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Abstract

The objective of this paper is to analyze the contagion in the returns on the volatilities
of the Microfinance Institutions (MFIs) that are listed on emerging stock markets
in India, Indonesia and Mexico. To do this, local benchmarking variables and the
global index —All Countries World Index (ACWI) are included in the analysis. The
methodology used is a Dynamic Conditional Correlation (DCC) multivariable GARCH
model. The empirical findings show that contagion effects only occur in periods of high
volatility. One limitation of this research is that there are still few MFIs listed in stock
markets, which does not allow for a broader study. The originality of this paper is the
analysis of contagion in the returns of MF1Is listed on stock markets. It is concluded that
the performance of the analyzed MFIs is not affected by external effects of volatility,
but for its fundamental results reflected in their level of liquidity in the stock market.
JEL Classification: C01, C32, G2.

Keywords: Microfinance institutions; volatility of returns; GARCH and M-GARCH
models; Dynamic Conditional Correlation (DCC).

Contagio en la volatilidad de los rendimientos de las

Instituciones Microfinancieras en los mercados
emergentes: un modelo DCC-M-GARCH

Resumen

El objetivo del presente trabajo es analizar el contagio en los rendimientos en las
volatilidades de las Instituciones Microfinancieras (IMFs) que cotizan en mercados
burséatiles emergentes en India, Indonesia y México. Para ello se incluyen en el anélisis
variables benchmarck locales y el indice global —~All Countries World Index (ACWI).
La metodologia que se utiliza es la de un modelo multivariable GARCH de Correlacion
Condicional Dinamica (DCC). Los resultados empiricos encontrados muestran que los
efectos de contagio s6lo se dan en periodos de alta volatilidad. Una limitacién que
presenta esta investigacion es que atn son pocas las IMFs listadas en bolsas, lo que
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impide realizar un estudio més amplio. La originalidad de este trabajo es el anélisis de
contagio en los rendimientos de las IMFs listadas en bolsa. Se concluye que el desem-
peno de las IMFs analizadas no se ve afectado por efectos externos de volatilidad, sino
por sus resultados fundamentales reflejados en su nivel de liquidez bursatil.
Clasificacion JEL: C01, C32, G2.

Palabras claves: Instituciones microfinancieras, volatilidad de rendimientos, modelos
GARCH and M-GARCH, Correlacion Dindmica Condicional (DCC).

1. Introduction

An important resurgence of Microfinance Institutions (MFIs) took place in the
70’s when initially they were constituted as non-profit NGOs2, though the first
antecedents are given since the 19th century in Europe (Germany).® The MFIs
mainly focus on providing financial services to the population that does not
have access to conventional bank credit for lack of real collateral. MFIs face,
continuously, two main objectives: 1) achieve financial sustainability, and 2) in-
crease the number of clients. Currently, there are more than 2000 Microfinance
Institutions (MFIs) in the world, with a total of 130 million clients and a Gross
Loan Portfolio of 108 billion (USD)*.

On the other hand, the number of MFIs that are listed on stock exchanges
is still small worldwide. However, they account for 16.8 % of the total number of
clients since they have a high degree of concentration —in their respective markets
where they operate. It is worth mentioning that MFIs seek in the stock market
resources more efficiently (quickly and at a lower cost). The main question that
arises is: if this objective can be achieved without being affected by the volatility
from financial crises, which may discourage other MFIs from entering the stock
market.

Due to the above concerns, Wagner and Winker (2011) and Di Della (2011)
have studied the impact of financial crisis (for example, the sub-prime crisis,
2008) on the MFTs, particularly in periods of high volatility. However, the con-
tagion in the volatility in the returns of the MFIs listed on stock markets has
not yet been studied. In this sense, the goal of this paper is to analyze how
volatility affects them. This will allows us to better understand the effects and
consequences of high levels of volatility, which could be generated via global
financial crises or high-volatility clusters. Thus, the main contribution of this
research is to analyze, under a DCC-M-GARCH framework, how the contagion
occurs in the volatilities of the returns of MFIs that are listed on stock exchanges
in different emerging economies.

2S8ee Armendariz and Maruch (2011).

3Credit cooperatives in Germany as Schulze-Delitzsch, Raiffeisen and Haas granted loans
to low-income people who were not served by conventional banks in the 19th century. However,
in the 1970s the roots are formed in the way modern microfinance currently operates (one of
the main references is the Grameen Bank in Bangladesh), see Tusom (2015).

4Source: Microfinance Information Exchange (MIX), data to 2015.
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This paper analyzes five MFIs from three emerging economies: India, Indo-
nesia and Mexico.? Table 1 shows the studied MFIs and their characteristics
such as number of clients, size of their portfolio and country of origin. In addi-
tion, for each MFI two reference variables are used in its corresponding stock
market, and a global reference index —All Countries World index (ACWT). Table
2 describes each of the variables used (14 in total), it is shown the corresponding
characteristics of: activity, currency in which they operate (in their respective
stock market), and the period of analysis that comprises for each one of the
MFTs, with daily frequency data.

It is important to point out that the period of analysis is not the same for all
MFIs. The reason is that, on the one hand, this research seeks to obtain as many
observations as possible with the aim of achieving more robust results and, on
the other hand, it is understandable that the periods are not homogeneous since
the MFIs began to operate in the stock market on different dates; see the last
two columns of Table 2.

Table 1. Microfinance Institutions (MFIs)

MFI Reporting GrossLoan No. of Active Country
Period Portfolin Borrowers
(USD millions) (thousands)

Gentera 2015 1.317.76 2.861.72 Mexico
Financizra Independencia 2015 25338 19277 Mexico
Bharat Financial Inclusion 2014 671.79 332324 India

Limited: NSE and BSE
Bank Ralvat Indonesia 2012 10.897.40 1291843 Indonesia

Source: Own elaboration

Table 2. Description of Variables

Variables Definition Activity Country Curmrency Starting Ending
date date

Gentera Gentzra IMF Mezxico M 03-01-11  29-01-16

IPC Price Index and Stockindex  Mexico MEN 03-01-11  29-01-16
Quotations

% 3 Mexican Fund Investment EEUU UsD 03-01-11  29-01-16

ACWI All Country World Index World UsD 10-07-12  29-01-16
Index

H Fimnciera IMF Mexico MEN 0301-11  29-01-16
Independencia

5For the particular case of Mexico, the MFI (Real Credit") was not considered, although
it has a greater liquidity compared with "Microfinanciera Independencia", however, its avai-
lability of data does not extend until the beginning of the analysis period.



328  Nueva Epoca REMEF (The Mexican Journal of Economics and Finance)

Variables Definition Activity Country Curmrency Starting Ending
date date

BFIL_NSE  Bharat Financial IMF India 03-01-11  29-01-16
Inchizion Limited N3E

N30 Nifty 30 Stock index India 03-01-11  29-01-16

50 izharss India 50 Stock index India 03-01-11  29-01-16

BFIL_BSE  Bharat Financial IMF India 03-01-11  29-01-16
Inchizion Limited BSE

BD&MFG BOMBAY DYEING & Textil India 03-01-11  29-01-16
MFG.COLTD

EFFL Eombay Rayon Fashion Textil India 03-01-11  29-01-16
Limited

BRI Eank Ralsat Indenesia Bank Indonesia 04-03-13  29.01-16

I} Jakarta Islamic Index Stock index  Indonesia 04-03-13  29.01-16

ILK TLKFT Comuncztions Indonesia 04-03-13  29.01-16
Telekomunikasi
Indonesia

Source: the data was obtained from Yahoo Finance.

In what follows, a descriptive statistical analysis is carried out in Table 3,
According to the fifth column, all the returns are leptokurtic. Moreover, none of
the returns are normally distributed according to the Jarque-Bera test. In Table
4, the unit root test was performed on each variable, using the Dickey Fuller
Augmented test, under the three specifications: intercept, trend and intercept,
and none. The results show that there is no empirical evidence of an explosive

behavior in the analyzed variables.

Table 3. Descriptive statistics (in the returns of the variables)

EReturns Mean Std.dev, Skewness Kurtoziz JB Proh.
Gentera 00004 0.02 02 1. 850.1 0.000
IPC 0.00:01 0.01 02 37 3828 0.000
AF -0.0003 0.01 03 32 2820 0.000
ACWI 00002 0.01 03 38 337.0 0.000
FI 00008 0.02 0.3 9.7 2395.5% 0.000
BFIL_NSE  0.0003 0.04 0.4 6.8 7862 0.000
N30 00002 0.01 01 43 116.1 0.000
50 00001 0.01 0.3 6.1 568.8 0.000
EBFIL EBSE 00003 0.04 0.3 1.0 Q427 0.000
ED&NEG -0.0007 0.04 1.9 181.6% 1735490.3% 0.000



Revista Mexicana de Economia y Finanzas, Vol. 13 No. 3, (2018), pp. 325-343 329

Returns Mean Std.dev, Skewness Kurtoziz JB Prob.
BRFL 0.0001 0.02 0.5 16.5 10043.1% 0.(ouy
BRI 00004 0.02 0.3 37 2113 0. (o
m 0. 0ruey 0.01 0.1 6.2 2803 0. (o
TLK 0.0003 0.02 01 ig 2402 0 0on

Some results obtained, marked with the symbol “ * “ may seem to be erroneous;
however, its result is due to values of high percentage variation of some observations,
within the period of analysis.

Source: own elaboration with data from Yahoo Finance. The results were obtained
using software EViews 7

Table 4. Results from Augmented Dickey-Fuller test
(in the returns of the variables)

Intercept Trend and None
Intercept

Variable t-Statistic®  Prob.  t-Sm@mtistic®™ Prob.  t-Statisic®* Prob.
Gentera -35.43 0.000 -33.51 0.000 -35.48 0.000
IPC -34.13 0.000 -34.12 0.000 -34.14 0.000
MF -21.67 0.000 -21.70 0.000 21.66 0.000
ACWI -23.02 0.000 -23.12 0.000 2300 0.000
FI -33.17 0.000 -33.17 0.000 -35.13 0.000
BFIL_NSE -28.03 0.000 -29.13 0.000 -28.04 0.000
N30 -33.10 0.000 -33.10 0.000 -33.10 0.000
iI50 -31.43 0.000 -51.51 0.000 -31.4% 0.000
BFIL_BSE -20.94 0.000 -30.03 0.000 -28.93 0.000
BD&NFG -34.07 0.000 -34.06 0.000 -34.07 0.000
ERFL 2922 0.000 -29.20 0.000 2023 0.000
BRI -23.77 0.000 -23.75 0.000 -23.77 0.000
I -18.30 0.000 -13.49 0.000 -18.52 0.000
ILK -23.47 0.000 -23.46 0.000 -25.48 0.000

Source: own elaboration with data from Yahoo Finance. The results were obtained by
using software EViews 7.
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In order to detect whether there are long-term memory effects in the returns
of each variable, Hurst exponent is calculated. The latter is a useful indicator
to examine whether returns have long-term memory —a characteristic useful to
forecast future values. It is worth mentioning that Hurst’s exponent can be equal
to 0.5 (without long-term memory), greater than 0.5 (long-term memory), and
less than 0.5 (mean reversion). It is also important to notice that long-term
memory violates the Efficient Market Hypothesis (EMH), established by Fama
(1970). Moreover, this research computes an index of stock market liquidity®
in order to find some relationship between the effects of long memory and low
stock market liquidity.

The obtained results, in relation to the Hurst exponent, show that Gentera
and BRI do not present strong empirical evidence of long-term memory in their
returns with Hurst exponents of 0.519 and 0.493, respectively.” These results
can be seen in the fourth column (in descending order) of Table 5. With respect
to the obtained results in the liquidity index, see the sixth column (in ascending
order) of Table 5, the MFIs that appear with less liquidity are FT and BRI with
an index of 81.6 and 90.9, respectively.

Based on the previous results, there is not a pattern in the behavior between
long-term memory and low market liquidity (as would be expected at first). Ho-
wever, we can highlight the case of FI with long memory and low liquidity, 0.56,
81.6 %, respectively. In contrast, Gentera shows an acceptable liquidity of 98 %
and a Hurst exponent of 0.519. Notice also that BFIL NSE and BFIL BSE
provide empirical evidence of long memory in its returns but with high levels of
stock market liquidity —see columns fifth and seventh of Table 5.

It is important to point out that not all the MFIs analyzed have had an
acceptable long-term performance (in the period of analysis) in their accumu-
lated returns. Only Gentera and BRI had a better performance than the local
reference index in their respective markets, Mexico and Indonesia, respectively.

Table 5. Hurst exponent and liquidity index (1i)

Vaniable HurstExp.  Liquidity™® Variable HurstExp. Varable (1) ranked

returns index (1i) returns Ranked returns

Gentera® 0.31% 0ges BFIL_MSE* 0.386 FI* 91.60%
IPC 0.303 100°% BFIL_BSE* 0.386 BRI* O 0%,
ME 0561 97.50% MF 0.561 BRFL 97.40%

AW 04 100% m* 0.56 ME 97.50%
2 0.36 91.60% N30 0.349 Gentera® 089,

6This index shows the percentage of days with variation (in returns) within the analysis
period.
“The MFIs have been marked with the "*"symbol for easy location.
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WVariable HurstExp.  Liquidity® Variable HurstExp. Variable (1i) ranked

refurns index (1i) refurns Ranked refurns —
BFIL_NSE* 0.586 99 30% iI50 0.545 LK 90 75%;
N3O 0549 00 407 ACWI 0.54 BFIL_NSE* 00 30°%
130 0.543 100°% ED&MFG 0.534 N30 00 40%
BFIL_BSE* 0.386 00 50% Grentzra® 0.519 ED&EMFG 00 40
BD&MFG 0.334 00 407 ERFL 0.519 Jn 90.40%
BRFL 0.519 07 40% IPC 0.503 EFIL_BSE* 00 0%
EBRI* 0.493 90.00% TLK 0.493 IPC 100%

n 0474 00 402, BRI* 0.493 ACWI 100°%%
TLK 0.495 9 75% m 0474 50 100%%

Source: own elaboration. The results were obtained with the use of the R software,
using the "pracma'library.
Each IMF is identified with the symbol “*”.

After the descriptive exploration of the variables, this research will be struc-
tured in the following way: section 2 provides a brief description of the M-
GARCH model of Dynamic Conditional Correlation (DCC); section 3 presents
the empirical findings for each specification of the MFIs (benchmark variables
and a global index); finally, section 4 exposes the conclusion.

2. Dynamic Conditional Correlation (DCC)-M-GARCH

Recently, Bala and Takimoto (2017) analyze the effects of the dynamic correla-
tion, during periods of financial crisis, by using a DCC-M-GARCH econometric
approach. These authors found that the dispersion of volatilities among deve-
loped markets is greater than in emerging markets. Previously, Mollah et al.
(2014) study 63 countries during the period of the global financial crisis. These
authors find —through the use of DCC- that contagion of volatility occurs in
46 out of 63 countries that is, in 73 % of the analyzed countries. Although the
previous studies allow us to see some results related to the DCC-M-GARCH
methodology in assessing the effects of contagion within emerging and develo-
ped markets, there is no recent literature that focuses on volatility contagion of
returns of the MFIs listed on the stock market.®

On the other hand, Visconti (2009) argues that MFIs are affected in diffe-
rent ways, depending on the country in which they operate and the degree to
which these countries are integrated into the global economy. In addition, the
author points out that MFIs operating in developing countries are less affected
by financial crises due to close ties and constant monitoring of their clients.
Moreover, Krauss and Walter (2008) applied a panel data approach (with fixed

8See also, Rodriguez and Huerga (2012), these authors study MFIs that are listed on the
stock exchange with a methodology focuses mainly on a descriptive approach.
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effects) in order to examine whether MFIs are a good option to reduce the volati-
lity of an investment portfolio since their clients are mostly micro-entrepreneurs.
In this regard, it is important to consider that the main disadvantage that MFIs
face is that their clients do not have real guarantees. However, they do have the
advantage of being able to maintain a continuous monitoring of their clients,
which allows having a better quality in the portfolio of microcredits granted.

2.1 Generalized Autoregressive Conditional Heteroscedastic model

In this subsection, we state the GARCH (p,q) model and highlight its main
properties. The model is given by the following equation:

hi =w+ 3 ef + 300 Bihi (1)

Where each h? is obtained in a recursive way by taking an initial value of
the variance at time t = 0, with a backcast methodology:

W= =MTh2 o+ (1- N _ A1 (&) (2

In order to find the optimal vector 6 € (w,a1,...,0q,01,...,8p) of the
parameters defined in equation (1), the most used algorithm of optimization is
that from BHHH (Berndt, Hall, Hall and Hausman, Berndt et al.,1974), which
maximizes a likelihood function, as in equation (3).° The iterative optimization
method from BHHH for each step is given by:

) —1 )
i f 62L<[) aL(z)
00D =60 + B (3635,) )

Where the likelihood function to be maximized, assuming a normal distri-
bution for the error term, satisfies:'°

2
Ly = —jlog(2m) — $log (h?) - 354 (4)

On the other hand, by considering a system of n variables, we can express
the error term as:

Etlétfl ~N (O, DthDt) (5)
Et = MUt (9) + €. (6)

The error term vector is then modeled as follows:

ee=HE(0)z. (7)

1
Here HZ(0) is a positive definite matrix of order n x n ; and represents the
conditional variance of &;.

9A more detailed description of other iterative methods of optimization can be found in
Kelley (1999).

10Tt is possible to assume a t-Student distribution or a Generalized Error Distribution
(GED), see Nelson (1991).
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2.2 Dynamic Conditional Correlation

When studying volatility of diverse variables, the analysis is usually performed
with a single equation of the GARCH family.'! However, in order to explore
how volatility jointly affects the MFIs’ returns, we use a Dynamic Conditional
Correlation (DCC) methodology that allows us to evaluate the impact on their
performance (in terms of contagion). This research will now examine the re-
lationship that exists between the conditional correlations and the conditional
variances of the returns of the stock prices of the MFIs under study.'?

In this work, we focus on the methodology proposed by Engle (2002). Other
authors as Bauwens et al. (2003), Wang and Tsay (2013), and Ling and McA-
leer (2003) propose other extensions of the multivariate-GARCH model with
a system of non-related variables. Initially the BEKK model (a Multi-Variable
GARCH model) was introduced under a bivariate representation by Engle and
Kroner (1995). Under this framework, a generalized multivariate ARCH model
can be stated as follows:

Hy = 0600 + ZkK:1 23:1 A;kgt—isgfiAik + Zszl Z?ﬂ ngHt—iGik (8)

Recently, Bauwens et al. (2012) have replaced the BEKK model by other
specifications, a DCC model. In this case, it is possible to specify the model
(in two steps) in order to obtain a covariance matrix. In this regard, two main
dynamic coefficients of correlation were discussed by Engle (2002). On one hand,
one of them is the rolling correlation estimator for returns with mean zero, which
is defined by:

t—1
s=t—n—1"1,5T2,s (9)

Pt e ) (o h)

On the other hand, the coefficient of correlation of exponential smoothing is
defined as:

i = SN 10
Pt = i ) (i A1) o

The DCC is defined from the covariance matrix Hy, as follows:!

Ht =F [etEHIt—l] (11)

3

The matrix H; can be decomposed, from the following expression:
H, =DR:D; (12)
D, = diag (hjl - hyx,)  (13)

it

1 This kind of modeling was initially introduced by Engle (1982), and lately it was genera-
lized by Bollerslev (1986) and Engle (2001).

123ee Engle (2002).

13Right after the introduction of the DCC model by Engle (2002), several drawbacks concer-
ning with it were detected, in particular it does not have “moments”. Also, it does not maintain
testable stability and regularity conditions, and the estimators in “two steps” are inconsistent.
Finally, DCC has no asymptotic desirable properties (Caporin and McAleer, 2013).
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In this way, it is possible to obtain the dynamic conditional correlation(R;)
from expression (12). The M-variable likelihood maximization can be applied in
two steps by GMM optimization (Newey and MacFaden, 1994) according to the
optimization methodology proposed by Engle (2002); assuming normally distri-
buted errors as in equations (15) and (16). Hence, the two-step optimization
method expressed in aggregated form is:

L(0,¢) =Ly (0)+Lc (0, ) (14)
The first step considers the following objective function:

Ly (8) = =132, (nlog(27) + log | Dy|* + D %r,)  (15)

In the second step, we have
Le(0,0) = =5 35, (log |[Re| + €, Ry e, — €jer)  (16)

3. Empirical result
3.1 MFIs systems

We present now the results obtained with a system of non-related variables for
each MFI (with benchmark variables) for every stock market analyzed. The
selection of the GARCH model and the error specification, to obtain the DCCs
in each market, are chosen according to the less explosive parameters, see Table
6. The estimations are shown in Table 7. Subsequently, we present the DCCs
for each MFTIs and their benchmark variables, see Figures 4 and 5. Finally, in
Table 7 we calculate the arithmetic and geometric maens for each estimated
DCC considering the period of analysis.

Table 6. Model GARCH family (specifications)

MFIs Systems GARCH Model Error Specification
Not considering ACWI
Gentzra | IPC, MF GARCH (1,1) t-zmdant
FI,IPC, MF GARCH(1.1) t-student
BFIL_NSE, N30, {150 GIR-GARCH (1.1) t-student
BFIL_ESE, ED&MFG, GIR-GARCH(1.1) GED
ERFL

BRI I, TLK GARCH(1.1) Nermal
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MFIs Systems
Consid ering ACWI
Gentera, IPC, ACWI

FI IPC, ACWI

BFIL_NSE, N30, ACWI
BFIL_BSE, BD&MFG,

ACWI

BRI, I, ACWI

GARCH Model

GARCH (1.1)
EGARCH (L.1)
GARCH (1.1)
GARCH (1.1)

EGARCH(L.1)

Error Specification

Normal
CGED
f-zfndent

t-zmdant

t-ztudent

Note: criteria selection is according to the less explosive parameters.
The results were obtained by using the R software, "fGARCH"library.
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Table 7 shows the estimated coefficients for each MFI and its benchmark
variables (based on the criteria in Table 6). The obtained results show that
the specification in each equation successfully captures the estimated variances
with persistence in both series €2, jand h?,_,, respectively. However, in the case
of the parameters w;, some specifications of the GARCH models capture that
persistence in a smaller proportion; see columns (1)-(5) in Table 6. It can also
be observed (in the same table) that for the estimated w; in the columns (1)
and (2) it is not possible to obtain a long-term variance.

Table 7. Econometric results (MFIs and Benchmarks)

Cork (1) Coek (1) Coef (3} Cork (4) Coek )

Std Err. Sed Err Sed Err. Sed Err. Sd Err.

Gestem_m OLODBIOE Fl_ DOMOORE  BFIL_NSEw  OMI4L BEIL_BSE_w  00MIIS BR_a  000MILL
(00001 4) 0 .000051) (Ro00L21)* @ 0003y (00008 )

Giendera_a 008659 H MBI BHL_W&E o 158485 BFIL_BSE_a 01341 BRI _a [T T
(3T~ @12433)* (R.048513)% (003048 1)~ (B.027T3L2)*

Gentema_fi 059872 H MEMEIL  BFIL_NEEH 0618383 BEIL_BEE  08MTE BRI BS16ME
(02T~ 013803 (13851 5)* (0036455 (B.016712)*

11 X R T T T N Lo BDEMIG o 0.0M03T Nim  G0000S
(000002} 0 0E) (000000 5) (0. 00000 4 (0. 00001
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IR LQEE T IMC_a L N30 a ! BIREMEPL_a L JI_a LG
. 006587 g 0086201 . (X200 R 002045 B 0w
(RS fss1Ye (0LEI8TEE) (0L o000 5 (RE143TYe
I 0TI I 051682 NAO_fi 0SISE1E  RDAMFG 055156 N BSTITIL
(0015107 @.03855) (oBLST4Y (o ess1 3~ (RS 365T)
ME_a LONS M 00NN 140 (X200 BRFL @ DOMNIE  TLk_ @ GOOMMT
(8200005} 0 1900 005) (0.000003)* @ 200013} (BB00003 }*
MF_a 115317 ME_a 115 i150_a X HEF._a ATELES I'Lk_a £ TS
0115317 0115512 0038515 0175185 0TS
(R0284TH)* p.TEIN (002053 5)* (RosLas T+ (RLBS1TS )
ME BETIIZE M 0ETOMI ils0_fi (X350 BRFL_f 0.TEESEE ILk_f 083D
(0039153~ @039 35) (B0540TE)" (0. 16585 5)* (REL3T)*
00| ) O ST 0| X = | . g (| I
[X55IT] 002571 [X3EEEN 0015947 0008418
(Lomsas2)* RS (oI CRIVIES o (BBSTHT)
e LEIBATE  CC_1 0S3TIE B _1 VAT 001 [ EE C_1 BBSIETe
(0031515 @2 ey (B00TIET)* @ A2LEy (RLE2SEITY"

Parameters are significant at: 5% p-value (*) and 10 % p-value (**), respectively.
Source: own elaboration. The results were obtained with the use of the R software,
using the libraries: “rugarch” and “rmgarch”.

Figure 1. Dynamic Conditional Correlations (MFIs: Gentera, FI, and BFILy SE)
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Source: own elaboration with the use of the R software.
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Figure 2. Dynamic Conditional Correlations (MFIs: BFILgSE, BRI)
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Source: own elaboration with the use of the R software.
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It can be also observed in Figures 1 and 2 that it is not possible to appreciate
a pattern (or contagion) common in the DCCs in each system of the MFIs. In
other words, the particular specifications for each model of the GARCH family,
according to the criteria in Table 5, do not capture a common contagion in
the volatilities for each MFI. Contagion in volatilities can only be seen in some
peaks with high volatility clusters, but not within the entire analysis period.
Furthermore, we can see, in Table 8, that the arithmetic and geometric means
do not show common patterns in the behavior of the DCCs in the analyzed

stock markets.
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Table 8. Means of Dynamic Conditional Correlations (DCCs)

Arichmedc Ari dim etic Arichmedc Aridmedc A thm e tic
Meam Mean Meam Mean Mean
RO _BFIL_BSE_
D Ciemtera P w4l LRI H DOC_RFIL_NSE_NG (&2 BIRE M HG il DRCC_ BRI S i

IO _BFIL_HSE_

Wiz DCC_FLMF am DOC_BFIL_NSE_iBO g HEFL wir  DOC_BRI_ILKE aas
Wi ECC_IRC_MEF g IR _NAD IS0 g OO _BINEMEG_BRFL wid TR A7
Greom ecric Geomernc Greomecric Geomemic
Aleam Aleam Mleam Mleam

I _BFIL_BSE_

DOC_ G nicrs_ TP w43 PRI [ 1HCC_BEIL_NSE_M30 [ B M M [y 1H2C_BRI_JI [ K11
R _BFIL_BSE_

TR Gienora_MF wi PR _FI_ M [N ] ICC_BHL_NSE_IL30 g BEFL L IR _BRI_TLK 03

IR _ME a CC_IRC_MF o am IR0 _WA0 i3 e DOC_BDAMFG_HRFL 012 DCCILTLE 04T

Source: own elaboration with the use of the R software.

3.2 MFIs systems considering ACWI

In order to analyze the contagion (emphasizing in the analysis of external sources
of contagion) in the volatilities of the returns of the MFIs that are listed in the
stock market, we use a global reference index, particularly the All Country World
Index (ACWI). The latter captures the sources of capital return for 23 emerging
markets and 23 developed markets. In the same order of ideas, we can observe,
in Table 8, the results obtained with respect to h% for each equation. These
results show that the series €%_; and h?,_, acceptably capture persistence in
volatilities. However, for the case of the w; parameters in some of the estimated
GARCH family models, especially model (3) of Table 8, the results suggest that
it is not possible to obtain a long-term variance. It is important to notice that in
the estimated models, in columns (1), (2), (4) and (5) of Table 9, the long-term
variances can be partially obtained.
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Table 9. Econometric results including ACWI (MFIs and Benchmarks)

Coef. Coef. Coef. Coef. Coef.
B -2 -3 -4 -5

Std. Enr. Std. Enr. Std. Enr. Std. Enr. Std. Enr.

Gentera_w 0.000009 Flu 0.018425 EFIL_NSE_u 0 EFIL_BSE_u 0 BRLw -0.034736
-0.000016 -0.01558 -0.000001 -0.000001 0.000002)"

Gienters = 0102476 Fl= 0415963 EFIL_NSE = 0002846 EFIL_BSE = 0.005318 ERL= 0133188
(0.050604)" (0.241269)™ (0.000271)" (0.000493)" (0.000698)"

Gentera_ 0.383797 Fis 0.959156 EFIL_NSE_3 0.996154 EFIL_BSE_3 0.993631 BRL3 0.995635
[0.024269)" 0.022523)" (0.000192)" (0.000162)" (0.002131)"

IPC_w 0.000001 IPC_w 0234286 M0 0.000002 EOGMFTE 0.000838 s 0132074
-0.000004 (0.004241)" -0.000002 (0.000138)" (0.005575)"

IFC_a 0.064805 IFC_a -0.128804 MS0_a 0.047321 BOUMFE_a 0.151094 s -0.114812
-0.061065 (0.015623)" (0.018641)" 0.073693)" (0.019883)"

IFC_8 0.9211 IFC_8 0.975735 hsD_ 0.929635 EDMFG_8 ] Jis 0.384505
(0.065666)" (0.000055)" (0.022908)" -0.0152 (0.000004)"

ACWI 0.000004 ACWI -0.509387 ACWI 0.000004 ACWI 0.000003 ACWI -0.406118
(0.000001)" 0.008383)" -0.000003 -0.000009 (0.008839)"

ACWIa 0.M2967 ACWIa -0.183733 ACWIa 01319239 ACWIa 0124324 ACWIa -0.184375
-0.023802 (0.022734)" (0.028282)" (0.054511)" (0.01155)"

ACWI3 079178 ACWI3 0.949509 ACWI3 0.30368 ACWI3 0.320754 ACWI3 0.95931
(0.032163)" (0.000083)" (0.0426) (0.088538)" (0.000129)"

oo | 0.030803 oo | 0.01329 oo | ] oo | 0.019378 oo | 0018014
(0.012936)" (0.004497)" -0.000071 (o.01437) (0.008203)"

occ_i 0.884571 occ_i 0.98671 occ_i 0.91982 occ_i 0.891205 occ_i 0.924282
{0.060315)" (0.00596)" (0.246352)" (0.037126)" (0.087257)"

Parameters are significant at: 5% p-value (*) and 10 % p-value (**), respectively.
Source: own elaboration. The results were obtained with the use of the R software,
using the libraries: “rugarch” and “rmgarch”.

Finally, we can see in Figures 3 and 4, considering the global index (ACWTI)
as a point of reference, that it is not possible to observe a common pattern (in
terms of contagion) in the DCC for each MFI system. It is worth mentioning
that the previous results are similar to those obtained in the preceding section.
In this way, the DCC obtained under the specification of the GARCH models do
not capture a common contagion in the volatilities of the returns for each MFI.
Basically, contagion in volatilities can only be seen in periods of high volatility.
Complementing the previous results, it can be observed, in Table 9, that the
arithmetic and geometric means do not have common patterns among the DCC
of the studied markets.
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Figure 3. Dynamic Conditional Correlations with ACWI
(MFTIs: Gentera, FI, and BFILNSE)
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Source: own elaboration with the use of the R software.
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Source

Figure 4. Dynamic Conditional Correlations with ACWI
(MFIs: BFILSE, BRI)
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Table 10. Dynamic Conditional Correlations (DCC)
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Arithmetic Arithmetic Arithmetic Arithmetic Arithmetic
Mean Mean Mean Mean Mean
DCC—GE”‘E”—'P 0.4 OCC_FLIPC 01 DCC—?&"&—NSE— 042 DC%I?;&EESE— 029 DCC_ERLI 0.6
DCC—%E‘I“‘"’—A 028 DCC_FI_ACW! 0 DCC—?E’;—INSE— 0.21 DCC—?E’;—IBSE— 0.19 DCC_BRI_ACYI 0.19
DCC_IPC_ACWI 062 DCC_IPC_ACWI 058 DCC_MBO_ACY! os DCC—EE&T‘FG— 012 DEC_JACW! 0.25
Geometrie Geometrie Geometrie Geometrie Geometrie
Mean Mean Mean Mean Mean
DCQG;”‘E'UP 0.33 OCC_FLFC 013 DCC*?E'ENSL 042 DCCE?S’;&EBGSL 0.23 OCC_BRLI 06
Dccfgi:‘:mj 027 DCC_FLACW! o DCC*?E'{:;INSL 021 DCC*?E'{:;IBSL 019 DCC_ERLACYI 018
DCC_IPC_ACWI 062 DCC_IPC_ACWI 0.58 DCC_MG0_ACY! o4 DCC*E?&'I“FG* 013 DEC_JI_ACwW! 0.24

Source

: own elaboration with the use of the R software.
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4. Conclusions

This research has shown that there is not a pattern between long-term memory
and liquidity in the studied MFTs. According to the analysis carried out on the
DCC-M-GARCH approach, the effects of contagion (in MFIs returns) only occur
in periods of high volatility when considering local benchmark variables. Mo-
reover, when considering the global index All Countries World Index (ACWI),
the results confirm the empirical evidence.

As a recommendation arising from the empirical findings, the MFIs that ob-
tain resources via the stock market should operate with efficient methodologies
in the selection of clients, which will impact in their level of liquidity in the
stock market. It is also recommended for investors, both institutional and in-
dividual, consider MFIs in their investment portfolios in stability periods given
that contagion only occurs in periods of high volatility.
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