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 A B S T R A C T

This paper aims to group Italian regions based on their similarity in voting flows between 
the major political coalitions during the 2018 and 2022 General Elections. We employ a 
Fuzzy C-Medoids clustering approach, using a tailored dissimilarity measure that captures the 
differences between matrices while also addressing the presence of outliers to mitigate their 
impact. The objective function integrates spatial constraints via fuzzy modularity, enabling 
the model to consider spatial relationships among regions. The methodology is applied to the 
ITANES dataset, a panel sample of 4696 respondents revealing interesting patterns, most notably 
a clear dichotomy between northern and southern Italy.

1. Introduction

Electoral flows refer to changes in voting behavior occurring across different elections, capturing shifts in party support, voter 
turnout, and abstention. Understanding these dynamics is essential for political scientists, sociologists, and policymakers seeking to 
analyze electoral volatility and voter loyalty.

In electoral studies, a significant body of literature has developed statistical methods to infer individual-level behaviors or 
relationships from aggregate-level data, such as precinct or district-level voting outcomes and demographic characteristics, a classic 
instance of the so-called ecological inference problem (Klima et al., 2015; Bracalente et al., 2026, and the references therein). While 
ecological inference has also been widely applied to analyze vote transitions across elections, the use of clustering techniques remains 
relatively underexplored in this context. An exception is the work by Puig and Ginebra (2014, 2015) who provide an example in 
which clustering contributes to ecological inference.

Given the complexity of electoral data, we argue that clustering methods can offer powerful tools to uncover latent structures, 
such as grouping geographic areas, demographic segments, or individual voters that exhibit similar voting transitions. In particular, 
we argue that unsupervised learning methods, such as the one presented here, are ideally suited to analyze voting flows, as they 
uncover latent patterns in complex transition matrices without relying on predefined categories.

More broadly, clustering in electoral studies has focused mainly on grouping voters based on stated preferences, often using 
mixture models (Kuriwaki, 2020; Jang and Hitchcock, 2022; Lee et al., 2017) or algorithms like k-means (Akarca and Başlevent, 
2011; Wahyuni et al., 2023). From a spatial perspective, however, the dominant approach continues to rely on spatial autocorrelation 
statistics, such as Moran’s I and Local Indicators of Spatial Association (LISA; Anselin (1995)), to detect geographic patterns in 
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electoral support (Rezaee et al., 2024; Jacintho et al., 2021; Shin and Agnew, 2007). For interesting works employing LISA in 
unsupervised approaches, see Appice and Malerba (2014), Mattera (2022).

In this work, we use a fuzzy clustering technique in which the objects to be clustered are not, as usual, vectors but matrices 
— specifically, the transition matrices representing voter flows from the 2018 Italian general election to the 2022 election for the 
Chamber of Deputies, regarding the main coalitions. The transition matrices have been estimated using an ad hoc survey conducted 
by ITANES, designed to be representative of the target population based on stratification variables and appropriate sample weights.

Moreover, given the presence of autonomous regions, which exhibit distinct voting transition patterns due to the influence of local 
parties, we implement a robust clustering technique based on a suitable exponential transformation of the dissimilarity measure, 
as first proposed by Wu and Yang (2002) to mitigate potential disruptions caused by anomalous units. This way, we ensure that 
regions with anomalous electoral dynamics do not affect the groups’ structure. To this purpose, it is worth mentioning the work 
of Yamin et al. (2022) proposing an unsupervised density-based clustering algorithm to detect potential anomalies in election data, 
applied to the 2020 U.S. presidential election in Fulton County, Georgia.

The spatial relationships between objects are also considered; building on prior advances in fuzzy clustering with spatial 
constraints, a penalty function is integrated into the objective function (Pham, 2001; Coppi et al., 2010; Oriona et al., 2022; D’Urso 
et al., 2023, 2025; Cerqueti et al., 2025). An exogenous parameter is used to weight the importance of spatial contiguity in the 
clustering criterion. The higher the value of this tuning parameter, the more significant the role of spatial proximity in defining the 
clusters. In this work, following Cangemi et al. (2025), the characterization of spatial penalty is derived from the fuzzy modularity 
measure, borrowed from community detection (Nepusz et al., 2008). Although not applied to matrices, the work of Wu (2022), 
which uses spatial fuzzy C-means clustering to analyze the factors related to COVID-19 and the U.S. presidential election in the 
Rustbelt states in 2020, represents the most closely related work. From a methodological standpoint, the work of D’Urso et al. 
(2022) aligns most closely with the proposed approach. We also argue that LISA and spatially constrained clustering both utilize a 
contiguity matrix to define adjacency, but they pursue distinct analytical aims. LISA-based analysis computes a local test statistic 
(e.g., Local Moran’s I or Getis–Ord Gi) for each spatial unit and uses permutation tests to identify statistically significant hot-spots, 
cold-spots, and spatial outliers. In contrast, our spatial clustering approach applies a contiguity constraint to group all units into 
a fixed number of homogeneous, spatially connected clusters by optimizing within-cluster similarity. Thus, LISA pinpoints where 
local autocorrelation is significant, while our method provides complete partitioning of the spatial units into coherent clusters.

The structure of the paper is organized as follows. In Section 2.1, we describe the ITANES dataset; Section 2.2 introduces a 
dissimilarity measure specifically designed for flow matrices; and Section 2.3 outlines our methodological framework, including 
the proposed model and algorithm. Section 3 reports the application and the main findings. Finally, the concluding remarks are 
presented in Section 4.

2. Methodology

In this section, we begin by presenting the ITANES dataset—its sampling design and pre-processing steps—then introduce the 
dissimilarity measure for flow matrices and outline the proposed clustering model.

2.1. The ITANES survey

ITANES dataset (Vezzoni et al., 2023c) was collected around the 2022 Italian General Elections. Italy is a parliamentary republic, 
where in the general election, a new parliament is voted in. A government is formed afterwards by a prime minister who has to 
secure a majority in both chambers of parliament based on either pre- or post-election coalitions between parties (while in theory 
possible, no single party has ever obtained a majority on its own in both chambers since the establishment of the republic). A total 
of 𝑛 = 4696 Italian citizens were administered a pre- and a post-election survey, with several questions about their vote in the 
general elections of 2018 and 2022, together with several further questions about their socioeconomic status, political preferences 
and opinions on the most relevant current news topics at the time of survey (Sept–Oct 2022) such as the CoViD pandemic and 
ongoing conflicts. Full description of the survey can be found in Vezzoni et al. (2023a).

Our goal is to understand the geographic patterns in the electoral flows, so the information from this dataset that we use in this 
study is

• Vote declaration in the 2018 general elections, as registered in column D10_3 of the database.
• Vote declaration in the 2022 general elections as registered in column Q10LHa (whether they voted) and Q10LHb (what they 
voted) of the database.

• Region of residence of the polled electors as registered in column regione of the database.
• Trimmed weights based on socioeconomic parameters to correct the imbalances in the sample (column wsociodem_trim
in the database, see Vezzoni et al. (2023b) for the details).

In particular, in our model, we aim at clustering 𝐾 = 20 statistical units, corresponding to the 20 Italian Regions (NUTS 2 level 
units and the largest administrative divisions in the country), based on both their geographic contiguity and the similarity of the 
electoral flows between the general elections of 2018 and 2022.

The geographic contiguity is encoded in the adjacency matrix 𝐀 = {𝑎𝑘𝑙 , 𝑙, 𝑘 ≤ 20} where 𝑎𝑘𝑙 = 1 if regions 𝑘 and 𝑙 share a land 
border and 0 otherwise.
2 
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To represent the electoral flows, we built for each region a 4 × 4 flow matrix 𝐅(𝑘), 𝑘 = 1,… , 20.
Between the general elections of 2018 and 2022 a significant shift happened in Italian politics. The 2018 elections resulted in a 

hung parliament, with neither of the three major players, the center-right and center-left coalitions, and the Movimento 5 Stelle (5 
Star Movement), an anti-establishment party, being able to secure an outright majority in either of the chambers. As is common in 
the Italian parliamentary system, this resulted in the rearrangement of coalitions after the election to secure the majority needed in 
both chambers for a vote of confidence in the new government. Between 2018 and 2022, three different governments were sworn 
in, the first two led by Giuseppe Conte and the third by Mario Draghi as prime ministers, every time with significant shifts in the 
composition of the majority supporting the government. Finally, in 2022, a snap election was called as it was no longer feasible to 
find an agreement to form a new majority. The 2022 elections resulted in a very different outcome, with the center-right coalition 
obtaining a decisive victory, securing a majority in both chambers, and Fratelli d’Italia (Brothers of Italy), previously a minor party, 
emerging as the dominant force within the winning coalition. The leader of Fratelli d’Italia, Giorgia Meloni, was sworn in as the 
first female Prime Minister in the history of the Italian Republic without the need for a post-election agreement. Here, the first 3 
rows and columns correspond to the 3 major coalitions that ran in both elections:

CS Center-left coalition. Partito Democratico, and +Europa in 2018, Partito Democratico, Impegno Civico, +Europa, and Alleanza 
Verdi Sinistra in 2022.

CD Center-right coalition. Forza Italia, Lega, and Fratelli d’Italia in 2018, Forza Italia, Lega, Noi Moderati, and Fratelli d’Italia in 
2022.

5S Movimento 5 stelle, running on its own in both 2018 and 2022.

The fourth row and column, labeled NO, represented electors who did not cast a valid vote. This includes both the electors who did 
not participate at all in the election, and those who cast a blank or invalid ballot. This category does not include electors who did 
not disclose their vote or voted for secondary coalitions, which were not considered in the analysis. This is because in the highly 
volatile Italian election system, where many parties are created and dissolved between consecutive elections, adding a residual 
category would be confounding, as it could have very different meanings in different elections, and adding all the secondary parties 
and coalitions would make the flow matrices way too sparse for a reliable analysis.

2.2. Dissimilarity for transition matrices

Given a sample of 𝑛 units (interviewed individuals), each with an associated sample weight 𝑤𝑠 such that 
∑𝑛

𝑠=1 𝑤𝑠 = 𝑛, let 𝑡1 and 
𝑡2 denote two distinct time points (in this application, 𝑡1 and 𝑡2 are the 2018 and 2022 general election, respectively). Let  be the 
set of possible categories (political parties, in this specific application), and let 𝑘, for 𝑘 = 1,… , 𝐾, index the objects to be clustered 
(the Italian regions, in this case). For each region 𝑘, the entry 𝑓 (𝑘)

𝑖𝑗  denotes the weighted proportion of individuals who were in 
category 𝑖 ∈  at time 𝑡1 and transitioned to category 𝑗 ∈  at time 𝑡2. More formally,

𝑓 (𝑘)
𝑖𝑗 =

∑𝑛
𝑠=1 𝑤𝑠 𝐼𝑠,𝑖,𝑡1 𝐼𝑠,𝑗,𝑡2

∑𝑛
𝑠=1

∑

𝑗′∈ 𝑤𝑠 𝐼𝑠,𝑖,𝑡1 𝐼𝑠,𝑗′ ,𝑡2
,

where 𝐼𝑠,𝑖,𝑡1  (respectively, 𝐼𝑠,𝑗,𝑡2 ) is an indicator function equal to 1 if unit 𝑠 belonged to category 𝑖 ∈  at time 𝑡1 (respectively, to 
category 𝑗 ∈  at time 𝑡2), and 0 otherwise.

In cases where the formula results in an indeterminate form—because there were no elements from that category at time 𝑡1—we 
set 𝑓 (𝑘)

𝑖𝑗 = 0. This ensures that each row is either entirely zero or sums to 1, representing the weighted distribution of transitions 
between categories across time.

Let 𝐅(𝑘) =
(

𝑓 (𝑘)
𝑖𝑗

)

 denote the || × || matrix associated with object 𝑘, to quantify the dissimilarity between two flow matrices 
𝐅(𝑘) and 𝐅(𝑙), we define their 𝐿1 distance as: 

𝑑1(𝐅(𝑘),𝐅(𝑙)) =
∑

𝑖,𝑗

|

|

|

𝑓 (𝑘)
𝑖𝑗 − 𝑓 (𝑙)

𝑖𝑗
|

|

|

. (1)

This way, if both matrices have no 0-lines, they are both row-stochastic and the distance is proportional to the sum of the total 
variation distances of the distributions in each line. If instead a matrix contains a line which is all 0s, said line contributes the same 
value to the distance of the unit from all the other units for which that line is non-0.

The robust version of Eq. (1) is based on the following exponential transformation (Wu and Yang, 2002; D’Urso et al., 2015) 
that lies in [0, 1]: 

𝑑2𝑒𝑥𝑝(𝐅
(𝑘),𝐅(𝑙)) = 1 − exp{−𝛽 ⋅ 𝑑1(𝐅(𝑘),𝐅(𝑙))2}, (2)

with 𝛽 = 𝐾
min𝑘

∑

𝑙 𝑑1(𝐅(𝑘),𝐅(𝑙))2
.

The main advantage of this approach is that it helps to mitigate the impact of large distances, potentially preventing outliers or 
distant objects from influencing the clustering procedure. The parameter 𝛽 is typically chosen as the inverse of a measure of data 
variability. Therefore, when the data exhibit low variability (corresponding to a high value of 𝛽), larger dissimilarities are assigned 
lower weights compared to situations with high variability (for further details, refer to Wu and Yang (2002)). This way, whenever 
𝑑 (𝐅(𝑘),𝐅(𝑙)) is very large, we have 𝑑2 (𝐅(𝑘),𝐅(𝑙)) ∼ 1.
1 𝑒𝑥𝑝

3 
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The most important characteristic to note is that the use of 𝑑2exp(𝐅(𝑘),𝐅(𝑙)) results in outliers being assigned to the 𝐶 clusters with 
approximately equal membership degrees (around 1∕𝐶), effectively treating them as fuzzy units.

In the application to Italian data, this is particularly relevant for handling the regions of Trentino-Alto Adige, and Valle d’Aosta, 
where the presence of parties representing local linguistic minorities skews heavily the results and, to a lesser extent, Molise and 
Basilicata, where the amount of data available was quite low.

2.3. Fuzzy C-Medoids clustering with modularity spatial correction

The Fuzzy C-Medoids clustering with modularity-based spatial correction (FCMd-MSC) introduced in Cangemi et al. (2025) is 
here extended to incorporate robustness and a dissimilarity measure specifically tailored for complex objects such as flow matrices. 
The adoption of a fuzzy clustering approach is motivated by the nature of the data. Some regional electoral flows cannot be 
meaningfully assigned to a single, mutually exclusive group, as they often exhibit ambiguous or mixed behavioral patterns that share 
characteristics with more than one cluster. The fuzzy framework accommodates this complexity by allowing partial membership 
across clusters, thereby enhancing both the flexibility of the model and the interpretability of the results. In this setting, the inherent 
vagueness of cluster membership is explicitly modeled rather than ignored, leading to a more informative and realistic representation 
of regional heterogeneity. The FCMd-MSC method was created to bring together fuzzy entropic clustering and community detection 
on networks. Its goal is to produce a fuzzy partition matrix 𝐔 ∶= {𝑢𝑘,𝑐 ∶ 𝑘 ≤ 𝐾, 𝑐 ≤ 𝐶} where 𝑢𝑘,𝑐 represents the level of membership 
of unit 𝑘 to cluster 𝑐, together with a set of 𝐶 prototype units (𝐅̃(1),… , 𝐅̃(𝐶)), called medoids, which represent the ‘‘most typical’’ 
unit in each cluster. To this end, it employs the dissimilarity measure 𝑑2exp in conjunction with an adjacency matrix 𝐀, which, in 
this context, represents a spatial weight matrix. The entries of 𝐀 are binary (0–1), indicating whether pairs of units share a land 
border (1) or not (0). Specifically, the method aims to optimize a linear combination of two components: the objective function of 
fuzzy entropic clustering applied to the units using the chosen dissimilarity, and the fuzzy modularity, defined in the same manner 
as in Nepusz et al. (2008). he fuzzy modularity is computed from the partition matrix 𝐔 and the network structure encoded by the 
adjacency matrix 𝐀.

To this purpose, we introduce the modularity matrix 𝐁 ∶= {𝑏𝑘,𝑙 , 𝑘, 𝑙 ≤ 𝐾} : 

𝑏𝑘,𝑙 = 𝑎𝑘,𝑙 −
𝑠𝑘𝑠𝑙
𝐿

(3)

where 𝑠𝑘 =
∑𝐾

𝑙=1 𝑎𝑘,𝑙, and the total strength of the network as 𝐿 =
∑𝐾

𝑘=1 𝑠𝑘.
We can thus define, up to a constant, the fuzzy modularity of the partition 𝐔 with respect to the network 𝐀 as 

𝑄(𝐔,𝐀) =
𝐾
∑

𝑘=1

𝐾
∑

𝑙=1
𝑏𝑘,𝑙(1 − 𝛿𝑘,𝑙)

𝐶
∑

𝑐=1
𝑢𝑘,𝑐𝑢𝑙,𝑐 . (4)

Here, 𝛿𝑘,𝑙 is the Kronecker 𝛿, the indicator that 𝑘 = 𝑙.
The full optimization problem is then:

min
𝐔,𝐅𝑐

𝐽𝑝,𝐶,𝛾 (𝐔,𝐅𝑐 ) ∶= (1 − 𝛾)
𝐾
∑

𝑘=1

𝐶
∑

𝑐=1
𝑢𝑘,𝑐𝑑

2
𝑒𝑥𝑝(𝐅

(𝑘), 𝐅̃(𝑐)) + 𝑝
𝐾
∑

𝑘=1

𝐶
∑

𝑐=1
𝑢𝑘,𝑐 log(𝑢𝑘,𝑐 )

−
𝛾
2

𝐾
∑

𝑘=1

𝐶
∑

𝑐=1

𝐾
∑

𝑙=1
𝑢𝑘,𝑐𝑏𝑘,𝑙𝑢𝑘,𝑐 (1 − 𝛿𝑘,𝑙)

= (1 − 𝛾)
𝐾
∑

𝑘=1

𝐶
∑

𝑐=1
𝑢𝑘,𝑐

(

1 − exp{−𝛽 ⋅ 𝑑1(𝐅(𝑘), 𝐅̃(𝑐))2}
)

(5)

+ 𝑝
𝐾
∑

𝑘=1

𝐶
∑

𝑐=1
𝑢𝑘,𝑐 log(𝑢𝑘,𝑐 )

−
𝛾
2

𝐾
∑

𝑘=1

𝐶
∑

𝑐=1

𝐾
∑

𝑙=1
𝑢𝑘,𝑐𝑏𝑘,𝑙𝑢𝑘,𝑐 (1 − 𝛿𝑘,𝑙)

Here, 𝛾 ∈ [0, 1] is a parameter that represents the relative importance of the dissimilarity between electoral flows and geographic 
contiguity, and 𝑝 > 0 is the tuning parameter that regulates the weight given to the Shannon entropy of the partition and thus its 
desired degree of fuzziness (higher values of 𝑝 correspond to fuzzier partitions). If 𝛾 = 0, the algorithms considers only the attributes 
of the units, ignoring the adjacency structure, while for 𝛾 = 1 it considers only the adjacency matrix, ignoring the attributes. 
The modularity term is divided by 2 to account for the fact that the adjacency between two units 𝑘 and 𝑙 is considered twice in 
the sum, once as 𝑏𝑘𝑙 and once as 𝑏𝑙𝑘. We find the local minimum of the objective function by iteratively optimizing with respect 
to the membership matrix 𝐔 and the medoids (𝐅̃(1),… , 𝐅̃(𝐶)). For the first step, we apply the Lagrange multiplier method. The 
optimization with respect to the medoids is done by linear search restricted for each cluster to the units with the corresponding 
maximal membership. The full details of the algorithm can be found in Cangemi et al. (2025, Section 2.2) where the Fuzzy C-Medoids 
clustering with modularity spatial correction was originally defined. While there is no guarantee that the algorithm converges to the 
global minimum, under basic conditions on the convexity of the objective function (cfr. Hathaway and Bezdek (1988)) the algorithm 
converges to a local minimum. To increase the chances of finding the global optimum, we restart the algorithm multiple times and 
choose the best solution.
4 
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Table 1
Values of the fuzzy silhouette for 𝛾 = 0.15, for different values of 𝐶 and 
𝑝. Optimal value is for 𝐶 = 2, 𝑝 = 0.3.
 𝐶/𝑝 0,1 0,2 0,3 0,4 0,5  
 2 0,068 0,077 0,087 0,083 0,083  
 3 −0,113 −0,12 −0,108 −0,094 −0,084 
 4 −0,123 −0,126 −0,125 −0,118 −0,129 

Fig. 1. Map of the cluster memberships with 𝛾 = 0.15 (left) and 𝛾 = 0 (right). Yellow indicates cluster 1, red cluster 2 and gray fuzzy membership 
(no membership above 0.7).

3. Application and results

We run the clustering algorithm described in Section 2.3 on the data as described in Section 2.1.1 We fix the value of the 
parameter 𝛾 = 0.15 that regulates the relative importance between the spatial information and the distance between flow matrices. 
This is done because, even if in Cangemi et al. (2025) was given a method for the optimization of the clustering with respect to 𝛾
based on an appropriate validity function, in this setting, the most relevant information is the one relative to the electoral flows, and 
the spatial information represents the geography of Italy, which is well known and not a point of interest of the present analysis, 
but only a correction term. We thus do not think it would be wise to run an optimization with respect to 𝛾, considering that even 
if the geography-based communities were better-separated than the attribute clusters, optimizing the matrix 𝐔 mainly around them 
would be of little interest. We use the fuzzy silhouette as a validity measure to optimize a posteriori the values of the number of 
clusters 𝐶 and the fuzziness parameter 𝑝. We choose, based on the results in Table  1, 𝐶 = 2 and 𝑝 = 0.3.

We next show the results of the clustering algorithm applied with the optimal values of 𝐶 and 𝑝 in Table  2 and compare it with 
the model with the same hyperparameters, except with 𝛾 = 0, that is, no spatial correction.

In Fig.  1, which shows the clusters on a map, we observe that both models reveal the well-known north–south divide commonly 
seen in analyses of Italian social, economic, and political phenomena. However, as expected, the spatially corrected model yields 
geographically more coherent clusters, with fewer fuzzy units

In the partition based on the spatial constraint, regions such as Abruzzo, Basilicata, and Molise exhibit stronger memberships 
to the southern cluster compared to the model with no spatial correction, where their memberships are more ambiguous. This 
suggests that geographical proximity plays a role in refining cluster assignments. In both models, the medoid of the northern cluster 
is Lombardia and that of the southern cluster is Lazio. Table  3 presents the corresponding flow matrices for these two medoids, and 
the associated alluvial plots are displayed in Fig.  2.

Looking at them, clear north–south differences in voting flows exist. We observe that in the two medoid regions, the electoral 
flows for voters who voted for the CD coalition are similar, with most of them voting again for the same coalition. Lombardia shows 
a much higher flow of voters from the 5S to the other two coalitions than Lazio, even if in both 5S is the group that lost the most 
voters to both other parties and abstention. On the other hand, Lazio has a much higher flow of CS voters to the other coalitions. 
Indeed, the 2022 elections saw a big success for the CD coalition, which obtained an absolute majority of the seats in both chambers 
of parliament. The progressive vote was split between the CS coalition, which was more popular in the northern regions, and the 
5S, which was more popular in the south. These patterns reflect broader regional trends: northern areas have stronger party loyalty, 
while southern areas show more protest-vote persistence and higher volatility in traditional party support.

1 We remark that here, ‘‘flow’’ denotes aggregate voter transitions between political options across two elections at the regional level, not individual voting 
trajectories. Accordingly, the proposed clustering reflects similarities in the structural patterns of electoral change between regions rather than individual-level 
dynamics.
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Table 2
Results of the clustering algorithm with 𝐶 = 2, 𝑝 = 0.3.
 𝛾 = 0.15 𝛾 = 0

 C1 C2 C1 C2  
 Abruzzo 0,352 0,648 0,657 0,343 
 Basilicata 0,343 0,657 0,615 0,385 
 Calabria 0,174 0,826 0,160 0,84  
 Campania 0,105 0,895 0,266 0,734 
 Emilia Romagna 0,927 0,073 0,812 0,188 
 Friuli Venezia Giulia 0,984 0,016 0,979 0,021 
 Lazio 0.000 1.000 0.000 1.000 
 Liguria 0,816 0,184 0,699 0,301 
 Lombardia 1.000 0.000 1.000 0.000 
 Marche 0,116 0,884 0,159 0,841 
 Molise 0,194 0,806 0,481 0,519 
 Piemonte 0,813 0,187 0,533 0,467 
 Puglia 0,145 0,855 0,247 0,753 
 Sardegna 0,612 0,388 0,631 0,369 
 Sicilia 0,119 0,881 0,087 0,913 
 Toscana 0,502 0,498 0,657 0,343 
 Trentino Alto Adige 0,836 0,164 0,538 0,462 
 Umbria 0,053 0,947 0,084 0,916 
 Valle D’Aosta 0,575 0,425 0,495 0,505 
 Veneto 0,988 0,012 0,958 0,042 

Table 3
Flow matrices of the two medoids.
 2018∖2022 Lombardia Lazio

 CS CD 5S No CS CD 5S No  
 CS 0,864 0,019 0,021 0,095 0,714 0,082 0,092 0,112 
 CD 0,037 0,851 0,029 0,083 0,017 0,829 0,042 0,111 
 5S 0,168 0,242 0,432 0,158 0,060 0,140 0,585 0,216 
 No 0,119 0,142 0,065 0,674 0,076 0,115 0,172 0,637 

Fig. 2. Alluvial plot for the medoids Lazio and Lombardia.

4. Conclusions

The proposed approach provides a coherent framework for clustering electoral transition patterns based on matrix-valued data. 
By combining dissimilarity between flow matrices, entropy-based fuzziness, and spatial modularity, the model captures different 
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aspects of the data structure while ensuring robustness to extreme patterns. The empirical application shows that allowing for fuzzy 
memberships is particularly appropriate in this context, as electoral flows often exhibit overlapping characteristics that cannot be 
adequately represented by crisp partitions. In addition, the incorporation of spatial information improves the geographical coherence 
of the clusters without altering the main electoral patterns. Overall, the results highlight the usefulness of the proposed framework 
in identifying meaningful and spatially consistent structures in electoral flow matrices. The main findings of the analysis can be 
summarized as follows:

• Electoral flow between the 2018 and 2022 Italian general elections exhibit clear spatial heterogeneity, with a north–south 
pattern emerging from the clustering results

• The analysis of the flow matrices shows that abstention represents a relevant component of voter transitions, particularly for 
voters originating from the Five Star Movement

• The proposed spatially-constrained clustering framework captures the complexity of electoral dynamics by allowing for 
overlapping patterns across regions through fuzzy memberships

5. Discussion

The proposed framework provides a structured approach for analyzing electoral flow and its spatial structure. However, it is 
important to emphasize that the method is not designed to identify the causal mechanisms underlying voter transitions as clustering 
is inherently an exploratory technique. While our method does not explicitly incorporate additional covariates and is not intended 
to directly explain why electoral flows occur, the spatial patterns identified in the analysis appear consistent with well-established 
territorial structures in Italian electoral behavior. The results reaffirm the well-documented north–south divide in Italian politics, 
highlighting distinct electoral dynamics across macro-regions that may be related to structural socio-economic differences, varying 
levels of political engagement, and territorially specific political traditions. Alluvial plots of the medoid regions, in particular, 
reveal how voter retention and transitions differ markedly between coalitions, highlighting a pronounced north–south divide in 
Italy’s electoral dynamics. In Lombardia, for instance, the wide diagonal flows for both the Center-Right and Center-Left blocs 
indicate strong voter loyalty to traditional party blocs, whereas the Five Star Movement shows substantial outflows, both to the 
major coalitions and to abstention. By contrast, in Lazio, the Five Star Movement holds on to a larger share of its base, and the 
Center-Left loses more voters to the Center-Right than it does in Lombardia. These patterns reflect longstanding socio-political 
divides. Northern regions benefit from strong voter loyalty to large traditional coalitions and economic stability, while southern 
regions display a higher persistence of protest-vote alignments (Five Stars Movement) and greater volatility in traditional center-left 
support, consistent with deeper disengagement from politics. As already highlighted, the use of a robust dissimilarity measure has 
also played a crucial role in preserving the main electoral parties within the clustering results. By mitigating the influence of extreme 
patterns, it ensures that the main political alignments remain well-represented. This further strengthens the interpretation of the 
clusters, allowing for a clearer distinction between different voting behaviors while maintaining consistency with known spatial 
electoral patterns. However, the current modeling framework does not allow us to disentangle the relative impact of different 
factors that may influence voting behavior, such as economic developments, institutional dynamics, or external shocks (e.g., the 
COVID-19 pandemic). Similarly, the model does not explicitly account for the determinants of party support or abstention which are 
treated here as components of the observed flow. A more comprehensive analysis of the mechanisms driving electoral flows would 
require extending the proposed framework in several directions. In particular, this would involve integrating socio-economic and 
contextual covariates at the regional level, combining aggregate data with individual-level survey information and adopting dynamic 
approaches that consider multiple elections over time. Indeed, the model is designed with the study of electoral flow between two 
consecutive elections but it would be interesting to design a model that can account for a longer time series of electoral flows. 
This would require tackling significant new challenges, like the fact that, in the very unstable Italian electoral system, parties and 
coalitions can change significantly over time, and thus the flow matrices could have significantly different shapes. Future research 
could also explore alternative spatial weighting strategies to refine the balance between geographical and electoral information. Also, 
we used the 𝐿1 distance between matrices due to its connection to total variation distance, but other distances could be considered, 
such as the 𝐿2 distance induced by the Frobenius norm.
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