, 3(1), 101-108. https://doi.org/10.1016/j.ruje.2017.02.007

Caporin, M. — Costola, M. (2019): Asymmetry and leverage in GARCH models: A News Impact
Curve perspective. Applied Economics, 51(31), 3345-3364.
https://doi.org/10.1080/00036846.2019.1578853

Chocholata, M. (2022): Volatility Regimes of Selected Central European Stock Returns: A Markov
Switching GARCH Approach. Journal of Business Economics and Management, 1-19.
https://doi.org/10.3846/jbem.2022.16648

Choudhry, M. (2013): An Introduction to Value-at-Risk (5th ed.).
https://www.wiley.com/en-us/An+Introduction+to+Value+at+Risk%2C+5th+Edition-p-
9781118316726

Ciapanna, E. — Formai, S. — Linarello, A. — Rovigatti, G. (2024): Measuring market power: Macro-
and micro-evidence from Italy. Empirical Economics.
https://doi.org/10.1007/s00181-024-02624-w

Cryer, J. D. — Chan, K. S. (2008): Time Series Analysis: With Applications in R. Springer Science —
Business Media. https://doi.org/10.1007/978-0-387-75959-3

Ding, J. — Guo, T. — Guo, B. (2017): Fat Tails, Value at Risk, and the Daily Palladium Returns
(SSRN Scholarly Paper No. 3019733). Social Science Research Network.
https://doi.org/10.2139/ssrn.3019733

Do, A. — Powell, R. — Yong, J. — Singh, A. (2020): Time-Varying Asymmetric Volatility Spillover
Between Global Markets and China’s A, B and H-Shares Using EGARCH and DCC-EGARCH
Models. The North American Journal of Economics and Finance, 54, 101096.
https://doi.org/10.1016/j.najef.2019.101096

Dowd, K. (2005): Retrospective Assessment of Value at Risk. Risk Management: A Modern
Perspective, 183-202. https://doi.org/10.1016/B978-012088438-4.50009-5

Du, L. — He, Y. (2015): Extreme risk spillovers between crude oil and stock markets. Energy
Economics, 51(C), 455-465.

Echaust, K. (2018): Conditional VaR using GARCH-EVT approach with optimal tail selection.
Proceedings of Economics and Finance Conferences, Article 6910151.
https://ideas.repec.org//p/sek/iefpro/6910151.html

Echaust, K. — Just, M. (2020): Value at Risk Estimation Using the GARCH-EVT Approach with
Optimal Tail Selection. Mathematics, 8(1), 1. https://doi.org/10.3390/math8010114

Endri, E — Abidin, Z. — Simanjuntak, T. P. — Nurhayati, I. (2020): Indonesian Stock Market Volatility:
GARCH Model. Montenegrin Journal of Economics, 16(2), 7-17.

Engle, R. F. (1982): Autoregressive Conditional Heteroscedasticity with Estimates of the Variance
of United Kingdom Inflation. Econometrica, 50(4), 987-1007. https://doi.org/10.2307/1912773

Fassas, A. P. — Siriopoulos, C. (2021): Implied volatility indices — A review. The Quarterly Review
of Economics and Finance, 79, 303-329. https://doi.org/10.1016/j.qref.2020.07.004

HUNGARIAN STATISTICAL REVIEW, VOLUME 8, NUMBER 2, PP. 63-93. DOI: 10.35618/HSR2025.02.en063



EVAULATING AND ASSESSING RISK OF BIG THREE STOCKS‘ PHARMACEUTICAL SECTOR IN INDONESIA... 91

Fernandez, V. (2003): Extreme Value Theory and Value at Risk. Revista de Analisis Economico —
Economic Analysis Review, 18, 57-85.

Fisher, R. A. — Tippett, L. H. C. (1928): Limiting Forms Of The Frequency Distribution Of The
Largest Or Smallest Member Of A Sample. Mathematical Proceedings of the Cambridge
Philosophical Society, 24(2), 180—-190. https://doi.org/10.1017/S0305004100015681

Gengay, R. — Selguk, F. (2004): Extreme value theory and Value-at-Risk: Relative performance in
emerging markets. International Journal of Forecasting, 20(2), 287-303.
https://doi.org/10.1016/j.ijforecast.2003.09.005

Gilli, M. — Kéllezi, E. (2006): An Application of Extreme Value Theory for Measuring Financial
Risk. Computational Economics, 27, 207-228. https://doi.org/10.1007/s10614-006-9025-7

Glosten, L. R. — Jagannathan, R. — Runkle, D. E. (1993): On the Relation between the Expected
Value and the Volatility of the Nominal Excess Return on Stocks. The Journal of Finance, 48(5),
1779-1801. https://doi.org/10.1111/j.1540-6261.1993.tb05128.x

Gnedenko, B. (1943): Sur La Distribution Limite Du Terme Maximum D’Une Serie Aleatoire.
Annals of Mathematics, 44(3), 423—453. https://doi.org/10.2307/1968974

Grillenzoni, C. (1993): ARIMA Processes with ARIMA Parameters. Journal of Business — Economic
Statistics, 11(2), 235-250. https://doi.org/10.2307/1391375

Hongwiengjan, W. — Thongtha, D. (2021): An analytical approximation of option prices via
TGARCH model. Economic Research-Ekonomska IstraZivanja, 34(1), 948-969.
https://doi.org/10.1080/1331677X.2020.1805636

Huang, C.-K. — North, D. — Zewotir, T. (2017): Exchangeability, Extreme Returns and Value-at-Risk
Forecasts. Physica A: Statistical Mechanics and Its Applications, 477, 204-216.
https://doi.org/10.1016/j.physa.2017.02.080

Hyndman, R. J. — Athanasopoulos, G. (2018): Forecasting: Principles and practice. OTexts.

Jorion, P. (2007): Value at Risk: The New Benchmark for Managing Financial Risk. McGraw—Hill.

Karagiorgis, A. — Drakos, K. (2022): The Skewness-Kurtosis plane for non-Gaussian systems: The
case of hedge fund returns. Journal of International Financial Markets, Institutions and Money,
80, 101639. https://doi.org/10.1016/1.intfin.2022.101639

Kayani, U. N — Aysan, A. F. — Khan, M — Khan, M., Mumtaz, R., — Irfan, M. (2024): Unleashing the
pandemic volatility: A glimpse into the stock market performance of developed economies
during Covid-19. Heliyon, 10(4), €25202. https://doi.org/10.1016/j.heliyon.2024.e25202

Ke, R — Yang, L. — Tan, C. (2022): Forecasting tail risk for Bitcoin: A dynamic peak over threshold
approach. Finance Research Letters, 49, 103086. https://doi.org/10.1016/].1r1.2022.103086

Khan, M. — Khan, M. — Irfan, M. (2023): Estimating Value-at-Risk and Expected Shortfall of Metal
Commodities: Application of GARCH-EVT Method. Journal of Risk Management in Financial
Institutions, Henry Steward Publications, 16(2), 189-199.

Kupiec, P. H. (1995): Techniques for Verifying the Accuracy of Risk Measurement Models. The
Journal of Derivatives, 3(2), 73-84.
https://doi.org/10.3905/j0d.1995.407942

Li, Y — Gu, R. — Zhao, D. (2024): Comparative analysis of volatility forecasting for healthcare stock
indices amid public health crises: A study based on the Bayes-CNN model. Frontiers, 12.
https://doi.org/10.3389/fpubh.2024.1476196

Lilliefors, H. W. (1967): On the Kolmogorov—Smirnov Test for Normality with Mean and Variance
Unknown. Journal of the American Statistical Association, 62(318), 399—402.
https://doi.org/10.2307/2283970

HUNGARIAN STATISTICAL REVIEW, VOLUME 8, NUMBER 2, PP. 63-93. DOI: 10.35618/HSR2025.02.en063



92 DARMANTO — ISNANI DARTI — SUCI ASTUTIK — NURJANNAH

Maharana, N — Panigrahi, A. K. — Chaudhury, S. K. (2024): Volatility Persistence and Spillover
Effects of Indian Market in the Global Economy: A Pre- and Post-Pandemic Analysis Using
VAR-BEKK-GARCH Model. Journal of Risk and Financial Management, 17(7), 294.
https://doi.org/10.3390/jrfm17070294

McNeil, A. J. — Frey, R. (2000): Estimation of Tail-Related Risk Measures for Heteroscedastic Financial
Time Series: An Extreme Value Approach. Journal of Empirical Finance, 7(3), 271-300.
https://doi.org/10.1016/S0927-5398(00)00012-8

Milosevié, M. — Andeli¢, G. — Vidakovi¢, S. — Djakovié, V. (2019): The Influence of Holiday Effect
on The Rate of Return of Emerging Markets: A Case Study of Slovenia, Croatia and Hungary.
Economic Research-Ekonomska Istrazivanja, 32, 2354-2376.
https://doi.org/10.1080/1331677X.2019.1638281

Mittnik, S. — Rachev, S. T. — Paolella, M. S. (1998): Stable Paretian Modeling In Finance: Some
Empirical And Theoretical Aspects. In: Adler, R. J. — Feldman, R. E. — Taqqu, M. S. (eds.): 4
practical guide to heavy tails: Statistical techniques and applications, pp. 79-110., Birkhauser
Boston Inc.

Montgomery, D. C. — Jennings, C. L. — Kulahci, M. (2015): Introduction to Time Series Analysis and
Forecasting, (2nd edition). Wiley-Interscience.

Naik, N. — Mohan, B. R. — Jha, R. A. (2020): GARCH-Model Identification based on Performance
of Information Criteria. Procedia Computer Science, 171, 1935-1942.
https://doi.org/10.1016/j.procs.2020.04.207

Naimy, V. — Haddad, O. — Fernandez-Avilés, G. — Khoury, R. E. (2021): The Predictive Capacity Of
GARCH-Type Models In Measuring The Volatility Of Crypto And World Currencies. PLOS
ONE, 16(1), €0245904. https://doi.org/10.1371/journal.pone.0245904

Narayan, P. K. — Liu, R. — Westerlund, J. (2016): A GARCH model for testing market efficiency.
Journal of International Financial Markets, Institutions and Money, 41, 121-138.
https://doi.org/10.1016/.intfin.2015.12.008

Nelson, D. B. (1991): Conditional Heteroskedasticity in Asset Returns: A New Approach.
Econometrica, 59(2), 347-370. https://doi.org/10.2307/2938260

Noori, N. A. — Mohammad, A. A. (2021): Dynamical Approach in studying GJR-GARCH (Q,P)
Models with Application. Tikrit Journal of Pure Science, 26(2), 2.

Pham Thi, T. D. — Do, H. D. — Paramaiah, C. — Duong, N. T. — Pham, V. K. — Shamansurova, Z.
(2023): Sustainable economic performance and natural resource price volatility in the post-covid-
pandemic: Evidence using GARCH models in Chinese context. Resources Policy, 86, 104138.
https://doi.org/10.1016/j.resourpol.2023.104138

Pickands 111, J. (1975): Statistical Inference Using Extreme Order Statistics. The Annals of Statistics,
3(1), 119-131. https://doi.org/10.1214/a0s/1176343003

Ren, X. — Li, Y. — Sun, X. — Bu, R. — Jawadi, F. (2023): Modeling extreme risk spillovers between
crude oil and Chinese energy futures markets. Energy Economics, 126, 107007.
https://doi.org/10.1016/j.eneco.2023.107007

Sema, G. — Konte, M. A. — Diongue, A. K. (2021): Forecasting Value-at-Risk Using Markov Regime-
Switching Asymmetric GARCH Model With Stable Distribution In The Context of The
Covid-19 Pandemic. African Journal of Applied Statistics, 8(1), 1049-1071.
https://doi.org/10.16929/ajas/2021.1049.257

Shahani, R. — Taneja, A. (2022): Dynamics of volatility behaviour and spillover from crude to energy
crops: Empirical evidence from India. Energy Nexus, 8, 100152.
https://doi.org/10.1016/j.nexus.2022.100152

HUNGARIAN STATISTICAL REVIEW, VOLUME 8, NUMBER 2, PP. 63-93. DOI: 10.35618/HSR2025.02.en063



EVAULATING AND ASSESSING RISK OF BIG THREE STOCKS‘ PHARMACEUTICAL SECTOR IN INDONESIA... 93

Sheikh, A. Z. — Qiao, H. (2009): Non-Normality of Market Returns: A Framework for Asset
Allocation Decision Making. The Journal of Alternative Investments, 12(3), 8-35.
https://doi.org/10.3905/JA1.2010.12.3.008

Tabash, M. 1. — Chalissery, N. — Nishad, T. M. — Al-Absy, M. S. M. (2024): Market Shocks and
Stock Volatility: Evidence from Emerging and Developed Markets. International Journal of
Financial Studies, 12(1), 2. https://doi.org/10.3390/ijfs12010002

Tabasi, H. — Yousefi, V. — Tamosaitien¢, J. — Ghasemi, F. (2019): Estimating Conditional Value at
Risk in the Tehran Stock Exchange Based on the Extreme Value Theory Using GARCH Models.
Administrative Sciences, 9(2), 2. https://doi.org/10.3390/admsci9020040

Wang, Y. — Xiang, Y. — Lei, X. — Zhou, Y. (2021): Volatility Analysis Based On GARCH-Type
Models: Evidence From The Chinese Stock Market. Economic Research-Ekonomska
Istrazivanja, 0(0), 1-25. https://doi.org/10.1080/1331677X.2021.1967771

Wilcox, R. (2020): Modern Statistics for the Social and Behavioral Sciences: A Practical
Introduction. CRC Press.

Zakoian, J.-M. (1994): Threshold Heteroskedastic Models. Journal of Economic Dynamics and
Control, 18(5), 931-955. https://doi.org/10.1016/0165-1889(94)90039-6

Zhang, Y. — Nadarajah, S. (2018): A review of backtesting for value at risk. Communications in
Statistics — Theory and Methods, 47(15), 3616-3639.
https://doi.org/10.1080/03610926.2017.1361984

Internet sources

[1] Indonesia Stock Exchange [IDX]: https://www.idx.co.id/
[2] Indonesia Stock Exchange [IDX]: Fact sheet index.
https://www.idx.co.id/en/market-data/statistical-reports/fact-sheet-index/)

HUNGARIAN STATISTICAL REVIEW, VOLUME 8, NUMBER 2, PP. 63-93. DOI: 10.35618/HSR2025.02.en063




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


