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Abstract

:

The aim of the paper is to examine commonality in liquidity indices across emerging European stock markets. Five markets are included in the study: Hungarian, Czech, Polish, Russian and Turkish, in the period from 2008 to 2017. We propose liquidity indices that are based on low-frequency liquidity proxies and capture both the dynamics coming from volume and price changes. We find strong commonality of the liquidity indices across all examined markets which is robust to the choice of liquidity proxy. The dependence between indices enhances in times of crisis and large market declines, and weakens when markets become stable. We also examine the interdependency between liquidity and volatility estimates and find that liquidity on the European emerging markets is related to CBOE Volatility Index (VIX). Liquidity in the whole region decreases when VIX increases, and vice versa. The liquidity indices based on the extreme market movements show that there are no differences in commonality in time of extreme negative and positive returns.
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1. Introduction


There is evidence in the literature that individual stock liquidity as well as market liquidity varies over time [1]. In addition, some stocks are evidently more liquid than others; the same applies to different stock markets. There is a number of studies devoted to commonality in liquidity, that is a co-movement of liquidity measures over time [2]. This commonality might be examined for individual assets listed on a given market [3,4,5]. On the market level it is focused on the search for contemporanous co-movements in liquidities across different markets [2,6,7,8]. As the liquidity of the stocks and thus of the broader markets evolves, the important issue arises: are there any patterns in liquidity across the markets? If yes, what are the common underlying determinants of the liquidity? What drives the commonality of liquidity measures across the markets?



This study is aimed at examining the commonality in liquidity in the emerging European stock markets. We follow the MSCI Emerging Markets Europe Index (MSCI EM Europe) construction and include in the study five stock exchanges from the Czech Republic, Hungary, Poland, Russia and Turkey. The liquidity of these markets has until now not been much explored (see e.g., [9,10,11,12,13]). We calculate the liquidity indices based on the blue-chip stocks for these markets and focus on the time-varying behavior of the indices under the changing economic conditions. More specifically, we are interested in how financial crisis periods influenced liquidity of the markets and their dependency. We also examine if the Chicago Board Options Exchange Market Volatility Index (VIX) influences liquidity in emerging European stock markets.



Liquidity is unobservable and approximated with various alternative measures, focused either on the transaction costs (spread measures), or trading volume [14]. Recent papers identify some high-quality liquidity proxies that could be calculated on widely available daily data, but still there is no single winner of the race for the best liquidity proxy [15]. As we focus on different markets, an aggregated measure such as liquidity index is required. While stock indices have been introduced in the late 19th century, and volatility indices have obtained more attention since Brenner and Galai introduced in 1989 the famous “market fear” measure, VIX, less attention is paid to the aggregated liquidity measures [16]. In the literature, the most popular approach is to use simple average of individual assets proxies [12,14,17]. We propose an index that is constructed on the basis of liquidity of the biggest and the most liquid stocks. It uses weights based on the stocks’ trading volumes. The choice of the stocks is determined by the portfolio selection process of financial intermediaries—on the emerging markets they tend to invest only in the blue-chip stocks. As no single liquidity proxy is shown to be the best measure of unobservable liquidity, we examine the co-movement of indices constructed on the basis of various liquidity measures. Thus we combine information from various sources, such as trading volume or range of prices. As shown in [18] the liquidity measures consist of the systematic and the specific components. By examining co-movements in indices based on different proxies, we verify the existence of common facet of liquidity on the European emerging stock markets.



The principal findings of this study can be summarized as follows: there is a significant commonality in liquidity indices in the emerging European stock exchanges that strengthens during times of high volatility, especially during market crisis. Our study contributes in several ways to the existing literature [6,7,18,19]. First, we propose the method of liquidity index calculation and show that our indices based on different proxies display similar dynamics within each of five markets considered in the study. Market liquidity is fragile: it evaporates quickly in hectic periods [20]. Second, considering indices based on the same proxy for different markets, we find that commonality in liquidity is higher during times of high volatility (as the global financial crisis of 2008) and lower during tranquil times. Single indices show only temporary deviations from the general patterns in liquidity in the region—these result from the specific features of single markets. However, the systematic component prevails over the specific one. Our third important finding is that liquidity in emerging European markets is strongly related to volatility, and specifically to the behavior of CBOE VIX index—the correlations between liquidity indices and VIX index are high and significant. These correlations are stronger in the period of very volatile market than in the calm periods. This confirms the hypothesis of the impact of the financial intermediaries on the markets [21]—the withdrawal of the funds is almost simultaneous in the region, causing substantial liquidity drops and further price declines (so called illiquidity spiral). Our study shows that although each single market has its own dynamics, the emerging European markets considered in the study are vulnerable to the common factors. We show that volatility on the markets is one of them.



The remainder of the paper is organized as follows: Section 2 presents the literature review, Section 3 shows the data and the methodology for index calculation. In Section 4 the empirical results are presented, while the last section concludes.




2. Literature Review


The literature on the commonality in liquidity has become a very impressive body of knowledge. For the developed markets, commonality is more intense than for the emerging ones [7,22,23]. While the individual transaction costs behave similarly for individual assets, the average level of commonality is rather weak. Commonality is said to increase substantially when best orders are omitted in the analysis—liquidity beyond best prices seem to determine the systematic risk of large trades [5]. In addition, commonality in liquidity changes over time: it increases in times of large market declines, achieving the highest level within the financial crisis period [24]. The sensitivity of a single stock’s liquidity to market liquidity shocks increases together with higher institutional ownership [25].



On the international level, some studies compare the commonality in liquidity for stocks listed on different markets [6,7,25]. They show that commonality in analyzed markets is higher during periods of high volatility. Commonality might be perceived from two perspectives [7]: supply-side and demand-side. Within the first one the funding liquidity of financial intermediaries is affected by the overall market conditions and specifically by highly volatile markets—the intermediaries withdraw the funds at the same time from different markets, both affecting badly market liquidity and increasing commonality in liquidity. This is in line with the evidence showing that liquidity is particularly low in falling markets [26]. The transaction costs are asymmetric: they increase more in falling market than they decrease in rising markets. Within the demand-side explanation, three hypotheses are examined [7]: the correlated trading of institutional investors, the demand for liquidity which is correlated across the stocks, and the investor sentiment. We examine the commonality in liquidity across different markets in a given region, so we focus on the supply-side as it seems to be more appropriate and reasonable.



The supply-side is similar to the collateral-based approach described in [27]. The fall in prices forces financial intermediaries to close their positions and induces higher transaction costs (higher bid-ask spreads). This phenomena generates “a spiraling fall” in liquidity measures. Thus market liquidity is very much related to the financial intermediaries’ situation. Another approach represented in a “fire-sale” theory explains further this mechanism: outside buyers provide additional liquidity during the massive sell period for additional compensation—that results in relatively higher transaction costs at the time of a total sale [27]. In a similar spirit, liquidity responds to the changes in the market value in an asymmetric way: negative market returns decrease stock liquidity more than positive returns increase liquidity and this phenomena is especially noticeable in periods of falling market [19]. The measures of stock market liquidity are the indicators for the current and future situation in the real economy [17]. Based on the US and Norway market it has been shown that the commonality in liquidity may result from the “flight-to-quality” effect, that refers to a situation where in falling market investors change their portfolios toward more liquid and thus less risky stocks [17]. In a similar manner, noise traders (speculators) reduce the supply of the liquidity during times of market declines because they require higher returns [21]. In addition, liquidity is lower during financial crises because of the adverse selection problems [19].



By using a data set from relatively less examined countries from emerging Europe this paper aims to shed further light on this phenomena. We extend the concept of commonality in liquidity: originally commonality, understood as a common underlying determinants of liquidity [22], was considered on a given market [22,24,28] or compared on different markets [7,17]. In this paper we focus on commonality in liquidity within single markets (within-country) as well as between whole markets (cross-country) in the emerging European region. In the era of globalization of financial markets, funds are easily moved across the borders. The financial intermediaries invest part of the portfolios into emerging markets, including European ones. The existence of commonality across different markets might be perceived as an evidence of systematization of liquidity risk [28]. Thus we examine the global volatility measured by the VIX index as the determinant of commonality in liquidity, that occurs to be important for the emerging countries. The focus of the paper on a different set of countries, the application of more than one liquidity measure and the examination of the interdependencies with VIX index, allow to fulfill the gap in the literature.




3. Data and Methods


In order to examine commonality in liquidity we first define and calculate liquidity index for each emerging market. In this section we describe our sample, the liquidity proxies and the methodology used for the calculation of liquidity indices.



3.1. Data Source and Sample Preparation


We include the five most important emerging stock markets in Eastern Europe: the Czech Republic, Hungary, Poland, Russia and Turkey. This selection originates in the composition of the MSCI EM Europe Index that captures large and mid-cap representatives across six European emerging markets and as such the selection is similar to other studies [29,30]. Although MSCI EM Europe Index includes Greece, we do not consider the Greek stock market in our study as it has joined this index recently.



The data are from Refinitiv (former EIKON Thomson Reuters®) database and include all listed and delisted common stocks that have been the constituents of the main blue chip indices listed in these markets. These are: BIST30 (the Borsa Istanbul), BUX (the Budapest Stock Exchange), PX (former PX50, the Prague Stock Exchange), RTS (the Moscow Exchange) and WIG20 (the Warsaw Stock Exchange). We focus on these particular countries and blue-chip stocks that are listed in these stock markets because the financial intermediaries that operate on the European emerging markets tend to invest: (1) in countries from which the constituents of well-known indices come; and (2) mainly in the most liquid stocks that are listed in these markets.



The sample period starts in January 2008 and ends in December 2017 and thus includes at least two financial turmoils—it allows to evaluate commonality on the financial markets when the market fundamentals change. The calculations are based on the daily (low-frequency) data. We collect four prices, high, low, open and close, as well as volume for each stock in the sample. All prices are expressed in the USD currency to allow for comparisons across the markets. A company is included in the sample within the period if it was a constituent of the index—this issue is determined on the basis of “leavers and joiners” information available in Refinitiv. We control for so-called penny stocks, but as we focus on the most liquid ones which are the constituents of the main indices, they are eliminated systemically. We have also screened the data for suspicious events and outliers [31].



Our original sample together with the number of stocks included in each of the five indices within the whole period and number of quotations are summarized in Table 1. Between 2008 and 2017 there have been 53 different stocks which were or still are the constituents of the BIST30 index, 24 stocks from BUX, 18 from PX, 64 from RTS and 37 from WIG20. For the further analysis we need the sample with observations recorded on the same days for all markets. In fact, the working days on different exchanges vary. Removing all these days, for which we did not have the listings for all indices, would have resulted in reducing the size of the sample (see Table 1). Thus, similarly to what has been done in [32], we removed only these days, for which at least three out of five markets did not operate. The missing data were added in such a way, that for each stock for which data were missing, the prices were taken the same as in the previous observation, while volume has been set to zero. These data have been used for index calculation. In case of missing data in index, prices were treated as for a single stock, while volumes have been obtained from interpolation based on the previous and the next day.



Finally, in order to assess the commonality of the indices with volatility index, we use daily quotes of CBOE VIX index as a proxy. These data are from www.cboe.com.




3.2. Liquidity Measures and Index Calculation Methodology


Our choice of liquidity measures are driven by the availability of the data. Although some liquidity measures used in the literature require intra-day data, measures based on low-frequency have been shown to be satisfying [14,15]. Further, the choice of our proxies is practically justified: managers rarely use sophisticated models or measures to gauge liquidity [33]. We are interested in the simple measures that are calculated on the basis of daily data and proxy for liquidity in a single day (in contrast to some measures extensively used in the literature that are averaged within a month [12,15]). All liquidity measures and indices are in fact the proxies for “illiquidity”—the higher the values of measures and indices, the more illiquid the market is, and vice versa. The choice of the measures depends on the spectrum of comparison: price-based liquidity measures perform better than volume-based measures at representing cross-country liquidity effects, while on the within-country comparison the volume-based measures are better than price-based [12]. We consider both within-country and cross-country comparisons, so we employ three liquidity measures based on daily data and that are widely employed in the studies for the developed markets: two bid-ask spread proxies, the high-low spread estimator [34] and the adjusted quoted close spread [35], as well as volume-based Amihud illiquidity [36], which is a price-impact (elasticity) measure.



The idea of high-low spread estimator of [34] is based on the notice that the high price within a day is related to a buyer-initiated trade, whereas the low price comes from a seller-initiated trade. The range between these two prices, the high and the low, encompasses the volatility of a stock as well as the transaction costs of trades. As shown in [37], volatility reflects liquidity—in a cross-section the deep markets are usually less volatile than the thin ones. The high-low spread estimator (henceforth CS) is calculated using the following formula


CSt=2(eαt−1)1+eαt,



(1)




where αt=2βt−βt3−22−γt3−22,βt=(ln(HtLt))2+(ln(Ht+1Lt+1))2, Ht is the high price in day t, Lt is the low price in day t, and γt=lnmax(Ht,Ht+1)min(Lt,Lt+1). As the high-low spread calculation is based on the high and the low prices from two consecutive days and its variance, the ratio estimated within two days will incorporate the variability of the overnight returns. Therefore, following [34] we adjusted high-low spread estimator for overnight returns.



The second estimate of the bid-ask spread used in the study is the quoted close spread proposed by [35]. It has been adjusted by replacing the ask and the bid prices with the high and the low prices, respectively. The reason for this adjustment is similar to one presented in [34]—while the high and the low prices are widely available, bid and ask data are rarely offered. Thus, we calculate this proxy called here high-low range, HLR, as follows:


HLRt=Ht−Lt0.5(Ht+Lt).



(2)







As the high price and the low price are buyer and seller initiated prices respectively, the high-low range shows what is the biggest distance between these prices within a day. The denominator facilitates the comparisons between the stocks [38]. The third liquidity proxies used in the study, Amihud illiquidity [36], is the ratio of the daily absolute return rt, to the logarithm of trading turnover:


ILLIQt=|rt|ln(volumet).



(3)







This ratio follows the price impact definition of liquidity [39] and captures how much price moves with a given trading volume. On the basis of these measures obtained for each stock separately, we construct liquidity index for each country. The liquidity index LIt on a given day t is defined as follows:


LIt=∑i=1nwi,tsi,t



(4)




where: si,t is a liquidity proxy for stock i at a time t, wi,t is a weight of an individual stock i at a time t, and n is the number of stocks. The weights are based on the turnover of a given stock i on day t, with respect to all remaining components’ turnover, and are daily updated. Thus the liquidity index is a turnover-weighted average of all stocks, which were components of a given market index (BIST30, BUX, PX, RTS, WIG20) on day t. Because liquidity proxies are not continuous in time and indicate jumps, we propose to smooth a weighted spread proxy in order to reduce the noise. The method which is often applied when volatile data is analyzed, is exponentially weighted moving average, EWMA [40]. The smoothing constant equal to 0.05 has been chosen within the simulation experiment. On the one hand, such value allows to smooth the series effectively, on the other hand, it does not distort the weighted spread. As a liquidity measure we take into account previously listed proxies: high-low spread estimator (CS), high-low range (HLR), and Amihud illiquidity (ILLIQ).



Various approaches might be used in commonality examination. The most popular one is to measure contemporaneous co-movements by calculating correlation coefficients. Some papers use linear regression approach and check, if the parameters in these “commonality regressions” are statistically significant [22] or examine the determination coefficients in such regressions [7,41]. Alternatively, one may also consider partial correlation analysis as proposed in [32,42,43]. As the liquidity indices display non-linear features, we decided to use the Spearman rank correlations and Kendall’s tau instead of the Pearson correlation coefficient.



All graphs presented in the paper are prepared in OxMetrics7 [44], whereas the calculations are done in R.





4. Empirical Results


In the empirical part of this paper we consider dynamics of indices based on stocks listed on five emerging European markets. First we examine the cross-sectional patterns in the liquidity indices based on different liquidity proxies within the markets, then we study the commonality in these indices across the markets in the region. Second, we propose a modification of liquidity index methodology that include the extreme value approach. Third, we present ARMA-GARCH specifications for relative changes in liquidity proxies and VIX index in order to indicate the possible determinant of the liquidity dynamics.



4.1. Cross-Sectional Patterns within Liquidity Indices


We start the analysis with descriptive statistics of the liquidity indices in the sample. The overall differences in magnitude of different aggregate measures within the sample are reasonable, since these liquidity proxies gauge different concepts of latent liquidity. However, they can be compared among the markets. Table 2 presents the descriptive statistics of the indices based on the three proxies, ILLIQ, CS and HLR. It shows that when ILLIQ is taken into account, the highest mean value of the index, and thus the lowest liquidity, is observed for liquidity indices obtained for the constituents of BIST30 and RTS (LI_BIST and LI_RTS respectively), while the remaining indices are characterized by similar average level of liquidity. However, if medians are considered, both indices, LI_BIST30 and LI_RTS, have the lowest values. In all pairs the equality of means and medians are verified with standard t test and Mann-Whitney U test, respectively. For the sake of brevity the results are not presented here. However, the means and medians are not statistically different from each other. The similar results have been achieved for HLR and CS.



Figure 1 shows the dynamics of the indices based on three different liquidity proxies: taking into account each market these proxies behave quite similarly. The indices based on spread measures, HLR and CS, as well as on price impact measure, ILLIQ, increase in September 2008 due to the financial crisis and decrease within 2009. Further, liquidity in the markets improves as the values of all liquidity indices decline.



In order to examine, if there is the commonality in liquidity in each of the European emerging markets, we calculate the correlation coefficients for the liquidity indices. Additionally we extend this analysis by considering the relation of liquidity with volatility of these stock markets. Thus we obtain the estimates of the conditional variance from ARMA(0,0)-GARCH(1,1) models for the returns of the stock market indices (BIST30, BUX, PX, RTS and WIG20). As such the conditional variances might be perceived as markets’ volatility estimates. Then we calculated the correlations between liquidity indices and the estimates of volatility (VOLAT).



Table 3 includes the correlation coefficients for different liquidity proxies and volatility estimates. Both values of Kendall tau and Spearman rho confirm our initial conclusions based on the visual inspection: the correlation coefficients between liquidity indices are positive and in most cases relatively high. Surprisingly, due to the construction, HLR and CS are expected to behave similarly, but in our sample the correlations in pairs ILLIQ- HLR or ILLIQ-CS are higher than the correlations between HLR and CS themselves. All three indices in each market are also very strongly correlated with the conditional volatility, VOLAT, showing interdependency between liquidity and volatility known from the literature [45]. Summing up, we find the co-movement of the liquidity indices based on different measures in all five markets, as well as strong dependency between liquidity and volatility on these markets.




4.2. Commonality in Liquidity Indices Across the Markets


As a next step we focus on the commonality between liquidity indices from different markets in the emerging Europe region. According to the supply theory presented in the literature, the behavior of financial intermediaries is dictated by the situation on the markets: they withdraw the funds from the markets when prices go down suddenly. This rapid action causes the increase in spreads (and decrease in liquidity). In addition, as the financial intermediaries enter the market at some point in time, their presence causes the reduction of spreads and increase in liquidity. If these inflows and outflows are observed at the same time in a given region, then the spread measures (and indices) on different markets should be correlated. Thus we calculate the correlation coefficient (Kendall tau and Spearman rho) of aggregated liquidity indices and VIX index, that stands for the global volatility, and thus show the overall sentiment on the markets.



Table 4 presents the results: the correlations between liquidity indices constructed on the basis of constituents of BIST30, BUX, PX and WIG20 are positive and high. The decrease of the spreads on one of these markets is accompanied by the spread decrease on other markets. The relatively weakest dependencies are observed between RTS spread and BIST30 or PX (Spearman rho) as well as RTS spread and BIST30 or WIG20 (Kendall tau). These results are consistent for all liquidity indices based on different proxies.



Figure 2 shows the dynamics of the liquidity indices based on ILLIQ and VIX index. In the upper panel LI_BIST30 and LI_RTS are presented, while in the bottom panel we show the remaining indices. The comparison of these two panels shows that the liquidity indices based on the constituents of BIST30 and RTS react much less to the sovereign debt crisis in EU in the second half of 2011 than the UE member countries, Hungary, Czech Republic and Poland, for which the decrease in liquidity is stronger and almost overlaps with the increase in VIX. For the Russian index there is an illiquidity peak in early 2015 which is exceptional in the whole region and might be connected with the political affairs as the third round of sanctions that resulted from Russian military intervention in Ukraine started in this period.



We find that on the European emerging markets, liquidity depends on the market situation: in a falling market when the fear index, VIX, gets the highest values, liquidity dries up, while in the growing market liquidity improves. It is in line with earlier findings from developed markets [7,26].



We also look for the evidence, if the co-movement in liquidity measures is different in declining market from that observed in the rising one. As our sample covers the financial crisis period as well as quite tranquil times, we divide the sample into five two-year long subsamples. It allows us to compare the interdependencies between liquidity indices in the changing market conditions. Each period belongs to one of three categories: very volatile, volatile and normal. The division is conditioned on the behavior of the VIX index and specifically its mean values and standard deviations. The first period (2008–2009) falls on the global financial crisis and thus is considered as very volatile. The second one (2010–2011) is considered as volatile, the remaining periods (2012–2013, 2014–2015 and 2016–2017), despite the turbulences in the end of 2015, are considered as normal (the mean values and standard deviations (μ;σ) in the consecutive periods are the following: (32;13), (23;7), (16;3), (16;4), (13;4)).



Table 5 presents the Spearman rho and Kendall tau for VIX and liquidity indices based on ILLIQ. The results for the remaining indices are similar and thus not presented here. The correlations, which are the highest in the first most volatile period, decrease in the second, and are less volatile. Further, they are the lowest and often not significantly different from zero in the next three periods, that are considered as normal in our sample. The finding that the correlations are the highest at the time of the greatest volatility, can be interpreted as an evidence in favor of supply-side hypothesis: the commonality of liquidity depends on the market situation—it is stronger at the time the market crashes and weaker at the calm times.




4.3. Extreme Liquidity Index


When financial market becomes violent, its statistical and dynamic properties change dramatically. The bid-ask spreads tend to rise rapidly. Extreme dependence between returns and liquidity is evidenced by [46]. They analyze the Swiss stock market and use Lower Tail Dependence (LTD) concept to measure common exceedances of high level quantile. The investigation of extreme downside liquidity (EDL) risk is provided by [47]. The EDL risk is decomposed into three factors: (1) individual stock liquidity and market liquidity; (2) the individual stock return and market liquidity and (3) individual stock liquidity and market return. They capture these lower tail dependencies with copulas and find that cross-section of expected returns reflects a premium for EDL risk [47]. In particular, the main driver of premium for EDL risk is the stock return and market liquidity.



Following these results we propose another concept of liquidity index, which measures liquidity of the whole financial market, but only when the market is facing extreme situations. We construct two extreme liquidity indices, downside and upside, that are based on the negative and positive extreme returns. By decomposing returns into negative and positive ones, we are able to separate the effect of bad or good news on liquidity. The extreme liquidity indices are defined as follows:


LIDt=∑i=1nwi,tsi,tI(ri,t<q0.05),



(5)






LIUt=∑i=1nwi,tsi,tI(ri,t>q0.95),



(6)




where LID is a downside index, LIU is an upside index, I is an indicator function, q0.05 is the 5th and q0.95 is the 95th percentile of returns. As with the original liquidity index (Equation (4)) the exponentially weighted moving average was used in order to smooth the index series.



In case of extreme liquidity index, the above formulas take liquidity proxy into account only if the high level quantile of returns is exceeded. We interpret it in the following way: as long as the prices are stable, investors do not focus on liquidity risk. Of course, there is no unambiguous quantile from which returns are considered as extreme ones. Our choice coincides with [40,48], who use 5% threshold to separate the tail from the central part of the distribution.



Table 6 presents the correlations of indices based on ILLIQ for each market and period separately. More specifically, it reports the Spearman rho between absolute returns of market indices and liquidity indices (in rows). When compared between sub-periods, it turns out that the dependence is the strongest in the first sub-period (financial crisis in 2008–2009) and either in the second (BIST30, BUX and WIG20) or in the last period (PX and RTS). Such findings are similar to many empirical studies documenting the increasing dependency between financial returns, especially during crisis periods in the markets [3,49,50,51]. We conclude that the more extreme events appear, the more correlated are the absolute returns and liquidity.



Figure 3 presents the evolution of indices over time. Tail behavior of liquidity indices is different for lower and upper tails. The variation of downside extreme liquidity indices is higher than that of upside ones. The only exception is PX, which has the same amplitude for both tails. Such a result suggests that illiquidity expands quicker and stronger for extreme negative returns. The result is closely related to the concept of tail behavior: left tails of the stock returns distribution are heavier than the right ones as a natural consequence of crashes perception [52,53]. There is the asymmetry in price declines and increases: the crashes develop in shorter time intervals than booms. In addition, the changes of prices are significantly bigger in case of a market decrease than during an increase.



We measure the co-movement for downside and upside indices across the markets with Kendal tau and Spearman rho correlations. The results are presented in the Table 7.



Our results show that the dependence between left-tail (downside) and between right-tail (upside) liquidity indices are similar across the markets. Only for liquidity index for WIG20 the correlations with other indices are higher for downside index comparing to upside one. To explore this problem deeper we conduct the calculations for five two-year sub-periods. Similarly to whole period analysis, it is not possible to recognize any co-movement pattern. For the sake of brevity, the results are not reported here.




4.4. Garch Models for Spreads and VIX


We examine whether commonality in liquidity is related to the changes in volatility index VIX. It is our robustness check to the results based on the correlations measures. In order to estimate the impact of global (systematic) volatility on the spreads observed on the emerging Europe countries, we estimate ARMA(1,0)-GARCH(1,1) models with additional variables. We model the relative changes in liquidity measures, DLIt=(LIt−LIt−1)/LIt−1, where LIt is one of the liquidity indices based on the measures described in Section 3.2 on day t. We also include the relative change in VIX, DVIXt=(VIXt−VIXt−1)/VIXt−1, both in the conditional mean and the conditional variance equations. This allows us to check if the changes in VIX influence the changes in liquidity indices and the variability of them (e.g., the tendency for liquidity measures to move faster or slower). The AR(1) controls for the autocorrelation in the relative liquidity measures. We also introduce the indicator variable in order to control for the impact of Lehman Brothers collapse—this variable is equal to unity from 15 September 2008 to 22 September 2008 and zero otherwise. Our aim is to answer, if the crisis period influences the liquidity indices immediately following this event. The models are estimated separately for each country index, i, in two steps: in the first one the pure model is estimated, while in the second step the additional explanatory variables are added. The conditional mean equations are modeled with the ARMA(1,0) process. At the second step we add two explanatory variables: DVIX and dummy variable, DV standing for the Lehman Brothers collapse:


DLIt,i=ϕ1DLIt−1,i+θ1DVIXt+θ2DVt+at,i,



(7)






at,i=ϵt,iσt,i,








where ϵt,i is i.i.d. process with Student t distribution. The innovations are modeled with the plain vanilla GARCH (1,1) process:


σt,i2=ω+κat−1,i2+λσt,i−12,



(8)




where in the second step we add the additional explanatory variable, DVIX:


σt,i2=ω+κat−1,i2+λσt,i−12+τDVIXt.



(9)







The estimates of pure ARMA-GARCH models are presented in the first two lines of each panel of Table 8 (M1). To capture the kurtosis in the indices, the innovation terms have Student t distributions with v degrees of freedom. The autoregressive coefficient is statistically significant for BIST and PX indices only. The parameters in the conditional variance equations are in most cases statistically significant with the values that satisfy the stationary conditions (Laurent, 2010).



Next we estimate the ARMA-GARCH models with additional explanatory variables measuring the impact of VIX changes and Lehman Brothers collapse (M2). The estimated parameters representing the effect of VIX changes in the mean equation for all indices have the same positive sign and are significant in all indices but WIG20. These results show that the changes in VIX and liquidity indices have the same direction and thus confirm our earlier findings. The Lehman Brothers collapse variable is statistically significant only for BUX index and shows that the liquidity declined in this period. In the conditional variance equation, the explanatory variable standing for the changes in VIX index, DVIX, is positive and statistically significant in all indices but PX. It shows that volatility of index changes increases together with variability of VIX index. Altogether the results from ARMA-GARCH models corroborate our previous findings: the liquidity indices are closely related to VIX changes, thus it may be considered as the significant determinant of the liquidity behaviour in the emerging European countries.





5. Conclusions and Discussion


The emerging markets, in comparison to the developed markets, are generally smaller and less liquid. They also provide the opportunity to achieve higher returns on their investments to investors. This study sheds light on the dynamics of liquidity in emerging markets in Europe. We focus on five of these: Turkish, Hungarian, Czech, Russian and Polish in the period of 2008–2017 and examine the commonality of liquidity over time.



We construct three various liquidity indices for each market—these indices employ three different proxies obtained from the widely available daily data. The liquidity indices are turnover-weighted and based only on the stocks that have been constituents of the blue chip stocks indices on a given market. Thus we treat our indices as a liquidity benchmarks for chosen market. Our first observation is that regardless of what kind of a proxy is used in the index calculation, based on volume or price range, the liquidity indices behave very similarly within each market. They capture the same type of information and show similar dynamics.



Second, we find that the liquidity indices behave similarly across the examined markets. The dependence between indices enhances in times of large market declines, and weakens when markets become stable. We support this phenomenon by evidencing a strong co-movement in liquidity indices and various volatility estimates. We also show that as the U.S. market becomes more volatile, and VIX index increases, liquidity in the emerging European markets declines. This is in line with supply-side hypothesis—as the situation on the markets is getting worse, the financial intermediaries withdraw the funds from the markets. This naturally causes serious liquidity problems in the European emerging markets.



Third, we propose the extreme liquidity index conditioned on the presence of the extreme returns. The rationale for this is that investors consider liquidity risk particularly when market becomes unstable. Again, we observe strong co-movement of extreme indices, especially during market crisis. However, in the cross-section we do not find evidence that there is a difference in commonality for extremely positive or extremely negative returns. These results are robust to our choice of liquidity proxy or choice of the market within the emerging European countries.



These findings have practical implications both for investors and for market regulators. We find strong regional (across-country) commonality in liquidity behavior in the emerging markets. We also find that there are some specific events that occasionally decrease liquidity in separate markets. The results show that there are some common determinants of liquidity, that are closely related to market volatility and institutional ownership. In our opinion the high degree of correlation is due to integration of the markets and the acting of financial intermediaries. The strong commonality in liquidity indices in the whole region suggests that liquidity is driven by shocks that affect all markets that belongs to MSCI Emerging Europe Index. We find that the worsening conditions of the U.S. market have strongly influenced liquidity in the region: the shocks in liquidity appear suddenly in all countries, which limits the ability to diversify portfolios. These results are important from the point of view of the regulators, because fast evaporation of liquidity is a threat to the stability of the financial system. Thus our findings should influence not only portfolio construction process, but also portfolio risk evaluation.
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Figure 1. Liquidity indices based on three different liquidity proxies calculated for the stocks listed on five European emerging markets. Each graph represents the liquidity indices obtained for a given market: (a) BIST30 (Borsa Istanbul, Turkey), (b) BUX (Budapest SE, Hungary), (c) PX (Prague SE, Czech Republic), (d) RTS (Moscow Exchange, Russia), and (e) WIG20 (Warsaw SE, Poland). ILLIQ, HLR and CS are the indices calculated as the aggregate volume-weighted average liquidity measures within a given market; ILLIQ is based on [36], HLR is high-low range (adjusted quoted close spread of [35]) and CS is based on high-low spread estimator of [34]. The left-side Y axis scale is for ILLIQ, while the right-side of Y axis is for HLR and CS (and hidden here). 
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Figure 2. Volatility index VIX and liquidity indices calculated for the stocks listed on European emerging markets. The upper panel shows the liquidity indices based on ILLIQ [36] obtained for two markets: BIST30 (Turkey) and RTS (Russia), and the Chicago Board Options Exchange Volatility Index, VIX. The bottom panel presents liquidity indices for BUX (Hungary), PX (Czech Republic), WIG20 (Poland) and index VIX. 
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Figure 3. Extreme liquidity indices. Each graph represents two extreme liquidity indices, downside (LID) and upside (LIU) obtained for the given stock markets: (a) BIST30 (Turkey), (b) BUX (Hungary), (c) PX (Czech Republic), (d) RTS (Russia), and (e) WIG20 (Poland). The extreme indices are based on the ILLIQ proxy [36]. The extreme liquidity index is calculated as a volume-weighted average liquidity measures conditioned on the exceedance of the quantile of returns. 
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Table 1. The description of the sample: numbers of stocks and number of quotations included in the empirical study with indices’ tickers.
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	Index and Exchange
	Number of Stocks in the Sample
	Number of Quotations in the Sample
	Thomson Reuters Ticker





	BIST30, Borsa Istanbul Index
	53
	2514
	XUO30



	BUX, Budapest SE Index
	24
	2498
	BUX



	PX, Prague SE Index
	18
	2507
	PX



	RTS, Moscow Exchange Index
	64
	2500
	IRTS



	WIG20, Warsaw SE Index
	37
	2504
	WIG20
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Table 2. Descriptive statistics of liquidity indices in different markets.
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LI_BIST30

	
LI_BUX

	
LI_PX

	
LI_RTS

	
LI_WIG20






	

	
ILLIQ




	
Mean

	
1.17

	
1.27

	
1.28

	
1.18

	
1.23




	
Median

	
1.07

	
1.09

	
1.16

	
0.99

	
1.09




	
St. dev.

	
0.38

	
0.57

	
0.56

	
0.58

	
0.43




	
1st Quantile

	
0.92

	
0.89

	
0.95

	
0.83

	
0.97




	
3rd Quantile

	
1.33

	
1.42

	
1.44

	
1.31

	
1.32




	

	
HLR




	
Mean

	
33.74

	
29.39

	
29.62

	
33.56

	
30.61




	
Median

	
31.12

	
25.68

	
26.39

	
27.74

	
27.94




	
St. dev.

	
8.75

	
12.22

	
12.36

	
17.18

	
8.97




	
1st Quantile

	
26.91

	
21.82

	
22.60

	
24.22

	
24.40




	
3rd Quantile

	
39.70

	
32.58

	
33.46

	
35.49

	
33.56




	

	
CS




	
Mean

	
8.70

	
14.20

	
10.60

	
12.44

	
12.49




	
Median

	
6.61

	
11.27

	
9.84

	
9.31

	
9.91




	
St. dev.

	
7.52

	
10.17

	
5.72

	
9.45

	
9.60




	
1st Quantile

	
4.59

	
7.21

	
6.91

	
6.47

	
6.25




	
3rd Quantile

	
10.15

	
18.60

	
12.80

	
15.81

	
14.98




	
Number of obs.

	
2513

	
2497

	
2506

	
2499

	
2503








Note: The descriptive statistics are presented for the liquidity indices calculated as aggregate volume-weighted average liquidity measures within a given market. The names for indices are after liquidity proxies: ILLIQ is based on [36], HLR is high-low range (adjusted quoted close spread of [35]) and CS is based on high-low spread estimator [34]. The values of liquidity proxies are multiplied by 103.


media/file4.png
— VIX —— BIST30
'| —RTS

75k

0.003

ju'-

0.002
A,

M |
%—w‘h A ‘""’L‘,\fﬂhdﬁh\ u F 'l"h“ ‘hﬂ' s h‘ j.'- 0.001

LIt il il 11l IIIIII L1l 1 IIIIIIIIIIIIIIIIII L1 L1l Ll L1l 1
2008 2009 lﬂlﬂ 1ﬂ11 2012 2013 11]14 lﬂlj lﬂlﬁ lﬂlT 2018

— VIX. — BUX

Pr _ PX — WIG20 -0.004

sok

Ly ]
. 0,002
) |

I'llq! ¥ AL Ii
R UL NSITYS. )Y Wy
y P N A e Ll

2013 2014 2013 2016 2017

2011 2012 lﬂlﬂ





nav.xhtml


  systems-07-00024


  
    		
      systems-07-00024
    


  




  





media/file0.png





media/file2.png
(z) BIST30 (b) BUX

PN I N T T T T NN T T T A N T T N O A A A A O 11l

! . o .
- - k|
|1|||||||1|||||||1|||||||1|||||||||

.l |
2008 2010 2012 2014 2016 2018 2008 2010 2012 2014 2016 2018

(c) PX (d) RTS
—ILLIQ —I-ILR| |
—C§ 0.004f

0.004 — IF.I.IQ ——HLE

0.002 0.002f

T T N T N N T T A N T T U A N N ol

2008 2010 2012 2014 2016 2018 2008 I"-_ﬂllﬂ I"-_ﬂlli"-_ 2014 2016 2018

—0C3

0.002

L

2008 2010 2012 2014 2016 2018





media/file5.jpg
G R

0002} 0002]

0001 0001

20082000 2013 2014 2006 2018 2008 010 012 214 06 2018

@Px (@ RTS.

0.002f 0.002]
oy o
20082010 2012 2014 2016 2018 3003 2010 200 2014 2016 018
i
o]
om

2008 V3010 2012 2014 3016 2018





media/file6.png
|—LID —LIU|

|| . - ..I ST TR, - gl | r FJ Y I1 ¥ i Pkl el jh Y VU W il R |
2008 lﬂlﬂ 2012 2014 lﬂlﬁ 2018 2008 2010