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Abstract

Understanding how digital platform consumption relates to po-
litical alignment is paramount in contemporary democracies, yet
large-scale observational evidence across platforms and elections
remains scarce. We analyze passive mobile network metadata from
a major French Mobile Network Operator (MNO) covering ~31%
of the market across urban and suburban metropolitan France dur-
ing the 2019 and 2024 European Parliament elections. Integrat-
ing demands for tens of mobile services, including social media,
news, messaging, and streaming, with socioeconomic indicators,
we model vote shares via Dirichlet regression. We find that digital
consumption provides independent, complementary signals of polit-
ical alignment that, for several parties, match or exceed traditional
socioeconomic indicators; combining both increases explanatory
ability by up to 28.23%. For instance, right-wing support is asso-
ciated with higher Facebook and TikTok consumption, whereas
online news, Twitter, and Instagram correlate with centrist and
progressive vote. These associations are consistent across 2019 and
2024, giving a population-scale view of how mobile platform use
relates to political alignment.
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1 Introduction

The outcome of democratic elections has been traditionally studied
in relation to socioeconomic indicators such as education, employ-
ment, income, and age, which are known to correlate strongly with
political orientation and voter behavior [45, 70, 71, 85, 109, 119]. Me-
dia outlets frequently highlight these demographic divides through
polling and survey data: for instance, The New York Times has
reported on gender and age gaps in voter preferences [110, 111],
links between income and candidate support [113], and the effects
of unemployment on political leanings [112].

Yet, as citizens increasingly consume information through digi-
tal channels, political preferences are increasingly associated not
only with socioeconomic structures but also with patterns of news
exposure, social media engagement, and online communication—
dimensions that have only recently become measurable at scale.
Social media, in particular, has provided researchers with unprece-
dented access to behavioral data and studies have revealed strong
links between political polarization, electoral outcomes, and online
activity in popular platforms like Twitter [63, 107, 114, 115], Face-
book [74], and Reddit [26, 28, 101], suggesting that digital signals
can serve as behavioral proxies for vote preferences.

In fact, political actors themselves have recognized digital plat-
forms as powerful tools for voter outreach and influence. Since
the infamous Cambdrige Analytica scandal, where data from 80
million users fraudulently captured through Facebook was lever-
aged to influence the 2016 U.S. presidential elections [52], news
outlets have reported numerous cases of significant expenditures
in sponsorship campaigns [68], microtargeting strategies tailored
to specific demographics [67], or circulation of suspicious content
seeking to influence voters [92] in platforms that include X, Tik-
Tok, or Facebook. Prior research has in fact proven that Instagram
and YouTube have become key spaces for political communication
and agenda-setting [36, 65, 84, 106], as also demonstrated by the
highly unanticipated, massive voters’ endorsement of social media
influencers with little prior political visibility [11, 95].

The trends above also raise growing concerns about fairness
and manipulation in democratic processes, due to increasing risks
that malicious actors exploit online ecosystems to amplify divisive
narratives and misinformation, particularly during election peri-
ods [23, 25, 31, 73]. The severity of the matter is leading to dedicated
regulatory frameworks like the Digital Services Act (DSA) in the
European Union (EU) [66], as well as to targeted countermeasures
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such as transparency and content moderation measures enacted
by social media companies [82], public-private partnerships estab-
lished to educate voters on misinformation [18], or transparency
tools deployed to identify digital advertisement-based disinforma-
tion campaigns [13, 14, 22, 94].

All these considerations emphasize the importance and urgency
of understanding the complex relationships between digital content
consumption and political alignment. A large body of work is in fact
already available on the topic, inquiring into political engagement
and participation [16, 40, 44, 58, 61, 71], polarization [7, 9, 12, 31, 46,
57, 64, 69, 117] populism [16, 19, 59, 93, 105], micro-targeting and
personalized political advertising [14, 55, 78, 103, 120], extremism
and radicalization [15, 50, 51, 86], or misinformation[1, 22, 32, 122].
Political science research on the links between digital media and
electoral behavior has taken two main forms. On the one hand,
causal studies have exploited variations in the mobile communica-
tion infrastructure and service availability to unveil that broadband
penetration in Italian and German municipalities increased populist
party support [104]; 3G expansion widened partisan polarization in
the U.S. [79]; 3G adoption reduced confidence in governments [53];
Twitter’s staggered U.S. rollout shifted moderate voters’ preferences
toward liberal positions [42]; or Facebook activity by the AfD party
caused increases in hate crime incidence in Germany [83]. On the
other hand, observational analyses revealed asymmetric news ex-
posure among over 200 million Facebook users, with conservative
audiences disproportionately encountering misinformation [49];
widespread fake news display during the 2016 U.S. election in Face-
book, although with limited individual persuasion effects [3]; or
accurate predictions of political orientations of 1,000 German voters
via machine learning of their web browsing patterns [62]. However,
as detailed in Appendix F, no prior work explored the relationship
of vote intents of large populations with a wide range of mobile
application categories simultaneously.

In this paper, we contribute to closing the gap above by leverag-
ing large-scale measurements of mobile service consumption from
a major MNO in all urban and suburban areas of France during the
2019 and 2024 European Parliament elections. We use geographical
demands for tens of applications such as Facebook, Instagram, or
online news (illustrated in Figure 1b—d) and assess if and to what ex-
tent they are associated with political vote across these communes
(depicted in Figure 1a and Figure 1le for two major competing par-
ties). We also juxtapose and combine digital consumption with
traditional socioeconomic indicators like income, employment, or
urbanization levels (shown in Figure 1f-h) to compare the asso-
ciative strength of each class of feature. Indeed, a qualitative look
at Figure 1 already suggests that positive correlations may exist
between, e.g., a political preference for Rassemblement National
and a combination of higher usage of Facebook and lower income,
or that local favor for La France Insoumise may be associated to a
higher consumption of news or significant unemployment.

Our approach is observational: we characterize population-scale
associations between digital consumption and political alignment,
without claiming causal mechanisms. By exploring in a systematic
way these associations, our work yields the following contributions.

e We carry out a large-scale quantitative analysis of the relation-
ships between a wide range of mobile services and political
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alignment across urban and suburban communes in metropoli-
tan France, using passive traffic data from a single MNO covering
~31% of the French mobile market. To the best of our knowledge,
this is the first study to characterize multi-platform mobile appli-
cation consumption and its associations with electoral outcomes
at high spatial resolution and over millions of voters.

e We introduce a dedicated correlation analysis framework that
aligns mobile service consumption with legacy socioeconomic
indicators and uses Dirichlet regression to model electoral out-
comes, enabling a multivariate analysis of vote shares across
political parties.

e We show that mobile service consumption substantially en-
hances the explanatory power of conventional socioeconomic
models, improving by 28.23% the captured variance across all
parties in the 2024 elections. Our results provide evidence that
digital usage carries behavioral and contextual signals about
political alignment that traditional indicators do not fully cap-
ture, and suggest a growing role across the two studied elections,
with the improvement in model accuracy increasing by 7.6%
from 2019 to 2024.

e We uncover several interpretable relationships between specific
digital behaviors and political orientation, such as the positive as-
sociation of Facebook usage with Rassemblement National votes
or the alignment of Instagram demands with centrist and pro-
gressive parties. We also reveal temporal shifts in the predictive
role of platforms like Twitter!, which transitioned from centrist
engagement in 2019 to a higher consumption in areas where La
France Insoumise had a higher votes shares in 2024.

2 European Elections in France

France holds European Parliamentary elections every five years
alongside all EU member states. Parties must obtain at least 5%
of total votes to secure seats; we focus on the two most recent
elections, held in 2019 and 2024.

Throughout, we place each qualifying party on a Left-Right
(LR) axis (0 = far Left, 10 = far Right) drawn from the ParlGov
dataset [34, 35] based on the Chapel Hill Expert Survey [96]; Figure 2
summarizes the results of both elections along this axis.

Six parties cleared the 5% threshold in 2019 and seven in 2024,
hence we focus on those and aggregate all remaining parties into a
single others category to account for 100% of votes. As also shown in
Figure 2, between the two elections the French political landscape
experienced a modest rise in polarization, with growing support for
the ideological extremes (La France Insoumise and Rassemblement
National), the emergence of Coalition Réveiller and Coalition La
France fiére, and the relative weakening of centrist political forces.
Yet the positioning of all main groups remained fairly stable, which
lets us juxtapose our analyses for the two years and carry out a
meaningful longitudinal study. An extended electoral context is
provided in Appendix I for readers unfamiliar with the French
political landscape.

Twitter underwent a change in ownership through a private acquisition on October
27, 2022, and was re-branded as X in 2023. For consistency across the 2019 and 2024
elections, we retain the name Twitter for the service.
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Figure 1: Spatial distributions across a representative subset of urban and suburban French communes of the percentage of votes
for Rassemblement National (a) and La France Insoumise (e) in the 2019 European Parliamentary election; symmetrical Revealed
Comparative Advantage (sRCA) for (b) Facebook, (c) Instagram, (d) online news in the week preceding the election; and (f)
median income, (g) unemployment ratio, and (h) population density in 2019. Within each panel, the four maps correspond to
communes in the regions of Lille (top-left), Bordeaux (top-right), Paris (bottom-left), and Lyon (bottom-right). Details on the

sRCA transformation are in Section 3.3.

3 Data

Our study hinges upon the integration of multiple data sources:
socioeconomic indicators, election results, communes boundaries,
and raw mobile network traffic, which are presented next. In order
to make our results reproducible and to further research, we provide
a curated version of the dataset used in this work together with the
analysis and modeling code in a public repository?, see Appendix C
for a detailed description of the data and code availability. The raw
mobile traffic data remain under Non-Disclosure Agreement (NDA).
These diverse data types yield high heterogeneity in terms of
geographical resolution and scale representation, which requires
alignments in the spatiotemporal dimensions as well as in the scale
rendering, as discussed in Sections 3.2 and 3.3, respectively. Table 1
consolidates the key characteristics of the resulting dataset.

3.1 Sources

Mobile traffic data. Two measurement campaigns were conducted
in 2019 and 2024 in collaboration with a major MNO that operates
under two commercial brands: its main brand and a low-cost sub-
sidiary, together serving approximately 22 million mobile lines

Zhttps://github.com/nds-group/digital-consumption-political-alignment-france

(around 3.9 million of them under the low-cost brand in 2019) and
representing a 31.9% share of the French mobile market in 2019, a
share that remained at 31.5% in 2024 [89, 91]. Both brands share the
same backbone infrastructure where the measurement probes are
deployed, yielding a single dataset that captures the full combined
subscriber base with no sampling, in contrast to platform-API-based
approaches, where even large samples can introduce systematic
bias [33]. The campaigns collected byte counts of mobile service
demands at a 1-minute granularity across approximately 17,600 and
25,900 base stations (cell sites) nationwide, and covering 22 and 27
popular mobile services, in 2019 and 2024 respectively, identified by
proprietary Deep Packet Inspection (DPI) classifiers; the additional
services in 2024 (e.g., TikTok, Disney+) reflect platforms that gained
prominence between the two elections. For our analysis, we group
these services into five categories: Social Media, News, Streaming,
Messaging, and Mobile Services (i.e., the union of all tracked ser-
vices). Figure 4 reports every individual service under its category
header for both elections. Complete technical information about
the network architecture, probe deployment, and DPI classification
is in Appendix B. Since our focus is on mobile consumption leading
up to the elections, the campaigns measured data from the week
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Figure 2: European Parliamentary election results in France,
for parties meeting the 5% vote threshold.

Table 1: Mobile traffic dataset at a glance. The MNO operates
two commercial brands, that share a single backbone and
are captured as one unsampled dataset. Mobile services are
split across thematic categories. Base-station counts denote
physical radio cell sites.

2019 2024
Mobile lines ~21.8M ~22.0M
of which low-cost brand 3.9M 4.8M
Mobile market share 31.9% 31.5%
Base stations (nationwide) 17,567 25,894
in analyzed communes 12,871 15,832
Mobile services (total) 22 27
Social Media 6 7
News 6 6
Messaging 3 5
Streaming 7 9
Urban & suburban communes 4,102
Coverage (registered voters) ~66%
Measurement period 19-25 May  2-9 Jun

Analysis hours weekday 20:00-07:00

preceding polling days in each year, i.e., May 19-25 in 2019 and
June 2-9 in 2024.

Socioeconomic indicators. To understand how socioeconomic
factors compare to mobile service demand and how much they
can explain election outcomes, we incorporate median income, un-
employment rate, and population age structure (i.e., the number
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of inhabitants within specific age ranges). These three variables
consistently dominate electoral models in France and Western Eu-
rope [17, 47, 108] as discussed in detail in Section 6. The indicators
were obtained from the National Institute of Statistics and Economic
Studies [88], which collects and produces data about the French
economy and society. Figures 1f-h illustrate the spatial distribution
of median income, unemployment ratio, and population density for
sample communes in 2019.

Election results. Electoral results were obtained from the French
Ministry of the Interior’s open data portal [29, 30]. The datasets
include the regional code, number of valid, blank, and invalid votes,
party names, candidates, and the number of valid votes obtained
by each of the competing parties at each polling station.

3.2 Spatiotemporal Consolidation

The datasets used in our study exhibit differences in their temporal
and spatial granularity. Resolving these discrepancies is critical to
accurately measuring the relationships among the target variables
of our study, as discussed next.

Areal consolidation. Election results are collected at the bureau
de vote (i.e., polling station) level and subsequently aggregated at
commune, department, regional, and national levels. Similarly, cen-
sus data and socioeconomic indicators are collected for individual
households and aggregated into the different administrative units,
the most accurate being the Islets Regrouped for Statistical Infor-
mation (IRIS). For privacy reasons, income and unemployment data
are only published for administrative areas with more than 2,000
residents [88]. Only a subset of IRIS zones meet this threshold,
whereas most communes, which represent the second most gran-
ular geographical zoning, do. Therefore, we adopt communes as
the spatial unit for our analysis, which lets us (i) access complete
data for the vast majority of the French territory unlike what hap-
pens with IRIS zones, (ii) immediately relate electoral outcomes
and socioeconomic indicators that natively employ communes as
aggregation levels, and (iii) achieve a suitable trade-off between
the preference for higher geographical resolutions and the need for
the spatial interpolation of data to be dependable.

The last point above relates to the fact that mobile service traffic
is geo-referenced at the level of radio access antennas, whose loca-
tion is known but whose precise coverage area is not disclosed by
the MNO for confidentiality reasons. In order to perform a spatial
mapping of the mobile service demands recorded at each antenna
and align the digital consumption to the other data sources, we rely
on the widely adopted practice of relaying on a Voronoi tessellation
of space [77, 81, 97, 116]. This approach is illustrated in Figure 3 and
consists in partitioning the target space (whole France® in our case)
into Voronoi cells (middle layer in the figure) based on the location
of the radio access antennas (lower layer). Voronoi cells are then
spatially intersected with the commune boundaries (top layer) to de-
termine the fraction of each cell overlapping with every commune.
Since individual subscriber positions are unavailable, we follow
the standard practice in MNO spatial analysis of assuming uniform
traffic distribution within each Voronoi cell [10, 39, 48, 76, 100];

3European elections are hold in all French territories, which include several overseas
departments like French Guiana or Guadeloupe. Yet our analysis focuses exclusively
on so-called metropolitan France, as the mobile network data does not cover French
territories globally.
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Figure 3: Illustration of areal-weighted interpolation be-
tween Voronoi tesselation and administrative units.

the overlap fractions serve as weights to proportionally allocate
antenna traffic to communes. Cell-level misattribution from this
assumption is expected to average out upon aggregation across the
multiple cells that overlap each commune.

This areal-weighted interpolation process is reliable when the

radio access infrastructure is dense but introduces artifacts in under-
populated regions where antennas are sparsely deployed [80]. To
avoid the problem, we restrict our analysis to suburban and urban
communes [87] where the cellular network is composed of a large
number of closely located sites each supporting multiple antennas.
The selected 4,102 communes (identical across both election years)
account for approximately 66% of the eligible voting population
and generate over 70% of the mobile demand, which lets us look
at more stable mobile service usage patterns and reinforces the
statistical dependability of our analysis.
Temporal consolidation. A temporal mismatch also exists be-
tween the mobile traffic data and the socioeconomic indicators.
While mobile service consumption is highly dynamic, census data
is relatively static, updated only during periodic survey campaigns.
For this study, we use the 2024 edition of the census dataset [88],
whose indicators date from 2019 and 2021, the latter being the
closest available to the 2024 election at the time of writing.

Mobile service demands measured within a given area over the
whole observation period of one week before each election may
not exclusively reflect the digital behavior of the local inhabitants,
as they include contributions from commuters, temporary visitors,
or passers-by. To improve the alignment between the local voting
population and the monitored digital consumption, we restrict our
investigation to traffic usage during evening and night hours, i.e,
when people are most likely to be at home. Specifically, we con-
sider mobile network traffic generated between 20:00 and 07:00
on weekdays only, since previous work [20] shows that mobile
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application usage peaks around 20: 09 and remains relatively stable
throughout the evening. We show in Appendix G that this choice
does not affect the analysis in significant ways in our case and
similar results are obtained under different daytime or full-day
windowing.

3.3 Scale Consolidation

The variables underpinning our analysis are heterogeneous and
span very different value ranges. For instance, median income is
measured in Euros and can take any value from 11,000 to 52,000,
unemployment is expressed as a percentage over the local popula-
tion, and mobile traffic demands are byte counts per minute. This
calls for re-scaling the variables so that their correlations are best
exposed in the regression.

The issue is especially severe for traffic demands, where the
volumes induced by different mobile services vary significantly. For
example, a video streaming application inherently generates much
higher traffic than a messaging one, even if they feature similar
customer populations and per-user screen time. As a result, in our
mobile traffic dataset, the top 10 applications in 2024 are responsible
for more than 87% of the total mobile demand, and scrolling through
TikTok, the single service generating the most data, causes over
10*X higher traffic than browsing online news, which may however
be a more important service to explain political alignment. To
ensure comparability across mobile services, we employ a modified
version of the Revealed Comparative Advantage (RCA) index [8],
originally developed in economics to measure a country’s relative
advantage or disadvantage in the production of specific goods or
services based on trade flows. The RCA, and its application to
network traffic characterization, has also been established in the
literature [48, 80, 116]. More precisely, we reinterpret this metric
to capture a service advantage across communes, ie., to expose
communes where the usage of a service is substantially different
than the national average.

Formally, for each commune and mobile service, we first aggre-
gate the total byte counts (accounting for both uplink and downlink
traffic) across all evening and night hours of the reference week
before each election. Next, we normalize the obtained values by the
number of local inhabitants to obtain the per-capita consumption
T;; of a given service j in commune i. The associated RCA index is
then computed as:

Tij/ Xk Tik
ShThil/Zn 2k The’
where Y, T is the total traffic per inhabitant in commune i, aggre-
gated over all services, 3., Tj; is the mean traffic per inhabitant for
service j observed across all communes, and ', >x. Tk is the total
traffic generated by the average inhabitant of France. Therefore,
the enumerator captures the mean prevalence of a specific service
j within the total mobile demand in a commune i, whereas the
denominator represents the same metric but at a national scale, i.e.,
when aggregating digital usage data from all communes.

A service j is said to have a comparative advantage in commune
i if RCA;; > 1, implying a higher-than-ordinary usage of service j
in that commune; conversely if RCA;; < 1 suggests that service j
presents a comparative disadvantage, i.e., a reduced adoption in com-
mune i with respect to the national average. However, the RCA may

RCA” = (1)
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still yield extreme values due to large variations in service usage
across locations, as well as non-comparable trends for advantage
(characterized by an unbounded linear increase as one moves away
from the origin) and disadvantage (featuring non-linear harmonic
decline bounded by —1) cases. To mitigate these effects, we use a
normalized, symmetric version of RCA, named sRCA:
RCA;; -1
RCA, jt 1’
which rescales the RCA values to the range (-1, 1), ensuring sym-
metry around zero and reducing the influence of outliers. The
interpretation remains the same with positive values indicating
comparative advantage while negative values indicate a compar-
ative disadvantage. Overall, these transformations enable a fair
comparison of mobile service demand across applications, reducing
distortions from intrinsic differences in per-application content
type and data volumes. Appendix E provides a visual walkthrough
of the raw-to-sRCA transformation for representative services.
Finally, all mobile service and socioeconomic variables are stan-
dardized via a division by their sample standard deviation. This
transformation brings all variables onto a comparable numerical
scale and prevents those with larger magnitudes from dominating
the regression in Section 4.2.

SRCAij = (2)

4 Explaining Election Results

We introduce a two-step methodology to assess the extent to which
mobile service consumption is associated with election outcomes,
relative to traditional socioeconomic indicators. First, in Section 4.1
we analyze the pairwise correlation between vote shares and both
individual socioeconomic indicators and mobile service usages.
Second, in Section 4.2 we employ a regression model adapted to
our target problem and to guarantee interpretability.

4.1 Correlation Analysis

We start by carrying out an exploratory analysis of the correlations
between vote and individual variables in both the traditional socioe-
conomic status space as well as in the digital consumption domain.
Figure 4 summarizes the Pearson’s coefficient p of pairwise linear
correlations of each target variable, i.e., the share of votes obtained
by each political party across communes in France (as rows), to
every input variable, i.e., individual socioeconomic indicators or
mobile application demands (as columns).

Overall, the initial correlation analysis shows promise, with sig-
nificant concurrence in the values of specific digital usage input
and target vote variables that lead to p as high as 0.63, for the case
of Facebook and Rassemblement National. More generally, applica-
tions such as the same Facebook, Instagram, LinkedIn, Snapchat,
or online news (which gathers traffic generated by access to the
websites of newspapers) show explanatory capabilities that are on
par with those of customary socioeconomic predictors like income
or the level of unemployment. Importantly, correlations appears
largely stable across the 2019 and 2024 elections, corroborating the
solidity of the observed relationships.

Delving into the sign and values of p reveals how a higher con-
sumption of some mobile services is associated to a stronger political
polarization, i.e., a tendency to vote for far Left or far Right par-
ties: this is the case of Facebook or Snapchat. The opposite also
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happens, with other applications signaling a local preference for
more moderate parties: examples include Instagram or online news.
Yet, we observe the same effects in socioeconomic indicators, with,
e.g., unemployment favoring polarization and income more centrist
parties. Therefore, a legitimate doubt is whether the effects we
observe for the mobile service consumption variables are rightful
bonds to political alignment or just proxies for the socioeconomic
ones, e.g., because more affluent individuals also use LinkedIn or
read online news more often.

The key question is whether digital usages add predictive power
beyond conventional socioeconomic indicators. Simple pairwise
regression cannot answer that question, which instead requires mul-
tivariate analyses that compare the goodness of fit of models using
diverse combination of input variables. However, straightforward
multivariate models that use subsets of all input socioeconomic and
mobile demand variables to predict the vote share of a single party
are not suitable for our analysis either. The reason is that election
outcomes, represented as party vote shares, are compositional in na-
ture, since the proportions across parties are non-negative and sum
to a fixed 100% total. In a pure two-party system, this constraint
can be ignored: modeling one party’s vote share automatically
determines the other [56]. However, in multiparty elections, ne-
glecting this compositional structure can lead to inconsistent or
logically impossible predictions where the total vote share exceeds
100%. Properly regressing political alignment therefore requires a
dedicated methodology, which we develop next.

4.2 Regressing Vote in Multiparty Elections

Our strategy to explaining political alignment in multiparty elec-
tions hinges upon Dirichlet Regression [56, 75] as a suitable mod-
eling framework for compositional data. This approach estimates
the parameters of a continuous multivariate Dirichlet distribution,
ensuring that the predicted vote shares across all parties sum to
100%. Formally, the Dirichlet distribution is defined as:

N
__1 (ar-1)
D(V,a) = 20 Dvl =y )

where B(«) is the multivariate Beta function, and « is a concentra-
tion vector of length N that determines the location of the center of
mass of the distribution across its N dimensions. In our case, each
dimension corresponds to a political party, and v; represents the
vote share of party I. Our goal is to estimate the components a;, of
the vector « that best fit the observed vote share distribution in the
n-dimensional space.

Figure 5 shows a simplified illustration of the empirical distribu-
tion for the 2019 election results using a ternary plot. Two sides are
associated with the two main parties, Rassemblement National and
Coalition Renaissance, while all other parties are grouped under a
single others category. For this example, the a vector that best fits
the distribution is & = (2.24, 1.89, 2.88), meaning that the center
of mass of the distribution is concentrated primarily on the third
dimension (others), followed by the first dimension (Rassemblement
National), with lower probability on the second dimension (Coali-
tion Renaissance). The objective of the Dirichlet regression is then
to model the « vector based on the socioeconomic and digital usage
indicators for each commune.
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Figure 4: Correlation between variables and political parties’ vote shares in 2019 (top) and 2024 (bottom). Empty cells denote

non-significant correlations (p-value > 0.05), grey cells indicate missing services in 2019.
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Figure 5: Dirichlet distribution as a ternary plot for a simpli-
fied case where votes in the 2019 elections are shared among
three groups, i.e., Rassemblement National, Coalition Renais-
sance, and any other party.

Coefficients. We fit the model in (3) via maximum likelihood esti-
mation [75]. Here, each o), component is expressed as a function
of a set of predictor variables, which can take many forms; for the
sake of interpretability of the fitted model, we restrict our analysis
to linear relationships, formally:

ap = Z Baxq + vp» (4)
q

Table 2: Sets of variables used for Dirichlet regression.
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where f, are the regression coefficients, x, represent the predic-
tor variables, such as mobile service consumption and socioeco-
nomic indicators, and y, is the intercept. This formulation enables
a straightforward interpretation of coefficients, analogous to that
of a standard linear regression.

Predictors. To assess the explanatory power of socioeconomic
indicators and mobile service demand, we evaluate 10 different sets
of predictor variables. These sets range from individual variables
to all socioeconomic and mobile service variables combined (Ta-
ble 2). This lets us quantify each group’s contribution to model
performance and how much mobile service usage complements
traditional socioeconomic factors in explaining voting behavior.
Goodness of fit. Standard R? measures are not directly applica-
ble to maximum-likelihood models such as Dirichlet regression.
We therefore compute a predictive R?, defined as the coefficient of

determination (1 — SSyes/SStor) between observed and predicted
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vote shares, which quantifies the proportion of variance in voting
outcomes explained by the model. Since this metric increases mono-
tonically as more predictors are added, we apply the Adjusted R?
(Adj. R? hereinafter) correction [60] to enable a fair comparison
across models with different numbers of variables. Specifically, this
adjustment penalizes the inclusion of additional predictors and
prevents overestimating the model’s explanatory power. We note
that the OLS Adj. R? formula is not formally derived for maximum-
likelihood models; we apply it here as a practical complexity penalty,
and complement it with the Akaike Information Criterion (AIC),
the Bayesian Information Criterion (BIC), and log-likelihood in
Appendix H. Formally, our Dirichlet goodness-of-fit metric is:

_(=R)(n-1)

Adj. R* =1
n—p-—1

: ©)
where R? is the predictive R?, n is the number of observations, and
p is the number of explanatory variables. Higher Adj. R? indicates
better model fit, with values near 1 indicating the model captures
most of the variation in voting patterns.

Multicollinearity. Considering the large set of variables employed,
we control for multicollinearity, quantified using the Variance In-
flation Factor (VIF) [60] defined as:

1

VIF(xm) = m

(6)
where R?(x,,) is obtained by regressing variable x,, on all other pre-
dictors. High VIF values indicate strong collinearity; values above
10 are typically considered problematic [121]. The mean VIF for
2019 is 1.68, with a maximum of 3.53 for Facebook, while in 2024,
the mean is 2.20, and the maximum is 5.50 for TV5MONDE. All val-
ues remain below the reference threshold, suggesting that although
some mobile service variables are moderately correlated, they can
each contribute distinct information. Based on this outcome, we
retain all variables in the subsequent regression analysis.

5 Results

In this section, we evaluate how well the different sets of predictors
explain political alignment, with a focus on the contribution of
mobile service consumption indicators. We present goodness-of-
fit results in Section 5.1, visuals about the spatial quality of the
model predictions in Section 5.2, and a discussion of the regression
coefficients in Section 5.3.

5.1 Goodness of Fit

Our Dirichlet regressor maximizes likelihood expressed in terms of
Adj. R? s0 as to abide by best practices in multivariate statistical anal-
ysis. To render the results of the regression more understandable
and easily comparable with those attained by the simple pairwise
univariate linear models employed in Section 4.1, we transform
the obtained Adj. R? values into Pearson’s coefficient p. Figure 6
reports the correlation obtained for each regression model based on
the sets of predictor variables summarized in Table 2 and political
groups across the two elections.

The bottom part of the figure shows the complete matrices of cor-
relation values and lets us observe how the All model, including the
full set of socioeconomic and mobile usage predictors, consistently
achieves the highest figures across all parties, attaining p = 0.82
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for Coalition Renaissance in 2019, p = 0.91 for La France Insoumise
in 2024, and p = 0.80 for Rassemblement National in 2024. Also, the
p values for the All model are substantially stronger than those
reported for univariate approaches in Figure 4, which highlights
the explanatory advantage of the multivariate Dirichlet regression
we adopt. These gains persist after penalizing for additional pre-
dictors in (5), and the AIC, BIC, and log-likelihood in Appendix H
corroborate the same ranking.

Indeed, these results allow us to quantify the added value of mo-
bile service demands in capturing multiparty political alignment. To
single out that specific contribution, the top panels of Figure 6 show
the relative increase in correlation when mobile service variables
are added to the Socioeconomic baseline, for all parties and in the
two target electoral events. Essentially, the plots show the percent
increment in p obtained by the model informed by predictors in
the All set over that achieved by the Socioeconomic indicator set. In
2019, as shown in Figure 6a, the gains for La France Insoumise and
Les Républicains were marginal; however, the improvements for the
rest of the parties were more pronounced with increases between
7.02% to 109.13%. Notably, despite the relatively low correlation of
Coalition Envie d’Europe écologique, the majority of its explained
variance came from the Mobile Services variables, suggesting that
digital behavior played a more important role than Socioeconomic
variables in explaining its vote distribution. The 2024 results present
an even greater impact of mobile application consumption on the
explanatory power of the model: except for the Coalition Envie
d’Europe écologique 2019 outlier, incorporating digital usages sig-
nificantly (between 2% and 66%) increases the correlation for all
parties. When averaging the gains over all parties, digital usage
is associated with a 9.6% and 28.23% increase in mean correlation
with vote shares in 2019 and 2024, respectively. For 2019, this figure
excludes the Coalition Envie d’Europe écologique list, whose very
low socioeconomic baseline (p ~ 0.21) turns a modest absolute
improvement into an outlying per-party relative gain; including it
raises the 2019 average to 26.24%, overstating the result.

Our results also enable a longitudinal analysis about how the

added explanatory capability of mobile application consumption
has evolved in the five years that separate the two target elections.
Figure 7 shows the average correlation across all parties for the
Socioeconomic, Mobile Services, and All models (on the left axis),
plus the relative gain in explainability between elections (on the
right axis). The striking result is that the Mobile Services model
yields a significant improvement of more than 10% from 2019 to
2024, far outpacing the Socioeconomic indicators, whose explanatory
power remains essentially flat; this growth in the digital signal is
responsible for the higher All model accuracy. Likelihood-based
metrics corroborate this trend and reveal an additional qualitative
shift: AIC and BIC results in Appendix H show that Social Media
alone outperforms the Socioeconomic baseline on all three metrics
in 2024, a reversal of the 2019 ranking.
Takeaways. Mobile service usage is associated with facets of political
alignment not captured by conventional indicators, improving the
accuracy of voting models in multiparty elections. Importantly, this
effect seems amplified in recent years, with digital consumption cap-
turing a growing share of voter behavior, while legacy socioeconomic
predictors remain essentially stable.
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Figure 6: Goodness-of-fit across predictor sets and parties. Bottom: Correlation (p) values for each model and party. Top:
Relative gain in p when adding mobile service variables to the Socioeconomic baseline.
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Figure 7: Change in explainability across elections. Average
correlation (right axis) and relative increase in explainability
(left axis) from 2019 to 2024.

5.2 Spatial Analysis

Beyond the quantitative view provided by the Goodness of fit,
Figure 8 provides a complementary, qualitative visualization of the
capability of the different indicators to capture political alignment.
The top row shows results for Coalition Renaissance in 2019, while
the bottom row shows results for La France Insoumise in 2024 across

different models. While the All model captures much of the spatial
structure in the observed vote shares, the maps also make clear
that the contributions of each variable set vary substantially across
parties, years, and geographic areas.

The case of Coalition Renaissance in 2019 illustrates that the
Mobile Services model alone captures part of the spatial pattern
of observed votes, mainly driven by Social Media variables, yet
the Socioeconomic model more accurately identifies specific com-
munes where Coalition Renaissance received stronger support. The
combination of both in the All model synthesizes these comple-
mentary signals. In contrast, for La France Insoumise in 2024, the
Socioeconomic model tends to underestimate vote shares, whereas
Mobile Services appears more informative, successfully capturing
communes with high levels of support for La France Insoumise.
Takeaways. The capability of diverse indicator sets to explain po-
litical vote is not homogeneous over space. Instead, specific variables
are more or less relevant across geographical areas, paving the way
to finer-grained explorations of the added value of mobile application
consumption in urban and suburban statistical zones.

5.3 Coefficient Analysis

As outlined in Section 4.2, expressing « as a linear combination
of predictor variables provides intrinsic interpretability, similar
to standard linear regression. This design choice lets us derive
Figure 9, which presents the regression coefficients f; of the All
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Figure 8: Predicted electoral support in the European Parliamentary elections within the Grand Paris region for two represen-
tative parties in 2019 and 2024, respectively. Panels present (a) the actual vote shares, (b)—(e) predictions from models using

four different variable sets from Table 2.

model that integrates both socioeconomic indicators and mobile
service consumption. By examining these coefficients, we can assess
how each variable relates to party vote shares and identify which
services are associated with higher or lower electoral support.

Since the Dirichlet regression maximizes the log-likelihood, the
resulting formulation can be interpreted analogously to a linear
model in log-space, where the vertical line at x = 0 marks the
threshold for coefficient significance. Positive coefficients indicate
a direct relationship with vote share (higher consumption, more
votes), while negative ones indicate the opposite.

To account for statistical uncertainty, we report 95% confidence
intervals (horizontal error bars) and exclude variables whose inter-
vals overlap zero, as they do not significantly impact any party’s
vote share. Because socioeconomic variables are explicitly included,
the coefficients associated with mobile service demand reflect the
unique contribution of each application, disentangled from its po-
tential effects as proxies to the underlying socioeconomic condi-
tions. From the results in Figure 9, we draw the following points.
Median Income. Household median income plays a significant role
in explaining political alignment and is a key variable for all parties
except Coalition Réveiller in 2024. While relatively consistent across
both elections, it relates strongly to La France Insoumise and Les
Républicains, as well as Coalition Renaissance in 2019 and Coalition
Besoin d’Europe in 2024.

Facebook and Instagram. The social media platforms that play a
major role in political alignment are Facebook and Instagram, with
relatively positive behavior. On one hand, higher Facebook usage
consistently correlates with more votes for Rassemblement National
across both elections, while it is negatively associated with the vote
shares of all other parties. On the other hand, areas with higher
Instagram usage tend to favor moderate and centrist parties, such as
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Coalition Envie d’Europe écologique in 2019 and Coalition Réveiller,
Europe Ecologie-Les Verts, Coalition Besoin d’Europe, and Les Républi-
cains in 2024. In a complementary manner, lower Instagram demand
is associated to higher political alignment for extremist Left and
Right parties like Rassemblement National and La France Insoumise.
Several of these temporal shifts admit plausible interpretations;
we offer them as hypotheses for future empirical validation rather
than established findings.
Twitter. Twitter exhibits a notable shift across elections. In 2019,
it is a significant predictor for all parties, being particularly pop-
ular among centrist parties like Coalition Renaissance and Europe
Ecologie—Les Verts. However, in 2024, Twitter loses its alignment with
centrist parties and instead shows a clear polarized pattern: higher
use of the application becomes associated with La France Insoumise,
while areas with lower Twitter consumption match those where
Coalition La France fiére and Rassemblement National received more
votes. Previous work [54] has reported on the successful Twitter
campaign launched by Manon Aubry after the 2019 elections, based
on the concept of raising awareness and promoting among users
of the platform her image as a disruptive outsider in the French
political scenario, which may explain the observed shift.
TikTok. While we lack a 2019 reference point for TikTok, the 2024
results show it is most strongly associated with Rassemblement
National, followed by La France Insoumise (both extreme parties)
and Coalition Réveiller (moderate-left). These results suggest the
application, widespread among younger voters, may have a role in
polarizing political alignment [2, 24].
Netflix and Spotify. Some apps are not significant predictors in
2019 but become relevant for certain parties in 2024. Notably, both
Netflix and Spotify are insignificant to all parties in 2019 but be-
came relevant in 2024; in particular, Spotify becomes a significant
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Figure 9: Dirichlet regression coefficients for 2019 and 2024. Values above (below) zero indicate positive (negative) associations
with political alignment. Non-significant coefficients are greyed out.

predictor for almost all parties. One possible explanation is the grow-
ing emphasis on podcasts in both platforms, supported by major
deals with popular political commentators [98] and a collaboration
agreement with Radio France, the leading podcast producer in the
country [41]. These initiatives have promoted podcast consumption
in France, potentially contributing to the increasing presence of
political content on the platform [21]. As for Netflix, in 2024, areas
with higher demand for the platform were those where Europe
Ecologie-Les Verts and Coalition Réveiller received more votes. This
suggests a possible shift in the platform’s content that attracted
voters from these parties, though further analyses would be needed
to confirm this hypothesis.
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Takeaways. By controlling for socioeconomic factors and using con-
fidence intervals for significance, our framework analyzes platform-
party associations across major and niche services. Beyond identifying
stable relationships (e.g., Facebook with Rassemblement National,
Instagram with moderates, TikTok with polarization), our longitu-
dinal comparison reveals temporal dynamics: Twitter shifted from
centrist to polarized usage between elections, while Spotify and Netflix
emerged as meaningful predictors in 2024, matching evolving content
strategies and shifting user behavior.
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6 Limitations of the Study

Our findings reveal associations between digital usages and elec-
toral outcomes; the following limitations bear on their interpreta-
tion and generalization.

Causality. We identify associations between mobile service con-
sumption and voting patterns, but do not claim causal relationships.
Our observational data cannot distinguish whether usage of a given
platform directly influences political views, or political views drive
platform selection, or third factors explain both. Our two-election
panel offers temporal replication, not causal identification, since
two periods provide no exogenous variation in digital consumption.
Studies that have achieved causal identification in related settings
exploited precisely such variation, via 3G expansion [79] or plat-
form outages [83], none of which are directly observable in our data.
We provide population-scale associations and temporal dynamics
that serve as empirical foundations for future causal work [72].
Ecological inference. Our analysis operates at the commune level;
all associations are therefore population-level relationships. Plat-
form usage and voting preferences cannot be assumed to co-occur
within individuals, limiting conclusions about individual behavior.
Analyses relating socioeconomic or behavioral indicators to vote
are conventionally conducted at the aggregate level, since ballots
are secret; our commune-level design follows this standard. The
commune is a spatially fine unit, with urban communes typically
containing thousands of residents, helping commune-level patterns
largely reflect local tendencies rather than compositional artifacts,
though the ecological inference gap remains.

Limited socioeconomic variables. We use age distribution, unem-
ployment, and income: the three variables that consistently emerge
as dominant commune-level predictors of electoral behavior in
France and Western Europe [17, 47, 102, 108, 118]. Gender, while a
significant predictor in individual-level surveys, is uninformative
at the commune level, where the sex ratio is approximately 0.50
everywhere with near-zero spatial variance. This baseline is not
a shortcut; our goal is to assess whether mobile service patterns
add independent explanatory power beyond this established set.
Whether the digital signal persists when additional controls, includ-
ing education, occupation, and migration status, are incorporated
remains a natural direction for future work.

Generalizability beyond France. Our findings are specific to
France, including its media ecosystem, political landscape, and plat-
form usage. We do not claim these associations extend to other
countries; for instance, TikTok’s correlation with certain parties
may be French-specific. However, the broader finding that mo-
bile service consumption reveals systematic political information
beyond socioeconomic factors likely extends to other developed
democracies with comparable digital adoption and multiparty sys-
tems, as in Western and Northern Europe.

Urban and suburban scope. Our analysis is restricted to urban
and suburban communes (approximately 66% of eligible voters
and over 70% of mobile demand), where antenna density supports
accurate traffic interpolation. Mobile traffic signatures vary sys-
tematically with urban fabric and land use [43], and mobile service
consumption is markedly uneven across France [80]; in rural com-
munes, low antenna density and greater reliance on services in
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nearby towns plausibly dilute locally distinctive signals. We there-
fore do not assume our associations extend to rural communes,
where the digital signal may be weaker or differently shaped, and
we leave the full national territory to future work.

Sample representativeness. Our study analyzes data from a ma-
jor MNO representing 31.9% of the French mobile market in 2019
and 31.5% in 2024. All findings in this paper are conditioned on
this single operator; multi-operator validation would require data
access that is practically infeasible given privacy, regulatory, and
proprietary constraints. The MNO’s customer base spans all French
departments and includes diverse socioeconomic segments through
both its primary brand and its low-cost subsidiary, as detailed in
Appendix D. Given this market share and near-uniform smartphone
ownership across demographic groups, any operator-specific bias
would need to be very substantial to affect our conclusions.
Volume versus engagement. The sSRCA normalization neutralizes
the coarsest volume confound across services: it measures whether
a service is over-represented in a commune relative to the national
average. Therefore we compare geographic footprints rather than
raw byte totals, ensuring that a data-heavy service such as video
streaming does not dominate a data-light one such as a news out-
let. However, our signal cannot separate active engagement, such
as scrolling, from background synchronization, nor distinguish
content types within an application. Disentangling these would
require device-side instrumentation or application- and platform-
level telemetry, none of which a passive MNO vantage based on
DPI provides; we leave this to future work.

Limitations in service classification. Mobile services are classi-
fied into broad categories e.g., online news, limiting our ability to
distinguish outlets with different political leanings. Finer-grained
classification could offer more insight but requires balancing ana-
lytical benefits against privacy risks.

7 Conclusions

We present a large-scale measurement study analyzing mobile ser-
vice consumption and electoral outcomes across urban and subur-
ban communes in France, using passive traffic data from a major
MNO covering ~31% of the French mobile market. Our Dirich-
let regression framework provides evidence that mobile service
usage patterns are associated with distinct signals of political align-
ment and reveals specific platform-party associations. Longitudinal
analysis across 2019 and 2024 reveals strengthening relationships
suggesting a growing role for passive network measurements as
large-scale behavioral proxies for understanding social and political
dynamics. Our findings are not aimed at campaign microtargeting,
which would be both ethically inappropriate and infeasible from pas-
sive, aggregate measurements; they instead serve three audiences.
Regulators and oversight bodies gain an independent, population-
scale proxy for digital exposure, enabling monitoring of political
information flows across platforms without platform cooperation,
complementing Digital Services Act transparency obligations [33].
Political researchers gain a large-scale passive alternative to sur-
veys for tracking digital-political alignment between elections. The
networking and measurement community gains a new instrument
for studying the digital information environment longitudinally,
including cross-platform dynamics and coordinated campaigns.
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A Ethics

Our work hinges upon mobile network traffic generated by users of
a nationwide cellular infrastructure and collected by the MNO for
network management and research purposes. The measurements
were processed within a secure platform at the MNO premises and
by personnel of the operator so as to generate anonymous aggre-
gates of service-specific traffic volumes at the antenna level. Such
aggregates merge information from tens to hundreds of users, en-
suring that no single data subject can be re-identified. Also, the
aggregates cancel out all personal identifiers (e.g., the International
Mobile Subscriber Identifier (IMSI)) or sensitive data (e.g., visited
cell locations, consumed mobile services) about individual users.
The data collection and processing were approved by the Data Pro-
tection Officer (DPO) of the MNO in the context of a collaborative
research project. The researchers involved in the work presented in
this paper only had access to the aggregates described above, which
do not configure as personal data in the EU GDPR acceptation. As
a result, our work does not raise any ethical or privacy issues.

B Mobile Network Data

This section describes the technical collection process for the mobile
service measurements. Figure 10 provides a simplified view of the
target mobile network architecture, illustrating the evolution and
integration of technologies from 2G to 5G Non-Standalone (NSA)
as well as the probe deployment strategy adopted by the MNO.
The architecture comprises the Radio Access Network (RAN), pro-
viding wireless connectivity to the end users, and the Core Net-
work (CN), managing mobility, authentication, and data routing.
Traffic destined for external networks traverses gateway nodes that
interface with public data networks, primarily the Internet. Passive
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Figure 10: Diagram of mobile network architecture highlight-
ing the main nodes and interconnections across 2G, 3G, 4G,
and 5G NSA generations.

measurement probes are deployed by the MNO at two critical loca-
tions: at gateway interfaces (Gi Interface (Gi)/SGi Interface (SGi))
to capture traffic flows, and at signaling interfaces (S1) to capture
control-plane events, enabling comprehensive monitoring of net-
work performance and user behavior.

In Long Term Evolution (LTE), mobile networks adopt an all-IP
architecture, integrating all communication into packet-switched
domains. This also centralizes metadata collection at key network
interfaces. Therefore, the Serving Gateway (S-GW) acts as a mo-
bility anchor, routing data between base stations (Evolved Node
B (eNodeB)) and external networks, maintaining metadata on han-
dovers, session management, and data usage. The Packet Data
Network Gateway (PDN-GW) connects mobile users to external IP
networks and collects detailed metadata on traffic flows. Probes de-
ployed at the SGi interface between the PDN-GW and external net-
works capture all data exchange, categorizing traffic by application
type and providing comprehensive insights into service demand
and network load.

Control-plane metadata is collected by probes at the S1 interface
connecting base stations to the Mobility Management Entity (MME).
These probes capture signaling events related to user authentica-
tion, mobility events, and paging requests. The collected Network
Signaling Data (NSD) tracks attach and detach procedures, tracking
area updates, and handovers. This signaling data enables precise
attribution of traffic flows to serving base stations and provides
insights into user mobility patterns, essential for both network
optimization and research applications.

As far as the 5G portion of the network is concerned, that is only
relevant for the 2024 elections since no 5G service was active in
2019. Also, the MNO only ran 5G in NSA configuration in 2024, as
Standalone (SA) commercial services were launched only in early
2025. Therefore, 5G traffic flows in 2024 through existing LTE core
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network infrastructure, which lets the same passive probe deploy-
ment capture 5G Next Generation Node B (gNodeB) demands.

As expected, the network deployment also evolved between the
two campaigns, growing from roughly 17,600 base-station sites
in 2019 to about 25,900 in 2024, alongside the introduction of 5G
NSA, with an increase of around 3,000 new sites in the target com-
munes. A denser deployment affects only the absolute traffic volume
captured at each site, with no impact on our analysis. Our per-site
traffic volumes are redistributed at the commune level (see Figure 3),
which is the spatial granularity of our analysis; the addition of new
sites therefore translates to more sites contributing to the same
commune relative to 2019, changing the absolute traffic volume
attributed to each commune. However, the sSRCA normalization is
per election and at the commune level, and higher or lower abso-
lute traffic volumes at a commune are transformed into relative,
per-election values that do not propagate across campaigns.

To accurately measure individual mobile services, proprietary
DPI classifiers run on the gateway probes, associating traffic flows
with specific applications (e.g., YouTube, WhatsApp, Facebook)
based on packet headers, payload signatures, and behavioral pat-
terns. These three families correspond, respectively, to header-based
features (such as the Server Name Indication exposed in the TLS
handshake), signature matching, and flow-level heuristics, which
is what allows classification to operate on largely encrypted traffic.
These classifiers enable granular analysis of network traffic, allow-
ing detailed understanding of per-service demand. The resulting
metadata consists of aggregated traffic volumes recorded at each an-
tenna over time, accompanied by geolocation information. Beyond
this description, the classifiers are the operator’s production DPI
systems, and their internal methodology and per-service ground-
truth accuracy are not disclosable under the commercial-sensitivity
and NDA terms that govern the data. Our per-app measurements
therefore rely on the classifiers attributing traffic correctly, and we
cannot independently validate that accuracy. We note, however,
that these are the same classifiers the operator runs in production
at national scale, a performance bar we consider well beyond what
our aggregate, commune-level analysis requires.

To situate our measurements within the broader evolution of
mobile consumption, we recall that global mobile data traffic grew
from 38 to 157 EB per month between 2019 and 2024, with video
rising from 63% to 74% of the total and average data per smartphone
in Western Europe more than doubling to 23 GB per month [37, 38].
Our data reflect this expansion: the set of tracked services grew from
221in 2019 to 27 in 2024, as platforms such as TikTok and Disney+
gained prominence (Table 1). Because the operator’s classifiers and
the absolute traffic volumes are not directly comparable across
the two campaigns, we do not contrast raw demands across years;
instead, we characterize each service through its commune-level
sRCA (Section 3.3). Appendix E illustrates the resulting spatial
consumption patterns across both elections for a representative
service (Figure 13), and Section 5.3 quantifies how the per-service
associations with vote shift between 2019 and 2024.
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Table 3: Smartphone ownership in France by demographic
group. Source: CREDOC, Barométre du numérique [5, 27].

Dimension 2019 2024 Trend
Overall 77%  91% +14pp
Low income 72%  90% +18 pp
High income 8%  95% +10pp
Income gap 13pp 5pp halved
Age 18-24 98%  98%  stable
Age 70+ 44%  70% +26 pp
Rural communes 71%  84% +13pp
Paris agglomeration 83%  95% +12pp

C Data and Code Availability

To allow reproducibility, the aggregated data and code used in
this study are available in a public GitHub repository?, with the
exception of the raw mobile traffic data, which are subject to a
non-disclosure agreement (NDA) with the MNO and cannot be
redistributed. Specifically, the repository contains:

o The electoral results obtained from the French Ministry of the
Interior’s open data portal [29, 30].

o The socioeconomic factors used: median income, unemployment
rate, and population age structure [88]. The French public data
platform does not link the specific snapshots, as these are re-
placed by newer versions; we therefore include our own copies,
downloaded during the study period.

o The geospatial data, including the boundaries of each commune,
their classification as urban, suburban, or rural [87], and the
city boundaries used in our spatial analysis. This information
is obtained from the French public data platform [99], and the
specific snapshot used in this study is included in the repository.

e The sRCA values for each mobile service and commune, which
are the main features used in the analysis. These values are
derived from the raw mobile traffic data and the aggregated
traffic volumes at the commune level.

D Sample Representativeness

The MNO operates under two brands: its main brand and a low-
cost subsidiary, together serving approximately 22 million mobile
lines (of which 3.9 million in 2019 and 4.8 million in 2024 under the
low-cost brand), representing a 31.9% share of the French mobile
market, a share that remained at 31.5% in 2024 [89-91]. Smartphone
ownership in France is broadly uniform across income groups (72—
85%) and age cohorts (80-98% for working-age adults; [5, 27]). With
near-uniform penetration across the relevant demographics, the
MNO’s ~31% mobile market share is unlikely to be severely skewed
toward any particular socioeconomic group. The main known resid-
ual bias is toward older age groups (smartphone ownership was
44% for those aged 70+ in 2019, rising to 70% by 2024; Table 3), a
pattern expected to affect all MNOs equally.

Figure 11 illustrates what the urban and suburban commune
selection looks like at intra-city resolution, using as examples
LinkedIn and Facebook sRCA values in 2019. For each service,

“https://github.com/nds-group/digital-consumption-political-alignment-france

17

IMC ’26, October 12-16, 2026, Karlsruhe, Germany

the center map shows the full set of selected communes across
metropolitan France, while the surrounding panels zoom into four
metropolitan areas, revealing commune-level heterogeneity within
each city. The two services display distinct but coherent spatial
signatures, professional districts for LinkedIn and broad residential
coverage for Facebook, confirming both the spatial resolution of the
dataset and that service-level demand varies meaningfully within
the selected communes.

E Representativeness of sSRCA

Figure 12 illustrates the effect of transforming from Raw traffic dis-
tribution for Facebook and WhatsApp traffic to RCA and to sRCA.
The raw traffic map (left) conflates two confounds: i) the intrinsic
byte footprint of the service and ii) the population density of the
commune, making high-traffic communes indistinguishable from
communes with genuine relative preference for the service. Raw
values are shown in anonymized units (multiplied by a constant
10¥ per the NDA). The RCA map (center) normalizes away both
confounds simultaneously: the numerator removes the service’s na-
tional byte footprint and the denominator removes the commune’s
total traffic, revealing genuine spatial heterogeneity in service pref-
erence. The sRCA map (right) applies the symmetric rescaling to
(-1, 1), removing the asymmetry between advantage and disadvan-
tage in raw RCA values and making the index comparable across
services with very different traffic volumes.

Figure 13 shows commune-level sSRCA patterns for a representa-
tive service (Instagram) across the six largest French metropolitan
areas, comparing 2019 (top row) and 2024 (bottom row). Vertical
comparison tracks the stability of consumption patterns across
elections in a city; horizontal comparison reveals how the spatial
footprint varies across cities.

F Political Science Literature

Table 4 places our work in the context of prior research on digi-
tal media and elections, comparing each study along its objective,
dataset and identification strategy, coverage, and key finding. These
studies span diverse designs, from survey panels and web-tracking
to field and natural experiments, and most examine a single plat-
form, predominantly in the United States. Where they rely on sur-
veys, platform APIs, or single-platform traces, our study instead
draws on passive, unsampled MNO traffic spanning tens of ser-
vices and two consecutive elections at commune-level granularity,
offering a complementary, population-scale vantage.

G Time-of-Day Sensitivity

Our analysis uses evening and night traffic (weekday 20: 00-07: 00),
when subscribers are most likely at home, so that demand corre-
sponds to the resident population that votes in each commune
(Section 3.2). To verify that our results do not depend on this choice,
we recompute the sSRCA of every service and refit the Dirichlet
regression over four alternative weekday windows: the full day,
the complementary daytime window (07 :00-20:00), and its morn-
ing (07:00-13:00) and afternoon (13:00-20:00) halves. Table 5
reports, for each window, the relative gain in mean predictive cor-
relation p of the All model over the Socioeconomic baseline, the
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Digital Consumption and Political Alignment: Evidence from Mobile Data Across Two European Elections in France
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Figure 11: sRCA of (a) LinkedIn and (b) Facebook across urban and suburban communes (center map of each panel) and four
metropolitan areas (2019). Commune boundaries are visible at city scale, confirming the spatial resolution of the dataset; the
two services exhibit distinct spatial signatures within the same selected communes.
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Figure 12: Effect of the Raw to RCA and sRCA transformation for Facebook and WhatsApp traffic across French communes.
Raw traffic (left) reflects population density more than service preference; values are in anonymized units (X10") per the NDA.
RCA (center) normalizes by commune size and national service share, removing both confounds. sRCA (right) symmetrizes the

index to (-1, 1), enabling direct cross-service comparison.

metric used in the main results; since the baseline is independent of
the time window, this gain isolates the mobile-service contribution.

Table 5: Relative gain in mean predictive correlation p of the
All model over the Socioeconomic baseline (%), by weekday
window. For 2019, the value excludes the low-baseline Envie
d’Europe list; the value including it is in parentheses.

Window 2019 2024
Full day (00-24) 11.2% (33.5%) 31.3%
Daytime (07-20) 11.2% (34.5%) 31.1%
Morning (07-13) 10.4% (32.9%) 29.6%
Afternoon (13-20) 10.8% (33.1%) 30.1%
Residential (20-07), adopted  9.6% (26.2%) 28.2%

19

Mobile services improve the predictive correlation under every
window, in both elections, so the result is not an artifact of the
hour selection: across the five windows the gain spans at most 1.6
percentage points in 2019 and 3.1 in 2024. The residential window
we adopt yields the smallest gain of the five, so our reported results
are a conservative lower bound rather than a window chosen to
maximize fit. We retain the residential window on validity grounds,
since evening and night traffic corresponds to residents at home,
matching where they vote, whereas daytime windows mix in work-
place and commuting geography. For 2019, these figures exclude
the Envie d’Europe list, whose very low socioeconomic baseline
(p ~ 0.21) turns a modest absolute improvement into an outlying
relative gain; including it raises the 2019 values (in parentheses in
Table 5) but leaves the ordering across windows unchanged. The
2024 election has no comparable low-baseline list.
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Figure 13: Instagram sRCA across six French metropolitan areas in 2019 (top) and 2024 (bottom).

H Model Fit Statistics: AIC, BIC, and
Log-Likelihood

The Akaike Information Criterion (AIC) and the Bayesian Informa-
tion Criterion (BIC) are likelihood-based model-selection criteria
that balance goodness of fit against model complexity: both reward
a higher log-likelihood while penalizing the number of parameters
p, with BIC imposing a stricter penalty that scales with the sample
size. Table 6 reports the AIC, BIC, and log-likelihood for all predic-
tor sets (Table 2) across both elections; lower (more negative) AIC
and BIC indicate better fit, while a higher log-likelihood indicates
a closer fit to the observed vote shares. Three findings complement
the Adj. R? results in Section 5.1.

First, the AIC gain from adding mobile services to the Socioeco-
nomic baseline nearly doubles from 2019 (AAIC = —6,548) to 2024
(AAIC = —12,537), consistent with the growing digital contribu-
tion in Figure 7. Second, Social Media alone crosses a qualitative
threshold between elections: in 2019 it is outperformed by Socioe-
conomic on all three metrics; by 2024 it exceeds Socioeconomic on
log-likelihood (63,885 vs. 62,871), AIC (—127,643 vs. —125,614), and
BIC (127,238 vs. —125,210), using the same number of parameters
(p = 64). This is not a marginal improvement: even BIC, which
penalizes model complexity, favors Social Media over Socioeconomic
by 2024. Third, in 2019 the Mobile Services model’s BIC (—105,872)
falls marginally below Socioeconomic (—106,461), reflecting that
BIC’s penalty offsets the likelihood gain from 161 vs. 56 parameters;
this reverses in 2024 (—128,741 vs. —125,210), confirming that the
full set of digital signals earns its complexity by the second election.

I Elections Background

This appendix provides extended electoral context for readers un-
familiar with French politics.

20

The European Parliament

The European Parliament is one of the two legislative bodies of the
EU, alongside the Council of the EU. It is responsible for: (i) adopt-
ing EU legislation; (ii) deciding on the annual EU budget together
with the Council; (iii) overseeing EU institutions, including the
European Commission; (iv) cooperating with national parliaments
on European affairs; and (v) exercising full legislative power in
over 40 policy areas, including agriculture, energy security, immi-
gration, justice, and EU funds. Elections take place every five years,
with approximately 400 million eligible voters, making it one of the
largest democratic processes worldwide. As of 2024, the Parliament
consists of 720 Members of the European Parliament (MEPs), with
seats allocated proportionally to each country’s population, then
distributed among national parties by vote share.

France has been the second-largest country by population in
the EU, giving it the second-highest seat allocation, only behind
Germany. French MEPs therefore exert meaningful influence over
EU decisions on topics such as energy policy and immigration. Na-
tionally, the results of European Parliamentary elections serve as a
barometer of public opinion between national electoral cycles. This
was particularly evident in 2024, when Rassemblement National’s
decisive victory prompted President Macron to dissolve the Na-
tional Assembly and call snap legislative elections [6] originally
scheduled for 2027.

2019 Election

The French European Parliamentary elections of 2019 were held
on May 26. Thirty-four political groups participated, but only six
cleared the 5% threshold required to secure seats, together account-
ing for more than 80% of total votes and distributing among them
the 79 seats for French MEPs.
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Table 6: Log-likelihood, AIC, and BIC for each predictor set (Table 2), for the 2019 and 2024 European Parliament elections.
Arrows next to each metric indicate the direction of better fit: higher log-likelihood (7), lower (more negative) AIC and BIC (]).
The bottom row reports the gain from adding mobile services to the Socioeconomic baseline (i.e., All — Socioeconomic); all three

values indicate improvement.

2019 2024
Predictor set p LogLik () AIC(]) BIC(]) p LogLik () AIC(]) BIC(])
Intercept only 7 46,681 —93,349 -93,305 8 55,715 -—-111,415 —111,364
Population 42 47,710 —95,336 —95,071 48 58,431 —116,766 —116,462
Unemployment 14 49,018 —98,008 —97,920 16 57,652 —115,273 —115,172
Income 14 51,310 -102,591 -102,503 16 58,811 —117,589 —117,488
Socioeconomic 56 53,463 -—106,814 —106,461 64 62,871 —125,614 —125,210
Streaming 56 48,471 -96,830 -96,476 80 58,557 —116,955 —116,449
News 49 50,526 —100,953 —100,644 56 58,749 -117,385 —117,031
Messaging 28 48,159 —96,262 -96,085 48 59,198 —-118,300 —117,996
Social Media 49 52,167 —104,236 —103,926 64 63,885 —127,643 —127,238
Mobile Services 161 53,606 —106,889 —105,872 224 65,302 —130,156 —128,741
All 210 56,891 -—-113,362 —112,035 280 69,356 —138,151 —136,382
A (All — Socioeconomic) +3,428 —6,548 —5,575 +6,484 —12,537 -11,172

o Rassemblement National, 23.34%. During this election, Rassem-
blement National positioned itself as “Take Power, the list sup-
ported by Marine Le Pen,” emphasizing a narrative of change
and continuity within the party’s nationalist agenda.

e Coalition Renaissance, 22.42%: a coalition of La République

En Marche!, MoDem, Agir, and Mouvement Radical, Social et

Libéral.

Europe Ecologie-Les Verts, 13.47%.

Les Républicains, 8.48%.

La France Insoumise, 6.31%.

Coalition Envie d’Europe écologique, 6.19%: a coalition of

the Parti Socialiste, Radicaux de Gauche, Place Publique, and

Nouvelle Donne.

This election carried particular political weight: following Rassem-
blement National ’s decisive victory, President Macron called snap
legislative elections [6], originally scheduled for 2027.

Party positions on the Left-Right (LR) spectrum (0 = far Left, 10 =
far Right) are drawn from the ParlGov dataset [34, 35], itself based
on the Chapel Hill Expert Survey [96].

2024 Election

The French European Parliamentary elections of 2024 were held on
June 9. Thirty-eight political parties participated; seven cleared the
5% threshold, together accounting for more than 87% of total votes.
France gained two seats relative to 2019, electing 81 MEPs in total.

o Rassemblement National, 31.37%.

e Coalition Besoin d’Europe, 14.60%: an evolution of the cen-
trist alliance behind Emmanuel Macron’s pro-European vi-
sion, transitioning from Coalition Renaissance in 2019. Despite
the rebranding and the inclusion of Horizons, the coalition’s
core political stance remained largely unchanged, with support
from La République En Marche!, MoDem, Horizon, Union des
Démocrates et Indépendants, and Parti Radical.

e Coalition Réveiller, 13.83%: a coalition of the Parti Socialiste
and Place Publique.

La France Insoumise, 9.89%.

Les Républicains, 7.25%.

Europe Ecologie-Les Verts, 5.50%.

Coalition La France fiére, 5.47%: a coalition of Reconquéte
and the Centre National des Indépendants et Paysans.

The same LR scoring methodology as in 2019 is applied to these
seven parties. Between the two elections, the French political land-
scape experienced a modest rise in polarization, reflected in grow-
ing support for the ideological extremes (La France Insoumise and
Rassemblement National), the emergence of Coalition Réveiller and
Coalition La France fiére, and the relative weakening of centrist
forces. Yet the positioning of all main groups remained fairly stable,
enabling a meaningful longitudinal comparison across both years.
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