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Using Plutchik’s wheel of emotions framework, we identify the emotional content of 133,487 social media
posts and the audience’s emotional engagement expressed in 2,824,162 comments on those posts. We measure
nine emotions (anger, anticipation, anxiety, disgust, joy, fear, sadness, surprise, trust) and two sentiments
(positive and negative) using two extraction resources (EmoLex, LIWC) for eight major news outlets across
four social media platforms (Facebook, Instagram, Twitter, and YouTube) during eight months. We then apply
two approaches (Logistic Regression, Long Short-Term Memory) to predict emotional audience reactions
before and after publishing the posts. Findings show significant differences for positive emotions but not for
negative in the comments among the platforms. F1-scores for predicting emotional audience engagement are
more than 70% for some emotions for some news outlets. Implications are that news outlets have leverage
in steering emotional engagement for posts on social media platforms. The findings have theoretical and
practical implications for understanding the complex emotional and informational interplay among social
media content, platforms, and audiences.
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1 INTRODUCTION

Emotions are an integral aspect of everyday life in defining humanness, expressing ourselves, and
communicating with others [45, 61]. Emotional reaction is also a critical area of interest for un-
derstanding the motivations of social media users [19, 99]. Social media postings, including those
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from news outlets [98], may trigger emotions when audiences read online content and may lead
to audience members expressing feelings through commenting or other actions.

Many people get their news content from numerous online news sources across several plat-
forms [76, 88]. Most major news outlets use multiple social media platforms to reach a broader
audience base than provided by a single platform, with Facebook, Instagram, Twitter, and YouTube
commonly used in the news domain [91]. User behaviors may also vary among platforms [7, 64].
Some prior studies examine the behavior of audience news consumption but only across one or
perhaps two social media platforms [5, 6].

However, there is limited analysis at a large scale for cross-platform social media analysis for
both producing (i.e., posting) and consuming (i.e., reacting to) content in any domain and fewer
such studies in the news domain. The few user studies that cover more than one social media
platform are primarily survey-based or not in the news domain [50]. Prior studies that exist mainly
focused on user interests on different platforms [60, 64, 101], and no studies we could locate have
examined the interplay of emotional engagement of producers and consumers using a large-scale
dataset across multiple platforms within a single industry vertical, as we do in this research.

Research on audience emotional reaction to news content is necessary, because emotions are
transferable among social media users. Emotional reactions from one user can spread to others
via emotional contagions, often with no awareness or direct interaction needed [26]. For exam-
ple, people tend to have different emotional sharing behaviors on private and public channels
(i.e., private messages, posts added to the timelines of others, and status updates) [11]. The knowl-
edge of user emotions has been shown to have a significant impact in such fields as health [18],
and advanced knowledge of user emotions has been studied for predicting the veracity of online
posts [48]. Moreover, since measuring influence on social media platforms, which aids in predict-
ing platform adoption, has been extensively studied [68], understanding emotional reactions can
also help improve adoption prediction.

The prior work lacks a comprehensive comparison of emotional reactions for multiple sources
in the news domain and across multiple platforms. Therefore, this research addressed the following
questions:

• RQ1: (a) What emotions do individual news outlets employ in their social media posts?
(b) Are there differences in emotions in these posts across Facebook, Instagram, Twitter,
and YouTube?
• RQ2: Are there different emotional reactions to news social media posts on Facebook, Insta-

gram, Twitter, and YouTube audiences?
• RQ3: Can the emotional reaction of audiences to the news social media posts be predicted

on specific social media platforms?

2 RELATED WORK

We present the related work in three subsections: (a) the role of emotions, (b) aspects of news
social media postings, and (c) the effect of emotions on user engagement of social media postings.

2.1 Emotions

Emotions are critically impactful in our daily lives, as emotions affect our actions, beliefs, and
motivations [45]. According to psychological theories, defining all emotions with clear definitions
is difficult. There are classical models of emotions where emotional states form a continuum on
at least two dimensions (i.e., valence and activation) that are dynamic processes [81]. Moreover,
the primary emotions models argue that there are a small number of universal and biologically
based emotional reaction patterns. Still, these models are not versatile, and there is a consensus
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that the number of possible emotional states is vast and their labeling is culturally dependent [81].
Plutchik’s wheel of emotions is commonly used for defining eight basic emotions: anger, antici-
pation, disgust, fear, joy, trust, sadness, and surprise [77]. Algorithmic approaches can help us to
understand emotions from digital traces. The central focus of algorithmic emotions research is to
both measure and predict [23]. Like how people express feelings in face-to-face meetings, people
express emotions digitally on social media platforms by commenting or leveraging the emoticons
on those platforms [22]. Human emotions can frequently change [90], and one can experience dif-
ferent emotions in a single period (e.g., sadness and joy). This rapid emotional change requires that
automated systems continually monitor emotional expressions and be sensitive to the emotional
changes of online users. As there are other factors affecting emotions (e.g., neural and sensorimo-
tor) [46], there is a need for practical approaches for online emotional modeling in several domains,
including news. This need motivates our current research to build on previous work in social media
emotional modeling.

Emotional modeling includes both expressive recognition (e.g., sadness, joy) and polarity detec-
tion(e.g., positive or negative) [14]. In this work, we tackle the emotional recognition task as a set
of expressed emotive attributes and use the polarity of content as input features to predict user
emotional reactions. Understanding the emotions of online users has enabled researchers to ad-
dress many issues of online social interaction, including the radicalization [2] and dissemination
of misinformation, especially after crisis events [44]. Also, researchers have found that the level
of some emotions (i.e., fear and anger) can vary by times and locations for certain events [10].

The behavior of social media users can affect the emotions of others online [65]. Social media
platform users behave differently when they are online relative to offline. For example, users tend
to share the positive side of their personal lives in online posts [65, 80].

Prior research of emotional contagion also suggests that users can adopt positive emotions from
positive posts [58]. For example, users share positive posts after viewing positive news posts [58],
and negatively charged emotional posts trigger negative emotional reactions [37]. According to
this observation, we know that predicting users’ emotions is complex due to the immeasurable
number of factors (e.g., location and network properties [43]) and the ambiguity of natural lan-
guage expressions as shown by Reference [72]. There have been some prior attempts to combine
multiple data sources (e.g., EEG data, speech data, and expression data) for emotional recogni-
tion [49, 52]. However, based on experimental testing, online content has been found to have a
higher effect on emotional reactions [1, 32] than most other factors, as users’ emotions are trig-
gered by some words but not others. Therefore, based on the literature, we use the content of
social media posts for understanding the emotions of users across the four social media platforms
for eight major news outlets.

Few researchers argue that emotional analysis should not be limited to the emotions expressed in
the text; however, some entities can lead to a better understanding of emotions, such as experiences,
targets, and causes [54]. Though, they report the difficulties of entity extraction, which is context-
dependent. Our research reports the top terms contributing to each emotion category.

The prediction of emotions in prior work has been chiefly done using positive and negative sen-
timent analysis [9, 20, 56], with some previous research tackling more in-depth analysis focused
on textual expressions of specific emotions, such as anger, disgust, joy, or sadness [33, 82, 83]. With
limited work on predictive analysis, emotional identification in social media posts has primarily
been studied in terms of (a) analyzing emotions of text content [79] and (b) analyzing emotions trig-
gered by other users [17]. Hence, our research adopts both approaches to emotion identification.

Using news postings [17] and users’ early commenting activity [33] of one news outlet, re-
searchers were able to predict multiple emotional reactions on one platform (Facebook). The study
that is most similar to ours in terms of the prediction experiment is Reference [31], which views
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the problem as an ordinal classification before and after post-publication for five emotions (love,
surprise, joy, sadness, and anger). In this study, the authors found that early comment features
are more powerful in predicting the five emotions, except sadness, compared to term features of
posts on Facebook. However, they used 3-class and 5-class levels of emotional reactions, explored
user comments sentiment features (positive, neutral, and negative), used terms of post content
like features, and tested on posting from one news outlet (the New York Times). Different from Ref-
erence [31], we focus on testing the identification and prediction over multiple news outlets to
highlight possible differences. Moreover, we extract a combined 15 emotional features using two
lexicon resources (LIWC and EmoLex) from the text of both posts and early comments to test their
effectiveness on the prediction problem at different times (pre-publication and post-publication
of news content). Also, we solve the task as a binary classification (2-class), either high or low
reaction, because our primary goal is to classify the reaction volume. The 3-class and 5-class were
found to have similar prediction results [31]. Furthermore, we propose combining the term features
of both posts and early comments for improving the prediction results. Last, we employ the long

short-term memory (LSTM) neural network to improve the prediction using Glove Wikipedia
6B pre-trained words embedding model [75].

Contextual word embeddings such as BERT have achieved the best performances in many NLP
tasks, and thus, models built based on those contextual word embeddings would show better per-
formance in the prediction task. In this work, since our goal is to measure the predictive power
of each feature set, we build various models with different sets of features. For that, we choose to
use static word embeddings such as Glove. One could have extracted the last layer of BERT after
fine-tuning the embeddings to get a static embedding. However, since our dataset is small, this
may cause the model over-fitted to the dataset. We leave this issue for future work.

Prior research concerning understanding users and predicting their emotional reactions has
been chiefly done on small-scale datasets and using a single social media platform for one organi-
zation. However, we use a heterogeneous dataset across multiple platforms for multiple organiza-
tions within the news domain in our research.

2.2 News Postings

Generally, journalists select newsworthy stories according to their news sense and the news or-
ganizations’ constraints [96]. News values analysis and the news selection process are critical
journalism research areas for specifying the news story to include and exclude with reasons [96].
A recent study of the selection process summarizing multiple selection process factors includes
polarized stories (negative or positive) and stories with surprise elements [39]. That indicates the
importance of considering the emotional aspect of selected news stories in general, from which
journalists create news articles. However, framing news articles for a specific platform requires fur-
ther effort from social media content editors before pushing content online. In previous research
of topical distribution across platforms, researchers found that news outlets tend to distribute top-
ics differently across platforms (e.g., sports), where there are few common topics (e.g., health and
life) [4]. Meanwhile, each topic triggers different users’ engagement levels across platforms. For
example, business-related posts have a higher number of likes and comments on Twitter, but fewer
views, likes, and comments on YouTube.

In the digital age, news media have transformed from traditional media (e.g., paper-based) to
new media (e.g., online platforms), where online journalism added a new challenge for news or-
ganizations. That movement triggered a dramatic change in the reporting of news content from
more-objective, unbiased, event-based, and context-based reporting to subjective reporting, which
primarily relies on argumentation and advocacy and is more emotionally charged [53]. Many rea-
sons are behind the importance of subjectivity and emotionalism of news content. One reason is
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the existence of multiple social media platforms that combat for the gain of news content audience
engagement (e.g., views, likes, comments, and shares) [97]. The number of online platforms is in-
creasing over time added more challenges for news outlets where the same piece of news needs to
be reported differently across platforms because of the differences in the targeted audience and not
the happenstance. Also, news outlets have to compete to gain users’ attention and make revenue
from users’ clicks. As a result, they employ different techniques (i.e., catchy headlines with arti-
cle links) to attract more clicks. These kinds of headlines are called Clickbaits, which can trigger
users’ clicks; but, in the long run, Clickbaits usually dissatisfy users’ expectations and leave them
disappointed. Another reason is the entanglement nature of all media and platforms; for example,
a user might view a news article on a website and then like or share it on Twitter or Facebook.
As a result, news organizations must be responsive to their fragmented audience behavior across
platforms through fulfilling their desire of getting control to consult all types of content (e.g., poli-
tics, economics) whenever and wherever they want [34]. One more reason is that users are getting
overwhelmed where the interpretation of objective news increases the overwhelm in comparison
to subjective news [67].

The distribution of news postings online is standard among outlets, including posting across
multiple popular social media platforms. Hence, news outlets attempt to reach audiences by dis-
tributing news content on these platforms, wherein various interaction features are afforded to
users for expressing their reactions and emotions regarding news topics [92]. Almost 67% of news
seekers use social media platforms to access the news they read online. Among US adults, more
than 25% tend to get a portion of the daily news feeds from more than one social media plat-
form [88]. As a result, news outlets are motivated to use multiple social media platforms as chan-
nels for reaching a wider audience or re-enforcing content to existing audiences. Also, social media
platforms are an increasing revenue source for news outlets, with news outlets getting a share of
more than $60 billion spent yearly on digital advertising [70]. Consequently, social media platforms
are vital to disseminating news postings and generating income for news outlets [70].

The challenging part of the process of creating news posts is to make them more engaging
with audiences, which requires understanding the audiences of the different platforms [3]. This
understanding includes having advanced knowledge of user interaction behaviors, preferences,
and emotional reactions. Therefore, understanding the interactions between audiences and news
postings is crucial for both the news outlets and the audiences they serve and offers insights for
social media platforms. In this research, we support the content creation process of news posting
across multiple social media platforms for content creators or editors by identifying users’ behavior
to express their emotions.

2.3 Effect of Emotions on User Engagement

Previous work on how emotions affect user engagement shows the importance of our research
in understanding users. As a result, we present research showing how different emotions affect
subsequent user behavior.

The engagement of users with news content is affected by the emotions the post content evokes
in these users [35, 36, 59]. The emotions it triggers in users may influence the probability of content
being shared [40]. It is known that users are more likely to share positive posts after viewing
news posts with positive emotions on Facebook [58]. Moreover, by including positive emotions on
Facebook, user posts increase the number of likes while encouraging more positive commenting
language [13]. Other studies in the context of word-of-mouth marketing, using Google+ [12, 41]
and Twitter [24], found that user re-sharing behavior is positively correlated with high-anger posts
and less associated with posts triggering sad emotions. Furthermore, in Twitter posts, researchers
report that news postings with negative emotional sentiment are re-tweeted more than non-news
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postings [38]. This indicates that the study (e.g., news) also affects user engagement, with different
emotions triggering different engagement metrics (e.g., share, like, and comment).

Researchers have found that emotional signals of news posting play a significant role in fake
news detection [28, 29, 78], where false postings inspire fear, disgust, and surprise; however, actual
news posts inspire anticipation, sadness, joy, and trust [95]. These findings highlight the impor-
tance of studying and understanding online social network users’ emotional reactions to prevent
misinformation, especially in the news domain.

3 METHODOLOGY

This section first shows the selected social media platforms and news outlets to pursue our analysis.
Then, we describe the data collection process. After that, we explain the two tools we use to extract
emotions from the text. Last, we describe the methodology of predicting emotional engagement
expressed by the audience.

3.1 Selection of Social Media Platforms and News Outlets

In this cross-platform social media analysis in the news domain, the four social media platforms
used are Facebook, Instagram, Twitter, and YouTube. We selected these four platforms as they have
the highest usage by news outlets [51]. The highest usage of social media platforms is measured by
the popularity (i.e., user based), trend (i.e., growth curve), influence (i.e., brand importance). Gen-
erally, there are different types of social media platforms: social networking (e.g., Facebook and
Twitter), photo sharing (e.g., Instagram), video sharing (e.g., YouTube). There are clear differences
between social media platforms, including the number of users, intended purpose, demographics,
and unique marketing features. Thus, gaining the most of each platform requires understanding
the differences and discovering the online preferences of the targeted audiences and which plat-
form they spend more time. This research targets understanding the emotional differences among
news outlets and across platforms.

For the analysis, we selected eight popular U.S. news outlets, which are daily newspapers simi-
larly used in Reference [21]. They have sufficient variance in the number of likes and comments
with high followers. The maximum (minimum) followers of each platform are 14M (500K), 2M
(600K), 38M (66K), and 933K (27K) on Facebook, Instagram, Twitter, and YouTube, respectively.
They are newspapers with a public presence on our four major social media platforms (i.e., Face-
book, Instagram, Twitter, and YouTube). Selected news outlets are Chicago Tribune, Los Angeles

Times, New York Post, NY Daily News, New York Times, Wall Street Journal, Washington Post, and
USA Today.

We find the verified social media accounts as referenced on the respective news outlet website,
and we use the verified accounts for the data collection process. Generally, news outlets have
multiple accounts on each platform, with one being the main general account and others being
topic-specific. We select the main general account covering the most diverse set of news topics for
these cases. All the designated accounts of the eight outlets are verified on the associated social
media channel. A verified account in a social media platform indicates that an account of public
interest is authentic, as denoted by the specific social media platform.

3.2 Data Collection Process

We collect the public social media posts and the users’ comments on these from the four platforms
for each news outlet. The collection period is eight months, from January 1 to August 31, 2017.
The collection period is the same for all eight news media outlets and all four platforms. In total,
we collected 3,981, 4,834, 115,291, and 9,381 posts on Facebook, Instagram, Twitter, and YouTube,
respectively, for a total of 133,487 news postings. We also collected the comments for each post,
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Table 1. Aggregate Statistics of Collected Social Media Posts of the Eight News Outlets on the Four

Platforms (Facebook (FB), Instagram (IG), Twitter (TW), and YouTube (YT)) for Eight Months

News Outlet #P #C Avg.C Avg.L News Outlet #P #C Avg.C Avg.L
The Wall Street Journal FB 508 21K 68 391 NY Daily News FB 485 23K 64 193

IG 255 12K 60 2,320 IG 708 5K 8 259
TW 27K 213K 8 89 TW 10K 103K 11 44
YT 1K 69K 44 84 YT 1K 25K 26 24

USA Today FB 427 5K 244 4,901 New York Post FB 521 34K 235 1,088
IG 1K 41K 30 1,811 IG 140 2K 21 1,873
TW 24K 161K 7 98 TW 13K 200K 16 55
YT 2K 80K 40 169 YT 902 18K 25 61

The New York Times FB 494 16K 558 2,967 The Washington Post FB 449 34K 828 950
IG 1K 131K 115 12,555 IG 287 12K 50 2,337
TW 9K 749K 84 526 TW 7K 547K 71 375
YT 586 39K 100 404 YT 1K 59K 74 92

Los Angeles Times FB 532 6K 257 1,084 Chicago Tribune FB 565 13K 46 277
IG 434 14K 34 1,886 IG 276 2K 10 708
TW 5K 81K 16 90 TW 17K 83K 6 26
YT 813 10K 18 40 YT 95 222 2 0

Number of Posts (#P), Number of Comments (#C), Average Comments Per Post (Avg.C), and Average Likes Per Post
(Avg.L).
In total, there were 133,487 posts and 2,824,162 comments for all outlets across all platforms.

for a total of 2,824,162 comments. Table 1 shows the number of posts (#P), comments (#C), average
likes (Avg.L) per post, and average comments (Avg.C) per post for individual news outlets.

The process of collecting the data from each platform is described below.

Facebook (FB): Using the Facebook API, we collect the news posts and user comments from
the accounts of the eight news outlets (@chicagotribune, @latimes, @nydailynews, @nypost,
@nytimes, @washingtonpost, @usatoday, @wsj) during the eight-month period. Thus, each
collected Facebook post or comment is associated with the number of emotional reactions of
users (e.g., love, haha, wow, sad, anger) along with other user engagement metrics (likes and
comments) and additional metadata information (e.g., posting time). We use the named emotional
reactions in Reference [31], which are love, surprise, joy, sadness, and anger, instead of love,
wow, haha, sad, and anger. All collected Facebook posts and comments are publicly available
online.

Instagram (IG): We overcome the API limitation of Instagram by implementing a web crawler
that takes the names of news outlets’ accounts as input. The output of the crawler is all the
posts and comments of each news outlet together with its metadata and user engagement met-
rics. All collected Instagram posts and comments are publicly available online at the time of the
study.

Twitter (TW): We collect the tweets using Twitter’s streaming API for each news outlet’s
Twitter account. Using the IDs of collected tweets, we collect all commenting activity for each
tweet along with the associated metadata (e.g., posting time, retweet count, and favorite count).
All collected Twitter posts and comments are publicly available online.

YouTube (YT): Using the YouTube Data API, we search for the posting of each news outlet
account. The search output is a list of video IDs, associated titles, descriptions, metadata, and user
engagement metrics (e.g., likes, comments, views). Since the API has a limitation for collecting all
commenting activities, we build a crawler that uses video IDs to open the web page of the video
post and scrap comments from the HTML script. All collected YouTube posts and comments are
publicly available online.
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Fig. 1. A sample Instagram post for the New York Times (@nytimes) with text moved to the side for improved

readability.

3.3 Tracking Emotions in Social Media Posts and Comments

Lexicon-based resources are commonly used, as they are domain-independent, and accuracy relies
on emotional words in respective lexicon [57]. Various emotion extraction resources are avail-
able, such as Linguistic Inquiry and Word Count 2015 (LIWC) [74], NRC Word-Emotion
Association Lexicon (EmoLex) [71], DepecheMood [89], and EmoSenticNet [15]. LIWC is a pop-
ular model for examining emotional and psychological lexicons in the textual content. LIWC
includes two sentiment categories (positive, negative) and three negative emotion categories
(anger, anxiety, sad). As their names exhibit, the other three resources have been developed
for extracting fine-grained emotion lexicons, including fear and surprise. When testing EmoLex,
DepecheMood, and EmoSenticNet for emotions with human-annotated datasets, including FB
and TW posts, EmoLex outperformed the other two in classifying texts with anger, fear, and
joy [71].

We specifically use LIWC because it uses high-quality lexicons, which allow us to analyze lan-
guage at scale. Specifically, LIWC can count the lexicon of three emotional categories and two sen-
timents, which is our study target in this research. Other advantages like being easy to interpret,
fast extracting the specified categories, and, most importantly, extensively validated. However, it
only provides limited emotional categories (3), which are all negative emotions. To include pos-
itive emotions, we also use EmoLex, which is designed to extract a larger number of emotional
categories (8). EmoLex includes two sentiment categories (positive, negative) and eight emotion
categories (anger, anticipation, disgust, fear, joy, sadness, surprise, and trust) whose lexicons were
constructed manually via crowdsourcing. Hence, we use both LIWC and EmoLex to extract emo-
tional terms for this research study.

Figure 1 shows an example of an Instagram post by the New York Times (@nytimes). Given
the body text of this news post (194 words), LIWC returns the following values: 1.03% (2 words),
3.61% (7 words), 0%, 1.55% (3 words), 0% for positive sentiment, negative sentiment, anxiety, anger,
and sadness, respectively. For the same post, EmoLex results in 7 anger, 5 anticipation, 2 disgust,
8 fear, 1 joy, 8 sadness, 2 surprise, 4 trust, 10 negative, and 7 positive words. In this example,
EmoLex detects more emotions than LIWC. EmoLex detects 10 negative and 7 positive sentiment
terms, while LIWC detects 7 negative and 2 positive terms. Moreover, EmoLex also detects positive
emotions of joy, surprise, trust, and anticipation, in this example.

We use both emotional lexicon resources LIWC and NRC EmoLex to extract emotional terms
from news posts and comments. We apply statistical analyses to comprehensively compare au-
dience emotions across the four platforms for the eight news organizations. We first clean our
dataset (removing stop words using the Natural Language Toolkit (NLTK) and stemming using
Porter Stemmer), extract emotional lexicons from postings and comments, and build a predictive
model for the overall emotional reactions of audiences. For FB, IG, and TW, we use the body text
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of social media posts; for YT, we use both the title and description of the video when examining
the emotions of social media posts.

LIWC. The LIWC 2015 version used in this research counts word frequencies for 93 categories of
a given text. Generally, the longer the provided text, the more reliable become the LIWC results.
For each news post and each comment in our dataset, we extract five LIWC-combined sentiment
and emotion features. The feature names that we used in this study are the following: positive
sentiment, negative sentiment, and the emotions of anger, anxiety, and sadness. The resulting
ratios are calculated by dividing the word frequency for each category by the total number of
words of the input text, expressed as a percentage. We compute the average number of emotional
words per post for each category to make fair comparisons across the four social media platforms.
For each news outlet and emotion category, we divide the values by 100, sum all values, and then
divide them by the total number of news outlet posts.

EmoLex. EmoLex lists English words and their associations with eight emotions (anger, fear, an-
ticipation, trust, surprise, sadness, joy, and disgust) and two sentiments (positive and negative).
For each news post and comment, we extract EmoLex emotions by using the syuzhet R library.
The resulting values are the number of words matching each emotion category. EmoLex includes
a significantly more extensive set of emotional lexicons than LIWC, as it is dedicated to emotion
extraction. For example, EmoLex includes, in total, 3,338 negative and 2,317 positive words, while
LIWC has 744 negative and 620 positive words. For lexicons of anger (e.g., kill and hate) and sadness
(e.g., crying and grief), EmoLex has 1,250 and 1,195 words, respectively, while LIWC has 230 and
136 words, respectively. To compare the results across platforms, similar to what we do for LIWC
values, we use the average number of emotion words per post in each category for each news post.
For each news post, we divide the resulting values of EmoLex by the total number of words of the
given text. Then, for each category, we sum the values for each news outlet, then by dividing them
by the number of posts, we get the average emotion words per post for each news outlet. This
procedure normalizes both post length and activity level effects on each platform by the outlet.

3.4 Predicting Emotional Engagement Expressed by the Audience

We refer to the overall audience emotional reactions as emotional engagement. We build a model
using content features that predict emotional engagement. Such a model can be helpful for editors
and journalists to understand better their audience’s emotional engagement given the news post-
ing. They can write content to trigger a specific emotion or better select future news stories with
such insights.

Since gold-standard data is available only on FB, we focus on FB for this research task. A similar
experiment can be conducted for different platforms. For example, one can manually label each
comment with emotional reactions via crowdsourcing and then aggregate them as a gold standard.
We leave this as future research. On FB, for a given post, our data contains several emotional
engagements, which we use, for each of the five categories: love, surprise, joy, sadness, and anger
(see Figure 2(a)).

We formulate this predictive analysis as a binary classification, where we categorize a news
post to assign either high (H ) or low (L) emotional engagement levels. Since news outlets have
varying followers and user activity levels, the degree of emotional engagement differs by both
news outlets and emotion category. A post that receives 1,006 love reactions might be considered
a high emotionally engaging post for news outlet A, while the same number of love reactions
could be considered a low emotionally engaging post for news outlet B. Thus, we build a model
for every news outlet in each emotion category. We consider the top 33% of the posts as high and
the bottom 33% of the posts as low emotion engagement levels for each model for details in building
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Fig. 2. Facebook emotional reactions for a post (a) and comments (b).

Table 2. The Distribution of the Two Classes (High (H ) and Low (L)) Emotionally Engaging for the

Prediction on Facebook

News Outlet
Love Surprise Joy

thrH thrL N(H) N(L) thrH thrL N(H) N(L) thrH thrL N(H) N(L)
chicagotribune 7 1 219 196 10 2 150 138 3 0 122 100
latimes 31 5 181 187 38 11 121 123 20 4 88 84
nydailynews 4 1 191 193 12 3 138 131 12 1 98 93
nypost 40 7 173 179 51 12 122 119 36 6 79 83
nytimes 202 42 164 169 60 18 109 112 17 4 74 76
usatoday 298 51 141 146 93 18 94 97 58 6 67 64
washingtonpost 53 11 154 153 41 11 105 107 40 4 73 72
wsj 8 2 189 186 8 2 143 129 8 1 109 89

Sadness Anger
thrH thrL N(H) N(L) thrH thrL N(H) N(L)

chicagotribune 3 0 81 79 4 0 81 56
latimes 20 2 56 57 22 1 49 38
nydailynews 11 1 78 64 15 0 43 44
nypost 10 1 63 54 10 0 46 38
nytimes 43 4 52 51 14 2 40 35
usatoday 21 2 43 44 19 1 35 29
washingtonpost 64 9 50 49 53 2 36 33
wsj 2 0 90 64 6 0 46 45

The values are before class balancing for individual news outlets. thr H and thr L are the threshold values for defining
high and low emotionally engaging posts, which are 33% and 66% quantile values of the emotion category on each
news outlet. Posts with >= thrH is in H and with <= L are in L. N (H ) is the size of class H , and N (L) is the size of
class L.

the models. Table 2 presents the threshold values used for determining the high (thrH ) and low
(thrL) emotionally engaging posts and the size of each class of (N (H ) and N (L)). While Table 2
shows the raw value of the sizes of the two classes, we note that we apply the under-sampling
technique to have a balanced dataset when building the classification model.

We consider two scenarios for which our model can be adopted. One is when journalists need to
know the emotional engagement of their audience on a news social media post before posting. For
this, we need to predict the audience’s emotional reactions before the publication of the social media
post (EEPr ior ). Thus, we consider the pre-publication social media post, which is the previously
published posts on the platform, to extract input features for the model.

Another scenario is when journalists need to monitor their audience’s emotional engagement
with the published content. By predicting the audience’s emotional engagement level quickly, the
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editors or journalists can revise their social media posts or prepare for future news stories. For
this, we need to predict audience’s emotional reactions after the publication (EEAf ter ) within N
minutes (e.g., N=10) of publishing the social media post. In this case, we can use both the social
media post and the comments that have already been posted. These early comments are useful for
understanding the overall emotional engagement with the post, as the earlier comments seem to
affect future reactions by later readers [8].

3.4.1 Features. Posts Features. From the posts, we consider: (1) Emotion features, (2) Term

features, and (3) Glove features.
Emotion Features: Emotions expressed in news social media posts can influence the audience’s

emotional engagement; thus, we extract emotional terms from the post and use them as features
of our model. Then, terms in each post encapsulating topics and styles become candidates for pre-
dicting emotional engagement. Terms have been found to have the most substantial effect when
predicting user engagement and emotions of content [1]. For the Emotion features of posts (de-
noted as Ep ), we extract five features from LIWC and 10 features from EmoLex for each post. When
referring to Emotion features, we mean all 15 features.

Term Features: For Term features of posts (denoted as Tp ), we use a bag-of-word, particularly
Term Frequency-Inverse Document Frequency (TF-IDF) representation that reveals the im-
portance of each term in a corpus. We take the texts of all news outlet posts on a platform, remove
punctuation and stop words, and then apply stemming. We then construct a TF-IDF matrix with
all Term features. For simplicity, we will refer to these TF-IDF features as “terms” throughout the
rest of this research.

Global Vectors (Glove) Features: Glove is a model that encodes each word into multiple dimen-
sions of vectors. For each post, we remove punctuation and stop words, and then each word in
the post is encoded using Glove 6B pre-trained model [75] with 300 dimensions. The representa-
tions of the sequence of words of a post (denoted as Gp ) are concatenated and input to the neural
network model.

Comments Features. Once a social media post is published, the audience can begin to react to
the post by commenting on the post, replying to other comments, or clicking the like or emotion
reaction buttons (e.g., love, surprise, joy, sadness, and anger), which is a similar interface for the
posts (see Figure 2). Our premise is that these early user reactions can be valuable cues in predict-
ing overall emotional engagement. Here, we examine early comments to see to what extent they
help predict overall emotional engagement and, if so, to determine the minimum period to mon-
itor to get a reliable prediction result. To this end, we compare prediction results by varying the
period after posts’ publication. We consider the comments left within 10, 20, 30, and 60 minutes
of publication for each post. We denote this variation as @10, @20, @30, and @60. For each of
the time variables, we follow the same procedure. Given a time span, we first filter the comments
received within the time span, and we then extract (1) Emotion features, (2) Term features, (3) Glove

features, and (4) Metadata features.
We follow steps similar to those used for posts’ features for textual features.
In addition, we extract the Metadata features of comments (Mc ) for each post, which are the

following:

• Average word count per comment
• Time taken to the first comment after post-publication in seconds
• Total number of comments within a given period (e.g., if @10, then we count the number of

comments received within 10 minutes from the post-publication)
• Ratio of the emotional engagement (e.g., love, surprise, joy, sadness, anger) by users to com-

ments for each post. For each emotional reaction, we sum the users’ emotional reactions to
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comments within the period for each post and then divide by the total comments for that
given post (total of five features).

3.4.2 Experimental Setup for Prediction Models. We build two binary classification prediction
models: (1) one that predicts emotional engagement for a given post before its publication (EEPr ior )
and (2) another that indicates emotional engagement for a given post N minutes after its publica-
tion (EEAf ter ). We also evaluate each Emotion, Term, Glove, and Metadata feature set by using the
features described in Section 3.4.1 to train logistic regression models and LSTM models for both
EEPr ior and EEAf ter . We specifically use LSTM models, as they have performed well for emotional
prediction [100]. Last, we build models for each news outlet and an All-in-One model by combin-
ing all the posts from every news outlet to construct a unified prediction model for emotional
engagement on social media.

Logistic Regression models. In the EEPr ior model, for each of the five emotion categories, we use
logistic regression to build a binary classification model whose dependent variable is the emotional
engagement label of a social media news post, using Emotion features (denoted as Ep ) and Term
features (denoted asTp ) as input features. We build the model using both features together (denoted
as Tp + Ep ). EEAf ter is similar to EEPr ior , but the difference is that it uses additional information-
users’ comments on a published post-as input. We use both post and comment features when
building EEAf ter by concatenating the two feature sets.

Thus, there are 30 Emotion features (15 Emotion features of the post and 15 of the comments),
which we denote as Ep+c . Likewise, we use both the Term features of the post and its comments
(denoted as (Tp+c )) when building EEAf ter . We also conduct experiments by varying periods from
@10 to @60 minutes after posting to see how early one can predict emotional engagement.

We use the following formula for building all logistic regression models [55]: z = α + β1X1 +

β2X2+ · · · +βkXk , where theXk are the independent variables, and α and the βk are constant terms
representing unknown parameters to be estimated by the model. For all experiments, we use the
default setting of the logistic regression function in the sklearn library (https://scikit-learn.org/)
using the default hyperparameters. We use 10-fold cross-validation to evaluate the performances
of different models. Since we use a balanced dataset for the prediction, we report the F1-score and
omit reporting other measures, as they result in similar values.

Neural Network models. We adopt LSTM to build neural network models for EEPr ior

and EEAf ter and word embedding, a useful model for different natural language processing
tasks [62, 63].

Our models are implemented using Keras with Tensorflow backend. The training configura-
tions are the same for all our neural network models, which are batch size=32, learning rate=0.002,
epoch=10, using sigmoid activation and Adam optimizer. For each model, we split the dataset of
each news outlet according to 70% of data is used to train the neural network model, 10% used for
validation, and 20% of data for model testing. We report the F1-score for evaluating the output mod-
els and comparing the performance of LSTM with the traditional machine learning model results.

4 RESULTS

4.1 Emotions Expressed by News Media across Platforms

RQ1: (a) What emotions do individual news outlets employ in their social media posts? (b) Are there

differences in emotions in these posts across Facebook, Instagram, Twitter, and YouTube? To examine
the use of emotion lexicons by news outlets, we begin by examining the average number of emotion
lexicons per post for 15 emotion categories (EmoLex and LIWC). There are two emotions (anger
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Fig. 3. Average of 15 emotions and sentiment for posts (P) using EmoLex and LIWC emotions across eight

news outlets and four social media platforms (Facebook, Instagram, Twitter, and YouTube).

and sadness) categories common in both EmoLex and LIWC. We normalize the lexicon counts to
eliminate the effect of the post length. Figure 3 shows emotion usage in the news social media
posts of each of the eight news outlets on each of the four social media platforms.

From Figure 3, positive emotions are prominent in social media posts among most news out-
lets, and the level of positivity is higher for IG, slightly higher for FB and YT, and similar for TW
compared to the level of negativity for each platform. On IG, among the eight news outlets, @us-
atoday’s posts contain the largest number of positive lexicons, with lots of anticipation, joy, and
trust. At the same time, the @washingtonpost tends to use more negative lexicons. On TW, posi-
tivity and negativity are similarly present in the tweets, and the differences between news media
on TW are marginal. This may result from TW’s length guidelines limiting the stylistic differences
the news media can employ. On FB and YT, the news outlets seem to use more positive lexicons
than negative lexicons in their posts. This is somewhat counter-intuitive, given that news articles
tend to be more negative than positive [84].

On FB, @usatoday’s posts contain more positive words, while @nydailynews’s posts have
the most negative words. On YT, again, @usatoday’s posts have the most positive words, while
@nypost’s posts contain the most negative words in their YT posts. Among the emotion categories
(excluding the sentiment categories), trust lexicons (P_trust_EmoLex) are most commonly used in
the news social media posts across all four news media platforms. In particular, @usatoday’s posts
have the largest number of trust lexicons on all platforms; of all its 425 FB posts, 229 (53.8%) have
at least one or more trust lexicons. Moreover, the disgust emotion is the least expressed in news
posts among all eight news outlets across the four platforms.

4.1.1 Use of Emotions by News Media across Platforms. We also compare the emotion lexicon
usage between pairs of social media platforms. For each of all possible pairs of the four platforms,
we conduct an unpaired Welch’sT -test with Bonferroni correction for multiple comparisons using
the average number of emotion lexicons per post between the two platforms, as news outlets tend
to have a dedicated and different social media manager for each social media platform [3]. Table 3
shows the result of the Welch’sT -test for five LIWC and 10 EmoLex categories for the eight news
social media posts published on the four platforms, with t-value and its significance level. The
positive (negative) t-value means that one platform (P1) uses more (less) emotion lexicons than
another platform (P2) in a specific emotion category. We omit the result for the inverse pairs as
the resulting values are the same with opposite signs.
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Table 3. Welch’s T -test with Bonferroni-corrected Significance for posts’ Emotions

between Each Pair of Platforms (P1-P2) for the four Platforms: Facebook (FB),

Instagram (IG), Twitter (TW), and YouTube (YT)

P1 FB FB FB IG IG TW
P2 IG TW YT TW YT YT
E_anger 3.78 0.06 2.96 −5.1** −0.03 3.64
E_anti 1.87 4.21* 1.8 0.81 0.56 −0.31
E_disg 2.83 0.72 2.21 −4.32* −0.37 3.13
E_fear 5.11** 0.37 3.35 −5.57** −0.43 3.43
E_joy −0.15 2.58 1.17 1.66 1.11 −0.04
E_sad 3.66* −0.12 3.33 −3.95* 0.46 3.62
E_surp 3.96* −0.92 3.16 −3.51 0.73 3.2
E_trust 4.23* 4.22* 3.88* −1.33 −0.7 0.57
E_neg 4.23* 0.36 3.24 −4.96** 0.07 3.46
E_pos 2.25 6.5** 3.85* 1.17 1.31 0.7
L_pos −0.4 5.23** 1.89 1.6 1.47 −0.1
L_neg 4.05* 0.13 2.17 −6.69*** −1.12 2.87
L_anger 4.21* −0.27 2.17 −5.43** −1.12 2.9
L_sad 2.27 0.51 1.72 −3.56 0.09 2.29
L_anx 3.93* 0.08 2.29 −5.36** −1.32 3.24

EmoLex emotions indicated by (E_) and LIWC emotion by (L_). The positive (negative)
t -value means that P1 uses more (less) emotion lexicons than P2 in that emotion category.
Significant level codes: * p<0.05, ** p<0.01, *** p<0.001.

FB posts tend to use more emotion lexicons than IG posts in most negative emotion categories.
Compared with TW, FB posts tend to have more lexicons in anticipation (4.21) and trust (4.22), in-
dicating FB posts tend to be more optimistic than TW posts. Although positive categories (EmoLex
positive and LIWC positive) significantly differ between FB and TW, news outlets tend to express
a similar level of negativity on both platforms. Like FB posts, TW posts are more emotionally
charged compared to IG. Posts on TW have more negative emotion lexicons than IG posts and
no significant difference compared to YT posts. Also, there is no significant difference between IG
posts and YT posts regarding emotional lexicon usage.

Concerning RQ1, it is apparent that the eight news outlets tend to have more positive than
negative emotions in their social media posts.

4.2 Emotional Reactions by Audience to News Media Posts

RQ2: Are there different emotional reactions to news social media posts on Facebook, Instagram, Twitter,

and YouTube audiences?

Figure 4 shows the average emotion lexicons per comment across the different news outlets on
each specific platform. We observe different emotional expressions in the audience comments than
the news posts to which these comments are made.

On FB, the audience of @nydailynews has the largest average number of negative lexicon. Con-
versely, the audience of @nytimes shows the smallest average number of negative lexicons. This
trend in the comments seems to follow the trend in the post emotions. On IG, we see that posi-
tive lexicons are used frequently by users in their comments on the news posts. Given that news
social media posts are likely to have more positive lexicons, we expect user reactions to be posi-
tive, at least on this platform. As we see in post emotions, @usatoday users are more likely to be
positive on IG. On TW, the differences in emotion lexicon usage in comments across news outlets
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Fig. 4. Average 15 emotions and sentiment lexicon usage for comments (C) using EmoLex and LIWC emo-

tions for each of the eight news outlet across each of four social media platforms (Facebook, Instagram,

Twitter, and YouTube).

are marginal compared to other platforms, perhaps because the tweet length is fixed. On YT, user
comments tend to have more negative lexicons than positive lexicons, which is the opposite of the
YT posts. These results indicate that news outlet audiences use social media platform comments
to express their concerns and worries, even while news outlets keep their tone more positive.

In the posts themselves, fear is the foremost emotion category observed, but anger, sadness,
disgust, and fear are similarly expressed in the audience’s comments. Overall, users express more
diverse negative emotions in their comments to news outlet posts, addressing part of RQ2.

4.2.1 Emotional Reaction Differences of Audiences across Platforms. We use the unpaired Welsh
T -test to investigate the statistical significance of differences in emotion lexicon usage for each
emotion category of all pairs of the four social media platforms for audience comments. The results
are presented in Table 4.

Overall, we find that IG users express more positive emotions in their comments to the news
outlet posts. Compared to FB users, IG users use significantly more anticipation lexicons (4.0). Sim-
ilar trends are found for IG compared with TW and YT, where IG users again tend to express more
positive emotions in their comments. Therefore, the IG audience tends to be positive. Although
not as positive as IG, FB is also a platform where users express more positive emotions compared
to TW and YT, with more anticipation (5.29 for YT), joy (5.95 and 6.31), surprise (4.51 for YT),
EmoLex positive sentiment (4.76 for YT), LIWC positive sentiment (6.98 for TW). When compar-
ing TW with YT, TW users employ slightly more positive lexicons—more anticipation (4.85) and
surprise (5.13) in their comments. Addressing RQ2, we find significant differences in audiences
using positive emotions across social media platforms. However, we do not see any difference in
the use of negative emotions in users’ comments on the news social media posts.

4.2.2 Highest Audience Emotional Expression by Platform. From the Welsh T -test results in
Table 4, we can infer that the level of positivity is strongest in IG audiences (followed by FB and
TW) and weakest in YT audiences. We compute the average emotion lexicons per comment across
the eight news outlets on the four social media platforms to better quantify this trend. Table 5
shows the results with the average values of all emotion categories in the last row.
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Table 4. Welsh’s T-test with Bonferroni-corrected Significance for Comments’ Emotions

between Each Pair of Platforms P1-P2 for the Four Platforms: Facebook (FB), Instagram

(IG), Twitter (TW), and YouTube (YT). EmoLex emotions indicated by (E_) and LIWC

emotions by (L_)

P1 FB FB FB IG IG TW
P2 IG TW YT TW YT YT
E_anger 0.06 −0.28 0.56 −0.49 0.62 1.37
E_anti −4.0* 2.72 5.29** 7.12** 8.97*** 4.85**
E_disg 0.91 1.1 1.43 −0.11 0.36 0.79
E_fear 0.76 0.29 1.47 −0.85 0.96 1.97
E_joy −6.75** 5.95** 6.31*** 8.34*** 8.6*** 1.84
E_sad −0.78 −0.11 0.78 1.34 2.17 1.42
E_surp −2.26 1.7 4.51** 5.88** 8.22*** 5.13*
E_trust −3.01 1.09 3.03 4.98* 6.46*** 3.83
E_neg 0.57 0.35 1.12 −0.45 0.49 1.39
E_pos −6.7** 3.36 4.76** 8.34*** 8.96*** 3.21
L_pos −7.63** 6.98** 3.38 9.31*** 8.6*** −2.67
L_neg −0.65 0.79 −1.4 1.41 −0.59 −2.51
L_anger 0.63 1.03 −2.48 −0.05 −2.68 −3.24
L_sad −2.85 0.95 1.21 3.76 3.91 0.53
L_anx −0.59 −1.34 0.47 −0.26 1.02 4.25*

The positive (negative) t -value means that P1 uses more (less) emotion lexicons than P2 in that
emotion category.
Significant level codes: * p<0.05, ** p<0.01, *** p<0.001.

Similar to what we found in the previous analysis, we see that IG users use more positive emo-
tion lexicons (0.083 by EmoLex and 0.137 by LIWC), followed by FB (0.046 by EmoLex and 0.053
by LIWC), TW (0.040 by EmoLex and 0.036 by LIWC), and YT (0.035 by EmoLex and 0.043 by
LIWC). In particular, IG users use two or three times more joy lexicons (0.057 words per comment
on average) than users on FB, TW, and YT (0.025, 0.018, 0.016, respectively). We also find more
emotion lexicons of anticipation, surprise, and trust by IG users. The differences between the four
platforms in negative emotion categories are marginal.

These results indicate that the length of comments and emotion usage are not related. Users
on IG tend to use more emotion lexicons, even though IG comments are the shortest, on average,
among the four platforms. Therefore, it appears that platforms’ length restrictions are not a major
determinant of whether audiences express an emotional reaction. Also, while YT comments are
much longer than the comments on other platforms, YT users use slightly fewer emotion lexicons
than other platforms, addressing a portion of RQ2.

4.2.3 Relationship between Post Emotions and Emotional Reactions Expressed in Audience Com-

ments. By comparing the emotions between posts and comments across the different news outlets
and platforms, a question naturally arises: Do emotions expressed in the news social media posts in-

fluence the emotional reactions of users in their comments? To this end, we examine the relationship
between posts’ emotions and comments’ emotions. We note that the following analysis examines
the correlation, not the causation, although at least a temporal relationship. The results are shown
in Table 6, where the positive (negative) t-value means the larger (smaller) number of emotion
lexicons occurs in the posts compared to comments.

On FB, users tend to use more lexicons of joy (−4.24), LIWC positive (−13.15), LIWC negative
(−3.75), and LIWC sadness (−3.75); thus, users’ comments are more emotionally charged than the
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Table 5. The Average Emotional Words per

Comment for the Eight News Outlets on Each of

the Four Platforms: Facebook (FB), Instagram

(IG), Twitter (TW), and YouTube (YT)

FB IG TW YT
E_anger 0.020 0.019 0.020 0.018
E_anti 0.025 0.033 0.021 0.017
E_disg 0.020 0.017 0.018 0.016
E_fear 0.023 0.021 0.022 0.019
E_joy 0.025 0.057 0.018 0.016
E_sad 0.019 0.020 0.019 0.017
E_surp 0.019 0.024 0.017 0.012
E_trust 0.030 0.039 0.028 0.024
E_neg 0.045 0.041 0.043 0.038
E_pos 0.046 0.083 0.040 0.035
L_pos 0.053 0.137 0.036 0.043
L_neg 0.037 0.041 0.033 0.045
L_anger 0.014 0.012 0.013 0.023
L_sad 0.006 0.010 0.006 0.005
L_anx 0.003 0.003 0.004 0.003
Avg. 0.026 0.037 0.023 0.022

EmoLex emotions indicated by (E_) and LIWC
emotions by (L_). The last row shows the average of
all emotions of a platform, including LIWC (L_) and
EmoLex(E_) features.

news media posts. On IG, users use significantly more emotion lexicons in their comments for all
emotion categories; user comments have more emotion lexicons than the news posts on IG. On
TW, users are also more emotional, using more disgust (−8.84) and joy (−6.44) emotions than those
appearing in the original posts. This results in comments being more negative (−4.6) than posts in
general. On YT, users tend to use more disgust lexicons (−5.64) than news posts. When looking at
the LIWC emotion categories, comments are more likely to have emotion lexicons, both positive
and negative emotions, for all four platforms, compared with posts.

Overall, we observe that comments tend to be much more emotionally charged than posts. In
particular, negative emotions are more prevalent in user comments than in the post on which the
comments are made. Users do not follow the feelings in the posts; instead, they use social media to
express their anger, disgust, and sadness. This addresses RQ2, showing the differences in emotion
lexicon usage between posts and comments across the four platforms.

4.3 Predicting Emotional Engagement by Platform

RQ3: Can the emotional reaction of audiences to the news social media posts be predicted on specific

social media platforms?

In addressing RQ3, we conduct two predictive analyses: (1) predicting emotional engagement by
the audience of a post before its publication (EEpr ior ) using solely posts features and (2) predicting
emotional engagement of a post immediately after its publication (EEaf ter ), using both posts and
comments features.

4.3.1 Predicting Emotional Engagement before Publication. We build EEpr ior with five different
features of the posts. As shown in Table 7, the prediction results (F1-score) vary across news
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Table 6. T-test with Bonferroni-corrected Significance of

Emotions between Comments and Posts for LIWC (L_) and

EmoLex (E_) Emotions Lexicons and the Four Platforms: Facebook

(FB), Instagram (IG), Twitter (TW), and YouTube (YT)

FB IG TW YT
E_anger −0.37 −5.28** −1.34 −3.2
E_anti −0.08 −5.35** −2.3 1.63
E_disg −3.21 −5.24* −8.84*** −5.64**
E_fear 0.94 −4.22* 1.41 −1.53
E_joy −4.24* −7.46*** −6.44*** −0.98
E_sad −1.22 −6.93*** −2.42 −3.39
E_surp −3.13 −9.17*** −0.75 −1.45
E_trust 3.07 −4.19* 0.96 2.22
E_neg −1.77 −4.34* −4.6* −3.53
E_pos 2.46 −6.2*** −1.11 −0.06
L_pos −13.15*** −9.56*** −17.9*** −8.0***
L_neg −3.75* −5.95** −9.86*** −6.52**
L_anger −3.51 −3.67 −5.5** −4.95*
L_sad −3.75* −6.88** −9.09*** −7.65***
L_anx −0.03 −3.91* −2.03 −3.86

The positive (negative) t -value means that there are more (less) emotion
lexicons in the posts (P) than comments (C) in the emotion category.
Significant level codes: * p<0.05, ** p<0.01, *** p<0.001.

outlets, FB’s emotion categories, and feature sets, indicating that the task is easier for some news
outlets on certain emotions with the appropriate set of features. For example, for @nydailynews, it
is difficult to predict whether a news post will have high love (the highest F1-scores are 0.596 (Ep )
emotional engagement; however, it is easier to predict joy with F1-scores of 0.748 (Gp + Ep ). Also,
the performance varies significantly by feature sets. The most considerable performance improve-
ment is for @nypost on the joy category, from 0.426 of F1-score with Tp to 0.683 with Gp (33.7%
improvement). Also, for two news outlets (@nydailynews and @nypost), Ep performs best for love
emotion.

From the results, we observe that the LSTM model using Glove features (Gp orGp+Ep ) perform
better than logistic regression with Term features (Tp ) for three outlets (@chicagotribune, @usato-
day, and @washingtonpost) and over the five emotions, with an improvement of 3%–28%. For some
tasks, Term or Emotion features work better than Glove features. For example, @nytimes performs
best when using only Term features (Tp ) for emotions such as love, joy, sadness, and anger, but for
surprise, Glove features (Gp ) perform better (0.721). These results are consistent with the previous
analysis, which found that terms are the best predictors for emotional engagement on FB for the
New York Times posts [32]. Also, for @nypost and @nydaily news, the prediction of love emotion
works best using only Emotion features (Ep ) and logistic regression.

LSTM with Glove-word embedding is tested in the literature against other machine-learning
models (e.g., SVM) and has been found to perform less on the task of intent classification where
the sequence of wording is not essential [87]. Thus, the results might change, depending on the
task and dataset used to observe at individual news outlets and for each predicted emotion. For
example, in @nytimes prediction models, we found that using LSTM only improves the perfor-
mance for surprise emotions (by 7%), but not love, joy, sadness, and anger, where terms of posts
work best.
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Table 7. Logistic Regression Classifier and LSTM Results (F1-score) for Facebook Posts Emotions Before

Publication Using Five Different Feature Sets: Emotions Lexicon of Posts (Ep ), Terms of Posts (Tp ), Glove

Embedding (Gp ), both (Tp + Ep ), and (Gp + Ep )

Emotion Feature chicagotribune latimes nydailynews nypost nytimes usatoday washingtonpost wsj Average All-in-One-model

Love

Ep 0.592 0.474 0.596 0.589 0.663 0.576 0.657 0.494 0.580 0.591
Tp 0.546 0.611 0.521 0.532 0.758 0.655 0.541 0.530 0.587 0.650
Gp 0.623 0.640 0.570 0.515 0.714 0.801 0.688 0.379 0.616 0.665
Tp +Ep 0.592 0.565 0.578 0.572 0.702 0.640 0.667 0.522 0.605 0.699
Gp + Ep 0.618 0.578 0.550 0.508 0.700 0.776 0.685 0.449 0.608 0.653

Surprise

Ep 0.511 0.503 0.491 0.592 0.590 0.577 0.633 0.500 0.550 0.544
Tp 0.556 0.566 0.505 0.516 0.716 0.646 0.539 0.465 0.564 0.663
Gp 0.632 0.609 0.667 0.592 0.774 0.721 0.662 0.644 0.663 0.649
Tp +Ep 0.546 0.556 0.520 0.606 0.627 0.573 0.642 0.504 0.572 0.684
Gp + Ep 0.607 0.624 0.677 0.617 0.756 0.707 0.602 0.632 0.653 0.646

Joy

Ep 0.505 0.502 0.718 0.568 0.622 0.623 0.641 0.558 0.592 0.613
Tp 0.494 0.688 0.523 0.426 0.720 0.657 0.578 0.493 0.572 0.702
Gp 0.566 0.685 0.742 0.683 0.640 0.714 0.803 0.493 0.666 0.683
Tp +Ep 0.533 0.596 0.710 0.555 0.667 0.640 0.648 0.579 0.616 0.716
Gp + Ep 0.549 0.693 0.748 0.667 0.633 0.747 0.733 0.459 0.653 0.684

Sadness

Ep 0.577 0.599 0.584 0.561 0.733 0.615 0.603 0.516 0.599 0.568
Tp 0.555 0.641 0.520 0.497 0.830 0.752 0.533 0.503 0.604 0.674
Gp 0.690 0.461 0.584 0.592 0.787 0.789 0.736 0.515 0.644 0.675
Tp +Ep 0.599 0.628 0.595 0.548 0.762 0.662 0.642 0.500 0.617 0.706
Gp + Ep 0.661 0.478 0.639 0.572 0.789 0.767 0.723 0.591 0.653 0.670

Anger

Ep 0.566 0.571 0.498 0.538 0.696 0.609 0.696 0.610 0.598 0.620
Tp 0.512 0.714 0.529 0.523 0.821 0.724 0.557 0.436 0.602 0.721
Gp 0.622 0.743 0.606 0.683 0.779 0.848 0.837 0.628 0.718 0.720
Tp +Ep 0.599 0.634 0.527 0.551 0.751 0.664 0.717 0.615 0.632 0.739
Gp + Ep 0.660 0.735 0.562 0.564 0.775 0.813 0.806 0.622 0.692 0.732

The average is calculated from the F1-scores of individual news outlet models shown in the table. All-in-One-model
shows the F1-score using all news outlets to build a model.

Which of the three features (Tp , Gp , and Ep ) is a stronger predictor? Our results differ by news
outlets or emotional interest. News social media posts are concise, and they tend to describe news
stories in a few sentences, meaning that those posts include words referring to news topics. So,
when a prediction result is better with Tp or Gp , it may mean that the audience’s emotional en-
gagement with a news outlet is driven more by the news topics. When Ep is a stronger predictor
than Tp or Gp , the audiences are more likely to respond to the emotions expressed in the news
posts, regardless of the news topics. While emotion lexicons are part of the social media post itself,
our results show that ignoring news topics and highlighting emotions improves the prediction
performance for some emotional reactions. We also find that the prediction model’s performance
relates to users’ engagement in using FB emoticons.

Apart from individual models, we also build a unified model by combining all news posts pub-
lished by all eight news outlets (All-in-One model) that we believe can help news media whose
prediction performance is below the average. The All-in-One models have the highest F1-scores
by using Tp + Ep across all five FB emotion categories. The corresponding F1-scores are 0.69, 0.68,
0.71, 0.70, and 0.73 for love, surprise, joy, sadness, and anger.

We further analyze the critical features of the two models (All-in-One with Tp and All-in-One
with Ep ) that provide insight on which terms and emotion categories are associated with emotional
engagement. Since our model is based on the logistic regression, we look into the coefficients of
the five models for love, surprise, joy, sadness, and anger emotional reactions. We first examine
All-in-One with Tp . Figure 5 shows the top 20 (stemmed) terms ranked by their coefficients for
each of the five models. We find that terms relating to Donald Trump (trump, donald) and U.S.
politics, such as president (presid) and campaign, tend to be top features in predicting news posts
with high emotional engagement. In particular, the term trump is listed for anger (1st) and joy
(1st) models. However, we also find distinctive features. News social media posts with terms like
children, world, nation, and solar tend to be highly engaged with love emotions. Terms such as
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Fig. 5. The top 20 most important terms for the logistic regression prediction model for love, surprise, sadness,

and anger emotion categories, using all news outlets posts (All-in-One model).

kill and attack are associated with high engagement of sad emotions, while kill and senate (senat)
are associated with anger. We also find California and Virginia are the strongest term features for
surprise; this is most likely due to specific new events occurring in these locations during the data
collection period. Altogether, existing terms encapsulate news topics closely relating to a certain
emotion. News outlets can use these impactful terms to improve the wording of and increase the
emotional reaction to their social media posts, as these terms are most commonly used among the
eight major news outlets. This provides an opportunity for an outlet to learn tactics of and from
other news outlets. Conducting a similar feature analysis of the models based on data compiled in
a shorter period (i.e., a week or a month instead of eight months) might also assist news outlets in
understanding and monitoring how the audience’s preferences change over time.

We now examine how the LIWC and EmoLex features relate to the prediction of emotional
engagement via the All-in-One model with Ep . Figure 6 shows the 15 LIWC and EmoLex features
ranked by their coefficient values in each of the five FB emotion engagement models. A negative
coefficient value can be interpreted as having an inverse effect on the prediction model, with the
lower value of the feature, meaning better prediction performance.

In predicting love, LIWC_positive (0.014), EmoLex_positive (0.013), and LIWC_negative (–0.03)
are the three most robust features. The higher proportion of positive lexicons and the lower pro-
portion of negative lexicons in the posts relate to predicting emotional engagement on love. Per-
haps counter-intuitively, surprise can be predicted better with negative emotions, with a higher
proportion of negative lexicons (including fear) and a lower proportion of positive lexicons as-
sociated with surprise engagement. This means that FB users tend to use surprise emoticons for
negative content. The prediction model for sadness has fear as the most crucial feature (0.32), while
EmoLex_trust (0.23) is the second most important feature.

4.3.2 Predicting Emotional Engagement after Publication. Do early comments on news social
media posts help predict the overall emotional engagement of audiences on the posts? To respond
to this question, we build EEaf ter models with periods of 10, 20, 30, and 60 minutes after the publi-
cation of the posts (denoted as @10, @20, @30, and @60). We then examine different feature sets
to understand the essential characteristics of the comments in predicting emotional engagement.
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Fig. 6. The importance of Emotion features using both LIWC (LIWC_) and EmoLex (EmoLex_) for the logistic

regression prediction model for love, surprise, sadness, and anger categories, using all news outlets posts (All-

in-One model).

Table 8. Logistic Regression Classifier Results for Facebook’s Five Emotions (Love, Surprise, Joy, Anger,

Sadness) after Publication Using Comments Metadata Features (Mc ), Emotion Features (Ep+c ), Term

Features (Tp+c ), and Term, Emotion, and Metadata Features (Mc + Ep+c +Tp+c )

emo Mc Ep+c Tp+c Mc + Ep+c +Tp+c Gp+c Mc + Ep+c +Gp+c

time @10 @20 @30 @60 @10 @20 @30 @60 @10 @20 @30 @60 @10 @20 @30 @60 @10 @20 @30 @60 @10 @20 @30 @60
Loves 0.62 0.62 0.62 0.63 0.61 0.62 0.62 0.62 0.73 0.72 0.73 0.72 0.66 0.66 0.67 0.68 0.70 0.71 0.71 0.70 0.65 0.66 0.66 0.64
Surprise 0.65 0.66 0.65 0.62 0.59 0.60 0.61 0.62 0.72 0.73 0.72 0.73 0.65 0.66 0.67 0.68 0.70 0.71 0.71 0.71 0.67 0.68 0.68 0.69
Joy 0.66 0.64 0.63 0.62 0.60 0.61 0.62 0.63 0.79 0.79 0.78 0.78 0.68 0.69 0.70 0.70 0.77 0.78 0.77 0.78 0.69 0.69 0.66 0.68
Sadness 0.56 0.56 0.56 0.57 0.63 0.63 0.63 0.65 0.74 0.74 0.73 0.74 0.68 0.67 0.68 0.69 0.74 0.75 0.75 0.75 0.66 0.67 0.66 0.67
Anger 0.62 0.62 0.61 0.63 0.65 0.65 0.67 0.67 0.79 0.79 0.78 0.79 0.70 0.70 0.71 0.72 0.80 0.81 0.80 0.80 0.73 0.73 0.74 0.74

Also, LSTM results for Glove features for both posts and comments (Gp+c ) and Metadata, Emotion and Glove features
together (Mc + Ep+c +Gp+c ). We report the average F1-scores of the eight news outlets in four time ranges (10, 20, 30,
60).

Since we use both posts and comments as input features in these models, we also quantify the ef-
fect of comments on prediction performance. Table 8 shows the prediction results using six feature
sets: Metadata features of comments (Mc ); Emotion features of both posts and comments (Ep+c );
Term features of both posts and comments (Tp+c ); (Mc +Ep+c +Tp+c ); Glove features for both posts
and comments (Gp+c ); and Metadata, Emotion, and Glove features together (Mc + Ep+c + Gp+c ).
We report the average F1-scores of the models at four time spans for the eight news outlets for
simplicity.

First, we see only marginal increases in the prediction performance by increasing the period; the
comments received 10 minutes post-publication achieve prediction performance as good as those
collected for 60 minutes. The changes of the F1-scores by varying the time seem to be marginal
(<=0.03) across all models examined. When using the comments received within 10 minutes of
publication, the models result in F1-scores of 0.73, 0.72, 0.79, 0.74, and 0.79 for love, surprise, joy,
sadness, and anger, and the best-performing models are all based on Tp+c with a marginal differ-
ence from LSTM models with Gp+c features (<=0.03). Also, appending the Metadata and Emotion
features to Glove features in the LSTM performs less effectively than using only the Glove fea-
tures, which is the same as the logistic regression model. This indicates that emotions are part of
the Term features. Using only the content language is enough to predict the five emotions @10
minutes.
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Table 9. Logistic Regression Classifier Results for Facebook Five Emotions (Love, Surprise, Joy, Anger,

Sadness) after Publication Using Comments Metadata Features (Mc ), Emotion Features (Ep+c ), Term

Features (Tp+c ), and Term, Emotion, and Metadata Features (Mc + Ep+c +Tp+c )

Loves Surprise Joy Sadness Anger

M E T
T+E
+M

G
M+E
+G

M E T
T+E
+M

G
M+E
+G

M E T
T+E

+M
G

M+E
+G

M E T
T+E
+M

G
M+E
+G

M E T
T+E
+M

G
M+E
+G

chicagotribune 0.58 0.58 0.74 0.62 0.63 0.70 0.63 0.54 0.73 0.65 0.73 0.74 0.66 0.53 0.76 0.62 0.78 0.70 0.62 0.63 0.71 0.66 0.72 0.70 0.63 0.66 0.80 0.67 0.84 0.79
latimes 0.54 0.56 0.63 0.61 0.61 0.51 0.57 0.56 0.71 0.63 0.62 0.60 0.59 0.51 0.75 0.60 0.76 0.71 0.55 0.63 0.73 0.66 0.61 0.58 0.58 0.60 0.75 0.63 0.77 0.69
nydailynews 0.62 0.60 0.69 0.64 0.63 0.67 0.67 0.58 0.76 0.66 0.70 0.69 0.66 0.58 0.86 0.72 0.84 0.70 0.60 0.60 0.78 0.71 0.81 0.60 0.67 0.56 0.83 0.69 0.86 0.73
nypost 0.67 0.65 0.80 0.68 0.74 0.64 0.68 0.60 0.75 0.67 0.82 0.74 0.67 0.61 0.86 0.69 0.71 0.59 0.64 0.63 0.75 0.67 0.67 0.64 0.58 0.64 0.76 0.73 0.74 0.66
nytimes 0.50 0.67 0.76 0.66 0.75 0.58 0.70 0.64 0.73 0.69 0.70 0.69 0.63 0.70 0.72 0.68 0.63 0.61 0.59 0.72 0.82 0.74 0.83 0.77 0.62 0.70 0.81 0.70 0.83 0.84
usatoday 0.71 0.66 0.76 0.69 0.82 0.78 0.70 0.64 0.77 0.68 0.69 0.68 0.73 0.65 0.82 0.75 0.80 0.78 0.43 0.64 0.73 0.67 0.74 0.68 0.57 0.62 0.77 0.70 0.81 0.83
washingtonpost 0.63 0.64 0.76 0.70 0.65 0.56 0.64 0.65 0.73 0.68 0.64 0.58 0.67 0.59 0.87 0.73 0.84 0.70 0.46 0.64 0.80 0.70 0.82 0.71 0.63 0.71 0.82 0.73 0.74 0.70
wsj 0.69 0.55 0.69 0.66 0.75 0.72 0.57 0.55 0.66 0.58 0.72 0.66 0.67 0.57 0.72 0.67 0.83 0.73 0.62 0.55 0.63 0.60 0.72 0.57 0.67 0.67 0.75 0.75 0.81 0.62

Also, LSTM results for Glove features for both posts and comments (Gp+c ) and Metadata, Emotion, and Glove features
together (Mc + Ep+c +Gp+c ). We report the F1-scores of individual news outlets in one time range (@10).

Compared with the average of the best F1-scores of the EEpr ior models withGp across the eight
news outlets for the love, surprise, joy, sadness, and anger categories, the F1-scores are 0.616, 0.663,
0.666, 0.653, and 0.718, respectively. The comments within 10 minutes can improve the model per-
formance by 12.4% on average. The two models with Mc and Ep+c also result in better performance
than the random baseline, with the F1-scores @10 >= 0.56 and >= 0.59 on average across all emo-
tion categories that are comparable to the results of the EEpr ior .

For further investigation on performance improvement at the news outlet level, Table 9 presents
the prediction performances of EEaf ter @10 built for individual news outlets for each of the five
FB emotion categories. We see significant improvement for most of the news outlets when adding
comment features. There are three main observations we highlight here. First, for @wsj, using
Gp+c features with the LSTM model improves all five emotions predictions with 6%–11%. Second,
for negative emotions (sadness and anger), the performance is best using Glove features for 6 out
of 8 news media for sadness emotion with the improvement of 1%–9%. While, for anger emotion,
using (Mc + Ep+c +Gp+c ) works slightly better for two news outlets (@nytimes and @usatoday),
meanwhile using only Gp+c features perform best for four other outlets (@chicagotribune, @la-
times, @nydailynews, and @wsj). Third, EEaf ter models withTp+c features tend to have the high-
est F1-scores for at least five of eight news outlets over the positive emotions (love, surprise, and
joy). This implies that news topics are strongly associated with emotional engagement, even for
users’ comments.

However, adding Emotion and Metadata features does not generally improve performance. This
means one or more factor interactions negatively impact prediction with the Term, Emotion, and
Metadata features. It would be an interesting future task to examine the individual features of
Metadata and Emotions to check which features hurt the performance and the reason behind that
effect. Grouping emotion features (e.g., joy, sadness, trust, and anticipation) instead of using all
emotions was found to improve the baseline results of credibility detection [29, 30], which can be
adopted in future work.

5 DISCUSSION

Understanding emotional engagement is challenging for news outlets, and it is even more chal-
lenging in a multiple social media platforms environment. To the best of our knowledge, this
is one of the first research works to investigate a large set of emotions in posts and associated
comments, along with the emotional interaction between posts and comments. Previous works
(e.g., References [31, 32]) have either focused on one platform, single news outlet, from the posts or
comments perspective, or using specific emotion. Also, this is one of the first studies using a large-
scale dataset encompassing multiple major news outlets across numerous social media platforms
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over an extended period. The research findings make a notable contribution to affective computing
and sentiment analysis domains. Overall, there are several impactful findings. They include:

• High use of positive emotions: Positive emotions are the most prominent in news social
media posts among most news outlets, especially for Instagram,
• Emotional style varies by outlet: News outlets tend to have a specific style, with out-

lets such as @usatoday using the largest number of positive lexicons, and @nytimes and
@chicagotribune tending to use the smallest number of emotional words.
• Prediction of emotional engagement: The successful prediction of emotional en-

gagement varies among news outlets, with specific news topics more closely relating to
certain emotions. A 10-minute time window seems most optimal for predicting emotional
engagement.
• Divergence between emotions in posts and comments: The emotional expressions in

news posts do not typically align with the emotional engagement of the audience comments.
• Emotional differences among platforms: There are platform differences among

audiences concerning the use of positive emotions but not for the use of negative emotions.
• Post/Comment length and emotional engagement not correlated: The platform post/

comment length restriction is not a primary determinant of audience emotional engagement.
Comments on posts tend to be much more emotionally charged than the posts.

Namely, theoretically, there is a nuanced interaction among medium (platform), message (con-
tent), and messenger (author) that organizations account for when posting social media content.
The work presented here may apply to the content of different domains, which require further val-
idation. The general phenomenon is that user engagement is affected by the emotions carried in
the content differently across platforms; thus, organizations of different domains need to validate
these differences for their audiences. Researchers [27] found this true among news articles, where
the text is longer than social media posts and authors can affect the readers’ emotions through
adding exaggerations or fabricating events.

5.1 Emotions Extraction

In extracting emotions, we used two resources, EmoLex and LIWC. They have similarities, but
they also have distinct characteristics in emotion categories support and lexicons for each emotion
category. From a manual inspection, we find that EmoLex tends to detect more positive words than
LIWC. For instance, in a post “London police investigates deadly terror attack near Finsbury Park
mosque,” EmoLex detects two words (“police” and “investigate”) as positive, while LIWC finds
no positive terms. However, it is not easy to say which algorithm is more accurate. Moreover,
since the two resources (EmoLex and LIWC) have different emotion categories, we employ both
linguistics resources for our research. Having results from both resources strengthens our findings
by confirming when the two lexicons agree. Thus, we believe the two linguistics resources can
be used to complement each other. However, more investigation into the performance of these
resources would be beneficial for practitioners and researchers who would like to conduct a similar
study as presented here or related emotion research.

5.2 Findings from Emotions in Posts and Comments of News Outlets across Platforms

Audiences of Facebook, Twitter, and YouTube express similar positive and negative emotions in
their comments in response to news posts. News outlets use emotional wording differently in social
media posts, and audiences of these news posts have different emotional reactions to posts from
the news media outlets across platforms. The insights on how audiences react differently on the
various platforms can assist social media editors, digital content creators, and online advertisers to
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select the best forum that fits the specific content of their post. The selection can be based on the
emotional reaction expected or desired to trigger, especially when they want to target a specific
emotional response. For example, from Table 5, there is an apparent practice of more emotion
lexicon usage by the news outlets for Instagram posts relative to the other platforms.

Researchers in Reference [73] suggest an emotional relationship between users and entities (e.g.,
brands) if they are relevant to users’ goals and strongly connected to themselves. Each emotion is
commonly associated with specific lexicons that are primarily entities. Entities improve modeling
of fact verification in Reference [16]; thus, a future extension to this work can use an entity-graph
of emotions to detect fake news and misinformation. More specifically, the eight news outlets tend
to have more positive than negative emotions in their social media posts, which is seemingly at
odds with the reported general trend of news content [42, 84] that differ in social media content.
This positive trend is most pronounced on IG, showing that news outlets have adapted to IG as
“a happy place,” as noted in prior literature [47, 66]. Also, compared to other platforms (FB, TW,
YT), IG users express more positive emotions in their comments to news outlets’ posts regardless
of the topic or emotions expressed on the news postings.

News outlets also seem to follow similar procedures on Facebook and Twitter concerning
emotional wording, perhaps due to cross-posting from Twitter to Facebook. News posts with
emotional charges affect the users’ emotional engagement. A previous study [69] of polarity
detection using named entities of social media news content found that user engagement is
conditioned to named entities. Specifically, they conclude that some entities trigger higher user
attention than others. Thus, we expect different engagement prediction results when using data
from different news outlets due to the differences of used entities among news outlets and across
platforms.

Instagram users express more emotional reactions than other platform users regarding the audi-
ence’s emotional engagement. Audiences of Facebook, Twitter, and YouTube express similar levels
of positive and negative emotions in their comments in response to news posts. This is an area for
future research as to why these differences occur. Perhaps, it may be due to the affordances of the
platforms or differences in audiences that these platforms attract. The comment length afforded
by the social media platforms and/or practiced by the audience members is not a limiting factor
for users to express their emotions.

The differences concerning the usage of emotion lexicons have at least two general possible rea-
sons. The audience members are the same, but they behave differently depending on the platform.
The other is that the audiences are substantially different, and these differences are masking that
portion of the audience using multiple platforms and behaving in the same way. Future research
at the user level is needed to investigate the overlapping percentage of users across platforms. Still,
this research offers great insights to those organizations that produce or distribute online content
on these platforms to engage the platforms’ audiences.

5.3 Findings from Predicting Emotional Engagement

Emotional engagement is strongly linked to readership and loyalty to news outlets; understand-
ing the audience’s emotional engagement concerning emotional usage by news media is essential
for enhancing the user experience in the news domain. Specifically, the approach presented in
this research can be used for (1) assisting news editors and social media managers for tailoring
story selection, prioritizing the posting of news articles, and polishing social media posts based
on the targeted emotional reactions on a specific social media platform; (2) quickly monitoring
long-term emotional engagement on the post and limiting a possible backfire via undesired emo-
tional response; and (3) selecting of future content to publish based on the emotional reaction of
the current audience on given platforms.
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Post-publication emotional engagement can be directly determined for Facebook. This plat-
form supports users in expressing their emotions in five categories: love, joy, surprise, sadness,
and anger, for both posts and comments. It is more challenging for other social platforms with-
out this emotional expression affordance to measure emotional engagement on the posts and
comments. In these situations, other resources of measuring emotional engagement need to be
employed.

In this research, our models predicted the audience’s emotional engagement to news posts be-
fore publishing the content online. Some F1 scores are in the 80s for some emotions for some
news outlets. Moreover, we compare and contrast the prediction performances across the eight
news outlets. On average, Glove features generally perform better across the eight news outlets
in predicting emotions before publication. In some cases, models using both Glove and Emotion
features perform better, which means the features of both EmoLex and LIWC can be important
for predicting those emotions. Interestingly, the emotion lexicons perform even better for some
news outlets than using Term or Glove features. Also, the top terms from the prediction model of
emotions using Facebook data can be used by the creators of news posts on other platforms. Based
on these findings, content creators can use these approaches to create more emotionally engaging
content if that is their goal.

Using a machine learning model (logistic regression) for some news media and specific emo-
tions performed better than deep neural network models (LSTM). We used the same experimental
settings for all the trained prediction models for each outlet and emotional reaction. However,
applying parameter tuning for each experiment could improve the results of the LSTM network.
Researchers [85] report similar performance differences when predicting Covid-19 tweets senti-
ment analysis, in which Glove features with LSTM perform less than other machine learning mod-
els with TF-IDF features. This is related to the probabilistic nature of Glove features, which is
constructed based on the co-occurrence of words, which is not concrete evidence. For training a
more sufficient and complete neural network model, more data is needed with higher distributions
converge for words co-occurrence [25]. Thus, our results may be affected by the low number of
training samples for each emotion, because we balanced both classes through under-sampling to
minimize overfitting and make the model more generalizable for unseen data.

In Reference [31], the authors report that for @nytimes for some emotions (e.g., love, sadness,
and anger) in posts, terms perform better than using early commenting Metadata features; we
confirm this, as we have similar findings with our @nytimes data. However, we add to this finding
that individual media may have different improvement rates when using different feature sets and
prediction algorithms. This difference may be related to the various user bases across news outlets.
Users are not expressing their feelings at the same level or with different emotions when adding
comments.

We also find that different news outlets result in different model performances. We relate the
differences to three possibilities, which are open questions for future research:

• Views not considered for engagement: The silent mode of some users who do not tend to
use the emoticons provided by the platforms. Hence, the separation of high and low emotions
for some news outlets have close values, which does not assist the model in distinguishing
the high and low audience reactions.
• Training sets too small: The number of samples in each class is not enough for the model

to train appropriately, since many posts are ignored to make the separation between high
and low emotional classes.
• Topic and emotion are linked: Different topical coverage trends for the news outlets trig-

ger different levels of emotional reaction.
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Users’ early commenting activities within the first few minutes after posting notably improve
the prediction of emotional comments for predicting emotions after publication time. However,
increasing the period after about 10 minutes only slightly improves the predictive model’s perfor-
mance. Using the same commenting features we use in this research, news content advertisers can
predict the potential emotional engagement of users and decide if it is worth keeping the content
online.

5.4 Applications and Implications

System Implementation: The results of this research can be adopted by real-world systems that
automate the prediction task for news social media posts both before and after publication, al-
lowing decisions at the organizational level across multiple platforms. After publication, automat-
ing the prediction can help minimize the time range for comments and automatically predict the
emotions earlier if enough comments are received. Also, an alerting system can be implemented
to notify social media editors or moderators if unusual values are triggered for an emotion. For
example, receiving highly negative or emotional anger reactions may indicate that the audience
members misinterpret the post’s content.

News Outlets: This research can potentially aid news outlets, journalists, content editors, and dig-
ital content distributors better understand their online audience’s emotional reactions. From this
understanding, they can select the most suitable platforms for a particular post or group of news
posts based on the audience’s emotional distribution across platforms. When targeting a specific
emotion, they can use top Term features as guidance to fine-tune their posts before publication
and maximize emotional reactions. In addition to news, this research impacts other domains (e.g.,
branding, marketing, advertising), using social media data to understand opinions on products/
services and how people feel about these products/services.

5.5 Limitations

This work uses the complete set of posts and comments for eight individual news outlets’ emo-
tional reaction analyses and predictions. While some emotional reactions (e.g., anger, fear, sadness,
and happiness) are universal across cultures [93], users from different cultures (e.g., American and
Japanese) may tend to express specific emotions in varying levels of exposure [86]. Also, the cul-
tural differences are represented by countries even when they speak similar languages (e.g., Eng-
lish) [94]. Thus, emotions are not expressed consistently among social media users, and emotional
studies across cultures (e.g., Asian newspapers published in English) are needed and might im-
prove the prediction model of some emotions. As a future extension of this research, we would
consider carrying out similar experiments for the UK digital media to compare the results with
those obtained for US ones.

Most of the platforms (Facebook, Instagram, and Twitter but not YouTube) studied in this re-
search include emojis to express emotions for at least part of their postings. Using emojis in users’
comments is common, and emojis positively correlate with user engagement [47]. The two emo-
tion lexicon resources (EmoLex and LIWC) are designed for text content, wherein used emojis
are not considered as Emotion features. Therefore, the prediction model missed some Emotion
features of posts and comments, especially if the emoji is the only emotional part of the content.
Another limitation is that our current results are tested on the eight-month data frame; thus, a
time-controlled study is needed to check if these results would hold regardless of the period.

In this work, we examine emotions separately; however, based on Plutchik’s wheel of emo-
tions [77], certain emotions might be more relating to each other. For example, positive emo-
tions, joy, and surprise could be more likely to appear together in user comments. In future work,
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we plan to investigate this relationship using user comments for individual outlets and across
platforms.

5.6 Strengths

In terms of strengths, this research compared the emotion lexicon usage using two resources
(EmoLex and LIWC) of eight news outlets across four social media platforms for eight months,
resulting in a rich dataset within a single domain. The research uniquely focused on multi-
organizational and multiple social media platform research, of which there has been limited prior
work. Our research findings present the emotional lexicon usage differences between posts and
comments. We employ both logistic regression and LSTM for identifying and predicting emotional
engagement in Facebook, where the results are promising, with the F1-score reaching the 80s for
some emotions and news outlets. Building on these results, future research can conduct similar
prediction experiments on other platforms, in which the comments should be manually labeled
via a crowdsourcing job. We see this as the next most promising step of this research stream.

6 CONCLUSION

In this research, we compared the usage of emotion lexicon in the social media posts of eight
news outlets and on four social media platforms over eight months. Similarly, we analyzed users’
comments associated with these posts to understand the emotional engagement of users among
outlets and across platforms. We compared the emotions of both posts and comments, noting that
posts are generally positive. We also found significant differences in using emotional engagement
among social media platforms. We also presented a methodological approach for predicting users’
emotional reactions on Facebook. Using five emotions, we experimented with two prediction mod-
els (logistic regression and LSTM), before and after publication time. We believe the current results
provide insights to those interested in emotion engagement across multiple social media platforms,
and it lays the foundation for much future research in this area.
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