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Abstract

In this paper a methodology is proposed to measure volatility in Mexican yield curves, including the
nominal, real, and swap rates. To obtain the volatility, the GARCH model was used to estimate the
volatilities of the first three main principal components of each yield curve. The GARCHs obtained of
the first three orthogonal components are modelling the volatility of the parallel shift, the slope changes
(twist), and the changes in curvature (butterfly). To obtain the volatility index, it is necessary to use the
variances obtained using the orthogonality of the series added and then obtain the square root of the

sum. This approach also allows the estimation of defined semi-positive variance-covariance matrices
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for the different nodes of the curve that can be used in portfolio optimization or in the computation of
risk measures. The data for the analysis correspond to the market information from October 2015 to
November 2017.

JEL codes: G12,G15
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Resumen

En este articulo se propone medir la volatilidad de las curvas de tasas nominal, real y swap en México.
Para obtener la volatilidad, se usé el modelo GARCH para estimar las volatilidades de las tres primeras
componentes principales de cada curva. Los GARCH’s obtenidos de las tres primeras componentes
ortogonales modelan la volatilidad de los cambios paralelo, en pendiente y en curvatura. Para obtener
el indice de volatilidad es necesario usar las varianzas obtenidas usando la ortogonalidad de las series
agregadas y entonces la raiz cuadrada de la suma. Este enfoque permite la estimacién de las matrices
de varianzas y covarianzas semipositivas definidas para los diferentes nodos, que pueden ser usadas
para la optimizacion de los portafolios o en el cdlculo de medidas de riesgo. Los datos corresponden al
periodo de octubre del 2015 a noviembre del 2017.

Codigo JEL: G12,G15
Palabras clave: Tasas de interés; Componentes principales; GARCH Ortogonal; Curva de rendimiento; Matriz de
varianza-covarianza

Introduction

According to Bingham (2013), working with financial series involves a series of challenges
since financial series tend to show asymmetry, i.e., bias, leptokurtosis, and periods of high
volatility resulting from the complex financial and economic environment. Therefore, some-
times an indicator is needed that helps the market participants to measure the volatility of
the markets. In the case of the foreign exchange markets, the implied or realized volatility
can be used for the foreign exchange or for a stock index. However, if one wants to calculate
volatility in a fixed-income market which has more than fifty securities that also are highly
correlated, the estimation of one number that measures the volatility is more complicated. The
purpose of this paper is to develop a methodology for the estimation of the volatility of the
fixed-income markets in Mexico that includes the analysis of zero-coupon bonds, fixed rate
bonds, inflation-linked bonds and interest rate swaps. For the estimation of the volatility, a
method is proposed based on Alexander (2001), who shows how orthogonal factors are used
to simplify the process of variance-covariance matrix estimation.
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There are several methods to estimate volatility in fixed income markets. The first is the
volatility in the price. However, the price is affected by changes in the interest rates, the
accrued interest, and the payment of coupons. The other two approaches are focused on the
changes of the yield to maturity that is the internal rate of return of the asset. Fixed-income
instruments trade in yield, which allows investors to know and compare the return of different
assets independently of the maturity or size of the coupon. The variance of this yield could
be estimated using the percentage change or a simple difference change. For this work, the
approach of simple difference is used as it is consistent with interest rate models of volatility
such as Vasicek and it is a common method used in research. Even if it is possible to estimate
the variance and volatility of each asset, it is not possible to solve the problem of calculating
the volatility of the yield curve, which is composed of all the fixed income assets of the same
class in order from the asset with the lowest maturity to the asset with the highest maturity. As
expected, there is an important correlation of the yields with maturity, in particular those that
are adjacent. Then, in order to estimate the volatility of the curve using an approach similar to
the Markowitz Mean-Variance optimal portfolio, it will be necessary to compute the varian-
ce-covariance matrix of the changes in the yield of the assets that belong to the yield curve.

Usually, the calculation of variances and covariances reusing the formulas for the cova-
riance and variance historical or exponential moving averages, has not been very effective
when estimating and predicting the volatility that the participants in the market currently
face, and implies the estimation of n(n+1)/2 parameters. The general model of conditional
autoregressive heteroscedasticity (GARCH) developed by Engle and Bollerslev has proved
to be better than other models when estimating current volatility and forecasting volatility in
the short-term, according to Alexandre (2001). Therefore, it is desirable to apply a GARCH
model to estimate the volatility of the different yield curves in the Mexican financial market.
However, the use of multivariate GARCH for more than two or three involves some diffi-
culties due to the number of parameters that must be estimated and could involve problems
regarding the optimization of the likelihood function.

Section II contains the literature review. In section III, the description of the data and an
analysis of principal components were performed for four yield curves: zero-coupon bonds,
nominal bonds (M-bonds), inflation-linked bonds (Udibonos) and TIIE interest-rate swaps.
In section IV, a GARCH(1,1) was adjusted. It was decided to use a GARCH(1,1) because
this model tends to be a standard. With these estimations, and using the orthogonality of the
variable, it is possible to obtain the square root to obtain the volatility of the yield curve or
even that of all the fixed-income market.

In section V, using the estimates for the variance-covariance computed using the orthogonal
GARCH and the eigenvectors, the original variance-covariance and correlation matrices can
be approximated, and can be used to optimize a portfolio or to obtain a matrix that excludes
idiosyncratic behavior of a security. Finally, section VI contains the conclusions.
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Literature review

According to Alexander (1998), the most widely accepted approach to risk in financial markets
is the volatility of the returns. This variable, in the case of the yield curve that it is possible
to consider as a bond portfolio, depends on the variances and the covariances between the
risk factors. In the case of a bond portfolio it is possible to identify the main sources of risk,
following the results of Litterman (1991). This author analysed the common factors which
affect the returns on the U.S. government bond yield curve, identifying that the first factor
corresponds to the level or parallel shift movements, the second one is the slope of the curve,
and the last one is the curvature or convexity of the yield curve.

The identification of the three main sources of volatility for the yield curve is possible
because the financial markets tend to have a high degree of collinearity, as was highlighted
by Alexander (2001). The principal component analysis makes it possible to extract the most
important uncorrelated sources of variations. Through this analysis it is possible to measure
independently the volatility presented in the changes in each of these actors, as mentioned
by Alexandre (2000). With these three estimations is possible to obtain a good estimator for
the variance covariance matrix for all the bonds in the yield curve. According to Alexandre
(2000), this approach presents the advantage of generating a positive semi-definite matrix,
capturing only the main variations and eliminating the noise caused by small effects. The
estimations are more stable than the direct estimation of the matrix.

There are several methods to estimate the volatility of financial assets, such as the expo-
nentially weighted moving average or the ARCH and GARCH models developed by Engle,
which have been widely accepted in finance, especially the GARCH(1,1) which tends to
adjust the volatility of financial asset returns well. However, the estimation of a multivariate
GARCH as proposed by Engle and Kroner (1993) becomes more complex as the number of
variables increases. To avoid the problem of complexity, the uses of uncorrelated factors makes
it possible to estimate orthogonal GARCH for the volatility of each factor. The Orthogonal
GARCH is the principal components method. In the context of a GARCH, the principal com-
ponents were applied by Ding (1994) and Alexander and Chibumba (1996), among others.

It should be mentioned that a generalization of the orthogonal GARCH was applied with
simulated and observed data in Van Der Weide (2002). The most relevant studies of the linear
dependences among markets are through multivariate GARCHs. In a world of strong links
between financial markets, the multivariate setting for the study of volatilities and correla-
tions is natural. An excellent survey of these multivariate GARCH models is provided by
Bauwens, Laurent, and Rombouts (2006). With respect to the multivariate models of volatility,
for example that of the returns, they can be successfully modelled through a multivariate
t-student dynamic correlations model; see, for example, Dube S. (2016). The forecasting of
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the correlations and variances is an important issue that can be analyzed. In the case of
exchange rates of the Nigerian Naira, the orthogonal GARCH models represent
a good enough choice; see Godknows, Isenah, and Olubusoye (2016).

Data and Principal Components Analysis

The rates for different government instruments are published by the Mexican Central Bank
(Banco de Mexico) and the source for the Swaps of TIIE are provided by PIP (Proveedor
Integral de Precios).

The idea of this section is to reduce the dimension of each yield curve and at the same
time obtain variables that are linearly independent, which implies correlation equal to zero
among them. In the case of yield curves, it is commonly mentioned in the literature that the
first three principal components are identified (Litterman, 1991), and are enough to model the
behavior of the yield curve. Branch (2004) mentions several empirical studies which suggest
that the first component corresponds to the parallel displacement of the curve of rates, while the
second component is related to the slope of the curve and in general shows opposite changes
between short- and long-term rates. Finally, the third component represents the factor of the
curvature of the yield curve, typically showing higher coefficients for rates close to one year
and less for long terms of the curve. It is worth mentioning that the variance associated with
the other main components decreases rapidly; usually the three first components explain more
than 95% of the total variance.

Once the principal components are obtained, the problem is reduced to computing a
diagonal variance-covariance matrix of dimension 3x3 and then it is possible to compute the
variance of the yield curve with the matrix trace. The method of principal components (PCA) is
a method of multivariate analysis that makes it possible to extract the most important linearly
independent data sources. Applying the PCA method to n stationary time series, it is possible
to obtain n stationary and orthogonal series called principal components. At the same time,
this methodology makes it possible to know what percentage of the variance is explained by
each component. In the following analysis four of the most important yield curves for the
Mexican market were used. The data for the analysis correspond to the market information
from October 2015 to November 2017 for the following yield curves:

Zero-coupon bonds (Cetes): These are the simplest kind of fixed-income securities. The
Federal Government issues these securities every week for the Cetes with maturity of 28,91,
and 182 days, and every four weeks for the Cetes with maturity of 364 days. In order to have
a time series for different constant maturities and taking into consideration the low liquidity
of these assets, the following maturities intervals were used: 0-69, 70-100, 101-150, 151-200,
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201-250, 251-300, and 301-364 days. Each interval represents the maturity in days of the
Cetes that can be compared in order to have a reference rate for each interval in the case of
some securities that did not have any operations on a particular day. The data are obtained
from the weighted average rate traded by brokerage houses and published by Banco de México
on its web site for these intervals.

Nominal Bonds (M-Bonds): This instrument is also issued by the Federal Government
with maturities at inception of 3, 5, 10, 20, and 30 years. The yield to maturity of the bonds
had the following maturities: December 2017, June 2018, December 2018, December 2019,
June 2020, June 2021, June 2022, December 2023, December 2024, March 2026, June 2027,
May 2029, May 2031, November 2034, November 2036, November 2038, and November
2042. The data were obtained from the Banco de México web site and the yield is the weighted
average of the transactions that were performed through brokerage houses.

Inflation-Linked Bonds (Udibonos): This instrument is also issued by the Federal Go-
vernment with maturities at inception of 3, 10 and 30 years. The yield to maturity of the
Udibonos had the following maturities: December 2017, June 2019, December 2020, June
2022, December 2025, November 2035, November 2040, and November 2046. The data
were obtained from the Banco de México web site and the yield is the weighted average of
the transactions that were performed through brokerage houses.

TIIE Interest-Rate Swaps: these instruments are the most traded Mexican fixed-income
assets and 80% of their volume was performed offshore. The underlying of the swaps is the
non-collateralized interbank interest rate of 28 days published every day by Banco de México.
These instruments allow the counterparties to change the 28-day TIIE floating rate for a fixed
rate for the term of the swaps with interest payments every 28 days. The most traded terms
are: three months, six months, nine months, one year, two years, three years, four years, five
years, seven years, ten years, twelve years, fifteen years, twenty years, and thirty years. The
information on these securities was obtained from Bloomberg. It is worth mentioning that the
quotes of these instruments are abbreviated in the following way: “the number of payments
x the term of reference rate.” In this case, 1 represents 28 days, then a quote on the brokers’
screens of “13 x 17 implies 13 payments of 28 days TIIE, which represents a maturity of 364
days or one year.

In order to perform the principal component analysis, the KPSS and the Augmented Dic-
key-Fuller tests were applied for each time series of the interest rate changes. In all the cases
the series prove to be stationary (see Appendix III).

Thus, a total of 46 different instruments divided into 4 asset classes would require a multi-
variate GARCH of dimensions between seven to seventeen depending on the number of assets
in each yield curve. Due to the computational complexities, the methodology of principal
components is applied to reduce the dimensions that are needed and at the same time to make
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it possible to work with a few variables that are linearly independent. The orthogonality of
the series is important in order to perform an orthogonal GARCH that uses this property to
compute the variance of a set of variables.

Analyzing the changes in the different yield curves calculated by the simple difference
and computing the correlation among nodes, high levels of correlation appear, in particular
on those nodes which are closest.

In Figure 1, the range that the interest rate of zero-coupon bonds had during the period
and the principal components for this curve can be observed. For the zero-coupon bonds high
correlation is observed, and similar behavior explained by the close relation of these securities
with movements in monetary policy.
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Figure 1. Cetes Box-Plot and Principal Components

Source: own computations with Banco de Mexico Data.

Figure 2 shows the range of the yield to maturity of the interest rates of nominal bonds
during the period and their principal components.
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Figure 2. Nominal Bonds (M-Bonds) Box-Plot and Principal Components

Source: own computations with Banco de Mexico Data.

Figure 3 shows the range of the yield to maturity of the interest rates of inflation-linked

bonds during the period and their principal components.
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Figure 4 shows the range of the fixed interest rates of the TIIE 28-day swaps during the
period and their principal components.
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Table 1
Swap Interest rates Correlation Matrix

3X1 6X1 9X1 13X1 26X1 39X1 52X1 65X1 91X1 130X1 156X1 195X1 260X1 390X1

3X1 100%  87% 80% 74% 65% 59% 57% 55% 51% 49% 48% 46% 45% 44%

6X1 87%  100%  95% 91% 85% 80% T7% 75% 71% 69% 67% 65% 64% 64%

9X1 80% 95%  100% 96% 92% 88% 85% 84% 79% 75% 73% 71% 70% 70%

13X1 74% 91% 96% 100% 95% 92% 89% 88% 84% 80% 79% 7% 76% 76%

26X1 65% 85% 92% 95% 100% 97% 94% 94% 91% 87% 86% 83% 82% 82%

39X1 59% 80% 88% 92% 97% 100% 96% 95% 93% 89% 88% 86% 85% 84%

52X1 57% 77% 85% 89% 94% 96% 100% 96% 94% 91% 90% 88% 86% 86%

65X1 55% 75% 84% 88% 94% 95% 96% 100% 97% 95% 94% 92% 91% 91%

91X1 51% 71% 79% 84% 91% 93% 94% 97% 100% 97% 96% 94% 93% 93%
130X 1 49% 69% 75% 80% 87% 89% 91% 95% 97% 100% 99% 98% 97% 97%

156X 1 48% 67% 73% 79% 86% 88% 90% 94% 96% 99% 100% 98% 97% 97%

195X1 46% 65% 71% 7% 83% 86% 88% 92% 94% 98% 98% 100% 98% 98%
260X 1 45% 64% 70% 76% 82% 85% 86% 91% 93% 97% 97% 98% 100% 100%
390X 1 44% 64% 70% 76% 82% 84% 86% 91% 93% 97% 97% 98% 100% 100%

Source: own computations with Bloomberg data.

For the previous computation the simple returns were used in order to apply principal
components analysis and obtain the spectral decomposition of the matrix of variance and
covariance (X ).

X =GLG'

Where G is an orthogonal matrix composed of the eigenvectors and is the transposed
matrix G’ that is also the inverse matrix of G as it is orthogonal, and is a diagonal matrix
where each diagonal entry is a non-negative and ordered eigenvalue from highest to lowest,
if is a non-negative definite matrix.

Thus the principal components transformation is:

yi=G'(x; —X)

Fori=1,..,n and X; represent the returns of each security cantered to its mean and ¥;
are the new variables that are not correlated.

The analysis of principal components in this document was carried out using the matrix
of correlations for each asset class, but it can also be done using the variance-covariance
matrix. It is possible to know how many components are enough as they are estimated using
the correlation matrix and are at least those with an Eigen-value greater than one. If the

10
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analysis is performed using the variance-covariance matrix, it will be necessary to use the
Bartlett test for sphericity.

Table 2

Eigen Values for Mexican curves

Eigen Values First Second Third
Zero-Coupon Bond 3.3564 1.1823 0.8274
Bonds 13.0324 1.4056 0.5150
Inflation-linked Bonds 4.8099 1.0476 0.7979
Interest-rate swaps 11.8578 1.3931 0.3613

The results obtained using the principal components analysis suggest, as mentioned in
several studies, that only the first three components are enough to explain more than 80%
of the variance for the different yield curves. In the case of the zero-coupon bond curve, the
first three components only explain 77%. This could be explained by different factors. One
of them is that the movements in the rates of these instruments are strongly affected by mo-
netary policy and its expectations that directly affect the short end of the curve, in the case
of Mexico the Cetes curve. The effects of monetary policy action on long-term interest rates
are looser and variable. These behaviors are documented in several papers, such as Roley
(1995). In addition, these instruments are less liquid than the instruments in the other curves.
The volumes published by Banco de Mexico for these instruments are less than for other
instruments and the rotation is low. The low volumes of operations in these instruments can
be explained as these instruments are bought and held by mutual funds, pension funds, and
some foreign asset managers, according to the statistics published by Banco de México and
the U.S. Securities and Exchange Commission.

Table 3

First three principal components analysis for Mexican curves (Standard Deviation)

Standard Deviation First Component Second Component Third Component
Zero-Coupon Bond 1.83 1.09 0.90
Bonds 3.61 1.19 0.72
Inflation-linked Bonds 2.19 1.02 0.89
Interest-rate swaps 344 1.17 0.60

1
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Table 4

First three principal components analysis for Mexican curves (proportion of the Variance)

First Component Second Component Third Component

Cumulative proportion of

variance

47% 65% 77%

Zero-Coupon Bond

88%

85%

7%

Bonds

73% 83%

60%

Inflation-linked Bonds

85% 95% 97%

Interest-rate swaps
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Figure 6.figure First, Second and Third loadings for each Mexican fixed-income market

Source: own computations with Bloomberg data.
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From the previous results (Figure 6), in which the eigenvectors were obtained for the
principal components analysis for the four different curves, it is possible to observe the be-
havior expected in Litterman (1991).

The first component can be interpreted as a parallel shift component. The factor loadings are
roughly constant among maturities for the bonds and TIIE interest-rate swaps curve, meaning
the change in the rate for a maturity is roughly the same for other maturities. In the case of the
zero-coupon bonds this behavior is less clear, but for the inflation linked bonds the behavior
remains if the first node is excluded. It is worth mentioning that the inflation-linked bonds
with less than one year of maturity tend to present disruptions of valuations according to the
short-term inflation expectations. Consequently, the first factor accounts for the average rate.

The second component corresponds to the slope of the curve. The factor loadings of the
second component have a monotonic change with maturities: changes in long-maturity and
short maturity have opposite signs. The second factor consequently accounts for the “slope”
across maturities. Even this behavior is consistent in all the markets: the monotonic behavior is
increasing for interest rates and bonds and decreasing for the Cetes and inflation-linked bonds.

The third component is the curvature. The factor loadings of the third component are
different for the mid-term rates and the average of long- and short-term rates, revealing a cur-
vature resembling the convex shape of the relationship between the rates and their maturities.

Another important property of the use of principal components is that the sum of the
variances of the transformed variables is the sum of the eigenvalues. This property will be
used for the construction of the indicator of volatility for the different yield curves in the
following sections.

Orthogonal GARCH and Volatility Indicator for the Mexican yield curves

Once the principal components are obtained, the problem is reduced to computing a diagonal
variance-covariance matrix of dimension 3x3 and then it is possible to compute the variance
of the yield curve with the matrix trace. In order to estimate the variance of each component,
a GARCH(1,1) was adjusted.

Once more than 80% of the variability for all the markets can be explained, it is possible
to use the first three components for each curve, which are linearly independent and therefore
not correlated, so as to find a method to estimate the variance of each curve. One possibility
is the use of an orthogonal GARCH model, which is a generalization of the GARCH factors
introduced by Engle and Rothschild in 1990. This model provides a parsimonious alternative
for the estimation of the variance of the curve and for the estimation of variance and covariance
of matrices using three univariate GARCH models for their calculation.
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The use of the GARCH multivariate using the first three components reduces the problem
of estimating variance and covariance in estimating three univariate GARCH models. It must
be borne in mind that being linearly independent only guarantees that it is non-conditional
non-correlated. Although this assumption is strong, it is necessary to obtain the variance-co-
variance matrix using the estimates of the GARCH for the diagonal.

Three univariate GARCH models that comprise the diagonal matrix of variances were
estimated by this method. For this estimation a GARCH (1,1) with normal distribution is
used. The GARCH (1,1) was selected because it is a model commonly used in the literature
and because of existing empirical evidence that GARCH models with higher parameters do
not substantially improve the precision of estimates, so it was deemed preferable to work
with a simpler model:

of =w+tagl+Pol, Yy & =0z

Where the parameter is the reaction of the market and the parameter is the persistence
of the volatility. The sum of both parameters must be less than one to ensure the convergence
of volatility forecasts. The orthogonal GARCH is useful to estimate the volatilities of curve
nodes with low liquidity or with few data.

For each of the components the stationarity was tested through the assumptions, with 99%
Dickey-Fuller test confidence.

For the analysis of the Zero-Coupon Bond Curve, a GARCH(1,1) was adjusted for each
of the first three principal components. The estimation was significant for each parameter
and for the three GARCH models. The Dickey-Fuller test was also performed in order to
test stationarity.

Table 5
Zero-coupon bonds GARCH estimation
1° Component 2° Component 3° Component
Coefficient t-statistic Coefficient t-statistic Coefficient t-statistic
w 5.56e-01 3.357 3.67e-01 3.653 7.30e-02 3.172
a 3.86¢-01 5.139 2.93e-01 4.246 3.28e-01 5.141
B 5.26e-01 6.771 3.81e-01 3.034 6.29¢-01 11.176
Dickey-Fuller p-value 10-3 p-value 10-3 p-value 10-3
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Figure 7. Cetes yield curve Variance estimated using the orthogonal GARCH for the principal components

Source: own computation with Banco de México data.

It is observed that the first and second components have the highest volatility and react to
the changes in monetary policy and that in November 2016 the variance of each component
reached its maximum after the United States Presidential Elections. The first component that
represents the parallel shift accounts for more than 60% of the variance. In addition, it is
observed that in general there is no high volatility in this market.

In addition, the same analysis was performed for the Nominal Bonds, Inflation-linked, and
TIIE interest-rate swaps Curves, for which a GARCH(1,1) was adjusted for each one of their
first three principal components. The estimation was significant for each parameter and for the
three GARCH. In addition, the Dickey-Fuller test was performed in order to test stationarity.

Table 6
Nominal bonds GARCH estimation

1° Component 2° Component 3° Component
Coefficient t-statistic Coefficient t-statistic Coefficient t-statistic
1.1788 2.925 3.60e-01 1.455 2.174e-01 3.635
1.956e-01 4.568 5.27e-01 4447 3.96e-01 3.924
7.197e-01 14.048 3.31e-01 1.388 2.394e-01 2.002
Dickey-Fuller p-value 10-3 p-value 10-3 p-value 10-3
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Figure 8: Nominal Bond yield curve Variance estimated using the or-
thogonal GARCH for the principal components.

Source: own computation with Banco de México data amd Bloomberg data.

For the GARCH models estimated for the nominal bond curve, all the parameters are
significant and the first component explains approximately 90% of the variance, with the
exception of particular periods in which the biggest change was observed in the slope of the
curve. These movements relate to changes in the monetary policy, because the Central Bank of
Mexico had a tight cycle from December 2015 to December 2017. It is also worth mentioning
that the effect of the presidential election in the bond curve was absorbed by the parallel shift.

Table 7
Inflation-linked bonds GARCH estimation
1° Component 2° Component 3° Component
Coefficient t-statistic Coefficient  t-statistic Coefficient t-statistic
- 2.42e-01 1.379 2.08e-02 1.603 7.79e-03 1.293
a 1.69e-01 3.774 1.73e-01 4972 2.71e-01 6.040
B 7.95e-01 12.207 8.34e-01 25.029 7.94e-01 27.994
Dickey-Fuller p-value 10-3 p-value 10-3 p-value 10-3
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Figure 9. Inflation-linked Bond yield curve Variance estimated
using the orthogonal GARCH for the principal components

Source: own computation with Banco de México data

As in the other markets, the biggest component for the variance was the parallel shift
that also reached its maximum after the US presidential elections in November 2016. The
parameters obtained are also significant for each model. It is also relevant that there is an
increase in the second and third component at the end of 2017. This increment was observed
as the inflation and the inflation expectations increased. Furthermore, there is an effect of
valuation in the first node of the inflation-linked curve as the rate tends to increase or decrease
adapting to the inflation expectations.

Table 8

TIIE interest-rate swaps curve GARCH estimation

1° Component 2° Component 3° Component
Coefficient t-statistic Coefficient  t-statistic =~ Coefficient t-statistic
[0 1.234 2.386 1.057 8.982 4.13e-02 3.128
a 3.14e-01 4.593 3.24e-01 5.176 4.88e-01 5.816
B 6.20e-01 7.168 0 - 5.728e-01 10.326
Dickey-Fuller p-value 10-3 p-value 10-3 p-value 10-3

Finally, for the TIIE interest-rate swaps curve the parameters are significant with the
exception of the for the second component. The behavior of the interest-rate swap curve is
very similar to the behavior observed in the nominal-bond curve. For both, the first compo-
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nent, the parallel shift, represents more than 80% of the variability and reached its maximum
in November 2016 after the presidential elections in the USA. Also, it is observed that the
second component reacts to the monetary policy decision as it was observed that the Mexican

interest-rate curve reacted to the increments in the one-day reference rate of Banco de Mexico

by showing a flatter movement. In addition, the investors used the first nodes of the curve to

hedge their position against further increments in the monetary policy reference rate.

100%

Interest Rate Swaps Yield Curve proportion of Variance
Explained per component

Oct-15  Jan-16  Apr-16  Jukl6  Oct-16  Jan-17  Apr-17

First @ Second M Third
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Figure 10. TIIE swap interest-rate curve variance estimated us-

ing the orthogonal GARCH for the principal components

Source: own computation with Banco de México data.

Oct-17

With the variances for each of the components an index is built for the volatility of each

asset class, which is the square root of the sum of the variances of each of the annualized basis

components. It is worth mentioning that the main source of variability comes from the first

component, as expected. This also highlights how in times of stress the second component

can be increased significantly. The index is computed basically using the square root of the

trace of the variance-covariance matrix:
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Figure 11. Volatility Index per Asset Class

Source: own computation with Banco de México and Bloomberg data.

Variance and Covariance Matrix

The advantage of using the orthogonal GARCH model is that it generates the simple form of
variance and covariance matrices for different terms without assuming that the volatilities and
correlations remain constant. This method ensures that the obtained matrices are semi-defined
positive, which is useful when using the variance-covariance matrices for portfolio optimi-
zation or for the calculation of the value at risk.

According to Engle (2000), orthogonal GARCH performs quite well based on diagnoses
made by evaluating precision in forecasts of the correlations. This is relevant as the GARCH
models react rapidly to changes in the market condition whose lag could be significant in
the case of historical computation and also this method smoothes the changes in the market
conditions. However, without using this approach based on principal components analysis
and orthogonal GARCH, a high dimension multivariate GARCH will be required to adjust
the market condition for each variance and covariance. Thus, among the advantages of the
estimation of these matrices is that the covariance between the nodes of the curve increases
in periods of volatility in the markets, as estimated by the three GARCH variance increases,
which are also increases in the correlation between the nodes. Finally, it is common that in
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the market some instruments present a misevaluation or liquidity problems that may affect the

computation of the variance-covariance matrix. However, using the methodology proposed,

the matrix obtained reflects only the three most important factors for investors.

To estimate the variance-covariance matrix (), the first three eigenvectors obtained by

the principal components analysis (P) are multiplied by the diagonal matrix of variances

estimated with GARCH (S).
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Conclusions

The use of the orthogonal GARCH model and its accuracy has been validated empirically
to model assets that have a high correlation, as is the case for the Mexican fixed-income
securities, financial futures curves such as oil or gasoline futures, or even emerging markets
fixed-income curves. The empirical evidence suggests that the methodology proposed has
virtually the same performance with multivariate GARCH models and, by requiring a smaller
number of parameters to estimate, takes less time and prevents some problems when producing
the estimations as there is a parsimonious number of parameters. However, there are some
relevant points to consider. Alexandre (2001) mentions that it is necessary to take special
care when assets are not highly correlated. Additionally, she mentions that special care must
be taken in the first calibration, and then once the calibration is successful it can be used on
a daily basis without the need to recalibrate.

The index constructed from the variances of the first three principal components allows
policy makers to have an indicator that shows the volatility of the different fixed-income
markets and how these markets react to new information and reflect the market conditions
without the need to monitor the volatility of each node. Additionally, each of the three com-
ponents provides valuable information to identify whether the increase in volatility is due to
a change in the parallel-curve shift or its slope, as can occur after monetary policy decisions,
or if it comes from changes in the curvature.

Finally, as an extension of the paper the GARCH will be worked with residuals with a
different distribution, which is an interesting extension because in a world with linked instru-
ments and markets, another characteristic like asymmetry can be expected. Another extension
is the application of this study for an index of emerging markets.

References

Alexander, C. (1992) “The world according to GARCH” Risk 5 (8) pp. 120-125.

Alexander, C. and C. Leigh (1997) “On the covariance matrices used in VaR models” Jour-
nal of Derivatives 3 (Spring) pp. 50-62. https://doi.org/10.3905/jod.1997.407974

Alexander, C. (1998) “Volatility and correlation: Methods, models and applications” in Risk
Management and Analysis: Measuring and Modelling Financial Risk (C. O. Alexander,
Ed.) Wileys.

Alexander, C. (2000) “Orthogonal methods for generating large positive semi-definite co-
variance matrices” ISMA Centre Discussion Papers in Finance 2000-06 available from
www.ismacentre.rdg.ac.uk. http://dx.doi.org/10.2139/ssrn.248132

21



R. Alvarez del Castillo Penna, et al. /| Contaduria y Administracion 65(3) 2020, 1-25
http://dx.doi.org/10.22201/fca.24488410e.2020.2377

Alexander, C. (2001), “A Primer on the Orthogonal GARCH Model” ISMA Centre, the
Business School for Financial Markets, University of Reading. http://carolalexander.org/
publish/download/DiscussionPapers/Orthogonal GARCH_Primer.pdf

Alexander, C. (2001) “Orthogonal GARCH” in Mastering Risk Volume 2 (C.O. Alexander,
Ed.).

Alexander, C. (2001) “Principal Component Analysis of Volatility Smiles and Skews” ISMA
Centre, the Business School for Financial Markets, University of Reading. doi: 10.2139/
ssrn.248128

Alexander, C. and A. Chibumba (1996) “Multivariate Orthogonal Factor GARCH” Univer-
sity of Sussex.

Bauwens L., Laurent S. and Rombouts J. (2006) “Multivariate GARCH Models: A Survey,
Journal of Applied Economics” 21: 79—109. doi:10.1002/jae.842

Bingham, N. (2013). Statistical Methods for Finance, Imperial College, London, U K.

Bollerslev, T. (1986) “Generalized autoregressive conditional heteroskedasticity”. Journal
of Econometrics, 31. pp 307-327. doi:0304-4076(86)90063-1

Cont, Rama (2005) “Modelling term structure dynamics: an infinite dimensional approach”,
International Journal of Theoretical and Applied Finance, Vol. 08, No. 03, pp. 357-380.
doi:10.1142/S0219024905003049

De La Torre, O. (2013) “Orthogonal GARCH matrixes in the active portfolio management
of defined benefit pension plans: A test for Michoacan”. Economia, Teoria y Practica. 39,
pp-119-144. ISSN 2448-7481. doi: 10.24275/ETYPUAM/NE/392013/DelaTorre

Dube S. (2016). “Multivariate ¢- distribution and GARCH modelling of Volatility and Con-
ditional Correlations on BRICS Stock Markets” Journal of Applied Finance & Banking,
6 (2), pp. 53-82. http://www.scienpress.com/Upload/JAFB %2FVol%206_2_4.pdf

Engle, R. and Kroner,K.(1993) “Multivariate Simultaneous Generalized ARCH”, University
of San Diego, Discussion paper 87-57R. doi: 10.1017/50266466600009063

Engle, R.F. (2000) “Dynamic conditional correlation - A simple class of multivariate
GARCH models” pdf version available from http://weber.ucsd.edu/~mbacci/engle/cv.ht-
ml. doi: 10.1198/073500102288618487

Hafner, C., & Preminger, A. (2009). “Asymptotic Theory for a Factor GARCH Model. Eco-
nometric Theory”, 25 (2), pp. 336-363. doi:10.1017/S0266466608090117

Godknows, Isenah and Olubusoye (2016). “Empirical model for forecasting exchange rate
dynamics: The GO-GARCH approach”, CBN Journal of Applied Statistics,The Central
Bank of Nigeria, Vol. 7, Iss. 1, pp. 179-208. doi:10419/191680

Litterman, R. and Scheinkman, J. (1991) “Common Factors Affecting Bond Returns”, The
Journal of Fixed Income. doi:10.3905/jf1.1991.692347

Roley, V. Sellon and Gordon H, Economic Review Federal Reserve Bank of Kansas City;
80 (4) (fourth Quarter 1995).

Van Der Wiede R. (2002) “Go-GARCH: A Multivariate Generalized Orthogonal GARCH
Model”, Journal of Applied Economics 17: 549-564. doi: 10.1002/jae.688

22



R. Alvarez del Castillo Penna, et al. | Contaduria y Administracion 65(3) 2020, 1-25

Annex

Table A1
(R code)

Principal Components:

iasas2 <- read.csv("Datos tasas.csv")
tasas2<-tasas2/100
rates<-ts(tasas2[,1:14].frequency=c(260))
cetes<-ts(tasas2[.15:21].frequency=c(260))

bonos<-
ts(tasas2[,30:46].frequency=c(260))

udib<-ts(tasas2[.22:29].frequency=c(260))
drates<-diff(rates,1)

dcetes<-diff(cetes, 1)
Adbonos<-diff(bonos,1)

dudib<-diff(udib, 1)

drates<-diff(rates,1)-colmean(drates)
Mcetes<-diff(cetes, 1)-colmean(dcetes)
dbonos<-diff(bonos,1)-colmean(dbonos)

dudib<-diff(udib, 1)-colmean(udib)

ComTIE<-princomp(drates, cor=T)

Cetets3<-ComCetesS$scores[,3]

Bonots1<-ComUdib$scores[,1]
Bonots2<-ComUdib$scores[,2]

Bonots3<-ComUdib$scores[,3]

Udits1<-ComUdib$scores[,1]
Udits2<-ComUdib$scores[,2]

Udits3<-ComUdib$scores[.3]

Bl<-eigen(cor(drates))$values

B2<-eigen(cor(dcetes))$values

B3<-eigen(cor(dbonos))$values

B4<-eigen(cor(dudib))$values

Othogonal GARCH Estimation:

library (fGARCH)

http://dx.doi.org/10.22201/fca.24488410e.2020.2377

Cetegm3<-
GARCHFit(~GARCH(1.1).data=Cetets3)

Al<-Cetegm1@fit$seriesSh
A2<-Cetegm2(@fit$series$Sh

A3<-Cetegm3@fit$seriesSh

A=cbind(A1,A2,A3)

write.table(A,"~/TIIEGARCH.csv")

Bonogml<-
GARCHFit(~GARCH(1.1).data=Bonots1)

Bonogm2<-
GARCHFit(~GARCH(1.1).data=Bonots2)

Bonogm3<-
GARCHFit(~GARCH(1.1).data=Bonots3)

Al<-Bonogml@fit$seriesSh
A2<-Bonogm2@fit$series$h

A3<-Bonogm3@fit$seriesSh

ComCetes<-princomp(dcetes, cor=T)
ComBonos<-princomp(dbonos, cor=T)
ComUdib<-princomp(dudib, cor=T)
plot(ComTIIE)

plot(ComCetes)

plot(ComBonos)

plot(ComUdib)

TIIEts1<-ComTIIE$scores[,1]
TIIEts2<-ComTIIES$scores[,2]

TIIEts3<-ComTIIES$scores[,3]

Cetets1<-ComCetesS$scores[.1]

Cetets2<-ComCetesS$scores[.2]

TIEgml<-
GARCHFit(~GARCH(I.1).data=TIIEts1)

TIEgm2<-
GARCHFit(~GARCH(1.1).data=TIIEts2)

TIIEgm3<-
GARCHFit(~GARCH(I.1).data=TIIEts3)

Al<-THEgm]@fit$seriesSh
A2<-THEgm2@fit$seriesSh

A3<-THEgm3@fit$seriesSh

A=cbind(A1,A2,A3)

write.table(A."~/TIIEGARCH.csv")

CetegmI<-
GARCHFit(~GARCH(I.1).data=Cetets1)

Cetegm?2<-
GARCHFit(~GARCH(I. 1).data=Cetets2)

A=cbind(A1,A2,A3)

write.table(A,"~/BonoGARCH.csv")

Udigml<-
GARCHFit(~GARCH(1.1).data=Udits1)

Udigm2<-
GARCHFit(~GARCH(1.1).data=Udits2)

Udigm3<-
GARCHFit(~GARCH(1.1).data=Udits3)

Al<-Udigm]@fit$series$Sh

A2<-Udigm2@fit$series$h

A3<-Udigm3@fit$series$Sh

A=cbind(A1,A2.A3)

write.table(A,"~/UdiGARCH.csv")
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Table A2

(Correlation Matrix)
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Table A3

P-Value of Stationary Tests
Stationary Test

Rate
KPSS ADF
3X1 0.1 0.01
6X1 0.1 0.01
9X1 0.1 0.01
13X 1 0.1 0.01
26X1 0.1 0.01
39X1 0.1 0.01
52X1 0.1 0.01
65X 1 0.1 0.01
91X 1 0.1 0.01
130X 1 0.1 0.01
156X 1 0.1 0.01
195X 1 0.1 0.01
260X 1 0.1 0.01
390X 1 0.1 0.01
0-69 0.1 0.01
70- 100 0.1 0.01
101 - 150 0.1 0.01
151 - 200 0.1 0.01
201- 250 0.1 0.01
251- 300 0.1 0.01
301- 364 0.1 0.01
14 dic 2017 0.1 0.01
13jun 2019 0.1 0.01
10 dic 2020 0.1 0.01
09 jun 2022 0.1 0.01
04 dic 2025 0.1 0.01
22 nov 2035 0.1 0.01
15 nov 2040 0.1 0.01
08 nov 2046 0.1 0.01
14 dic 2017 0.1 0.01
14 jun 2018 0.1 0.01
13 dic 2018 0.1 0.01
11 dic 2019 0.1 0.01
11jun 2020 0.1 0.01
10jun 2021 0.1 0.01
09 jun 2022 0.1 0.01
07 dic 2023 0.1 0.01
05 dic 2024 0.1 0.01
05 mar 2026 0.1 0.01
03 jun 2027 0.1 0.01
31 may 2029 0.1 0.01
29 may 2031 0.1 0.01
23 nov 2034 0.1 0.01
20 nov 2036 0.1 0.01
18 nov 2038 0.1 0.01
13 nov 2042 0.1 0.01




