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ABSTRACT
Online live chats have become an important space for collective
participation during live sports broadcasts, enabling large audi-
ences to react synchronously to unfolding events. Despite growing
interest in collective attention in online systems, relatively little
is known about how attention evolves during live sports discus-
sions and how different attention levels are reflected in audience
language. In this paper, we investigate collective attention dynam-
ics in YouTube live chats associated with three major Brazilian
football rivalries: Atlético Mineiro versus Cruzeiro (Super Clássico
Mineiro), Corinthians versus Palmeiras (Derby Paulista), and Fla-
mengo versus Fluminense (Fla–Flu). We model each match as a
temporal sequence of relative attention levels derived from minute-
level message activity and analyze both their temporal dynamics
and linguistic characteristics. First, we characterize collective atten-
tion through attention-level distributions, transition probabilities,
the duration of peak-attention episodes, and their relationship with
salient match events. Second, we investigate the linguistic and
emotional patterns associated with different attention levels. Our
results reveal that all rivalries share a common attention structure in
which most match minutes are concentrated in low- and moderate-
attention levels, while peaks are comparatively rare. The rivalries
differ mainly in how strongly goals drive the chat toward peak
attention, whereas apparent differences in how long peak-attention
episodes last are largely explained by volume. Across all rivalries,
high-attention levels share a distinctive linguistic profile marked by
informal language, emotional expression, and markers of anxiety,
anger, and profanity. These findings suggest that rivalries diverge
mainly in how peak collective attention is triggered rather than
in their baseline distributions, even as the linguistic signature of
intense attention remains largely shared. Beyond contributing to
the understanding of user behavior during football matches, this
work offers a methodology for analyzing collective attention in
other contexts, including political debates, breaking news coverage,
and other live-streamed events.
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1 INTRODUCTION
Online live chats have become an integral component of contempo-
rary sports consumption, enabling thousands of viewers to collec-
tively react to unfolding events during live broadcasts [31, 45].
Platforms such as YouTube allow audiences to comment, cele-
brate, criticize, and interact in real time while matches are being
played [31, 39]. The scale of contemporary sports livestreaming
highlights the growing importance of these environments. For in-
stance, Brazil’s first match in the 2026 FIFA World Cup attracted
more than 12 million simultaneous viewers on a popular Brazilian
YouTube broadcast [29]. Events of this magnitude generate large
volumes of user interactions, making live chats a valuable source
for studying how groups collectively allocate attention to unfolding
events in real time.

Collective attention refers to the phenomenon in which multi-
ple individuals direct their cognitive resources toward the same
stimulus, piece of information, or event [2, 10, 30, 49]. This con-
cept has been studied across disciplines such as psychology, soci-
ology, and computer science, where it is explored through diverse
theoretical approaches that emphasize shared focus and group dy-
namics [3, 8, 44]. In online environments, collective attention is
commonly observed through behavioral traces such as user activity,
information consumption, and communication patterns, which re-
veal how groups collectively react to salient events and dynamically
allocate attention over time [19, 22, 43, 50].

While collective attention has been studied across a variety of
online platforms, comparatively less research has addressed highly
synchronous environments such as YouTube live chats. These envi-
ronments are characterized by synchronous, fast-paced exchanges
that often resemble offline group conversations [6, 8]. Participants
frequently engage in overlapping dialogues, shift attention rapidly
between topics, and contribute to the collaborative construction of
ongoing conversations [7, 33]. Because message production con-
stitutes the primary observable form of interaction in live chats,
temporal fluctuations in message activity provide an observable
indicator of how collective attention emerges, intensifies, and de-
clines throughout an event [8, 43]. Among the many contexts in
which live chats are used, sports broadcasts provide particularly
rich opportunities for observing collective attention dynamics.

Football constitutes a particularly interesting setting for studying
collective attention in online environments. Matches are charac-
terized by uncertainty, emotional intensity, and rapidly changing
competitive contexts [12]. Goals, missed opportunities, referee de-
cisions, substitutions, and controversial plays frequently trigger
large-scale audience reactions, producing sudden fluctuations in
communication activity [12, 26]. Among football matches, regional
rivalries, commonly referred to as classics, represent some of the
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most emotionally charged events in Brazilian sports [41]. Rival-
ries such as Atlético Mineiro versus Cruzeiro, Corinthians versus
Palmeiras, and Flamengo versus Fluminense are historically associ-
ated with strong social identities, intense competition, and elevated
fan engagement, making them ideal scenarios for investigating
collective behavior in synchronous online discussions [34].

Previous research has examined sports-related discussions through
sentiment analysis, fan engagement, toxicity, and interaction dy-
namics on social media platforms [9, 18, 20, 28]. More broadly,
studies of collective attention have shown that online audiences
often concentrate their activity around salient events, generating
bursts of communication and engagement [14, 22, 43]. However,
these two research streams remain largely disconnected. While
sports-related studies typically focus on engagement and content
characteristics, collective attention studies rarely investigate how
attention evolves and persists in highly synchronous sports dis-
cussions or how different attention levels are reflected in audience
language [6, 8]. Consequently, our understanding of both the tempo-
ral dynamics of collective attention and its linguistic manifestations
during large-scale sports broadcasts remains limited.

In this work, we address these questions through a large-scale
study of YouTube live chats collected during three major Brazilian
football rivalries: Atlético Mineiro versus Cruzeiro (Super Clássico
Mineiro), Corinthians versus Palmeiras (Derby Paulista), and Fla-
mengo versus Fluminense (Fla–Flu), broadcast between 2022 and
2026. We model each match as a temporal sequence of relative at-
tention levels derived from minute-level message activity. Unlike
previous studies that focus primarily on isolated events or aggregate
engagement measures [18, 50], our approach represents collective
attention as a sequence of attention levels, enabling the charac-
terization of both temporal attention dynamics and the linguistic
and emotional properties associated with different levels of audi-
ence engagement. This representation allows us to investigate not
only how collective attention evolves, but also how peak-attention
periods emerge, persist, and relate to salient match events.

Moreover, because it depends only on minute-level message
activity, our attention-level representation generalizes beyond foot-
ball: it can support comparisons of collective attention across events
with different audience sizes, platforms, and languages, such as e-
sports tournaments, political debates, breaking news coverage, and
other live-streamed events.

Our study is guided by the following research questions:
RQ1:How does collective attention evolve and persist
during online discussions of football rivalries?
RQ2:What linguistic and emotional characteristics
are associated with different collective attention lev-
els?

To answer these questions, we first characterize the temporal dy-
namics of collective attention by analyzing attention-level distribu-
tions, transition probabilities, how long peak-attention episodes last,
and the relationship between goals and attention peaks. We then
investigate how language changes across attention levels through
the analysis of linguistic and emotional categories [11].

Our results reveal that football rivalries share a common atten-
tion structure in which most of the match is spent in low- and
moderate-attention levels, while peaks are comparatively rare. The

rivalries differ mainly in how strongly goals drive the chat toward
peak attention, whereas apparent differences in how long peak-
attention episodes last are largely explained by chat volume. Fur-
thermore, we show that high-attention levels exhibit a distinctive
linguistic profile marked by informal language, emotional expres-
sion, and markers of anxiety, anger, and profanity.

The remainder of this paper is organized as follows. Section 2
reviews related work on collective attention, synchronous live chats,
and football fandoms. Section 3 describes our data collection and
the attention-level representation. Section 4 presents the results for
both research questions, and Section 5 discusses their implications.
Section 6 concludes and outlines limitations and directions for
future work. Finally, Section 7 discusses the ethical aspects related
to data collection and use in this work.

2 RELATEDWORK
Our study lies at the intersection of three research lines: collec-
tive attention in online environments, synchronous live chats and
live-streaming audiences, and computational analyses of football
fandoms. We review these areas and then position our contribution
relative to prior work.

Collective Attention in Online Environments. Collective atten-
tion describes how many individuals simultaneously direct their
cognitive resources toward the same stimulus or event [10, 49].
In online environments, it has been commonly studied through
behavioral signals such as clicks, downloads, hashtags, shares,
and content-consumption patterns [19, 35, 38]. These signals have
been used to characterize how attention emerges, propagates, and
decays in response to news, viral content, and social phenom-
ena [10, 30, 40]. A recurring finding is that sudden increases in
activity often correspond to bursts of collective focus triggered by
salient events [10, 40], while models of novelty, decay, and compe-
tition help explain how users allocate attention across competing
stimuli [1, 30, 38].

Much of this literature, however, focuses on asynchronous plat-
forms with explicit engagement mechanisms, treating collective
attention primarily as amatter of activity volume. Closer to synchro-
nous settings, Caetano et al. [8] propose a three-pronged characteri-
zation of collective attention in WhatsApp, Telegram, and YouTube
live chats, mapping it onto three cognitive dimensions: alertness,
processing capacity, and selectivity, rather than reducing it to a
single volume-based signal. In a recent journal extension of that
work, Caetano et al. [5] build on this mapping to introduce a com-
putational model that classifies each conversation period as focused,
when participants concentrate intensively on a single discussion,
or unfocused, when attention is distributed across multiple parallel
discussions. Together, these two studies establish that collective
attention in synchronous chats is a multidimensional, platform-
comparable phenomenon, but characterize it structurally, without
examining how audience language shifts as attention intensifies or
how attention relates to external triggers such as goals.

Synchronous Live Chats and Streaming Audiences. Live-stream
chats differ from forums and microblogs because messages are
short, noisy, rapidly produced, and often visible only briefly. These
characteristics make live chats highly interactive but also difficult to
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analyze using models designed for asynchronous platforms. Moon
et al. [36], for example, show that models trained on asynchronous
platforms perform poorly on live-stream chats and that incorpo-
rating synchronous chat context improves performance. Related
studies also highlight the fast-paced and conversational nature of
online chats [27, 33, 46], supporting the use of message activity as a
meaningful proxy for collective attentionwhen explicit engagement
signals are unavailable [6–8].

A growing body of work has examined engagement and col-
lective behavior in live-streaming environments. Kurtz et al. [26]
analyze YouTube live-chat activity during a Brazilian sports broad-
cast and show that comment peaks align with salient broadcast
moments. Jiang et al. [25] study bullet chats in esports livestreaming
and relate chat frequency to teams, matches, and toxicity. Ferreira et
al. [18] adapt engagement metrics to live streaming across YouTube,
Twitch, and Facebook, showing that interaction counts fluctuate
over time and should be complemented by the temporal dynam-
ics and semantics of comments. Other studies focus on harmful
collective behavior, such as toxicity cascades [28], coordinated at-
tacks [42], and hate raids in real-time chats [9, 15, 21, 48]. Across
this literature, live chats are examined mainly through participation
counts, engagement peaks, toxicity, or moderation-related phenom-
ena, with comparatively little attention to how transitions between
attention regimes unfold or how language varies as attention in-
tensifies.

Computational Analysis of Football Fandoms. Football is a natu-
ral setting for studying event-driven collective behavior, and prior
work has analyzed how fans react to match outcomes, team per-
formance, and salient events. Wang and Lu [47] examine Premier
League subreddits and show that the gap between pre-match ex-
pectations and actual results shapes sentiment, topics, and voting
behavior. Hill [23] analyzes tens of millions of Reddit posts and
finds that match outcomes affect sentiment and posting volume,
with negative sentiment associated with problematic language and
spillover effects. Mazhar et al. [34] track r/PremierLeague over a
decade and report increasing negativity and toxicity as the commu-
nity grows. Related work also shows that football fandoms can be
mobilized for political influence [37], reinforcing the importance of
fan communities as collective identities.

Closer to our work, Citraro et al. [12, 13] study the temporal
dynamics of emotional reactions among Italian soccer fans on In-
stagram, showing that emotions exhibit different temporal patterns,
with joy tending to be more regular and anger or sadness appearing
in bursts. This line of work treats fan reactions as temporal signals
rather than static aggregates, but analyzes asynchronous comments
aggregated over an entire season. Taken together, studies of football
fandoms have mostly examined asynchronous communities such as
Reddit and Instagram over match-level or season-level timescales,
leaving minute-by-minute, within-match discourse comparatively
unexplored.

Positioning of Our Work. Prior research shows that collective
attention online is event-driven and bursty, that live-stream chats
provide rich traces of collective behavior, and that football fandoms
react strongly to match events and outcomes. Nevertheless, these
strands remain only partially connected. Studies of collective at-
tention in synchronous chats characterize it as a multidimensional,

structural phenomenon, but without linking it to language or to
independently verified external triggers; studies of live chats often
focus on engagement peaks, toxicity, or participation; and studies
of football fandoms frequently analyze asynchronous communities
such as Reddit or Instagram rather than synchronous match-time
interaction.

We bridge these strands by modeling each football match as
a sequence of relative attention levels derived from minute-level
message activity in YouTube live chats. Rather than broadening
the set of structural dimensions used to characterize attention as
in [5, 8], we hold the activity dimension fixed as a simple, compara-
ble measure across matches, and use it to analyze the distribution of
attention levels, transitions between levels, the persistence of high-
attention episodes, and their relationship with goals. We further
connect these temporal dynamics to the linguistic and emotional
profile of messages using LIWC categories, showing that peak at-
tention carries a distinctive discourse signature rather than merely
a volume one. To our knowledge, this is the first study to jointly
characterize how collective attention evolves and how audience
language shifts across attention levels in synchronous live chats,
and to do so comparatively across major Brazilian football rivalries.

3 METHODOLOGY
This section describes the methodology adopted in this work, in-
cluding the data collection process, the analyses performed, and
the computational tools used throughout the study to process and
evaluate user interactions in YouTube live chats.

3.1 Data Collection
We selected three of the most prominent Brazilian football rivalries,
located in the country’s three most populous states [4]: São Paulo,
Minas Gerais, and Rio de Janeiro. For each rivalry, we used the
YouTube channel of a major regional football broadcaster with a
large audience and publicly available archived live chats. Regional
broadcasters were preferred because they mostly attract supporters
of the teams involved, reducing the influence of the neutral audi-
ences common in nationwide broadcasts: Rádio Itatiaia1 (Minas
Gerais, ≈3.3M subscribers) for Atlético Mineiro vs. Cruzeiro, Rádio
Bandeirantes2 (São Paulo, ≈2M) for Corinthians vs. Palmeiras, and
Rádio Tupi FM3 (Rio de Janeiro, ≈1M) for Flamengo vs. Fluminense
(subscriber counts as of June 2026).

For each rivalry, we collected the archived live chats of every
match between the two clubs across all official competitions in
which they met from 2022 to 2026: the Campeonato Brasileiro, the
Copa do Brasil, the state championships (Mineiro, Paulista, and Car-
ioca), and continental tournaments such as the Copa Libertadores
and Copa Sul-Americana.

Live chat messages were collected using a custom Python crawler
built on top of the pytchat library [24], which retrieves archived
YouTube live chats through the platform’s public API. For each
broadcast, the crawler collected all available chat messages together
with their timestamps and author information.

1https://www.itatiaia.com.br/
2https://www.band.com.br/radio-bandeirantes
3https://www.tupi.fm/category/esportes/
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To relate audience reactions to in-game events, we additionally
collected, for each match, the official minute-by-minute timeline
of salient events (in particular, goals) from the real-time match
coverage provided by a Brazilian sports outlet that records match
events at the minute level [16]. Because the live chat and the video
stream unfold together as the broadcast is transmitted, the minute-
level alignment between chat activity andmatch events is consistent
within each broadcast.

Table 1 summarizes the resulting dataset for each rivalry in terms
of the number of collected messages and unique users. The final
dataset comprises 59 matches broadcast on YouTube.

Rivalry Messages Unique users
Super Clássico Mineiro
Atlético Mineiro vs. Cruzeiro

341,947 56,907

Derby Paulista
Corinthians vs. Palmeiras

78,199 11,900

Fla–Flu
Flamengo vs. Fluminense

125,264 20,247

Total 545,410 89,054
Table 1: Live chat statistics per rivalry.

3.2 Attention Level Definition
For each match𝑚, we aggregate all chat messages into one-minute
bins. Football match events such as goals, red cards, substitutions,
and penalties are conventionally reported and recorded at the
minute level [16, 17], making this resolution a natural unit for
relating audience reactions to in-game events while preserving
enough granularity to capture short-term fluctuations in collective
attention.

Let 𝑥𝑚 (𝑡) denote the number of messages posted during minute
𝑡 of match𝑚. This produces a temporal sequence:

𝑋𝑚 = {𝑥𝑚 (1), 𝑥𝑚 (2), . . . , 𝑥𝑚 (𝑇𝑚)},
where 𝑇𝑚 is the total number of observed minutes for match𝑚.
Because matches differ in their overall audience size and chat

volume, directly comparing raw message counts may conflate at-
tention dynamics with differences in broadcast reach. To avoid this
issue, we define attention levels relative to the maximum activity
observed within each match. Let

𝑥𝑚𝑎𝑥
𝑚 = max

1≤𝑡≤𝑇𝑚
𝑥𝑚 (𝑡)

be the maximum number of messages observed in any minute of
match𝑚. We then compute the relative activity of each minute as:

𝑎𝑚 (𝑡) = 𝑥𝑚 (𝑡)
𝑥𝑚𝑎𝑥
𝑚

.

Thus, 𝑎𝑚 (𝑡) ∈ [0, 1], where values close to 0 indicate minutes
with low activity relative to that match, and values close to 1 indi-
cate minutes near the highest activity level observed in that match.

Based on 𝑎𝑚 (𝑡), we assign each minute to one of four relative
attention levels, denoted 𝐿1 to 𝐿4. Each level corresponds to a fixed-
width band of relative activity rather than to a sample quartile of
the activity distribution:

Level𝑚 (𝑡) =


𝐿1, 0 ≤ 𝑎𝑚 (𝑡) < 0.25,
𝐿2, 0.25 ≤ 𝑎𝑚 (𝑡) < 0.50,
𝐿3, 0.50 ≤ 𝑎𝑚 (𝑡) < 0.75,
𝐿4, 0.75 ≤ 𝑎𝑚 (𝑡) ≤ 1.00.
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Figure 1: Example of the attention-level representation for
a single match (2026 Campeonato Mineiro final). Minute 0
marks the start of the broadcast (instead of match kickoff).

We use four levels as a balance between temporal granularity –
enough to capture gradual escalation toward peak attention rather
than abrupt low-to-high jumps – and the number of observations
available per level and rivalry, particularly for the lower-volume
Derby Paulista (Table 1); finer bands would leave the highest levels
with too few minutes for stable estimates. These levels represent
increasing degrees of collective attention relative to each match’s
internal activity scale, from low (𝐿1) to peak (𝐿4) activity.

We adopt the per-match maximum as a simple, interpretable
reference for the most intense moment of each broadcast. We note,
however, that it makes the whole scale depend on a single reference
minute: an anomalous spike compresses all other minutes toward
lower levels, possibly inflating the share of time attributed to 𝐿1.
We return to this limitation in Section 6.

After assigning attention levels to all minutes, each match is
represented as a symbolic sequence of attention levels:

L𝑚 = {Level𝑚 (1), Level𝑚 (2), . . . , Level𝑚 (𝑇𝑚)}.
Figure 1 illustrates this representation for the match with the

largest number of messages in our dataset: most minutes fall within
𝐿1 and 𝐿2, while 𝐿4 is reached only during short, sporadic peaks.
We treat the entire transmission as the match, spanning the pre-
match buildup, both halves, half-time, and post-match, so the match
minute extends beyond the 90 regulation minutes.

We use these sequences to analyze collective attention in three
ways. First, we compute the proportion of match time spent in each
attention level, which indicates whether a rivalry tends to remain
predominantly in low-, moderate-, high-, or peak-attention regimes
(𝐿1, 𝐿2, 𝐿3, and 𝐿4, respectively). Second, we estimate transition
probabilities between levels in consecutive minutes, allowing us
to examine how stable or volatile collective attention is during
each rivalry. Third, we focus on 𝐿4 episodes, defined as maximal
contiguous intervals of one or more minutes during which the
match remains in the highest relative attention level. These episodes
capture periods of sustained collective attention; we report their
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durations explicitly, so that single-minute peaks are distinguished
from longer, sustained episodes.

Finally, we relate goal events to the attention-level sequence to
examine how strongly goals drive collective attention. For each
goal, occurring at an official match minute 𝑡𝑔 obtained from the
minute-by-minute coverage [16], we consider a forward window
of𝑤 minutes, [𝑡𝑔, 𝑡𝑔 +𝑤], and identify the highest attention level
reached within it. We assign the goal to that level, so that each
goal is summarized by the peak collective attention that follows it,
ranging from 𝐿1 (the goal is not followed by any noticeable rise in
activity) to 𝐿4 (the goal is followed by a peak-attention episode).
Aggregating these assignments per rivalry yields, for each rivalry,
a distribution of goals over the four attention levels.

We set 𝑤 = 3 minutes, which corresponds to the typical inter-
val during which the reaction to a goal unfolds in the broadcast,
encompassing the goal celebration, the replay, and the immediate
audience discussion. This choice balances sensitivity, capturing the
reaction that a goal elicits, against specificity, avoiding the attribu-
tion to a goal of attention peaks that arise from other salient events.
To ensure that our conclusions do not depend on this particular
choice, we verified that the results remain stable for𝑤 ∈ {2, 3, 4}
minutes.

4 RESULTS
In this section, we investigate how collective attention unfolds
during football live chats and how its characteristics vary across
rivalries. We organize our analyses according to the research ques-
tions introduced in Section 1. All reported statistical tests use a
significance level of 0.05.

4.1 Evolution and Persistence of Collective
Attention (RQ1)

To answer RQ1, we model each match as a sequence of relative
attention levels derived from minute-level message activity. This
representation allows us to investigate both the global structure of
collective attention and the dynamics of its most intense periods.
Specifically, we analyze (i) the proportion of match time spent in
each attention level, (ii) the transition probabilities between consec-
utive levels, (iii) the duration of peak-attention episodes (𝐿4), and
(iv) the relationship between goals and the attention levels they lead
to. Together, these analyses provide complementary perspectives
on how collective attention emerges, persists, and reacts to salient
match events across rivalries.

Figure 2 presents the distribution and transition dynamics of rel-
ative attention levels across rivalries. Overall, all rivalries exhibit a
common attention structure. Most match minutes are concentrated
in the two lowest attention levels (𝐿1 and 𝐿2), whereas 𝐿3 is substan-
tially less frequent and 𝐿4 represents only a small fraction of the
total match duration. This pattern is consistently observed across
the Super Clássico Mineiro (Atlético Mineiro vs. Cruzeiro), the Derby
Paulista (Corinthians vs. Palmeiras), and the Fla–Flu (Flamengo vs.
Fluminense).

We compute transition matrices by treating the sequence of
per-minute attention levels within each match as a discrete-time
Markov chain, with transition probabilities estimated empirically
as the proportion of minute-to-minute changes from each level to

every other level, aggregated across all matches within a rivalry.
The transition matrices reveal similarly stable dynamics across
rivalries: self-transition probabilities are strong, particularly for 𝐿1
(90–94%) and 𝐿2 (67–77%), indicating that attention persists over
consecutive minutes. Transitions occur predominantly between
adjacent levels, while direct jumps between 𝐿1 and 𝐿4 are virtually
absent. We argue that attention shifts progressively, with audiences
moving through intermediate levels before reaching peak attention.

A chi-square test indicates that the distribution of attention
levels differs significantly across rivalries (𝜒2 = 191.68, 𝑝 < 0.001).
However, the associated effect size is small (Cramér’s 𝑉 = 0.074),
suggesting that rivalry type explains only a limited fraction of the
observed variability. Therefore, despite statistical differences, the
overall structure of collective attention remains largely consistent
across rivalries.

Nevertheless, some distinctions emerge: theDerby Paulista spends
more time in 𝐿3, while the Super Clássico Mineiro allocates slightly
more to 𝐿1. Raw 𝐿4 persistence also differs: 70.0% in the Super
Clássico Mineiro versus 46.2% (Derby Paulista) and 50.0% (Fla–Flu).
However, as shown below, this raw persistence is sensitive to chat
volume, motivating a closer look at 𝐿4 episodes and their relation-
ship with salient events such as goals.

Figure 3 focuses on the peak attention level (𝐿4, 𝑎𝑚 (𝑡) ≥ 0.75).
Although 𝐿4 accounts for only a small fraction of match time (Fig-
ure 2), substantial differences emerge in episode persistence and
association with match events.

Figure 3a shows the distribution of 𝐿4 episode durations across
rivalries (based on 82, 78, and 76 𝐿4 episodes in the Super Clássico
Mineiro, Derby Paulista, and Fla–Flu, respectively). While all rival-
ries exhibit short peak-attention bursts, the Super Clássico Mineiro
presents considerably longer episodes than the other rivalries. On
average, 𝐿4 episodes last 3.33 minutes in the Super Clássico Mineiro,
compared to 1.86 minutes in the Derby Paulista and 2.00 minutes in
the Fla–Flu. Moreover, the Super Clássico Mineiro contains extreme
episodes lasting up to 18 minutes, against at most 7 minutes in the
other two. A Kruskal–Wallis test confirms that the 𝐿4 duration dis-
tributions differ significantly across rivalries (𝐻 = 6.72, 𝑝 = 0.035).
At face value, this suggests that the Super Clássico Mineiro sustains
peak attention for longer once it emerges; we show below, however,
that this gap is largely explained by chat volume.

Figure 3b shows the probability that a goal leads the live chat to
each attention level within the following three minutes. Each goal
is assigned to the highest attention level reached in the post-goal
window [𝑡𝑔, 𝑡𝑔 +𝑤], with𝑤 = 3 (Section 3). The results reveal clear
differences across rivalries. In the Super Clássico Mineiro (𝑛 = 26),
post-goal reactions are spread across all levels, leading to 𝐿1, 𝐿2,
𝐿3, and 𝐿4 in 30.8%, 26.9%, 19.2%, and 23.1% of cases, respectively.
Goals therefore do not systematically drive the chat toward peak
attention in this rivalry.

In contrast, the Derby Paulista (𝑛 = 33) concentrates strongly in
high attention after goals: only 3.0% and 9.1% of goals lead to 𝐿1
and 𝐿2, while 36.4% lead to 𝐿3 and 51.5% lead to 𝐿4. The Fla–Flu
(𝑛 = 39) presents an intermediate pattern: goals rarely lead only to
𝐿1 (2.6%), and post-goal reactions are distributed across 𝐿2 (30.8%),
𝐿3 (30.8%), and 𝐿4 (35.9%).

A chi-square test of independence confirms that the distribution
of post-goal attention levels differs significantly across rivalries
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(d) Flamengo–Fluminense

Figure 2: Collective attention levels during football rivalries. (a) Proportion of match time spent in each relative attention level
(𝐿1–𝐿4). (b)–(d) Minute-to-minute transition probabilities between levels (𝐿𝑖 →𝐿 𝑗 ) for each rivalry.

(𝜒2 = 23.38, 𝑑 𝑓 = 6, 𝑝 < 0.001, Cramér’s 𝑉 = 0.345, 𝑛 = 98),
indicating a moderate association between rivalry and the attention
level reached after goals. Because a few cells have expected counts
below five, we corroborated this result with the Fisher–Freeman–
Halton exact test [32], approximated via Monte Carlo simulation
(2×106 random tables with the same row and column totals as the
observed table, drawn under the null hypothesis of independence;
𝑝 estimated as the fraction of sampled tables at least as extreme as
the observed one), which also indicates a significant association
(𝑝 = 0.0017). Goals thus act as stronger triggers of peak attention
in the Derby Paulista, and to a lesser extent in the Fla–Flu, whereas
goal-induced reactions in the Super Clássico Mineiro are markedly
more heterogeneous.

These results also suggest that goals are only one source of peak
attention: since many goals do not lead to 𝐿4, other factors must
also contribute, such as red cards, controversial refereeing, or chat-
internal dynamics like banter. Peak attention thus reflects both
game-driven and audience-driven processes.

Because the Super Clássico Mineiro records substantially more
messages permatch than the other rivalries (Table 1), denser activity
series are statistically smoother and could, in principle, inflate 𝐿4
durations and goal-driven peaks as an artifact of volume rather than
fan behavior. To test this, we repeatedly downsampled its messages
to the per-minute volume of the Derby Paulista and recomputed the
𝐿4 statistics (95% intervals below). The two findings diverge. The
weak goal-driven activation is robust: the probability that a goal

leads to 𝐿4 stays low after downsampling (0.21, [0.15, 0.27]), far
below the Derby Paulista (0.52). The longer 𝐿4 episodes, however,
do not survive: mean duration drops from 3.33 to 1.90 minutes
([1.63, 2.21]) and median from 2.0 to ≈1.0, converging to the Derby
Paulista (1.86, 1.0). The duration gap is thus largely a volume effect,
whereas the difference in how strongly goals trigger peak attention
is volume-independent.

These results refine our answer to RQ1. Football rivalries share
a common baseline structure, with most minutes in lower attention
levels; the meaningful, volume-independent differences lie in how
goals trigger 𝐿4: weak in the Super Clássico Mineiro, strong in the
Derby Paulista, and intermediate in the Fla–Flu, whereas the appar-
ent gap in 𝐿4 duration is largely a volume artifact. Thus, collective
attention in football live chats combines a shared temporal struc-
ture with rivalry-specific dynamics in how extreme engagement
is triggered, a difference that holds even after accounting for chat
volume.

4.2 Linguistic and Emotional Characteristics
Across Attention Levels (RQ2)

To answer RQ2, we investigate whether different attention levels are
associated with distinct linguistic and emotional patterns. Specifi-
cally, we analyze the prevalence of selected LIWC [11] categories
across attention levels (𝐿1–𝐿4) and rivalries.

LIWC maps words to psychologically and socially meaningful
categories, enabling the analysis of dimensions such as cognitive
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Figure 3: Characteristics of the attention levels.

processes and conflict-related language [11]. We use the validated
Brazilian Portuguese adaptation of the lexicon, BP-LIWC2015 [11].
For each message, we compute the percentage of its words belong-
ing to each category; we then average these values over all messages
assigned to a given attention level.

The selected categories capture dimensions related to informal
communication (netspeak), emotional expression (affect, negemo,
anx, anger), offensive language (swear), future-oriented discourse
(focusfuture), and motivational processes (drives). Together, these
categories provide a broad view of how audience language changes
as collective attention intensifies.

Figure 4 reveals a consistent pattern across all rivalries: as col-
lective attention increases from 𝐿1 to 𝐿4, messages become pro-
gressively more informal and emotionally expressive. Informal and
affective language rises steadily with attention—netspeak, which
captures slang and chat conventions, and affect both increase from
low- to peak-attention levels, indicating that emotionally charged
language becomes more prevalent during intense engagement.

The sharpest changes occur in categories tied to negative emo-
tional activation. Negative emotion and anxiety increase substan-
tially as attention intensifies, while anger appears predominantly
in 𝐿4, becoming one of the most salient categories at peak attention.
Profanity (swear) is also more frequent at higher attention levels,
peaking in 𝐿4 for the Fla–Flu and the Super Clássico Mineiro; in
the Derby Paulista it is already elevated at intermediate levels and
shows wider confidence intervals, making its trend less monotonic.
Together, these patterns indicate that peak attention is associated

not merely with higher participation but with heightened emo-
tional arousal. Two further categories remain consistently promi-
nent across all levels: focusfuture, reflecting audience anticipation of
upcoming plays and outcomes, and drives, capturing motivational,
competition-oriented language; both show a mild increase toward
higher attention.

These findings directly answer RQ2. As collective attention in-
tensifies from 𝐿1 to 𝐿4, audience discourse becomes not only more
active but also markedly more emotional and informal, with greater
use of netspeak, affective and anxiety-related terms, anger, pro-
fanity, and competition-oriented vocabulary. This shift emerges
consistently across the three rivalries analyzed, indicating that
extreme collective attention carries a common linguistic and emo-
tional signature that transcends individual rivalries.

5 DISCUSSION
Our findings indicate that collective attention in football live chats
involves both temporal and linguistic dynamics. RQ1 shows how
attention evolves and persists throughout the match, while RQ2
shows how audience language changes as attention intensifies.
Taken together, these results suggest that high-attention levels
should not be interpreted merely as higher message volume, but
also as a qualitative shift in audience discourse.

A first implication concerns the temporal organization of collec-
tive attention. Football live chats are not uniformly intense: across
all rivalries they alternate between long stretches of background
activity (𝐿1–𝐿2) and short, rare episodes of peak engagement (𝐿4),
which audiences typically reach gradually, through intermediate
levels, rather than abruptly.

The main differences between rivalries emerge in how 𝐿4 is en-
tered rather than in its overall duration: as shown in Section 4.1, the
apparent gap in episode length is largely a volume artifact, whereas
goal-driven activation remains a robust, volume-independent con-
trast – weak in the Super Clássico Mineiro, strong in the Derby
Paulista, and intermediate in the Fla–Flu. This suggests that rivalry-
specific dynamics are less evident in baseline activity levels, and
even in raw peak durations, than in how audiences are driven into
moments of extreme collective engagement.

The linguistic results complement this temporal interpretation.
As attention increases from 𝐿1 to 𝐿4, messages become more infor-
mal, emotional, and expressive, with greater prevalence of netspeak,
affect, negative emotion, anxiety, anger, and swear. Thus, 𝐿4 has
a distinctive linguistic and emotional signature: when audiences
collectively converge around salient match moments, they do not
simply post more; they communicate differently. This within-match
view complements prior work on emotional dynamics in soccer
fandoms: whereas Citraro et al. [12, 13] characterize how emotions
such as joy, anger, and sadness unfold across asynchronous Insta-
gram reactions aggregated over a season, our results show that an
analogous emotional intensification is already legible minute by
minute, within a single match, in the language of synchronous live
chats.

These findings have methodological implications for the study of
collective attention in synchronous online environments. Activity-
based indicators, such as message volume, clicks, hashtags, or en-
gagement bursts, are useful for identifying moments of collective
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Figure 4: Average per-message frequency of selected LIWC categories across attention levels (𝐿1–𝐿4) and rivalries. Each panel
corresponds to one category; error bars are 95% confidence intervals.

focus, but they capture only part of the phenomenon. By combining
temporal attention levels with linguistic analysis, we can distin-
guish between periods that are merely active and periods that are
emotionally charged.

6 CONCLUSION
This paper investigated collective attention in YouTube live chats
of three major Brazilian football rivalries: Super Clássico Mineiro,
Derby Paulista, and Fla–Flu. Modeling each match as a sequence of
relative attention levels derived from minute-level message activ-
ity, we combined temporal modeling with LIWC-based linguistic
analysis to characterize how collective attention emerges, persists,
and manifests in large-scale synchronous sports discussions.

The rivalries share a common attention structure. Most match
minutes occur in low- and moderate-attention levels, while peaks
are rare, but diverge in how strongly goals drive the chat into peak
attention, from largely goal-decoupled in the Super Clássico Mineiro
to strongly goal-driven in the Derby Paulista. This contrast persists
after controlling for chat volume, whereas apparent differences
in peak-episode duration are largely a volume effect. As attention
intensifies, messages also become more informal, emotional, and
expressive, so that peak attention reflects not just higher volume
but a qualitative shift in audience discourse. By accommodating
different audience sizes, the proposed level-based representation
can support similar analyses of other event-driven online discus-
sions. Our methodology could support practical applications for
broadcasters: if computed as the broadcast unfolds, attention levels
could help identify high-attention windows (L3–L4) suitable for
advertisements, announcements and as candidates for short clips
for social media.

Limitations. This study has some limitations. First, as discussed
in Section 3.2, defining attention levels relative to each match’s
maximum activity makes the scale sensitive to a single reference

minute; a percentile-based reference could offer an alternative to
define attention levels. Second, the Brazilian Portuguese LIWC dic-
tionary [11] captures lexical prevalence but not irony, sarcasm, or
context-dependent meanings common in live chats. Third, goals
were aligned using the official match timeline [16], while audiences
react to a stream that may carry transmission delays; our post-goal
window (𝑤 = 3 minutes) absorbs part of this lag, but finer syn-
chronization remains open. Fourth, our analysis covers the entire
broadcast, including pre-match buildup, half-time, and post-match,
whose duration varies across channels; since attention levels are
relative to each match’s peak activity, long non-gameplay segments
can inflate the share of time attributed to 𝐿1, so restricting the anal-
ysis to the gameplay window is a natural refinement. Finally, our
analysis covers 59 matches from three rivalries on a single platform,
so the results characterize these communities rather than football
fandom in general.

Future Work. Future work can extend this study in several di-
rections. The analysis could be broadened to additional Brazilian
rivalries and to international ones, testingwhether the temporal and
linguistic patterns observed here generalize to other countries and
fan communities [41]. Collective attention could also be modeled in
a more granular, multidimensional way, following prior work that
characterizes it through dimensions such as alertness, processing
capacity, and selectivity [5, 8], moving beyond message volume to
capture richer aspects of audience engagement. Another promising
direction is to move beyond goals and model how a broader set of
match events (e.g., red cards, substitutions) and audience-driven
behaviors (e.g., banter, coordinated reactions) drive transitions be-
tween attention levels. Whereas the present work relates goals
to the peak attention they elicit, future analyses could examine
both upward and downward transitions, disentangling what drives,
sustains, and dissipates attention from game-driven stimuli versus
chat-internal dynamics.
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7 ETHICAL CONSIDERATIONS
This work complies with CNS Resolution No. 510/2016, as it consists
of the collection and analysis of publicly available discussion data
rather than direct contact with human subjects.

The dataset used in this study was collected from YouTube live
chats of football broadcasts. Because the data were publicly ac-
cessible, individual informed consent was not required for their
collection. Nonetheless, to protect personal data in compliance
with the Brazilian General Data Protection Law (LGPD, Law No.
13.709/2018), author-identifying information associated with live
chat messages (e.g., usernames) was anonymized prior to analysis,
and no such information is disclosed in this article.

The use of generative artificial intelligence technologies in this
work was limited to spell-checking and grammar review of the text
and was not employed in the generation of results or the writing
of any section.
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