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Abstract

We analyze the diffusion and spillover effects of credit risk among banks within a banking
system, using the Mexican financial system as case study. Our proxy to measure credit risk
is the non-performing loans ratio (NPL). For this purpose we construct a VAR model to
identify the composition of the variance of NPL’s ratios dividing it into two parts: one that
is explained by the VAR coefficients, and the other attributed to the contemporary “error”
or “shocks” on other banks in the system. The error in the structural model represents the
“news” that disturbs the stable risk in each period. Our work builds on the spillover index
proposed by Diebold and Yilmaz (2009) that indicates the degree on which the overall risk in
the system is explained by the spillover effects. The method allows us to measure the long-
run contributions of each bank’s risk on the rest of the banking system through the diffusion
of risk between intermediaries. Moreover, we are able to gauge the relative importance of
spillover by increasing the length of prediction periods for each bank’s NPL. Our estimations
for the Mexican banking system between 2002 and 2013 suggest that the overall spillover
effect index accounts for 15 percent of the aggregate risk’s observed variation in the short
term and almost 40 percent in the long term. The spillover effect explains 32 percent of total
risk in the short term and 78 percent in the long term when we control for individual bank’s
characteristics, even though the total size of risk originated by news in the banks decreases
relative to the model without control variables.
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Resumen

En este trabajo analizamos los efectos de difusién y de derrama (spillover) del riesgo crediticio
entre bancos dentro de un sistema bancario, utilizando el sistema financiero mexicano como
caso de estudio. Nuestra seleccién de medida de riesgo crediticio es la razén de crédito en
situacién de mora como porcentaje del total de crédito en cada banco (NPL). Para este
propésito construimos un modelo VAR que identifica la composicién de la varianza en las
razones de NPL, y lo dividimos en dos partes: una explicada por los coeficientes del modelo
VAR, y otra explicada por el “error contemporineo” o las “innovaciones” de cada banco en
el sistema. El error en el modelo estructural representa las “noticias” que distorsionan el
nivel de riesgo estable cada periodo. Nuestra investigacién se basa en el indice de derrama
(spillover index) propuesto por Diebold y Yilmaz (2009) el cual indica el grado sobre el cual
el riesgo agregado de un sistema es explicado por estos efectos de derrama. Este método
nos permite cuantificar las contribuciones de largo plazo del riesgo de cada banco sobre el
resto del sistema bancario, a través de la difusién del riesgo entre intermediarios. Ademas de
lo anterior, el método nos permite identificar la importancia relativa del efecto de derrama
incrementando gradualmente el periodo de predicciones para cada razén de NPL de cada
banco. Nuestras estimaciones para el sistema bancario mexicano entre 2002 y 2013 sugieren
que para el total de la variacién en el riesgo del sistema el indice de derrama representa 15
por ciento de la variacién en el corto plazo y casi 40 por ciento de la variacién en el largo
plazo. Por otra parte, cuando se controla por las caracteristicas individuales de los bancos, el
efecto de derrama representa 32 por ciento del riesgo total en el corto plazo, y 78 por ciento
del riesgo en el largo plazo, sin embargo el tamano del riesgo total originado por las noticias
de los bancos (innovaciones) decrece.

JEL Classification: : C58, G21, G32 .
Keywords: Non-Performing Loans, Credit Risk, Spillovers, Systemic Risk.

1. Introduction

The non-performing loan (NPL) ratio is one of the key indicators in assessing
the quality, riskiness and solvency of banks. This variable indicates the degree
of deterioration of the credit portfolio for individual institutions or an entire
banking system. Specifically, it represents the percentage of loans that have not
been collected according to the previously agreed upon terms and conditions.
These loans will most likely never be fully recovered. The relevance of this
ratio is straightforward: when debtors stop paying, the bank’s liquidity and
profitability progressively decreases. A bank approaches to an unsafe limit when
it is unable to pay interest expenses, to cover operating costs or, in extreme
circumstances, to repay depositors.

Factors affecting the NPL ratio have been a topic of interest for researchers.
For instance, a large body of literature has proved that the macroeconomic
environment or banking sector factors have explanatory power at the level of
the NPL ratio.! Variables such as GDP, exchange rates, foreign currency assets,
purchase power parity, bank capitalization, financial deepening, loan-to-assets
ratio or deposits to loans significantly explain the variation of the NPL ratio. In
this study, we take a new point of view and we model the NPL ratio by analyzing

1 See, for instance, Festic, Kavkler and Repina (2011) for a summary of such studies and
their main findings.
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the degree of spillover, or contagion, over time between the NPL ratios from
several banks within a single banking system. In particular, knowing that each
institution implements its own credit policies and has its own risk appetite, we
explore the interaction between NPL ratios of the different institutions.

In this paper we use NPL ratios as a proxy measure of credit risk to
determine the size, the degree of influence and the diffusion process of other
banks’ credit risk on the rest of the banking system. For this purpose we
use forecast errors decomposition obtained from a vector autoregressive (VAR)
specification, obtaining the variance of the errors for different time horizons.
The errors represent the importance of “new” or innovations on NPL ratios,
or credit risk, besides long run trends and persistence. First, we use
the determinant of variance-covariance matrix of errors for each of the forecast
k-steps ahead as a measure of the size of the contributions to credit risk due to
the innovations in news from each bank. We define the aggregate contribution
of news to credit risk of the system in terms of log-values of the variance-
covariance matrix to compare the size of risk among different specifications and
over time. Second, using the variance of the errors decomposition, we apply the
spillover index method proposed by Diebold and Yilmaz (2009) that defined
the index as the percentage of forecast error variance from one entity that can
be attributed to other entities. They used this method to assess the degree of
interaction between returns and the volatility of different equity markets around
the world, providing an intuitive measure for this interdependence. The main
advantage of the spillover method is that it reports a measure of contagion
within the system derived from the exogenous innovations on risk. We adapt
their method to identify the long-run equilibrium of credit risk interdependence
between banking institutions and to determine how the risk of contagion takes
relevance as we increase the timeframe of prediction. That is, we explain how
this external influence on credit risk in terms of innovations evolves and spread
over time; namely, the persistence of risk transmission of the banks in the
system. We recognize that banks operating within one economy suffer from
both internal and common shocks. However, we assert that at some point in
time those common shocks overcome individual risk factors becoming the main
drivers of credit risk. In other words, this approach allows us to establish when
individual policies and own internal risk stops being relatively relevant and
when the changes of individual banks credit risk are mainly the result of the
contagion of widespread innovations.

To perform our study, we use data on total assets, total loans, interbank
loans, and NPL ratios for the whole credit portfolio and for three types of credit-
commercial, consumer and mortgages-from 18 Mexican banks between 2002 and
2013. The banks in the sample consistently represent around 90 percent of the
total assets of the system and 96 percent of total loans. According to our results,
the spillover effect between banks in the long run accounts for approximately
40 percent of a bank’s NPL ratio variance over a forecast period of 3 years.
If we control for the size of the bank, the credit growth rate and the activity
in the interbank market, the spillover effect is almost 80 percent. This finding
indicates that changes on NPL ratios in the long run are mostly attributed
to common risk factors and that only 20 percent is the result of intrinsic risk
factors in each bank. The progressive increase of the forecast window (from
1 to 36 months) shows that the diffusion process is increasing up to certain
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long-run equilibrium level. Considering a one-month forecast horizon, there
is a low degree of spillover-around 15 percent-rapidly increasing to 33 percent
in three months, and reaching the long-run equilibrium in approximately 12
months. In other words, intrinsic factors progressively become less relevant and
other institutions credit risk take place explaining each other risk. In sum, the
spillover effect explains a larger percentage of the aggregate risk as we increase
the forecast period. Our estimations also show that not only the spillover
effect increases over time but also the size of the risk common to all entities.
Furthermore, the same pattern appears when we include exogenous variables in
the VAR specification, although the size of the risk decreases. Regarding the
type of loan, the highest spillover effect is for consumer loans and the lowest for
mortgages, which could imply that loans with physical guaranties tend to be less
expose to systemic risk. All results are quantitatively robust to the reordering
of input variables, as VAR estimations are sensible to the input order of the
entities. In this sense, our purpose is not to assess the causality of risk diffusion
between banks but rather to measure the level of spillover in the whole system.

We contribute to the literature in several ways. First, we apply a method
created to determine interdependence between stock exchanges to answer a
question about credit risk spillovers within a banking system. Second, although
we do not specifically define which are the common elements modifying credit
risk in the system, we assess the relevance and the evolution of those exogenous
elements on individual banks’ risk. Third, we add to the original method by
extracting more information from the VAR specification, namely, the
determinant of the errors variance-covariance matrix to measure the size of the
risk in the system. Additionally, by using not just one forecast period, but
progressively increasing the length of the prediction horizon, we are able to
study the persistence and the diffusion process of credit risk on each entity
over time. As the forecast horizon is expanded, it becomes possible to
describe how the NPL diffusion process takes place and how the risk arising
from common shocks becomes relevant over time as measured by the spillover
index.

The rest of the article is organized as follows. The second section
briefly reviews some related studies. The third section presents the rel-
evant methodology. The fourth section describes the data and provides a short
overview of the Mexican banking system and the credit business over the stud-
ied period (2002-2013). The fifth section shows the estimations and results, and
we conclude in section six.

2. Related Studies

Literature on banking, financial distress, and contagion has used the NPL
ratio in very different ways. Up to and including the 1990s, this variable was
used for models that assessed asset quality (Meeker and Gray, 1987), banking
failures (Barr, Seiford, and Siems, 1994), financial crises and interest rates
spreads (Rojas-Suarez and Brock, 2000), or bank costs and economies of scale
(Bernstein, 1996). Most literature in banking failures has demonstrated that
large proportions of non-performing loans are a significant predictor of future
insolvency.

Non-performing loans appeared as dependent variable in few cases, and
usually, in combination with other variables, it was part of the definition of a
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dummy variable which indicated the failure of a bank or defined a situation of
financial crisis. For example, it was included in indexes measuring distress such
as in Demirguc-Kunt and Detragiache (1998). Gonzalez-Hermosillo (1999) in
particular recognized a high level of non-performing loans in a bank as a signal
of seriously flawed prior practices, for example, high levels of risk taking and
poor lending practices.

Studies using NPLs as a dependent variable appeared in the literature in
late 1990s. For example, a widely cited study is Berger and DeYoung (1997),
which related cost efficiency to troubled loans, finding that low
levels of cost efficiency Granger-cause increases in non-performing loans. Their
premise is that cost-inefficient managers are also poor loan managers. Espinoza
and Prasad (2010) use a sample of banks in the Gulf Cooperative Council and
the logit transformation of the NPL ratio as dependent variable. Their results
show that both macro factors and bank-specific characteristics influence the
level of NPLs. Particularly, they show that non-oil GDP, the VIX index proxy
for global risk aversion, interest rates, and banking factors such as the size
of capital, credit growth, and efficiency are all relevant. Festic, Kavkler and
Repina (2011) model non-performing loans for new European Union members
(Estonia, Latvia, Lithuania, Bulgaria and Romania) using cointegration
analysis, correlations, cross-country regressions and panel regressions.
According to their findings, the NPL ratio worsens with foreign direct
investment in financial intermediation, the increase in real estate market,
increases in the deposit to loan ratio, excessive credit lending and the amount of
available banking finance. On the other hand, the loan to asset ratio, increasing
economic activity, the growth of compensation of employees to the demand of
household ratio and compliance with Basel core principles all have a positive
influence on the NPL ratio. Finally, Tabak, Fazio and Cajueiro (2011) explore
the relation between loan portfolio concentration and a banks risk and return
in Brazil. Using the logarithm of a bank’s NPLs as proxy for risk, they show
that loan portfolio concentration increases returns and reduces default risk, and
that the impact of concentration on a bank’s return decreases with the bank’s
risk.

The second relevant body of literature for our study is focused on
identifying and measuring the contagion and risk across banks in a system or
across countries. It is worth noticing that the definition of contagion is very
broad and that it depends on the context and studies. For this reason, we prefer
to use the term “diffusion” to describe how an innovation in one institution
influences each element within the system.? For example, Eichengreen, Rose
and Wyplosz (1996) define contagion as the increase in the probability of a
domestic crisis when a crisis somewhere else occurs, even when fundamental
factors have been considered. Kaminsky and Reinhard (2000) use that
definition as well to analyze transmission channels globally and regionally by
using 80 currency crisis episodes from 20 countries in Europe, Asia and Latin
America. They assert that the probability of contagion is higher at regional
levels than at the global level because the ability to predict a domestic crisis,
given a crisis somewhere else, depends highly on location. Their main finding is

2 TFor detailed explanation about definitions of contagion, see Goldstein, Kaminsky and
Reinhart (2000), and Reinhart and Rogoff (2009).
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that some of the contagion attributed to trade can be related to linkages in the
financial sector, principally common bank lenders. In this line, contagion has
proven to be relevant in assessing bank fragility even with other approaches.
Gonzalez-Hermosillo, Pazarbagioglu and Billings (1997) conclude that the
contagion effects in Mexico, defined by interbank activities, might play a role
in both the likelihood and timing of failure, as they tend to rapidly increase
before crisis periods. They found that a higher percentage of NPLs in a portfolio
increases the fragility of the banks in a system after some threshold level, while
the macro exposure of the system is determined by the banks’ growth in lending.

Furfine (2003) classifies two types of methods for identifying the contagion
risk across banks. The first set of studies uses some external macro event to
measure the spreading of risk within a system. The second type uses
transactions across banks to quantify the extent of the risk transmission. With
the second method, he analyzes the interbank relative exposures in the US
banking system in February-March 1998, quantifying the potential contagion
effect from one bank to the other. Furfine showed that the total losses in the
economy due to contagion are small and approximately one percent of the assets
in the system.

In a more recent paper, Dungey, Fry, Gonzalez-Hermosillo and Martin
(2005) present a large review of empirical models of contagion in the context
of country-spread risk in the Asian economies. Their main findings are that
the models explored are largely determined by the properties of the dataset
employed and that further analysis needs to be undertaken in the form of Monte
Carlo experiments to analyze the statistical properties of each model presented.

3. Methodology

Our study aims to measure three different aspects of risk within a banking
system, namely the size of risk of the system, the importance of the relative
contribution of other banks risk over each peer member for a given period,
and the persistence of spillover transmission in time of risk among members
within a system. For this purpose, we construct a VAR model to identify the
composition of the variance of NPL’s ratios dividing it in two parts. First, the
one explained by the VAR coefficients associated to the model estimation in
terms of the NPL ratio persistence and the exogenous variables. The second
one is the portion explained by the contemporary “innovations” on each bank
representing the “news” over the stable risk level in each lag considered in the
model. In this line, our definition of “long run” or equilibrium of the systemic
risk in the banking system is the VAR model of NPL ratios of banks. This
model defines the vector of contributions of each entity to the long run risk of
others banks (effects on the stable mean). On the other hand, the VAR errors
represent the innovations or the “short run” idiosyncratic risks faced by banks
given news in each period. These innovations contribute to risk both in the
short run and in the long run, within and across banks in a system.

Given the VAR model, the size, diffusion and persistence of risk measures
are built on the spillover index idea of Diebold and Yilmaz (2009), which is
based on error in forecast variance decomposition. The variance decomposition
allows us to identify the size and diffusion of risk among economic agents, banks
in our case, in a closed system. Moreover, the spillover index permits to measure
the overall contribution of the diffusion among the members of the system and
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to analyze such variables under different regimes and scenarios.

As in Berger and DeYoung (1997), we assume that for a given period
t the long-run aggregate credit risk of the banking system is represented in
terms of the individual NPL ratios of the banks in the economy. Therefore the
time series data of NPL ratios of each bank enter the model as the variable of
interest. In particular, we consider that the long-run aggregate bank risk e,
relates to the profile of a contemporary individual bank’s risk X;, following a
vector autoregressive (VAR) equilibrium representation in terms of history of
news. Specifically, the infinite moving average representation of the vector of
news is:

Xt = (P(L)Et (1)

where L refers to the number of lags considered in the moving average
representation of the risk diffusion process. Following the traditional VAR
literature, the aggregate risk e; in the model shows the history of “shocks”,
“innovations” or “news” of the process. Therefore, the contemporary risk X,
is represented as a relative cumulative weighted sum of news across time, and
among members of the system. The ®(L) vector is obtained using the ML-VAR,
estimation. With this set of parameters, we rewrite the model in terms of the
normalized moving average as:

where A (L) = ®(L)Q; 'ux = Qe E(ugu’y) = I, and Q; ' is the unique
lower-triangular Cholesky factor of the covariance matrix of ¢;.

From equation (2) we can construct the Wiener-Kolmogorov linear least-
square forecast of the future risk for each bank using date “t” for information
future period “t + k”, where “k” refers to the number of forward periods in
the estimation of the risk using the estimated coefficients A(L). The vector
forecast of the individual risk is tXHk using information up to “t” in terms of
the following equation:

Xipw = [AL)FX, (3)

Using the forecast estimation of the individual risk profile for a future
period “k”, the corresponding “prediction error”, in terms of a within subsample
of the data, is calculated as:

e(t+k) = X(t+k) — tX(tJrk) (4)

Following our line of thought, this error represents the importance of “news”
in the corresponding forward period with respect to the long run model
equilibrium. The estimated innovation allows us to measure the absolute and
relative contribution of risk on each bank and across banks, once we calculate
the sum of all forecasting errors.

With the error in forecasting for each bank in the system, it is possible to
identify the covariance matrix of this vector of elements defined by:

Qirx = Elerire, ] (5)
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The Q41 matrix in (5) defines the interaction between NPL risk and news
in “¢+k” which by definition is positive semi-definite. Therefore, the size of the
risk in the system can be approached through the determinant of the matrix:
det[Qq4x]. If the determinant is zero, it would imply that the risk of the system
is highly collinear and entirely determined inside the system persistence and
not through the news. On the other hand, if the determinant is relatively
high would suggest that the risk is not collinear among banks and that the
system has a more disperse risk diffusion. As a result, for our purpose, the size
of the system risk is approximated by det[Qyx]: the higher the value of the
determinant, the larger the size of the risk attributed to news of each bank at
that stage of the forecasting.

Following equation (5), we use the covariance Q) to identify the
corresponding Cholesky decomposition matrices. In particular, we know that
there exists an implicit normalized matrix A (L) such that:

etk = Xok — Kok = AL)gnus; (6)

which has a covariance matrix:

Qe = E[et+ke;+k] = E[A(L)Hk*&(mwk/] (7)

As in Diebold and Yilmaz (2009), the variance decomposition allows us to divide
the forecast error variances of risk (NPL ratio) into parts attributable to shocks
in the system. That is, given the error in forecast variance decomposition, the
method permits to identify two types of diffusion elements in addition to the
total variance due to news on that period. First, the fraction of the k-periods-
ahead variance of the error in forecasting the risk of bank j that is due to
the bank’s own shocks; and second, the amount of error variance of bank j
that is due to the indirect transmission of shocks from other banks. These two
contributing factors are what we define as the diffusion process of risk among
banks.

Diebold and Yilmaz (2009) construct and define the own variance shares
and cross variance shares (or diffusion). In our case, these two elements are the
fractions of the k — step — ahead error variance in forecasting each bank’s risk
due to its own shocks and due to other banks risk, respectively. To illustrate the
above description, consider the k-periods forward Cholesky matrix of J banks
in the VAR system to be:

GJ(L)JJ e CL(L)JJ t+k

where e, = A(L)Hkut is defined by equation ( 6 ).

The corresponding error in the variance of the forecast for k-periods
forward risk for each bank j is therefore defined by the [wj ]+« element of the
covariance matrix:
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J
wj ek = > [alL)? etk (9)
m=1
As mentioned before, the decomposition of the error in variance permit us to
identify the diffusion, which then gives way to estimate J x (J — 1) possible
spillover effects. That is, it requires to calculate the effect of shocks in each of
the J banks on every other bank in the system, of which there are (J —1)-many.
For instance, we identify from this example that the error in variance for bank
J of the predicted risk [w(; j)](t+#) is indirectly affected by each of the shocks

in risk for the m # j banks through the [a(L)?,,]i1 elements of the AL ix
matrix.

We use the diffusion decomposition to measure each of the individual bank’s
contribution to the risk of the other banks in the system. These diffusion
contributions are the basis for the construction of the spillover index, and they
are drawn from the [a(L)il]Hk elements of the A(L),,, matrix to build the
Diebold-Yilmaz spillover index.

Finally, the overall spillover index over an L — th lag order and J-variables
VAR using K-periods-ahead forecasting is computed as:

é(:olzl"j =1 [@(L)erk]
§S= . 17J — % 100 (10)

k0 (AL) A L) 14x )
The index S shows the ratio of the sum of the contributions of each of the
J banks to the total variation of the error forecast for bank j relative to the total
variation of the error forecast for k periods ahead. Hence, the spillover index
identifies and measures the cross variance share of the total variance over the
k-step-ahead prediction of the risk of bank j relative to the whole variation of
the error in prediction. In our analysis, we construct this index using different
forecast periods ahead (k) to identify the relative importance of diffusion of risk
as we increase the length of prediction of any bank NPL ratio across banks, and

in all the banking system.

4. The Mexican Banking System (2002 - 2013) and the Data

The Mexican banking system has faced several structural changes since the
1980s; it went from nationalization in 1982, to privatization in 1991, to a very
severe crisis in 1995. Credit markets stayed almost closed for nearly all of the
1980s and during the second half of the 1990s. In the aftermath of the 1995
crisis, the most feasible way to recapitalize the banks was to modify banking
regulations to allow foreign direct investment and foreign control of Mexican
banks. The internationalization process of the institutions, which lead to the
market structure that is present today, started in 1997 and concluded during the
first half of the 2000s. Multinational banks like Citibank, HSBC, BBVA, Bank
of Nova Scotia, and Santander acquired control of all major institutions between
1997 and 2002;3 by 2005, the midpoint of the decade, 83 percent of bank assets

3 The main exception was Banorte that remains under Mexican investors’ control. It is
currently the third largest bank in the country after the recent acquisition of Banco Ixe.
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and 82 percent of deposits were controlled by foreign institutions. With new
international players, the writing-off process of past-due loans, derived from the
crisis of the 1990s, was concluded. Banks’ new owners wanted healthy balance
sheets to fully restore the credit granting business.

Our period of study covers from the 2000 decade until 2013. There are two
clearly defined stages within that period of time. The first between 2000 and
2005 in which the credit market concluded its contraction process as the newly
issued credit did not offset the loans that were being written off. The second
period is from 2006 to 2013 where the credit growth rates became positive
and high, slowing down only during the economic turmoil in 2008-2009. We
present the evolution of credit balances during the whole period in Figure 1,
where we observe that the value of the consumer portfolio increased by more
than 6 times (annual growth rate close to 16 percent in real terms). Mortgage
loans and commercial loans portfolios had an average of 7.8 and 11 percent real
annual growth rates, increasing their value 3.8 and 2.5 times respectively.

Figure 1. Evolution of Monthly Total Balance by Type of Credit
(Dec 2002 - Dec 2013).
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As the structure of the banking system did not suffer any other structural break
after 2002 our period of study is between December 2002 and September 2013.
As mentioned before the variable of interest to assess the dynamics of credit
risk is the NPL ratio.* The data consist of a balanced panel with end-of-the-
month balances of total loans and credit portfolios for the 18 largest banks in

4 We also estimated all models using the ratio of loan loss provisions (LLP) to total loans
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Mexico, and 132 monthly observations.®> All data were obtained from the web
page of the National Banking and Securities Commission (Comisién Nacional
Bancaria y de Valores, CNBV) that releases monthly balance sheets and income
statement for all supervised banks in Mexico. Using the data on total loans and
non-performing loans, we calculate the NPL ratio for each month and each bank
in the sample for the total credit portfolio as well as for the commercial loans,
mortgage loans and consumer loans portfolios. The selection of banks is based
on data availability, as we include only those institutions that operated during
the whole period. In any case, these 18 banks represented the 92 percent of
the total credit market in Mexico in December 2002, and as of December 2013,
they represent the 95 percent of the market. Figure 2 presents the evolution of
the NPL ratio for the Mexican Banking System over the studied period. After
December 2002 there is a sharp decline in the ratio, which is mainly induced by
an aggressive writing-off process of past due loans originated during the crisis
as previously mentioned. It can also be seen that the NPL ratio for all types of
loans started to increase again during 2008 and 2009 as a consequence of the
financial crisis in the United States, which induced a recession period in the
Mexican economy as well. The most affected portfolio was consumer loans.

Figure 2. Monthly NPL Ratio Dynamics by Type of Credit and for Total Loans
(Dec 2002-Dec 2013).
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instead of the NPL ratios since LLP can be considered a more forward looking measure of
credit risk. All results remained qualitatively the same compared to those presented in this
document. Results with LLP are available from the authors upon request.

5 Afirme, American Express Bank, Banco Azteca, Banco del Bajio, Banamex, Banregio,
Bansi, BBVA Bancomer, Banorte, HSBC, Inbursa, Interacciones, Invex ,Ixe, Mifel, Monex,
Santander and Scotiabank.
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Source: National Banking and Securities Commission.

To control for risk factors and for a potential channel of contagion, we use
monthly total loans growth rate, the log of total assets as a proxy for bank
size, and the percentage of interbank loans to total loans. It can be expected
that smaller banks will take higher risks than large banks; high credit growth
rates may indicate increasing risk taking or lower credit standards, and banks
more exposed to the interbank market could be more vulnerable to contagion
from other institutions. First, we estimate the VAR models including these
exogenous variables one by one to test them individually, and then we create one
specification including all three controls. Table 1 presents summary statistics
for all variables used in VAR specifications.

Table 1. Sample Statistics (Dec 2002 - Dec 2013)

NPL ratio Total Loans (%) NPL ratio Commercial Loans (%)
Mean St. Skew.  Kurt. Bera- Mean! St. Dev.| Skew.  Kurt. Bera-
Dev. Jarque Jarque
Afirme 2.68 1.61 0.30 -1.320 114 #* 2.08 1.15 0.58 -0.45 8.3 #*
American Express 4.82 2.50 1.07 -0.30 252 ** NA NA NA NA NA
Azteca 5.73 3.26 043 -0.50 5.4 1.26 1.70 4.90 3547 6656.7 **
Bajio 2.20 0.88 -0.19 -1.26 9.4 ** 1.55 0.57 0.06 -1.34 9.8 **
Banamex 2.72 2.13 0.84 -0.79.  18.7 ** 2.02 2.95 1.26 -0.12 34.6 **
Banregio 1.82 0.53 -0.03 -1.01 5.6 1.35 0.62 0.69 0.29 10.8)%*
Bansi 2.59 1.27 2.54 13.69 11552 ** 1.35 0.53 0.69 -0.45 11.4 **
BBVA 292 0.94 0.42 -0.18 4.0 2.56 1.33 2.36 11.81 875.5 %
Banorte 1.92 0.42 0.74 -0.36  12.5** 1.28 0.87 0.30 -1.31 11.3 **
HSBC 4.04 1.96 1.94 4.57 194.9 ** 2.54 1.77 2.20 4.60 219.7 **
Inbursa 1.99 1.11 0.28 -0.88 5.9 1.84 1.11 0.37 -1.03 8.7 **
Interacciones 1.19 1.45 2.38 4.85 2503 ** 1.13 1.42 2.40 5.03 261.9 **
Invex 249 1.38 0.90 -0.11  17.5 ** 1.36 0.54 0.61 0.40 9.0 **
Ixe 0.94 0.60 0.65 -0.62)  10.9 ** 0.79 0.64 0.72 -0.76 13.7 **
Mifel 2.63 0.98 0.58 -0.29 7.7 ** 242 0.96 0.68 -0.52 11.6/*+*
Monex 2.31 3.51 4.05 16.57 1843.1 ** 241 3.51 3.99 16.22 1770.0 **
Santander 0.98 0.44 1.34 1.97 60.2 ** 0.53 0.32 1.94 4.22 177.8 **
Scotia 3.16 0.96 1.03 0.49 243 ** 1.28 0.59 0.76 -0.05 12.5)%#
Table 1. Sample Statistics (Dec 2002 - Dec 2013)
(continued).
NPL ratio Consumer Loans (%) NPL ratio Mortgages Loans (%)
Mean St. Skew. | Kurt. Bera- Mean St. | Skew Kurt. Bera-
Dev. Jarque Dev. . Jarque
Afirme 6.35. 2.05 021 -0.84 4.8 4.93 4.32) 0.60 -1.08 14.3 %%
American Express |  4.84. 2.50 1.08) -0.29 25.6 ** NA NA NA NA NA
Arzteca 6.93. 3.75 0.15; -0.73 3.3 8.75 6.68 -0.05 -1.52 11.9i%*
Bajio 3.81: 142 -0.42 0.81 7.3 wE 7.50 3.83 -0.57 0.02 7.0 %%
Banamex 4.07: 1.26 1.50 2.40 80.0 #* 3.33 1.93: 0.64 -0.73 11.8 %%
Banregio 428 1.78 0.90 0.26 18.0 ** 2.34 215 028 -1.67 16.9 %*
Bansi 4.77. 1.79 -0.39; -0.51 4.7 NA NA NA NA NA
BBVA 7.11; 5.13 1.39 2.20 80.8 ** 5.37 3.15) 1.74  2.55. 100.6 **
Banorte 4.80: 1.55 1.26 1.60 48.3 ** 2.99 2.45: 2.03 5.03] 226.4 %%
HSBC 6.23] 3.98 1.39 0.98 47.1 ** 7.93 3.89 148 216 72.7 %%
Inbursa 3.68. 2.67 035, -0.79 6.0 7.79 3.14:-0.61 -0.12 8.2 %%
Interacciones 7.96; 642 0.52: -0.31 6.4 #* 5.48 2.06: 1.17 1.14 36.6 %%
Invex NA NA NA NA NA | NA NA NA NA NA
Ixe 290 127 0.63 0.48 9.6 ** 2.73 229! 242 5.58. 284.3%*
Mifel 10.41; 8.32 047 -0.76 5.1 4.18 425 0.74 -0.86 13.2:%*
Monex NA NA NA NA NA NA NAI NA NA NA
Santander NA NA NA NA NA 2.39 1.29: 1.98 3.58] 1541 %%
Scotia 3.67. 2.03 030 -0.66 4.3 6.30 4.69 240 4.81] 249.9 %%
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Table 1. Sample Statistics (Dec 2002 - Dec 2013)

(continued).
Total Assets (Size), billions of MXN Total loans growth (%)
Mean St. Skew. = Kurt. Bera- Mean St.Dev. Skew. Kurt. Bera-
Dev. Jarque Jarque
Afirme 43 31 0.87 -0.74| 19.45** -1.17 45.01 -1.07  12.37 846.8 **
American Express 11 5 -0.49 -1.27 13.84 ** -1.17 9.23 -0.79 1.04 19.3/#*
Azteca 53 25 -0.41 -0.68  6.22%* -3.13 32.55 -3.90  25.60 3847.8/**
Bajio 61 28 0.03 -098 521 -2.05 12.49 0.03 7.87 333.2(**
Banamex 851 226 -0.11 -1.58 13.74 ** -0.68 11.06 0.25 1395 1047.2%*
Banregio 37 20 0.96 0.10 19.94*+* -1.80 9.02 -0.03 1.17 7.4
Bansi 13 3 -0.32 -032 272 -1.65 35.62 -1.13 2.52 61.9 **
BBVA 947 259 -0.23 -1.54 13.99: %% -0.79 247 0.24 1.22 9.3 *%
Banorte 460 139 0.13 -0.75  3.44 -0.76 14.89 8.15 83.20 38639.1 **
HSBC 368 97 -0.23 -1.32) 10.54 ** -0.38 5.37 0.83 2.91 60.3 **
Inbursa 168 54 0.07 -1.67 15.22i{%% -1.14 14.54 0.44 2.60 40.6: %%
Interacciones 48 32 0.26 -1.31 10.84 ** -2.38 41.05 -0.52 1.99 27.2;#*
Invex 22 12 0.26 -0.56  3.15 -0.73 39.90 -1.790 1623 1485.2;**
Ixe 48 31 0.27 -1.200  9.31 %% -1.72 24.58 -0.02 1.12 6.5 %%
Mifel 24 10 -0.01 -1.41 10.70 ** -1.27 25.61 -0.95 2.33 48.5 %*
Monex 15 16 1.08 0.01 25.31%* -0.52.  314.52 4.41 3825 8283.7 **
Santander 575 208 -0.95 -0.17, 19.82** -1.30 41.62 -8.78  91.37 46527.5:**
Scotia 166 29 -0.02 -0.24 033 -0.75 3.73 -0.29 549 163.8 **

Table 1. Sample Statistics (Dec 2002 - Dec 2013)
(continued).

Interbank loans to total loans (%)

Mean St. Skew. Kurt. Bera-
Dev. Jarque

Afirme 3.55 4.04 4.15 2432 3577.0 **
American Express NA NA NA NA NA

Azteca 0.03 0.20 6.51 4136 10183.2 **
Bajio 6.14 3.65 0.92 0.18 18.4 **
Banamex 1244 7.18 0.80 -0.27 14.3 #%
Banregio 4.76  4.21 0.66 -0.94 14.2 ##*
Bansi 0.04 0.13 3.75 13.60 1306.5 **
BBVA 1.84 1.04 0.47 0.18 49

Banorte 441 228 0.74  -0.76 15.0 **
HSBC 425 191 0.73. -042 12.4 *%
Inbursa 6.48 3.82 0.48 -0.55 6.6 *
Interacciones 7.00 830 1.19  -0.06 30.5 **
Invex 1134 574 -0.13 -1.15 7.5 ¥
Ixe 18.13. 7.76 -0.04  -0.11 0.1

Mifel 8.40 598 1.44 0.94 49.4 ¥%
Monex 2430 24.24 1.55 122 60.2 **
Santander 8.86. B8.97 021 -191 20.6 **
Scotia 457 243 1.20 0.06 31.0 **

Source: National Banking and Securities Commission (CNBV, Mexico)

Note: Numbers are summary statistics for monthly NPL ratio for each bank by type of credit,
total assets (billions of MXN pesos), loan growth rates in percentage and the percentage of
interbank loans to total loans, from December 2002 to December 2013. NPL ratio divides
the NPL balance reltive to total loans. JB is the Jarque-Bera test for the null hypothesis of
normal distribution. * and ** indicate significance at the 5% and 1% levels, respectively.
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5. Estimation and Results

In our first approach we use five VAR specifications to estimate the
determinant of the variance-covariance matrix of errors and the spillover index,
for the total loan portfolio and for several forecast horizons. We use two lags
for the VAR process based on the Akaike Information criterion (AIC)
and to address the non-stationarity we introduce all data in first differences or
percentage ratios. Compared to Diebold & Yilmaz (2009), who use a 10-day
forecast period spillover for rolling-over windows to assess how the index changes
over time, we fix the sample starting point (December 2002) and progressively
change the forecast period from one to 36 months. This method allows us
to determine how long does it takes for the credit risk to spread throughout
the whole system, and how the size of risk coming from other banks, and the
relevance of the spillover effect, evolve over time.

a. The Size of Risk of Innovations

To estimate the size of risk in the system due to innovations, we calculate the
determinant of the error in the variance-covariance matrix for each of the k-
steps ahead and for each one of the 5 specifications. We define the aggregate
contribution of news to total risk in the system in terms of the determinant of
the variance-covariance matrix to allow for comparisons over forecast periods
and between models. Figure 3 presents graphically our measures of size of risk
for each model and for 1 to 36 forecast periods. The first model does not include
any exogenous variables; model 2 uses loan growth ratio, model 3 controls for
size measured as the log of total assets, model 4 considers the percentage of
interbank loans to total loans, and the fifth model includes all three exogenous
variables. We notice in figure 3 that the size of risk due to forecast errors in
1 to 3 forecasted periods is slightly below the size of the risk afterwards. In
all cases the size of risk stabilizes from the fourth forecasted period, indicating
that there may be a long-run level of risk in the system. Also, in the long term
the size of risk from innovations is higher.

6 In our first estimations we used forecast periods up to 60 months, however, as we will
comment below, the value of the index stabilizes around 12 months and after that changes in
the value of the spillover are negligible. Presenting results for 36 months correctly illustrates
the process and the long run equilibrium.
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Figure 3. Size of Risk in the System due to Innovations by 5 Different Specifications,
using Monthly Changes in Banks’ NPL Ratio as Proxy for Credit Risk.
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Size is measured with the determinant of the variance-covariance matrix of forecast
errors. Model 1 does not include exogenous variables; model 2 uses loan growth ratio, model
3 controls for size measured as the log of total assets, model 4 considers the percentage of
interbank loans to total loans, and the fifth model includes all three exogenous variables.
The variance decomposition uses a monthly VAR of order 2. Lag-order is defined using AIC.
Forecast periods are from 1 to 36 months.

As expected, the magnitude of the risk arising from innovations in each
bank depends on the number of control variables that we include in the VAR
estimation. The more we control for individual sources of risk, the lower is
the importance of individual innovations on the risk in the system. Models
that control more for individual factors result in lower magnitude of variance of
forecast errors. That is, the value of the determinant of the variance-covariance
matrix is lower as we increase the number of control variables. We interpret the
results as evidence that bank size, credit portfolio expansion and the exposure
to interbank loans explain the degree of credit risk in banks. For this reason the
observed level of risk due to individual shocks is lower applying those controls.
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b. The Spillover Index

Given that the size of risk in the system is not equal in all models the next
step is to determine through the spillover index how much of the risk in the
system -as proportion of total risk- can be attributed to contagion from
innovations in each bank. Table 2 presents the results of the spillover index,
the decomposition of the index among banks and their contribution to the NPL
ratio (credit risk) of other institutions, using a forecast window of 36 months.
We present results following the format of Diebold & Yilmaz (2009). In each
cell in the table (bank i, bank j), we find the estimated contribution to the
forecast error variance of bank i coming from shocks in bank j. The sum of
the column elements, excluding the “diagonal” entry (own contribution to the
forecast error variance), plus the sum of row elements, also excluding the bank’s
own contribution, provides the numerator of the spillover index. The sum of all
of the elements, including the bank’s own contributions, is the spillover index
denominator. Finally, the bottom right of each table contains the estimated
spillover index for the corresponding model.

Panel A from Table 2 shows that the spillover index is 38.6 percent when
we do not include any control variable; controlling for size, loan growth and the
percentage of interbank loans, the spillover index becomes 78.6 percent (Panel
E). Interestingly, the spillover effect accounts for a higher proportion of total risk
in the system when we include control variables in the VAR specification, despite
that the size of the influence of individual innovations on total risk diminishes
as previously noted. These results show that, once we control for intrinsic
sources of risk the spillover effect, or common sources of risk, account for a
greater proportion of total risk, and individual sources become less important.
This fact is also observed in the last column in each panel that presents the
percentage of error variance that is explained by other banks (for example, all
numbers in last column of Panel E are larger than the corresponding numbers
in Panel A).

Although all panels provide a decomposition of the spillover index
presenting the percentage of variance error explained by the corresponding
institution, we cannot derive conclusions about the causal relations of the shocks
among institutions. Recall that VAR estimations are sensible to data input
ordering and therefore the first institution entering the model will be the one
with lower level of contagion from other banks. However we can derive
conclusions about the patterns between the five panels that remain unaffected
even when we change the data input order.” For example, the percentage of
error variance of Afirme explained by other banks is 16.2 percent in Panel A,
and 61.3 percent in Panel E, implying that the increase in the percentages
of contagion from other banks holds for all banks when we include control
variables. Once again, controlling for internal sources of risk raises the relevance
of external risks in explaining total risk.

7 For the sake of robustness, we estimated the system using several randomly selected
data series order. In every case, the forecasted error variance coming from the institution
itself for the first bank in the sample results in the higher percentage in the table. In all cases
the magnitude of the overall spillover index remained almost unchanged.
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Table 2. NPL Ratios Spillover Index, Total Loans with Control Variables
(36 Forecast Periods)

Panel A Model 1. no exogenous variables

Afime | Amex | Azteca Bajio  Bnamex  Bregio | Bansi BBVA Banorte HSBC | Inbursa Interacc Invex =~ Ixe | Mifel | Monex Stander! Scotia gfﬁi
Afime 8376 129 143 170, 060 035 085 066 021 061 _0S1 099 256 243 064 045 015, 040 162
American Express 680} 6893 277 019 102 578 063 280 195 175 105 316 048 011 040 027 073 118 311
Azteca 524 157 | 78.66 0.10 092 027 112 072 0.50 031 129 117 0.19 0.62 0.85 419 073 156 213
Bajio 141 174 564 7585 199 170 108 076 024 068 331 148 08 083 070 051 092 020 242
Bnamex 13230 319 123 249 652 210 030 114 028 107 427 246 218 064 034 047 1587 051 375
Bregio 911/ 123 065 153 044 7364 030 085 078 152 L1l 096 119 051 315 114 052 137 264

467: 127 197 118 115 379 5546 873 145 1.06 027 8.95 159 121 215 088 080 343 445
426 414 252 160 0.96 195 257 5686 494 486 203 0.77 146 391 177 126 224 190 431
397: 1.9 129 320 0.61 4.74 3.03 420 5761 114 232 054 073 373 2352 190 351 1.07 24
063: 458 163 288 220 327 176 1217 285 6280 040 173 019 053 090 052 061 035 372
189: 086 631 456 102 194 248 119 258 234 6156 247 260 024 305 128 308 056 384
9.69: 0.90 1.66 7.29 2.24 6.021 22.10 428 152 152 141 36.85 091 125 0.50 042 058 0.86 632
153 062 1225 224 253 118 301 150 093 152 310 240 6143 028 063 069 392 024 386
2440 204 306 416 155 217 0.85 628 240 1191 363 209 118 5078 154 118 177 097 492
378 3.87 3450 456 151 3.28 1.80 1.59 3.69 1.93 270 156 144 021 6153 121 110 0.76 385
250: 004 648 1220 0.66 0.60 028 0.70 073 092 103 344 148 147 132 6536 023 056 346

Stander 017: 149 1350 078 337 176 811 242 1.80 0.65 323 480 252 054 1.00 161 51.77 047 482
Scotia 536 17.37 127 449 3.46 2.11 178 237 1.20 4.50 1.99 1187, 427 0.74 224 123 367 39.87 60.1
Contrib. to others 767 381 671 552 262 430 520 526 281 383 340 508 258 214 237 192 26.1 164 6948

Contrib. including own | 1604 | 107.0 1458 131.0 888 1166 107.5 1094 857 1011 956 877 872 721 852 846 719. 563  38.6%

Panel B. Model 2, loan growth as exogenous variabl

Afime Amex | Aziea Bajio Buamex Bregio Bansi BBVA Banorte HSBC Inbwsa Intwace Invex Ixe  Mifel  Monex Stamder Scotin | | Joor
Afime 7104] 140 081 054 109 055 050 073 092 293 267 113 230 1103 061 075 075 025 290
American Express 380 7139 2.50 0.90 2.87 4.16 188 036 168 164 155 247 0.76 0.65 0.62 073 046 158 286

509 525 6469 108 0.99 075 1.09 054 296 0.68 343 047 057 098 305 354 189 296 353
201 423 439 7078 037 127 075 107 216 109 092 198 072 238 315 111 101 059 292
887 725 439 100 5620 207 062 238 050 251 325 124 180 294 047 072 238 139 438
472 054 181 139 164 77386 050 062 124 110 071 0.16 131 129 191 111 162 048 221
609 172 122 158 094 414 5497 891 151 151 093 694 235 123 234 0.86 013 273 450
394 543 220 124 042 147 254 5472 366 667 399 137, 103 216 513 126 194 084 453
256 114 134 566 036 687 328 453: 5659 282 232 031 097 344 189 128 351 112 434
131 584 249 260 0.59 374 140 863 502 5669 084 166 024 045 3.09 067 366 108 433
077 198 612 1596 067 239 117 285 186 398 5169 155 28 226 109 051 170 065 483
737 243 3150 289 146 939 2077 649 225 138 489 29.12 126 271 145 140 0.60 093 709
158 097 1253 17 277 200 518 093 110 434 448 201 4774 193 082 252 647 091 523
290 457 217 235 052 234 109 566 603 1202 262 166 082 4788 310 090 184 152 521
600 363 280 358 258 113 213 157 320 223 293 0.88 157 073 61.00 227 0.79 097 39.0
070 014 539 859 191 094 0.10 115 145 036 110 385 5.01 128 230 6461 063 048 354

141 210 920 114 239 174 1200 167 111, 177 402 695 405 250 239 197 4264 095 574
166 683 195, 420 3.52 330 298 234 114 832 491 1189 225 405 282 187 053 3541 646
Contrib. to others 608 555 645 56.4 251 482 580 504 378 554 456 465 298 421 362 235 299 194 7850

Contrib. including own | 131.8 | 1268 1292 1272 813 1261 1129 1052 944 1120 973 757 775, 899 972 881 726 548  43.6%

Panel C. Model 3, size (log total assets) as exogenous variable

Afirme | Amex | Azteca| Bajio | Bnamex | Bregio | Bansi BBVA Banorte HSBC  Inbursa Interacc Invex = Ixe | Mifel Monex Stander Scotia gfﬁ:s
Afime 74227 107, 082 140 126 115 111 284 052 034 236 260 361 372 109 098 016 076 258
American Express 955 5261 209 162 5.77 871 166 495 105 164 0.83 287 107 023 130 043 133 228 474
Azteca 341 1000 7896 054 124 082 064 078 044 048 106 142 082 060 150 213 156 260 210
Bajio 143 411 1091 5720 0.64 299 053 198 0.92 3.16 395 1.82 145 0.71 284 249 124 163 428
Bnamex 1675 503 136 387 4768 186, 069 313 059 08 548 541 263 132 056 063 08 133 523
Bregio 1025 069 129 219 078 6441, 109 265 019 257 158 142 207 092 343 142 136 170 356

359 372 1720 160 138 542 5403 1022 093 042 104 6.69 217 110 182 045 093 27 460
444 982 9551 215 251 336 254 460 4.66 152 397 0.77 236 251 111 111 164 136 354
472 236 952 354 357 986 172 613 3829 107 174 094 0.80 637 313 279 121 223 617
080 184 601 200 120 345 299 939 719 5116 118 201 059 319 118 084 190 3.07 488

179 1120 1079 834 148 2030 229 257 092 438 4711 259 128 132 360 287 433 118 529
981 125 254 539 154 851: 3176 470 195 177 151 2459 161 158 023 029 047 048 754
204 1130 729 148 170 295! 513 126 081 352 686 416 5324 115, 1.14] 130 254 229 46.8

424 221 360 212 324 418 197 445 160 864 737 183 133 4752 314 083 039 133 525
242 328 400 4.64 296 4.05 295 0.45 183 2353 6.71 257 2.06 0.89 | 53.02 0.62 294 2.10 47.0

Monex 267 069: 1173: 972 029 193 042 154 239 225 180 235 0.66 159 170 5565 028 234 444
Stander 169 264 549 107 155 372: 1249 572 278 320 382 434 077 1.01 146 215 4504 107 350
Scotia 834 473 412 735 374 419 583 255 103 259 170 10.69 273 182 341 196 257 3064 694
Contrib. to others 879 467 928 590 349 692 758 653 298 409 530 545 280 300 326 233 257 305 880.0

Contrib. including own | 1622 993 1718 1162 825 1336 1298 1099 681 921 1001 791 812 716 8.7 789 707 612 | 48.9%
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Table 2. NPL Ratios Spillover Index, Total Loans with Control Variables
(36 Forecast Periods) continued

Panel D. Model 4, interbank loans as exogenous variable

Afime | Amex | Azteca’ Bajio  Bnamex  Bregio Bamsi BBVA Banorte | HSBC | Inbursa: Interacc| Invex = Ixe  Mifel  Monex Stander Scotia g:;;‘s
Afime 7083 149 129 262 124 041 100 254 146 359 094, 214 431 190 014 244 102 065 292
American Express 369 5425 411 248 3.02 1.05 382 8.10 156 419 0.94 043 150 203 148 165 390 1.80 457
Azteca 460 377 6307 281 181 066 253 414 179 265 207, 108 144 163 107 318 057 072 369
Bajio 097 335 738 6285 221 026 199 125 1.60 1.06 299 201 097 3.60 0.50 2.70 291 140 372
Bnamex 1090 2024 048 120 4067 064 779 170 104 146 464 137 144 185 018 169 083 188 593
Bregio 1378 125 445 550 063 4907 273 236 225 474 148 107) 117 252 116 445 079 061 50.9
Bansi 1262) 173 308 243 128 185 5438 135 140 572 244 076 137 313 221 110 134 178 456
BBVA 6301 1492 477 353 193 318 406 4655 324 161 255, 054 074 137 062 149 204 057 534
Banorte 9021 791 104 135 262 259 495 600 5241 033 114 134 05 144 203 276 169 087 476
HSBC 2000 1205 115 637 401 377 126 328 058 5835 048 056! 027 167 017 09 125 182 417
Inbursa 4307 323 168 794 180 639 379 466 177 272 43591 068 323 049 242 429 188 486 564
Interace 4700 101 479 353 454 1690 535 156 546 738 076 3574 131 042 189 310 108 049 643
Invex 2.82 245 1101, 453 336 051 126 299 3.13 340 291 127 5118 0.94 116 0.96 490 121 488
Ixe 198 174 408 512 461 505, 298 071 310 212 461, 280 226 5265 168 082 220 149 474
Mifel 2010 086 610 258 067 3.4 152 261 501 202 225, 105 189 038 3613 622 179 379 43.9
Monex 367, 312 176 237 373 078 422 401 260 096 207 244; 257 252 269 5853 018 177 415
Stander 2741 572 974 133 489 509 183 360 191 337 099, 221 082 303 214 490 4362 207 564
Scotia 391; 223 185 257 520 383 161 173 111 273 606, 118 097 120 333 244 335 5432 45.7
Contrib. o others 901, §7.1 688 583 476 563 530 526 390 500 393 229 267 301 249 451 321 278, | 8518
Contrib. including own | 1609 1413 1318 1212 883 1054 1074 992 914 1084 829 587 779 828 81.0 1037 5.7 821 47.3%
Panel E. Model 5, loan growth, size (log total assets) and interbank loans as exogenous variables

Afime | Amex | Azteca| Bajio  Bnamex | Bregio  Bamsi BBVA Banorte HSBC | Inbursa | Interacc | Invex  Ixe  Mifel  Monex Stander Scotia g:;;‘s
Afime 3867, 356 457 1329 095 260 225 712 383 232 061, 088 371 723 335 333 123 051 613
American Express 90212098 543 876 330 1005 274 572 396 338 099 127 18 327 413 367 043 185 70.0
Azteca 1216| 610 2261 1591 156 226 217 862 684 101 058 064 191 454 450 633 055 169 774
Bajio 4.05 8.16 7.05 4165 171 201 277 3.63 4.68 571 037 186 121 511 34 491 031 133 584
Bnamex 9501 931 965 1519 1136 301 281 1031 438 098 044 087 28 55 563 610 109 096 886
Bregio 4061 549 719 626 162 4573 224 662 240 313 137. 2290 126 601 119 104 059 151 543
Bansi 899 855 596 883 297 419 1733 749 431 565 065 427 423 737 321 372 057 164 827
BBVA 9.75: 951 1206 1762 085 428 28 1368 685 159 025 050, 238 585 535 568 060 034 86.3
Banorte 1081 306 851 1516 528 480 277 773 1867 139 036, 134 1907 58 577 493 032 130 813
HSBC 5841 533 403 850 291 170 630 399 999 2929 020 180 154 699 219 428 329 182 70.7
Inbursa 14601 526 669 2324 223 321 129 810 722 224 302 068 237 418 466 681 341 080 97.0
Interace 1124] 816 885 1317, 084 609 652 1042 473 328 047 528 277 716 402 416 162 082 94.7
Invex 7.60 820 446 1035 496 5.70 637 6.09 5.68 383 146 126: 12.80 6.56 330 6.81 271 187 872
Ixe 1006| 951 532 1310 364 380 28 687 384 547 033 108 487 1836 337 413 173 165 816
Mifel 14.18] 484 377 1598 301 293 28 271 324 581 096 073 295 9.60 1295 617 595 14l 87.0
Monex 333, 621 1167 1193 183 095 196 303 387 494 089 042, 109 247 381 3832 185 141 617
Stander 899 440 458 1405 482 496 739 458 275 274 056, 366, 174 460 393 1242 1255 128 87.5
Scotia 781) 717 821 1539 204 474 260 798 471 402 135 283 261 846 328 390 068 1220 87.8
Fontiib. to others 1520 1128 1180 2267 447 673 591 1110 833 516 118 264 413 1008 652 884 269 222 14155
Contrib. including own | 190.7 : 1428 1406 2684 56.1 113.0 765 1247 102.0 86.9 149 317 541 1191 782 1267 395 344 78.6%

Note: Each panel presents the composition of the Spillover Index for a forecast period
of 36 months ahead. The variance decomposition uses a monthly VAR specification of order
2 defined using AIC. The Cholesky factorization is conditional to the length considered in
the panel. Each cell (i, ]) shows the contribution to the variance of the k — months ahead
NPL ratio forecast error value of bank % coming from innovations of the NPL ratio of bank j.
The bottom right corner of each panel contains the overall spillover index for each forecasted
horizon.

c. Spillover Index and Forecast Horizons

We now analyze how the spillover changes if we use different forecast periods.
Figure 4 plots the values of the spillover index for the 5 model specifications
and for 1 to 36 forecast horizons. This figure also allows us to see how the
level of the spillover increases as we include exogenous variables. The lower line
corresponds to the values of the spillover index for the specification without any
control variable and for all time horizons, while the line in the top of the figure
represents the model with all control variables.

Figure 4 shows that the spillover index increases as we expand the number
of forecasted periods. We can also observe that the value of the spillover index
follows an asymptotic shape; it increases very quickly from the 1 to 6 month
horizons and then gradually attains its long-term value. We interpret this result
as evidence that in the long run the level of contagion or spillover in the system
plays a more relevant role compared to the short-term. Considering for example



Revista Mexicana de Economia y Finanzas, Vol. 10, No. 2, (2015), pp.159-181 177

the model with all exogenous variables (top line in Figure 4), the spillover effect
accounts for only 30 percent of the risk in the system using 1 forecast period,
but it explains more than 70 percent of the credit risk using 12 or more forecast
periods. Our findings support the idea that in the long run a greater proportion
of the variation of the NPL ratio for each institution will depend on the risk
variation in the whole system. This finding is in line with common wisdom that
in the long run, the most relevant risk is the systemic risk.

Figure 4. Evolution of Spillover Index using Monthly Changes in Banks’” NPL
Ratio as Proxy for Credit Risk.
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Model 1 does not include exogenous variables; model 2 uses loan growth ratio, model
3 controls for size measured as the log of total assets, model 4 considers the percentage of
interbank loans to total loans, and the fifth model includes all three exogenous variables.
The variance decomposition uses a monthly VAR of order 2. Lag-order is defined using AIC.
Forecast periods are from 1 to 36 months.

d. Spillover Index by Type of Credit

We now turn to analyze differences between the spillover processes for the three
types of credit. Table 3 presents the spillover index for each type of credit with
a forecast of 36 months ahead. These results are the analogous to the ones
presented in Table 2, Panel A and there are no exogenous variables in the
models. Compared to total loans, mortgages is the only type of credit that
present a lower level of spillover index, while consumer loans has the highest
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value. In order to compare the diffusion process of risk between credit portfolios
over several forecasted horizons, figure 5 graphically presents the values of the
spillover indexes for forecasting periods from 1 to 36 month by each type of
credit. Consistent with the results above, we observe that in all cases the
spillover index increases monotonically and is positively related with the number
of periods forecasted ahead. Also the indexes increase rapidly from 1 to 6
forecast periods and then all of them stabilize. Once again the contribution of
individual risk is important over the short run but becomes less relevant in the
long run relative to the overall spillover effect.

Figure 5. Evolution of the Spillover Index by Type of Credit using Monthly
Changes in Banks’ NPL Ratio as Proxy for Credit Risk.

spillover Index (%)
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Forecast month
Total Loans = = = Mortgages ——— Consumer Loans Commercial Loans

The variance decomposition uses a monthly VAR of order 2. Lag-order is defined using
AIC. Forecast periods are from 1 to 36 months.

Regarding the differences between types of loans, mortgages present the
lowest long-run spillover index among all other portfolios, around 35 percent in
36 forecast periods, compared to consumer loans that present a spillover of 50
percent in the same forecast horizon. Apparently riskier types of credit, such
as consumer loans, are more exposed to exogenous sources of risk. Comparing
the spillover effects of consumer loans to mortgage and commercial loans, it
is possible that differences between intrinsic features like covenants
and guaranties, not required for consumer loans, allow institutions to be more
immune to contagion from other banks.
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Table 3. NPL Ratios Spillover Index, by Type of Credit (36 Forecast Periods)
as Proxy for Credit Risk.

Panel A Commercial loans

From
Others
7340 183 146 105 176 093 312 258 418 087 3200 222 004 063 1.00 024 150 266

278 7491 489 092 266 244 191 038 056 063 341 057 067 025 147 058 094 251

278 331 6882 074 291 066 088 089 053 276 415 042 274 349 130 046 316 312

163 213 153 6840 243 046 650 134 699 0.90 059 2220 035 130 182 015 126 316

346 054 464 070 5824 373 033 205 270 097 442 054 858 258 126 325 161 418

395 153 142 191 0.63: 73.60 2.77 160  0.79 033 075 073 095 693 128 024 059 264

733 161 178 369 344 1551 5851 140 5.04 237 258 212 169 257 122 142 167 415

9.06 073 319 434 368 341 5.66 5427 298 192 160 050 227 185 0.77 274 062 457

042 337 066 758 240 222 1.00 193 60.69 030 193 671 345 007 222 014 4091 393

2128 768 151 304 338 207 037 362 590 5812 098 142 101 239 343 161 030 419

161 040 147 434 508 11.19 177 303 336 137 5197 101 039 218 155 061 267 480

099 395 280 189 648 438 6.09 416 136 064 355 5587 053 023 293 237 177 441

3.00 338 348 3.19 307 11.06 238 560 214 189 362 460 4184 412 235 118 309 582

090 630 370 186 314 039 367 142 139 303 044 082 409 6212 345 174 133 379

356 357 079 2.70 368 284 212 1.64 7.86 034 095 436 326 172 5783 155 124 422

174 208 350 388 827/ 1042 472 208 218 048 359 164 167 267 149 46.77 190 532

162 618 071 2.00 4.08 101 103 184 357 192 144 348 321 369 147 086 6189 381
Contrib. to others 471 495 375 447 571 590 50.3 356 515 207 372 342 349 367 200 191 286 672.7
Contrib. including own 1205 1244 1063 1131 1153 1326 1122 788 892, 900 768 988 868 659 904 39.57%

Afirme  Azteca Bajio Bnamex Bregio Bansi | BBVA Banorte HSBC Inbursa Interacc Invex = Ixe  Mifel = Monex | Stander Scotia

Panel B. Mortgages

Afirme  Azteca| Bajio | Bnamex  Bregio BBVA Banorte | HSBC  Inbursa | Imteracc Ixe | Mifel  Stander Scotia gfﬁi
Afime 6238 361 483 106 101 171 015 246 267 203 084 420 051 1255 37.60
Azteca 353 8000 044 018 062 114 076 276 129 202 349 163 076 136 2000
Bajio 1662 040 4568 366 459 261 100 196 408 088 197 12357 136 261 5430
Bnamex 2327771890587 7698132057 0417207 22T 17071717334 1137773710300
Bregio 1318 696 106 173 6146 282 021 089 153 136, 139 623 041 067 3850
BBVA 646 580 049 037 212 7378 080 141 115 355 089 052 213 052 2620
Banorte 125 236 190 415 106 415 7464 041 212 042 185 430 0352 087 2540
HSBC 680 144 228 241 210 186 015 6667 7359 039 177 209 324 101 3330
Inbursa 141 284 053 232 368 391 012 1111 6321 237 191 515 075 070 3680
Interacc 249 114 093 193 486 327 860 191 288 6482 095 265 092 243 3510
Ixe 412 698 282 417 389 418 038 965 534 067 5007 274 116 384 4990
Mifel 1960 236 478 148 320 090 023 359 092 059 344 3201 511 157 4800
Stander 141 321 496 322 174 510 1326 283 266 142, 132 280 35345 263 4630
Scotia 108 211 177. 211 120 314 047 380 16l 18 071 054 281 7679 2320
Coutrib. 1o others 803 413 274, 288 315 333 265 449 361 195 222 488 208 345 4980
Contrib, including own 1426 1213 730 1058 930, 1091 1012 1116 993 844 723 1008 743 1113 3557%

Panel C. Consumer loans
Afirme Amex Azteca: Bajio  Bnamex  Bregio  Bansi | BBVA Banorte| HSBC  Inbursa Interacc . Ixe | Mifel | Scotia (f::s
Afime 5873 211 412 176 129 261 407 148 718 278 705 114 164 182 4130
American Express 0.78 60.53 483 425 074 783 1130 038 045 0.35 365 111 116 039 3950
698 154 69541 196 127 266 343 315 146 098 236 09 1621 083 3050
546 11.25 5.70: 5047 634 191 277 072 0.69 572 212 0.66 146 134 4950
371 172 13290 862 4443 325 573 072 166 391 400 049 27434275560
876 17.48 295 5.10 305 4809 454 038 180 114 235 098 034 270 51.90
159 528 4041 090 251 063 7290 225 176 043 247 155 L4 034 2710
292 188 6.04 722 165 555 199 59.76 1.05 175 244 050 266 222 4020
3.66 1171 4387 708 253 1744 566 130 3144 192 190 115 2100 326 6860
286 21,58 358 607 4521 1292 6.11 4.10 198 2539 2717 2717 134 2.05 74.60
Inbursa 409 195 4161 247 706 732 297 252 392 1217 3978 079 29 478 6020
Interace 028 299 257 236 282 720 428 189 736 139 249 5311 050 421 4690
Ixe 132 287 448 087 246 342 552 732 440 200 372 1955 1 0270 1407 42.00
Mifel 2335 925 326 6.56 454 396 213 091 853 254 430 045 183 2733 054 72.70
Scotia 089 1568 094 574 196 442 763 147 201 672 455 221 570 233 3775 6230
Contrib. to others 66.7 1073 643 610 427 81.1 68.1 288 442 438 469 16.7 396 222 203 762.8
Contrib. including own 1254 1678 1339 1114 872 1292 1410 886 757 692 867 698 976 496 670 50.85%

Note: Each panel presents the composition of the Spillover Index for a forecast period
of 36 months ahead. The variance decomposition uses a monthly VAR specification of order
2 defined using AIC. The Cholesky factorization is conditional to the length considered in
the panel. Each cell (i, ]) shows the contribution to the variance of the k-months ahead
NPL ratio forecast error value of bank ¢ coming from innovations of the NPL ratio of bank j.
The bottom right corner of each panel contains the overall spillover index for each forecasted
horizon.
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6. Conclusions

This paper studies the diffusion process and spillover effects of the NPL ratio
among banks operating in the Mexican Banking System. Given the initial level
of risk in the system, our approach allows us to observe how innovations in
individual institutions affect other institutions and how the process takes place
in time. Our research differs from those described in the previous literature in
several dimensions. First, we proceed in a manner closer to Furfine (2003) and
focus on explaining the system from a within perspective instead of examining
from exogenous macro factors that may affect the system. In this line,
we analyze the long-run risk of the system and the contributions to risk of
the elements in the system, instead of using the short-run positions of the
banks. Second, we propose a method to measure the overall size of risk due
to innovations in each bank and we are able to evaluate the size of the risk
for different specifications and over several forecast horizons. Third we identify
both the contributions of the individual banks to the aggregate and the risk of
other banks, and we construct a measure of the overall importance of spillover
effects on the system. Finally, our method allows us to compare the relevance
of the spillover as we increase the time span of the forecasted period.

We extend the Diebold and Yilmaz (2009) methodology to identify the
long-run diffusion process and build a spillover index of the effect that the
credit risk of each bank has on the rest of the banks in the system. The method
models the NPL ratio by assessing the contribution of each bank’s ratio to
the system. We also prove that the level of spillover is not constant over time
but rather that it increases gradually reaching a long-term equilibrium level.
Indeed, our findings suggest that the diffusion process takes time to spread over
the whole system; in the short run (one to six months), credit risk is mainly due
to the institution intrinsic characteristics, but in the long-run, approximately
70 percent of the credit risk is attributable to systemic risk. In any case, the
spillover index is always important but never the unique determinant of the
long-run risk in a banking system. In additional models we control for the
size of the institution, loan growth rates and interbank activities trying to
capture sources of risk. The results demonstrate that the level of risk in the
system decreases when exogenous variables are considered, implying that those
variables are able to capture individual risk. However, given the lower level of
risk attributed to the whole system, the spillover effect becomes more relevant.

Finally, we analyze the diffusion and contribution of risk between
different types of credit within a closed banking system. Particularly, we find
that the spillover effect is more relevant for riskier credit portfolios compared
to portfolios with real guaranties.
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