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Implied vs. Expressed: Understanding the Impact of Social Media Posts on Users’

Emotional Experience with LLM Predictions
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Fig. 1. The study design for the field experiment: The user fills out a pre-study survey before the experiment begins. During the
10-day exposure period, inline survey pops up as the user engages with the feed. All tweets viewed by the user are tracked and we
obtain the emotional impact predictions from LLM.

Social media content has can significantly influence users’ emotional states, yet understanding its precise emotional impact remains a
critical challenge. LLMs offer potential in capturing implied emotional expressions, going beyond the detection of explicitly expressed
emotions in traditional NLP methods. Our study leverages the capabilities of Large Language Models (LLMs) to predict the emotional
impact of tweets and investigates how emotions in social media posts affect users’ self-reported feelings. Preliminary findings reveal
that aggregated LLM predictions of a tweet’s emotional impact significantly predict users’ self-reported emotions. The findings
demonstrate that short-term exposure to social media content influences users’ emotional experiences. This study presents a novel
approach to examine emotional impacts by utilizing LLMs, which extend beyond traditional lexicon-based and semantic analysis

methods.
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1 Extended Abstract

Social media usage can significantly impact users’ emotional experience [4]. While much psychology and cognitive
science research has focused on the general behavioral usage of social media [8], whether and how social media content
has an emotional impact on users remains a critical question. Understanding how users feel when spending time on the
platform is critical to having a full understanding of their interactions and broader behavior—an angry user, for instance,
may engage with the platform in fundamentally different ways, changing the dynamics of the online community and
potentially compromising the quality of the discussions [5].

However, one critical challenge when investigating emotions in social media posts is that traditional NLP sentiment
analysis tools and models primarily rely on direct language signals and focus on detecting users’ explicitly expressed
emotions [2, 7, 14]. Contrastingly, emotions can be conveyed through implied methods that do not involve explicit
application of words associated with obvious affective connotations. People can interpret and perceive emotion on the
sentence level, as opposed to words - the lexical building blocks[9]. The cultures, contexts, and common languages
among certain groups also shape the way emotions are communicated [13], which are hardly captured by existing
sentiment analysis tools. While explorations have been done in incorporating context in sentiment analysis, the context
scope is normally represented restrictively as an extra lexicon that captures genre or concepts [11]. Other methods
involve ML based techniques, but the trained classifiers are highly domain specific, as they require large scale labelled
data in a particular context. A significant gap remains between the emotions detected by sentiment analysis
techniques and the emotional perceptions and impact to users’ emotional experience. This limitation is
particularly relevant in social media, where posts frequently convey complex sentiments that are not easily captured by
lexicon tools or domain-specific sentiment classifiers [1].

LLMs present potentials in closing this gap in sentiment analysis tasks. LLMs are trained on vast amounts of
internet data encompassing diverse contexts so we believe they have a strong ability to predict the emotional impact
of social media posts, even in complex scenarios where tweets convey implicit contextual sentiments or a mixture
of multiple emotions. Our project leverages the capabilities of Large Language Models (LLMs) to predict the
emotions of social media posts. Using these predictions, we examine the impact of exposure to those posts
on users’ subsequent self-reported emotions. We use data collected through a field study on X to investigate how
the content users consume in their feeds directly impacts their emotions. The study utilizes a tweet dataset from Social
Media Algorithms Can Shape Affective Polarization [12]. Users reported their emotions before the start of the analysis
(pre-survey), and in inline surveys that were randomly populated into their feeds during a 10-day period (figure 1). We
log the tweets that users browsed during the field experiment and employed the GPT-4 mini model and a one-shot
prompt to predict how a tweet would make a user feel. Drawing on the arousal-valence theory [3, 10, 16] in psychology,
we defined 15 affective states for the model to predict, incorporating definitions of each affect from psychology literature
[6, 15] into the prompt. Given a tweet, the model was instructed to output its predicted rating for each emotion in JSON
format. The prompt was refined through multiple iterations, with each version tested on a subset of 100 tweets and
compared against the domain expert’s annotations. We plan to further validate GPT’s predictions with crowdsourced
annotations.

There are 722,642 unique tweets in the initial dataset. After pre-processing (filtering out non-English tweets and
those with fewer than six words), 258,915 unique tweets are viewed by the users. We obtained GPT emotion predictions

for the tweets, which were viewed by users for more than one second. There are 1,233 participants in the analysis. A
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total of 16,291 inline surveys were accounted for in the analysis. On average, each participant received 13 inline surveys
over the course of the 10-day period.

A linear mixed-effects regression model was applied to account for variations in users’ baseline emotion levels. To
control for demographics and individual differences, we incorporated gender, age, and social status. Additionally, we

included the corresponding pre-survey emotion to control users’ emotional baselines before exposure.

inline_survey_emotion ~

(gender + age + ladder) + (pre_survey_emotion) + (predicted_emotion)

The models predict the inline survey emotions based on the detected emotions from the tweets the users browsed. We
examined the emotional impact of the tweet immediately before the inline survey, as well as the aggregated emotions
of tweets viewed one hour prior to the inline survey. The emotional impacts of all tweets viewed by the user within the
hour before the inline survey were aggregated using three methods: average, maximum, and exponential decay.

Preliminary findings shows that 1-hour aggregation of LLM annotations of tweet’s emotional impact as
significant predictor of user’s self-reported emotions. Figure 2 presents the regression results. It indicates that the
1-hour average aggregation of GPT emotion predictions for tweets serves as a strong and significant predictor of users’
self-reported emotions in the inline survey, particularly for anger, sadness, and excitement. However, GPT-predicted
calm is not significantly correlated with user-reported calm in the inline survey across all four groups, likely due to
the limited number of tweets associated with calm affect in the dataset viewed by users. The coefficients for 1-hour
max, 1-hour exponential decay, and the single tweet viewed immediately before the survey remain relatively high
for predicting anger. In contrast, the predictions for sadness and excitement appear to have a weaker effect on users’

self-reported sadness and excitement.

Anrgy Excited Sad Calm
Control/Indep. Variable Coefficient |Stf. Err. Coefficient |Stf. Err. Coefficient |Stf. Err. Coefficient |Stf. Err.
var_age 0.662 0.500 1.317 0.632 -1.025 0.533 2.401™ 0.591
binary_female -2.667** 1.014 -1.865 1.279 -0.702 1.093 -0.984 1211
var_ladder -0.445 0.291 3.178*** 0.371 -1.445** 0.315 2.006*** 0.346
var_pre_survey_angry 6.047" 0.501
var_pre_survey_excited 11.316*** 0.648
var_pre_survey sad 6.796*** 0.545
var_pre_survey_calm 9.347 0.580
predicted_angry 3.705*** 0.375
predicted_excited 4,453 0.516
predicted_sad 3.707*** 0.597
predicted_calm 1.054 1.151

Fig. 2. The regression results for a 1-hour average aggregation show that angry, excited, and sad all have the LLM prediction as a
strong and significant predictor of users’ self-reported emotions in the inline survey. (*: p < 0.05, **: p < 0.01, ***: p < 0.001 )

The preliminary findings show that direct exposure to social media content measurably shapes user-reported
emotional states. By analyzing the relationship between LLM predictions of a content’s emotional impact and users’
self-reported feelings, we demonstrate that even brief exposure to tweets can elicit detectable shifts in emotion.

The findings also highlight the potential of LLMs in measuring emotions in social media content. Connecting LLM
predictions with user-reported emotions provides a valuable approach for studying emotional contagion at scale and
offers insights for platform and algorithmic design. However, human validation of an LLM’s annotation of a tweet’s
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emotional impact is necessary to assess the alignment between human perception and the LLM’s interpretation of

emotions in a given text. Although LLMs present opportunities for understanding the complex nuances of implied

emotions—going beyond traditional lexicon-based sentiment analysis—they also introduce risks related to biases,

stereotypes, and potential harms in emotional prediction and impact. Future studies should focus on a more

comprehensive evaluation of LLMs’ ability to understand emotional expressions. Further research into

LLMs’ capabilities—and the associated risks—in understanding, predicting, and annotating emotions could be

highly beneficial for improving emotion prediction in social media and enhancing human-AlI interactions.
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