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ABSTRACT 

We analyze the possibility of Vector Autoregressive models being good estimators for the 
unemployment rate in Portugal, by studying their ability to understand the impact the COVID-19 
pandemic had on the unemployment rate. We make use of Bayesen Stochastic Search Variable 
Selection and bootstrapping techniques for forecasting, comparing the results of these models 
with two benchmark techniques, ARIMA and Artificial Neural Networks. The model performance 
is tested through the RMSE, MSE and MAE of the estimations, and we compare the forecasting 
quality through a Diebold-Mariano test. We conclude that the VAR methodology can provide 
better forecasts than the benchmark models when combined with the Bayesian approach, both 
for shorter and longer forecasting horizons. We also conclude that COVID-19 did not provide the 
expected shock to the Portuguese unemployment rate. 
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1. INTRODUCTION 

The impact of COVID-19 has been strongly felt over the last two years. Since the first detected case 
on the 2nd of March 2020, the country has been through two lockdowns that closed schools and 
companies, restricted access to public spaces and changed entire work and home routines, which, 
while controlling the progression of the virus, helped increase economic repercussions (Vieira & 
Meirinhos, 2021) by disrupting production and supply market chains and causing several public health 
emergencies (Nigam et al., 2022).  

The unemployment rate also increased exponentially during this period, having only started to 
decrease recently due to the increase in vaccinations and the end of restrictions (INE, 2021). Not only 
that, but many other macroeconomic measures also suffered drastic shifts due to the pandemic, such 
as exports, inflation and household consumption, for example. There is still a lot of uncertainty 
regarding the full impact of the pandemic on the economy in Portugal and unemployment and 
therefore, it is required that we can quantify said impact. 

1.1. BACKGROUND AND PROBLEM IDENTIFICATION 

There have been a variety of studies depicting the impact of the pandemic on unemployment. 
Barro et al. (2020) estimated upper limits for the infection outcome of the pandemic, by comparing it 
to the Great Influenza Pandemic of 1918, showing possible worst-case scenarios for the impact of 
COVID-19. Other papers aim at more specific impacts such as  Şahin et al. (2020) which used historical 
flow rates of unemployment to predict the shift of this indicator in the U.S or Lai et al. (2021) who used 
a hybrid approach of prediction by combining an ARIMA model with several non-linear advanced 
techniques, such as Artificial Neural Networks (ANN) and support vector machines, to predict the 
unemployment rate in several Asian countries.  

However, it can be proven relevant to access how multiple variables affected each other during 
this period, to predict unemployment. Trying to understand the relation between several 
macroeconomic variables and producing a singular model based on it is not a novel idea. Stock & 
Watson (2002)  have previously provided studies on this topic. However, their research was made 
much before the pandemic and therefore does not include a crucial element we intend to study. 
Understanding these relationships can provide a greater knowledge of how unemployment might 
change in the future, given the state of the pandemic.  

According to (Zivot & Wang, 2006), VAR models are one of the best and easiest models to use for 
the analysis of multivariate time series, providing better forecasts compared to univariate time series 
models. It can be relevant to understand if this approach is indeed more suited to evaluate the 
evolution of unemployment in Portugal and to confirm how the economy shifted given the state of the 
pandemic.  

Therefore, our study aims to construct several VAR models that analyze the underlying 
relationships between COVID-19, unemployment and several other macroeconomic data from 
Portugal, to describe the future evolution of unemployment. We intend to study if a VAR methodology 
is indeed more suited to forecast unemployment, compared to other forecasting techniques, such as 



2 
 

ARIMA and Artificial Neural Networks, and calculate the impact the COVID-19 pandemic had on the 
unemployment rate.   

1.2. STUDY OBJECTIVES 

The main objectives of this study include the identification of suitable variables to predict 
unemployment, variables that show the progression of the pandemic and the construction of adequate 
models to forecast unemployment. Accordingly, we will apply the following research objectives: 

(RO1). Identify relevant macroeconomic variables that can explain the unemployment rate in 
Portugal. 

(RO2). Find relevant dimensions that explain the progression of the pandemic in Portugal. 
(RO3). Develop models that predict the unemployment rate in Portugal. 
(RO4). Understand how the pandemic affected the unemployment rate and impacted other 

macroeconomic variables. 
(RO5). Validate the quality of the models produced. 
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2. LITERATURE REVIEW 

In this section, we present the main literature evaluated to define the methodology used for the 
construction of models that forecast unemployment. The main tool used to find these studies was 
Google Scholar. The main keywords used were: unemployment: VAR; ARIMA; Neural Network. 

2.1. WHY PREDICT UNEMPLOYMENT? 

It has been shown that the unemployment rate of a country is an important tool that can provide 
good insights into the development of a country and allows for accurate decision-making and the 
design of policymaking (see Claveria, 2019; Giles et al., 2005; Katris, 2020). Usualy expansionary 
periods are associated with low unemployment levels, while recessions bring higher unemployment 
rates and lower expected wages (Martins & Damásio, 2020). The world’s economy was put on a halt 
for most of 2020 and 2021 which created a completely unexpected and tragic recession, which led to 
spillovers into many other major sectors of the economy, affecting financial markets, travel industries, 
the health sector, among others (Ozili, 2020). The impact of these spillovers resulted in a large increase 
in job losses across the world (Blustein et al., 2020), including in Portugal. The European Commission 
estimated that almost 11% of employment in Portugal is in sectors that were forced to shut down 
almost entirely due to the COVID-19 outbreak (Duarte, 2020), after the intense lockdown restrictions 
implemented by governments. 

 

Fig 1. Portuguese unemployment rate. 
Note: The unemployment rate is measured as a percentage of the Portuguese labour force.  

2.2. MODEL SELECTION 

The selection of VAR models for this analysis is also based on literature. As seen above, VAR models 
are incredibly suitable for the forecast of multivariate time series since they can interpret the 
underlying relationships between variables (Sims, 1980). As seen in the literature, VAR models can 
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extract incredibly powerful insights from economic information (see Balcerzak & Zurek, 2011; Darko, 
2018; Dolado & Jimeno, 1997; Naccarato et al., 2018). 

  It has been shown that they provide several improvements over ARIMA models, which can only 
forecast univariate time series (Thomakos & Guerard, 2004). However, they provide some 
shortcomings when compared to machine learning models, such as Neural Networks. (Mulaudzi & 
Ajoodha, 2020) shows that Neural Networks are more suitable to deal with nonlinear data. VAR model 
forecasts tend to worsen as the predictive horizon increases, something that Neural Network 
predictors can overcome (Marcellino et al., 2006; Olmedo, 2014). We intend to compare these 
approaches to confirm if the VAR model is indeed more suitable for the forecast of Portuguese 
unemployment. 

2.3. UNDERSTANDING VARIABLE RELEVANCE 

To better select suitable indicators that could help forecast unemployment, we analysed multiple 
studies that provide relevance to the selection. 

Inflation has also been affected by the pandemic. Reinsdorf (2020) shows that the CPIs, used to 
obtain inflation tendencies, are among the most affected statistics by the sudden shock caused by the 
COVID-19 pandemic since it led to a drastic change in consumer spending patterns. These changes in 
demand lead to a decrease in revenues, which reduces inflation. According to the Phillips curve, there 
is a negative relationship between inflation and unemployment (Phillips, 1958) and therefore it should 
be considered for the analysis we are attempting. 

Fig 2. Portuguese inflation rate and CPIs.  
Note: The inflation rates and CPIs are seasonally adjusted,  

showing the percentage change over the previous year.  
 

Data collected by INE shows that unemployment rose to 7.3% in November 2020, which is 0.5 
percentual points higher than one year before, with the tourism and hospitality industry being one of 
the most affected areas, having almost immediate revenue losses after the first cases were detected 
in the country (Lopes et al., 2021). It is therefore important to understand the quantity in which these 
revenues were affected by the pandemic and how much it correlated with the increase in 
unemployment. 
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Stock & Watson (1999) have previously provided an analysis of inflation, using the VAR approach. 
Their analysis used a large array of macroeconomic data to predict inflation, taken from the DRI-
McGraw Hill Basic Economics database, which encompasses a multitude of topics, from production, 
consumption, exchange rates, retail and trade, variables which can prove to be extremely relevant to 
study in our analysis. Therefore, some of the variables in this study will be based on the ones analyzed 
by Stock & Watson (1999). 

Other than that, some other variables might also be useful to analyze, such as exports and imports. 
Studies such as (Liu et al., 1997) suggest a causal relationship between economic growth and the level 
of exports and imports of a country. Ègner (2001) then provides an analysis of Okun's law, which 
represents the relationships between the economic growth of a country and unemployment, showing 
that there is a negative relationship between the two. With this in mind, we can place the hypothesis 
that exports and imports will harm unemployment.  

 

Fig 3. Percentage change of exports and imports of goods over the previous year in Portugal.  
Note: The values are seasonally adjusted for both variables 

 

Industrial production will also be analyzed. Gunduz (2020) provides a similar study to the one made 
by Ègner. In his paper, he comes to similar conclusions, while also showing that unemployment will 
decrease with the increase in production.  

Finally, vehicle registrations and fatalities may also help predict unemployment. A study conducted 
by He (2016), analyzing the fatality rate of vehicle crashes during the Great Recession shows that each 
percentage point increase in the unemployment rate predicts a significant 2.9 percent decrease in the 
fatality rate. Another study, conducted by (Sivak & Schoettle, 2009) using data from October 2007 to 
April 2009 showed that the number of new vehicles purchased in the U.S. was negatively correlated 
with the unemployment rate. Therefore, we can also place the hypothesis that an increase in both 
these variables will lead to a decrease in Portuguese unemployment. 

We will also be making use of the number of unemployed people registered with the IEFP since it 
provides us with an essential metric of the job market in Portugal. As seen in (Coelho, 2003), the 
probability of more unemployed workers filling job offer inscriptions at IEFP increases with the increase 
of the unemployment rate. It is therefore relevant to understand if the relation of this variable with 
unemployment provides relevant conclusions. 
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3. DATA AND METHODOLOGY 

This section presents the input series used to construct the required models for the prediction of 
unemployment, as well as the required transformations to them, followed by a presentation of the 
methodology used to access said models. 

We intend to construct a multitude of VAR models, both with and without the inclusion of COVID-
19 data since they capture the dynamics of linear interactions between variables (Pfaff, 2008). To 
provide meaningful comparisons to them, we also produced benchmark models, using ARIMA and 
Artificial Neural Network techniques. We used R language to produce all the models in this analysis.  

3.1. DATA 

Our variables include monthly information regarding several economic indicators from January 
2007 to November 2021, that can prove relevant to predict unemployment. COVID-19 data will be 
used as exogenous data, since it may impact the way economic data affects unemployment and was 
collected for the same period as the endogenous data, being then lagged by two months to allow for 
future out-of-sample forecasting.  

We calculated year-on-year rates for the macroeconomic variables that required it, as well as 
month-to-month rates for all COVID-19 variables, to remove any seasonal effects they might have. 
Missing values of some of the variables have been filled with the mean of the series. We then made 
sure to remove highly correlated variables from the analysis, by applying a Spearman correlation test 
(Artusi et al., 2002), and removed any variable that had a correlation higher than 0.7 with another one. 
Information regarding both sets of variables can be visualized in Table 1 and Table 2. 

Table 1. Macroeconomic indicators evaluated 

Series Source Measurement 

Unemployment rate PORDATA Percentage of the labour force 

Number of unemployed people registered with 
the IEFP IEFP Number 

Electricity consumption 3 Eurostat GWh 

Electricity   production 3 Eurostat GWh 

Public Debt 2 4 Banco de Portugal Percentage of PIB 

Inflation rate 1 Banco de Portugal Percentage change over the previous year 

Index of retail trade volume 4 OECD Index 2015 = 100 

Total manufacturing production 1 4 OECD Percentage change over the previous year 

Total industrial production 1 3 OECD Percentage change over the previous year 
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1 Seasonally adjusted data 
2 Quarterly data 
3 Missing values filled with the mean of the series 
4 Variable removed due to high correlation with another one 
 

 

 

Total construction 1 3 OECD Percentage change over the previous year 

Exports in goods 1 4 OECD Percentage change over the previous year 

Imports in goods 1 OECD Percentage change over the previous year 

Consumer Price indices of Food and non-
alcoholic beverages 1 4 OECD Percentage change over the previous year 

Consumer Price Indices of Alcoholic beverages, 
tobacco and narcotics 1 OECD Percentage change over the previous year 

Consumer Price Indices Clothing and footwear 1 OECD Percentage change over the previous year 

Consumer Price Indices Housing, water, 
electricity, gas and other fuels 1 OECD Percentage change over the previous year 

Consumer price indices of Health 1 OECD Percentage change over the previous year 

Consumer price indices of Transport 1 4 OECD Percentage change over the previous year 

Consumer price indices of Communication 1 OECD Percentage change over the previous year 

Consumer price indices of Education 1 OECD Percentage change over the previous year 

Consumer price indices of Restaurants and 
hotels 1 OECD Percentage change over the previous year 

Total rail passenger transport OECD Passenger-kilometres, Millions 

First registration of brand-new passenger cars OECD Number 

Service Payment index – Total 4 INE Index 2015 = 100 

Service Payment Index - Wholesale INE Index 2015 = 100 

Consumption of goods per household 1 2 OECD € 

Total assets of investment funds  Banco de Portugal € Millions 

Investment funds in shares and other equity 4 Banco de Portugal € Millions 

Investment funds in Cash and deposits Banco de Portugal  € Millions 
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Table 2. COVID-19 indicators evaluated 
 

1 Variable removed due to a high correlation with another one. 

3.2. METHODOLOGY 

With the final set of variables defined, we started by analyzing the possibility of the models being 
estimated using the rolling window method. In time series analysis, recent lags often have higher 
predictive power than older ones, meaning that a model that is applied to the whole series may provide 
a wrong analysis of the characteristics of the series. To do so, we employed rolling windows of 171 
observations. There is a necessity to set them with this many values, since we are working with COVID-
19 vaccination information which only exists past 2021 and needs to be addressed in the models, or 
else they run into linear correlation issues.  

We also intend to make a more thorough selection of variables for the VAR and Artificial Neural 
Network models, while using the entire set of data in the ARIMA models. The idea here is to produce 
a very basic benchmark model that will be compared with the robust VAR models. The Artificial Neural 
Network is then used as a powerful comparison to confirm if VAR models can indeed be a good 
methodology to predict unemployment. We base our choice of variables on the literature review of 
this paper as well as on the Granger causality test between unemployment and the remaining variables 
being studied. This test is used to determine if one time series is useful for forecasting the other. If the 
p-value is less the 0.05, for example, then the hypothesis that the times series is not useful for the 
forecasting of the other is rejected (Rossi, 2013). We make sure to choose variables that Granger cause 
unemployment, since it is shown that using variables as covariates to forecast another can significantly 
improve the forecast error of said dependent variable (Damásio & Nicolau, 2014) and that an absence 

Series Source Measurement 

Total registered cases  Our World in Data Number 

Sum of new daily cases 1 Our World in Data Number 

Total registered deaths 1 Our World in Data Number 

Sum of new daily deaths 1 Our World in Data Number 

Total number of patients admitted into 
hospitals Our World in Data Number 

Total number of patients admitted into ICU’s 
1 Our World in Data Number 

Total number of tests 1 Our World in Data Number 

Sum of new daily tests 1 Our World in Data Number 

Total number of administered vaccinations Our World in Data Number 

Sum of new daily administered vaccines 1 Our World in Data Number 
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of statistical evidence for the test may be due to non-existing relationships between them (Damásio & 
Mendonça, 2022).  

We then confirm the quality of the models by looking at the Box-Pierce test of the residuals, 
guaranteeing there is no autocorrelation and analyse the RMSE, MSE and MAE of the out-of-sample 
predictions to confirm their quality, the 𝑅! to see if the model provides a good representation of the 
variance of the data and finally by applying a Diebold-Mariano test, which compares the forecasting 
quality of the models and shows if there are significant changes between them. 

3.2.1 ARIMA MODEL 

ARIMA models are classified as 𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞), where 𝑝 denotes the maximum order of the AR 
polynomial, 𝑑 refers to integrated parts of the data set and 𝑞 denotes moving average parts of the 
data set, having 𝑝, 𝑑, 𝑞 as nonnegative integers. (Mondal et al., 2014) 

ARIMA models are widely used to predict linear time series and offer great flexibility in univariate 
time series (Mondal et al., 2014). It is widely used as it uses only information from the previous period 
to forecast the next. However, financial time series, as the ones we are dealing with, are known to 
exhibit non-linearities, having non-normal distributions and being quite volatile, meaning these models 
are neither robust nor efficient for our analysis. If a simple ARIMA can produce better results than the 
robust VAR models presented further, then we will be able to conclude that the VAR approach is not 
appropriate to predict unemployment. 

ARIMA models have the following equation: 

𝑦" = 𝛼	 +	𝛽#𝑦"$# +	⋯	+	𝛽%𝑦"$% +	𝜃#𝜖"$# +	⋯	+	𝜃&𝜖"$& + 𝜖"  [1]  
 

where 𝛽'  are the parameters of the autoregressive part, 𝜃( are the parameters of the moving 
average part and 𝜖" are the error terms. 

To produce a comparison benchmark, we produced three ARIMAX models, which allow the 
inclusion of exogenous variables. We produced a basic model, with no exogenous variables, one with 
the macroeconomic data captured and one with both macroeconomic data and COVID-19 related 
variables. These models will be referred to as 𝐴𝑅#, 𝐴𝑅! and 𝐴𝑅) from here on.  

3.2.2 ARTIFICIAL NEURAL NETWORKS 

For several years now, Artificial Neural Networks (ANN) have been used to implement information 
processing systems, inspired by biological neural structures (Vaz et al., 2021). ANN provide several 
advantages over other statistical models and prediction techniques.  Rather than being programmed, 
they are trained by exposing the network to individual examples of data. The process is repeated until 
the Artificial Neural Network recognizes underlying patterns between inputs and outputs (Aiken, 
1996). This process also does not require any assumptions about the data, contrary to some of the 
models being studied here. 

There are several types of ANN and the choice of the type to use depends on the problem being 
studied. Here, we implement a backpropagation algorithm. These neural networks process is divided 
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into two steps (Wang & Zheng, 2009): the forward propagation of information, where the information 
is provided by the input layer, preprocessed by each hidden layer and passed to the output layer. If 
the actual output is not equal to the expected output, then the error is sent through the back-
propagation process, where the error at the output layer transfers to the input layer through the 
hidden layer, updating each preprocessed value. These two stages are repeated until the error reduces 
to an acceptable value. 

 

  

 

 

 

 

 

 

Fig 4. Backpropagation neural network representation.  
Note: The input of a node is determined by the weighted sum of the preceding nodes,  

including a bias term. Image extracted from (Tanty & Desmukh, 2015) 
 

We calculated two different Artificial Neural Networks to predict unemployment. The first one 
uses only the macroeconomic data identified in section 3.1., while the second one also uses the COVID-
19 data provided. Both Artificial Neural Networks are referred to as 𝑁𝑁# and 𝑁𝑁! respectively. Both 
models used 2 hidden layers since it has been proven by the theory that such a model can approach 
any continuous function with any precision (Wang & Zheng, 2009).  

3.2.3 VAR MODELS 

Introduced by (Sims, 1980), these models explain the endogenous variables solely by their own 
history, apart from deterministic regressors, incorporating non-statistical a priori information (Pfaff, 
2008) and provides a systematic way to capture linear dynamics in multivariate processes (Damásio et 
al., 2018). 

A VAR model can be defined as the following equation: 

 𝒚𝒕 = 𝒄 + 𝑨𝟏𝒚𝒕$𝟏 +⋯+ 𝑨𝒑𝒚𝒕$𝒑 + 𝒖𝒕 [2]  
 

where 𝒚𝒕 = (𝑦#" , … , 𝑦-" , … , 𝑦.") represents the set of K endogenous variables, 𝒄 is the k-vector of 
constants serving as the intercept of the model, 𝑨𝒊 are (K x K) coefficient matrices for 𝑖 = 1,… , 𝑝 and 
𝒖𝒕 is a K-dimensional process with 𝐸(𝒖𝒕) = 𝟎 and time invariant positive definite covariance matrix 
𝐸>𝒖𝒕𝒖𝒕𝑻? = ∑ 	1 (Pfaff, 2008). 
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Another important characteristic of the VAR model is also its stability. This means it generates a 
stationary time series with time-invariant means, variances and covariance structure, given sufficient 
starting values (Pfaff, 2008). 

We used this methodology to generate predictions using the variables best suited to predict 
unemployment. Two models were produced, both without the impact of exogenous COVID-19 related 
variables and with them, which from here on are referred to as 𝑉𝐴𝑅# and 𝑉𝐴𝑅! respectively. Both 
models were produced using 3 lags, based on the 𝐴𝐼𝐶(𝑛), 𝐻𝑄(𝑛) and 𝑆𝐼𝐶(𝑛) criterion of selection. 
All criteria are convergent, which is reassuring since a single criterion is a weak basis to judge a model 
(Damásio & Mendonça, 2019).  

3.2.4 VAR WITH BOOTSTRAP RESAMPLE 

Traditional VAR models are mostly limited to 6 to 8 variables, due to the sampling error making 
results unpredictable in larger models (Sims & Zha, 1998), which can lead to autocorrelation in the 
residuals of larger models. Due to this, we make use of the bootstrap simulation techniques, which 
have proven to be a good method to improve the results of autocorrelation tests and deal with 
normality issues, as seen in (Hatemi-J, 2004). There are several bootstrap techniques as outlined in 
(Efron & Tibshirani, 1986). Here, however, we make use of the standard bootstrap method, as seen in 
(Benkwitz et al., 2000) and follow the method presented in this paper and adapted below. 

Consider the model:  

 𝒚𝒕 =G𝑨𝒊𝒚𝒕$𝒊

%

'2'

+ 𝒖𝒕 
[3] 

1) Estimate a VAR model of order p using OLS, obtain the coefficients 𝐀I𝒊 and calculate the residuals 
𝒖J𝒕. 

2) With replacement, draw n random samples from 𝒖J𝒕, obtaining 𝒖𝒕∗. 
3) Generate the series  𝒚𝒕∗ = ∑𝑨I𝒊𝒚𝒕$𝟏∗ + 𝒖𝒕∗ and estimate 𝑨I∗ for each random sample. 
4) Construct an estimate of the covariance matrix 𝛀∗M , which can be computed as  

 𝑐𝑜𝑣(𝒚𝒕∗, 𝒚𝒕$𝒌∗ ) =
1
𝐵
G(𝒚𝒕𝒃∗ )(𝒚𝒕$𝒌𝒃∗ )6
7

82#

 [4] 

where 𝒚𝒕𝒃∗   is the bth bootstrap replication. 

5) The confidence intervals of the bootstrap are then constructed based on the above statistics. 

We used 1000 bootstrap replication to generate the new bootstrapped series and compute the 
confidence intervals for the VAR model predictions. 
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3.2.5 BAYESIAN VAR MODELS 

Another method to deal with the larger array of variables presented is to apply vector 
autoregression with Bayesian shrinkage (BVAR) which allows estimations when we have more 
parameters than observations (Bańbura et al., 2010).  

These methods differ from traditional VAR models in that they combine prior information along 
with the likelihood function to obtain a posterior distribution for the parameters of interest, improving 
forecasting performance, by using the Bayes theorem (Cuestas & Ordóñez, 2018):  

 𝜋(𝜗|𝑦) =
𝑓(𝑦|𝜗)𝜋(𝜗)

𝑓(𝑦)
 [5] 

 

where 𝜗 refers to the set of parameters we are interested in estimating, 𝜋(𝜗|𝑦) is the posterior 
distribution of these parameters, conditional to the dataset 𝑦, 𝑓(𝑦|𝜗) is the likelihood function, 𝜋(𝜗) 
is a set of priors with a probability distribution and 𝑓(𝑦) is the marginal density. 

Several different priors have been defined in literature and can be applied to these models. The 
most common one is the Minnesota prior defined by (Litterman, 1986), as it can handle the issue of 
unit roots in the data. However, it requires prior knowledge of the residual variance-covariance matrix, 
which may lead to incorrect assumptions.  

Therefore, we test the possibility of using a Stochastic Search Variable Selection (SSVS) VAR. As 
seen in (Jochmann et al., 2010), SSVS consist of a hierarchical prior where each of the parameters in 
the VAR is drawn from one of two normal distributions. The first of these has a zero mean and a 
variance very close to zero. The second also has a zero mean but has a large variance, implying a 
relatively non-informative prior. This process helps deal with the overparameterization problem 
presented by a basic VAR since it allows for the shrinkage of parameters.  

We apply a “default semi-automatic approach”, defined in (George et al., 2008), to select the prior 
hyperparameters. The pre-selected constants 𝑐9 and 𝑐# that control prior significance are set to 0.1 
and 10 respectively, while the likelihood of each coefficient being a priori equally likely to be included 
is set to 0.5. 

We then further simulate the model by selecting very tight priors for irrelevant variables and 
relatively uninformative priors for relevant parameters. We do this by considering coefficients relevant 
if their posterior inclusion probability is above a defined threshold of 50 percent (Barbieri & Berger, 
2004) and in doing so, construct a highly probable model. The BVAR models will be defined as 𝐵𝑉𝐴𝑅# 
and 𝐵𝑉𝐴𝑅! for the analysis without the impact of COVID-19 and with it, respectively. 
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4. RESULTS 

We begin by testing the stationarity of the series, applying an Augmented Dickey-Fuller Test (ADF 
Test), which is used to test for unit-root non-stationarity in time series data. We confirm that most of 
our time series are not stationary since the null hypothesis of the test is not rejected for a significance 
level of 0.05. Therefore, we apply first differences to all macroeconomic time series to make the data 
stationary and preserve the meaningful relations the variables have between them, obtaining a 
training set of 171 observations, from February 2007 to April 2021. 

Table 3. ADF Test results 
Note: The unit root test is applied with an intercept and linear trend regressors. The maximum lag 
order is 5, based on the data size of the time series.  
H0: The time series has a unit root present. 

Series ADF Test p-value 

Unemployment rate 0.59 

Number of unemployed people registered with the IEFP 0.04 

Electricity consumption 0.07 

Electricity   production 0.11 

Inflation rate 0.51 

Total industrial production  0.07 

Total construction 0.02 

Imports in goods 0.01 

Consumer Price Indices of Alcoholic beverages, tobacco and narcotics 0.09 

Consumer Price Indices Clothing and footwear 0.82 

Consumer Price Indices Housing, water, electricity, gas and other fuels 0.79 

Consumer price indices of Health 0.01 

Consumer price indices of Communication 0.28 

Consumer price indices of Education 0.18 

Consumer price indices of Restaurants and hotels 0.11 

Total rail passenger transport 0.01 
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We then test the Granger causality between the endogenous information. The results go mostly 
in line with the literature review. However, we cannot reject the null hypothesis that inflation and 
imports do not Granger cause unemployment. With this in mind, we will make use of the CPI of 
alcoholic beverages, health and education as good indicators for inflation, since we can reject the null 
hypothesis that these variables do not Granger cause the unemployment rate and will remove imports 
from the VAR, BVAR and Artificial Neural network models. Finally, regarding the COVID-19 data, we 
can reject the null hypothesis that these variables do not Granger cause the unemployment rate, 
meaning they could prove relevant to forecast unemployment.  

Table 4. Causality test between unemployment and endogenous data 

First registration of brand-new passenger cars 0.01 

Service Payment Index - Wholesale 0.11 

Consumption of goods per household 0.06 

Total assets of investment funds  0.01 

Investment funds in Cash and deposits 0.01 

Total registered cases  0.05 

Total number of patients admitted into hospitals 0.01 

Total number of administered vaccinations 0.01 

Causality test Number of lags F-Statistic 

The number of unemployed people registered with the IEFP does not 
Granger cause the unemployment rate 3 33.06*** 

Inflation rate does not Granger cause the unemployment rate 3 1.24 

Electricity consumption does not Granger cause the unemployment 
rate 3 0.91 

Electricity production does not Granger cause the unemployment rate 3 0.95 

Industrial production does not Granger cause the unemployment rate 3 16.88*** 

Construction does not Granger cause the unemployment rate 3 61.89*** 

Imports do not Granger cause the unemployment rate 3 2.07 

Consumer Price Indices of Alcoholic beverages, tobacco and narcotics 
do not Granger cause the unemployment rate 3 20.02*** 
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* Denotes significance at 10%; ** Denotes significance at 5%; *** Denotes significance at 1% 

 

With the tests applied, the variables chosen for the VAR and Artificial Neural Network models are 
the following1: unemployment rate; number of unemployed people registered with the IEFP; industrial 
production; construction; CPI of Alcoholic beverages, tobacco and narcotics; CPI of Health; CPI of 
Education; number of newly registered passenger vehicles; wholesale service payment index, household 
consumption; Total assets of investment funds. The ARIMA models will make use of the entire set. 

 

 

1 COVID-19 indicators remain the same for all models. 

Consumer Price Indices Housing, water, electricity, gas and other fuels 
do not Granger cause the unemployment rate 3 0.23 

Consumer price indices of Health do not Granger cause the 
unemployment rate 3 4.35*** 

Consumer price indices of Communication do not Granger cause the 
unemployment rate 3 0.27 

Consumer price indices of Education do not Granger cause the 
unemployment rate 3 11.91*** 

Consumer price indices of Restaurants and hotels do not Granger cause 
the unemployment rate 3 0.95 

Total rail passenger transport does not Granger cause the 
unemployment rate 3 38.46*** 

First registration of brand-new passenger cars does not Granger cause 
the unemployment rate 3 35.05*** 

Service Payment index - Wholesale do not Granger cause the 
unemployment rate 3 14.22*** 

Consumption of goods per household does not Granger cause the 
unemployment rate 3 75.90*** 

Total assets of investment funds do not Granger cause the 
unemployment rate 3 8.72*** 

Investment funds in Cash and deposits do not Granger cause the 
unemployment rate 3 0.54 

COVID-19 total registered cases do not Granger cause the 
unemployment rate 3 5.83*** 

COVID-19 total number of patients admitted into hospitals does not 
Granger cause the unemployment rate 3 14.76*** 

COVID-19 total number of vaccinations does not Granger cause the 
unemployment rate 3 29.23*** 
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Regarding the benchmark models, for the ARIMAs, we choose the order of the analysis based on 
the ACF and PACF graphs of the differentiated unemployment series, presented in figure 5. Based on 
their analysis, we make use of an  𝐴𝑅𝐼𝑀𝐴(2,1,1) for all ARIMA benchmark estimations. The neural 
networks make use of 2 hidden layers, as seen in section 3. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 5. ACF and PACF graphs of the unemployment rate.  
Note: The unemployment rate has been differentiated for the analysis. 

 

For the VAR and BVAR models, we explain both the lag decision for the models and the choice of 
hyperparameters for the BVAR in section 3 of this paper. Table 5 shows the results of fitting the VAR 
and BVAR models. We obtain very positive results for the multiple and adjusted 𝑅! of the VAR models, 
showing that the variables chosen can explain almost all the variance present in the unemployment 
rate. 

Table 5. VAR and BVAR model coefficients for the unemployment rate. 
Note: In parenthesis are presented the s.e. of the coefficient estimations.  

 𝑽𝑨𝑹𝟏 𝑽𝑨𝑹𝟐 𝑩𝑽𝑨𝑹𝟏 𝑩𝑽𝑨𝑹𝟐 

Unemployment (-1) 0.12 
(0.08) 

0.09 
(0.08) 

0.00 
(0.00) 

0.00 
(0.00) 

IEFP registrations (-1) 0.02 
(0.11) 

0.04 
(0.11) 

0.00 
(0.00) 

0.00 
(0.00) 

Industrial Production (-1) 0.03 
(0.06) 

0.01 
(0.06) 

0.00 
(0.00) 

0.00 
(0.00) 

Construction (-1) 0.03 
(0.06) 

-0.02 
(0.06) 

0.00 
(0.00) 

0.00 
(0.00) 

CPI Alchool (-1) 0.10 
(0.19) 

0.01 
(0.19) 

0.00 
(0.00) 

0.00 
(0.00) 
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CPI Health (-1) 0.07 
(0.22) 

0.04 
(0.22) 

0.00 
(0.00) 

0.00 
(0.00) 

CPI Education (-1) -0.09 
(0.51) 

-0.15 
(0.49) 

0.00 
(0.00) 

0.00 
(0.00) 

New registered vehicles (-1) 0.00 
(0.01) 

0.01 
(0.01) 

0.00 
(0.00) 

0.00 
(0.00) 

Service Payment Index (-1) 0.05 
(0.05) 

0.01 
(0.05) 

0.00 
(0.00) 

0.00 
(0.00) 

Investments (-1) 0.10 
(0.11) 

0.07 
(0.11) 

0.00 
(0.00) 

0.00 
(0.00) 

Household consumption (-1) 0.19 
(0.16) 

0.11 
(0.16) 

0.42 
(0.08) 

0.00 
(0.00) 

Unemployment (-2) 0.22 
(0.08) 

0.17 
(0.08) 

0.17 
(0.06) 

0.00 
(0.00) 

IEFP registrations (-2) 0.05 
(0.12) 

0.01 
(0.12) 

0.00 
(0.00) 

0.00 
(0.00) 

Industrial Production (-2) 0.06 
(0.07) 

0.08 
(0.07) 

0.00 
(0.00) 

0.00 
(0.00) 

Construction (-2) -0.17 
(0.06) 

-0.17 
(0.06) 

-0.23 
(0.03) 

0.00 
(0.00) 

CPI Alchool (-2) -0.36 
(0.19) 

-0.44 
(0.19) 

0.00 
(0.00) 

0.00 
(0.00) 

CPI Health (-2) 0.07 
(0.23) 

0.08 
(0.22) 

0.00 
(0.00) 

0.00 
(0.00) 

CPI Education (-2) -0.07 
(0.50) 

-0.53 
(0.50) 

0.00 
(0.00) 

0.00 
(0.00) 

New registered vehicles (-2) 0.00 
(0.01) 

0.00 
(0.01) 

0.00 
(0.00) 

0.00 
(0.00) 

Service Payment Index (-2) -0.09 
(0.05) 

-0.07 
(0.05) 

0.00 
(0.00) 

0.00 
(0.00) 

Investments (-2) 0.03 
(0.11) 

0.01 
(0.11) 

0.00 
(0.00) 

0.00 
(0.00) 

Household consumption (-2) -0.16 
(0.18) 

-0.19 
(0.17) 

0.00 
(0.00) 

-0.66 
(0.08) 

Unemployment (-3) -0.04 
(0.08) 

-0.04 
(0.08) 

0.00 
(0.00) 

0.00 
(0.00) 

IEFP registrations (-3) 0.21 
(0.11) 

0.33 
(0.11) 

0.47 
(0.07) 

0.40 
(0.06) 

Industrial Production (-3) -0.16 
(0.07) 

-0.14 
(0.07) 

-0.20 
(0.05) 

-0.21 
(0.05) 

Construction (-3) -0.15 
(0.06) 

-0.12 
(0.06) 

-0.22 
(0.04) 

0.00 
(0.00) 

CPI Alchool (-3) 0.43 
(0.20) 

0.44 
(0.19) 

0.30 
(0.15) 

0.00 
(0.00) 

CPI Health (-3) 0.05 
(0.22) 

-0.06 
(0.22) 

0.00 
(0.00) 

0.00 
(0.00) 

CPI Education (-3) 0.29 
(0.40) 

-0.25 
(0.41) 

0.00 
(0.00) 

0.00 
(0.00) 

New registered vehicles (-3) 0.01 
(0.01) 

0.01 
(0.01) 

0.01 
(0.01) 

0.00 
(0.00) 

Service Payment Index (-3) -0.10 
(0.05) 

-0.04 
(0.06) 

0.00 
(0.00) 

0.00 
(0.00) 

Investments (-3) -0.24 
(0.11) 

-0.24 
(0.11) 

-0.26 
(0.08) 

0.00 
(0.00) 

Household consumption (-3) -0.05 
(0.15) 

-0.16 
(0.15) 

0.00 
(0.00) 

0.00 
(0.00) 

const -0.02 
(0.17) 

-0.02 
(0.17) 

0.00 
(0.00) 

0.00 
(0.00) 

Total cases - -0.02 
(0.01) - 0.04 

(0.01) 



18 
 

Total hospitalized patients - -0.03 
(0.01) - -0.05 

(0.01) 

Total vaccinations - 0.01 
(0.00) 

- 0.00 
(0.00) 

Model Evaluation 

Multiple 𝑹𝟐 0.74 0.77 - - 

Adjusted 𝑹𝟐 0.68 0.70 - - 

F-Statistic 12.11 on 33 
and 141 df 

12.55 on 36 and 
138 df - - 

 

We tested the out-sample forecasting performance of the models by comparing it to the set of 
data from May 2021 to November 2021. We analyzed the quality of predictions in all rolling windows 
and evaluated the changes considering different forecasting horizons, from 1 to 7 months. The 
forecasting results can be seen below in figure 6. We then bootstrapped the confidence intervals of 
the VAR models, to confirm if the results present in the standard VAR models can still be accurate for 
longer forecasting horizons. We make use of 1000 resamples to obtain the 95% confidence bands for 
the forecasts of the VAR models. Figure 7 shows the results. 

We can conclude that the BVAR models provide a closer representation of the real data, when 
compared to the benchmark models and the VAR models, especially for longer forecasting horizons. 
The standard VARs provide more accurate results for shorter horizons than the benchmark models 
however, the predictions seem to get increasingly worse for longer forecasting horizons. These results 
are backed by figure 8. By bootstrapping the VAR model confidence bands, we see that the forecasts 
fall inside the 95% confidence bands, apart from the 7-step-ahead forecasts of  𝑉𝐴𝑅!. This can be a 
result of the overparameterization present in this model. VAR models can prove unreliable when 
dealing with a high number of dimensions, which combined with the large forecasting horizon, leads 
to inaccurate estimations. The Baysen method can deal with this overparameterization and therefore 
the BVAR model estimations remain accurate for longer forecasting horizons.  
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Fig 6. 1 through 7-step-ahead out-of-sample forecasts for the unemployment rate.  
Note: We compare the forecasted out-of-sample results from the different models with the real data from the same period. 
The predictions are compared to the stationary data of the unemployment rate. The models were calculated using multiple 

rolling windows for the different horizons being studied. The predicted values are averaged for each rolling window and 
horizon. 
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Fig 7. 𝑉𝐴𝑅# and 𝑉𝐴𝑅$ bootstrapped confidence intervals for the 1 through 7-step-ahead forecasts estimated.  
Note: The confidence intervals are generated by resampling the data 1000 times. All figures present the 95% confidence 

intervals, represented by the grey dotted lines. The dashed green line presents the forecasted values for the 𝑖-step-ahead 
horizon of  𝑉𝐴𝑅# while the dashed blue line presents the results of 𝑉𝐴𝑅$. 

 

To analyse the forecasting models, we tested the presence of heteroskedasticity in the residuals 
through a Box-Pierce test. We can assume no autocorrelation and heteroskedasticity of residuals at a 
95% confidence level for all ARIMA and VAR models.  

Table 6. Autocorrelation test for ARIMA and VAR model residauls 
 𝐴𝑅! 𝐴𝑅" 𝐴𝑅# 𝑉𝐴𝑅! 𝑉𝐴𝑅" 

Box-Pierce 
test p-value 

0.91 0.71 0.95 0.53 0.67 

 

We then evaluate the RMSE, MSE and MAE of the out-of-sample forecasts for the different models 
and horizons tested. Figure 8 shows the average out-of-sample forecasting performance of the 
residuals, for the various models. As expected, lower forecasting horizons provide lower prediction 
errors. The predicted performances of all VAR models were superior to the benchmark models only 
for lower horizons and the BVAR models provided the lowest RMSE, MSE and MAE across all models. 
This is also expected as the Bayesian approach can deal with the overparameterization problem of 
normal VAR models.  
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Fig 8. Out-of-sample RMSE, MSE and MAE for the different estimated models.  
Note: The graphs show the average RMSE, MSE and MAE over the different rolling windows calculated for the various 

horizons and models. The calculations are made by comparing the real data from May 2021 to November 2021 with the 
predicted values. 
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To conclude, we apply the Diebold-Mariano test to the forecasting results, to understand if the 
models do indeed provide different accuracies. For simplicity, we calculate the test for the 1-step-
ahead and 7-step-ahead forecasts, to confirm if longer horizons present differences in the forecasting 
results. Results can be seen in tables 7 and 8. The test indicates that apart from 𝐴𝑅#, the models 
provide the same accuracy for a 1-step-ahead prediction, as we are not able to reject the null 
hypothesis that the forecasts have different accuracies for a significance value of 0.05. However, for a 
longer forecasting horizon, we reject the null hypothesis when comparing the VAR and BVAR models. 
We can reject the null hypothesis that	𝑉𝐴𝑅!	has the same accuracy as the remaining VAR and BVAR 
model forecasts and reject the null hypothesis that 𝑉𝐴𝑅# has the same accuracy as 𝐵𝑉𝐴𝑅#, for a 
significance level of 0.05, something that was expected from the previous results. 

It is important to note that, although we can not assume the models have different accuracies for 
the most part, a low p-value does not necessarily mean that one model is better than the other and 
only means that the forecast errors of the two models are different. Therefore, it is important to 
consider the remaining metrics presented in this paper to assess the quality of the models. 

 

Table 7. Diebold-Mariano test p-value results for 1-step-ahead forecasts.  
H0: The forecasts from model 1 and model 2 have the same accuracy.  
  

 𝐴𝑅! 𝐴𝑅" 𝐴𝑅# 𝑁𝑁! 𝑁𝑁" 𝑉𝐴𝑅! 𝑉𝐴𝑅" 𝐵𝑉𝐴𝑅! 𝐵𝑉𝐴𝑅" 

𝐴𝑅!          

𝐴𝑅" 0.012         

𝐴𝑅# 0.006 0.483        

𝑁𝑁! 0.890 0.295 0.131       

𝑁𝑁" 0.159 0.202 0.065 0.449      

𝑉𝐴𝑅! 0.366 0.231 0.166 0.213 0.251     

𝑉𝐴𝑅" 0.327 0.215 0.155 0.196 0.228 0.274    

𝐵𝑉𝐴𝑅! 0.415 0.275 0.206 0.277 0.305 0.866 0.491   

𝐵𝑉𝐴𝑅" 0.367 0.236 0.173 0.245 0.263 0.841 0.478 0.952  

 

 

 

 

 



24 
 

Table 8. Diebold-Mariano test p-value results for 7-step-ahead forecasts 
H0: The forecasts from model 1 and model 2 have the same accuracy.   
 

 𝐴𝑅! 𝐴𝑅" 𝐴𝑅# 𝑁𝑁! 𝑁𝑁" 𝑉𝐴𝑅! 𝑉𝐴𝑅" 𝐵𝑉𝐴𝑅! 𝐵𝑉𝐴𝑅" 

𝐴𝑅!          

𝐴𝑅" 0.252         

𝐴𝑅# 0.536 0.289        

𝑁𝑁! 0.493 0.075 0.491       

𝑁𝑁" 0.612 0.176 0.573 0.559      

𝑉𝐴𝑅! 0.883 0.691 0.842 0.992 0.943     

𝑉𝐴𝑅" 0.197 0.063 0.232 0.126 0.158 0.020    

𝐵𝑉𝐴𝑅! 0.343 0.475 0.356 0.319 0.299 0.011 0.012   

𝐵𝑉𝐴𝑅" 0.980 0.523 0.926 0.858 0.936 0.742 0.074 0.000  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



25 
 

5. CONCLUSIONS 

In this paper, we analyze the possibility of the VAR approach being a good prediction method for 
the Portuguese unemployment rate, while also confirming if the inclusion of COVID-19 related data 
improves the prediction results. We came to the following conclusions. 

5.1 THEORETICAL IMPLICATIONS 

The VAR models do in general predict better than other approaches, such as ARIMA and Neural 
Networks, when estimated for shorter horizons. When estimated for longer horizons, the combination 
of overparameterization and long forecasting horizons leads to more inaccurate results than the 
benchmark models. The Bayesian approach for VAR models provides the best results as it can more 
accurately deal with the overparameterization problem of VARs.  

The results here are in line with the ones found in (Sugita, 2022) which also proves that the SSVS 
prior can provide lower MSE and better forecasts for longer horizons than traditional estimators. We 
also conclude that, as the forecast horizon increases, the quality of the models decreases. VAR model 
forecasts also worsen substantially more as the forecasting horizon increases, when compared to 
Neural Networks, something that is consistent with the literature review presented.  

5.2 PRACTICAL IMPLICATIONS 

The inclusion of exogenous COVID-19 data provides no significant improvement to the forecasting 
ability of the models. Although COVID-19 caused an enormous economic crisis, its impact on 
unemployment seems to have been quickly mitigated, possibly due to quick government and 
companies’ actions. The impact of the pandemic was felt more in some sectors than others, as some 
companies could easily transition to remote work while others could not. It is likely that the ones that 
were able to do so were also larger businesses than the ones that could not. This is relevant because, 
in this study, we analysed the global unemployment rate of Portugal across all sectors, disregarding 
this nuance. It might prove relevant to study the effects of the pandemic across independent sectors 
and analyse if there were indeed differences in the way COVID-19 affected unemployment. 

5.3 LIMITATIONS AND FUTURE WORK 

Due to the inclusion of exogenous information regarding vaccinations, the models have a smaller 
test set than intended. With the progression of the pandemic and the rollout of vaccinations, it might 
be relevant to apply this methodology to larger forecasting horizons, making use of more recent 
information. 
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