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Abstract—In this paper we present a study of the predictive
ability of the term structure of interest rates over future
recessions in Portugal. The analysis will be based on factor
models in which the term structure of interest rates is determined
by latent factors, corresponding to their level, slope and
curvature. Simple and modified probit and logit models will be
used to examine the forecasting ability of term structure in
predicting economic crises (recessions). Recession periods were
determined based on the methodology proposed by Bry and
Boschan. Our results suggest that all term structure of interest
rates components allow to predict recessions in one-year time
horizons, with an increase in adjustment quality when we include
an autoregressive term as the explanatory variable.

Keywords- Term structure of interest rates; Recessions; Factor
models’ decomposition, Portugal

l. INTRODUCTION

Containing the term structure information on interest rates
of different maturities, being the short-term interest rate related
to the monetary policy and the long-term rate with the
expectations of economic agents regarding the future economic
activity [1], many studies attempt to extract from the term
structure of interest rates information about the future
behaviour of key macroeconomic variables. Indeed, simple
financial indicators, such as interest rates and stock prices, have
shown greater capacity in terms of predicting economic
recessions than compound indices integrating some of the main
indicators [2], especially when objective is the forecast beyond
a quarterly period.

Traditionally, the term spread is considered to be quite
useful in predicting output growth, inflation, industrial output,
consumption and recessions [3]. Positive results have been
found in the literature as to the predictive power of the term
structure of interest rates over recessions ([4]; [5]). However,
there are other ways of proving the relationship between the
term structure of interest rates and economic activity, namely
through the foreign spread [6], stock market return [4], interest
rate differentials between countries [7], exchange rates [8] or
by the estimation of the time structure of interest rates
components extracted thru factor models.

Forecast using the term spread has presented good results in
the literature. However, a number of studies, mainly conducted
in the USA, indicate that the use of all term structure
components contributes to improve the performance. Most
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recently, [9] analyse the predictive ability of the term spread in
the USA by implementing a series of linear and probit models,
finding evidence that there is more information contained in the
shape of the yield curve over economic activity than the one
provided by the term spread alone. Also, the results presented
in [10] indicate that the term structure slope and curvature
together contain more information about future changes in
economic activity than the isolated slope.

Our goal will be to evaluate the forecasting ability of all the
of the term structure components in relation to the probability
of occurrence of future recessions. The literature review shows
that much more needs to be studied for European countries and
for Portugal in terms of the term structure of interest rates
components and their recession prediction ability. In addition,
the date of these recessions can only be compared with the
CEPR data, so we will adopt CEPR’s point of view in the
estimation.

The first contribution of this paper is to explore the ability
of the different term structure components, which extraction is
based of multifactorial models, to predict recessions in
Portugal. The term structure of interest rates illustrates the
short-term and long-term interest rates offered by public debt
securities, reflecting the rate of return of the different
maturities. The forecast of economic growth through the
behaviour of the term structure of interest rates can be done in
two ways: on the one hand, seeking to predict the expected
growth rate at a particular future moment or, on the other hand,
trying to predict the probability of recession occurrence. In this
work, we chose to develop the second. To that end, we used a
non-parametric technique developed by [11], to determine
recessions in Portugal on a monthly basis for the period from
January 1984 to December 2012. Therefore, the second
contribution of this paper is that, using the data obtained from
the estimative of the term structure components and of the
recession periods, we analyse their relationship in terms of
predictability.

1.  DATA AND METHODOLOGY

Our data sample includes public debt securities interest
rates on with different maturities collected from the Portugal
Central Bank for the period from January 1984 to December
2012. The data for determination the term structure
components refers’ to monthly data for the yields of different
maturities. Real GDP data was collected quarterly through the
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OECD and is used to determine the recession periods and then
converted into a monthly series using a methodology to be
presented in the next section.

We begin by estimating the term structure components
using the [12] model and then apply one algorithm to estimate
the periods of expansion and recession. Finally, we join the
previous steps using probabilistic logit and probit models to
calculate the coefficients and the adjustment curves between
both.

The Diebold and Li model used here is an extension of the
three-factor parsimonious parametric model proposed by [13].
According to the authors, the forward curve will be given by:

ft (r)= Py + :BZte_M + ﬂSt;tte_ﬂqT Q)

This function consists of a constant plus a polynomial, an
exponential decay term, being a class of approximation
functions [14]. The solution for the second order differential
equation is the forward approach curve with equal roots for the
spot rates [15]. Thus, the yield curve corresponding to the
Nelson Siegel forward rate curve is given by:

AT 1-e ™
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Where At represents the rate of decrease over time and T the
maturity. Blt, B2t and 3t, are parameters corresponding to the
three dynamic latent factors, which, based on their respective
weights, can be understood as long, medium and short-term
components. In equation (2) the parameter At is a time constant
that determines the rate of exponential decay of the second and
third components.

While some authors prefer to use empirical proxies for
these factors, we prefer a latent factors approach such as [16].
The authors support the option that this approach is based on a
formal model, facilitating economic interpretations and also
allowing the use of information across all maturities.

A solution to adjust the term structure of interest rates
based on the Nelson and Siegel model would be to estimate the
parameters  and A using nonlinear least squares for each
observation t. However, an alternative method to that proposed
by [13] can also be applied, as discussed in [15], which uses a
fixed default value for the parameter At, which allows the
calculation of factor weights. Using ordinary least squares
regressions, we estimate the values of B for each day t.
However, in selecting the appropriate value for the parameter
A, we follow [12]: we select the average rates to represent the
average term rate and, recalling that the parameter At governs
the point where the weight of the factor B3t reaches the
maximum, we choose the value of the parameter At that
maximizes the weight of the medium-term factor. Thus, a
minimum squares regression can be performed on the interest
rate data, obtaining the time series of the estimates of the
parameters § and their corresponding residues.

Thus, as in [17] and [16], we assume that B's follow a first-
order vector autoregressive process which allows us to set the
latent factors model of the interest rate term structure in a
space-state form and to use the Kalman filter to compute the

different estimates. Further details on the space-state model,
comprising both the transition equation and the measurement
equation, relating a set of N observed yields of zero coupon
bonds of different maturities and the three latent factors, are
found in [17] and [16]. The authors also assume that the shocks
in the transition equation and in the measurement equation
follow a white noise process and are mutually uncorrelated and
that the shocks variance matrix is diagonal. This assumption
means that the deviations of observed rates from those implicit
in the term structure of interest rates are not correlated between
maturity and time.

The reliability of the business cycle definition based on
quarterly information may be insufficient to explain the
influence of the term structure of interest rates components
over recessions. The monthly timing of business cycles is
likely to provide more accurate information on the exact
turning points than the quarterly date. Moreover, since the
economic situation is an important variable in empirical
models, applications are designed that require knowledge about
the turning points of the euro-zone business cycle on a monthly
basis. Given the importance of using monthly data, and
following [18], we chose to create a monthly chronology of the
business cycle.

To determine the recessions, we used the non-parametric
method, using the principles of [11] and the underlying
orientation in the dating of business cycles followed by the
NBER. The method developed by Bry and Boschan to detect
maxima and breaks of economic activity uses an algorithm that
allows to identify points of maximum and minimum values of
an individual time series. Its use allows us to identify turning
points based on the movements around the local maxima and
minima values. Initially developed for application to monthly
data, it was later expanded by [19] to allow the identification of
turning points based on monthly and quarterly data. This
algorithm allows us to identify the turning points in six steps.
In a first step the outliers and extreme values are removed. The
second step is based on the smoothing of the time series with a
moving average and on the determination of the approximate
turning points. In the third step, the smoothing of the time
series is reduced and the turning points are adjusted for the new
time series and the definition of the minimum duration for the
cycles is also applied. In the fourth step, the smoothing is
reduced again and the inflection points are readjusted. The fifth
step re-sets the turning points for the original time series and
again imposes a minimum duration for the cycles. In the sixth
step, the turning points calculated in the previous five steps are
presented. In this way, being Yt a representative series of
aggregate economic activity and y, =log(Y;) , a local
maximum is obtained at time tif y, > y, ., wherek=1, 2, ...,
K. A local break will occur at t if y, < y 4., withk =1, 2, ...,
K. The parameter K is usually set at 5 months if the frequency
of the series used is monthly.

Some assumptions have yet to be made. The basic criterion
for defining each phase is that it should last at least 6 months
and that a complete cycle must have a minimum duration of 15
months. The recession would correspond to the period between
the maximum and the break such that, along with the five-
month limit and other criteria, it is not allowed to frame
recessions very often ([19]; [20]). According to [19], four items
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are needed to provide useful information to have a cycle: the
duration of the cycle and its phases, the amplitude of the cycle
and its phases, any asymmetrical behaviour in the phases and
movements accumulated within the phases.

In this work, we determine periods of recession for the
period from January 1984 to December 2012. To achieve this
goal, and given that the GDP data correspond to quarterly
observations, we follow [18] who present two different
procedures for transforming the series: soften the data or
interpolate through the real quarterly GDP data based on an
non-parametric estimate (the cubic spline). Considering the
recess dates (turning points of the economic cycle), the
estimates were always compared with the data provided by the
CEPR in order to improve the reliability of the estimated dates.
In this way, it is guaranteed to identify specific recession points
at a given time for each country under consideration, assuming
that each country is an individual nation within the larger group
of the European Union.

The question then arises as to what kind of variable to use.
In fact, the tests can be performed using two types of
dependent variables: continuous variables, such as real GDP
growth or industrial output, or discrete variables, as a dummy
variable for recessions.

As in [4], we use a dummy as a dependent variable to
define the moment of recession. In a previous study, [2] used a
probit model to predict a recession with a dummy variable, Rt,
which would be 1 if the economy was in recession in period t
or 0 otherwise. The choice to forecast recessions rather than
predicting product growth has an implicit purpose: information
on the predictability and strength of recoveries and expansions
as well as information on when the recession occurs will be
combined and used as an adjustment measure for a product
growth model. Using a dummy variable for recession makes
possible to evaluate the accuracy with which one can predict
the start date and the expected extent of recessions. This work
also uses models in which the dependent variable is
dichotomous, that is, they assume that the variable Y, with Y =
1 orY =0, is only the observable manifestation of an
unobservable variable Y'. Also, [4] use a simple probit model
and propose a quantitative measure of adjusted pseudo R2,
showing that, among the variables studied, the slope of the
term structure of interest rates is the most powerful recession
predictor for quarter forecast. However, the authors use the
spread rather than the decomposition of the term structure
components proposed in this work.

To estimate the probability of a recession at a given point in
time, we start with a non-linear probit model such as [21], [4],
[7], among others, where:

R — {1, recession at time t
t 0, not in recession at time t

©)

were Rt is an observable recess indicator corresponding to a
binary variable that indicates whether the economy is in
recession or expansion, such that:

YVipe=a+ B'X;+ & 4)

Where Yt is an unobservable variable that determines the
occurrence of a recession at time t. o and B are the coefficients

to be estimated, being o constant and f a vector of coefficients.
Xt is the vector of independent explanatory variables and ¢ is
the error term. The parameter k corresponds to the dimension
of the prediction.

The model to be estimated will then be:
PRy =1) =F(a+ B’ Xe) (5)

Where F corresponds to a cumulative normal distribution
function such as -¢.

The simple probit model assumes independent error terms
and evenly distributed around the zero mean. However, [22]
states that this hypothesis is not plausible since, for time-series
data, the error terms can be highly correlated. This led to the
development of the modified probit model, which integrates a
lagged of the dependent variable in order to remove any
possible correlation in the series of errors. In this way, a lagged
of the dependent variable is added as an explanatory variable,
including a dynamic structure to the model. The dynamic or
modified probit model is specified as follows:

PRk =1) =F(a+ .BllXt + B’z Ry) (6)
Where Rt is the lagged dependent variable.

In the same sense, [7] results suggest that the addition of a
lagged dependent variable improves the prediction
performance of the probit model. In this study we also used the
simple logit model and the modified logit model for robustness
tests. We will conclude that the logit model does not bring
additional benefits to those obtained using the probit model,
only confirming the robustness of the results.

As mentioned, when comparing the adjustment quality for
the nonlinear model, the standard and adjusted R2 is no longer
an adequate measure. With this in mind, [4] suggest an
alternative method to measure the quality of the adjustment of
estimated nonlinear equations corresponding to the coefficient
of determination of a standard linear regression model. This
measure was known as the pseudo R2 and can be represented

by:
L (oot
Pseudo R® :1—(”}
- )
Ln is the maximum unrestricted value of the likelihood
function L and Lc the maximum value of the constrained
model based on the assumption that all coefficients are zero,
except for the constant term o. N is the number of observations
in the model. [4] mention that this function guarantees that the
values 0 and 1 correspond to zero of adjustment and to perfect
adjustment, respectively. The pseudo R2 is used in conjunction
with the probabilities of the estimated coefficients and Z
statistics in order to determine the correct lag that produces the
best model fit for all variables studied [23].

The simple and modified probit and logit models used here
were estimated using the term structure of interest rates
components as explanatory variables, in addition to the
autoregressive variable for the modified versions, with forecast
horizons ranging from 1 to 18 months. The statistical
significance of the estimated coefficients is measured by the Z
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statistic and by the probability statistics, in both versions of the
model, in order to determine the explanatory power of the term
structure of interest rates components over European
recessions. The optimum forecast horizon is determined by the
size of the offset that produces the highest pseudo R2. In the
following section we present the estimation results.

I1l.  RESULTS

Figures 1 present the results of the recession periods
estimation for Portugal and of the term structure components in
the following order: level, slope and curvature.
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Note: This figure presents the recession periods identified for Portugal
(grey) and the three term structure components evolution (red line). The first
plot refers to the level (NS1), the second to the slope (NS2) and the third to the
curvature (NS3). The data period considered goes from January 1984 to
December 2012. Values in the Y axis refer to units in the case of the level and
to percentage for slope and curvature.

Figure 1. Recessions evolution and term structure components estimation for
Portugal

The estimated coefficients, the pseudo R2 and the estimated
value of the likelihood function are presented in Tables 1 and
2, considering a simple probit estimate and a modified probit
estimate and forecast periods of 1 to 18 months.

Our results remain virtually unchanged when we use the
simple logit model instead of probit. The logit results are very
similar to those of probit and results of one of the models only
reinforces in terms of the other model's robustness. The logit
model does not bring added value to the estimates is even more
evident in terms of the robustness test when considering the
case of the modified models, that is, including the
autoregressive term. The main observable difference refers to
the adjustment quality measure, which increases when the
lagged recession variable is considered as an independent
variable in the estimates. As such, we only present here the
probit results.

Results also prove that the inclusion of the lagged
dependent variable as independent predictor greatly improves
the results in terms of the adjustment quality. As such, during
periods of recession the pseudo R2 increases significantly, thus

reinforcing the explanatory power of the model especially in
the one month forecast horizon, thus increasing the persistence
in the phases of the cycle. Also, in general terms, when the
autoregressive term is included, the other explanatory variables
maintain their significance, which reinforces our results.
However, in some specific forecasting horizons, some of the
variables lose significance, but do not lose their explanatory
power, which makes them important indicators to explain
recessions in Portugal.

TABLE I. ESTIMATES OF PROBABILITY OF RECESSION,

SIMPLE PROBIT, PT

consta bl b2 b3 PsR2 LogL

h=1  -0.249 20.070%%*  -0.116%** 0.136***  0.226 141.740
(0.21) (0.02) (0.04) (0.03)

h=2  -0.132 -0.084%**  -0.114%** 0.148***  0.226 -138.454
(0.22) (0.02) (0.04) (0.03)

h=3  0.160 S0.118%**  -0.108*** 0.187***  0.263 -130.660
(0.24) (0.03) (0.04) (0.03)

h=4  0.348 S0.139%**%  -0.097*** 0.213***  0.288 -126.112
(0.25) (0.03) (0.04) (0.04)

h=5  0.429 -0.148***  -0.085* 0.218***  0.293 -125.001
(0.26) (0.03) (0.04) (0.04)

h=6  0.455%  -0.150%**  -0.095** 0.225%**  0.294 -124.605
(0.26) (0.03) (0.05) (0.04)

h=7  0.470%  -0.151***  -0.119%** 0.237***  0.295 -124.270
(0.26) (0.03) (0.05) (0.04)

h=8  0.50* S0.15%RR 0. 13%* 0.24%** 0,29 -124.60
(0.26) (0.03) (0.06) (0.04)

h=9  0.55%*  -0.16%**  -0.13%** 0.25%**  0.29 -124.76
(0.27) (0.03) (0.06) (0.04)

H=10 0.53%*  -0.15%**  .0.14** 0.24***  0.28 -127.13
(0.26) (0.03) (0.06) (0.04)

h=11  0.47* S0.15%*%  -0.14%* 0.23***  0.26 -130.22
(0.25) (0.03) (0.06) (0.04)

h=12  0.47* S0.14%%%  0.15%** 0.23%** 025 -131.15
(0.25) (0.03) (0.06) (0.04)

h=13  0.44* S0.14%%%  0.16%** 0.23%** 024 -133.00
(0.25) (0.03) (0.06) (0.04)

h=14  0.42* S0.14%*%% Q1T 0.22%**  0.23 -134.27
(0.24) (0.03) (0.06) (0.04)

h=15  0.42* S0.14%*%% 019 0.23***  0.23 -134.75
(0.24) (0.03) (0.06) (0.04)

h=16  0.43* S0.14%%%  0.20%** 0.23*** 022 -135.52
(0.24) (0.03) (0.06) (0.04)

h=17  0.38 S0.13%%  0.21%* 0.23%** 021 -136.97
(0.24) (0.03) (0.06) (0.04)

h=18  0.31 S0.12%%%  0.22%% 0.22%**  0.20 -139.49
(0.23) (0.02) (0.06) (0.04)

Notes: This table presents the coefficients estimated by the simple probit. Const
refers to the constant term, b1 to the level component, b2 to slope and b3 to the
curvature component of the estimated term structure. The dependent variable is
a binary variable, which corresponds to 1 if there is a recession period and 0 in
the other cases. PsR2 refers to the estimate of pseudo-R2, while Logl is the
estimated value of the likelihood function. h represents the forecast periods
ranging from 1 to 18 months. The estimated default errors are in parentheses.
*** ** and * indicate significance for the significance levels of 1, 5 and 10%,
respectively. The sample observations are monthly and refer to the estimation
period from January 1984 until December 2012.

Considering the simple probit model, for all forecasting
horizons, all of the term structure of interest rates components
have a statistically significant impact, meaning that all of them
have predictive power over recessions, having as well similar
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values for the adjustment quality for all the forecast horizons
considered. This is justified by the characteristics of the
country under consideration; Portugal was the target of a rescue
of the European Union due to the recent financial crisis, which
translated into deep reforms within the country in order to
overcome the internal deficit.

We observe a negative impact of level and slope and the
positive impact of the curvature component when we include in
the probit regressions the autoregressive term. This negative
sign implies that with the decrease in the level and slope of the
term structure, the prospect of recession increases, which is in
line with most previous studies in the literature on less
developed markets such as Turkey, who consider the slope as a
regressor.

However, when the autoregressive term is included, there is
a positive impact on the probability of recession in Portugal but
only up to 12-month forecast horizons. In addition, values of
the adjustment quality increase when this additional term is
included in the analysis, also decreasing when the forecast
horizon increases. Nevertheless, in very short horizons the
level, slope and curvature components lose some significance
and the coefficient of the autoregressive term loses its
significance for forecast horizons of 11, 12 and 13 months.

TABLE IL. ESTIMATES OF PROBABILITY OF RECESSION,
MODIFIED PROBIT, PT
consta bl b2 b3 b4 psr2 logl
h=1  1.690*** -0.053 -0.087 0.082 3.628***  0.813 33.736
(0.40) (0.04) (0.09) (0.06) (0.33)
h=2  -1.226*** -0.072**  -0.102 0.115** 2.935***  0.692 -55.005
(0.33) (0.03) (0.07) (0.05) (0.27)
h=3 -0.672** -0.115*** -0.111 0.176***  2.492***  0.616 -68.086
(0.31) (0.04) (0.07) (0.05) (0.25)
h=4 -0.343 -0.137***  -0.112* 0.208"***  2.162***  (0.558 -78.197
(0.31) (0.04) (0.07) (0.05) (0.24)
h=5  -0.189 -0.139***  -0.109 0.208***  1.839***  0.495 -89.247
(0.30) (0.04) (0.07) (0.05) (0.23)
h=6 -0.078 -0.139***  -0.126* 0.216"***  1.561***  0.442 -98.495
(0.30) (0.03) (0.07) (0.05) (0.22)
h=7  0.020 -0.139***  -0.145%*  0.225***  1.293*** 0.397 -106.358
(0.29) (0.03) (0.07) (0.05) (0.22)
h=8 0.14 -0.14%**  -0.14** 0.23*** 1.04%** 0.36  -113.09
(0.28) (0.03) (0.06) (0.04) (0.22)
h=9 0.29 -0.15%**  -0.14** 0.23*** 0.78*** 0.33  -118.28
(0.28) (0.03) (0.06) (0.04) (0.22)
h=10 0.34 -0.15%** -0.14** 0.23*** 0.54** 0.29 -124.07
(0.27) (0.03) (0.06) (0.04) (0.22)
h=11 0.37 -0.14%**  -0.14** 0.22%** 0.30 0.26  -129.28
(0.26) (0.03) (0.06) (0.04) (0.22)
h=12 0.46* -0.14%**  -0.15%**  0.23*** 0.04 0.25 -131.14
(0.26) (0.03) (0.06) (0.04) (0.22)
h=13 0.51** -0.14%** -0.16*** 0.23*** -0.25 0.24 -132.42
(0.26) (0.03) (0.06) (0.04) (0.24)
h=14 0.59** -0.15***  -0.18***  (.25*** -0.62%* 0.25  -131.25
(0.25) (0.03) (0.06) (0.04) (0.26)
h=15 0.64** -0.15%** 0. 21%**  0.26*** -0.82***  0.25  -130.05
(0.25) (0.03) (0.06) (0.04) (0.28)
h=16 0.64** -0.15%** 0. 22%**' (. 26*** -0.85***  0.25  -130.54
(0.25) (0.03) (0.06) (0.04) (0.28)
h=17 0.56** -0.14%*** -0.23*** 0.25*** -0.71%** 0.23 -133.26
(0.25) (0.03) (0.06) (0.04) (0.27)

h=18 0.45% S0.13%*%  L0.23%%*  0.23%%%  .054%* 021
(0.24)  (0.02) (0.06) (0.04) (0.25)

-137.13

Notes: This table presents the coefficients estimated by the modified probit.
Const refers to the constant term, b1 to the level component, b2 to slope and b3
to the curvature component of the estimated term structure. The dependent
variable is a binary variable, which corresponds to 1 if there is a recession
period and 0 in the other cases. PsR2 refers to the estimate of pseudo-R2, while
Logl is the estimated value of the likelihood function. h represents the forecast
periods ranging from 1 to 18 months. The estimated default errors are in
parentheses. ***, ** and * indicate significance for the significance levels of 1,
5 and 10%, respectively. The sample observations are monthly and refer to the
estimation period from January 1984 until December 2012.

Figures 2 and 3 shows the predictive power of both logit
(the red line) and probit (the blue line) models estimated for the
different forecast horizons, that is, 1, 3, 6, 9, 12 and 15 months.
Again, we note that the use of one or the other model is
indifferent. In these plots, we present the probability of a
recession given by the model, that is, the adjustments of the
model in both logit and probit estimates.
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Figure 2. Recessions and predictive power of simple logit and probit models
for forecast horizons of 1, 3, 6, 9, 12 and 15 months.
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Figure 3. Recessions and predictive power of modified logit and probit
models for forecast horizons of 1, 3, 6, 9, 12 and 15 months.

The results robustness reinforces the assertion that the term
structure of interest rates should be considered a useful
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predictor of recessions in Portugal and all term structure
components can be used as a good indicator of recession. This
predict ability remains unchanged when the probit model is
extended to include the autoregressive term, as well as when
we use the simple logit and modified logit models, including
only term structure components or including term structure
components and the autoregressive term.

IV. SUMMARY AND CONCLUSIONS

This paper analyses the forecasting ability of the term
structure of interest rates components for Portugal, considering
monthly data from interest rate public debt with different
maturities.

The results indicate that the term structure of interest rates
components slope and level have a significant influence over
the whole period and forecast horizons considered. The
positive sign of curvature indicates that when it decreases, the
probability of recession also decreases. The level and the slope
have a negative influence on the recession probability.

In addition, the measure of the adjustment quality improves
when the autoregressive term is included. Nevertheless, this
adjustment quality decreases when the forecast horizon
increases, making it clear that the forecasting power of the term
structure of interest rates appears to be declining over time, as
other authors' results confirm.

Future research includes the application to other European
countries (currently under development) as well as the
inclusion of other macroeconomic aggregates to assess the
forecasting ability of the term structure of interest rates.
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