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Abstract. While most online discussion remains con�ned to textual
conversation, occasionally those participating escalate further and take
action. This escalation indicates a change in the level of engagement
from those that simply observe or discuss, and is a valuable transition to
identify. We study emotional signals within textual conversations before,
during, and after actions in two di�erent contexts (at an individual level
in an online game and in aggregate in a stock trading forum) and show
that action is often preceded by a change in emotional context of the
conversation. While we �nd only small changes in quantity of emotional
content, the types of emotions expressed in emotional posts �uctuates
greatly before action occurs, then can revert in the opposite direction
once the period of action is over. Anger in particular exhibits large, fast
swings during periods of action state transition in both datasets tested.
These changes in emotional context relative to taking action provides an
indicator of the altered mental state and activation that precedes action,
evidencing the link between emotion and action in online forums.
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1 Introduction

The mental process of making decisions and taking actions is complex, and a
major area of study in psychology, philosophy, and cognition. Humans are con-
stantly taking in new information and making decisions based on their current
mental state. With the increasing prevalence of online interaction, however, in-
formation quantity has exploded and its e�ects on mental states and behaviors
is still being explored. Behavior online is not always the same as o�ine, and
the stimulus experienced can vary wildly. While studies suggest a link between
o�ine personality traits and online behavior [12], there are also indications that
online engagement does not always correlate to o�ine behavior [3]. Additionally,
the way people treat social capital online and o�ine is distinct [29] which may
lead to di�erent risk calculations and actions. In order to better understand the
dynamics of online behavior, we must ask which o�ine behavior models hold,
and how the interaction between online and o�ine processes intersects. One key
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facet of this is understanding how individuals change from being an observer or
participant in a conversation to being an actor, even if the relevant actions also
occur online. Such a transition marks a concrete change in the level of engage-
ment, and tracking the connection between discussion and action can illuminate
some of the mental processes inherent to social participation.

In this paper, we investigate this transition from the perspective of emo-
tional engagement in a subject. The connection between emotions and action
readiness in psychology and cognitive science has been a subject of interest for
decades [9, 24, 28]. Many studies present evidence for causal relationships be-
tween emotional state and actions [20] as well as explanatory links highlighting
the deep intertwining of the two [7, 18]. By examining the link between online
emotional expressions and action, we seek to provide insight into quanti�able ac-
tion readiness and engagement escalation in this domain, extending prior studies
in the area. To help quantify the e�ects studied, we present a data-centric view
of online behavior, studying emotional signals within online posts correlated
with actions taken outside of the discussion. Despite challenges presented by
online anonymity, such analysis of action in social media is not an uncommon
study. Most commonly, these occur as in-domain studies, where the challenges
of anonymity can be overcome by applying machine learning approaches to fore-
casting of behaviors within a single social media outlet [19, 26]. By utilizing a
single comprehensive dataset, information on interaction and action is available
for each user in such studies [5, 22]. The models produced in these studies of-
ten serve to predict further interactions, social network evolution, and non-text
actions such as liking or following other users to great e�ect. The single data
sources and fully trained models produced, however, o�er limited insight into
the mental dynamics surrounding action and their relation to existing under-
standing of cognitive engagement. Other studies seek to extend action prediction
to cross-domain action by correlating aggregate discussion features to indepen-
dent events taking a generalized view of how conversational changes precede
action [10]. While the challenges related to the lack of direct user-to-action in-
formation in this sort of analysis are obvious, by looking at large scale events
such as protests [27], pandemic compliance [23], and political action [15] e�orts
have succeeded in predicting real-world events through models trained on pre-
ceding discussion. The aggregated data and predictive modeling utilized in these
studies, however, can cause a lack of explainability that limits the ability to
connect the conclusions to more traditional cognitive studies.

We seek to augment these prior predictive e�orts by bridging the data science
perspective of action prediction and the cognitive perspective of action motiva-
tion. By studying the speci�c emotional context of messages surrounding times of
action in online communities, we seek to increase explainability of predictions by
grounding them in connections to understood cognitive processes. Mechanisms
of action priming and intention are core cognitive concepts that o�er a wealth of
insight into how individuals interact with their environments, and identi�cation
of whether the emotional signals contained in discussion can inform on mental
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state and readiness to engage further provides a new tool to understand how
discourse and engagement evolve.

2 Data and Methods

Advances in natural language processing have allowed for great leaps in under-
standing of how to extract emotional signals out of unlabeled text [25], including
characterizing temporal dynamics of emotional content [17]. Modern transformer
architecture and large language models have taken this capability even further,
resulting in accurate emotional classi�cation models across many use cases [1].
We use one such model ('Emotion English DistilRoBERTa-base') [14] for its abil-
ity to classify accurately across datasets without custom dictionaries and anno-
tations, and RoBERTa is among the highest performing and validated models at
such tasks [2]. Additionally, the model provides quanti�cation of well-understood
emotional vectors within the text, based on Ekman's six basic emotions catego-
rization [8]. As the data basis for this analysis, we compare posts and actions
�rst from an online forum and corresponding MMORPG (GameX ), then from
an economic Reddit forum and corresponding stock market trade volume (wall-
streetbets and gamestop).

First, we study forum posts by users in an online game (referred to here
as GameX ) [16] and related actions made by the posters in the game. GameX

is an online roleplaying game with rich player interaction including trading,
�ghting, and resource management. The game has a strong economic system in
it, with trading being a central part of the game play mechanics. We focus our
analysis on these trading actions and relevant trade-topic posts in related forums.
This data is uniquely well suited to the study at hand because while the forum
centers around the game, they are distinct environments yet are connected both
in subject and by user(posts made by players are connected to actions via linked
accounts). We process the data using topic modeling to ensure subject relevance,
then temporal binning based on proximity to relevant actions. Speci�cally, we
use BERTopic [13] to select only posts with topics related to trade based on a
corpus of words surrounding in-game trading mechanics. We then bin them based
on whether the user that posted has traded (1) the day before (but not after),
(2) the day after (but not before), (3) both the day before and the day after, (4)
did not trade within a day of the post, or (5) never undertook a trade action.
Then, applying the JHartmann Roberta emotion classi�cation model [14] to the
comments we obtain scores for Ekman's six basic emotion vectors [8]. Finally,
for each post within a temporal category, we compare the emotional content of
posts within the category to all those outside of the category for each user.

To extend our study further into cross-domain applications, we also perform
an aggregate study on the GameStop short squeeze of 2021, in which posters
on Reddit were highly involved in the stock dynamics [4]. While the anonymous
nature of Reddit does not allow a one-to-one comparison of user posts and ac-
tions, this exemplar does provide a quanti�able exogenous signal (the volume of
shares traded) that can be compared to the emotionality of posts, making it a
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Fig. 1. Results of emotional analysis of posts in the GameX forums relative to trade
actions taken by the poster. (A) The dominant (highest scored) emotions represented
in the temporal category. (B) The average scores for each non-neutral emotion in each
temporal category among.

useful complement GameX data. To make the study as similar as possible, we
repeat many of the same steps as above. We scrape data from the wallstreet-
bets subreddit during the short squeeze, apply a topic model to �lter relevance,
then bin based on proximity to events. In this case, the events consist of the
days on which the GameStop stock had a day-over-day di�erence in trading
volume (buying and selling) in the 99th quantile of all days between September
of 2019 and April of 2023. This yields the days of January 13, 14, 22, 25, 26,
27 and February 24, 25, 26 of 2021. The temporal bins here align to those in
the GameX study, with posts being (1) the day after a spike, (2) day before a
spike, (3) on the �nal day of a mult-iday spike, (4) in the middle but before the
end of a multi-day spike, or (5) not adjacent to a spike. As before the emotional
classi�cation model is used to compute emotional vectors, and the in-category
means are compared to the out-of-category means to quantify the di�erences in
emotional content in relation to the volume trade spikes.

3 Results

First, we take the case of GameX. After �ltering comments for those relevant to
trade and then binning them based on proximity to action, we can describe the
emotional landscape via the dominant emotion (de�ned as the emotional cate-
gory with the highest score on any given comment) in each category. Figure 1(A)
shows that there is little relation between the quantity of emotional vs neutral
posts and action proximity. There is a slight increase in emotionally dominant
posts shortly after trades, but it is small relative to the overall proportion of
posts that remain neutral. There is a noticeable e�ect of joy decreasing around
action, and indeed being at its lowest point before action is taken, rebounding
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Fig. 2. Relative non-neutral emotional scores based on analysis of posts in the GameX
forums relative to actions taken by the poster. (A) The raw di�erence in scores between
the poster during that temporal category and the average post from that user. (B) The
percent di�erence relative to the average score of posts from that user.

after actions are completed. Similarly, we see an increase in anger in posts that
occur directly before trade actions, which also rebounds after the action is com-
pleted. The average emotional scores of each category shown in Figure 1(B) tells
a similar story; joy is highest when removed from action and lowest right before
action, while anger is highest before action. The general culture of the forums
can be seen as well, with joy, surprise, and sadness dominating in general, only
rivaled by anger right before trade actions are performed.

This provides the �rst evidence that emotional content is di�erent prior to
action than it is at other times, and the observable rebounding of emotions after
actions also aligns with bidirectional theories of emotion and action [18]. Before
people act, they undergo an emotional shift that aligns with the priming for
action; they have changed states and are ready to engage further. After action,
the outcome of their action, as well as generalized emotional feedback from
acting, a�ects emotional state and discussions on the matter before regression
to the baseline emotional state. Indeed, here emotional content is most di�erent
from the baseline before action, while the emotional signatures in between actions
and after actions are well aligned with a regression back to the no action case.

Further, by dividing up posts by poster, we can better understand individual
emotional variations. By creating averages speci�c to each poster and de�ning
the temporal deviation from those individual averages, we can describe behav-
ioral changes in a more focused way and present them as the average change
from each individual's baseline behavior, shown in Figure 2. Overall, these re-
sults re�ect those shown in Figure 1, although with a more striking di�erence
between the 'post before action' category and all other categories. The most
obvious result is that posts prior to taking a trade action are much angrier, but
there is also a stark drop in fear before trading and a decrease in surprise. A
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Fig. 3. Results of emotional analysis of posts in the Reddit Wallstreetbets forum during
the period of December 2020 to April 2021 relative to spikes in the volume traded
of the GameStop stock. (A) The dominant (highest scored) emotions represented in
the temporal category. (B) The average scores for each non-neutral emotion in each
temporal category.

similar post-action rebounding e�ect is apparent, as fear increases well beyond
the average after trading, before settling back close to the average fear dur-
ing no trade actions. Similarly, a disproportionate increase in joy can be seen
post-action compared to other categories.

Continuing this analysis with the Reddit Wallstreetbets dataset, some overall
trends remain despite a clear di�erence in setting and culture. Figure 3(A) shows
that posts on Reddit are on average more neutral than those on the GameX

forums, and we see very little di�erence in the proportion of neutrally dominant
posts regardless of time category. Interestingly, the small e�ect observed does
echo that of the GameX forums; posts are most neutral the day before periods
of action (here de�ned by trade volume spikes) and most emotional the day after
periods of action. Again the baseline (not being adjacent to a spike) is in between
the two, so there is a repeated though small e�ect of lower emotional content
before periods of action. Within the non-neutral dominant emotions, the clear
observable e�ect is the decrease in anger before spikes and increase after spikes.
Interestingly, anger was also the primary emotion shift in the GameX forums,
but in the opposite direction. Figure 3(B) echoes this, showing that anger and
surprise dominate non-neutral emotional content, with joy only rivaling anger the
day before spikes. Anger sees large shifts based on temporal category, followed
by surprise which is at its minimum the day after spikes and maximum before
and during spikes. This emotional change observed (and the general emotional
culture of the boards) seem to be opposed; in the GameX data joy is the primary
dominant emotion and actions are preceded by a spike in anger, while in the
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Fig. 4. Relative non-neutral emotional scores of posts in the Reddit Wallstreetbets
forum during the period of December 2020 to April 2021 relative to spikes in the volume
traded of the GameStop stock. (A) The raw di�erence in scores between the poster
during that temporal category and the average. (B) The percent di�erence relative to
the average score.

Reddit data anger is the dominant emotion and action is preceded by a drop in
anger and spike in joy.

To echo the analysis performed above, we analyze the Reddit data via the
change in emotional scores by time category from average in Figure 4. As be-
fore anger is the primary di�erence between timing categories, dominated by
severe drops in anger the day before events. This drop in anger is accompanied
by increases in joy and surprise, which continues throughout the high trading
activity period. During multi day trading spikes, anger is still lower than nor-
mal but much higher than the day before trading, while the increase in joy and
surprise grow and other negative emotions such as fear and disgust begin to
drop. On the �nal day of trading spikes (including single-day spikes), we start
to see the beginning of the rebound process. Anger is already higher than av-
erage at this point, and while the e�ects on joy, surprise, fear, and disgust are
still there the e�ects have largely shrunken back to near baseline. Then, on the
day after the spike, the e�ects are reversed. Anger spikes to extreme levels 30%
higher than normal, while joy and surprise decrease rapidly. Fear and disgust
also reverse, and are slightly higher than average. Overall, many of the e�ects
observed on the individual level are echoed, but with an increased emphasis on
the full emotional cycle. We can see a clear trend where before action takes place
emotions enter a state of �ux, changing to a new state that contains a consistent
signature throughout the period of activity, then begins to reverse and reaches a
rebound state the day after activity. Additionally, we see indications that di�er-
ent emotions operate on di�erent timescales, as anger is fast to change (reaching
its minimum before action begins then receding back closer to the mean dur-
ing action) while other emotions are slower moving (disgust minimizing and joy
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maximizing during action). These slower moving emotions also remain in �ux
longer, not peaking in their rebound until the day after action.

4 Discussion and Conclusion

Action readiness is determined by cognitive state, restricted by ability and desire
to act. Understanding the mental state of action readiness is a longstanding �eld
of study, and is closely tied to emotions and their role in motivating or explaining
imminent behavior. While these connections are well known in the context of
general action, they not been fully explored in the context of online interactions
and personas. We utilize modern emotional classi�cation techniques that allow
for the identi�cation of emotions across a broad range of environments to analyze
the connection between emotions and actions in two di�erent online datasets.
We show that on an individual level, emotional posts in a forum about an online
game exhibit large changes in emotional content right before action, and then
reverse before returning to baseline. This e�ect is shown even more clearly in
the second dataset, a Reddit economic forum engaging in the GameStop short
squeeze of 2021, where again there are large changes in emotional content the
day before trading activity spikes, followed by a reversal and return to baseline.
In particular, in both datasets it is anger that shows the most volatility related
to action and changes the fastest, although the direction of the anger �uctu-
ations are opposite in the two datasets (in the game data anger spikes before
action, while in the Reddit data anger drops then spikes after), a di�erence that
is possibly tied to board culture and anger dominance or related to the context of
the discussion and action. Indeed, while prior work related anger to video game
activity largely focuses on general correlations between anger and violent video
games [6], emotions including anger have shown motivational e�ects for people
to continue playing games [21]. From the perspective of stock trading, positive
emotions have been shown to relate to anomalies in stock trading and under-
estimation of risk [11]. Despite the apparent speci�city of the directionality of
change, our work indicates that the emotional transition process for individuals
undertaking actions is observable across platforms as a generalized �uctuation in
expressed emotion. This supports the concept of emotion as a core component of
action readiness, and indicates a strong signal for inclusion in future predictive
modeling. Further work is warranted on the role of activity speci�cation and
domain culture as while an observable change is consistent across datasets the
directionality varies. Additionally, further study into higher resolution timeseries
of emotional content is warranted. In all, the presence and observable connec-
tion between emotions and actions in online settings demonstrates a link that
has yet to be fully explored, while modern techniques in emotion detection and
classi�cation have primed the �eld for expansion in this direction that could
greatly bene�t understanding of action prediction, mental states surrounding
action, and the interaction between online and o�ine behavior.
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