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Abstract 
 
The problem of finding the factors influencing voting behavior is of crucial interest in political 
science and is frequently analyzed in books and articles. But there are not so many studies whose 
supporting information comes from official registers. This work uses official vote records in Spain 
matched to other files containing the values of some determinants of voting behavior at a 
previously unexplored level of disaggregation. The statistical relationships among the 
participation, the vote for parties and some socio-economic variables are analyzed by means of 
Gaussian Bayesian Networks. These networks, developed by the machine learning community, 
are built from data including only the dependencies among the variables needed to explain the 
data by maximizing the likelihood of the underlying probabilistic Gaussian model. The results are 
simple, sparse, and non-redundant graph representations encoding the complex structure of the 
data. The generated structure of dependencies confirms many previously studied influences, but 
it can also discover unreported ones such as the proportion of foreign population on all vote 
variables. 
JEL-Codes: C460, D310, D550, D720, D910. 
Keywords: Bayesian networks, Gaussian distributions, voting behaviour, elections, voter turnout, 
political participation. 
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1. Introduction 

Free and fair elections are fundamental pillars for well-functioning representative democracies. It 

is widely accepted that, given the possible difficulties of direct democracies, people must choose 

political mediators to act on their behalf (Berganza, 2000).  

The fact is still that people do vote although in large electorates there is a small chance for an 

individual vote to be pivotal, what has been called “the paradox of voting” (Bendor et al., 2003; 

Downs, 1957). The reasons for electors, first, to take part in casting their vote and then, to make 

their choice between the different vote options, become thus an interesting subject to study. For 

both the citizens to participate more effectively in the political process and the political parties 

to plan their campaign strategy, it is therefore crucial to know about the factors determining 

voting behavior. There are countless models trying to explain the factors influencing citizens’ 

behavior when they have to confront these decisions (Antunes, 2010; Mahsud & Amin, 2020; 

Smets & van Ham, 2013).These models are commonly grouped into three categories: the 

sociological models, emphasizing the influences of social factors; the psycho-social models, 

focusing on voters’ identification with political parties; and the rational-choice models, referred 

to as models of economic vote. The issue is that all these theoretical explanations have found their 

own empirical support. Consequently, the final decision of an individual in a particular electoral 

occasion is the result of complex interactions among several diverse kinds of factors.   

Most of the studies on the subject discuss the first of the questions, i.e., what factors are 

determining electoral participation. Without any attempt to be exhaustive, some of the principal 

determinants at micro level are demographic (age, gender, ethnicity, religion), economic 

(employment, income levels), cultural (family and community values, cultural norms), 

psychological (cognitive biases, emotions, personal beliefs), and political (debates, campaign 

strategies). Stockemer (2017) synthesized the results of more than 130 articles published in peer 

reviewed journals using electoral participation (also called turnout) as the dependent variable. The 

study suggests that the factors determining turnout might be more complex and more context 

dependent than the current theory suggests. Similarly, Ansolabehere and Hersh (2017) found, 

from respondents of surveys, that standard determinants of participation such as demographic 

characteristics or measures of political engagement explain at most between a third and a half of 

voting participation; and a more recent study, using millions of regressions with varying model 

specifications, established which social, institutional, and political factors driving national-level 

voter turnout are empirically robust (Frank & Martínez i Coma, 2023). There are also other studies 

analyzing the role of one or more particular determinants of electoral participation: of age (Bhatti 

& Hansen, 2012; Hannan-Morrow & Roden, 2014; Zeglovits & Aichholzer, 2014); economic 

inequalities (Bhatti et al., 2019; Freeman, 2005; Matsubayashi & Sakaiya, 2021); income levels 

(Akee et al., 2020; Piketty, 2021); race, sex and party of affiliation (Barber & Holbein, 2022);  
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local weather (Arnold & Freier, 2016; Artés, 2014; Damsbo-Svendsen & Hansen, 2023); 

economic perceptions (Green, 1985; Wlezien et al., 1997); taxes (Bierbrauer et al., 2018; Brett & 

Weymark, 2017); educational attainment (Dawes et al., 2021; Filer et al., 1989); and political and 

institutional variables in different countries  (Cancela & Geys, 2016; Denny & Doyle, 2008; Geys, 

2006; Goldberg & Sciarini, 2023; Petitpas et al., 2021). There are even studies in the opposite 

direction, that is, analyzing the effects of electoral participation on other variables, e. g. the effects 

of electoral participation on economic growth (Mueller & Stratmann, 2003). 

There is also a vast literature on the other question, the determinants of the vote choice or vote 

for the different options. For example, the theory that voters cast their ballots to the most credible 

party proponent of a particular issue is refined by Bélanger & Meguid (2008). Other related topics 

in the context of multiparty systems have also been studied. A few examples are: the affective 

polarization between the supporters of opposing political parties (Comellas & Torcal, 2023; 

Wagner, 2021; Harteveld, 2021); the factors influencing the vote for populist parties in Germany, 

the United Kingdom and other European countries (Aronsson et al., 2020; Arin et al., 2023) ; the 

association of changes of voting patterns with moral values (Enke, 2020); the relationship 

between inequality and partisan voting in the United Stated (Gelman et al., 2010); and the link 

between individual deprivation and the support to the protest party (Altomonte et al., 2019) . 

Another relevant issue refers to the supporting data used to validate the models proposed in the 

different analysis. The confidentiality of the individual votes in elections makes it difficult to 

discover their relationship with other factors. Sometimes, experimental designs are used to 

validate the models, usually trying to mimic the functioning of an electoral occasion where voters 

choose between specific options and are confronted with given requirements (Sondheimer & 

Green, 2010; Wiese & Jong-A-Pin, 2017). However, more often the supporting information 

comes from results of electoral opinion surveys, or from validated official records. The surveys 

are usually conducted before or after an election and collect the opinions and attitudes of 

representative samples of citizens with the right to vote. Thus, they may include, as well as the 

questions on the participation on the election and which candidate or list they will vote or voted 

for (depending on being a pre- or a post-electoral survey), other questions reflecting the values of 

some variables related to the first ones. Studies based on these surveys are countless; just a few 

examples are Bélanger and Meguid (2008), Gelman et al. (2010), Geys et al. (2022), and 

Maldonado & Hernandez (2020). But the electoral surveys suffer from some problems (Barber & 

Holbein, 2022; Healy et al., 2016; Stocké & Stark, 2007; Wiese & Jong-A-Pin, 2017). The first 

and the most important is that the answers to the questions are self-reported, what makes them 

affected by the social desirability bias (Berinsky, 1999). Besides, the data are only elicited at a 

single point in time and are thus influenced by limited human memory. And lastly, most of the 

surveys are designed to be representative at the aggregate level, being rarely representative at 
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more detailed levels for the variables of interest. An interesting study to verify and validate a large 

number of electoral surveys in the United States found, first, that over-estimation of electoral 

turnout is now primarily due to misreporting rather than to sample selection bias, and second, that 

respondents are found to misreport only on survey items associated with socially desirable 

outcomes (Ansolabehere & Hersh, 2017). 

In contrast to data from surveys, the data from validated official records are not affected by these 

problems and its information is considered more reliable. The official data on participation, in 

most countries, typically only include other simple variables such as age or sex. For this reason, 

it is common to find studies matching the administrative register data to other data files including 

some variables of interest (Bellettini et al., 2017; Bratsberg et al., 2019; Goldberg & Sciarini, 

2023; Zeglovits & Aichholzer, 2014).  

All the earlier examples use individual data on participation. Official data on voting for parties or 

candidates are only released in aggregate form for geographical areas, to protect the privacy of 

individual voters (and because, usually, information on an individual’s specific vote is not 

accessible). These aggregated data can also be matched with other datasets to analyze the 

connection with other features: for example, data on vote for parties at the county level in Poland 

(380 counties as of December 2023) is matched with administrative information on the number 

of emigrants by county to study the effect of emigration rates on voting for right-wing parties 

(Giesing et al., 2023). 

The study presented on this paper makes use of data from official registers, specifically the 

records on the distribution of votes to parties in the November 2019 General Elections by census 

sections in Spain (more than 36000 as of December 2023). These data are matched to other official 

files including the values of some possible predictors of voting behavior to analyze their 

relationships. Apart of using entire datasets with information of all and not of a sample of the 

census sections in this work we learn the statistical relationships among the participation, the 

vote for parties and some socio-economic variables, by means of a method not used before to our 

knowledge for the purpose, i.e., Gaussian Bayesian Networks (Geiger & Heckerman, 1994; 

Shachter & Kenley, 1989).  

The remainder of this paper is organized as follows: Section 2 presents the information on 

electoral data and possible predictors obtained from administrative records; Section 3 summarizes 

the features of Gaussian Bayesian Networks and the methods used; Section 4 shows the more 

important results referring to the interactions between the vote and some factors; and finally, 

Section 5 presents some comments and remarks.   
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2. The data 

The census sections in Spain are geographical areas designed for the control and management of 

electoral processes. These areas (more than 36000) result from the union of polling stations, the 

level at which the ballots are counted. Each census section includes between 500 and 2000 

residents. There was no official statistical information at this level of detail until recently. But 

since 2019 the Spanish National Statistical Institute publishes a new statistic called Household 

Income Distribution Atlas (HIDA)1 based on administrative registers. It contains information 

about statistical indicators, at geographically detailed levels, on the level and distribution of the 

income per capita and per household, along with other demographic and social indicators.  

Our aim is to study the interactions between voting behavior and some predictors. It may be 

assumed that the variables are quite similar within the census sections, something that may help 

to improve the estimation of their interactions with the vote. The data obtained from the HIDA 

2020 (the data are more reliable from this year), and referring to census sections, are the following: 

- Variables of incomes. Income indicators are obtained from the collaboration between the 

Spanish National Statistical Office and the Spanish Tax Agency. The variables used in this 

work are: 

o Average annual net income per person (€ in thousands) (AvNPI) 

o        “          “       “        “        “   household (€ in thousands) (AvNHhI) 

o Average personal tax rate (AvPT). Following the methodology of the HIDA 2020, 

the differences between the gross income per person and the net income per person 

for each census section are the taxes and contributions. Thus, the rate 

(𝐺𝑟𝑜𝑠𝑠 𝑖𝑛𝑐𝑜𝑚𝑒 𝑝𝑒𝑟 𝑝𝑒𝑟𝑠𝑜𝑛 − 𝑁𝑒𝑡 𝑖𝑛𝑐𝑜𝑚𝑒 𝑝𝑒𝑟 𝑝𝑒𝑟𝑠𝑜𝑛) ∗ 100 𝐺𝑟𝑜𝑠𝑠 𝑖𝑛𝑐𝑜𝑚𝑒 𝑝𝑒𝑟 𝑝𝑒𝑟𝑠𝑜𝑛⁄   can be 

used as an estimation of the average personal tax rate (%) in each census section.  

o Average household tax rate (AvHhT). Similarly, for the estimation of the average 

household tax rate (%). 

o Median after-tax income per consumption unit (€ in thousands) (MdICU) 

o Average percentage of household income from wages and salaries (Wages) 

o        “               “        “        “                “        “     pensions (Pensions) 

o        “               “        “        “                “        “     unemployment benefits (Unempl) 

o        “               “        “        “                “        “     other benefits (OthBen) 

o        “               “        “        “                “        “         “     sources (OthSour) 

- Demographic information. There are six main items coming from the population census. 

These variables are: 

 
1 
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736177088&menu=ulti
Datos&idp=1254735976608 
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o Average age (AvAge) 

o Percentage of population under 18 years old (Pop<18) 

o           “        “         “          over 64 years old (Pop>64) 

o Average size of households (AvHhS) 

o Percentage of one-person households (1PHh) 

o           “        “  foreign population (Foreign) 

- Inequality measures. The matching of demographic and tax data at the census sections level 

allows for calculating some measures of inequality. In particular:  

o The Gini coefficient, a single statistic of inequality summarizing the distribution of 

income or wealth across the population (Gini). A Gini coefficient of 0 reflects 

complete equality, while a Gini coefficient of 100 signifies maximal inequality.  

o The ratio of household income at the 80th percentile of income distribution to that at 

the 20th percentile, one of the most frequent references in analyses of inequality 

(P80/P20) (Bartels, 2017).  

These 18 variables from HIDA are considered of interest to check their influence on the electoral 

results. There exist obvious relationships among some of them. However, they are kept because 

they may capture different nuances of complex interactions. Also, we must have in mind that 

these are not all the factors influencing the vote, but there may be other variables confounding the 

relationships between them. 

On the other hand, once the results of an election are officially declared, the Spanish Interior 

Department handles publishing the data, which can be downloaded from its website2. The interest 

of this work is focused on voting for national parties. Therefore, for each census section, the 

variables obtained from the Interior Ministry and referred to the 2019 General Elections in Spain 

are the following: 

o Percentage of turnout (Turnout)  

o         “          “   votes for Ciudadanos (Ciudadanos) 

o        “           “       “     “   PP (PP) 

o        “           “       “     “   Podemos (Podemos) 

o        “           “       “     “   PSOE (PSOE) 

o        “           “       “     “   VOX (VOX) 

Consequently, there are 18 variables (from income, demographic and inequality measures) to 

study as predictors of participation and vote for 5 national parties. The procedures used are 

explained in the following section. 

 
2 https://infoelectoral.interior.gob.es/opencms/en/inicio 
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3. The methods  

The essential tool exploited in this work to analyze the relationships between the variables is the 

generation of Gaussian Bayesian Networks from the data available. 

To briefly introduce the Gaussian Bayesian Networks, first we remember the concept of 

independence between random variables: two discrete random variables 𝑋, 𝑌 are said to be 

independent if and only if 𝑃(𝑋 = 𝑥, 𝑌 = 𝑦) = 𝑃(𝑋 = 𝑥). 𝑃(𝑌 = 𝑦), ∀𝑥, 𝑦. Another way to say 

this, using conditional probabilities, is that  𝑃(𝑋 = 𝑥|𝑌 = 𝑦) = 𝑃(𝑋 = 𝑥), ∀𝑥, 𝑦 , or else another 

way, symmetrically, that 𝑃(𝑌 = 𝑦|𝑋 = 𝑥) = 𝑃(𝑌 = 𝑦), ∀𝑥, 𝑦 (Kingman & Feller, 1972). 

Intuitively, what this means is that the occurrence of 𝑌 = 𝑦 does not give any information on the 

distribution of the occurrence of 𝑋 (and symmetrically).   

Now, we present the Bayesian Networks (BNs), a class of graphical models (D. E. Heckerman, 

1999; Jensen & Nielsen, 2007; Lauritzen, 1992; Pearl, 1988a). Formally, a Bayesian Network 

ℬ = (𝒢, 𝒫) consists of (a) a directed acyclic graph 𝒢, composed of nodes or variables and directed 

edges, also called arcs, encoding conditional independence relationships among them, and (b) a 

set of parameters 𝒫. These parameters constitute the conditional probability distributions over the 

nodes, i.e., the quantitative information on the dependencies among them.  

Figure 1 
Bayesian network graph 𝓖 

 

An example with four discrete random variables 𝐴, 𝐵, 𝐶 and 𝐷 is the Bayesian Network  ℬ where 

the directed acyclic graph 𝒢 is shown in Figure 1, and 𝒫 is the set of values of the conditional 

probability distributions {𝑃(𝐴), 𝑃(𝐵|𝐴), 𝑃(𝐶|𝐴), 𝑃(𝐷|𝐵, 𝐶)}. The arcs in 𝒢 are the set  

{(𝐴, 𝐵), (𝐴, 𝐶), (𝐵, 𝐷), (𝐶, 𝐷)}  where (𝑥, 𝑦) represents a directed arc from 𝑥 to 𝑦.  These arcs 

encode direct relationships of dependence. The independence between two variables is 

characterized by the lack of a direct or indirect path between them, e.g., from 𝒢  it follows that 𝐵 

and 𝐶 are independent.  
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The construction of a BN allows for decomposing the joint probability distribution of a set of 

random variables into a group of conditional probability distributions. The joint probability 

distribution may then be represented as the product of these conditional probabilities, implying a 

significant reduction in the number of parameters necessary to completely specify it. BNs 

constitute a potent multivariate technique, allowing the search of conditional probability 

dependencies over a set of random variables. If {𝑋 , … , 𝑋 }  is such a set, the joint probability 

distribution is then  𝑃(𝑋 , … , 𝑋 ) = ∏ 𝑃(𝑋 |𝜋 ), where  𝜋 , 𝑖 = 1, … , 𝑛 are the parents of node 

𝑋 , i.e., the nodes from which exist a direct arc to node 𝑋 . The inferred simplification in the 

calculation of all conditional and unconditional distributions between subsets of variables allows 

us to predict one or more variables from the values of others, and to answer probabilistic queries. 

The procedure of computing the probability distributions of some variables given the values of 

others is called Evidence Propagation.  

The Markov blanket of a node includes all its parents, children and children’s parents (Pearl, 

1988b). Given values for the nodes in its Markov blanket, a node results conditionally independent 

of all other nodes. BNs have been developed by the machine learning community and constitute 

an appealing and complete approach to build complex data-driven networks within a probabilistic 

framework. 

A BN can be generated, or learned in machine learning terms, from experts, but also from data 

on a set of variables. What must be learned is, first, the structure of dependencies or best directed 

acyclic graph representing the dependencies and then, the distributions conditioned on their 

corresponding parents. There are two basic approaches to learn the structure: first, constrained- 

based methods, using conditional independence tests to identify the relationships among 

variables; and second, score + search methods, establishing the learning task as an optimization 

problem where, within a set of possible structures, each candidate is assigned a score ―measuring 

its quality with respect to the data― which the algorithm attempts to maximize.  

On the other hand, once the structure is learned, the conditional distributions can also be estimated 

from data (Heckerman et al., 1995). Both learning (the structure and the conditional distributions) 

and evidence propagation are compute-intensive tasks, but many methods have been developed 

since the appearance of BNs in the 1980s, using exact and approximate algorithms (Fenton & 

Neil, 2012).  

All the previous concepts for BNs of discrete random variables can be extended to continuous 

random ones. This gives rise to the concept of interest in this paper, that of Gaussian Bayesian 

Networks (GBNs), which are Bayesian networks whose associated joint probability distribution 

is a multivariate Gaussian distribution. It can be shown that the conditional probability density 

functions 𝑓(𝑋 |𝜋 ), 𝑖 = 1, … , 𝑛 contributing to the factorization of the joint probability 
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distribution, follow distributions 𝛮 𝜇 + ∑ 𝛽 𝑋 − 𝜇 , 𝜈∈ ,  where 𝜇  is the unconditional 

mean of 𝑋 , 𝛽  is the regression coefficient of 𝑋  in the regression of 𝑋  on its parents 𝜋  , and 𝜈  

is the conditional variance of 𝑋  given its parents. The Markov Blanket of a node in a GBN is 

constituted exclusively by its parents (Murphy, 2012). In this case, the evidence propagation can 

be computed using a method presented by Castillo et al. (2012).  Given the structure of the GBN, 

i.e., the set of parents for each variable, the parameters can be easily learned as a maximum 

likelihood fit of the linear regression of each variable on its parents. The GBN approach provides 

an optimal and non-redundant probabilistic Gaussian model of the complex system of interactions 

among variables using a network support describing the relevant dependencies (Graafland et al., 

2019).  

 Once a BN has been learned from data, the direction of the arcs indicates the direction of the 

probabilistic influences, do not necessarily represent causal relationships. The existence of latent 

variables unobserved variables that may influence the variables in the network can produce 

spurious correlations between the observed variables and thus introduce bias in the causal 

relationships (Gillies, 2002; Pearl, 2009). In the case of the network to build using the variables 

in Section 2, the earlier references presented in Section 1 suggest many variables that can play 

the role of latent ones. 

A GBN learned from data can be represented as a set of multivariate linear relationships, where 

the arcs are assigned the regression coefficients as connection weights from parent node-set 𝜋  to 

node 𝑋  indicating the strength of the association. In the following section a GBN is learned from 

the data described in Section 2. 

 

 

4. Interactions among the census section variables 

As a first introduction, to understand the country’s political party’s context, Table 1 shows the 

average of the parties’ ideology assessment from 1 to 10 (from extreme left to extreme right) from 

a 2019 electoral survey (Study number 3263 from Sociological Research Center, Madrid)3. 

 

 

 

 
3 
https://www.cis.es/cis/opencm/ES/2_bancodatos/estudios/ver.jsp?estudio=14473&cuestionario=17452&
muestra=24446 



10 
 

Table 1 
Average parties’ ideology assessment 

Party Ideology assessment

Ciudadanos 7.1

Podemos 2.3

PP 7.9

PSOE 4.2

VOX 9.4  

 

There are some references in the literature with respect to determinants of vote in Spain, most of 

them using data from electoral surveys (Fraile & Hernández, 2020). The present study uses data 

from official registers as explained before. To give an overview of the official data from Section 

2, Table 2 shows a statistical summary for each variable.  

 

Table 2 
Statistical figures of census section variables 

Variable Mean
Standard 
deviation

Min
First 

quartile
Median

Third 
quartile

Max

AvAge 45.2 5.7 20.5 41.6 44.6 48.0 75.4
Pop<18 15.5 5.5 0.0 12.5 15.4 18.6 50.0
Pop>64 22.5 9.3 0.0 16.4 21.4 27.4 80.0
AvHhS 2.5 0.3 1.0 2.3 2.5 2.7 7.0
1PHh 29.9 9.5 0.0 23.7 28.8 34.8 100.0
Foreigns 10.7 9.6 0.0 3.8 8.0 15.0 89.0
Gini 29.7 3.9 20.4 27.0 29.2 31.9 44.4
P80/P20 2.6 0.4 1.8 2.3 2.5 2.8 4.4
AvNPI 12.6 3.8 4.2 10.1 11.9 14.3 31.7
AvNHhI 31.8 10.6 13.6 25.1 29.3 35.5 89.7
MdICU 16.8 4.9 5.9 13.6 15.8 19.3 37.5
AvPT 15.17 4.33 3.78 12.28 14.63 17.49 75.43
AvHhT 15.17 4.31 2.67 12.27 14.63 17.49 72.56
Wages 57.2 11.1 19.3 50.2 56.4 62.9 96.3
Pensions 22.7 9.5 0.0 17.3 22.9 28.6 61.6
Unempl 5.2 2.9 0.0 3.4 4.8 6.5 26.6
OthBen 4.6 2.3 0.0 3.3 4.4 5.8 32.2
OthSour 10.3 6.1 0.2 6.1 8.9 12.8 55.7
Turnout 70.1 8.1 0.0 65.6 70.7 75.5 100.0
Ciudadanos 4.5 2.4 0.0 2.9 4.4 5.9 40.7
Podemos 7.9 4.3 0.0 5.1 7.9 10.6 55.1
PP 15.6 9.5 0.0 8.5 14.6 20.9 93.8
PSOE 19.6 7.1 0.0 15.2 19.4 23.7 80.0
VOX 10.4 5.7 0.0 5.9 10.3 14.1 55.6  

 

In Figure 2 the correlation coefficients between pairs of variables can be seen. Most of the 

variables grouped within each one of the three theoretical categories of predictors (demographic, 

inequality and incomes) are measures of similar or connected phenomena, being clearly correlated 

among themselves. These factors also have various levels of correlation with participation 

(turnout) and vote, ranging from -0.42 between average households’ income and PSOE, and 0.58 

between median income per consumption unit and turnout. 
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Figure 2 
Correlation coefficients between census section variables 

 
 

The relationships among the 24 variables are modeled in a more comprehensive way by building 

a GBN. This approach provides an optimal Gaussian model of the complex system of interactions 

using a network support characterizing the relevant dependencies. Statistical processing and 

analysis were performed using the software packages Python (Python Core Team, 2019) and 

pyBNesian (Atienza et al., 2022).  

A score + search method with the algorithm Hill-Climbing was used to derive the structure of 

the dependency graph. It is a greedy score-based learning algorithm for Gaussian Bayesian 

Networks (Margaritis & others, 2003). The score used is the Bayesian Information Criterion 

(BIC) (Konishi & Kitagawa, 2008). To assist the algorithm in retrieving the most proximal 

associations between variables, some assumptions have been incorporated in the form of black-

listed arcs preventing certain relationships, i.e., limiting the number of edges that are searched 

for. Specifically, arcs from turnout and vote variables to other variables have been excluded.  

A node’s indegree is the number of arcs directed to the node. Given a maximum indegree for all 

nodes, the algorithm finds the direct acyclic graph with the best BIC. The final GBN learned is 

the result of the Hill-Climbing algorithm applied with the maximum indegree 12 that minimizes 

the average Mahalanobis distance (Mahalanobis, 2018) between real and predicted values for the 
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vote variables (1.8 points). Unlike the Euclidean distance, this solves the problem of scale and 

considers the correlations between all vote variables. The distance is computed by executing k-

folds cross-validation (Stone, 1974), i.e., by splitting the data into k random subsets or folds and 

averaging the distances obtained for each fold from the model built using the rest of the folds. 

Figure 3 illustrates the learned network structure using pink nodes for the predictors and blue 

nodes for the vote variables. This structure of dependencies provides the key for identifying as 

predictors of each vote variable its corresponding parents. When the values of a node’s parents 

are known, the rest of the nodes provide no more information on its behavior. Indirect influences 

are denoted through the existence of a path, e. g. from average personal tax rate to participation 

(turnout) through some of its parent nodes. But, given the value of its parents, participation is 

conditionally independent from average personal tax rate. 

Figure 3 
Best GBN learned structure. 

 

 

The outdegree of a node the number of arcs that the node directs to others may be interpreted 

in terms of the opportunity for influencing any other node. Considering the relevant relationships 

as those from determinants to vote variables, households’ size, one-person households and 

foreigners’ percentage nodes have the highest outdegree, although none of them have significant 
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correlations with vote nodes. The lowest outdegree from determinants (0) corresponds to personal 

average income and average tax rate, suggesting that they have little influence on the vote 

variables, or that their influence is executed through others.  

The probability distributions that complete the definition of the learned GBN are Gaussian 

(Murphy, 2012). Table 3 shows the coefficients of the parent nodes (rows) in the calculation of 

the mean of the distribution of the column nodes (vote variables).  

Table 3 
Coefficients of predictors on the linear regressions of vote variables 

Explained variable
Turnout Ciudadanos Podemos PP PSOE VOX

AvAge -0.414 -0.187 -0.353 0.415 . .
Pop<18 . . -0.348 0.254 -0.149 0.258
Pop>64 . -0.067 -0.050 -0.148 -0.121 -0.275
AvHhS -8.717 -1.509 -7.952 12.058 -10.849 1.774
1PHh -0.252 -0.041 -0.266 0.466 -0.262 0.060
Foreign -0.047 -0.023 0.047 -0.221 -0.074 -0.100
Gini -0.299 -0.030 -0.145 0.232 . 0.074
P80/P20 -2.142 . 0.969 . -1.716 .
AvNPI . . . . . .
AvNHhI . 0.043 . 0.155 0.332 0.087
MdICU 0.262 . . . -0.775 -0.232
AvPT . . . . . .
AvHhT 0.550 0.179 0.141 . -0.282 .
Wages -0.153 -0.131 0.075 . . -0.191
Pensions 0.098 . . 0.490 0.162 0.144
Unempl -0.772 -0.133 . 0.073 0.129 -0.222
OthBen -0.675 -0.185 0.152 -0.896 . -0.531
OthSour . -0.157 -0.124 0.304 -0.236 .

Explanatory 
variable

 
 

It is important to observe that a strong correlation between two variables does not imply an edge 

between them. In this way, the participation (turnout) has relatively high correlations with average 

personal and households’ income, and average personal tax rate, but they do not appear as parents 

in our GBN, i.e., given the values of other variables, they provide no information on the value of 

turnout. On the contrary, variables with low correlation with turnout such as households’ size and 

one-person households have been found unexpected determinants. It must be remembered that 

the learned network encodes dependencies indicating a probabilistic, not a causal relationship, 

some dependencies being indirectly explained by others. The network is the one that optimizes 

the structure of dependencies explaining the data available in terms of BIC and distances between 

real and predicted values for the vote variables.  

As described in Section 3, the regression coefficients may be understood as connection weights 

from parent nodes to the node of interest, indicating the strength of the association between them. 

The magnitudes of these coefficients cannot be easily compared because the regressions have 

different intercepts, and the variables are measured in different scales. But something that can be 

studied is the direction of the association, i.e., whether it is positive when the values of one 

variable tend to increase as the other variable increases or negative, when the opposite happens. 
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As an example, turnout and vote for Ciudadanos, PP, PSOE and VOX tends to decrease when the 

proportion of foreigners increases, while it has a positive association with vote for Podemos. 

The factors determining turnout are exhaustively studied in the literature as said before. It results 

interesting to observe that among the age-related variables, frequently presented as relevant 

determinants for participation, only average age is found as such in our network, according to 

more recent studies (Ansolabehere & Hersh, 2017; Frank & Martínez i Coma, 2023). However, 

both variables measuring inequality (Gini, ratio P80/P20) have been selected as factors 

influencing turnout in a negative way, as other articles suggest (Bhatti et al., 2019; Freeman, 2005; 

Matsubayashi & Sakaiya, 2021). It seems the income inequality in the neighborhood is measured 

and appreciated correctly within census sections. In the same way, in our study the percentage of 

income from unemployment influences turnout in a negative way. Previous studies suggest that 

the level of unemployment benefits and the unemployment rate have a negative impact on the 

probability the unemployed will vote for the party expected to produce more growth (Grafstein, 

2005). On the other side, the percentage of income from pensions, the households tax rate and 

the median income per consumption unit influence turnout in a positive way, while the average 

personal and household income provides no information on the value of participation when we 

know the values of its parents in the GBN.  

As for interpreting the predictors of the vote for parties, the directions of the relationships are 

discussed below: 

- The age-related variables show different behaviors. While the average age is positively 

associated with the right party PP, the relationship is negative with center and left parties 

(Ciudadanos, Podemos). Although in Spain people must be at least 18 years old to vote, the 

proportion of population under 18 is negatively associated with left parties (Podemos, PSOE) 

and positively with right parties (PP, VOX). Instead, the proportion of population over 64 

years has a negative relationship with vote for all parties.   

- Households’ size and one-person households relate positively to right parties (PP, VOX) and 

negatively to left and center-left parties (Ciudadanos, Podemos, PSOE).    

- The proportion of foreign population has a positive influence exclusively in the vote for 

Podemos, and negative in the vote for the rest of the parties. 

- The inequality measures (Gini, ratio P80/P20) have an alternative behavior, i.e., one and only 

one of the two appears as an influencing factor for each party, except in the vote for Podemos 

where both variables are considered determinants. The direction of the relationship is positive 

for PP and VOX, and it is negative for Ciudadanos and PSOE. 
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- Curiously, the personal variables net income and tax rates do not appear as determinant factor 

for any party, although having significant correlations. Their influence may be explained by 

indirect paths through other variables. 

- Households’ income variable has a positive probabilistic influence on the vote for all parties 

except Podemos, while median income per consumption unit influences negatively the vote 

for PSOE and VOX, something that requires more complex explanations than the trivial ones 

based on left/right parties. 

- The variable estimating the paid household taxes influences negatively the vote for PSOE and 

positively Ciudadanos and Podemos, while PP and VOX are not influenced by households’ 

tax payments.  

- The percentage of household income from wages and salaries could be considered as an 

indicator of the weight of employees and salaries in the population of each census section. It 

has a negative influence on the vote for Ciudadanos and VOX while it has a positive influence 

on Podemos.  

- Income from pensions influences positively the vote for PP, PSOE and VOX, while it is not 

determinant for the rest of the parties. 

- A negative influence exists from the percentage of unemployment benefits on the vote for 

Ciudadanos and VOX and a positive one on the vote for PP and PSOE, being Podemos the 

only one that is not determined by unemployment. 

- Incomes from other benefits (another indicator of persons financed from the national budget) 

has a positive influence on the vote for the leftist party Podemos and negative on Ciudadanos, 

PP and VOX, as is generally accepted for right parties’ behavior. 

- Finally, considering the percentage of other sources of incomes as indicator of rich people in 

each census section, it positively influences the vote for PP and negatively the vote for 

Ciudadanos, Podemos and PSOE, in line with left/right parties’ behavior according to most 

of the studies. 

 

5. Conclusions 

In this paper we revisited the problem of analyzing the factors determining voting behavior using 

a previously unexplored information from the November 2019 General Elections in Spain 

combined with other official social and economic figures. The data have a level of disaggregation, 

census sections, that is not common for studies on the subject. The application of GBNs has 

provided a sound approach for the study of the relationships among variables in a probabilistic 

framework. Hence, it is generalizable to new data and has predictive power. 
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Some socio-economic determinants have been analyzed by inferring their behavior through the 

GBN structure of dependencies. We have noticed that the structure matches many expected and 

formerly studied influences, e.g., that of inequality measures on voter turnout and vote for parties. 

Other factors do not behave as expected, i.e., their relationships are difficult to explain. For 

example, unemployment benefits variable has negative influence on participation and on votes 

for Ciudadanos and VOX, and positive on PP and PSOE.  

In addition, the GBN is able to discover unreported conditional dependencies and independencies. 

In this way, the proportion of foreign population has an influence on all vote variables, being this 

relationship positive only with Podemos. The determinant factors for this party are generally 

different to those determining the vote for other parties. In this way, Podemos is the only party 

not positively influenced by average households’ income, while its relationship is opposite to 

what other parties have when it comes to foreign population and incomes from wages, 

unemployment and other benefits. 

The majority parties PP and PSOE are related in the same direction with many variables: 

population over 64 years, foreigners’ proportion, average households’ incomes and incomes from 

wages and other benefits. And they are related in opposite direction with others: population under 

18 years, household’s size, one-person households and incomes from other sources. 

Regarding Ciudadanos, sometimes it has influences such as those of the right parties and other 

times as those of the left. Finally, VOX has most of the associations in the same direction as the 

PP party, except in the case of unemployment benefits which is opposite.  

There are also some determinant factors that have an effect aligned with a left/right behavior, i.e., 

negatively influencing the vote for left parties and positively the vote for right ones: population 

under 18 years, household’s size, one-person households, Gini inequality coefficient and incomes 

from other sources.    

Although the factors studied have shown they can predict the vote variables with a reasonable 

degree of accuracy, there are other dependencies whose direction are difficult to understand, 

sometimes behaving in a counterintuitive way. The reason may be the existence of other psycho-

social or institutional predictors not included in the GBN, such as targeted electoral campaigns, 

televised political debates, recent political or economic events, etc. 

An important fact to remark is that, in the GBN, there is not any variable with geographical 

information. For example, the variable province could have been thought as an interesting one to 

include, given the big differences of votes, parties and candidates by province. But the 18 

variables compiled from income, demographic and inequality measures provide enough 
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information to produce more accurate predictions than the ones obtained by generating a GBN 

for each province. 

Obviously, the results depend on the data set used. In the future, we intend to repeat the exercise 

when the detailed results for the 2023 Spanish general elections are available, to evaluate the 

robustness of the discovered predictors. 
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