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Summary

Understanding the reasons behind voter preferences in elections is time-consuming and
resource intensive using traditional methods such as surveys. In this paper, we describe a
flexible statistical modelling approach to investigate the effect of different socioeconomic

factors on voters’ preferences for the 2022 French presidential election. Our results show that
socioeconomic factors have a significant effect on the voters’ preferences in this election. The
methodology developed can be used to investigate these effects for elections in other countries

where appropriate socioeconomic and spatial data is available.
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1 Introduction

Recognizing the drivers of voter preferences offers clear indications not only for predicting the elec-
tion’s outcome but also for understanding voter behaviours and their influences. Many studies have
sought to understand the factors influencing the voting behaviours of citizens (Leigh, 2005; Sigel-
man and Sigelman, 1982; Mutz, 2018) with two main approaches emerging. The first approach is
to conduct surveys with individual voters and ask them about their preferences and the reasoning
behind their choices (Guth et al., 2006; Branton, 2003; Mutz, 2018). This approach is at an indi-
vidual level, is very time-consuming, and is an expensive process to repeat. Sample size is limited
by the budget (financial and time) available. This approach is also limited by the fact that the
determinants of voters’ preferences vary geographically. The second approach, which utilizes large-
scale census data and election results, can overcome these limitations (Kim et al., 2003; Scala et al.,
2015; Miller and Grubesic, 2021). Socioeconomic factors that influence voting preferences vary by
location (Gelman et al., 2005). While the identification of these factors has grown over the years,
it is incorrect to assume that their spatial distribution is known. Political science researchers have
emphasized that these effects should be considered exogenous and unknown. Instead, their spatial
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distribution should be estimated for each dataset rather than assumed a priori (Calvo and Escolar,
2003; Darmofal, 2008; Mansley and Demšar, 2015). Darmofal (2008) demonstrated spatial varia-
tion in the effects of socioeconomic factors on voting behaviour during the Democratic realignment
period (1928-1936). Miller and Grubesic (2021) investigated local halo effects and spatially varying
effects of socioeconomic factors on Republican support in the 2016 U.S. presidential election.

Many models have been proposed for spatial modelling such as geographically weighted regression
(Brunsdon et al., 1996), Bayesian spatially varying coefficient model (Gelfand et al., 2003), Multi-
nomial logit model (Dow and Endersby, 2004) and Poisson regression model with spatial random
effects (Bernardinelli et al., 1995). In this work, we utilize the Poisson log-linear model as a less com-
putationally expensive alternative to the Multinomial logit model for modelling candidate votes. We
aim to investigate how various socioeconomic factors impact voters’ preferences for the 2022 French
presidential election. To our knowledge, this is the first study to use a Poisson log-linear model with
spatial random effects to examine the influence of socioeconomic factors on voters’ preferences for
the French presidential election. Our findings reveal that socioeconomic factors significantly shape
voters’ preferences for the French presidential election and that their impact varies spatially.

2 Methodology and Data

2.1 Data description

We investigate the effect of several socioeconomic factors (immigration rate, poverty rate, higher
education rate, average life expectancy, unemployment rate and white-collar rate) on voters’ pref-
erences for the 2022 election at French department1 level. We utilised three data sources:

• Election data: Results of the first round of the 2022 French presidential election. This data
consists of 12 candidates and their votes in 96 departments in Metropolitan France.

• Census data: Census data is recorded annualy by INSEE (Institut National de la Statistique
et des Etudes Economiques). We used either 2019 or 2021 at the department level. A summary
of relevant variables and their definition is shown in Table 1.

• French department boundaries: We used an openly available ESRI Shapefile for the
French department boundaries.

2.2 Modelling procedure

Candidate votes can be modelled using a Multinomial Logit Model (MLM). Accordingly, Yi =
{yi1, ..., yij , ...} is the vector of votes in the department i = 1, ..., I and for the candidates
{j; 1 , . . . , J}. We can assume:

Yi ∼ Multinomial (πi) (1)

where πi = {πi1, . . . , πij, . . .} is the vector of vote proportions of the candidates. The proportions
can then be regressed on the independent variables (e.g., poverty rate). However, as this model

1https://en.wikipedia.org/wiki/Departments_of_France
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Table 1: Socioeconomic variables and their definition

Variable Definition

Immigration rate The percentage of the population classified as immigrants.

Poverty rate The proportion of individuals considered monetary poor.

Higher education rate The percentage of individuals over 18 years old with a higher
education degree.

Average life expectancy The average life expectancy of people.

Unemployment rate Percentage of unemployed people in the total labour force.

White-collar rate Percentage of population with a white-collar job (i.e., a job
that requires a university degree).

specification is computationally expensive we do not use it. Instead, we use Poisson log-linear model
that has been shown to be equivalent to MLM (Baker, 1994; Lee et al., 2017) and is supported by
R-INLA (Rue et al., 2017) in R for spatial modelling. For more information on MLM see Dow and
Endersby (2004). The Poisson log-linear model used here is defined as follows:

yij ∼ Poisson (λij)
log (λij) = ϕi +XiBj + sij

(2)

where yij is the number of votes for candidate j in the department i, ϕi is the intercept for depart-
ment i, Xi is the vector of covariates for department i, Bj is the vector of coefficients for candidate j,
and sij is the spatial random effect for candidate j in department i. We assume the same structure
for all the candidates and drop the “j” subscript for notation simplicity in the following descriptions.
We use the Besag model (Besag, 1974) for si that is:

si | sk ̸=i ∼ N

(
1

ni

∑
k∼i

si,
σ2
s

ni

)
(3)

where k ∼ i refers to all neighbors of the department i, with ni representing the total number of
neighbors and σ2

s is the variance of the spatial random effect.

3 Results

With the Poisson transformation used the effect of each predictor on the candidates’ votes is not
identifiable. However, the difference in the effects is identifiable and we can interpret these differ-
ences. From equation 2, we can calculate the exponentiated difference of coefficients. This indicates
the percentage change in the vote ratio for one candidate compared to another. Our analysis focused
on how each predictor affected the vote ratio of candidates. As a result, we presented the effects of
six predictors: higher education rate, unemployment rate, white-collar rate, poverty rate, immigra-
tion rate, and average life expectancy in figure 1. We focus on Macron, Le Pen, and Melenchon as
the primary winners during the first round of the 2022 election.



We report that the vote ratio of Macron to Le Pen decreased by 4.98% for every unit increase in
the unemployment rate in a department. This figure is a 5.30% increase for a unit increase in the
white-collar rate and a 3.82% decrease for a unit increase in the poverty rate. Effects for higher
education rate, immigration rate, and average life expectancy were not significant.

The vote ratio of Melenchon to Macron showed unit increases of 16.63%, 10.80% and 2.23% for
higher education rate, poverty rate, and immigration rate respectively. However, this ratio showed
a decrease of 8.33%, 1.04% and 3.34% for the unemployment rate, white-collar rate, and average
life expectancy in a department.

The vote ratio of Melenchon to Le Pen increased by 13.98% for every unit increase in the higher
education rate, 4.20% for a unit increase in the white-collar rate, 6.56% for a unit increase in the
poverty rate, and 2.47% for a unit increase in immigration rate. On the other hand, the vote ratio
decreased by 12.90% for a unit increase in the unemployment rate and by 2.71% for one year increase
in average life expectancy in a department.

Furthermore, the spatial random effects indicate that spatial patterns are not explained by the
predictors in our model. Figure 2 show the map of spatial random effects for Macron and Le Pen.
A pattern exists showing overall positive values in the east and negative values in the western parts
of France for Le Pen while for Macron positive values are in the north and negative values in the
south.

4 Conclusions and Future Work

Our study involved developing a model to predict the vote ratio of candidates in the 2022 French
presidential election and evaluating how various socioeconomic variables influenced voting patterns.
We discovered that there were distinct geographic patterns in the way people voted which were tied
to different socioeconomic factors. Unemployment rate, white-collar rate, poverty rate, and average
life expectancy all played a significant role in determining the winner. We also found that higher
education rate, unemployment rate, white-collar rate, and poverty rate were all significant factors in
determining whether Melenchon would win over Macron and Le Pen. There are several avenues for
further exploration in this research. Firstly, we could employ the datasets from the 2012 and 2017
presidential elections to draw comparisons with the 2022 election results. Secondly, we could apply
the same model to forecast the vote ratio of candidates in the 2022 election, using data from the
2012 and 2017 elections. Lastly, we could test the effectiveness of our model in other countries to
determine whether the findings align with those observed in the French presidential election.
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Figure 1: The effect of each predictor on the percentage changes of vote ratio for candidate i against
candidate j is depicted on the x-axis and i/j is shown on the y-axis.



Figure 2: a) Values of the spatial random effect for Macron b) Values of the spatial random effect
for Le Pen, mapped on the French departments.
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