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Abstract

This study investigates the emotional dynamics of Italian soccer fandoms
through computational analysis of user-generated content from official Instagram
accounts of 83 teams across Serie A, Serie B, and Lega Pro during the 2023-24
season. By applying sentiment analysis to fan comments, we extract temporal
emotional patterns and identify distinct clusters of fan bases with similar pre-
season expectations. Drawing from complex systems theory, we characterize joy
as displaying anti-bursty temporal distributions, while anger is marked by pro-
nounced bursty patterns. Our analysis reveals significant correlations between
these emotional signals, preseason expectations, socioeconomic factors, and final
league rankings. In particular, the burstiness metric emerges as a meaningful
correlate of team performance, as supported by stepwise regression. These find-
ings offer novel insights into the relationship between fan emotional expression
and team outcomes, suggesting potential avenues for research in sports analytics,
social media dynamics, and fan engagement studies.

Keywords: time series, burstiness, emotions, soccer

1 Introduction

Computational methods in social sciences have revolutionized our understanding of
human behavior, offering new insights into phenomena such as the structure of social
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networks and large-scale collective changes [1–4]. An important aspect of this transfor-
mation is the capability to study sentiment and emotion at scale, allowing researchers
to trace collective emotional dynamics by identifying group-based and recurring nar-
ratives [5–8]. In this context, soccer fandoms provide a unique and rich environment
to explore group-based emotions [9, 10]. Whilst computational methods have been
successfully applied in understanding soccer from the perspective of player perfor-
mance, game outcomes, injuries, scoring probability [11–14], much less attention has
been paid to the emotional experiences of fans. Recent studies [15–23] have started
to investigate this domain, but a significant gap remains in the application of rigor-
ous computational methods to fully capture the nature and dynamics of emotions in
online soccer fandoms.

Social media have transformed the way fans engage, reshaping traditional soccer
cultures [24] by shifting communities from physical to digital spaces and, in the pro-
cess, deterritorializing fandoms [25]. Yet, it remains to be established the extent to
which digital spaces are different from traditional and physical spaces. Online plat-
forms might help expand the reach and prestige of top teams (as shown by the growing
globalisation of merchandising and the attention European top clubs receive in coun-
tries where the interest for football was not considerable in the recent past) [25]; even
so, the nature of fan identity, especially within lower leagues, remains strongly tied to
local and community-based features [26]. Moreover, it is unclear whether online fan
interactions reflect traditional emotional dynamics related to sport dynamics, which
are characterized by intense post-game discussions involving enthusiasm, frustrations,
opinions, what-if s [27]. This digital shift raises questions about how online interactions
compare with the long-standing traditions of soccer fandoms.

In this work, we explore the emotional dynamics of digital soccer fandoms within
the Italian league system, including Serie A, Serie B, and Lega Pro, during the 2023-
24 season. We aim to capture the complex patterns underlying the social behavior of
Italian fans online, by answering the following research questions: (i) Do different pools
of fans exhibit similar patterns in how they emotionally support their teams?; (ii) Can
these eventual patterns, together with preseason expectations and other deeply rooted
socioeconomic factors, correlate with the seasonal performance of the relative teams?

By representing emotions as measurable time-dependent signals, we address ques-
tion (i) employing approaches stemming both from unsupervised machine learning
and complex system analysis, namely clustering methods for time series [28] and
burstiness for describing in/homogeneous temporal patterns in signal sequences [29].
Segmenting users’ emotional trends, our clustering analysis uncovers groups of similar
fandoms sharing homogeneous features that proxy preseasonal fandoms’ expectations.
Burstiness reveals regularities in expressions of joy and heterogeneous patterns of
bursty/anti-bursty anger, related to the specific characteristics of each fandom.

Finally, to address question (ii), whether these measures influence the relationship
between fandom behavior and the seasonal performance of their respective teams, we
employ multiple regression analysis. This approach enables us to assess how emotional
patterns, such as burstiness, correlate with final team rankings. By analyzing these
dynamics, we demonstrate how emotional signals can help explain variations in team
performance.
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The remainder of the paper is organized as follows. Section 2 describes data collec-
tion and the methods used for clustering, burst detection, and multi-regression. Section
3 focuses on the results achieved using the previously described data and methods.
Section 4 concludes the paper by discussing the results.

2 Materials and Methods

2.1 Data Collection and Pre-processing

We collect user comments from the official Instagram accounts of 83 Italian teams that
participated in the 2023-24 seasons of Serie A, Serie B, and Lega Pro; the top three
divisions in the Italian soccer system. Among the 83 teams, 18 compete in Serie A, 20
in Serie B, and 45 in Lega Pro, which is further divided into three regional groups: 16
teams in Group A, 14 in Group B, and 15 in Group C. Teams’ accounts share content
such as match updates, including squad list, half- and full-time scores, highlights, etc.
We refer to this type of content as “posts”. The frequency of posting activity varies
between teams; cf. A.1.

Users write comments in response to teams’ posts and express their opinions,
feelings, and reactions to the post content. We refer to users’ activities as “comments”.
Considering that some posts can contain one or a very few number of comments, we
detect individual teams’ thresholds to discard non-relevant posts. In other words, we
retain posts that have at least a number of comments equal to the median of the
distribution of the team account, cf. A.1.

We perform an emotion detection task using feel-it1, a python library tailored for
the Italian language [30]. Comments are classified into one of four base emotions: joy,
anger, sadness, and fear. Consequently, we count the percentage of emotions conveyed
by the comments on each post.

Each post is further labeled according to the absence/non maximal (0) or maximal
(1) presence of an emotion, for each emotion. For example, a post containing 75% of
comments expressing anger, 15% expressing joy, 5% sadness, and 5% fear, is labelled
0 in the dimensions of joy, sadness and fear, and 1 in the dimension of anger, thus
being considered as an “emotional event” of this latter dimension. See Appendix A.2
for other information about this representation.
Formally, let E be the set of emotions E = {joy, anger, sadness, fear}.

Definition 1 (Emotional Time Series Dataset) An emotional time series dataset P =

{P1, P2, ..., Pn} ∈ Rn×|E|×m is a collection of n emotional time series.

Definition 2 (Emotional Time Series) An emotional time series P is a collection of |E|
emotional signals P = {pjoy, panger, psadness, pfear} ∈ R|E|×m.

Notably, m refers to the length of the time series, and the quantity is expressed in
days, cf. Appendix A.1.

1https://github.com/MilaNLProc/feel-it
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Definition 3 (Emotional Signal) An emotional signal, like pjoy, is a sequence of m real-
valued observations as the percentage of comments classified as joy within a post, i.e., pjoy =
[p1, p2, ..., pm] ∈ Rm; the same holds for the other three emotions.

Moreover, for an event-based emotional representation, we consider a binary label-
ing of emotional events for each emotion in E , where an emotional event is defined by
the maximal presence of a specific emotion.

Definition 4 (Binary Emotional Signal) Given a post Pi, its emotional signal pe ∈ Pi for
an emotion e ∈ E is transformed into a binary emotional signal se = [s1, s2, ..., sm] ∈ {0, 1}m,
assuming value 1 if emotion e is maximal within the post, 0 otherwise.

This transformation results in a dataset of event-based emotional time series.

Definition 5 (Event-based Emotional Time Series) An event-based emotional time
series S is a collection of |E| binary emotional signals Si = {sjoy, sanger, ssadness, sfear}.

Definition 6 (Event-based Emotional Time Series Dataset) An event-based emotional

time series dataset S = {S1, S2, ..., Sn} ∈ Rn×|E|×m is a collection of n event-based emotional
time series.

These time series representations guarantee the privacy of individual users [31]. Tex-
tual content from users can not be traced or monitored, as all comments are aggregated
into an emotion distribution of the posts, and our analysis is limited to the post level.

2.2 External Features

Additionally, our analysis incorporates key contextual variables for each time series:
per capita income (PCI), unemployment rate (U), welfare spending (W)2, geograph-
ical location (GEO), team heritage RH

3, and team market value (MV)4. These data
enrich our analytical framework by providing quantifiable measures of the socioeco-
nomic landscape and competitive environment surrounding each fandom. Specifically,
PCI, U, W, and GEO capture fundamental socioeconomic conditions of the team’s
supporter base at the city level, while MV is a quantitative representation of pre-season
performance expectations. This multidimensional approach allows us to explore how
emotional dynamics interact with broader socioeconomic and competitive contexts.

Teams’ market values (MV) are reasonable proxies for fandoms’ expectations
because they consider team’s investments in key players, financial successes, brand

2PCI, U, and W have been collected using Istat data: https://www.istat.it/
3This variable is gathered following the Italian criterion for team reputation: https://it.wikipedia.org/

wiki/Tradizione sportiva
4Since market values fluctuate throughout the season, we consider only their values at the beginning

of the 2023/24 seasons — specifically, the day before each league’s kickoff, retrieving them from https:
//www.transfermarkt.it/
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strength, and overall reputation. This choice should guarantee a more reliable rep-
resentation of fandoms’ expectations. Moreover, to evaluate the alignment between
pre-season expectations and end-of-season outcomes, we consider the difference ∆mv

between a team’s expected rank, based on its market value, Rmv, and its final rank,
R, as ∆mv = Rmv − R. If ∆mv is negative, the team underperformed relative to its
expected rank Rmv; otherwise, the team outperformed relative to it. For example, since
Spezia, ranked first in terms of market value in Serie B, finished the season in 15th
place, ∆mv is -15, indicating that expectations were not met. Conversely, since Catan-
zaro, ranked 12th in market value, finished 5th, ∆R is +7, reflecting a performance
exceeding expectations.

Similar logic can be applied to further contextualize socioeconomic features. For
instance, wealth disparities can shape infrastructures, youth development, and team
investments. Thus, to evaluate an alignment between a rank based on such wealth
factors and end-of-season outcomes, we consider the difference ∆pci between a team’s
expected rank, in terms of per capita income, RPCI , and its final rank, R, as ∆pci =
RPCI −R.
Formally, each time series P can be further described as P = (p,a), where p represents
the emotional signals as sequence of observations, and a is a vector of k attributes
associated with the entire time series, i.e, contextual information that does not change
over time.

2.3 Time Series Clustering

We aim to partition the time series dataset P defined in Section 2.1 into clusters
of emotionally aligned fandoms. The dataset previously defined is multivariate, since
each post contains the four emotional dimensions. Without losing information, for this
task we can work on the univariate time series, with |E| = 1, choosing joy, being the
most relevant dimension.

Definition 7 (Emotional Time Series Dataset Clustering) Clustering an emotional
time series dataset P involves partitioning P into k clusters, C = {C1, C2, . . . , Ck}, such that⋃k

j=1 Cj = P, i.e., all time series are assigned to a cluster, and Ci ∩Cj = ∅ for i ̸= j, i.e., all
clusters are disjoint.

There exist several clustering methods for time series [28], including adaptations of
classic clustering algorithms, such as k-means and hierarchical clustering. An impor-
tant difference when dealing with time series is the distance calculation. Euclidean
distance is often insufficient because it can not handle temporal distortions. A more
relevant similarity measure is Dynamic Time Warping (DTW), which aligns time series
by allowing flexible warping of the time axis.

In the experimental section, we use hierarchical clustering with DTW as the dis-
tance measure to partition the dataset. Hierarchical clustering involves iteratively
merging clusters based on pairwise DTW distances, producing a dendrogram for flex-
ible analysis, cf. A.2. We also consider the k-means algorithm for time series, which
partitions data by minimizing the within-cluster DTW distance to a representative
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centroid, updating cluster assignments iteratively. The full details and results of k-
means clustering are reported in A.2 to avoid overloading the main experimental
section.

Note that for this task, we further aggregate values per day, ensuring that all
elements are conform to a daily temporal resolution, as teams have varying posting
frequencies — e.g., some teams may post 10 times a day while others only once.

2.4 Burstiness and Memory

Let τ be the inter-event time between two consecutive events. We aim to quantify
whether the distribution of the inter-event times P (τ) deviate from the random activity
pattern characterized by the exponential distribution. In our cases, P (τ) is the distri-
bution of the waiting time τ that elapses before a target emotion appears again in the
emotional sequence. We use the mean value of the distribution, µτ = 1

nτ

∑nτ

i=1 τi, where

nτ is the length of the sequence, and the standard deviation, στ =
√∑nτ

i=1(τi−µτ )2

nτ
, to

measure the coefficient of variation r as follows:

r =
στ

µτ
(1)

The variation r is a measure of the dispersion of a distribution compared to its mean,
useful to introduce the burstiness parameter B as follows:

B =
στ − µτ

στ + µτ
=

r − 1

r + 1
(2)

Burstiness B ranges from -1 and 1, where 1 indicates the bursty time series (στ much
higher than µτ ), -1 the periodic one, and 0 indicates the random activity pattern.

Being B affected by the finite number of events in the time series [32], it can be
used a variation of B for finite event sequences of size n as follows:

Bn =

√
n+ 1 · r −

√
n− 1

(
√
n+ 1− 2)r +

√
n− 1

(3)

This modification allows to analyze time series with a relatively small number of events,
which can be the case of low posting activity of a team account. In the experiments,
we will use the quantity Bn described in Eq. 3 to measure burstiness.

Moreover, we use the memory parameter M [29] as follows:

M =
1

n− 1

n−1∑
i=1

(τi − µ1)(τi+1 − µ2)

σ1σ2
, (4)

where µ1 and µ2, and σ1 and σ2 are sample mean and sample standard deviation
of τi’s values and τi+1’s values, with (i = 1, ..., nτ − 1). The memory coefficient M is
similar to the autocorrelation of a time series at lag=1. This measure can be extended
to a generic lag k [33], by replacing 1 in nτ −1 with k, and letting calculate the correla-
tion between two inter-event times τ and τ ′ separated by k events (instead of 1 event)
to better capture long-range correlations. Memory M ranges from -1 and 1, where 1
indicates short/long inter-event times followed by short/long ones, -1 indicates short-
/long inter-event times followed by long/short ones, and 0 indicates no correlation.
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In the experiments, we will use the quantity M described in Eq. 4 to measure the
memory parameter, which is consistent with its original definition [29].

2.5 Regression and Model Comparison

To investigate the eventual relationship between emotional dynamics and external
features, we employ multiple regression analysis. Multiple regression is a statistical
technique that is used to model the relationship between a dependent variable and
multiple independent variables. It extends simple linear regression by allowing the
inclusion of several features, enabling the analysis of how each independent variable
contributes to explaining the variation in the dependent variable while controlling for
the effects of other variables.

The general form of a multiple regression model is:

Y = β0 + β1X1 + β2X2 + · · ·+ βpXp + ϵ, (5)
where Y is the dependent variable, e.g., the final ranking R, and Xp are the inde-

pendent variables, such as the socioeconomic variables or the burstiness parameter as
described in Eq. 3; β0 is the intercept, βp are the coefficients representing the effect
of each independent variable on Y , and ϵ is the error term, capturing unexplained
variability.

To evaluate the performance of the regression model, we use the coefficient of
determination, R2, and the root mean squared error, RMSE.

R2 measures the proportion of variance in the dependent variable that is explained
by the independent variables. It ranges from 0 to 1, where higher values indicate better
fit. R2 is calculated as:

R2 = 1− SSres
SStot

, (6)

where SSres is the residual sum of squares and SStot is the total sum of squares.
RMSE measures the average deviation of the predicted values from the actual

values. It provides a sense of the model’s prediction error in the units of the dependent
variable. RMSE is calculated as:

RMSE =

√√√√ 1

n

n∑
i=1

(Yi − Ŷi)2, (7)

where Yi is the actual value, Ŷi is the predicted value, and n is the number of
observations. Lower RMSE values indicate better predictive accuracy.

Moreover, to assess whether the inclusion of additional features leads to a sta-
tistically significant improvement in model performance, we can compare different
regression models with an F-test. Two regression models are nested when one model
(the reduced model) is a special case of the other (the full model) obtained by set-
ting one or more coefficients to zero. For example, if the full model includes variables
X1, X2, X3 and the reduced model includes only X1, X2, the models are nested.

The null hypothesis of the F-test states that the additional features in the full
model do not provide a significant improvement in explanatory power. The F-statistic
is defined as follows:
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F =
(SS(r)res − SS(f)res )/(pf − pr)

SS(f)res /(n− pf − 1)
, (8)

where SS(r)res and SS(f)res are the residual sum of squares of the reduced and full
models, respectively, pr and pf are the number of features in the reduced and full
models, and n is the number of observations. A statistically significant F-statistic
indicates that the additional variables included in the full model significantly improve
the fit.

3 Results

3.1 Common Features within Clusters

While partitioning the dataset, we expect that fandoms within the same cluster exhibit
similar trends in their emotional behavior compared to fandoms in other clusters. As
mentioned in Section 2.3, we apply the hierarchical clustering algorithm, selecting
k = 3 number of clusters by looking at the resulting dendrogram, cf. A.3, while the
results for the k-means clustering are left for A.3.

Figure 1 and Figure 2 highlight the feature distributions in the three identified clus-
ters. Indeed, to gain insights into such groups, we analyze how features, as described
in Section 2.2, distribute within groups, recalling that clustering does not ensure or
aims to maximize feature homogeneity, as it operates exclusively on the emotional
time series data. First of all, from Figure 1, there emerges a highly homogeneous clus-
ter in terms of geographical distribution — cluster id, C2 — which consists of 15
fandoms from North Italy, and only 3 and 1 fandoms from Center and South Italy,
respectively; these are Empoli, Perugia, Pontedera, from Center, and Catanzaro, from
South. Interestingly, only 2 fandoms from Serie A are present in this cluster: Empoli
and Monza. Among the 6 teams from Serie B, five of them — Parma, Como, Venezia,
Cremonese, and Catanzaro — are ranked in the top six of the league’s final ranking,
plus Cittadella. The socioeconomic attributes of this cluster falls, on average, within
the lowest tertile, Q1, with the same applying to MV, also in Q1. Moreover, teams
within this group, on average, have finished in the top part of the ranking, and gener-
ally show higher ∆pci, and, to a lesser extent, higher ∆mv (Figure 2). Remember that
positive differences in both variables indicate final results that exceeded pre-season
expectations.

Moving on to the other groups, the cluster labeled with id C1 consists of 7, 4 and
10 fandoms from North, Center and South Italy, respectively, whereas cluster id C3
consists of 20, 13 and 10 fandoms from North, Center, and South Italy, respectively
(Figure 1). In other words, the geographical distribution reveals a higher concentration
of teams from the South in C1, and from the North in C3. There is no notable homo-
geneity in terms of leagues, suggesting that emotional differences are not influenced by
league hierarchies. Regarding PCI and MV, the two clusters show mixed distributions
without clear patterns, though the first one contains a higher proportion of Q2 bins.
As seen in Figure 2, it is evident that the first cluster, C1, predominantly features neg-
ative moods, with both the values of ∆pci and ∆mv falling below zero. These negative
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Fig. 1: Distribution of categorical features across the three clusters identified by the
hierarchical clustering. The labels S, C, N in the GEO legend represent South, Center,
and North Italy, while C, B, A in the League legend stands for Lega Pro, Serie B, and
Serie A, and Q1, Q2, Q3 correspond to the tertiles of the binned average per capita
incomes (PCI) and market values (MV), with Q1 representing the lowest category
and Q3 the highest.

Fig. 2: Distribution of continuous features across the three clusters identified by the
hierarchical clustering.

differences indicate that final results did not meet pre-season expectations. The third
cluster, C3, displays less homogeneity, except for a slight negative mood in ∆pci.
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Fig. 3: Focus on joy and anger : Points represent pairs of burstiness parameter and
memory coefficient values. Sizes map the final rank of the teams; moreover, green/red
points highlight a promotion/relegation to a higher/lower league.

3.2 Loyalty as Anti-Bursty Patterns and Memory Effects

In this section, we investigate whether fandoms’ emotional signals manifest bursty
properties as other human dynamics [34], or whether they exhibit random, or non-
random but regular, dynamics. Figure 3 shows burstiness vs. memory diagrams,
grouped by leagues, for two target emotions: joy and anger. We do not consider sadness
and fear, in this main analysis, since they rarely come as the most frequent emotions
within posts, see A.2.

Joy and anger unveil different event-based dynamics. Joy rarely displays a bursty
trend, and only a few fandoms have a burstiness greater than 0. In Serie A, these teams
are Fiorentina, Lazio, and Salernitana, the latter one also relegated to Serie B at the
end of the season. In Serie B, the teams are Bari and Sampdoria. In Lega Pro, Ancora,
Catania, Foggia, and SPAL. Notably, these fandoms also manifest a positive memory
effect. The other fandoms, in all leagues, overall depict anti-bursty emotional dynamics
with respect to joy. This can indicate consistent loyalty and supportive behavior for
the respective teams. Serie B has more supportive fandoms, also including the four
teams relegated to Lega Pro at the end of the season. This suggests a complex bond
with the teams that goes beyond the final rankings and match results, possibly linked
to pre-season expectations, cf. 3.1.

In contrast to joy, anger displays more heterogeneous behaviors, with memory
effects varying more widely across teams. Only a few fandoms highlight a burstiness
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value less than 0 among Serie A and Serie B, namely Lazio, and Udinese in Serie A,
and Bari, Cittadella, Lecco, Pisa, and Ternana in Serie B, with Lecco and Ternana
being relegated to Lega Pro, and Bari having disputed the play-out matches against
Ternana. These behaviors are consistent with the bursty patterns observed for joy for
these teams, e.g., Lazio has both the highest values of joy-burstiness and the lowest
values of anger-burstiness. This indicates a constant feeling of anger, while joy can
be relative to single matches. Notably, Lega Pro’s burstiness values differ from the
other two leagues. An anti-bursty anger behavior is observed among the relegated
teams. Moreover, memory with respect to anger uncovers a wide heterogeneous behav-
ior, making it difficult to identify a common pattern across all fandoms. In Serie B,
for instance, Como, Cremonese and Venezia show the most negative memory effect,
whereas Cittadella, Palermo and Sampdoria, the most positive memory effect.

3.3 Joy burstiness and team performance

In this section, we examine the association between final team ranking R and the
set of correlates identified in Section 2.2: team heritage RH , per capita income PCI,
market value MV , joy burstiness Bjoy, unemployment rate U , welfare spending W ,
geographical location GEO. Our main objective is to combine socioeconomic variables
with complex sentiment-based measures (i.e., emotion burstiness) to find correlations
with teams’ performance.

To identify the most relevant descriptors of R, we applied backward elimination
stepwise regression. Starting with a full model containing all seven features (R2 =
0.51), we iteratively tested the removal of each variable using F-tests to compare
nested models. The elimination process proceeded as follows: First, U was removed
(F = 0.118, p = 0.73); second, W was removed (F = 0.708, p = 0.40); third, GEO
(F = 1.327, p = 0.25) was removed, as their inclusion did not significantly improve
the model. Thus, the final model retained four statistically significant features: Rh,
PCI, MV ,Bjoy (R2 = 0.49). This final model has the form

R ∼ β0 + β1RH + β2PCI + β3MV + β4Bjoy + ϵ, (9)

with the following coefficient values: β1 = 1.21, β2 = −1.33, β3 = −2.59, β4 = 2.47.
Next, we are particularly interested in the contribution of joy burstiness. This

can be assessed using a stepwise forward selection approach, where the full model is
represented in Equation (9) and the reduced model, excluding a specific variable such
as Bjoy can take the reduced form

R ∼ β0 + β1RH + β2PCI + β3MV + ϵ (10)

The inclusion of Bjoy leads to a substantial and statistically significant improve-
ment in model fit (F = 25.60, p = 0.00), indicating that joy burstiness captures
significant variation in final rankings.

Clearly, it is important to note that while regression supports this correlation
between joy burstiness and final rankings, the causal direction of the relationship
remains ambiguous. The observed association may reflect team performance influ-
encing fan emotional patterns rather than fan emotions driving team outcomes. In
other words, successful teams may generate more consistent expressions of joy among
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their supporters, resulting in lower burstiness values, while underperforming teams
may produce more sporadic joy reactions thus higher burstiness values. Therefore, joy
burstiness should be interpreted primarily as a correlate of team performance. Disen-
tangling causal pathways would require longitudinal analysis that lie beyond the scope
of these observations.

4 Discussion and Conclusion

We analyzed the complex emotional dynamics of online soccer fandoms in Italy’s Serie
A, B, and Lega Pro, processing comments from Instagram to quantify users’ emotions,
such as joy and anger, throughout the 2023-24 season. Using clustering for partitioning
the resulting emotional time series, we uncovered groups of fandoms featuring similar
pre-season expectations and geographical distribution, exclusively by looking at such
emotional signals. Then, we used measures from complex systems analysis, namely
burstiness and memory [29], unveiling, overall, bursts of anger and steady feelings of
joy across the 83 fandoms considered. Finally, we investigated the role of burstiness in
joy — proxying complex fan behavior — when correlating multiple variables to teams’
final ranking, such as pre-season expectations and socioeconomic features.

Although correlates such as goals scored, expected goals (xG)5, and complex statis-
tics that capture offensive and defensive effectiveness [11] are already established
predictors of team rankings, our research focused on the other side of the equation:
patterns of fan behavior. Rather than attempting to replace previous predictors, we
investigated whether social characteristics of fan communities could also correlate
with team outcomes, especially given that both the clustering and burstiness analy-
ses revealed non-random and meaningful emotional patterns. The current analysis is
confined to a single season, and one year alone might provide a restricted view of the
potential long-term burstiness in users’ behavior. However, including team heritage
as a dependent variable does not improve the correlations, reaching R2 = 0.47 when
removing it, compared to R2 = 0.50 as outlined in Section 3.3. Hence, in the future, we
plan to incorporate additional features that may more accurately reflect team tradi-
tions and other complex fan characteristics, e.g., more refined metrics that can account
for fan pre-season expectations [22]. Future work will also include a more in-depth
analysis examining the individual role of socio-economic features and investigating
their correlation with other behaviors, such as stadium attendance, as explored in pre-
vious studies [35]. Moreover, the bursty nature of emotional dynamics has received
limited attention outside cognitive and psychological studies, with only preliminary
investigations previously conducted [23]. For future research, we also plan to expand
the investigation of emotional burstiness by integrating psychological frameworks as
well as exploring the neural correlates of fan engagement in sports [36]. An even more
interdisciplinary approach will provide deeper insights into how collective emotions
manifest in sports communities and potentially influence team performance outcomes.

The quality of our results inevitably depends on the emotion classifier used to label
comments, which is based on the feel-it corpus for Italian language [30]. Since this
corpus is derived from social media data, it aligns well with the content of our dataset.

5https://understat.com/
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However, the limitation to only four emotions may narrow the spectrum of possible
engagement experienced in sport contexts. Although we mainly observed collective
expressions of joy and anger, these could still be interpreted in different ways. For
example, joy may arise not only from one’s own team winning but also from a rival
team losing. In the future, we plan to further explore these emotional shades, although
doing so requires a more complex understanding of language.

To conclude, although online fandom is by no means comparable to the physical
experience inside and outside stadiums, the digital traces left by fans on social media
suggest potential avenues for research in sports analytics, social dynamics, and fan
engagement studies.
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(a) (b)

(c) (d)

Fig. A1: (a) Distribution of time series lengths, where the length is given by the num-
ber of teams’ posts over the 2023/24 seasons. The inner plots show the distributions
of each league; (b-d) Distribution of user comments within posts, where the inner
plots show the individual distributions of randomly selected teams across all leagues
to show the strong heterogeneity between them.

Appendix A Notes on Materials and Methods

A.1 Posts and Comments

The frequency of posting activity varies significantly between teams. For instance, one
team might post multiple times a day, while another might post only once or twice a
week. This disparity is illustrated in Fig. A1 (a). The inner plots also indicate that,
on average, teams from Serie A tend to post more frequently than teams from other
leagues. In any case, in our analyses, we keep these teams’ lengths when calculating
the burstiness and memory coefficients. Instead, another pre-process step is needed
to reduce noise when performing clustering, that is the temporal alignment of time
series. This involves aggregating posts on a daily basis from the start to the end of the
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(a) (b) (c)

Fig. A2: From real-value based time series (a) to event-based time series according
to different emotions, i.e., joy (b) and anger (c).

considered seasons. Hence, when computing the percentage of emotions, we further
average these percentages on the daily basis.

Another relevant distribution to consider is the number of user comments on posts.
This distribution is also long-tailed, as shown in Fig. A1 (b-d). Since a post can have
only one or just a few comments, it is necessary to reduce this noise. In other words,
detecting 100% joy in a post should not be meaningful if the post contains only a
single comment. However, as indicated by the inner plots, the overall distribution does
not accurately represent the individual distributions. For example, the fan bases of
Catania and Palermo engage more than those of FeralpiSalò and Pontedera, because
their user pools differ a lot. Therefore, to account for this heterogeneity, we apply
individual thresholds to select the posts that are retained: we consider only those
posts that have a number of comments equal to or greater than the median of the
distribution for each individual account.

A.2 Event-based Time Series

Fig. A2 highlights the event-based time series representation. We consider three teams
from Serie B as a toy example, but the following holds true on average for all the
fandoms in the dataset. Notably, the two dominant emotions expressed throughout the
season are joy and anger, which is why we focus exclusively on these two emotions. The
resulting event-based time series emphasize the occurrences of joy and anger events.
Parma, for instance, consistently at the top of the rankings, exhibits a joy-based time
series dominated by events, and the anger-based one with occasional bursts events.
Palermo shows very important inhomogeneous patterns for both emotions, while Bari
is consistently inclined towards anger-based events.
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Fig. A3: The dendrogram obtained by performing hierarchical clustering on the real-
value based time series dataset. The red line indicates the distance at which we cut to
obtain k = 3 clusters.

Fig. A4: Distribution of categorical features across the three clusters identified by the
k-means clustering. The labels S, C, N in the GEO legend represent South, Center,
and North Italy, while C, B, A in the League legend stands for Lega Pro, Serie B, and
Serie A, and Q1, Q2, Q3 correspond to the tertiles of the binned average per capita
incomes (PCI) and market values (MV), with Q1 representing the lowest category
and Q3 the highest.
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Fig. A5: Distribution of continuous features across the three clusters identified by
the k-means clustering.

A.3 Notes on Clustering

Figure A3 shows the dendrogram resulting from hierarchical clustering. The plot
clearly indicates a division into k = 3 clusters, with the optimal cut made at a distance
of d = 10.5.

This section also presents the results of k-means clustering, where we again chose
k = 3 as the optimal number of clusters. As shown in Figures A4 and A5, there
are notable differences compared to the hierarchical clustering results described in
the main article. However, the differences do not indicate contradictory analyses, but
rather highlight the ability of the two data partitioning methods to identify different
patterns. With kmeans, indeed, a highly homogeneous cluster emerges in terms of the
league — cluster id, C2. It contains only one team fandom from Serie A, Empoli, and
one from Serie B, FeralpiSalò, out of 19 fandoms. Interestingly, most of the fans within
this cluster fall into the lowest categories for both PCI and MV. For instance, the
three teams that do not fall into Q1 tertile acording to MV are Empoli, FeralpiSalò,
and Crotone. The C2 cluster predominantly contains teams ranked in the lower part
of the standings.

The two clustering methods provide complementary insights: while hierarchical
clustering emphasizes geographic patterns, k-means tends to capture league-based
distinctions more effectively. Both methods succeed in identifying meaningful charac-
teristics — notably, their ability to detect patterns in external features by analyzing
similarities in emotional time series alone.
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