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Abstract

Recently, the complex dependence patterns among various stocks gained more
importance. Measuring the dependency structure is critical for investors to manage
their portfolio risks. Since the global financial crisis, researchers have been more
interested in studying the dynamics of dependency within stock markets by using
novel methodologies. This study aims to investigate a Regular-Vine copula approach
to estimate the interdependence structure of the Istanbul Stock Exchange index
(ISE100). For this purpose, we consider 32 stocks related to 6 sectors belonging to
ISE100. To reflect the time-varying impacts of the 2008-2009 global financial cri-
sis, the dependence analysis is conducted over pre-, during-, and post-global finan-
cial crisis periods. Portfolio analysis is considered via a rolling window approach to
capture the changes in the dependence. We compare the Regular-Vine-based gener-
alized autoregressive conditional heteroskedasticity (GARCH) against the conven-
tional GARCH model with different innovations. Value at risk and expected short-
fall risk measures are used to validate the models. Additionally, for the constructed
portfolios, return performance is summarized using both Sharpe and Sortino ratios.
To test the ability of the considered Regular-Vine approach on ISE100, another eval-
uation has been done during the COVID-19 pandemic crisis with various parameter
settings. The main findings across different risky periods illustrate the suitability of
using the Regular-vine GARCH approach to model the complex dependence among
stocks in emerging market conditions.

Keywords R-Vine copula - Global financial crisis - Istanbul stock exchange - Value-
at-risk - Expected shortfall

1 Introduction

In the past decade, financial markets experienced many crises due to underestima-

tion of risk (MacKenzie & Spears, 2014; Jickling, 2009). Since the global financial
crisis (GFC), researchers and practitioners have increasingly sought to develop new
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methods to predict and control market risks. Understanding the dynamic of interde-
pendence between stocks is vital for investors to manage their portfolio’s risk and
forecast returns (Liu et al., 2017). Copulas are a popular tool for modeling depend-
ence and risk in finance. They offer a flexible way to model the joint distribution
of two or more random variables, which is especially common in stock markets.
Besides, copula modeling can be beneficial when detecting the symmetric and
asymmetric dependence patterns for financial data in times of stress.

Correlation is a traditionally used measure of dependence, applicable only in
the elliptical world, for example, when the returns follow a multivariate Gaussian
or Student’s t-distribution. When there are non-linear relationships between returns,
the correlation may not adequately describe the type of dependency, thus leading to
an underestimation of the joint risk of extreme events (Junker et al., 2005). Copulas
ask a different question, such as “How do two variables act together and how strong
is this simultaneous movement at various points in the distribution” (Vuolo, 2015),
rather than how variable X affects variable Y. In this context, the advantage of using
copula in the co-movement analysis is multifaceted (Ning, 2010). The motivation
behind the copula is that it allows a separation of the dependence structure from
its margins and captures the non-linear dependency patterns. Copula also allows for
asymmetric dependence, which has important implications when calculating port-
folio risks (Nelsen, 2007; Patton, 2013; Prince & Anokye, 2020). Therefore, copula
adapts well to the dependency of financial data, making it a good choice for incorpo-
rating dependence into the model (Embrechts et al., 1999).

Although copulas are widely-used in finance and economics, they are not prac-
tical for high-dimensional data. Vine copulas (or Vines) are tree-based models to
overcome such limitations of multivariate copulas (Cooke, 1997; Bedford & Cooke,
2001, 2002). Vines, also called as pair copula construction (PCCs), rely on the use of
bivariate copulas. Each pair captures the dependence between two variables sequan-
tially. Vine copulas offer better flexibility than standard multivariate copula models
due to the wide selection of bivariate copula models (Heinen & Valdesogo, 2008;
Kurowicka & Joe, 2010). Additionally, Vines can overcome the limiting features of
alternative measures of dependency and correlation, such as Pearson, Spearman,
and Kendall (Hernandez, 2015). Bedford and Cooke (2001) and Bedford and Cooke
(2002) graphically explored the pair-copula constructions, regular vines (R-Vines),
and developed two main sub-classes, called canonical vines (C-Vines) and drawable
vines (D-Vines). C- and D-Vines are beneficial for specific tree structures whereas
R-Vines are more flexible framework.

The 2008-2009 financial crisis provides an example of how financial institutions
and their markets are interconnected and how shocks in one industry can threaten
the stability of the other sectors or the entire system. In Turkey, there is a gap in
the dependence analysis of stocks, covering both the financial and other sectors. In
this direction, the contributions of this study are two-fold. First, we examine the co-
dependencies of 32 stocks with the R-Vine copula model. The duration of data is
selected as 01.01.2005-31.12.2013 to investigate the effects of the pre-, during, and
post-GFC periods. Within the 32 stocks of ISE100, we study the sub-sector varying
dependencies by focusing on R-Vines. A general understanding of the structure of
co-dependency between sectors is critical in measuring a portfolio’s risk. Secondly,
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we construct an equally weighted portfolio from the selected leaders of each sector
by an R-Vine-based GARCH model. Thereafter, the dynamic Value-at-Risk (VaR)
and Expected Shortfall (ES) risk measures are computed over the constructed port-
folio. For the reliability of risk measures, we employ backtesting methods to provide
further insight to the policymakers with more reliable information to avoid potential
losses, especially during periods of financial stress. During 2020, the COVID-19
pandemic has left global financial markets considerably vulnerable for the first time
since the 2008. In this challenging period, ISE100, as an emerging stock market, has
experienced a real collapse, based on a quick jump in market volatility during the
COVID-19 epidemic, including other economic issues such as a weakened currency,
elevated inflation, and unemployment as well as certain political decisions. For that
reason, to test the considered R-Vine model under different market conditions, simi-
lar computations have been made to bring further evidences for the model suitability
on Turkish market.

This study is the first comprehensive R-Vine copula dependence analysis on vari-
ous sectors traded in ISE100 in certain time periods regarding the 2008—2009 global
financial crisis, and COVID-19 pandemic crisis with significant events and shocks.
The second period is examined to support the suitability of considered model under
different economic characteristics. In the first financial crisis period, we discuss
not only the results of dependence analysis but also two crucial risk measures, VaR
and ES, which are carefully investigated and compared under various scenarios.
The main findings show that the R-Vine copula is a suitable model for the complex
dependence structures of the ISE100 stock market. Results show that dependence
structure varies with time, and Survival Gumbel copula occurs in maximum num-
bers, especially during the GFC period, and plays a crucial role in the dependence
structure of sectors. Especially the finance sector has the highest dependence risk
during times of turbulence. The dynamic R-Vine GARCH portfolio analysis, with
VaR and ES risk measures, is studied for different periods. In addition, we also com-
pute only GARCH-based portfolio risk measures for comparison and show that the
R-Vine GARCH model performs better in capturing data variability. The computa-
tions demonstrate the suitability of the R-Vine GARCH model for portfolio analysis.
In addition to the calculated risk measures, it is important to highlight the portfolio
return performance with suitable indicators. There are numerous performance meas-
urement strategies for measuring portfolio return performance mainly including
Sharpe Ratio (reward to variance), and Sortino Ratio (corrected version of Sharpe).
Briefly, Sharpe ratio (ShR) evaluates an investment’s performance compared to a
risk-free asset (Sharpe, 1964). It is the investment return minus the risk-free return
divided by the investment return standard deviation. Investors gain more return per
unit of risk. On the other hand, risk-adjusted return is measured via the Sortino ratio
(SoR). Unlike the ShR ratio, it penalizes only returns below a user-specified tar-
get or required rate of return (Sortino & Price, 1994). For that purpose, Sharpe and
Sortino ratios are summarized similar to the calculated risk measures over different
time intervals. Additionally, the impact of risk free rate graphically displayed and
discussed for the GFC period for the same equally weighted portfolio setting. The
calculated ratios support the main finding that it is better to rely on R-Vine GARCH
framework rather than relying on classical GARCH models. For the second crisis
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period, similar stocks and their relationships have been examined under the COVID-
19 pandemic crisis that had certain shock economic waves through different chan-
nels towards the Turkish financial market.

The rest of the paper is organized as follows: Sect. 2 briefly summarizes the lit-
erature regarding the application of Vine copulas for stock markets. In Sect. 3, we
give a brief review on the methodology of ARMA-GARCH and Vines. Section 4
presents the application of the R-Vine for sub-sector dependence analysis and the
constructed portfolio. Finally, Sect. 5 summarizes the results, including the benefits
and limitations of the study.

2 Literature Review

The popularity of copula models in the last few decades increased significantly. In
particular, there is a growing interest to do research on the co-dependence of stock
markets during periods of extreme fluctuations. It is demonstrated in the literature
that stock markets are more dependent on one another during financial crises (Ches-
ters, 2011; Jansen & Nahuis, 2003; David, 1997). For example, the R-Vine copula
model is used to measure and analyze the co-dependency of stocks from the Dow
Jones Industrial Average (DJIA) index (Allen et al., 2013). Hernandez (2015) mod-
els the portfolio interdependencies using a copula counting technique to assess the
multivariate dependent risk. Heinen and Valdesogo (2008); Dismann et al. (2013);
Brechmann and Czado (2013) and Geidosch and Fischer (2016) employed vine cop-
ulas to assess co-dependency of financial time series. Heinen and Valdesogo (2008)
proposed a dynamic model called canonical vine autoregressive (CAVA) to estimate
the dependence between stocks, the sector and stocks, and the sector and market.
Dismann et al. (2013) considered the R-Vine framework for European financial data,
using 11 stock indices to model the change of dependence structure during periods
of GFC.

In addition, portfolio risk measures can be improved with the use of Vines.
Guegan and Maugis (2010) compared the Vine-GARCH method with the regular
GARCH model and concluded that vines offer a significant improvement in the port-
folio VaR predictions. Guegan and Maugis (2010) applies vine copulas in 5-dimen-
sional stocks for VaR estimation. Brechmann and Czado (2013) stressed the useful-
ness of vine copulas in portfolio management. They developed a method called the
Regular Vine Market Sector (RVMS) model to measure and understand the depend-
ence structure of the Euro Stoxx 50, which includes 46 stocks and 5 national indices.
The fitted R-Vine copula model can adequately capture the asymmetric dependence
between the stocks, sectors, and the market. In the same vein, Kurowicka and Joe
(2010) showed the capability of the R-Vine copulas to capture a high-dimensional
asymmetric relationship of financial returns. Dismann et al. (2013) suggest an
algorithm to make R-Vine estimation feasible, showing the high flexibility of the
R-Vines compared to C- and D-Vines. Geidosch and Fischer (2016) confirmed the
advantages of vine copulas over conventional copulas when modeling the depend-
ence structure of a portfolio.
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Recently, the literature on the effects of COVID-19 on financial markets increased
rapidly, especially in the second quarter of 2020, when the epidemic began to spread
worldwide. Among different studies, there are some research papers focused on
stock dependencies between countries using copula framework. To illustrate, Aslam
et al. (2021), the dependence structure of global stock markets in the COVID-19
period has been examined using the C-vine Copula approach. The dynamic tail
dependence risk between the BRICS economies and the world energy market was
studied by Muteba Mwamba and Mwambi (2021), during the COVID-19 financial
crisis. They used the vector autoregressive (VAR), Markov-switching GJR-GARCH,
and vine copula methods. For a specific stock market, Eita and Tchuinkam Djemo
(2022) applied an EVT-based pairwise copula method for modeling risk interac-
tion between foreign exchange rates and equity indices of the Johannesburg Stock
Exchange (JSE) by using some selected listed stock indices. By combining different
tools, Alqaralleh and Canepa (2021) considered the wavelet-copula-GARCH pro-
cedure to investigate the occurrence of cross-market linkages during the COVID-
19 pandemic using six major stock indices. In another recent work, Sahamkhadam
and Stephan (2023) examined vine copulas in modeling symmetric and asymmetric
dependency structures and forecasting financial returns from 2001 to 2022, includ-
ing the COVID-19 pandemic crisis.

As noted above, while there is a vast literature on modeling the co-dependency
between stock returns via Vine copula, the literature on modeling the dependency
structure of ISE100 stock returns is limited. Examples of the research on the co-
dependence of the financial markets of Turkey can be found in Binici et al. (2013);
Talasli (2013). These studies are along the line of correlations, and conditional cor-
relations. The application example closest to our study belongs to the work of Ozgiir
and Sarikovanlik (2021). They analyzed the co-dependency of 12 stocks traded in
ISE30 but did not include a crisis period in their study. Understanding the impacts of
the financial crises on individual stocks, as well as on a portfolio, is one of the main
objectives of this study. It fails to examine asymmetric dependence between stock
returns since they assume that innovations follow a symmetric multivariate normal
or Student’s t-distribution. In this regard, we extend the above-mentioned studies
by using a wide range of stocks and presenting an examination of the dependency
structures over three different sample periods involving the GFC. In light of the
available literature, we employ and study the R-Vine GARCH model for portfolio
risk modeling over different sub-periods. To the best of our knowledge, within the
same modeling framework, this study is the first one that focuses on COVID-19 pan-
demic period for ISE100 stock market.

For Turkey stock market, the implementations of Sharpe (ShR) and Sortino
(SoR) ratios are limited similar to the VaR and ES investigations. Generally, many
empirical studies are focused on the pension funds and banking sector rather look-
ing at the different sector leaders jointly. In one of the studies, the stability of mutual
fund performance was investigated in the short and long term using monthly returns
including Sharpe ratio calculation (Akel, 2007). Other studies, such as (Korkmaz &
Uygurturk, 2008), (Dagli & Er, 2008), and (Eken & Pehlivan, 2009), also calculated
Sharpe ratio values in mutual fund analysis. (Uyar & Gokce, 2008) measured the
daily returns of equity funds using the Sharpe ratio and Jensen Alpha, while (Kok
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& Erikei, 2015) compared the performance of different types of mutual funds to the
performance of the BIST100 index using various performance indices. There are
also more specific studies, such as (Atmaca, 2022) considered the electricity market
in Turkey, and (Ocal & Kamil, 2021) compared the BIST100 data with the Indone-
sian Stock Exchange market without any dependence modeling. In another banking-
sector focused study, (Bagci, 2022) investigated the performance of the stocks of 7
banks registered at the Borsa Istanbul Liquid Bank Index by calculating both Sharpe
and Sortino ratios, for the years 2017-2021. Overall, up to the authors knowledge,
there is no study that investigated the return performances tied to vine copulas. In
that respect, our work contributes to the existing literature in a unique and compre-
hensive way.

3 Methodology

This section explains the methods combined in analyzing the several characteristics
of financial assets. The first aspect is time series modeling to incorporate mean and
volatility trends of stocks. The second part is about the Vines to model the depend-
ency between the assets, that can create a systemic risk if it is ignored. We explain
the portfolio construction and risk measure estimations. Lastly, we present the vali-
dation of risk measures using backtesting methods at the end of this section.

3.1 ARMA-GARCH Model

To model the standardized residuals via copula, one first needs to undertake a uni-
variate time series analysis (Patton, 2012; Zhang & Singh, 2019). To model both the
trend and non-constant volatility inherent in financial time series data, we opt to use
an ARMA-GARCH model. The return series is described as an autoregressive mov-
ing average model, ARMA(p, g), as follows

P q
r,=c+ Z ar,_ + 2 B, + & (1)
i=1 =1

where, r, is return at time 7, €, is a white noise series, ¢ is a constant, a; # 0 and
ﬂj # 0 are AR(p) and MA(g) parameters.

As a generalized version of autoregressive conditional heteroscedasticity
(ARCH), a GARCH model is used for modeling the volatility and focuses on the
error term g,. GARCH(m, n) model is expressed as

& =0, 2)
m n
2 _ 2 2
o, =w+ Z ag,  + Z bjo,_; (3)
i=1 j=1

where z, ~ D(0, 1) are iid, w is a constant, @; > 0, b; > 0, and } a; + }’b; <0 are
GARCH parameters.
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Here, z, can be taken as any distribution to correctly reflect the features of the
data modelled. By using the guidance of the literature in this subject, we compare
standard normal (norm), Student’s t (std), and skewed Student’s t-distributions (sstd)
for z, in the portfolio analysis part.

3.2 Vine Copula

A d-dimensional copula is a multivariate joint distribution function that connects
number of d marginal distributions. As introduced by Sklar (1959), the multivari-
ate distribution function F of d random variables X, ..., X, with marginal distribu-
tion functions F,(x,) = u,, ..., F (x;) = u,; can be described by a copula function,
C : [0, 1]¢ - [0, 1] such that

F(xy, %, .., xg) = C(F (x)), Fy(xy), ..., Fy(xg)) = Cluy, ..., uy). )

Based on the dependence structure, there are two main types of copulas: (i) The
elliptical copula is suitable for modeling symmetric dependence, and (ii) The Archi-
medean copula is suitable for asymmetrical dependence. For multivariate cases,
especially with the increased dimension, Archimedean copula models become more
complex, challenging to use, and exhibit some parameter limitations although they
are more suitable for non-normal financial data. As an alternative, the complexity of
a d-dimensional distribution can be expressed easily with the help of PCCs, namely
Vines. First proposed by Joe (1996) and later developed by Aas et al. (2009), vine
copulas offer a flexible graphical model for describing complex multivariate depend-
ence by a rich variety of pair-copulas. Pair-copulas can be arranged and analyzed in
a graphic tree structure to facilitate the analysis of multiple dependencies.

A Vine denoted as V on d variables consists of connected trees V = (T, ..., T;_; },
and the edges of tree j are the nodes of tree j+ 1, j = 1,...,d — 2. An R-Vine copula
on d variables is a vine in which two edges in tree j are joined by an edge in tree
J = lonly if these edges share a common node, j =1, ...,d — 2. Hence, it provides
a single optimal PCC. In a d dimensional case, d(d — 1)/2 bivariate pair copulas are
selected for (d — 1) number of trees. The first root-node models the dependence with
respect to a selected variable. Conditional on the selected variable, the second root-
node models the dependence with respect to another variable. Following the same
structure, all pair-copulas are selected conditionally on the selected variables.

The pdf of a d-dimensional rv X can be denoted as

JOxpx, e, xy) =f1(x1)f2|1(x2 | xl)f3|1,2(x3 | xy,x5)

5)
--~fd|x1,x2,...,xd,l(xd | X052, oo s Xg1)s
where, fi(x;) i=1,2,...,d are the marginals. The bivariate decomposition for X,
and X, with pair copula ¢ , is as follows
fl,z(xl X)) = Ci2 (F1 (xp), Fz(x2)>f1 (e (x0). (6)

Linked to that, the conditional probability is
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Fon | xp) = 12 (F(x)s Fa(x) ) fo (). @)

PCCs do not have a unique solution. Therefore regular vines can be used to organ-
ize simplified PCCs (Bedford & Cooke, 2001). Let there be N nodes and ¢ edges,
such thatN = {N,,...,N,_;}and € € {E|, ..., E,_, }. Conditioned nodes are defined
as j(e) and k(e), and the conditioning set is defined as D(e). R-Vine copula is then
yields as the following joint density equation

d
F@s X)) = lH fk(xk)]
k=1
d—1
X lH ch(e),k(e)lD<e>(F (%o 1 %p0) ) F (Xee) | ¥piey)) |-

i=1 e€k;

®)

Hence, construction of a vine copula is not strict, and a large number of different
pair copula models can be selected. Vine copulas can be investigated with the help
of graphical representation of R-Vines. We use the sequential method (strongest
dependencies) in determining the trees of R-Vine with Kendall’s 7 measure given in
Eq. (9). This step-wise construction provides computational ease and effectiveness.

1,1
T(x,y) = 4/ / C(u,v)dC(u,v) — 1 )
0o Jo

Akaike information criterion (AIC) and Bayesian information criterion (BIC) are
the most common statistics used to select the best copula model and are computed
using the following equations

AIC =2k — 2In(L), (10)

N
1
BIC =NIn <ﬁ ;(pei —p,-)2> + kIn(N), (11)

where, p,; — p; is the difference between empirical and theoretical probabilities, N
is the sample size, k is the number of parameters and L is the maximum likelihood
function value for the model.

In this above setting, the full model specification requires (i) The choice of
the Vine tree structure, (ii) Copula families for each pair, and (iii) Their corre-
sponding parameters. The selection of different copula families stands for distinct
dependence patterns. The well-known elliptical families are Gaussian and the
Student’s t-copulas. The Gaussian copula is symmetric and has no tail depend-
ence (Aloui et al., 2013). Student’s t copula shows symmetric tail dependence.
Among all Archimedean types; Clayton, Gumbel, Frank, and Joe are primary
examples of one-parameter families. The Clayton copula has higher depend-
ence in the lower tail, while the Gumbel copula has higher dependence in the
upper tail (Aloui et al., 2013). Furthermore, Joe copula captures the positive tail
dependence. As combinations of these families, two-parameter copulas such as
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the bi-parameter bivariate (BB) class allow for different, nonzero upper and lower
tail behavior (Joe, 1997).

The bivariate copula models used in this study during R-Vine copula model
construction are categorized based on the number of parameters and rotation
degrees as shown in Table 1. In addition to the copula function names, unique
integer labels for each family are presented regarding their use in the VineCop-
ula R package to guide the reader. The presented numbers for each copula fam-
ily given in the parenthesis will appear in the fitted R-Vine copula model matri-
ces, given in Appendix 2. For further details on Vines, the interested reader is
referred to the book of Czado (2019).

3.3 Portfolio Construction

The return of the d-dimensional portfolio, R,, can be computed as

R =Y wr, (12)

where, w;, and r;,
time ¢, respectively.

In order to manage the risk inherent in financial instruments the most popular
risk measure in use is still VaR. Although it has some disadvantages (not satis-
fying the coherency axioms; violates the subadditivity), VaR provides a single
value for the given level of risk and it is easy to interpret and compare as a quan-
tile based risk measure. Simply, VaR at level a is defined as,

i=1,...,d, denote the weight and daily returns of i’th stock at

VaR,(X) = min{x : Px < X) =a} = F'( - a). (13)

VaR does not contain any information about the amount of risk and the expected
loss when the quantile « is exceeded. As an alternative, ES focuses on the tail por-
tion given that the VaR level is exceeded and defined in terms of the VaR level as
follows,

Table 1 Copula families employed by the R-Vine models in VineCopula package

One parameter Two parameters 90° Rotated 180° Rotated 270° Rotated
Gaussian (1) Student’s t (2) Clayton (23) Clayton (13) Clayton (33)
Clayton (3) Clayton-Gumbel: BB1 (7) Gumbel (24) Gumbel (14) Gumbel (34)
Gumbel (4) Joe-Gumbel: BB6 (8) Joe (26) Joe (16) Joe (36)
Frank (5) Joe-Clayton: BB7 (9) BBI1 (27) BBI (17) BB1 (37)
Joe (6) Joe-Frank: BB8 (10) BB6 (28) BB6 (18) BB6 (38)
BB7 (29) BB7 (19) BB7 (39)
BBS (30) BB8 (20) BB8 (40)
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ES,(X) = E(X | X > VaR,)

(14)
= VaR, + E(X — VaR, | X > VaR,).

To test and validate the calculated VaR values, the following two backtesting meth-
ods are used: Kupiec’s proportion of failures (POF) and Christoffersen’s independ-
ence and interval forecast (IND) tests. Kupiec’s proportion of failures (POF) tests
the null hypotheses defined as the probability of realized violations is equal to the
risk measures confidence level. If data set has N observations, violations n has a
binomial distribution with parameters (N, g). Therefore, expected number of viola-
tions n in N observations is [(1 — g) X N].

LRpop = 2[10g <(N) (1 - N)N_”> —log ((1 —g)"¢"™")|. (15)

Here, LRy distributed as as )(21.

Christoffersen’s independence and interval forecast (IND) test first determines the
violations by an indicator function (Christoffersen, 1998), (Christoffersen et al., 2001).
For two consecutive point, four outcomes are possible, each having an n; number of
observations. The subscript i represents the previous data’s state of VlOlathH and j rep-
resents the state of violation of the tested data point (Table 2).

Violation probabilities are defined as z; fori = 0, 1

) (16)
"7 ngo +ng,
o= 1y (17)
= —
ny + 1y
_ Ngy + 1yy
x = : (18)

Ngo + Ngy + 1y + 1y

The resulting log-likelihood ratio is

LRi\p =— 21In [(l - ﬂ)("00+”|0)ﬂ(n01+n“)]

Moo _Ngy Mo "11 (19)
+21n[(1—7t0) T, ( ) ]
. . l
whereas LRy distributed as as y,.
Table 2 States of IND test
I, = 0 I, =1
;=0 Moo g ngo + 71y
=1 Moy ny gy + 1y
oo + 1o nyo + 1y N
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To test ES, we use the following backtesting method developed by (McNeil & Frey,
2000) based on exceedance residuals. Using the forecasted risk measure EASW, the real-
ized return r,, and conditional volatility estimate 6,, the following equation shows the
expected value of the exceedance residuals,

r, = IfSa .
E(st) = E( ! 6 0 | r, > VaRa’,>. (20)
t

If the applied model is correct, it is expected to see that E (st) = 0. Therefore, on the

backtesting interval of N, the test value is Z oy S > VaR, ’}TR}

As it was introduced earlier, in addition to the risk measures, the portfolio return
performance measures, namely ShR and SoR ratios are calculated. The ShR model is
the most well-known of the various single-parameter risk/return metrics used to evalu-
ate the performance of a portfolio. Mainly, it is derived by multiplying the risk-free
rate-adjusted fund return values by their standard deviation. In general, among the
compared portfolios, investments are made in the portfolio with the highest Sharpe
ratio (Cucchiella & Gastaldi, 2016, Gokgodz & Giinel, 2012, Sharpe, 1964). Its defini-
tion is given below,

E —
ShR = M (1)
[0} R:
where E ( ) represents the expected return of portfolio, Ry, denotes the risk free
return, and oy is the standard deviation of the risk of the portfolio.

On the other hand, SoR can be considered as a corrected version of ShR ratio.
Instead of the portfolio standard deviation, the denominator calculates returns below
an acceptable income level. In terms of its meaning, still, the one with the highest SoR
succeeds (Gokgoz & Giinel, 2012, Sortino & Price, 1994). SoR calculation is briefly
described below,

SoR = m (22)
OR,
where only difference appears in the denominator part that o, stands for the stand-
ard deviation of the down-side risk of return. It simply takes into account the cases
where the return is below the risk free rate as the minimum acceptable rate of return.
In this study, the portfolio representing ISE100 is constructed with the pre-selected
sector leaders. To extract the risk measures and return performance indicators, new
helper functions are considered relying on available R functions. Specifically, for the
backtesting methods, built-in functions (VaRTest and ESTest) from rugarch package
in R are applied at the the last step.
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4 Numerical Results

In this study, we use the daily returns of 32 stocks trading continuously in ISE100
between 2005-2013, accessed from the Thomson Reuters Eikon financial data plat-
form (Eikon, 2022). Stocks are grouped into sub-sectors; finance, basic materials,
consumer cyclicals, consumer non-cyclicals, industrial, and others. Besides, the data
set is divided into three subsets to reflect the effects of the 2008-2009 GFC such
that; pre-GFC (03.01.2005-29.06.2007), GFC (02.07.2007-31.08.2009), and post-
GFC (01.09.2009-31.12.2013). For each period, the daily log-returns are computed
as r, = 100 x log(p,/p,_,) where p, and p,_, are prices of the stock at time ¢ and
t — 1, respectively.

This section investigates the effect of the R-Vine copula approach on dependent
data for different periods. We implement a widely used ARMA(1,1)-GARCH(1,1)
model for all the stocks, following the applications in the literature. Then a regular
GARCH(1,1) model is implemented for the portfolio analysis because of the compu-
tational simplicity, since it does not cause a significant change. For all relevant com-
putations, rugarch and VineCopula R packages are benefited (Nagler et al.,
2022; Ghalanos, 2022).

4.1 Data Description

Table 3 illustrates the descriptive statistics for the 32 stock log-returns for the entire
sample (2005-2013) under 6 different sectors (9 for finance, 4 for basic materials, 5
for consumer cyclicals, 7 for consumer non-cyclicals, 3 for industrial, and 4 for oth-
ers). Not surprisingly, the overall mean returns are positive for all except DOHOL
under consumer non-cyclicals. One can observe the highest and lowest values of
four main statistics under each sector with bold numbers. In means of volatility,
the highest attained standard deviation belongs to KOZAA (0.03550), whereas the
smallest value occurs under the finance sector for ALARK (0.02043). In general, the
log returns are positively skewed. The negatively skewed ones are YKBNK, ISFIN
(finance); DOAS, TOASO, FROTO (consumer cyclicals); DOHOL, SISE, AEFES
(consumer non-cyclicals); THYAO (industrial); and AYGAZ, TCELL, ISGYO (oth-
ers). This non-normality is also supported by the large kurtosis values, and all the
log returns point to the heavy-tailed distributions (leptokurtosis). For example, the
largest and the smallest kurtosis belongs to MGROS (14.05958) and SISE (4.58605)
stocks under consumer non-cyclicals. Overall, all of them have high kurtosis, which
implies the violation of normality. This summary shows that the log returns in the
collected sample have fat tails and changes in distributional characteristics meaning
that those copula models are best suited to capture these properties. The rounded
p-values of the Jarque-Bera (JB) test presented in the last column in Table 3 support
the violation on normality of daily log returns for the entire sample data.

In addition to the summarized descriptives of the whole sample, the descrip-
tive statistics of the three sub-periods can be seen in Tables 14, 15 and 16, given
in Appendix 1. A similar pattern exists for three sub-periods with slight changes in

@ Springer



Vine Copula Approach to Understand the Financial Dependence...

Table 3 Descriptive statistics of the whole sample under sector division

Sector division Mean Std. dev. Skewness Kurtosis JB test®
Finance (9) AKBNK 0.00040 0.02718 0.20657 554876  0.00000
GARAN 0.00073 0.02730 -0.01335 513175  0.00000
ISCTR 0.00032 0.02608 0.00917 503216  0.00000
SAHOL 0.00048 0.02547 0.05545 5.19591  0.00000
YKBNK 0.00041 0.02631 —0.10865 537967  0.00000
ECILC 0.00056 0.02354 0.18724 6.77095  0.00000
ALARK 0.00021 0.02043 0.00307 8.52655  0.00000
ISFIN 0.00052 0.02827 — 0.00062 822667  0.00000
SKBNK 0.00080 0.02965 0.18472 8.67683  0.00000
Basic EREGL 0.00066 0.02444 0.04918 6.55257  0.00000
Materials (4) KRDMR 0.00057 0.02731 0.05330 6.37450  0.00000
PETKM 0.00033 0.02280 0.27588 6.43269  0.00000
KOZAA 0.00121 0.03550 0.49351 713782 0.00000
Consumer ARCLK 0.00048 0.02547 0.34730 7.14549  0.00000
Cyclicals (5) AKSA 0.00067 0.02287 0.62915 7.28931 0.00000
DOAS 0.00067 0.02815 —0.36073 6.26034  0.00000
TOASO 0.00093 0.02808 ~0.27874 7.10285  0.00000
FROTO 0.00083 0.02529 —0.15530 7.15010  0.00000
Consumer DOHOL —0.00003  0.02842 —0.31859 8.63065  0.00000
Non-Cyclicals KCHOL 0.00053 0.02419 0.02135 5.89564  0.00000
@ SISE 0.00042 0.02386 —0.08407 4.58605  0.00000
AEFES 0.00062 0.02477 —0.18007 6.53734  0.00000
ULKER 0.00066 0.02307 0.05178 8.43660  0.00000
MGROS 0.00055 0.02594 0.63620 14.05958  0.00000
ECZYT 0.00054 0.02299 0.17523 7.67834  0.00000
Industrial (3) THYAO 0.00086 0.02517 —0.10518 6.46688  0.00000
ASELS 0.00121 0.02607 0.35691 730712 0.00000
ENKAI 0.00075 0.02357 0.21488 752133 0.00000
Others (4) TUPRS 0.00089 0.02404 0.06014 6.61529  0.00000
AYGAZ 0.00078 0.02230 - 0.07472 6.53360  0.00000
TCELL 0.00034 0.02297 —0.01440 6.42036  0.00000
ISGYO 0.00026 0.02384 —0.13162 7.01783  0.00000

4JB test p-values are presented at 5% significance, with H,: Data is normally distributed

One can observe the highest and lowest values of four main statistics under each sector with bold num-
bers

the obtained statistics and the name of the commodities. The movements during the
GFC period have negative impacts on the mean of log returns for different sectors
compared to pre-GFC and post-GFC periods. During the period of GFC, more nega-
tive log returns are observed, primarily for the consumer cyclicals sector. Especially
for the finance sector, the mean of log-returns is considerably lower in the GFC
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period compared to the pre-GFC period, a good indication of the GFC in the bank-
ing sector in Turkey. Generally, there is a certain upward trend in the standard devia-
tions for almost all stocks from the pre-GFC to the GFC period. The higher volatility
during the GFC period matches with the findings of relevant literature (Allen et al.,
2017). In terms of the normality assumption, all three periods indicate violations
similar to the whole sample case as supported by JB test p-values. The log returns
are generally skewed in many cases including the change in the direction from posi-
tive to negative or vice versa in different time horizons. To illustrate, skewness for
SAHOL from the finance sector changes from —0.11177 to 0.26207 (pre-GFC to
GFC) and then from 0.26207 to —0.12612 (GFC to post-GFC). Similar to the whole
sample results, the excess of high kurtosis preserves the non-normality for the stocks
under three sub-periods.

4.2 Sector Analysis

In this part of the study, three periods are analyzed separately within each sector.
For this aim, there are 18 different model results available since we have 3 sub-
period and 6 different sectors. Firstly, each univariate time series are modeled via
ARMA(1,1)-GARCH(1,1) model with the skewed Student’s t-distributed error
terms. After filtering the financial time series, the obtained residuals from the fit-
ted models are reserved for vine copula modeling. Even if C-, D- and R-Vine copu-
las are investigated, we only present briefly the results of the R-Vine copula. The
main motivation for discussing only R-Vine is attached to the flexibility of the model
compared to C- and D-Vines.

The selection of the optimal family relies on the minimum BIC among Gauss-
ian, Student’s t, Clayton, Frank, Gumbel, Joe copula, and their variations (total of
32 candidates given in Table 1). The parameter estimation part of the above process
follows the classical maximum likelihood estimation (MLE) (Nagler et al., 2022).
Before fitting any vine copula model, Fig. 1 shows the correlation structure on the
finance sector for pre-GFC, GFC and post-GFC periods. Among 9 different stocks
from the finance sector, the level of the dependence is changing over different sub-
periods. For the next sub-sections, the results are exemplified for the finance sector,
whereas the detailed results for other sectors are available upon request for the inter-
ested readers.

Figure 1(a) shows that all the stocks are positively dependent with varying mag-
nitudes in pre-GFC period. Here, the largest and the smallest attained Kendall’s =
correlation coefficient values are 0.49 and 0.19 for the pairs (AKBNK, ISCTR) and
(ECILC, SKBNK), respectively. Overall, the values are large enough to express that
there exist co-dependencies among the stocks in the Finance sectors. Additionally,
contour plots on the lower panel of Fig. 1a indicates that there are slight changes in
the tail dependencies among the stocks so that different copula families are worth
considering. Similar pattern can be seen in the Fig. 1b and Ic as well. The important
difference is the increase on Kendall’s 7 values when we move from pre-GFC to
GFC. Thereafter, this increasing behavior is almost preserved during the post-GFC
period. In terms of the largest and smallest Kendall’s 7 value for the pairs, we have
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Fig. 1 Dependence for the NGRK
finance sector for sub-periods
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(GARAN, ISCTR) and (ALARK, SKBNK)-(ECILC, ISFIN) for the GFC period
(Fig. 1b) whereas (ISCTR, YKBNK) and (ALARK, ISFIN) for post-GFC period
(Fig. 1c), respectively. These differences indicate the most prominent actors in the
finance sector. The fitted vine copula models present a similar tendency on different
sub-periods. Log-likelihood results show that R-Vine performs the best according
to the AIC and BIC in each period, which matches with the previous studies in the
literature. Figures 2 and 3 shows the estimated R-Vine trees (1’st and 2°nd level) for
pre-GFC period with the selected pair copulas and dependence parameters.

In Fig. 2, the edges show both the selected pair copulas with their depend-
ence parameters in parenthesis. For many pairs, one parameter family is selected
except for the pairs (AKBNK, ISCTR), (GARAN, ISCTR), ISCTR, ALARK), and
(YKBNK, SKBNK). More importantly, the selected copulas exhibit tail dependen-
cies for the stock pairs, ie. ISCTR, YKBNK) is modeled via survival Gumbel (SG)
with @ = 1.72. In this first level, the tree structure shows that many of the stocks are
directly related to ISCTR, where two exceptions are ISFIN and SKBNK. In Fig. 3,
one can see the first conditional copula pairs for the second tree level. Similar to the
first tree level, many of the selected copulas are Archimedean types except the pair
(ISCTR, SKBNK | YKBNK). Similarly, the first two tree levels are visualized for

Tree 1

.. AKBNK
.. GARAN
..ISCTR
.. SAHOL
.. YKBNK
..ECILC
.. ALARK
.. ISFIN
.. SKBNK

©CONDD DA WN

Fig.2 R-Vine tree structure for tree 1 with pair copulas on pre-GFC period
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Tree 2

... AKBNK
.. GARAN
.. ISCTR
.. SAHOL

.. YKBNK
..ECILC
.. ALARK
.. ISFIN

... SKBNK

©COENDO B WN =

Fig.3 R-Vine tree structure for tree 2 with pair copulas on pre-GFC period

the GFC and the post-GFC to highlight the changes in copula selection and depend-
ence structure.

Figure 4 shows a different tree structure for the first level. For various uncondi-
tional copula pairs, one-parameter families are selected except for the pairs (ISCTR,
SAHOL), (GARAN, YKBNK), (GARAN, ISFIN), and (GARAN, SKBNK). In
many of the pairs, similar to what we obtained in Fig. 2, the selected copulas exhibit
distinct tail dependencies for the stock pairs. For example, (ISCTR, ECILC) pair
has Survival Gumbel (SG) copula with dependence parameter 8 = 1.61. In this first
level, the tree structure shows that many of the stocks are directly related to stocks
GARAN and ISCTR. For the second tree level, illustrated in Fig. 5, Archimedean
copulas play an important role again. In contrast to the first tree level, all of the
selected copulas are one-parameter families. For the conditional copula functions,
the stocks (ISCTR, YKBNK, ISFIN, and SKBNK) exhibit dependencies condi-
tioning on (GARAN) on the upper part, whereas the pairs (AKBNK, GARAN),
(AKBNK, SAHOL), (SAHOL, ECILC) and (ECILC, ALARK) are all dependent
conditioning on the stock ISCTR. These two levels simply imply the importance
of the stocks GARAN and ISCTR for the finance sector. To illustrate, (ECILC,
ALARK | ISCTR) at the bottom implies that there exists a lower tail dependence
(Clayton with 8 = 0.41) for the (ECILC, ALARK) pairs given ISCTR.
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Tree 1

... AKBNK
... GARAN
... ISCTR
... SAHOL
... YKBNK
...ECILC

... ALARK
... ISFIN

... SKBNK

CEN®D O A WN =

Fig.4 R-Vine tree structure for tree 1 with pair copulas on GFC period

In Fig. 6 for post-GFC, once again, ISCTR has a central role in the first tree level.
In this period, all selected copula functions exhibit distinct tail dependencies includ-
ing symmetric ones for the pairs (AKBNK, ISCTR) and (AKBNK, SAHOL) having
Student’s t-copula with 8§ = 0.79 and 8 = 0.63, respectively. Similar to the pre-GFC
period, many of the stocks are directly related to ISCTR except SAHOL, ALARK,
and ISFIN. For the second tree level, illustrated in Fig. 7, Archimedean type fami-
lies appear again with different dependence patterns. In this level for the post-GFC
period, all selected copulas are one-parameter families except SBBS for the pair
(AKBNK, GARAN | ISCTR). For the conditional copula functions, the assigned
conditioning variable is much more variant compared to the results of the pre-GFC
and GFC periods. For example, the pair (GARAN, YKBNK) is dependent given
ISCTR (Frank, 8 = 2.49) whereas (ISCTR, ALARK) is weakly dependent given the
stock YKBNK (Clayton, 8 = 0.19) (the middle part of Fig. 7).

For the simplicity, only first two trees are presented whereas one can do the for-
ward trace to examine the noticeable differences on each pair copula. For finance
sector, the best selected pair copula is varying throughout pre-GFC to post-GFC
with different tail dependence properties. At various levels in the tree structure, the
obtained pair copulas can be summarized in terms of counting/grouping method as
in Table 4 (Hernandez, 2015). Based on the selected copula families, it is impor-
tant to highlight the changing dependence patterns over different periods of global
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Tree 2

... AKBNK
.. GARAN
.. ISCTR
.. SAHOL
.. YKBNK
..ECILC

.. ALARK
... ISFIN

.. SKBNK

©CoONO A WN

Fig.5 R-Vine tree structure for tree 2 with pair copulas on GFC period

financial crisis. In Table 4, the most selected family in pre-GFC, survival Gumbel,
indicates that there exists lower tail dependencies for the stock pairs (asymmetric
type of dependence). For GFC period (bear market), the impact of Gaussian and
Frank exhibits no tail dependence at various tree levels of fitted R-Vine model. The
Frank family appears the most for post-GFC period whereas only one Gaussian fam-
ily is selected. For periods of GFC and post-GFC (especially increased number of
Frank pairs), it is obvious that the most of the dependence is concentrated in the
centre of the joint distributions. This finding indicates that the stocks in the finance
sector have high dependence risk when the market is not stable. Additionally, during
GFC, the largest presence of Gaussian copula implies that the most of the depend-
ence relationship are mainly linear type. Nevertheless, for pre-GFC period, most of
the dependence is located in the lower tail (Clayton, survival Gumbel and BB8 fami-
lies). The lower tail dependence concentration is suggesting that the finance sec-
tor have high dependence risk in bear market conditions and low dependence risk
when the financial markets are stable. Overall, the dependence pattern between the
stocks for three different periods encounters various changes, reflected by the tree
structures, the best fitted copula and derived dependence degrees. Nevertheless, the
dependence parameters always show a positive relationship between the stocks in
the finance sector.

Similar to the related literature, the advantage of exploiting the R-Vines for cap-
turing the complex patterns of dependency is easy to observe in terms of different

@ Springer



0. Evkaya et al.

Tree 1

.. AKBNK
.. GARAN
... ISCTR
.. SAHOL |:|
.. YKBNK

..ECILC
.. ALARK

.. ISFIN
... SKBNK
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Fig.6 R-Vine tree structure for tree 1 with pair copulas on post-GFC period

copula pairs and corresponding tail dependence properties. As an illustration, R-Vine
copula specification matrix for pre-GFC period with additional details is displayed
in Tables 17, 18 and 19 in Appendix 2. Table 17 summarise how considered stocks
are tied together within R-Vine copula model. For the ease of reading, the ordering
of the stock names given in Figs. 2 and 3 are important. For instance, the integer
numbers in the bottom row with the diagonal entries in Table 17 exhibit which pairs
are connected for the unconditional copulas (first tree level), ie. (1,3) stands for the
stock pair (AKBNK, ISCTR). In this matrix representation, Table 18 shows which
copula family are fitted to capture dependencies between the pairs of indices. To
illustrate, by following the same guideline, the first indicated integer at the bottom
row of Table 18 corresponds to the Student’s t-distribution with one of the estimated
parameters is presented in the same entry of the Table 19. This reading implies the
stock pair (AKBNK, ISCTR) is modeled with Student’s t-copula having lower and
upper tail dependencies symmetrically, for the pre-GFC period. This information
basically implies the joint behavior of two stocks for small or large values before the
global financial crisis. This joint co-movement is switched to the relationship with-
out a tail dependence during GFC (Gaussian) and turned back to the one with both
tail dependencies during post-GFC period (Student’s t). It is interesting to highlight
that for the GFC period, the stock pairs (AKBNK, ISCTR) show greater dependence
in the centre of the joint distributions.
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Tree 2

SBB8(2.64,0.77)

... AKBNK
.. GARAN
..ISCTR
.. SAHOL
.. YKBNK
.. ECILC
.. ALARK
... ISFIN

.. SKBNK

©ONOGAWN

Fig.7 R-Vine tree structure for tree 2 with pair copulas on post-GFC period

To conserve space, the R-Vine copula model specification is just illustrated
for the pre-GFC period for finance sector with the matrix representation (Fur-
ther details about the GFC and pre-GFC periods of finance sector are available
upon request). Herein, only the fitted pair copula families and their indications
for other sectors are summarized by Tables 5, 6, 7, 8 and 9 regarding the copula
counting/grouping approach. Especially, to examine whether the major financial
shock caused a noticeable change in dependencies or not, the summarized cop-
ula families and tail dependence properties for each sector can give more insight
about the reaction of stocks in ISE100.

Table 5 illustrates that the most selected copula families for the basic materi-
als sector are grouped under lower tail dependence, having the Survival Gumbel
as the most appeared family. With the difference of finance sector, there is no so
much impact of Gaussian and Frank families for all sub-periods. Additionally, the
largest presence belongs to lower tail dependence families with additional lower/
upper tail dependence pattern of two parameter families (Student’s t and BB1)
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Table 4 R-Vine copula selection
for the finance sector

Table 5 R-Vine copula selection
for the basic materials sector

Selected copula families

Pre-GFC

GFC

Post-GFC

Only lower tail
Clayton (3)

Survival Gumbel (14)
Survival BB8 (20)
Only upper tail
Gumbel (4)

Survival Clayton (13)
Lower and upper tail
Student’s t (2)

BB1 (7)

Survival BB1 (17)
No Lower/Upper tail
Normal (1)

Frank (5)

No dependence
Independence (0)

Selected copula families

Pre-GFC

GFC

Post-GFC

Only lower tail
Clayton (3)

Survival Gumbel (14)
Survival Joe (16)
Survival BB8 (20)
Lower/Upper tail
Student’s t (2)

BBI1 (7)

No Lower/Upper tail
Normal (1)

Frank (5)

[\ NS T S

during GFC period. Generally, the lower tail dependence concentration is sug-
gesting that the stocks in finance sector have high dependence risk in each sub-
period for the stocks under basic materials sector. Another difference is that, as a
result of limited number of stocks (p = 4), independence copula did not appear
for any level of fitted R-Vine tree.

Copula selections for the cons cyclicals in Table 6 shows that the most appeared
families have lower tail dependence. It illustrates that the selected copula families
are grouped mostly under lower tail dependence, having Clayton (4 times) for pre-
GFC more frequently. There exists one upper tail dependence family (Gumbel) for
the consumer cyclicals sector (at the last tree level). Similar to finance sector, for
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Table 6 R-Vine copula selection
for the cons cyclicals sector

Table 7 R-Vine copula selection
for the cons non-cyclicals sector

Table 8 R-Vine copula selection
for the industial sector

Selected copula families

Pre-GFC

GFC

Post-GFC

Only lower tail
Clayton (3)

Survival Gumbel (14)
Survival Joe (16)
Only upper tail
Gumbel (4)
Lower/Upper tail
Student’s t (2)

BB1 (7)

Survival BB1(17)
No Lower/Upper tail
Normal (1)

Frank (5)

No dependence
Independence (0)

Selected copula families

Pre-GFC

GFC

Post-GFC

Only lower tail
Clayton (3)

Survival Gumbel (14)
Survival Joe (16)
Survival BB8(20)

No Lower/Upper tail
Normal (1)

Frank (5)

No dependence
Independence (0)

Selected copula families

Pre-GFC

GFC

Post-GFC

Only lower tail
Clayton (3)

Survival Gumbel (14)
Survival Joe (16)

No Lower/Upper tail
Normal (1)
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Table 9 R-Vine copula selection

Selected copula families Pre-GFC GFC Post-GFC
for the others sector

Only lower tail

Clayton (3) 2 - -
Survival Gumbel (14) 2 3 3
Lower/Upper tail

Survival BB1 (17) - - 1
No Lower/Upper tail

Normal (1) - 2 2
Frank (5) 1 1 -
No dependence

Independence (0) 1 - -

periods of GFC and post-GFC, the increased number of Gaussian copulas indicate
that some part of the dependence is concentrated in the centre alongside with the
lower tail dependence by selected survival Gumbel. When we have a closer look at
the tree structure, the appearance of Normal and survival Gumbel families do not
exhibit any pattern so that the identification of the joint behavior for the consid-
ered stocks are not easy to interpret for GFC period. On the other side, for the post-
GFC period, survival Gumbel families appears mostly in the first tree level that the
unconditional lower tail dependence concentration among the stocks is suggesting
that still they have high dependence risk.

The dominance of the lower tail dependence is still valid for the stocks considered
under the sector consumer non-cyclicals (Table 7). The most selected copula family
for each sub-period is Survival Gumbel (7 for pre-GFC and GFC, 9 for post-GFC
indicating that the dependence during the post-GFC period is more of asymmet-
ric type). From GFC to post-GFC states, the central dependence is replaced by the
lower tail dependence or independence regarding the inter-dependencies between
the stocks. Similar to many discussed cases before, there is no upper tail dependence
and primarily the dependence concentration in the lower tail indicates that any con-
structed portfolio with the mentioned stocks has high dependence risk in any sub-
period. This information gives an important clue about how the optimum portfolio
should be established when the financial stock markets do not behave smoothly. In
that sense, any portfolio focused on only the stocks belonging to that sector have
higher risk regardless of the existence of bear or stable market.

In Tables 8 and 9, the dominance of the lower tail dependence can be identified
first. The only difference is that the stocks under the industrial sector have solely
lower tail dependence (Table 8), whereas the stocks that are classified under the oth-
ers have also central dependence (more Gaussian case in Table 9). Additionally, the
selected families are more diversified for the case of the others sector compared to
the industrial. More specifically, one of the families is Survival BB1 for post-GFC
period in Table 8 that shows a joint behavior of the returns where the prices are both
decreasing or increasing. In that sense, to minimize the risk of any portfolio, selec-
tion of stocks from different sectors could be useful for decision makers. From GFC
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to post-GFC, the more balanced lower/central dependence occurrence is replaced by
the lower/upper tail dependence. There is no upper tail dependence for the depend-
ence pattern captured for the industrial sector in any sub-period so that one can not
expect see positively skewed returns in market conditions. On the other hand, the
impact of survival BB1 for the others sector might result in a weak recovery of the
stock markets for post-GFC period. This increases probability for the stocks to real-
ize positive returns, a clue for recovery after the crisis, is more visible for finance
sector in Table 4 with five copula families having both tail dependencies on the
same market conditions (post-GFC period).

To sum up, the most frequently observed pair copula within the fitted R-Vine
model is the Survival Gumbel family, which corresponds with the findings of Pat-
ton (2004), who stressed the importance of orientation of copula families before.
Regarding the appearance of Gaussian copula, especially during post-GFC period,
the outcomes presented for Turkish market contradict with the findings of Allen
et al. (2017), having the reduction in the use of tail dependencies. This information
can be exploited by the decision makers in the market so that the optimal portfolio
allocation can be examined by diversifying the risk by creating a basket from dif-
ferent stocks. For this reason, a reasonable sector leader selection followed by the
calculation of two main risk measures; VaR and ES for different market conditions
are explained in the next subsection.

4.3 Portfolio Analysis

For the portfolio analysis, a reasonable selection over different stocks is the starting
point. By regarding the previous studies, 8 stocks among 32 are selected for port-
folio construction. For this selection, the C-Vine tree structure and the importance
of the diversity among the sectors are taken into account together (Czado, 2019).
Based on this selection, the obtained sector leaders are; AKBNK (finance), EREGL
(basic materials), DOHOL (consumer non-cyclicals), ARCLK (consumer cycli-
cals), THYAO (industrial) TUPRS, TCELL, ISGYO (others). For simplicity, C-Vine
model fitted over the whole sample for the sectors except others and the 3 stocks
(TUPRS, TCELL, ISGYO) from the others are included since they represent differ-
ent business lines.

Rolling window approach have been used for the estimation of the stock move-
ments with the limited time intervals. Instead of analyzing the data all at once, a
dynamic approximation is generated by filtering and shifting the data in a limited
time window iteratively. For the window size, we use 250-days, which is widely
used in literature, and its results are compared with 100-days rolling window size
results. While relatively long-term portfolio risk is measured with the 250-days roll-
ing window method, a relatively shorter-term is obtained with the 100-days rolling
window approach. In each rolling window, residual decomposition of GARCH(1,1)
model with sstd innovation, R-Vine copula fitting with cumulative-transformed
residuals and related R-Vine simulations with 1000 iterations are executed. For
comparison, classical GARCH(1,1) models with normal (norm), student-t (std) and
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skewed student-t (sstd) innovations are fitted and forecasted one-day ahead by using
obtained parameters.

The steps for an m days dynamic method with p% for risk measure estimations
are described below:

(1) Convert the data into log-return series.

(2) For each moving window estimate GARCH(1,1) parameters for univariate data
with different innovation distributions, extract the standardized iid residuals.

(3) Convert residuals to innovation of marginal distributions.

(4) Fit the R-Vine copula model to the marginals and estimate copula parameters.
Generate 1000 simulations from the fitted R-Vine model.

(5) Convert the simulated uniform marginals to residuals and simulate one-day
ahead mean and volatility forecasts using GARCH(1,1) parameters.

(6) Forecast one day ahead VaR, and ES,,. Similarly, ShR and SoR ratios are
extracted for the return performance

(7) Repeat Step 2 to 6 for each moving window.

(8) Apply backtesting methods for the values of VaR , and ES,

Constructing an equally weighted portfolio allows us to compare GARCH(1,1)
models with different innovations with the R-Vine GARCH model, which pro-
vides ease of interpretation. By construction of an equally-weighted portfolio, we
estimate one-day ahead portfolio returns and compare VaR and ES values of these
settled portfolios for three sub-periods. To examine the riskiness of the portfo-
lio, VaR and ES are measured empirically over 1000 simulations. Both measures
are obtained for a = 0.05 (%95 confidence) over 250 (long-term) and 100 (short
term) days of rolling window size separately.

Figures 8 and 11 provide the comparisons of VaR and ES values for the pre-
GFC period on the long-term. Within pre-GFC period, Vine-GARCH outper-
forms other candidate models based on the co-movements between riskiness of
portfolio returns. Similarly, Figs. 9 and 12 exhibit the comparison of VaR and
ES values for GFC period. Basic GARCH models with different innovations can
be erroneous for this period, especially shown in ES values, due to the risky and
structural stock movements in GFC period. These basic GARCH models are not
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Fig. 8 Risk measures for pre-GFC period for 250 days rolling windows
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Fig. 10 Risk measures for post-GFC period for 250 days rolling windows
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Fig. 11 Risk measures for pre-GFC period for 100 days rolling windows

capable of explaining portfolio movement in this period, it reveals the need for
a model with an dependency structure. Lastly, Figs. 10 and 13 provide that the
comparisons of VaR and ES values for the post-GFC period. For the post-GFC
period, Vine-GARCH gives more consistent results by comparison with other
candidate models.

Regardless of the structural differences of sub-periods, inclusion of R-Vines in
all sub-periods is able to capture downfalls of portfolio better than the other candi-
date models. Besides, it is observed that the average portfolio return decreased more
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Fig. 13 Risk measures for post-GFC period for 100 days rolling windows

Table 10 Backtesting results for VaR with 250 days rolling window

Jan-2013

Model Period # of Exceedances LR test IND test
Expected Actual p value p value
GARCH(1,1)-norm Pre-GFC 18 66 0.00000 0.00000
GARCH(1,1)-std 18 65 0.00000 0.00000
GARCH(1,1)-sstd 18 63 0.00000 0.00000
VineGARCH-sstd 18 18 0.82143* 0.51837*
GARCH(1,1)-norm GFC 14 46 0.00000 0.00000
GARCH(1,1)-std 14 44 0.00000 0.00000
GARCH(1,1)-sstd 14 45 0.00000 0.00000
VineGARCH-sstd 14 18 0.40843° 0.04261
GARCH(1,1)-norm Post-GFC 41 149 0.00000 0.00000
GARCH(1,1)-std 41 146 0.00000 0.00000
GARCH(1,1)-sstd 41 147 0.00000 0.00000
VineGARCH-sstd 41 36 0.33455% 0.03896

#Fail to reject at 0.05 significance level
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Table 11 Backtesting results

for ES with 250 days rolling Model Period boot p value p value

window GARCH(1,1)-norm  Pre-GFC 0.00000 0.00000
GARCH(1,1)-std 0.00000 0.00000
GARCH(1,1)-sstd 0.00000 0.00000
VineGARCH-sstd 0.19575* 0.11732°
GARCH(1,1)-norm GFC 0.00000 0.00000
GARCH(1,1)-std 0.00000 0.00000
GARCH(1,1)-sstd 0.00000 0.00000
VineGARCH-sstd 0.05927% 0.02635
GARCH(1,1)-norm Post-GFC 1.47E-11 2.55E-15
GARCH(1,1)-std 0.00000 0.00000
GARCH(1,1)-sstd 0.00000 0.00000
VineGARCH-sstd 0.00262 0.00105

#Fail to reject at 0.05 significance level

Table 12 Backtesting results for VaR with 100 days rolling window

Model Period # of Exceedances LR test IND test
Expected Actual p value p value
GARCH(1,1)-norm Pre-GFC 26 90 0.00000 0.00000
GARCH(1,1)-std 26 88 0.00000 0.00000
GARCH(1,1)-sstd 26 93 0.00000 0.00000
VineGARCH-sstd 26 38 0.03008 0.01616
GARCH(1,1)-norm GFC 22 71 0.00000 0.00000
GARCH(1,1)-std 22 75 0.00000 0.00000
GARCH(1,1)-sstd 22 79 0.00000 0.00000
VineGARCH-sstd 22 34 0.01789 0.01907
GARCH(1,1)-norm Post-GFC 49 174 0.00000 0.00000
GARCH(1,1)-std 49 167 0.00000 0.00000
GARCH(1,1)-sstd 49 170 0.00000 0.00000
VineGARCH-sstd 49 62 0.07763* 0.01141

“Fail to reject at 0.05 significance level

during GFC period. In this fragile period, the accurate estimation of these downfalls
become more important for the sustainability of the economic system.

The backtesting for both VaR and ES risk measures in 250 and 100 days rolling
windows for @ = 0.05 level are used for statistical testing. As shown in Tables 10
and 11, for 250 days, Vine-GARCH models are more capable of capturing the
portfolio risk compared to other candidates. In the case of 100 days rolling win-
dows in Table 12, although p-values for each sub-period are small, Vine-GARCH
model gives the closest value to the expected exceedance count. Similarly, the
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I(?rbg; jvitialc(])((;eg:;sgr:z?nl; Model Period boot p value p value
window GARCH(I,I)norm  Pre-GFC 0.00000 0.00000
GARCH(1,1)-std 0.00000 0.00000
GARCH(1,1)-sstd 0.00000 0.00000
VineGARCH-sstd 0.00433 0.00089
GARCH(1,1)-norm GFC 0.00000 0.00000
GARCH(1,1)-std 0.00000 0.00000
GARCH(1,1)-sstd 0.00000 0.00000
VineGARCH-sstd 0.01402 0.00420
GARCH(1,1)-norm Post-GFC 0.00000 0.00000
GARCH(1,1)-std 0.00000 0.00000
GARCH(1,1)-sstd 0.00000 0.00000
VineGARCH-sstd 0.00216 0.00042

backtesting results for ES values in Table 13 show that p-values of Vine-GARCH
model for each sub-period are relatively higher than other models. Generally, the
achieved minimal variability on the differences between the expected and actual
number of exceedances support the potential benefit for the considered R-Vine
GARCH model with sstd innovation (VineGARCH-sstd) for all time periods.

4.4 Return Performance

For the return performance indicators, ShR and SoR ratios, mainly the 5% risk free
rate is investigated for the three periods similar to the VaR and ES calculations. For
the each day, simulated set of returns are considered for the calculation of both ShR
and SoR ratios and the performance under four main approaches (VineGARCH-sstd,
GARCH(1,1)-sstd, GARCH(1,1)-std and GARCH(1,1)-norm) is summarized graph-
ically. Except some certain period of times, the obtained ShR and SoR ratios support
the risk measure calculations from a different perspective.

Since the Turkey free risk rate is highly changing over time and no certain data
published regularly during the selected years, four main rates (R, = %3, 10, 15, 20)
are considered to express the potential impact of R, over the values of ShR and SoR
ratios. For the sake of simplicity, the impact of different risk free rates is elaborated
only for 250-days rolling window and GFC sub-period.

Firstly, in many cases, R-Vine GARCH approach resulted in higher return per-
formance indices compared to classical GARCH models. Even if the created port-
folio is an equally-weighted design, still, it is better to incorporate the dependence
structure among the stock returns. For 250-days rolling window case, both ShR and
SoR values are higher for the R-Vine GARCH framework. Especially, during GFC
period, investment return performance over downside risk and overall risk with
VGARCH model is higher than other candidate models. Whereas in pre-GFC and
post-GFC periods, the performance of R-Vine GARCH model can overlap with its
alternatives in certain period of times in Figs. 14, 15 and 16.
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Fig. 14 Return performance for pre-GFC period for 250 days rolling windows
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Fig. 15 Return performance for GFC period for 250 days rolling windows
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Fig. 16 Return performance for post-GFC period for 250 days rolling windows
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Fig. 18 Return performance for GFC period for 100 days rolling windows
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In the case of 100-days, the ShR and SoR ratios became more volatile in R-Vine
GARCH approach, but still higher than other GARCH models most of the time.
Besides, the dominance of SoR over ShR ratios, shows us the downside volatility
is less than mean volatility in risky period for pre- GFC and GFC sub-periods (as
shown in Figs. 17 and 18). However, even if R-Vine GARCH model often yields
higher return performance, the equally weighted approach seems a bit insufficient
during post-GFC period, towards the end of 2013, in Fig. 19. Overall, the R-Vine
GARCH model performance seems more adequate over classical GARCH results
for certain time periods and different rolling window size, whereas both ShR and
SoR have higher discrepancy when 100-days time-window is investigated.

The impact of risk free rate change is explored only during GFC period and 250-
days rolling window size. For the space limitation, the results are summarized in
Appendix 3. The first observation is that, for 250-days rolling window size, R-Vine
GARCH model outperforms its competitors still over the changing risk free rate.
During GFC period, in all Figures from 23, 24 and 25, the ShR and SoR ratios are
higher for the R-Vine GARCH approach. When the risk free rate is increased, it
illustrates that the ShR ratio falls above the visualized levels of SoR values, com-
pared to the examined cases for %5 risk free rate.

4.5 COVID-19 Pandemic Crisis

The investigations about the suitability of R-Vine GARCH for an emerging stock
market, as it is mentioned before, similar calculations have been made for the
COVID-19 pandemic period. For that purpose, the eight stock values (AKBNK,
EREGL, DOHOL, ARCLK, TUPRS, TCELL, ISGYO, and THYAO) that we
explored in the portfolio analysis are considered mainly. For the pandemic time
horizon decision, we mainly relied on the announcements during the COVID-19
pandemic period, both globally and nationally. Generally, the pandemic period has
been announced in Turkey starting on March 11, 2020 (the first COVID-19 case
announcement). To make a decision on the ending date, April 26, 2022 is consid-
ered, as the date of mask obligation was lifted and all places came back to regu-
lar status in Turkey. Officially, the World Health Organisation (WHO) declared that
COVID-19 no longer constitutes a pandemic in May 2023 but we tried to avoid using
data until 2023 because of potential national-election-related impacts. Overall, this
new data set covers log-returns of main stocks from March 11, 2020, to April 26,
2022 (533 daily observations). In this new examination, the same model compari-
son results are generated at different risk free rates (er = %5,10,15,20) to measure
its potential impact on the Sharpe and Sortino ratios. Besides, the impact of roll-
ing window size (m = 150, 250, 350) and significance level (p = 0.01,0.05,0.10) is
explored further on the risk measure calculations.

The structure of the financial market and return dynamics can vary across coun-
tries and these differences resulted in heterogeneous considerable shocks and waves
in Turkey, as an emergent market. During COVID-19 time horizon, in addition to
pandemic-related shocks, there were certain national news or political decisions that
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Fig. 22 Risk measures for COVID-19 period with 350 days as rolling window size

may exacerbate oscillations in the Turkish stock market. Specifically, there are key
dates related to pandemic crisis management (varying timings and characteristics of
lockdowns) and certain administrative decisions (managerial changes in the Central
Bank of the Republic of Turkey). During this period, the performance of R-Vine
GARCH (VGARCH with sstd) seems to be promising over classical approaches
for Turkish stock market. For simplicity, only VaR and ES behavior differences are
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summarized graphically under different rolling window size values. Other related
findings are available upon request but they were empirically discussed briefly.

Mainly, Figs. 20, 21 and 22 show the model comparison summary over the VaR
and ES values, showing the suitability of R-Vine GARCH as opposed to classical
GARCH models, over the changing rolling window size. Although the time hori-
zon that we used for the one-day-ahead forecasting is slightly changed, the plau-
sibility of the VGARCH model with sstd is preserved. Additionally, this approach
seems successful in reacting to certain return drops for specific dates. For the case
of m =250, as a result of the first lagged COVID-19 shock over the market and
further economical decisions, there is a big decline and VGARCH seems more sen-
sitive to this change. During March 2020, two main news were the interest rate cut
made by Central Bank of the Republic of Turkey (17 March, 2020) and FED asset
purchase decision (24 March, 2020). Similarly, during December 2020, the acceler-
ating impact of lockdowns in various economics including Turkey, and local market
dynamics potential reasons of another large decline. Besides, sudden and political
managerial changes at the Central Bank of the Republic of Turkey occurred dur-
ing March 2021 with a certain negative impact on the trustworthiness of the market
movement dynamics. In such movements, the sensitivity of VGARCH model seems
comparatively higher than other GARCH type approaches. This general pattern can
be observed under the impact of different rolling window size for both VaR and ES
values. Besides, within different parameter constraints, similar pattern appeared
most of the time and this empirically supports the use of VGARCH model with sstd
for measuring the Turkish stock market dependencies. Regarding the VaR and ES
backtesting results, the VGARCH model resulted in significant results with LR Test
p-values larger than 0.05 level under different rolling window size. In that respect,
the findings over COVID-19 period are aligned with the previously summarized
GFC period.

5 Conclusions

This study uses the R-Vine copula framework for two main purposes: (i) To detect
the inter-dependencies between stocks and (ii) To construct a more flexible portfolio
over different sectors. For the first goal, the R-Vine copula is considered for the daily
log returns of the ISE100 stocks in the Turkish financial market for three periods;
pre-GFC, GFC, and post-GFC. Primarily, the filtered log returns are modeled via
R-Vine over three sub-periods to exhibit significant changes in the dependence pat-
tern between the stock values. In the second part, we compare the R-Vine based
GARCH(1,1) model with sstd innovations against to the classical GARCH(1,1)
type models with different innovations. The widely used rolling window approach
allowed us to estimate one-day-ahead returns and compute dynamic VaR and ES
risk measures. The backtesting methods indicate that the R-Vine based approach is
more suitable for more resilient risk management for the Turkish financial market.
Additionally, the risk measures calculations are supported by the Sharpe and Sortino
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ratio behaviors. Specifically, the potential impact of risk free rate is investigated over
the GFC period. To the best of the author’s knowledge, the main findings of this
study constitute the most comprehensive work on the Turkish market and extend the
available literature by offering an in-depth analysis of the stock’s market depend-
ence structure and risk dynamics attached to its performance by exploiting the use
of R-Vine copulas.

The optimal pair copulas for the sectors, over three sub-periods, exhibit asym-
metrical cases of dependency between stock returns in the Turkish financial market.
Indicating that, stock returns are best explained by asymmetrical copulas. Another
significant discovery is that, when the financial industry is excluded, there are only
a few situations over a short period where the Student’s t-copula demonstrates sym-
metric lower and upper tail dependency. Specifically, the shifted dependence struc-
ture from the lower-tail (survival Gumbel) to the center (Frank) for the finance sec-
tor implies increased confidence in stocks attached to the high returns belonging to
the finance sector (from pre- to post-GFC period). This finding can be seen as a
reflection of the increasing flexibility of the developing markets, and changing reg-
ulatory environments in the post-GFC period. Regarding the fact that the Turkish
financial sector is predominantly composed of banks, structural reforms starting in
2001 in the banking sector made the finance sector more resistant to the impacts of
the GFC.

Overall, the most selected copula families are lower-tail copulas; Clayton, and
survival Gumbel for different periods. This result supports the previous criticism
of the Gaussian copulas during a crisis. The main findings show a high depend-
ence risk between stocks under non-tranquil conditions, and a low dependence risk
when the stock market moves smoothly. The varying dependence on the stocks for
each sector shows the importance of the portfolio diversification. For this reason,
the dynamic use of the R-Vine model instead of classical GARCH-type tools will be
useful to estimate more robust VaR and ES measures. Specifically, the advantage of
combining R-Vine and GARCH models is beneficial in detecting asymmetrical and
fat-tailed distributions for stock returns. Herein, the equally weighted portfolio con-
struction over the selected leaders (weight of 26.46% in ISE100) is a good indicator
of the general behavior in the stock market. From this point of view, a more precise
identification of the dependence structure among these sector leaders offers practical
implications to investors and policymakers. Specifically, the findings of the study
can serve as a generic tool for investment and hedging purposes over more volatile
periods.

Importance of examining the dependence between different stocks for risk meas-
ures have been underlined with the help of empirical findings belong to the COVID-
19 period. Under the impact of different economic shock waves, the use of R-Vine
GARCH is shown to be promising for an emerging stock market. By consider-
ing various parameter values during the calculation, the suitability of the R-Vine
GARCH has been tested and it is shown that, the calculated risk measures are per-
forming better than the classical GARCH type models. Similar to the previously
discussed return performance, Sharpe and Sortino values once again supported the
findings positively. In that respect, for two different crisis period, modeling stock

@ Springer



Vine Copula Approach to Understand the Financial Dependence...

dependencies via R-Vine GARCH model for further risk measure calculations seem
more suitable for Turkish market.

Although the main findings of the study are competent and informative about
varying dependence structures in the Turkish market, there are certain directions
to improve the considered approach. As an expansion of the considered R-Vine
GARCH framework, the time or variable dependent approach can be incor-
porated for the similar setting. Specifically, through the use of non-simplified
pair copulas can be considered to consider the changing dependence patterns in
the Turkish stock market under globally accepted indicators such as exchange
rates and liquidity conditions. Considering that the Turkish financial market is
a developing one, and affected by global factors, such impacts can be included
in the design. The equally weighted portfolio construction can be replaced by
an optimal portfolio. Efficient frontier analysis can be considered under differ-
ent constraints. From a different perspective, a wavelet-based R-Vine copula
approach can be examined with non-simplified pair copulas to capture co-move-
ments more flexibly. In a more systematic approach, phase-wise analysis can be
examined over the market by considering in-sample and out-of-sample phases
such as bear or bull market conditions.

To provide a clearer market analysis, the potential impacts of other financial mar-
kets in this region should be incorporated. Since the stock market in Turkey mainly
vulnerable to different markets such as western or eastern financial markets, other
factors can be embedded into R-Vine GARCH approach flexibly. The potential
impacts of exchange or oil price shocks will be indicator to the market conditions so
that the phase-level non-simplified R-Vine GARCH approach could be the next step
to derive more robust and statistically significant findings over the ISE100 stocks in
the Turkish financial market. Instead of empirical-based time splitting, change-point
analysis oriented sub-period design empowered with the phase-level analysis lies on
the top of the authors future plans.

Descriptive Statistics

See Tables 14, 15, 16, 17, 18 and 19.
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Table 14 Descriptive statistics of pre-GFC period

Sector division Mean Std. dev  Skewness  Kurtosis JB test ®
Finance (9) AKBNK  0.00089 0.02513 —0.06550 3.99728  0.00000
GARAN  0.00175 0.02510 —0.08440 4.46966  0.00000
ISCTR 0.00056 0.02697 —0.08326 3.63238  0.00368
SAHOL 0.00106 0.02449 —0.11177 3.73209  0.00046
YKBNK  0.00086 0.02456 0.43888 4.99467  0.00000
ECILC 0.00152 0.02718 0.14715 6.40481  0.00000
ALARK  —0.00016  0.02057 0.38128 5.59314  0.00000
ISFIN 0.00149 0.03225 0.18061 5.45013  0.00000
SKBNK 0.00241 0.03577 0.33586 9.20483  0.00000
Basic materials (4) EREGL 0.00158 0.02313 0.27171 4.49828  0.00000
KRDMR  0.00068 0.02790 0.01651 6.26820  0.00000
PETKM 0.00051 0.02367 0.51079 6.31904  0.00000
KOZAA  0.00446 0.04254 0.83254 5.44180  0.00000
Consumer cyclicals (5) ARCLK 0.00080 0.02393 0.34049 5.82769  0.00000
AKSA 0.00008 0.02162 1.07332 9.67068  0.00000
DOAS 0.00077 0.02862 —0.39166 6.05191  0.00000
TOASO 0.00163 0.02539 0.17080 5.40169  0.00000
FROTO 0.00091 0.02173 0.07697 4.41924  0.00000
Consumer non-cyclicals (7) DOHOL  0.00104 0.02583 —0.16166 3.96245  0.00000
KCHOL 0.00035 0.02321 0.20328 3.63854  0.00055
SISE 0.00062 0.02414 0.03345 3.65494  0.00324
AEFES 0.00112 0.02813 0.06909 6.17866  0.00000
ULKER 0.00028 0.02329 0.01640 9.09457  0.00000
MGROS  0.00124 0.02620 0.26529 4.67582  0.00000
ECZYT 0.00126 0.02630 0.18430 6.18469  0.00000
Industrial (3) THYAO 0.00033 0.02296 —0.32016 10.23157  0.00000
ASELS 0.00135 0.03066 0.37272 6.80150  0.00000
ENKAI 0.00202 0.02053 0.84895 7.19690  0.00000
Others (4) TUPRS 0.00178 0.02457 0.51090 5.79557  0.00000
AYGAZ 0.00115 0.02373 0.12965 5.98954  0.00000
TCELL 0.00061 0.02447 0.14741 4.16726  0.00000
ISGYO 0.00070 0.02560 —0.10471 5.97462  0.00000

4JB test p-values are presented at 5% significance, with H,: Data is normally distributed
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Table 15 Descriptive statistics of GFC period

Sector division Mean Std. dev  Skewness  Kurtosis JB test ®
Finance (9) AKBNK  0.00042 0.03648 0.41646 4.85563  0.00000
GARAN  0.00045 0.03616 0.10999 4.01097  0.00000
ISCTR 0.00025 0.03237 0.23780 4.95532  0.00000
SAHOL —0.00005  0.03249 0.26207 4.46531  0.00000
YKBNK  0.00040 0.03328 —0.10928 4.68909  0.00000
ECILC —0.00030  0.02492 —0.28164 4.98525  0.00000
ALARK  0.00049 0.02365 0.62991 7.22293  0.00000
ISFIN —0.00088  0.03515 —0.26444 8.04180  0.00000
SKBNK —0.00049  0.03611 0.12680 4.86198  0.00000
Basic materials (4) EREGL 0.00008 0.03358 0.20793 5.16525  0.00000
KRDMR  0.00016 0.03277 0.21432 4.94310  0.00000
PETKM —0.00041  0.02734 0.08930 4.97489  0.00000
KOZAA  —0.00056 0.04114 0.41091 6.07317  0.00000
Consumer cyclicals (5) ARCLK —0.00115 0.03114 0.83749 7.83911  0.00000
AKSA —0.00084  0.02530 0.95617 8.15989  0.00000
DOAS —0.00047  0.03168 —0.06392 4.55501  0.00000
TOASO —0.00082  0.03492 —0.34985 6.27675  0.00000
FROTO —0.00013  0.03359 —0.05403 5.65697  0.00000
Consumer non-cyclicals (7) DOHOL —0.00025  0.03457 0.03214 6.28215  0.00000
KCHOL 0.00008 0.03100 —0.00420 5.96439  0.00000
SISE —0.00060  0.02746 0.05216 4.92772  0.00000
AEFES 0.00048 0.02835 —0.18002 4.73396  0.00000
ULKER —0.00063  0.02594 —0.12822 5.47888  0.00000
MGROS  0.00124 0.02808 1.7192220.76362  0.00000
ECZYT —0.00033  0.02132 —0.50713 5.71371  0.00000
Industrial (3) THYAO 0.00085 0.03039 0.02335 4.09344  0.00000
ASELS —0.00011  0.02635 0.08933 5.54560  0.00000
ENKAI —0.00037  0.03221 0.30316 6.15752  0.00000
Others (4) TUPRS —0.00011  0.02908 —0.01521 6.98634  0.00000
AYGAZ 0.00025 0.02551 —0.19915 4.80086  0.00000
TCELL 0.00035 0.02934 0.01068 5.33991  0.00000
ISGYO —0.00032  0.02878 —0.11923 6.72588  0.00000

4JB test p-values are presented at 5% significance, with H,: Data is normally distributed
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Table 16 Descriptive statistics of post-GFC period

Sector division Mean Std. dev  Skewness  Kurtosis JB test ®
Finance (9) AKBNK  0.00010 0.02248  —0.09083  4.22291 0.00000
GARAN  0.00028 0.02304 —0.18403  5.23783 0.00000
ISCTR 0.00022 0.02167  —0.27587  4.58353 0.00000
SAHOL 0.00042 0.02178  —0.12612  5.76934 0.00000
YKBNK  0.00016 0.02316  —0.47380  4.94371 0.00000
ECILC 0.00045 0.02036  0.62707 7.77194 0.00000
ALARK  0.00028 0.01853  —0.95390  11.71075  0.00000
ISFIN 0.00066 0.02101  0.31211 6.83129 0.00000
SKBNK 0.00051 0.02083  —0.27936  5.60289 0.00000
Basic materials (4) EREGL 0.00042 0.01919  —0.56515  6.13487 0.00000
KRDMR  0.00072 0.02375  —0.10775  7.36316 0.00000
PETKM 0.00060 0.01957  0.31116 7.34517 0.00000
KOZAA  0.00021 0.02683  —0.46371 7.90462 0.00000
Consumer cyclicals (5) ARCLK 0.00111 0.02305 —0.19278  5.46661 0.00000
AKSA 0.00176 0.02225  0.17709 5.31887 0.00000
DOAS 0.00118 0.02593  —0.56763  7.87696 0.00000
TOASO 0.00140 0.02560  —0.32802  7.37667 0.00000
FROTO 0.00126 0.02219  —0.34298 791177 0.00000
Consumer non-cyclicals (7) DOHOL —0.00053  0.02637 —0.76648 12.79130  0.00000
KCHOL 0.00085 0.02059  —0.04377  4.63338 0.00000
SISE 0.00082 0.02170  —0.27385  4.44892 0.00000
AEFES 0.00039 0.02041  —0.56208  7.78241 0.00000
ULKER 0.00152 0.02133  0.28864 10.45955  0.00000
MGROS  —0.00020 0.02464  0.06728 14.78274  0.00000
ECZYT 0.00055 0.02172  0.45457 9.65798 0.00000
Industrial (3) THYAO 0.00117 0.02348  —0.12379  6.63436 0.00000
ASELS 0.00179 0.02285  0.53523 8.07391 0.00000
ENKAI 0.00058 0.01978  —0.31544  5.04160 0.00000
Others (4) TUPRS 0.00087 0.02070  —0.23592  4.65250 0.00000
AYGAZ 0.00083 0.01957  —0.12934  8.47336 0.00000
TCELL 0.00018 0.01789  —0.32830  8.50201 0.00000
ISGYO 0.00030 0.01970  —0.14190  6.11315 0.00000

JB test p-values are presented at 5% significance, with H,,: Data is normally distributed
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R-Vine Model Specification

Table 17 R-Vine copula model structure for the finance sector over pre-GFC period

AKBNK GARAN ISCTR SAHOL YKBNK ECILC ALARK ISFIN SKBNK

AKBNK 1 0 0 0 0 0 0 0 0
GARAN 9 9 0 0 0 0 0 0 0
ISCTR 2 6 2 0 0 0 0 0 0
SAHOL 5 7 6 5 0 0 0 0 0
YKBNK 8 8 7 6 6 0 0 0 0
ECILC 7 2 8 7 8 7 0 0 0
ALARK 6 4 4 8 7 8 3 0 0
ISFIN 4 3 5 4 4 4 8 4 0
SKBNK 3 5 3 3 3 3 4 8 8

Table 18 R-Vine copula specification for the finance sector over pre-GFC period

AKBNK GARAN ISCTR SAHOL YKBNK ECILC ALARK ISFIN SKBNK

AKBNK 0 0 0 0 0 0 0 0 0
GARAN O 0 0 0 0 0 0 0 0
ISCTR 3 0 0 0 0 0 0 0 0
SAHOL 3 0 0 0 0 0 0 0 0
YKBNK 0 0 0 0 0 0 0 0 0
ECILC 0 1 14 14 3 0 0 0 0
ALARK 5 13 1 14 14 14 0 0 0
ISFIN 14 1 5 5 3 5 3 0 0
SKBNK 2 20 7 14 14 17 1 14 0

Table 19 R-Vine pair copula parameter estimates (rounding to 5 decimal places) for the finance sector
over pre-GFC period

AKBNK GARAN ISCTR SAHOL YKBNK ECILC ALARK ISFIN SKBNK

AKBNK - - - - - - - - -
GARAN 0.00000 -
ISCTR  0.12695 0.00000 - - - - - - -
SAHOL 0.10915 0.00000 0.00000 - - - - - -
YKBNK 0.00000 0.00000 0.00000 0.00000 - - - - -
ECILC  0.00000 0.10477 1.04922 1.06152 0.14184 - - - -
ALARK 0.77537 0.17227 0.19428 1.13210 1.09150 1.10911 - - -
ISFIN 1.27494 0.20997 1.69753 1.81428 0.29632 1.91671 0.28656 - -
SKBNK  0.69283% 3.19952*% 0.62439% 1.71668 1.46297 0.19827* 0.68667 1.46906 —

“Two-parameter families are Student’s t, BB1, Survival BB1 and BBS8 in Table 18. The second parameter
is not listed for simplicity
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