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1 Introduction

The question of what lies behind the different unemployment rates in Latin America
remains a subject of intense scrutiny. Why unemployment is substantially high in some
economies or relatively stable and low in others are questions of tremendous policy impli-
cations. Economic theory suggests that labor market outcomes might be either structural
or linked to hysteresis effects. In this latter case, hysteresis theories might enlighten us
about the best strategy of macroeconomic stabilization to reduce unemployment in the
long run. On the other hand, if unemployment is structural, then policies that seek to
solve certain structural problems related to the relative economic backwardness of these
economies may be more effective than stabilization policies in bringing down the unem-
ployment rate.

This document attempts to distinguish between the hypotheses of hysteresis and struc-
tural unemployment using Bayesian time-series methods. This study brings the case of
three Latin American countries with different degrees of development; the medium in-
dustrialized Mexico and the more commodity-exporting Colombia, as extreme cases. In
the middle, we have the-medium-industrialized-commodity-exporting Brazil. These three
countries exhibit drastic differences in terms of the unemployment rate level. On the one
hand, we have Mexico with a stable low unemployment rate, and, on the other, Colombia
with a stubbornly high unemployment rate. Brazilian unemployment, for its part, has
fluctuated constantly between high and low levels.

The concept of hysteresis was first introduced in economics to explain the considerable
rise in the unemployment rate in Europe during the 1980s. However, less is known about
hysteresis in developing countries, in particular, Latin American economies. Unemploy-
ment has also been a pervasive macroeconomic problem in the region, and the concept of
hysteresis well might be employed to explain it. Hysteresis concept, as initially introduced
by Blanchard and Summers (1986), maintains that long term unemployment, typically
referred to as the natural rate, might be influenced by the vicissitudes of actual unemploy-
ment. In other words, disturbances that impact unemployment cause a departure from
its natural rate and affect it persistently since those disturbances also shift the natural
rate.

A key aspect not well developed in the literature is the nature of hysteresis effects.
These effects are typically associated with shifts in aggregate demand, which induce un-
employment to react with high persistence over time. Ball (2009) presents empirical
evidence on the presence of hysteresis effects associated with shifts in aggregate demand
for developed countries. However, developing countries are structurally different from
developed economies, and consequently, unemployment might react with high persistence
to supply shocks.

In this document, we use a structural time series model to assess if unemployment
rates in Brazil, Colombia, and Mexico exhibit hysteresis and what the nature of hystere-
sis is. In particular, we follow Jaeger and Parkinson (1994) by employing an unobserved
components model that splits the actual unemployment rate into trend and cyclical com-
ponents to explore the possibility that unemployment cycles cause persistent increases in
the natural rate of unemployment. Relying on the literature on hysteresis (Blanchard and
Summers, 1986), the hysteresis model of Jaeger and Parkinson (1994) postulates that the
cycle modifies the trend permanently; that is, that the cycle drives the trend.

The decomposition of actual unemployment into natural and cyclical components pro-
posed here implies that the natural rate stands for the rate of unemployment that would
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occur in the absence of cyclical fluctuations. Thus, the natural rate component repre-
sents the sum of structural and frictional unemployment (Rissman, 1986). Consequently,
if there is no evidence of hysteresis effects, long run unemployment must be driven ex-
clusively by structural determinants and labor market frictions. To make this document
comparable to recent literature that employs multivariate unobserved components mod-
els that treat trend and cycle as latent variables (e.g., Laubach (2001) and Berger and
Everaert (2008)), we denote the long run or trend unemployment as the natural rate of
unemployment.

An advantage of using the bivariate approach developed by Jaeger and Parkinson
(1994) is that it extends the univariate approach to incorporate more information to de-
tect the presence of hysteresis. Thus, alternative variables can be used to identify cyclical
unemployment movements to capture potential sources of hysteresis effects. Different
specifications of the unobserved components model would allows us to determine if ag-
gregate demand is the primary source of hysteresis effects or if aggregate supply can play
any role. A disadvantage of Jaeger and Parkinson’s (1994) approach, however, is the
original model’s rigidity as it does not allow to capture changes in economic conditions
since the key parameters are constant. In this regard, Pérez-Alonso and Sanzo (2010)
using a non-linear unobserved components approach, found that allowing for changes in
the hysteresis parameter is essential to capture unemployment hysteresis dynamics.

Motivated by Pérez-Alonso and Sanzo (2010), we modify the original model of Jaeger
and Parkinson (1994) and estimate the hysteresis parameter as a stochastically evolving
coefficient to capture potential changes in hysteresis. Additionally, we also allow for a
more flexible error structure, which is especially relevant for countries facing crises and
policy changes with impacts on variability in key macroeconomic variables. We based
our decision of allowing for time variation in parameters and variances on a growing
body of empirical evidence that emphasizes the importance of time-varying structures in
explaining the macroeconomic data (Sims and Zha, 2006).

Our approach differs from the original specification developed by Jaeger and Parkin-
son (1994) in considering that the scar shocks leave on the natural rate can change over
time. The economic intuition of this time variation in hysteresis is that in the course
of development, economic activity is punctuated by small and big crises, and therefore
the impacts of business cycles on unemployment can vary over time. We suggest that
the magnitude of the unemployment movements is essential to the trace shocks leave on
the natural rate and that this magnitude can change throughout development. Moreover,
allowing for stochastic volatility in the error term is vital to avoid any bias toward the er-
roneous finding of time-varying coefficient. As in the literature on the origins of the Great
Moderation (Gaĺı and Gambetti, 2009), time-varying volatility and coefficient instability
are rivals explaining the data.

Jaeger and Parkinson (1994) estimate the unobserved components model using the
Kalman filter and maximum likelihood. Instead, we use modern Bayesian methods to
estimate our model. The reason is that we extend their original specification by allowing
(but not forcing) the hysteresis parameter to change over time and stochastic processes
to exhibit stochastic volatility. This extension incorporates additional issues related to
model specification and estimation that are non-regular from a classical point of view,
making standard Kalman filter techniques not directly applicable. Hence, we employ
the Bayesian stochastic model specification search outlined in Frühwirth-Schnatter and
Wagner (2010) to cope with these modeling problems.

Methodologically, this study is similar to that of Berger et al. (2016), Berger and
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Kempa (2019), and Grant and Chan (2017), which employ Bayesian stochastic model
specification search. These studies, however, are focused on the US case, and the question
of hysteresis is absent. Pérez-Alonso and Sanzo (2010) employ Jaeger and Parkinson’s
(1994) approach to detect unemployment hysteresis in some developed countries. Pérez-
Alonso and Sanzo (2010) also propose an extension of the original empirical procedure
of Jaeger and Parkinson (1994) by allowing the hysteresis parameter to switch between
regimes. Their results suggest that unemployment in the US exhibits hysteresis, thus
reversing the previous results of Jaeger and Parkinson (1994) and of the bulk of empirical
works that have failed to find hysteresis effects in the US (see, Nelson and Plosser (1982)
and León–Ledesma (2002)). Berger and Everaert (2008) also use a Bayesian framework
to estimate a structural model explaining unemployment by demand and supply factors.
Their work relates to ours since both attempt to determine whether demand or supply
determines unemployment persistence. They show that for the US, demand forces seem
to be more dominant in explaining unemployment variation.

Importantly, the empirical literature on hysteresis in Latin American countries is
scarce. Some relevant examples of research into hysteresis in Latin America include the
works of Ayala et al. (2012) and Ball et al. (2013). Ayala et al. (2012) use a battery
of univariate time-series procedures to distinguish between the hypotheses of hysteresis
and structural unemployment. The latter is defined as a mean-reverting unemployment
rate that features structural breaks. Their results support the structural unemployment
hypothesis in Colombia and Mexico. On the other hand, Ball et al. (2013) examine sig-
nificant and persistent increases in unemployment over time in Latin America, finding
that they are caused by contractions in aggregate demand. In Colombia, the contraction
in aggregate demand was caused by a severe tightening of monetary policy motivated by
the central bank’s desire to reduce inflation. Following the intuition on hysteresis, they
conclude that these findings are evidence of unemployment hysteresis.

The present work seeks to contribute to the empirical literature on hysteresis and
its nature in Latin America. The main contributions of our study can be summarized
as follows. The Bayesian stochastic model specification search overwhelmingly rejects
the possibility of a time-varying hysteresis parameter, suggesting that the time varying
coefficient is irrelevant to capture hysteresis dynamics, in the three countries considered.
In this regard, the study reveals that time-varying volatility is the primary source of
instability in the data. Our results evince an absence of hysteresis in Colombia, which
leads us to conclude that the high Colombian unemployment is driven by structural
factors. In Mexico and Brazil, we find evidence of constant hysteresis effects, but in
Mexico, aggregate demand seems to be the driving force of hysteresis, while in Brazil,
hysteresis effects are supply-driven.

The remainder of the document proceeds as follows. Section 2 introduces the unob-
served components model in the spirit of Jaeger and Parkinson (1994) but incorporating
the features of a time-varying hysteresis parameter and stochastic volatility. Section 3
presents the Bayesian estimation, the prior setup, and the corresponding Markov Chain
Monte Carlo (MCMC) algorithm, all inspired by Frühwirth-Schnatter and Wagner (2010).
Section 4 presents the main results, while section 5 offers an alternative specification of
the model introduced in section 2 to check for alternative sources of hysteresis effects.
Finally, section 6 concludes that the hysteresis nature or its absence can be attached to
the degree of development in each country.
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2 The unobserved components model

This section lays down the empirical unobserved components model for the unemploy-
ment rate, similar in spirit to Jaeger and Parkinson (1994). We start from the additive
decomposition of the unemployment rate (ut) into a nonstationary trend and the transi-
tory deviation from the trend given by

(2.1) ut = uτt + uct ,

where uτt denotes the subjacent trend of unemployment, which might be interpreted as
the natural rate component, and uct stands for cyclical unemployment. Since hysteresis
affects the natural rate by definition, this natural component evolves as

(2.2) uτt+1 = uτt + αtu
c
t + ητt , ητt

i.i.d.∼ N (0, σ2
η,τ ),

where αt represents the fraction of the cycle integrated into the natural rate referred to as
hysteresis. Hence, the coefficient captures the natural rate increases after a cyclical move-
ment in the unemployment rate. The hysteresis model was proposed for unemployment
by Jaeger and Parkinson (1994) to formalize the idea that a rise in cyclical unemployment
can lead to a permanent increase in the natural rate. This model presents a permanent
component with richer dynamics than a pure random walk due to the correlation of the
components it suggests. However, evidence in favor of αt = 0 implies that the natural rate
evolves therefore as a random walk, which is a typical assumption in the extant literature.

The key feature of this framework that we want to concentrate on is the evolution of
αt. We consider increasing the flexibility of the original proposal of Jaeger and Parkinson
(1994) by allowing the coefficient α to vary over t. We model the varying coefficient αt
as a smooth stochastic process of the form:

(2.3) αt+1 = αt + ηαt , ηαt
i.i.d.∼ N (0, σ2

η,α).

Relaxing the assumption of a constant parameter may allow a better estimation of
hysteresis dynamics if it exists (Pérez-Alonso and Sanzo, 2010). The random walk speci-
fication of αt allows for a very flexible evolution of the parameter over time, particularly
convenient to capture smooth transition and structural change. In the context of this
study, the time-varying coefficient is convenient to connect business cycles, expressed in
the form of cyclical unemployment and non-linearities.

For its part, the cyclical component of the unemployment rate, uct , is specified as a
zero-mean stationary autoregressive process of order two. Thus,

(2.4) uct+1 = β1u
c
t + β2u

c
t−1 + exp {hct}ηct , ηct

i.i.d.∼ N (0, 1).

To identify the model, the system is completed by augmenting it with an equation
that connects output growth (gt) with the unemployment cyclical component given by

(2.5) gt = γ1gt−1 + γ2u
c
t + exp {hgt}η

g
t , ηgt

i.i.d.∼ N (0, 1).
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Equation (2.5) can be interpreted as a version of Okun’s law, in which output growth
relates to the unemployment cyclical component. In this specification, γ2 stands for the
Okun coefficient, which is expected to be negative. Thus, when the unemployment rate
is above its natural rate, output growth is slowing on average. This inverse relationship
between cyclical unemployment and output growth is a feature of the demand side of
the economy, in which output grows during a cyclical recovery lead firms to create jobs
and hire unemployed workers. Conversely, output falls in a recession trigger employment
destruction, and some workers end up joining the ranks of the unemployed.

Hence, the choice of Okun’s law is an effort to test for potential hysteresis effects
in a framework in which unemployment interacts with aggregate demand measured by
gt. For example, considering that the economies contemplated in this study are open
economies, we might expect that, in line with Thirlwall’s (1979) balance-of-payments-
constrained growth model, the growth in world demand accelerates income growth in
these economies, causing a reduction in the unemployment rate.

Note that the choice of the additional variable needed to identify the model is relatively
arbitrary. There exist alternative closure equations, but in this particular scenario, we
want to examine whether hysteresis rises in the presence of changes in the aggregate
demand denoted by gt. The selection of the variable is motivated by the previous results
of Ball et al. (2013) that suggest that hysteresis in Latin America is demand-driven.

Finally, β1, β2, and γ1 are parameters to estimate and the stochastic volatility terms
exp {hit} are included to capture the time variation in the variances of the innovations.
Stochastic volatilities are modeled as random walks

(2.6) hit+1 = hit + ηh
i

t , ηh
i

t
i.i.d.∼ N

(
0, σ2

η,hi

)
,

for i = c, g. The random walk assumption for the stochastic volatility component is
common in macroeconometrics (see, e.g., Cogley and Sargent (2005), Primiceri (2005),
Cogley et al. (2010)). This assumption is in line with the smooth transition specifications
used in previous research to capture highly persistent or permanent changes in volatility,
such as the upsurge in volatility during crisis episodes.

3 Bayesian estimation

3.1 Stochastic model specification search

The empirical model outlined in Section 2 nests alternative models of interest. How-
ever, choosing between these alternative models poses some issues related to model spec-
ification and estimation. In particular, issues related to whether the hysteresis parameter
is time-varying or constant or whether all the variances of innovations exhibit stochastic
volatility. Therefore, we must determine what components to include and decide whether
they are fixed or time-varying. However, model specification for state-space models is
a challenge as this leads to non-regular testing problems. Consider, for instance, the
question of whether αt should be modeled as constant or varying over time. Although
αt can be filtered using the Kalman filter and the variance of the innovations σ2

η,α can
be estimated using Maximum Likelihood, the question of whether the time variation is
relevant implies testing σ2

η,α = 0 against σ2
η,α > 0, which is a non-regular testing problem

as the parameter lies on the boundary of the parameter space under the null. A similar

5



problem arises when testing whether the stochastic volatilities are relevant.
The Bayesian approach can be invoked to cope with such non-regular testing prob-

lems. In particular, we follow Frühwirth-Schnatter and Wagner (2010) by working with
their Bayesian stochastic model specification search. This approach involves two trans-
formations to the original model: (i) non-centering and (ii) parameter expansion. In the
first transformation, the initial value is subtracted from all states such that the transfor-
mation moves the initial state and the standard deviation into the mean equation leaving
no unknown parameters in the state equation. The second transformation in the ap-
proach of Frühwirth-Schnatter and Wagner (2010) entails introducing an indicator that
randomly takes the values −1 or 1 to decide if a particular component of the model is
fixed or changes over time. The exact implementation applied to our state-space model
is outlined below.

3.1.1 Non-centered parameterization

Motivated by Frühwirth-Schnatter and Wagner (2010), we rearrange the data-generating
process for the time-varying parameter αt in equation (2.4) to remove the parameter to
be restricted (ση,α). The transformed equation is

(3.1) αt+1 = α0 + ση,αα̃t+1,

with α̃t+1 = α̃t + ε̃t, α̃1 = 0, ε̃t
i.i.d.∼ N (0, 1), and α0 as the initial value of αt+1.

The resulting non-centered parameterization has the convenient property that state
equation error standard deviation, ση,α, can conditionally be treated as a standard regres-
sion coefficient with support R (Chan and Strachan, 2021).

A crucial aspect of the non-centered parameterization is that it introduces an iden-
tifiability problem: multiplying the components ση,α and α̃t by −1 will not change their
product in equation (3.1). Consequently, we obtain an observationally equivalent repre-
sentation characterized by the same likelihood by switching the sign to both elements.
Hence, the likelihood function is symmetric around zero along the ση,α dimension and
therefore multimodal. If the hysteresis parameter varies over time, i.e., σ2

η,α > 0, then
the likelihood function will concentrate around the two modes −ση,α and ση,α. However,
Frühwirth-Schnatter and Wagner (2010) pointed out that this identifiability problem has
no bearing on the centered model’s inferences. Besides, when σ2

η,α = 0 the likelihood func-
tion will become unimodal around zero, which means that allowing for non-identification
of ση,α provides useful information on whether σ2

η,α > 0.
Likewise, the stochastic volatility terms can be reparameterized as follows:

(3.2) hit+1 = hi0 + ση,hih̃
i
t+1,

where h̃it+1 = h̃it + υ̃it, h̃
i
1 = 0, υ̃it

i.i.d.∼ N (0, 1).

3.1.2 The Parsimonious Specification

The non-centered parameterization is helpful for model selection both for the com-
ponents and the dynamics of the model coefficients and the innovation variances. The
question of whether the hysteresis parameter or the variances of innovations vary over
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time or not can be expressed as a variable selection problem in equations (3.1) and (3.2).
To deal with this variable selection problem, Frühwirth-Schnatter and Wagner (2010)
introduce the parsimonious specification

(3.3) αt = α0 + λση,αα̃t,

where λ is a binary indicator which is either 0 or 1. This binary parameter plays a variable
selection role in which λ = 1 corresponds to the full model and therefore α̃t is included
and ση,α is estimated from the data. Conversely, λ = 0 turns off the component α̃t in the
model such that α0 represents the constant parameter.

Likewise, the parsimonious non-centered parameterization of the stochastic volatility
terms in equation (3.2) is given by

(3.4) hit = hi0 + θiση,hih̃
i
t,

for i = c, g and where θi ∈ {0, 1} is another binary indicator. If θi = 0, the component h̃it
drops from the model pushing the model towards a homoscedastic specification such that
(exp{hi0})

2
represents the constant variance. If θi = 1 then h̃it is included in the model

and ση,hi is estimated from the data. In this case (exp{hi0})
2

is the initial value of the
time-varying variance of ηit.

3.2 Prior distributions

The Bayesian estimation approach requires defining prior distributions for the model
parameters of interest. In this regard, variable selection is sensitive to the prior choice.
For instance, the shape and scale hyperparameters of the more commonly used inverted
gamma distribution on the variances strongly influence the posterior distribution if the
variance’s actual value is close to zero. Since the inverted gamma is bounded away from
zero, it artificially pulls probability mass away from zero. This is particularly impor-
tant when interest centers on determining the variance of the innovations to a particular
parameter for which we want to determine its time variability.

Following Frühwirth-Schnatter and Wagner (2010), we replace the typical inverted
gamma prior on a variance parameter σ2 with a normal prior centered at zero on σ.
This avoids prior information for the parameter to drive the variables that are selected.
Frühwirth-Schnatter and Wagner (2010) show that, compared to using an inverted gamma
prior for σ2, the posterior density of σ is much less sensitive to the hyperparameters of
the normal distribution and is not pushed away from zero when σ2 = 0. This makes
the normal prior more suitable under model specification uncertainty than the inverted
gamma prior. Berger et al. (2016) argue that another reason to select a normal prior is
that centering the prior distribution at zero is appropriate for variable selection as σ is
symmetric around zero.

Hence, we choose a normal prior distribution centered at zero with unit variance for
ση,α, ση,hc and ση,hg , and a gamma prior for ση,τ . We use a gamma prior for ση,τ since
compared to the conventional inverted gamma prior, the gamma prior has more mass
concentrated around small values of ση,τ , thus providing additional shrinkage (Grant and
Chan (2017)). For each of the model parameters β1, β2, γ1, γ2, we set a non-informative
Normal prior distribution. For the binary indicators θg, θc, and λ, we choose a uniform
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TABLE I: Prior distributions of model parameters

Prior Percentiles

Coefficients : Belief Strength 2.5% 97.5%
1st AR lag of unemployment gap β1 1.25 0.50 0.27 2.23
Sum of AR lags of unemployment gap β1 + β2 0.90 0.01 0.87 0.93
AR(1) lag of output growth γ1 0.70 0.05 0.60 0.79
Okun coefficient γ2 -1.50 0.125 -1.74 -1.25
Constant hysteresis coefficient α0 0.50 0.25 0.01 0.99
Constant volatility of cyclical unemp. hc0 log(0.60) 0.10 log(0.49) log(0.73)
Constant volatility of output growth hg0 log(0.70) 0.10 log(0.57) log(0.85)
std. of time-varying hysteresis coef. ση,α 0.00 1.00 -1.96 1.96
std. of SV: cyclical unemployment ση,hc 0.00 1.00 -1.96 1.96
std. of SV: output growth ση,hg 0.00 1.00 -1.96 1.96
std. of the natural rate ση,τ 0.10 0.10 -0.19 0.19

prior distribution such that each model component has a prior probability p0 = 0.5 of
being included in the model. In other words, we assign a 0.5 prior probability to each of
the binary indicators being one. Table I summarizes our priors selection.

The prior for the sum of the AR lags of unemployment gap is set based on the belief
that the unemployment gap is persistent and stationary, which is a standard adoption in
the literature (see, e.g., Grant (2018)). The small prior standard deviation of 0.01 is in
compliance with that belief. The autoregressive coefficient of the output growth equation
is also set to ensure stationarity, although the prior standard deviation is much less in-
formative. Following the literature on Okun’s law, the Okun coefficient is set similarly to
that in the literature. To explicitly consider our uncertainty on unemployment hysteresis,
a relatively uninformative prior is used for the standard deviation of the hysteresis coeffi-
cient that allows the parameter to range between roughly 0 and 1. The rest of the priors
have been set similar to those in the literature (see, e.g., Berger et al. (2016)).

3.3 MCMC algorithm

We employ the Gibbs sampler to estimate our empirical model, which is an MCMC
algorithm to simulate draws from the joint posterior distribution. However, the joint pos-
terior distribution of all model’s unknown parameters and unobserved states is analytically
intractable. The MCMC algorithm we use produces tractable conditional distributions
by reducing the complex non-linear model into a sequence of blocks for subsets of pa-
rameters/states that are tractable conditional on the other blocks in the sequence. The
algorithm consists of using the Gibbs sampler in conjunction with the sampling schemes
developed by Frühwirth-Schnatter and Wagner (2010), Kim et al. (1998), and Carter and
Kohn (1994), and De Jong and Shephard (1995) to estimates the model on an equation-
by-equation basis and thus obtain realizations from the posterior distribution of interest.

For notational convenience, denote the state vector ψt = (uτt , u
c
t), the stochastic volatil-

ities vector ht = (hct , h
g
t ), the unknown parameter vectors φ = (β1, β2, γ1, γ2, σ) with

σ = (ση,α, ση,hτ , ση,hc , ση,hg), the time-varying parameter αt, and the model indicators
M = (λ, θc, θg), such that each vector M corresponds to a model in which some coeffi-
cients are time-varying while others are not. For example, M = (1, 1, 0) is a model with
a time-varying hysteresis coefficient, and stochastic volatility in the innovations to the
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unemployment gap. Further let xt = (ut, gt) be the data vector. Stacking observations
over time, we denote x = {xt}Tt=1 and define ψ, h, and α similarly. The posterior distri-
bution of interest is therefore P (ψ, h, α, φ,M | x). Thus, our MCMC algorithm consists
of cycling through the following steps as suggested by Berger et al. (2016):1

1. Sample the binary indicators in M from P (M | ψ, h, α, x) marginalizing over the
parameters φ and sample the unrestricted parameters in φ from P (φ | ψ, h, α, φ,M, x)
while setting the restricted parameters, i.e., the elements in σ for which the corre-
sponding component is not included in the model M, equal to 0.

2. Sample the trend and cycle components ψ from P (ψ | h, α, φ,M, x), the time-
varying parameter α from P (α | ψ, h, , φ,M, x), and the stochastic volatilities h
from P (h | ψ, α, φ,M, x).

3. Randomly permute the signs of ση,α and α̃t, and of ση,hi and h̃it for i = c, g.

4 Estimation results

4.1 Data

We estimate the empirical model for Brazil (1992Q1-2015Q3), Colombia (1984Q1-
2019Q4), and Mexico (1987Q1-2019Q4), employing seasonally adjusted quarterly data
for unemployment and mean-adjusted output growth rate (100× ln(GDPt/GDPt−4)) for
the most prolonged sample period according to data availability. Mexico’s data comes
from the OECD database, while Colombia’s data is retrieved from the Central Bank of
Colombia. Colombia’s unemployment series before 2001Q1 corresponds to that of the
seven biggest cities and from 2001Q1 onward to national unemployment. Colombian real
GDP was compiled from series with different base years, using the methodology of Correa
et al. (2003). As for Brazil, the unemployment rate was taken from OECD database
and real GDP from CEPALSTAT. The availability of quarterly GDP determines Brazil’s
sample length. The MCMC algorithm was run for 40,000 iterations after a burn-in of
10,000 draws.

4.2 Results stochastic model specification search

The first approach to detect time variation is to estimate the unrestricted model
with all binary indicators set to one. Thus, we draw posterior distributions for the
standard deviations of the innovations to the three non-centered components of inter-
est (ση,α, ση,hc , ση,hg). If these distributions are bimodal, with low or no probability mass
at zero, this can be taken as the first indication of time variation in the considered com-
ponent. Figures I-III summarize the results of the variable selection procedure.

1. see Appendix I for further details
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Figure I: Histograms of the posterior draws for the standard deviations
of the innovations to the hysteresis parameter and stochastic

volatilities for Brazil

Figure II: Histograms of the posterior draws for the standard
deviations of the innovations to the hysteresis parameter and

stochastic volatilities for Colombia

10



Figure III: Histograms of the posterior draws for the standard
deviations of the innovations to the hysteresis parameter and

stochastic volatilities for Mexico

The results for the three countries overwhelmingly suggest no time variation of the hys-
teresis parameter since the posterior distribution for ση,α is concentrated at zero. Hence,
the evidence favors a constant hysteresis coefficient. On the other hand, we observe clear
bimodality in the posterior distribution of ση,hc and ση,hg , suggesting time-varying vari-
ances of the innovations to the cyclical unemployment and output growth. Nonetheless,
the posterior distribution of ση,hc for Brazil presents some probability mass at zero with
a bimodal pattern.

A more robust test for time variation consists of sampling the stochastic binary in-
dicators along with the rest of the model parameters. Table II reports the individual
posterior probabilities for the three binary indicators being one. These probabilities are
calculated as the average selection frequencies over all iterations of the Gibbs sampler.
These indicators’ posterior means can be interpreted as inclusion probabilities of a par-
ticular feature due to their binary nature. Recall we assign a prior probability p0 = 0.5
to each of the binary indicators being one, and normal prior distribution centered at zero
with unit variance (A0 = 1) for each σ.

Scott and Berger (2010) noted that when the binary indicators have a prior probability
of 0.5, the fraction of selected variables will very likely be around 0.5. Thus, to provide
multiplicity control for the Bayesian variable selection, we also report posterior inclusion
probabilities when p0 is set to 0.25 and 0.75. Additionally, to check robustness, we also
report results over alternative values for A0. Table III shows results for the cases in which
A0 = 0.1, A0 = 10, and A0 = 100 while holding constant the benchmark prior probability
of inclusion at 0.5. The extreme case of A0 = 0.1 corresponds to a relatively stronger
prior that allows for less time variation, and alternatively, the case A0 = 100 corresponds
to prior distributions that allow for large variances on the time-varying components.

Model selection is exceptionally robust to the different specifications of the prior prob-
ability and variance in the three countries. The hysteresis parameter exhibits no time
variation while variances of the shocks are time-varying. In the case of Brazil, the results
are sensitive to the variance selection, particularly for the feature of time variability of
the innovations to cyclical unemployment. Nonetheless, the probability of inclusion is
relatively high for all choices, with a lower estimate of 0.72. In general, we conclude that
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TABLE II: Posterior estimates of the indicator variables over different
probabilities p0

Time-Varying Parameter Stochastic Volatilities

A0 = 1 λ θc θg

p0 = 0.5

Brazil 0.002 0.94 1.00
Colombia 0.0008 1.00 1.00
Mexico 0.0005 1.00 1.00

p0 = 0.25

Brazil 0.0005 0.87 1.00
Colombia 0.0003 1.00 1.00
Mexico 0.0004 1.00 1.00

p0 = 0.75

Brazil 0.005 0.97 1.00
Colombia 0.003 1.00 1.00
Mexico 0.004 1.00 1.00

time variation in the variances of the shocks to the cyclical unemployment, and the out-
put growth, are features with a high probability of being included in the model for these
countries.

4.3 Parameter estimates and unobserved components

The stochastic model specification search exercise has found that the parsimonious
model for Brazil, Colombia, and Mexico should include only time variation in the variances
of the shocks to the cyclical unemployment and the output growth. The next step is to
estimate the parameters and states employing this favored model. The estimates are
shown below.

4.3.1 Posterior distribution of parameters

This subsection presents and discusses the model’s parameter estimates favored by the
stochastic model specification search. Table IV reports the posterior means and 2.5 and
97.5 percentiles for model parameters.

As expected, the sum of the AR lags of the unemployment gap suggests that cyclical
unemployment is quite persistent as the sum equals 0.92, 0.93, and 0.90 in Brazil, Colom-
bia, and Mexico, respectively. The AR lag of output growth implies the series behaves
as a stationarity process when the unemployment gap equals zero. Regarding the Okun
coefficient, the coefficient estimate in Brazil is smaller among these countries, implying
that a given unemployment gap is associated with a much lower output growth rate in
Brazil than in Colombia and Mexico. The estimate of -0.17 has the correct sign, although
the 95% credible interval ranges from -0.47 to 0.02, including the zero value.

Interestingly, the only evidence of hysteresis effects was found in Mexico. For this
country, a decrease in the cyclical unemployment rate of 1 percent leads to a permanent
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TABLE III: Posterior estimates of the indicator variables over different
variances A0

Time-Varying Parameter Stochastic Volatilities

p0 = 0.5 λ θc θg

A0 = 0.1

Brazil 0.01 0.98 1.00
Colombia 0.01 1.00 1.00
Mexico 0.04 1.00 1.00

A0 = 10

Brazil 0.0001 0.80 1.00
Colombia 0.0001 1.00 1.00
Mexico 0.0005 1.00 1.00

A0 = 100

Brazil 0.00 0.72 1.00
Colombia 0.00 1.00 1.00
Mexico 0.00003 1.00 1.00
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TABLE IV: Posterior distributions of model parameters

Brazil Colombia Mexico

Mean Percentiles Mean Percentiles Mean Percentiles
Parameters : 2.5% 97.5% 2.5% 97.5% 2.5% 97.5%
1st AR lag of unemployment gap β1 1.25 1.18 1.33 1.16 1.09 1.24 1.19 1.10 1.27
2nd AR lag of unemployment gap β2 -0.33 -0.41 -0.25 -0.23 -0.31 -0.16 -0.29 -0.37 -0.21
AR(1) lag of output growth γ1 0.69 0.62 0.76 0.67 0.59 0.75 0.64 0.58 0.71
Okun coefficient γ2 -0.17 -0.47 0.02 -0.29 -0.51 -0.13 -1.77 -2.11 -1.32
Constant hysteresis coefficient α0 0.02 -0.03 0.11 0.01 -0.03 0.06 0.23 0.002 0.49
Constant volatility of cyclical unemployment exp {hc0} 0.56 0.47 0.66 0.55 0.46 0.64 0.53 0.45 0.63
Constant volatility of output growth exp {hg0} 0.77 0.61 0.95 0.68 0.56 0.80 0.77 0.65 0.90
std. of time-varying hysteresis coefficient ση,hα 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
std. of SV: cyclical unemployment ση,hc 0.0006 -0.24 0.24 0.001 -0.19 0.19 0.0005 -0.25 0.25
std. of SV: output growth ση,hg 0.0005 -0.08 0.08 0.0004 -0.07 0.07 0.0003 -0.13 0.13
std. of the natural rate ση,hτ 0.31 0.18 0.41 0.20 0.09 0.32 0.55 0.43 0.62
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decrease of the actual unemployment rate of about 0.23 percent. For the cases of Brazil
and Colombia, the parameter is small, and the 95% credible interval contains the value of
zero. This implies that cyclical unemployment does not affect the natural rate, and there-
fore its movements are determined exclusively by frictional and structural unemployment
in these two countries.

4.3.2 Posterior distribution of states

In this subsection, we report the estimates of the natural rate of unemployment and
the stochastic volatilities from the selected model. Figures IV-VI show the estimate of
the state variables for Brazil, Colombia, and Mexico, respectively.
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Figure IV: Estimates of the natural rate, unemployment gap, and
stochastic volatilities for Brazil. The shaded region represents the

10% and 90% quantiles.
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Figure V: Estimates of the natural rate, unemployment gap, and
stochastic volatilities for Colombia. The shaded region represents the

10% and 90% quantiles.
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Figure VI: Estimates of the natural rate, unemployment gap, and
stochastic volatilities for Mexico. The shaded region represents the

10% and 90% quantiles.

Panels A) and B) portray the unemployment rates and the natural rates superim-
posed on them, and the cyclical unemployment, respectively. Three main observations
stand out. First, the natural rate in Mexico exhibits a high degree of variability compared
to those of Brazil and Colombia. This variability is consistent with the hysteresis effects
found. Second, the unemployment trajectories in these countries are varied. In Mexico,
the unemployment rate shows a low level compared with the general situation in Latin
America. Unemployment reaches a minimum rate of 2.2% in 2000Q1 that even outper-
forms the unemployment rate in the US. Loŕıa and Ramos (2007) maintain that the official
unemployment rate in Mexico can be misleading. Colombia, for its part, features a high
and persistent unemployment rate of two digits during most of the sample. Consequently,
the natural rate estimate shows a highly inefficient long-run equilibrium unemployment
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rate. Brazil has moved from high to low unemployment during the sample. Third, the
cyclical unemployment seems quite persistent in the three countries, particularly in Brazil
and Colombia. Again this observation is in line with the sum of the AR lags reported
above.

Panels C) and D) show the standard deviation of the innovation to the output growth
and the cyclical unemployment, respectively. The two series of volatility estimates in
all cases are time-varying, but they show different patterns, reflecting these countries’
vicissitudes. For example, in Mexico the size of the shocks to the output growth increases
substantially during the Tequila crisis and the Great financial recession. However, Colom-
bia’s output growth seems largely unaffected by the Great financial recession. Colombia’s
economy was severely affected by its financial crisis at the end of the 1990s.

Contrary to Colombia and Mexico, where output growth volatility estimates seem
episodic, showing drastic changes during crisis episodes, in Brazil the size of the shocks
has been steadily rising. A common trait among these countries is that the standard
deviation of the innovation of cyclical unemployment shows a decline during the sample.
There has been a slight upward drift in the size of shocks with the Tequila crisis and the
Great financial recession in Mexico, the financial crisis in Colombia, and the monetary
policy tightening in the late 1990s in Brazil. However, in general, the sizes of shocks have
declined substantially, reaching their minimums in recent times.

5 Alternative model specification

We find that the demand variable used to identify the cyclical movements in unem-
ployment helps us identify hysteresis only in Mexico. Concerning the latter, it is likely
that hysteresis effects have not arisen in Brazil due to the small sample size. For this
reason, we collect annual data on real GDP from IBGE and then we use the Chow-Lin
(Chow and Lin, 1971) interpolation technique to convert the annual series of real GDP
into a quarterly series dataset, using an intercept as high frequency indicator2. The pro-
cedure allows us to work with a larger quarterly sample size (1981Q1-2015Q4) to capture
the hysteresis effects better. The larger sample size, however, is found to be irrelevant and
does not change the main results since the time variability of the components is the same,
Okun coefficient 95% credible interval covers positive and negative values, and there are
no hysteresis effects. These results are reported in Figure XIII and Table V in appendix
II.

The unobserved components model introduced in section 2 is identified using Okun’s
law. Another equation might have been used to specify the empirical model. For instance,
the Phillips curve. We use Okun’s law in an attempt to examine whether hysteresis might
emerge in a context in which cyclical unemployment interacts with aggregate demand
(measured by gt). In this section, we replace equation (2.5) with the following backward-
looking Phillips curve to assess the consistency of our previous results

(5.1) πt = γ1πt−1 + γ2u
c
t + exp {hπt }επt , επt

i.i.d.∼ N (0, 1).

2. Chow-Lin interpolation is a regression-based technique to transform low-frequency data into higher-
frequency data. In particular, we apply the average version, which disaggregates the annual data into
the means of four quarters, and select the maximum likelihood method. We use the Matlab toolbox of
Quilis (2004)
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This alternative exercise identifies the cyclical movements in unemployment using the
Phillips curve, which might be interpreted as an aggregate supply function. In (5.1), the
inflation rate changes either because of a random “cost push” term or because unemploy-
ment diverges from its natural rate (Primiceri, 2006).

The prior value for γ2 introduced in Table I needs to be modified as this coefficient
now represents the Phillips curve slope. We choose the belief of -0.5, which is a standard
adoption in the literature while keeping constant the strength of that belief to 0.125. Thus,
the coefficient now ranges between (-0.745,-0.255). The stochastic model specification
search is employed as specified previously.

Figures X-XII show the histograms of the posterior draws of ση,α, ση,hc , and ση,hπ for
Brazil, Colombia, and Mexico, respectively (see appendix II). The results confirm the time
variability of the innovations to cyclical unemployment and inflation and the invariability
of the hysteresis parameter in these countries. Table VI in appendix II reports the model
parameter estimates. These estimates ratify the absence of hysteresis in Colombia, but
surprisingly the results reported in Table IV for Brazil and Mexico are reverted. This
alternative specification suggests that hysteresis effects are now present in Brazil and
absent in Mexico. For the case of Brazil, a decrease in the cyclical unemployment rate of
1 percent leads to a permanent decrease of the actual unemployment rate of about 0.10
percent. Figures VII-IX show the states estimates under this alternative specification.
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Figure VII: Estimates of the natural rate, unemployment gap, and
stochastic volatilities for for Brazil. The shaded region represents

the 10% and 90% quantiles.
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Figure VIII: Estimates of the natural rate, unemployment gap, and
stochastic volatilities for Colombia. The shaded region represents the

10% and 90% quantiles.
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Figure IX: Estimates of the natural rate, unemployment gap, and
stochastic volatilities for Mexico. The shaded region represents the

10% and 90% quantiles.

The estimates of Colombia are vividly consistent across the different specifications. On
the other hand, Brazil and Mexico are the countries with the more substantive changes in
terms of their unemployment dynamics. The natural rate component follows quite closely
the actual unemployment rate in Brazil, as expected under hysteresis effects. In Mexico,
on the contrary, the natural rate component is highly rigid with an apparent declining
trend. The question now is how to reconcile the contradictory results under these two
different model specifications.

One option is to assess the demand and supply variables used to identify the cyclical
movements in unemployment by analyzing the coefficient that connects them to cyclical
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unemployment. In other words, to assess γ2 in (2.5) and (5.1). For the case of Brazil,
the slope of the Phillips curve is -0.20, and the 95% credible interval does not contain the
value of zero, while the Okun coefficient is -0.17, but the 95% credible interval includes
zero. Thus, we can conclude that the inflation–cyclical employment relation is somewhat
stronger than the output growth-cyclical employment relation. As for Mexico, The Okun
coefficient is -1.77, and we find that the 95% credible interval excludes zero. For its
part, the Phillips curve slope is -0.08, and the credible interval includes zero. Hence, we
can conclude that the output growth-cyclical unemployment relation is stronger than the
inflation–cyclical employment relation.

The assessment of the demand and supply variables leads us to the conclusion that
cyclical movements in unemployment in Brazil and Mexico are better identified when
using supply and demand specifications, respectively. Hence, hysteresis effects are also
better captured in these countries when the appropriate specification is chosen. Thus, the
stochastic model specification search exercise found that hysteresis effects are demand-
driven in Mexico and supply-driven in Brazil, while structural determinants drive unem-
ployment in Colombia.

5.1 Considerations on policy implications

We now turn to discuss policy implications of findings with respect to the backwardness
of the productive apparatus in these countries. Colombia, the most backward country of
the sample, features an unemployment rate that reflects mainly structural factors and
labor market frictions. The studies on Colombian unemployment typically point to labor
market friction such as the high and inflexible minimum wage and the high non-wage
labor costs that create disemployment effects and raise the costs to hire new workers, as
the prime suspects for the high unemployment (see, e.g., Kugler (2004), and Santamaŕıa
et al. (2010)). Those studies advocate for a higher labor market flexibility, and the typical
policy recommendation is to reduce the minimum wage and eliminate the non-wage labor
costs.

The policy recommendation of these studies tends to emphasize frictions rather than
structural factors associated with the relative backwardness of Colombia. A recent work
of Garćıa and Cruz (2017) shows that reforms designed to make the labor market more
flexible in Latin America have resulted insignificant to reduce unemployment. Their work
indicates that capital accumulation is the variable that explains the majority of the behav-
ior of unemployment in the region. In the same vein, Ros (2005) shows that those Latin
American countries that have performed better in unemployment are those that increased
their ratios of manufacturing exports and manufacturing employment. He also finds that
the increase in total investment that stimulates the accumulation of capital stocks gen-
erates a double beneficial effect on employment because it increases the productivity and
production of the formal sectors.

Garćıa and Cruz (2017) and Ros (2005) findings connect directly with the develop-
ment economics, as it appeared in the 1940s and 1950s. This theory remains heuristically
necessary for its intuition that serves as a basis for theoretical work relevant to under-
standing structural unemployment. For example, Lewis’s (1954) model is perhaps the one
most relevant in a developing-country context. Under the Lewisian perspective of a dual
economy, the high minimum wage with respect to the median income is not a cause; it
is a symptom of high unemployment and informality.3 The cause of a high unemploy-

3. The OECD (2019) reports that in Colombia, the national minimum wage is 86% of the median
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ment rate and informality is a low labor productivity, which is ultimately determined
by capital formation. A higher capital accumulation increases labor productivity, raises
median income, and draws labor from low productivity sectors toward high productivity
activities, reducing thus unemployment and informality. Thus, policy recommendations
in Colombia should aim to facilitate capital accumulation to heighten productivity and
incomes, and reduce unemployment and informality.

Brazilian unemployment hysteresis seems to be dominantly driven by the supply-side
of the economy. In developing economies like Brazil, where labor is an irrelevant constraint
due to large amounts of hidden unemployment and underemployment, capital supply be-
comes the most important constraint (Skott, 2021). Hence, stabilization policies should
aim to smooth the pace of capital accumulation. Skott (2021) suggests that adaptations of
“functional finance” to developing-country context might help stabilize the level and com-
position of demand at values that are consistent with a target rate of capital accumulation
of the modern sectors. Finally, in the relatively advanced Mexico, where unemployment
is low, and demand forces account for a substantial part of unemployment dynamics,
macroeconomic stabilization policies such as countercyclical monetary and fiscal policies
and prudential policies to mitigate crises gain importance.

6 Conclusion

In this document, we inquired about the nature of the unemployment rate in three
major Latin American economies, namely Brazil, Colombia, and Mexico. With the help of
a Bayesian model selection approach, we distinguish between the hypotheses of hysteresis
and structural unemployment. The model selection exercise suggests that the unemploy-
ment rate in Colombia is merely structural, while we found substantial hysteresis effects
in Brazil and Mexico. Unlike what has been reported before for developed economies,
time-varying hysteresis is not crucial in the cases of these three countries. The most im-
portant finding that emerges from this study is that hysteresis effects found are varied
in nature. In Mexico, demand drivers propelled hysteresis effects, and in Brazil, those
effects are fostered by supply determinants.

The Bayesian model selection exercise also found that stochastic volatility is vital for
studying cyclical unemployment, output growth, and inflation in these countries. The
volatility of the innovations to these components shows a substantial time variability, and
they seem to capture well the rise of the size of the shocks during crisis episodes.

Since the unemployment rate in Colombia has structural roots, we consider the clas-
sical literature of development economics. This branch of literature provides important
lessons to understand why developing countries can exhibit protracted periods of high un-
employment. Based on the Lewisian model, we suggest that capital accumulation might
be essential to reduce the Colombian unemployment rate in the long run. In Brazil, fiscal
policy might be used to align aggregate demand to the requirements of capital accumu-
lation in moderns sectors. Finally, for Mexico, we suggest that macro-prudential policies
might be employed to stabilize the aggregate demand.

wage. This proportion indicates that the minimum wage is an effective wage in Colombia, as previously
shown by Bell (1997).
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Appendix I

This appendix discusses the Gibbs MCMC sampler, which rests on the Berger et al.
(2016) implementation of the Frühwirth-Schnatter and Wagner (2010) algorithm. As in
Berger et al. (2016), we adopt an equation-by-equation basis to draw from the posterior
of interest introduced in subsection 3.3. More specifically, consider the general regression
model

(I.1) y = zb+ e, e ∼ N (0,Σ),

with y a vector including observations on a dependent variable of interest, z an unre-
stricted predictor matrix with rows that contain the state processes that are relevant for
explaining y, and b as the corresponding unrestricted parameter vector is denoted . Fur-
thermore, Σ is a diagonal matrix that may vary over time to allow for heteroscedasticity.

Heteroscedasticity is modeled in the form of stochastic volatility, exp {hit}, which is
non-linear but can be easily linearized by taking the logarithm of its square

ln
(
exp

{
hit
}
εit
)2

= 2hit + ln
(
εit
)2
,

where ln (εit)
2

is log-chi-square distributed with expected value -1.2704 and variance
3.14162/2. Following Kim et al. (1998), we approximate the linear model by an offset
mixture time series model as

lit = 2hit + ξit,

where lit = ln
(

(exp {hit}εit)
2

+ d
)

, for i = c, g(π) with d = 0.001 being a number added

to induce stability by ensuring the term inside the ln is bounded away from zero. The
functions lit are computed as

lct = ln
(
(uct − β1uct−1 − β2uct−2)2 + 0.001

)
,

and

lgt = ln
(
(gt − γ1gt−1 − γ2uct)2 + 0.001

)
.

Next, we approximate the distribution of ξit by the following mixture of normals

f
(
ξit
)

=
M∑
k=1

qkfN
(
ξit
∣∣ mk − 1.2704, ν2k

)
,

with component probabilities qk, means mk − 1.2704, and variances ν2k . Following Omori
et al. (2007), we use a mixture of M = 10 normal distributions to make the approximation
to the log-chi-square distribution. Values for {qk,mk, ν

2
k} are provided by Omori et al.

(2007) in their Table 1. The resulting model is now linear and Gaussian, which permits
the use of the Kalman filter and smoother.

The unobserved components model introduced in section 2 admits a state-space rep-
resentation. Our Gibbs MCMC sampler exploits this state space representation to create
posterior draws of the time-varying parameter αt and ψt using Kalman filtering and
Kalman smoothing based on the multimove simulation smoother of Carter and Kohn
(1994) and De Jong and Shephard (1995). The state-space representation is
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yt = ztSt + et, et
i.i.d.∼ N (0, Ht),

St+1 = RSt +Ktvt, vt
i.i.d.∼ N (0, Qt), S1

i.i.d.∼ N (a1, A1)

with yt a vector of observations and St an unobserved state vector. The matrices zt, R,
Kt, Ht, and Qt are known. The initial state vector, S1, is initialized with mean a1 and
variance A1.

The expanded version of the state space representation of our empirical model is given
by

yt︷ ︸︸ ︷[
ut

gt − γ1gt−1

]
=

zt︷ ︸︸ ︷[
1 1 0
0 γ2 0

] St︷ ︸︸ ︷ uτt
uct
uct−1

+

et︷ ︸︸ ︷[
0

exp {hgt}ε
g
t

]
(I.2)

uτt+1

uct+1

uct


︸ ︷︷ ︸
St+1

=

1 αt 0
0 β1 β2
0 1 0


︸ ︷︷ ︸

R

 uτt
uct
uct−1


︸ ︷︷ ︸

St

+

ση,τ 0
0 exp {hct}
0 0


︸ ︷︷ ︸

Kt

[
ητt
ηct

]
︸︷︷︸
vt

(I.3)

with Ht = diag(0, exp {hgt}), a1 = 0, A1 = 1000, and Qt = I2.
Likewise, the state space representation for the time-varying hysteresis parameter is

given by

yt︷ ︸︸ ︷[
uτt+1 − uτt − α0u

c
t

]
=

zt︷ ︸︸ ︷[
ση,αu

c
t

] St︷︸︸︷[
α̃t
]

+

et︷︸︸︷[
ητt
]

(I.4) [
α̃t+1

]︸ ︷︷ ︸
St+1

=
[
1
]︸︷︷︸

R

[
α̃t
]︸︷︷︸

St

+
[
1
]︸︷︷︸

Kt

[
ε̃t
]︸︷︷︸

vt

(I.5)

with Ht = σ2
η,τ and Q = 1.

The state-space representation of the non-centered parameterization of the stochastic
volatility is given by:

yt︷ ︸︸ ︷[
lit − (mk − 1.2704)− 2hi0

]
=

zt︷ ︸︸ ︷[
2θiση,hi

] St︷ ︸︸ ︷[
h̃t
i
]

+

et︷︸︸︷[
ξ̃t
i
]

(I.6) [
h̃it+1

]
︸ ︷︷ ︸
St+1

=
[
1
]︸︷︷︸

R

[
h̃it

]
︸︷︷︸
St

+
[
1
]︸︷︷︸

Kt

[
ε̃it
]︸︷︷︸

vt

(I.7)

The following algorithm has details about our Gibbs MCMC sampler:

1. Run the Kalman filter to generate {ψt|t}Tt=1, given the state-space representation
(I.2)-(I.3).

2. Draw ψ̆T |T , which is input into the Kalman smoother to generate ψ̆T−1|T . Continue
iterating the Kalman smoother backwards in time to create the smoothed candidate
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draw ψ̆T = {ψ̆t|T}Tt=1.

3. Run the Kalman filter to generate {α̃t|t}Tt=1, given the state-space representation
(I.4)-(I.5).

4. Draw ˘̃αT |T , which is input into the Kalman smoother to generate ˘̃αT−1|T . Continue
iterating the Kalman smoother backwards in time to create the smoothed candidate
draw ˘̃αT = { ˘̃αt|T}Tt=1. Note that in the case of a time invariant hysteresis parameter
no forward-filtering and backward-sampling is needed.

5. Since εit, for i = c, g(π) is Gaussian, draw the stochastic volatilities from the 10-
component mixture of Omori et al. (2007) introduced above and the state-space
representation (I.6)-(I.7).

6. Sample β1, β2, γ1, and γ2 from equation (I.1). In the case of β1 and β2, y = uct , z =
(uct−1, u

c
t−2), b = (β1, β2)

′ and e = exp {hct}ηct , where Σ = diag(exp {hc1}, ..., exp {hcT}).
As for γ1 and γ2, y = gt, z = (gt−1, u

c
t), b = (γ1, γ2)

′ and e = exp {hgt}η
g
t , where

Σ = diag(exp {hg1}, ..., exp {hgT}).

7. Sample the binary indicator θi, and the parameters hi0 and ση,hi for i = c, g(π),
using the general linear regression format of (I.1) such that y = lit − (mk − 1.2704),
z = 2(1, θih̃it), b = (hi0, ση,hi), and e = ξ̃it with ξ̃it = ξit − (mk − 1.2704). The binary
indicator θi is sampled from the Bernoulli distribution with probability p(θi) =

f(θi=1)
f(θi=0)+f(θi=1)

.

8. Sample the binary indicator λ, and the parameters α0, and ση,α, using the general lin-
ear regression format of (I.1) with y = uτt − uτt−1, z = (uct−1, λα̃tu

c
t−1), b = (α0, ση,α)′

and e = ητt , where Σ = σ2
eIT . The binary indicator λ is sampled from the Bernoulli

distribution as above.

9. The conditional distribution of σ2
η,τ is non-standard due to the gamma prior. How-

ever, it can be sampled using a Metropolis-Hastings step with an inverted gamma
(IG) proposal density. Following Grant and Chan (2017), we first obtain a candidate
draw s2 from IG = (T/2−1,

∑T
t=2(u

τ
t+1−uτt−αtuct)2/2). Given the current draw σ2

η,τ ,
we accept the candidate draw s2 with probability min{1, exp(− 1

2Vση,τ
(s2 − σ2

η,τ ))};
otherwise, we keep σ2

η,τ .

10. Randomly permute the signs of ση,α and α̃t, and of ση,hi and h̃it for i = c, g(π).

11. Repeat steps 1 to 10 to obtain J draws
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Appendix II

Figure X: Histograms of the posterior draws for the standard
deviations of the innovations to the hysteresis parameter and

stochastic volatilities for Brazil

Figure XI: Histograms of the posterior draws for the standard
deviations of the innovations to the hysteresis parameter and

stochastic volatilities for Colombia
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Figure XII: Histograms of the posterior draws for the standard
deviations of the innovations to the hysteresis parameter and

stochastic volatilities for Mexico
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Figure XIII: Estimates of the natural rate, unemployment gap, and
stochastic volatilities for Brazil using a bigger sample. The shaded

region represents the 10% and 90% quantiles.
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TABLE V: Posterior distributions of model parameters using a bigger
sample for Brazil

Brazil

Mean Percentiles
Parameters : 2.5% 97.5%
1st AR lag of unemployment gap β1 1.26 1.18 1.33
2nd AR lag of unemployment gap β2 -0.32 -0.39 -0.24
AR(1) lag of output growth γ1 0.85 0.78 0.91
Okun coefficient γ2 -0.04 -0.16 0.02
Constant hysteresis coefficient α0 0.01 -0.03 0.06
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Constant volatility of output growth exp {hg0} 0.61 0.51 0.73
std. of time-varying hysteresis coefficient ση,α 0.00 0.00 0.00
std. of SV: cyclical unemployment ση,hc 0.002 -0.28 0.28
std. of SV: output growth ση,hg 0.001 -0.35 0.35
std. of the natural rate ση,τ 0.52 0.37 0.66
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dad? Fedesarrollo, Bogotá.
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