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ABSTRACT

This research characterises user engagement of approximately 3,000,000 news postings of 53 news
outlets and 50,000,000 associated user comments during 8 months on 5 social media platforms (i.e.
Facebook, Instagram, Twitter, YouTube, and Reddit). We investigate the eﬀect of sentiments and
topics on user engagement across four levels of user engagement expressions (i.e. views, likes,
comments, cross-platform posting). We ﬁnd that sentiments and topics diﬀer by both news
outlets and social media platforms, and both sentiments and topics by the four levels of user
engagement expression. Finally, we predict a volume of four user engagement levels for given
news content, with an 83% maximum average F1-score for the external posting of news articles
from one platform to another using language and metadata features. Implications are that news
outlets can beneﬁt by developing a platform, sentiment and topic, and strategies to best
achieve user engagement objectives.

1. Introduction
Due to the revolutionary eﬀects of social media platforms, many news organisations highly depend on
them to distribute content and reach larger audiences.
Moreover, multiple social media platforms are providing a multitude of social interactions for users to express
feelings or opinions (Thonet et al. 2017). Almost 68% of
news consumers, about two-thirds of American adults,
get part of their news on social media, while ‘convenience’ is the main positive advantage of doing so
Matsa and Shearer (2018).
As a result, news organisations are highly dependent
on diﬀerent platforms as online channels for distributing their postings. Those platforms are considered a revenue source where news organisations are competing
for the $109 billion spent on digital advertising by
2018 (Stocking and Khuzam 2019). Thus, for news
organisations, social media platforms are essential for
revenue generation and content distribution (Stocking
and Khuzam 2019). The success of a social media post
depends, in part, on the audience engagement it generates. Hence, many challenges are faced by content creators and editors who are dependent on understanding
what interests audiences both on individual and across
multiple platforms (Aldous, An, and Jansen 2019a).
User engagement on social media platforms can be
measured through diﬀerent web analytic metrics.
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Higher user engagement for news content indicates better performance, which means higher audience growth,
such as followers. Higher user interactions include the
number of views, likes, and comments (Balbi, Misuraca,
and Scepi 2018). Audience engagement metrics are context-speciﬁc; however, each metric is a diﬀerent type of
experience that is unique and impactful in ways diﬀerent from others on each social media platform (Voorveld et al. 2018; Noguti 2016). A uniﬁed approach of
categorised engagement metrics is needed to support
the analysis of news organisations’ data and across multiple social media platforms. Classifying those metrics
into levels is one approach, where each level encompasses similar actions, expressions, or impact. Hence,
content with more public user engagement expressiveness is more impactful due to the network eﬀect of social
media platforms. This premise is grounded in the marketing notion of electronic word-of-mouth (eWOM)
concept, in which people promote services and products
loudly (Chen, Hong, and Li 2017; Jansen et al. 2009).
The network eﬀect concept is based on the fact that
each individual has a certain reach. For example, each
person shares content with his friends, and each of
them can, in turn, share the same content on their
friends’ networks and so on. This network eﬀect illustrates how content can go viral over social media platforms. News organisations highly beneﬁt from the
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eWOM concept, by which they enlarge their audience
base in a costless manner. As a result, organising user
engagement metrics into levels based on audience interest in expressiveness from more public to more private
is an eﬀective way to leverage the network eﬀect. From
this theoretical background and building from Noguti
(2016), in this research, we derive a framework of user
engagement consisting of user engagement levels
ordered according to their degree of public expressiveness regarding content.
Building from this model of user engagement, we do
a cross-platform topical analysis of content to understand user preferences among diﬀerent social media services for multiple news organisations. One of the biggest
challenges news content editors face is understanding
their audiences across multiple platforms (Aldous, An,
and Jansen 2019a). For this, we analyse and compare
the topical distribution of content across platforms to
determine the best platform for each topic. We also
do sentiment analysis for both posts and comments
across platforms, as well as for individual topics, to
help news organisations better understand their audiences. Results show that depending on the platform
and topic, the sentiment of users’ comments may vary.
A higher engagement (e.g. Level-3 comments) of a
topic in a given platform would not necessarily mean
it is a positive engagement. So a simple counting of
comments might give an incorrect impression of user
engagement.
In summary, this research focuses on analysing user
engagement across multiple social media platforms
and many news organisations. It builds on the previous
research (Aldous, An, and Jansen 2019d) showing the
topical eﬀect on user engagement. The current research
extends the prior ﬁndings (Aldous, An, and Jansen
2019d) with an in-depth investigation of the topical
eﬀect on engagement and the sentiment aspect with prediction experiments of multiple engagement metrics
organised into levels. Therefore, the contributions of
this research are the following:
.

.

.

.

ﬁrst, analysing the psychological aspect of user
engagement using sentiments of both posts and
comments;
second, using comments data in addition to posts
data for understanding the audience’s opinion for
news organisations;
third, analysing the topical distribution and user
engagement diﬀerences among the platforms and
news organisations;
fourth, we exploit the correlation between posts’
topics and the sentiment of both posts and comments; and

.

ﬁfth, we conduct additional prediction experiments
to predict four user engagement levels across ﬁve
social media platforms.

1.1. Engagement framework
There are multiple user engagement metrics across platforms without a clear framework. An eﬀective approach
is by organising user engagement metrics into levels
based on audience interest expressiveness from more private to more public. Out of this theoretical background of
eWOM (Chen, Hong, and Li 2017; Jansen et al. 2009) and
building from Noguti (2016), in this research we provide
a theoretical description of an engagement framework
that has four levels, deﬁned below. The metrics are
ordered according to the degree a user is willing to publicly associate with the online content. Hence, a higher
engagement level (Level-4) indicates more public association with the content, while a lower engagement level
(Level-1) means more private engagement. Figure 1
shows an illustration of the four levels.
.

.

.

.

Level-1 (# views): Private engagement by viewing
social media posts or videos. The number of views
of a given online content is an example of Level-1
engagement, where users only watch the content without expressing any preferences or giving feedback.
Level-2 (# likes): Users interact with the content
more publicly in Level-2 by pressing the like or favorite button. Liked posts, most probably, are shown in
the users’ feeds on the platform where the like action
is taken. That makes the posts more visible to the
users’ friends list (e.g. Facebook and Twitter).
Level-3 (# comments and # shares): When a user
chooses to share opinions or feelings, that is considered
a more public engagement (Level-3), such as adding a
comment or sharing a post on the same platform
where the content is found. Publicly shared content
is made visible in the user’s timeline with notiﬁcations,
if enabled, sent to the user’s network, which makes the
content more visible on the same platform. Also, Level3 allows private sharing to selected users through private messaging, where the user may share the content
with only friends who are interested.
Level-4 (# external postings): The act of sharing content from one platform to another is public sharing,
which we consider to have the highest engagement
level in the framework (Level-4). This is because publicly shared content is exposed to other platforms
with potentially wider audiences. The diﬀerence
between Level-3 and Level-4 is that the sharing of
Level-4 is done on another platform rather than the
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Figure 1. Engagement levels ordered by degree of public expressiveness, from more private (level 1) to more public (level 4).

platform where the content occurs. Level-4 can be
measured on almost all social media platforms if
the data is aﬀorded, thus Reddit is one of the good
networks due to public data availability. On Reddit,
one can add a post into diﬀerent available communities, such as r/worldpolitics and r/Positive_News,
where the content reach is expanded into the subscribers of the targeted community (e.g.r/worldpolitics
has 894K subscribers). As a result, we use Reddit
data to examine the topical distribution of users’
externally shared content.

There is a shortage of prior work that simultaneously
deals with multiple social media platforms and multiple
organisations within a domain focusing on user engagement in a systemic manner. This research addresses
these shortcomings.

2. Related work
In this section, we review three diﬀerent related work
sets: user engagement on social media platforms, the
topical eﬀect, and the sentiment eﬀect.
2.1. User engagement on social media platforms
One deﬁnition of user engagement is ‘the emotional,
cognitive and behavioural connection that exists, at
any point in time and possibly over time, between a
user and a resource’ (Attﬁeld et al. 2011), where a
resource is an online application or content. In this
work, we study the interaction of users with online
news content posted in social media platforms. We
adopt the analytical approach where user engagement
metrics are recorded user behaviours (Jansen 2009; Lalmas, O’Brien, and Yom-Tov 2014; An and Weber 2018).
Social media engagement metrics are commonly used in

businesses and research to measure performance
improvements in which they need to be connected to
marketing goals (Peters et al. 2013). We study the sentiment of news posts and the sentiment of users’ comments in response to those posts, which can be
considered as psychological user engagement (Oh, Bellur, and Shyam Sundar 2018).
User behaviour in social media is an important indicator of news organisation success, where some behaviours are more common than others. For example,
social media users are more likely to click on a news
post link or like the post than commenting into it as
less eﬀort is required to do so Larsson (2018) and
Chung (2008). Understanding those engagement behaviours is also essential for news organisations as they
provide audience feedback and an indirect user contribution to the journalistic process (Hille and Bakker
2014). Consequently, organisational performance can
be enhanced, such as sales growth, cost reduction (Harrigan et al. 2017; Kumar et al. 2010).
There are multiple existing research on social media
engagement, but most of them have studied an individual platform such as Facebook (Van Canneyt et al. 2018;
Srinivasan et al. 2013; An, Quercia, and Crowcroft
2014), Instagram (Jaakonmäki, Müller, and vom Brocke
2017; Ferrara, Interdonato, and Tagarelli 2014), Twitter
(Muñoz-Expósito, Ángeles Oviedo-García, and Castellanos-Verdugo 2017; Van Canneyt et al. 2018; Bandari,
Asur, and Huberman 2012; An et al. 2014), YouTube
(Ma, Yan, and Chen 2017; Vallet et al. 2015), and Reddit
(Stoddard 2015). There is limited cross-platform analysis in which metrics are compared based on their public
expressiveness, but without considering the topical or
domain aspects (Rajapaksha, Farahbakhsh, and Crespi
2019; Rowe and Alani 2014; Liu et al. 2019). Hence,
there is a clear need for a comprehensive analysis of
audience engagement across various platforms from
content providers of the same domain (e.g. news).
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User engagement is a complex construct that is
impacted by many factors, including the context, content, and creator (Jaakonmäki, Müller, and vom Brocke
2017). This research tackles one factor, which is content,
where the scored amount of a user engagement metric is
aﬀected by multiple content aspects such as the format
(O’Brien 2017), topic, and sentiment. This work considers both the content topic and sentiment of social
media posts in relation to user engagement.
2.2. Topical eﬀect
Content topic is one of the most important features
aﬀecting user engagement all over online platforms.
The topical interest of users varies across social media
platforms (Ferrara, Interdonato, and Tagarelli 2014;
Guo et al. 2015). Although some users have a wider
range of topical interests (Wang 2017), many others
are very specialised with few topics (Ferrara, Interdonato, and Tagarelli 2014). Hence, their preferences
have a large eﬀect on their interaction behaviour with
the content, such as sharing (Shi et al. 2018) and consumption, which is why topics are used for personalisation (Zhang and Pennacchiotti 2013).
Understanding the users’ topical interest helps in
boosting the engagement volume on Twitter (Yang
and Rim 2014). Thus, many scholars have worked on
ﬁndings hidden, but popular topics from users’ posting
for better information retrieval, instead of using trending topics provided by the platforms (Lee et al. 2011;
Indira et al. 2019) Other researchers use topical analysis
to detect events of breaking news streams (Altınel and
Ganiz 2018; Liu et al. 2017) and predict users who will
share a given piece of content (Zarrinkalam, Kahani,
and Bagheri 2018). Other research found that one
might increase user engagement by improving the saliency of topics that interest users (McCay-Peet, Lalmas,
and Navalpakkam 2012).
Most of the topicality in previous studies focused on
individual platforms (Hong and Davison 2010; Kouloumpis, Wilson, and Moore 2011; Pak and Paroubek
2010). However, there are also a few cross-platform
studies, most of which either focused on an event analysis (e.g.Ebola) (Pokharel et al. 2019), social networking
(Ting, Wu, and Chang 2009), or users’ preferences
and behaviour (Lee, Hoang, and Lim 2017; Hu et al.
2017). Generally, it is diﬃcult to conduct a comprehensive cross-platform topical analysis because it is challenging to collect data across multiple social media
platforms. Thus, a cross-platform topical analysis can
provide in-depth understanding of topics’ trends and
popularity. In this work, we leverage topic analysis for
identifying and comparing the popular topics across

social media platforms for news postings while also considering the sentiment and engagement aspects.
The problem of identifying latent topics from text
data has been extensively studied through diﬀerent
topic modelling techniques (Cataldi, Di Caro, and Schifanella 2010; Saha and Sindhwani 2012). The most popular topic modelling technique is the Latent Dirichlet
Allocation (LDA), which ﬁnds hidden topics using
unsupervised learning models for clustering text posts
(Blei, Ng, and Jordan 2003; Darling 2011). Hence,
each topic is a cluster of concurrent terms, and each
post is assigned to a topic set according to its probability
distribution. However, it is known that the standard
LDA does not work well for short texts such as social
media posts since each post is mostly related to a single
topic due to its length (Jelodar et al. 2017). To tackle this
problem, researchers proposed Twitter-LDA (Zhao
et al. 2011), which addressed the short text length
issue. In comparison to LDA, Twitter-LDA found to
capture the topics of short text posts more properly
and meaningfully (Fang et al. 2016) with multiple real
applications of social media already adopting it Diao
et al. (2012), Yang, Chen, and Bao (2016) and Jiang,
Qiu, and Zhu. (2013). As a result, this research adopts
Twitter-LDA for identifying the latent topics and their
persistence across social media.
2.3. Sentiment eﬀect
Sentiment analysis has been integrated into diﬀerent
approaches to studying its eﬀect on user engagement
(Nimala and Jebakumar 2019). For example, reordering
some comments on news articles is preferable based on
the user’s gender and the interest level of the news
article (Arapakis et al. 2014). Also, sentiment can be
used to predict user engagement (Arapakis et al.
2014). Additionally, it can be used to calculate user ratings for non-rated reviews (e.g. reviews in social media
platforms) where the rating of the review is dependent
on the sentiment (Qiu et al. 2018).
Many recent studies are focusing on predicting sentiment using a diﬀerent set of features and algorithms
(Kaladevi and Thyagarajah 2019; Ceron, Curini, and
Iacus 2016; Huang et al. 2020; Kong et al. 2020). In
this research, we leverage sentiment analysis to understand the correlation between posts and comments sentiment and the eﬀectiveness of user engagement in a
larger scale dataset in cross-platform and multiple
news outlet environments with the topical aspect
taken into account. We use the Valence Aware Dictionary and sentiment Reasoner (VADER) to extract a sentiment label (i.e. negative, neutral, or positive) which is
optimised for short texts (Hutto and Gilbert. 2014).
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2.4. Summary
Since topics are aﬀecting user engagement diﬀerently,
and sentiment of content might aﬀect the overall
engagement in social media platforms, there is no comprehensive analysis of both aspects in one study in
cross-platforms and for multiple organisations. Meanwhile, understanding the diﬀerences of this eﬀect across
platforms and for a large set of content producers in one
domain is important for content producer decisionmaking.

3. Research questions
This research aims to provide guidelines and a framework for studying comprehensive user engagement
levels of content across multiple platforms and from
multiple news organisations. By focusing on the topicality and sentiment of news content, we can discover
the eﬀect of various topics published by news organisations, the way users are engaging with online social
platforms, and the corresponding sentiment. Typically,
news organisations have content editors who work simultaneously on pushing new content on diﬀerent social
media platforms (Aldous, An, and Jansen 2019a). However, as we mention in the literature review, there are a
limited number of studies involving the multiple cross
platforms factor (Glenski, Weninger, and Volkova
2018; Del Vicario et al. 2017) and multiple similar
domain organisational postings (Rieis et al. 2015).
This research begins addressing these shortcomings.
Findings from this research work can be adopted into
systems and models that magnify social media engagement while the content is generated. This aim is the
motivation of our research questions, which are as
follows:
.

.

.

.

RQ1: What are the topical distribution and user
engagement diﬀerences among (a) the platforms
and (b) news organisations?
RQ2: (a) Is user engagement aﬀected by the content
topic? (b) If so, what topics generate which levels
and what volume of user engagement?
RQ3: How are posts’ topics related to the sentiment
of (a) posts and (b) audience’s comments on those
posts?
RQ4: Can we predict the volume of the diﬀerent
engagement levels for a given content: (a) Level-1,
(b) Level-2, (c) Level-3, and (d) Level-4?

The novel contributions of this research have several
aspects. One is that the engagement metrics of multiple
social media platforms are ordered into one framework
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based on the degree of public expressiveness of user
engagement. Second, the conducted analysis is across
multiple social media platforms (Facebook, Instagram,
Twitter, and YouTube), a community-based social network (Reddit), and multiple organisations (53 news
organisations) from the news domain. Third, the duration of the collection of news postings is 8 months,
where multiple topics are covered, which are used to
compare and understand user engagement. Lastly, we
focus on the organisational postings to understand the
topical distribution of content across platforms, whilst
the limited previous researches focused on the topicality
of users’ posts in their social media proﬁles. Thus, the
current research has a potential impact on the general
understanding of news content production strategies
across platforms, and the topical and sentiment eﬀect
on user engagement.

4. Methodology
4.1. Data collection
For answering our research questions, we collect our
dataset by ﬁrst selecting (a) multiple popular news outlets and (b) multiple social media platforms where news
outlets post the most. After that, we collect the news
posts of all the selected news outlets from the multiple
selected social media platforms. Furthermore, we also
collect all comments in response to those posts in our
data collection to analyse the audience sentiment.
4.1.1. Popular news outlets
A list of 60 English-based outlets is constructed after
considering multiple news-ranking websites, including
PewResearch1 and Wallethub.2 When checking their
activity across diﬀerent social media platforms, we
excluded a few news outlets (7) from the list. Thus, 53
outlets are used in the ﬁnal list of popular news outlets
in this research. Most of these are US-based (44), then
UK-based (5), and other countries (4). The news outlets
are ABC News, Los Angeles Times, The New York
Times, AlJazeera, Mail Online, The Verge, BBC News,
Mic, The Wall Street Journal, Bleacher Report,
MSNBC, The Washington Post, Bloomberg, National
Public Radio, The Week, Boston.com, NBC News, The
Blaze, Breitbart News Network, NDTV, TIME, Business
Insider, New York Post, U.S. News & World Report,
Buzz Feed, Newsweek, Upworthy, CBS News, NY
Daily News, USA Today, Chicago Tribune, Qatar Tribune, VICE, CNBC, Salon, Vox, CNN, Slate, Xinhua
News Agency, CNN Digital Network, The Associated
Press, Examiner.com, The Atlantic Magazine, Financial
Times, The Boston Globe, Forbes, The Daily Beast,
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Fortune, The Economist, Fox News, The Guardian,
Huﬃngton Post, and The Hill.
4.1.2. Popular social media platforms
News outlets are mostly publishing their news content
across four popular social media platforms: Facebook,
Instagram, Twitter, and YouTube (Kallas. 2017). We
collect the news content from those four platforms to
conduct our research. By using the veriﬁed English
account of each news outlet, which contains the general
news content, we ensure the diversity of topics across
each outlet and platform. That is, no specialised topic
account (e.g. fashion, sport) is selected. For example,
Aljazeera news outlet has diﬀerent Instagram accounts
(e.g.aljazeeradocumentary, aljazeerasports); however,
we select the one account where they post their general
news (aljazeeraenglish).
For examining Level-4 engagement, we collect news
content from the Reddit, which has a collection of
diﬀerent communities called subreddits (e.g.r/TechNewsToday, r/worldnews, etc.). On Reddit, individuals
publicly share and discuss news content in diﬀerent subreddits with URL links to the original articles on the
news outlets’ oﬃcial websites.
4.1.3. Data overview
Using the open API of each platform, we collect the
news postings of 53 news outlets from January to
August 2017 inclusively. The data collection time is
more than 30 days after the last post in our dataset is
published (31 August 2017). Thus, the engagement
metrics of those news postings are already stable given
that most of the social media engagement occur within
the ﬁrst few days of publishing.3
In total, we collect more than 3M news postings and
50M comments across the ﬁve platforms. On YouTube,
there are two idle news outlets that have no posting,
while two others (the Associated Press and Mic) have
deactivated the user comments option. For each platform, Table 1 shows the number of news outlets (#
Table 1. The total number of news outlets, collected posts,
comments and the associated total likes for Facebook,
Instagram, Twitter, YouTube and Reddit.
Platform

# Outlets

# Posts

# Comments

# Likes

Facebook
53
27,117
984,266
70,557,281
Instagram
53
35,289
11,732,837
723,493,279
Twitter
53
571,270
14,426,570
13,604,785
YouTube
51
43,103
4,674,630
33,265,610
Reddit
53
2,486,594
18,200,179
147,521,797
Total
3,163,373
50,018,482
988,442,752
Note: For Reddit, we refer to score values as likes to unify the metrics naming
across platforms.

Outlets), total posts (# Posts), comments (# Comments),
and likes (# Likes).
Facebook (FB): By creating a web crawler using Facebook API, we manage to crawl the news postings of all
the targeted news outlets (see Table 1). Also, for each
post, we collect users’ comments with their metadata,
including their timestamp, which is needed for the temporal analysis in our study. The collected posts are also
associated with engagement metrics and timestamp. A
Facebook post can be an image, video, text, or a combination of those. As this research focuses on the text data,
we only consider the posts with text, which we can use
to label the post topic. We note that Facebook collected
comments are random samples due to API limitation.
Instagram (IG): Similar to Facebook, we build a
crawler speciﬁcally for collecting all Instagram proﬁle
postings for the 53 news outlets. We then only retain
the posts within the eight-month collection time. The
collected posts include all their metadata, such as the
posting time, number of likes, number of comments,
and the actual user comments. In total, we collect
more than 35K Instagram posts with their user comments (11M).
Twitter (TW): In a similar way, we collect the tweets
of the 53 news organisations through a crawler for their
Twitter pages. The crawler speciﬁcally returns all the
tweets’ IDs between a ﬁxed start and end date based
on our collection period, which we use later for pulling
the actual tweets’ text and metadata using Twitter API.
In total, we collected more than 500K Twitter posts and
their 14M comments.
YouTube (YT): Through adopting the YouTube
search function, we are able to collect the list of posts
for each news outlet YouTube channel, plus retrieving
whatever comments have been added by the channel
subscribers to those posts. In total, we have more than
43K posts and their 4M comments.
Reddit (RD): We extract all Reddit posts that include
domain name of each news outlet (e.g. bbc.com, edition.cnn.com) from publicly available Reddit dataset.4
We collect more than 2M Reddit posts during the
time from January to August 2017. Reddit opens
doors for machine-generated posts (bots), which causes
a problem for the accuracy of our study. As a result, it is
important to ﬁlter out the bot posts from our Reddit
dataset. To do so, we followed an easy approach with
the simple assumption that highly active users are
most probably bots. So, we sorted the users by their
posting volume in descending order and then manually
checked the user names of the top 100 users to ﬁnd patterns. We then remove those users with a posting
volume of more than 1000 posts with bot keyword indicators: bot, auto, news, or admin. Accordingly, we
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removed 796 (out of 128,956) user accounts distributed
across the keywords which are 426 ‘bot’, 203 ‘news’, 62
‘auto’, and 36 ‘admin’. All posts from those accounts are
then excluded from our Reddit dataset. As a result, we
have 602,870 posts out of the 2M+ collected for
128,160 real Reddit users.
4.2. Engagement metrics
For each engagement level of the four levels of framework, we calculate an engagement metric: (a) Level-1
Normalised View (NV), (b) Level-2 Normalised Likes
(NL), (c) Level-3 Normalised Comments (NC), and
(d) Level-4 Normalised External Posting (NEP). The
original values of the engagement metrics in our dataset
are highly skewed; as a result, we use the log normalisation function to calculate the four normalised engagement metrics. According to the platforms’ diﬀerences
and data limitations, some metrics are measurable
across the ﬁve platforms, such as the number of likes
and comments, which helps when ﬁnding the crossplatform diﬀerences of Level-2 and Level-3 engagement.
In Reddit, we call the score value of a post, which is a
combination of users’ up and down ratings, as the number of likes for unifying the metrics naming across platforms. Also, the number of views is only available on the
YouTube posts of our dataset, while the Level-4 metric
is available on Reddit. For Level-4, we calculate the NEP
through log-normalising the count of the number of
times a news article is posted on a public network (Reddit), which we call the External Posting Count (EPC). In
this work, we use Reddit public network for measuring
Level-4 engagement; however, other public platforms
can be used, which is subject to data availability.
4.3. Topical analysis
Analysing the content topic across platforms and its
eﬀect on user engagement requires deﬁning the common topics from the news posts of the ﬁve social
media platforms. Using Twitter-LDA (Zhao et al.
2011), we extract the hidden topics from our dataset
after employing a few data cleaning steps for the
posts’ text and determining the best ﬁtting number of
topics, as described below.
Cleaning the Posts Text: We ﬁrst remove the email
addresses, hyperlinks, punctuation, and stop words.
Also, we omit some domain-speciﬁc frequently repeated
terms such as news and articles while also omitting the
names of the news outlets’ (e.g. AlJazeera, Times, etc.).
After that, we tokenize the posts’ text and apply the Porter stemmer. After all of these steps are completed, we
only retain posts with ﬁve terms or more.
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Finding the Optimum Number of Topics: In general,
using LDA requires specifying the number of topics as
an input to the model, so ﬁnding the optimal number
of topics is required to guarantee the eﬀectiveness of
the generated topics and minimise the overlapping
topics. We test the topics’ coherence for determining
the best number of topics (Fang et al. 2016), which is
calculated using the top (n) most frequent words for
individual topics (t). Thus, we pair all words to construct a list of the top-n term pairs and ﬁnd the semantic
similarity of each pair of words using the pointwise
mutual information (PMI) measure (Fang et al. 2016).
The average PMI values of all word pairs represent the
topic’s coherence (C), which is calculated using the following formula:
1
C(t) = !m=1
n−1

m

n "
n
"

PMI(wi , wj ),

(1)

i=1 j=i+1

where the number of top words is donated by n, and the
PMI score of a word pair (wi , wj ) is computed as follows:
PMI(wi , wj ) = log

p(wi , wj )
,
p(wi )∗p(wj )

(2)

where p(wi ) is the probability of observing word wi , and
p(wi , wj ) is the probability of the two words wi andwj
appearing in the same post.
Having better coherence means getting higher PMI
average across the topics. This is done by testing 10
diﬀerent topic numbers (k), starting with 10 and ending
with 100, with a gap of 10 between each tested number.
Also, the coherence is examined at three diﬀerent numbers of top topics (@5, @10, and @20). In Table 2, we
show the average PMI score results of a total of 29
experiments using diﬀerent topic numbers and coherence numbers. According to the results in Table 2, the
optimal number of topics is when k = 20 all over the
coherence values @5, @10, and @20, where the highest
average PMI is 3.5 for coherence@5. Consequently, in
this study, we use a Twitter-LDA model with (k = 20)
as the number of topics, where we manually assign a
Table 2. The coherence of the Twitter-LDA model with diﬀerent
number of topics k at three coherence average points.
#topics
10
20
30
40
50
60
70
80
90
100

coherence@5

coherence@10

coherence@20

3.0
3.5
2.4
2.0
1.8
1.5
1.4
1.2
1.2
1.0

2.5
3.0
2.2
1.7
1.6
1.4
1.3
1.1
1.1
0.9

–
2.1
1.8
1.5
1.4
1.2
1.2
1.0
1.0
0.8

8

K. K. ALDOUS ET AL.

label for each topic using its top 20 frequent words.
Then, for each social media post, we assign a topic
using the predeﬁned topic model.
4.4. Sentiment analysis
For analysing the sentiment eﬀect on engagement and
its relationship with topics, we need to be able to
measure sentiments of all posts and comments. For
that, we use VADER (Valence Aware Dictionary and
sentiment Reasoner) (Hutto and Gilbert. 2014) that
also gives a compound score (−1 to 1) for a given post
or comment. It can be labelled with positive sentiment
if the compound score is (.= 0.05), neutral sentiment
if (. −0.05 and , 0.05), and negative sentiment if
the compound score (,= −0.05). Accordingly, we
labelled each comment and post with a corresponding
sentiment polarity (positive, neutral, or negative).
4.5. Level-1 prediction model
Due to the data aﬀordance limitations by platform, we
use YouTube posts to predict Level-1 engagement
using the number of views metric. However, one can
perform similar experiments to other platforms (e.g.
Facebook and Instagram) if the view count of each content is obtainable. The prediction experiment is done for
each news media separately, and the results are summarised using average, minimum, median, maximum,
and standard deviation.
To start, for each individual news media, we normalise the number of views for each YouTube post using the
log normalisation after adding one to accommodate
zero values. Then, we calculate the quantile value of
0.33 (low-quantile) and the quantile value of 0.66
(high-quantile) for the normalised view counts of the
posts within each news source. That means each news
source has diﬀerent quantile values based on its follower
volume. We label Class-1 to the news posting with normalised views more than or equal to the high-quantile
value, which, most likely, refers to the top 33% of
Level-1 engagement from the posts. Meanwhile, we
add a Class-0 label to the YouTube posts with normalised views less than or equal to the low-quantile value,
which again refers to the bottom 33% of Level-1 engagement. Thus, we conduct a binary classiﬁcation of experiments of the two labelled portions of the posts, while
the middle 33% of the content is saved for future
improvement. Plus, we balance the number of posts
within each class using under-sampling, and we only
keep the news sources with a minimum of 100 posts
in each class, which accommodates up to 23 out of 51
news sources.

For evaluating the model’s performance, we use Precision, Recall, F1-score, and Area Under the Curve
(AUC) with 10-fold cross-validation. However, we
report only F1-scores because other values are approximately the same due to the balanced datasets. We compare the results of three diﬀerent algorithms: AdaBoost,
Decision Tree, and Random Forest. There are three
diﬀerent features sets we examine: Language features
(L), Metadata features (M), and combining both features (L+M).
Language Features(L): we use the Term FrequencyInverse Document Frequency (TF-IDF) features vector.
We set the TF-IDF parameters with 0.8 and 0.01 for the
maximum and minimum IDF, respectively. Also, we ﬁx
the value of the maximum number of features to 5,000
words.
Metadata Features(M): For the metadata features,
we include a Twitter-LDA topic vector with 20 features.
Also included are four general content features: content
length by characters, binary features of an emoji, question marks, and exclamation marks, which indicate the
existence of a feature in the post. One more feature is the
sentiment label of individual posts using VADER, which
can be either positive, negative, or neutral.
Language and Metadata (L+M): We combine both
feature sets and use them as input to the model.

4.6. Level-2 prediction model
For Level-2 engagement, our dataset facilitates the prediction of the volume of likes for Facebook, Instagram,
Twitter, and YouTube. By following the same described
prediction experiment for Level-1 engagement, we build
the prediction models for the normalised number of
likes for each news outlet and each platform. When
ﬁltering the news organisations based on posting
volume (minimum 100 for each prediction class), we
include 52 news organisations on Twitter, 51 on Facebook, 28 on Instagram, and 23 YouTube.

4.7. Level-3 prediction model
Our datasets aﬀord the volume of the comments of each
news source posting over four platforms Facebook,
Instagram, Twitter, and YouTube; thus, the prediction
experiments are conducted over the four platforms. In
the ﬁltering process to eliminate news sources with
less than 100 posts for each classiﬁcation class (total
200 posts), we end up with the following number of
news sources: 51, 28, 52, and 23 for Facebook, Instagram, Twitter, and YouTube, respectively.
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4.8. Level-4 prediction model
In this research, we build two diﬀerent prediction
models to examine Level-4 engagement volume: predicting whether a news article will be posted at least
once on the Reddit public network (posted once), and
predicting whether a news article will be posted multiple
times on Reddit (posted multiple times). Those two
models where we use the headlines of news articles as
an input of the prediction models can be used by
news producers. We test the same three algorithms
and three feature sets of the other prediction tasks
(levels 1 to 3), and similarly, report F1-score as an evaluation measure.
Posted Once: For each news article, we predict
whether it will be posted publicly (or not) by Reddit
users. Our Reddit dataset includes the positive cases
(Class-1) of this prediction task, which are articles that
have been posted on Reddit by users. Consequently, to
create the list of news articles that are not posted on
Reddit, the negative cases (Class-0), we crawl all RSS
feeds of each news outlet during the same eightmonth period of our data collection process. As a result,
we download 914,671 unique news articles in total,
which we then ﬁlter to keep only the negative cases
535,841 (58%) by removing articles posted at least
once on Reddit. We use random sampling to balance
the number of positive and negative cases and keep
our model’s random baseline (0.5). In this prediction
task, we use the same feature sets used to predict the
other engagement levels (L, M, and L+M) using the
news articles’ titles. Also, we conduct a random forest
feature selection to reduce the number of L features to
1,000 and prevent over-ﬁtting.
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Posted Multiple Times: we predict the volume of
Level-4 engagement through building a model that predicts those articles that would be publicly shared multiple times (.= 2) on Reddit (Class-1) and those
which will be shared only once (Class-0). We use our
collected Reddit dataset to build both prediction classes,
which we balance by random sampling; thus, the prediction’s random baseline is (0.5). Moreover, we use the same
feature sets used for the other prediction tasks using the
text of news articles’ headlines. This prediction task is
important because a news article that is posted multiple
times into Reddit indicates a higher exposure of the article
to diﬀerent Reddit sub-communities, which means its
public sharing reaches Level-4 engagement.

5. Results
khI do not understand the diﬀerences among Tables 5–8.
I think that Tables 6 and 7 are more complete. For this
reason, I think that the Tables 5 and 8 should be similar.
5.1. Exploratory analysis
For answering the ﬁrst research question, we ﬁrst show
the topical distribution in our dataset. Figure 2 shows
the top 10 topics in our data collection with the distribution ratio across the platforms. The topics’ labels
are assigned by manually checking the top 10 words
in each topic as shown by Twitter-LDA (Zhao et al.
2011). We identify the top topics by summing up the
frequency rate over the ﬁve platforms for each topic,
rank them in descending order, and then select the
top 10 ranked topics.

Figure 2. The top 10 topics and the distribution frequencies across the ﬁve social media platforms.
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5.2.1. Top five topics average engagement
Now we start answering part (a) of the ﬁrst research
question RQ1. The average number of likes and comments for each of the top ﬁve topics for the ﬁve platforms (FB, IG, TW, YT, and RD) is shown in Table 3.
The topics are ranked by the number of postings in
our dataset for each topic with topic number #1 having
the highest number of postings, while topic #5 having
the lowest number of postings. From the table, we can
highlight two diﬀerent observations. One is that the
higher number of postings of a topic does not guarantee
a higher number of likes and comments. For example,
topic Health & life is ranked 5 in YT; however, some
other higher ranked topics on YT (e,g., Business, and
Terror Incidents) have less average comments (C) and
likes (L). Also, topic Health & life in YT has higher
than average comments (183) and likes (1934); this is
a higher average than all other topics: comments (142)
and likes (672). The second observation is that some
topics appear on the top ﬁve most frequently related
posts on multiple platforms (e.g. Health & life) while
having distinct average engagement ranges across platforms. This might be wired to either diﬀerence in the
user base or their platform preferences. In Table 3, we
show the volume of topic distribution in ranked order
with the average engagement (likes and comments)
across ﬁve platforms, which answers RQ1 (a). In this,

#1

5.2. RQ1:What are the topical distributions and
user engagement diﬀerences among (a) the
platforms and (b) news organisations?

Platform

Topics have diﬀerent distribution rates across platforms. For example, the Health & life topic has more
posts on Instagram (17%) than on Facebook (11%),
YouTube (8%), Twitter(7%), and Reddit (6%). This
indicates that news outlets target a speciﬁc platform to
push more content about a given topic. Content on
the Education & workplace topic is more numerous
on Facebook, with 13% among the 53 news outlets,
making Facebook the ultimate targeted platform for
similar content. Moreover, some topics do have almost
similar distribution rates across multiple platforms,
such as Trump Presidency, which has 9% on both Facebook and YouTube, 8% on Twitter, and 7% on both
Instagram and Reddit.
The content-topic with various distribution across
platforms strike diﬀerent possible reasons, including
the platform’s distinguishable traits or users’ platformspeciﬁc preferences of topics. Thus, for a given post
topic, some platforms are more suitable and popular
for that topic, while others have similar distribution
rates (see Figure 2).

L
16947

K. K. ALDOUS ET AL.

Table 3. The Average Likes (L) and Comments (C) for the top 5 frequent topics of each social media platform and the average (Avg.) of all topics in the last column.
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we use two engagement metrics (likes and comments),
which are measurable over the ﬁve platforms to facilitate
the cross-platform comparison.

5.2.2. Organisation topic similarity across
platforms
Part (b) of RQ1 asks, ‘What is the topical distribution
and user engagement diﬀerences among (a) the platforms and (b) news organisations?’ In answer to this,
we show how the content topics are distributed diﬀerently over the ﬁve platforms by news outlets. We use
the Jensen-Shannon Divergence (JSD) score, which calculates the similarities between two diﬀerent probability
distributions (Lin 1991). We then create pairs of platforms using FB, TW, IG, YT, and RD data to calculate
the JSD score. The created 10 platform pairs are: FBIG, FB-TW, FB-YT, IG-TW, IG-YT, TW-YT, RD-FB,
RD-IG, RD-TW, and RD-YT. Since we are comparing
news outlets across platforms, we use 51 news outlets
for this analysis because the number of available news
outlets for YT is 51. For pairs with Reddit (RD) data,
the comparison is between to topics of posts published
by the news outlets themselves and the topics of posts
posted by Reddit users and linked to the news article
of the same news outlet.
The JSD scores are not aﬀected by the platform pair
order; thus, TW-FB and FB-TW have the same scores,
so we only keep one pair. The JSD score of a news outlet
(n) for a speciﬁc platform pair (pi and pj ) is calculated
using the following equation:
1
1
JSD(pi #p j |n) = D(pi #p j |n) + D(p j #pi |n),
2
2

(3)

where JSD is based on Kullback-Leibler divergence
D(pi #p j |n), which is calculated using the following

Figure 3. JSD scores for the 10 social media platform pairs.
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equation:
D(pi #p j |n) =

"
k

P(k|pi , n) log

P(k|pi , n)
,
P(k|p j , n)

(4)

where k is number of topics (k=20 in our case) and
p(k|pi , n) is the probability of topic k when news outlet
(n) posts on platform pi .
By calculating the JSD scores over the pair of platforms, we determine the diﬀerences of topic distribution
across each pair of platforms and for each news outlet. A
JSD score of zero indicates that a news outlet is distributing completely diﬀerent topics across the two platforms, while a JSD score of 1 refers to the identical
distribution of topics among the tested pair of platforms. In Figure 3, we show the total number of news
organisations for each JSD score (0.1 to 0.8) and platform pair (10 pairs). Among all platform pairs, the
FB-TW pair has the lowest similarities between topics
for (46) news outlets, which means they share diﬀerent
topics. Of the 510 pairs, 240 (47%) have a JSD score of
,= 0.1. However, there are (21) news outlets with JSD
scores greater than 0.5, meaning they share similar
topics between FB-IG, IG-TW, IG-YT, RD-FB, RD-IG,
RD-TW, and RD-YT. The overall low similarities of
content across social media platforms for individual
news organisations, as shown by the JSD scores, indicate
that a model predicting user engagement on one platform is likely not to be transferable to another platform.
This answers part (b) of RQ1.

5.3. RQ2: (a) is user engagement aﬀected by the
content topic? (b) if so, which topics generate
which levels and what volume of user
engagement?
After answering the ﬁrst research question, we know
that news outlets distribute topics diﬀerently across
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platforms, and generally, a higher posting volume for
one topic does not guarantee having more engagement.
However, we want to analyse further individual topics
and their eﬀect on user engagement across the ﬁve platforms. We move on to answer RQ2: (a) Is user engagement aﬀected by the content topic? and RQ2 (b) If so,
which topics generate which levels and what volume of
user engagement?. To ﬁnd the signiﬁcant eﬀect of topics
on user engagement, we use the chi-square measure. By
using the chi-square measure, we can ﬁnd whether there
is a signiﬁcant diﬀerence between the number of high
engaging posts and the low engaging posts for each
topic. We identify the high engaging posts by considering the top 33% quantile of posts for a given engagement
metric (e.g. views, likes, comments). Meanwhile, we
consider the posts of the bottom 33% quantile for the
same engagement metric as low engaging posts. We
do not use the middle 33% of posts to ensure there is
a signiﬁcant diﬀerence between the engagement values
of high and low engaging posts. Then we calculate the
chi-square metric, Table 4, in each platform and for
the four engagement levels using their engagement
metrics: NV, NL, NC, NEP, and EPC. When using the
EPC of Level-4 engagement, we compare the number
of posts posted once on Reddit with the number of
posts posted multiple times.
In Table 4, we show the signiﬁcant results of the 20
topics, which reveal the diﬀerences in user engagement
among topics and across platforms. From this, we
observe two types of topics. One is topics that have
either high or low engagement across most platform
and engagement levels. For example, the topics of Charlottesville, Police Violence, and North Korea have high
engagement across most platforms. The other type is
topics that have mixed engagement (low and high) varying by platform and engagement metric. For example,
the Arts, Movies topic and the Entertainment topic
have low engagement on YouTube (Level-1 and Level3) but high engagement on Twitter (Level-2 and
Level-3). Through comparing the chi-square results
with the top ﬁve topics of each platform (Table 3), we
also ﬁnd that the volume of posting for topics does
not always generate higher engagement. As an example,
the topic of Education & Workplace is the top-ranked
topic on Facebook in terms of posting volume (3372
posts) by news outlets; however, there is no signiﬁcant
correlation with engagement on Facebook.
Additionally, a few other topics have diﬀerent user
engagement volume (high and low) over diﬀerent
engagement levels (levels 1 to 4) in the same platform.
On YouTube, posts related to the Immigration topic
have low views and likes, but higher comments. With
EPC, which analyses if posts on Reddit are made

multiple times, it can be noticed that many topics
have multiple postings, such as Business and Entertainment. Multiple postings regarding content indicate a
higher level of Level-4 engagement. Based on these
results, news content producers can target a speciﬁc
topic and a particular engagement level for a platform
to generate higher user engagement. For example, for
collecting users’ feedback about a movie, one would better focus on Twitter since users of that platform comment more actively on movie-related posts in
comparison to other platforms (YouTube, Facebook,
and Instagram). Thus, each news outlet has to identify
the key performance indicators, which, in turn, helps
it adjust the distribution strategies of its posts based
on the topic and the targeted platform. The results of
the chi-square measures over the 20 topics addressed
by RQ2. Our results complement the work advanced
by another study (Ferrara, Interdonato, and Tagarelli
2014), which has been done on Instagram only, where
many factors might aﬀect the popularity of online content including the topical interests, the platforms structural features, and the content production.
5.4. RQ3: how are posts topics related to
sentiment of (a) posts and (b) audience’
comments on those posts?
In the previous analysis of the ﬁrst two research questions (RQ1 and RQ2), we study the behavioural aspect
of user engagement through comparing the interaction
between users and content topics (view, like, comment,
share) across multiple platforms and news outlets. Now,
we move to the psychological aspect of engagement by
studying the sentiment of news posts and the comments
on them. Here, we address RQ3: How are post topics
related to the sentiment of (a) the posts and (b) the audience’s comments on those posts?. In answering this question, one can predict whether the audience of news
outlets are interacting positively or negatively with
diﬀerent news topics. Across social media platforms
(FB, IG, TW, and YT), the comments are one way to
understand the audience’s point of view and whether
it correlates to the content polarity of actual posts. We
expect posts with positive sentiment to trigger more
positive comments; similarly, negatively polarised
posts are expected to gain more negative comments.
Also, since the level of audience engagement diﬀers by
platform and topic, we expect that the audience might
behave diﬀerently across platforms (e.g. having higher
scores of negative comments on Twitter rather than
on Facebook).
An exploratory box plot of sentiment scores for comments and posts is shown in Figure 4 for the four

Table 4. Chi-square results for the 20 topics and 4 engagement levels (L-1, L-2, L3, and L4).
platform
level
Eng. Metric

L-2
NL

Low*
Low***
High***
Low***
Low***
Low***
Low**
High***
High***
Low**

Low***
High***

High***
High**
High***
Low***

Low***

Low***
High**

Low**
High***
High***
Low***

High***
Low***
Low***

Facebook
L-3
NC
Low***
High***
Low***
High***
Low***
Low***
Low***
High***
High***
High***
High**
Low**
Low***
High***
High***

L-2
NL

Instagram
L-3
NC

L-2
NL

Twitter
L-3
NC

High*

L-3
NC

High***
High**
High***

High***
High***
High***
High**

High***
High*
High***
High**
Low**

Low**
High*

Low*
Low**
High*

Low**

High**
High***
High***

High***
Low***
Low***

High*

Reddit

L-2
NL

High***
High***
High***
High**
High***
High***
High***
High***
High**
High***
High***
High***
High*

L-2
NL
High**
High***
High*
High*
High*
High**
High*
High***
High***
High***
High*
High**
High***

L-3
NC

L-4
EPC

High***
High***
High***
High***
High**
High***
High***

High***

High***
High***
High***
High***
High***
High***
High***
High***
High***
High***
High***
High***

L-4
NEP

High***
High***
High***
High***

Low*

High*
High***
High***
High**

High***

Low*

Notes: Low indicate low engagement of topics, while High means high engagement. Using Reddit data, we compare news articles posted once versus those posted multiple times using EPC engagement metric column.
Signiﬁcant level codes: * p<0.05, ** p<0.01, *** p<0.001.
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Figure 4. The box plot of average Vader sentiment scores of posts and comments over the four platforms.

platforms and 53 news outlets, which shows the general
diﬀerences without the topical eﬀect. For example, the
sentiment of YouTube posts compared to that of other
platforms is skewed towards the positive (.= 0.5).
However, the sentiment scores of YouTube users’ comments are, on average, neutral (, 0.5 and . −0.5). This
might not be true if we analyse the sentiment by topics
and in relation to post and comment volume.
For understanding the higher level of sentiment
eﬀect according to the posting volume, we calculate
the Spearman correlation between the normalised number of comments and the percentages of positive, negative, and emotional (positive + negative) comments
separately. The number of comments is normalised
through dividing by the maximum number of comments of all posts of a given news organisation. The
posts of all news organisations are used as one input
for each platform to calculate the correlation. We ﬁnd
a signiﬁcant positive correlation over the four platforms;
that is, increasing the number of posts in a platform
would generally increase the amount of positive, negative, and emotional comments. For example, 0.36***,
0.24***, 0.56***, and 0.63*** are the correlation values
Table 5. Level-1 engagement prediction results: the aggregated
F1-score (average (avg.), minimum (min), median (med),
maximum (max), and standard deviation (std)) of Level-1
views prediction on YouTube.
YT
AdaBoost
Decision Tree
Random Forest

L
M
L+M
L
M
L+M
L
M
L+M

Avg.

Min

Med

Max

Std

0.612
0.603
0.653
0.613
0.594
0.648
0.633
0.596
0.651

0.481
0.449
0.485
0.469
0.474
0.498
0.480
0.445
0.480

0.610
0.604
0.650
0.610
0.597
0.644
0.631
0.598
0.657

0.810
0.720
0.808
0.803
0.716
0.800
0.814
0.721
0.810

0.086
0.057
0.070
0.084
0.051
0.069
0.085
0.058
0.070

of the normalised number of comments and the percentage of emotional comments for Facebook, Instagram,
YouTube, and Twitter respectively, where *** indicates
having a p-value ,= 0.001.
But this correlation is general and does not show the
diﬀerences across topics. As a result, for each topic, we
calculate the same correlation of its posts, which end up
having 20 Spearman correlation values–one for each
topic and for each platform. Accordingly, on Facebook,
Twitter, and YouTube, all the 20 topics have signiﬁcant
positive correlations between the volume of comments
and the number of positive, negative, and emotional
comments. However, we notice some diﬀerences with
Instagram topics. The ﬁrst diﬀerence is that the topics
‘Trump Presidency’ and ‘US Policy Immigration’ have
signiﬁcant negative correlations with positive sentiment
comments, which means that posts with a higher number of comments have fewer positive comments.
Another diﬀerence is that some topics (e.g. ‘Trump,’
‘US Environmental Policy,’ ‘US Health Care Debate,’
‘Police Violence,’ ‘Sexual Assault,’ ‘Sports,’ and ‘US
Election 2016’) do not have signiﬁcant correlations in
terms of positive sentiment comments while other
topics (e.g. ‘War on Terror,’ ‘Life, Entertainment,
Fashion,’ ‘Arts, Movies,’ ‘Terror Incidents, Europe,’
and ‘Education and Workplace’) have signiﬁcant positive correlations between comments volume and positive sentiment comments volume. In terms of negative
sentiment comments, the results show that a higher
volume of comments for a post indicates a higher
volume of negative sentiment comments for all 20
topics. That means comments tend to be more negative
on Instagram.
We now focus on how diﬀerent topics are covered
with diﬀerent sentiments by news outlets and how this
relates to audience emotions. Speciﬁcally, we compute
the proportions of positive and negative posts for each

Table 6. Level-2 engagement prediction results: the aggregated F1-score (average (avg.), minimum (min), median (med), maximum (max), and standard deviation (std)) for Level-2
prediction results.
FB
AdaBoost
Decision Tree
Random Forest

L
M
L+M
L
M
L+M
L
M
L+M

IG

TW

YT

Avg.

Min

Med

Max

Std

Avg.

Min

Med

Max

Std

Avg.

Min

Med

Max

Std

Avg.

Min

Med

Max

Std

0.585
0.543
0.611
0.584
0.542
0.611
0.597
0.537
0.608

0.430
0.432
0.497
0.426
0.441
0.489
0.434
0.420
0.475

0.565
0.538
0.608
0.570
0.540
0.597
0.587
0.533
0.605

0.807
0.701
0.826
0.806
0.703
0.861
0.811
0.717
0.774

0.084
0.061
0.076
0.081
0.057
0.077
0.083
0.064
0.074

0.652
0.595
0.667
0.646
0.590
0.663
0.668
0.591
0.670

0.486
0.479
0.500
0.506
0.480
0.520
0.526
0.481
0.494

0.680
0.593
0.676
0.669
0.595
0.670
0.687
0.593
0.679

0.752
0.672
0.758
0.734
0.666
0.752
0.776
0.676
0.764

0.066
0.046
0.065
0.062
0.044
0.061
0.064
0.052
0.065

0.677
0.612
0.678
0.681
0.606
0.677
0.717
0.605
0.686

0.500
0.492
0.497
0.513
0.503
0.505
0.562
0.503
0.501

0.665
0.589
0.670
0.670
0.588
0.665
0.706
0.587
0.672

0.999
0.977
0.998
0.999
0.982
0.998
0.999
0.972
0.998

0.086
0.090
0.085
0.083
0.090
0.085
0.075
0.091
0.088

0.613
0.606
0.653
0.612
0.596
0.647
0.631
0.599
0.654

0.497
0.463
0.431
0.483
0.474
0.434
0.471
0.449
0.429

0.599
0.605
0.656
0.595
0.595
0.645
0.628
0.602
0.657

0.779
0.725
0.791
0.772
0.706
0.778
0.783
0.720
0.788

0.083
0.051
0.071
0.080
0.047
0.071
0.082
0.053
0.070

FB
AdaBoost
Decision Tree
Random Forest

L
M
L+M
L
M
L+M
L
M
L+M

IG

TW

YT

Avg.

Min

Med

Max

Std

Avg.

Min

Med

Max

Std

Avg.

Min

Med

Max

Std

Avg.

Min

Med

Max

Std

0.611
0.558
0.619
0.612
0.556
0.620
0.616
0.554
0.617

0.422
0.471
0.499
0.427
0.463
0.506
0.400
0.465
0.487

0.600
0.551
0.610
0.605
0.553
0.599
0.611
0.553
0.605

0.809
0.677
0.772
0.799
0.660
0.777
0.821
0.669
0.774

0.089
0.053
0.067
0.087
0.051
0.068
0.092
0.054
0.071

0.623
0.565
0.626
0.620
0.560
0.622
0.633
0.560
0.627

0.486
0.493
0.531
0.489
0.492
0.533
0.502
0.484
0.520

0.612
0.549
0.619
0.607
0.546
0.612
0.626
0.537
0.611

0.748
0.700
0.748
0.735
0.687
0.747
0.760
0.698
0.752

0.067
0.055
0.061
0.066
0.051
0.059
0.069
0.056
0.063

0.661
0.573
0.674
0.662
0.568
0.677
0.687
0.566
0.668

0.481
0.478
0.449
0.486
0.484
0.476
0.486
0.468
0.424

0.649
0.555
0.673
0.649
0.554
0.673
0.686
0.548
0.680

0.799
0.767
0.843
0.796
0.752
0.879
0.814
0.761
0.810

0.086
0.065
0.086
0.084
0.060
0.087
0.086
0.064
0.079

0.615
0.619
0.669
0.616
0.608
0.661
0.630
0.610
0.668

0.429
0.526
0.539
0.440
0.520
0.534
0.395
0.507
0.520

0.609
0.629
0.662
0.606
0.615
0.650
0.630
0.622
0.664

0.761
0.761
0.802
0.755
0.747
0.793
0.779
0.756
0.802

0.086
0.055
0.065
0.081
0.052
0.063
0.089
0.057
0.067
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Table 7. Level-3 engagement prediction results: the aggregated F1-score (average (avg.), minimum (min), median (med), maximum (max), and standard deviation (std)) for Level-3
prediction results.
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Table 8. Level-4 engagement prediction results: the aggregated
F1-score (average (avg.), minimum (min), median (med),
maximum (max), and standard deviation (std)) across 29 news
organisations by three models (adaboost, decision tree, and
random forest) and using three features sets (languages (L),
metadata (M), and (L+M)).
F1-score
AdaBoost
Decision Tree
Random Forest

Features

Avg.

Min

Med

Max

Std

L
M
L+M
L
M
L+M
L
M
L+M

0.62
0.63
0.68
0.68
0.66
0.71
0.64
0.67
0.67

0.54
0.54
0.58
0.57
0.56
0.62
0.55
0.57
0.56

0.61
0.63
0.67
0.66
0.66
0.71
0.62
0.65
0.66

0.93
0.78
0.94
0.93
0.86
0.93
0.93
0.80
0.94

0.09
0.06
0.08
0.08
0.07
0.08
0.08
0.06
0.08

topic. Then, for each topic, we aggregate all comments
on the posts on the topic and compute the proportions
of positive and negative comments for that topic. Then,
we compare the percentage values in each platform.
Using the proportions of positive and negative posts
and comments, we reveal topics that are more positively
(or negatively) covered by news outlets and reacted to
by audience.
Facebook: When calculating the percentages of positive and negative posts and comments for individual
topics, we observe several diﬀerent distributions of sentiments across topics. First, there are some topics with
higher percentages of positive posts than negative ones
(e.g.topic ‘Arts, Movies’, ‘Sports’, ‘US Sports’) with a
diﬀerence in percentages ranging from 1% to 10% for
13 topics. Second, there are 7 topics with negative
posts dominating positive posts with a diﬀerence
range of 1% to 7.5%. For example, for the topic ‘Terror
Incidents, Europe,’ 20.3% of related posts are negative
while 12.78% of posts are positive, making a diﬀerence
of 7.53%. Third, for 12 topics, the percentage of positive
comments is a little higher than the percentage of negative comments (0.39–2.64), where the topic ‘Sports’ has
the highest diﬀerence. Meanwhile, the remaining 8
topics have more negative than positive comments
with a percentage diﬀerence of 0.47–3.84, where the
topic ‘US election’ has the highest number of negative
comments (15%). Fourth, when comparing the sentiment of both posts and comments, we observe two
topics having higher percentages of negative sentiment
for both comments and posts (topic ‘Police Violence’
and ‘US election’), with a minimum diﬀerence . 2%.
Moreover, ﬁve topics are rated higher as positive posts
(with . 6% diﬀerence) and have higher positive comments (. 2%), which can indicate positive audience
reactions to positive posts on those topics (topic
‘Sports’, ‘Health & life’, ‘Business’, ‘Education and

Workplace’,and ‘Life, Entertainment, Fashion’).
Another interesting observation is that some topics
(e.g.topic ‘Arts, Movies’, ‘Brexit’, and ‘US Sports’) have
a higher number of positive posts (with . 6% diﬀerence
from negative percentage); however, the comment
diﬀerences between positive and negative are low
, 2%, hence audiences have almost equal opinions
over these topics. The last observation in this analysis
is that the topic ‘Terror Incidents, Europe’ has 12.78%
and 20.33% positive and negative posts, respectively,
while having 13.24% and 12.08% of positive and negative comments, respectively. Thus, a higher number of
negative posts on a topic does not necessarily lead to
more negative comments.
Instagram: The percentage of news postings with
positive sentiments exceeded the negative ones over
almost all topics, except ‘Sexual Assault,’ with a
range of 1.33%–23.94%. Similarly, the percentages
of comments with positive sentiment are valued
more than negatively polarised comments (with a
diﬀerence range of 7.19–1.37) over all topics except
the topic ‘US Environmental Policy,’ which has a
balanced amount of both sentiment types with zero
diﬀerence. We notice here that the percentage range
of posts and comments with positive sentiment are
higher on Instagram compared to Facebook, which
can indicate that both news organisations and audiences prefer to act more positively over most topics
on Instagram.
Twitter: The sentiment of both news postings and
users’ comments are more negatively oriented across
most of the topics where the posts (comments) diﬀerence range is 0.41–11.72 (2–5.36). However, for one
topic, ‘Sports,’ the total number of positive posts and
comments is greater than the negative ones with
0.95% for posts and 1.94% for comments. Also, the
topic ‘US Sports’ has 12.91% more negative postings
than positive postings (11.59%), but its corresponding
user comment sentiment is almost similar: 11.67%
(positive) and 11.39% (negative).
YouTube: Positivity is pronounced more on news
posting of YouTube, with 16 topics having 15.54%–
57.59% higher percentages of positive sentiments posts
over negative posts. Out of the 16 topics, there are 9
topics (topic ‘US Policy Immigration’ and ‘Charlottesville’) with higher positive postings but more negative
user comments and 7 topics (topic ‘Life, Entertainment,
Fashion’ and ‘Education and Workplace’) with higher
percentages of positive comments. Whilst, the two
topics (Terror Incidents, Europe and Sexual Assault)
having a very low diﬀerence between positive and negative posts percentages (0.90 and 0.13) where both have
(. 11.24%) higher negative comments percentages
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than positive percentages, the ﬁnal two topics (War on
Terror and Police Violence) have (. 3%) higher negative posting and (. 12%) higher negative comment percentages over the positive ones.
Depending on the platform and topic, the sentiment
of users’ comments may vary. A higher engagement (e.g.
Level-3 comments) of a topic in a given platform would
not necessarily mean it is a positive engagement. For
checking the signiﬁcance of comments’ volume with
the comments’ sentiment over topics, we check the
Spearman correlation to know whether increasing the
number of comments would lead to more positive or
negative comments. Generally, for a given topic,
increasing the number of comments will increase the
amount of negative sentiment in Facebook and YouTube whilst decrease the amount of positive comments
in Twitter and YouTube.
We have, so far, compared the amount of comments
in relation to the volume of comments with positive and
negative sentiments. For understanding whether the
sentiment score of posts is signiﬁcantly aﬀecting the
sentiment score of users’ comments for each topic, we
calculate the Pearson correlation of the sentiment
score (Vader score) of posts and the average sentiment
of the comments for each topic. For Facebook, Instagram, Twitter, and YouTube, the results show signiﬁcant positive correlations between the sentiment score
of a post and its comments’ average sentiment scores
for all 20 topics. This ﬁnding is congruent with a previous study showing that the average sentiment of comments on positive posts is more positive than the
average sentiment of comments on negative posts (Svetlov and Platonov 2019).
In calculating the percentage of positive (or negative)
sentiment posts and the average percentage of positive
(or negative) comments per post for each topic, we
used the Spearman rank correlation to calculate their
correlation across all 20 topics; thus, the input to the
correlation here is 20 rows, and each row presents a
topic. We found a positive signiﬁcant correlation for
the topics on Facebook and YouTube, but not Twitter
and Instagram. On the other hand, over the four platforms (Facebook, Instagram, Twitter, and YouTube),
we found a signiﬁcant positive correlation between the
percentage of negative posts and the corresponding
average of negative comments across topics. That is,
for a given topic, having more negative posts about
the topic results in more negative user comments. A
previous work showing that the number of comments
is higher for the posts with a negative sentiment (Svetlov
and Platonov 2019) conﬁrm with our ﬁndings, where we
add in top of that more negative comments are associated with negative posts.
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For further investigation, we compared the top and
bottom 5 topics, based on their correlation, across platforms. For the top 5 topics, the correlation coeﬃcient is
greater than or equal to 0.236 (FB), 0.336 (IG), 0.211
(TW), and 0.279 (YT). We found some topics have a
very high correlation, appearing in the top 5 list, across
three platforms, such as the topics ‘War on Terror’ (FB,
TW, IG), ‘Police Violence’ and ‘Terror Incidents,
Europe’ (TW, IG, YT), and ‘US Policy Immigration’
(FB, IG, YT). Meanwhile, there is one topic present in
the list of bottom 5 correlation of posts-comments sentiment score across the four platforms; this is ‘Business’
(FB, IG, TW, YT). Also, the topics ‘Brexit’ and ‘Sports’
have less correlation across three platforms. A few topics
appear in the top correlation in one platform but in the
bottom list of another platform. For example, the topic
‘Trump’ has a high correlation in TW but has less correlation in FB.
We examine diﬀerent correlation factors using the
engagement volume of comments and the sentiment
of both posts and comments within 20 diﬀerent topics.
There exists a relationship between the sentiment of
posts and the sentiment of comments which vary by
platform and topic. These results address RQ3.
5.5. RQ4:Can we predict the volume of the
diﬀerent engagement levels for a given content:
(a) Level-1, (b) Level-2, (c) Level-3, and (d) Level-4?
The Tables 5–8, show the engagement prediction results
for level-1 (views), level-2 (likes), level-3 (comments),
and level-4 (External posting), respectively. Due to
data limitation of level-1 engagement, we experiment
using only YouTube data. Also, for level-4 engagement
we have the external posting metric on Reddit, while for
other platforms the data is not available due to data
privacy reasons.
5.5.1. Predicting Level-1 engagement
Now, we show the results of the ﬁrst prediction experiment of Level-1 engagement, which answers part (a)
of RQ4. Due to data limitations, we use this result to
predict the volume of views for YouTube posts.
The prediction summary of the 23 news sources is
shown in Table 5, where the average F1-score over the
three algorithms is 0.65 using the (L+M) feature set.
The maximum F1-score is 0.813 using (L) features
and Random Forest Classiﬁer for (MSNBC) a news
source where the total of posts is 1,714 (857 for each
class). Based on this result, we can conclude that one
can predict the ﬁrst level of engagement with content
before posting with an average F1-score of 0.65, which
addresses part (a) of RQ4.
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5.5.2. Predicting Level-2 engagement
Table 6 shows the results grouped into average, minimum, medium, maximum, and standard deviation.
We observe from the minimum and maximum values
that some news organisations have high F1-score s,
such as USA Today, which has a 0.861 F1-score using
Decision Tree and L+M feature set for the Facebook
platform. Other news sources have a low F1-score,
even though the classes are balanced. For example, on
Facebook, using Decision Tree and L+M features, the
minimum F1-score is 0.489 for The Atlantic news
source. This partially indicates that some news media
have a more predictable Level-2 engagement than
others; however, in the second case, the content features
are not enough, and the extended features set (e.g. audience interest and location) need to be investigated in
future studies. However, the overall average of prediction over Facebook news sources is 0.611 using the
same setting as the best-performing news source,
‘USA Today.’
That answers part (b) of RQ4, where the engagement
of Level-2 can be predicted for a given news outlet with
diﬀerent average F1-scores over platforms.

5.5.3. Predicting Level-3 engagement
Moving into the third level of engagement, we use the
number of comments to present the prediction power
of this level. In this section, we answer part (c) of
RQ4. Our dataset aﬀords the comment volume of each
news source posting over four platforms: Facebook,
Instagram, Twitter, and YouTube. Thus, the prediction
experiments are conducted over the four platforms. In
the ﬁltering process to eliminate news sources with
fewer than 100 posts for each classiﬁcation class (a
total of 200 posts), we end up with the following number
of news sources: 51, 28, 52, and 23 for Facebook, Instagram, Twitter, and YouTube, respectively.
In Table 7 we show the results for the comment
volume prediction experiments in aggregated values
over the news sources. The average approximate F1score over the three algorithms is better using both a
language and metadata (L+M) feature set. In Facebook,
the average F1-score (0.611) is the highest and equal for
both Ada Boost and Decision Tree, while Instagram
Random Forest quietly performed better, with an average F1 of (0.627). Moreover, for Twitter, the Decision
Tree average F1 is higher (0.677). Meanwhile, for YouTube, the Ada Boost model performed a little better
with an average F1-score of 0.669. As a result, we can
predict the comment volume of Level-3 engagement
with an average F1-score of . 0.61, which answers
RQ4 part (c).

5.5.4. Predicting Level-4 engagement
We now move to Level-4 engagement prediction of RQ4
part (d). Here, we predict if a news article will receive
the highest engagement level and volume using two
diﬀerent prediction models: (1) predicting whether a
news article will receive Level-4 engagement if users
post it at least once on Reddit (posted once) and (2) predicting whether a news article will receive a higher
volume of Level-4 engagement if users post it multiple
times on Reddit (posted multiple times).
Posted Once: The engagement metric we predict in
this model is Level-4 external posting for each news
organisation separately. More precisely, for a given
news article, we predict whether Reddit users would
post it at least once on Reddit or not. We assemble
4000 random samples of news articles, divided equally
to the two prediction classes (2000 each). Class-1 contains positive samples of news articles posted at least
once on Reddit, while Class-0 consists of the negative
samples of articles not posted on Reddit. In this prediction experiment, we use 29 news organisations and
excluded the rest, which contained less than 4000
sample cases.
We use the same feature sets of the previous prediction experiments (L, M, and L+M) and the same three
algorithms (i.e. AdaBoost, Decision Tree, and Random
Forest). In Table 8, we report the aggregated F1-score
results (average, minimum, median, maximum, and
standard deviation) of the 29 news organisations.
When using only L features, the best-performing
model is a decision tree, with a 0.68 average F1-score;
when using only M features, random forest is the best
with a 0.67 average F1-score. However, the decision
tree model with L+M features performs better than
other features with a 0.71 average F1-score. Also, we
noticed a signiﬁcant diﬀerence between results
from diﬀerent news organisations when comparing
the maximum and minimum F1-scores. For instance,
Forbes news media has a maximum performance
(0.93) compared to BBC News, which has the lowest
performance (0.62) when using a decision tree with L
+M features.
Overall, the prediction results of articles that will be
posted once on Reddit show that Level-4 user engagement can be predicted with 70% average precision.
Thus, news content creators can use this model to
build advanced knowledge about articles that will
receive higher engagement or external sharing before
posting the article into other platforms. Even more, by
using simple metadata features (topic, textual, and sentiment), content creators can foretell Level-4 user
engagement with an average precision of 68% when
using our model.
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Posted Multiple Times: By looking into the network
structure of Reddit and its sub-community, it is obvious
that news articles get more exposure if they are posted
multiple times on Reddit. In measuring the volume of
Level-4 engagement for this prediction task, we distinguish news articles that will be posted multiple
times by users on Reddit from those articles that will
be posted only once. For this task, we also consider a
sample of 2000 positive cases of news articles posted
multiple times on Reddit (Class-1) and 2000 news
articles that are posted only once (Class-0). Thus, we
use 29 news organisations that have enough cases for
both classes. We use the best performing algorithm
(Decision Tree) from the posted-once prediction experiment and the L+M feature set. The average, minimum,
median, maximum, and standard deviation values of the
aggregated F1-score of 29 news organisations are 0.83,
0.63, 0.85, 0.94, and 0.08, respectively.
On average, our model predicts news articles that will
receive multiple Reddit postings by 0.83 F1-score. Compared to the Level-4 posted-once prediction task, predicting articles that will receive multiple postings by
users is easier than predicting if it will be posted once.
Through combining both prediction models, content
creators can predict articles that will receive a higher
engagement level (Level-4), which answers part (d) of
RQ4.

6. Discussion and implications
In this research, we provide both theoretical and practical frameworks for user engagement, divided into four
levels. Through adopting the eWOM concept (Chen,
Hong, and Li 2017; Jansen et al. 2009) as the foundation
outcome of the network eﬀects of social media, we provide the theoretical framework of multiple levels of user
engagement metrics that measure the extent to which a
user would publicly engage with social media content.
The more popularity a social media news content
gains, the higher the user engagement and outreach;
thus, the ultimate goal of news outlets is to widen
their user reach.
It is clear, from our analysis, that news outlets push
content into social media platforms diﬀerently. That
is, for selective topics, they highly push content to one
platform but more (or less) for other platforms. Similarly, for the content sentiment, they try to be more
positive on some platforms (e.g. Instagram), relative to
others. The diﬀerence can be related to the fact that
news outlets are actually adapting to some degree to
the various user bases across platforms. Researchers in
Al-Rawi (2019) who studied two platforms (Twitter
and YouTube) conﬁrmed the diﬀerences in the news
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consumption patterns of online audiences across
platforms.
Moreover, there are signiﬁcant diﬀerences between
high and low user engagements across platforms and
across the four engagement levels. That means, for
each topic, the user interactions for a topic for a speciﬁc
platform are less likely to be perceived on another platform, with few exceptions, which show similar user
engagement patterns.
There are few topics (e.g. Police Violence, North
Korea, and Charlottesville) that have signiﬁcantly high
engagement on YouTube for three engagement levels
(Level-1, Level-2, and Level-3). Meanwhile, some
other topics (e.g. Business, US Health Care) have low
engagement on YouTube for the three similar engagement levels. On Facebook, most of the topics (16 out
of 20) do not have a signiﬁcant diﬀerence between low
and high engagement volume. The exceptional four
topics are Brexit (Terror Incidents), which has high
(low) Level-3 engagement, and Trump (Trump Presidency), which has low (high) Level-2 engagement.
Interestingly, some platform pairs show fewer diﬀerences among topics and engagement levels. For
example, Twitter and Reddit have high Level-3 engagement across 17 topics, while other platform pairs (e.g.
YouTube and Facebook) have more pronounced diﬀerences in engagement volumes across topics, which indicate users’ willingness to publicly show their
engagement based on the topic.
In practice, content producers can specify their targeted platform and engagement level for a given content
and check the eﬀectiveness through employing similar
analysis as this research. More speciﬁcally, in this
work, we examined Level-4 engagement (public sharing), which indicates the highest volume of user engagement in our framework, thus reaching more users
(directly or indirectly) on other platforms than the existing user base of an organisation.
The volume of engagement is not always a good indicator, since the sentiment may vary positively or negatively. A higher engagement (e.g.Level-3 comments) of
a topic in a given platform would not necessarily
mean it is a positive engagement. As such, in this
research, we also analyse how topics of posts are related
to the sentiment of posts and the audience’s comments
across platforms. Interestingly, on Instagram, both news
organisations and audiences prefer to act more positively over most topics. On Facebook, we observe that
higher negative postings of a topic do not necessarily
lead to more negative comments. While on Twitter,
the sentiment of both news postings and users’ comments are more negatively oriented across most of the
topics; however, positivity is pronounced more in the
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news postings on YouTube. That conﬁrm with the previous work (Al-Rawi 2019) which found that YouTube
news consumers prefer to read and share positive
news posts. Moreover, the Pearson correlation of a
post’s Vader sentiment score and the average sentiment
score of comments for each topic across Facebook,
Instagram, Twitter, and YouTube shows a signiﬁcant
positive correlation for each topic.
Previously, researchers in Castillo et al. (2014) found
that the user engagement of social media news content
can help predict future visitation patterns of news
articles. Furthermore, we examine the prediction
power for the four levels of user engagement, which varies among organisations. The variation we found
conﬁrm with the previous work (Aldous, An, and Jansen 2019b, 2019c), where news organisations use stylistic features diﬀerently across social media platforms. We
relate this variation to the diﬀerences in the origin
countries of the 53 news organisations, which possibly
aﬀects the prediction models. Although the majority
are US-based, a few others are based in other countries
(e.g. UK). Another possible reason for the prediction
variety is the global platform adoption by users; individuals from various nationalities express engagement
diﬀerently across the platforms. The ﬁndings suggest
there are other factors aﬀecting engagement such as
technological aﬀordances, cultural, political, and social
factors (Kalogeropoulos et al. 2017; Schlozman, Verba,
and Brady 2010). For the external or public sharing
engagement metric (Level-4), we use data from Reddit
only, which is a US-based platform. Reddit users share
content from news organisations based in the US,
which makes it diﬃcult for non-US organisations to
make predictions using only information from Reddit.
Thus, using publicly shared information from diﬀerent
platforms (e.g. YouTube and Twitter) is an important
extension for Level-4 prediction tasks in the future,
which are subject to data availability.
6.1. Theoretical contribution
This research adopts the theory of the eWOM concept,
derived from the network eﬀects of social media, from
which we provide the theoretical framework of multiple
levels of user engagement metrics. The levels of user
engagement measure the extent to which a user publicly
engages with social media content. Given the wide range
and spectrum of social media metrics, a uniﬁed framework is of theoretical value to the ﬁeld.
The novelty aspects of this research are multiple
organisations and multiple platforms. This research is
one of few cross-platform studies with many organisations within the same domain, which opens doors for

other aspects of studies in the future. These include
studies such as demographics and user analysis. The
speciﬁc theoretical contributions of this work are the
following:
.

.

.

.

An engagement framework consists of four levels
from private (or silent) (e.g. viewing) to public (or
vocal) (e.g. public sharing) expressiveness of user
engagement.
User engagement to news content diﬀers across the
platforms, implying that there may be audience
population diﬀerences at work. So, all platforms can
not be treated the same, even in the same domain.
User sentiment does not always correlate to content
sentiment, implying that there are topics that engender speciﬁc sentiment in certain segments.
There are content and user sentiment trends on certain platforms, which imply that audiences may tailor
their social media engagement sentiment based on
the platform.

6.2. Practical contributions
In terms of practicality, this research oﬀers many contributions. By using multiple organisations (53) from one
domain (news) over 8 months and analysing multiple
platforms (5) simultaneously in a multiple-platform setting, we extract common topics distribution behaviour
by multiple organisations over the platforms. Further
to this, we analyse the interplay of engagement across
platforms over topics and highlight the most engaging
topics in each platform. Moreover, we analyse the eﬀect
of topics and sentiment on engagement by platform
and topic. Finally, we provide the prediction models of
four engagement levels across platforms. Using these
models, content editors or creators can build advanced
knowledge of the expected reach for a content before
posting it online on social media platforms.
The speciﬁc practical contributions of this work are
as follows:
.

.

.

The engagement framework consisting of four levels
provides some structure to the array of social media
metrics that news organisations can use to speciﬁcally
target the level of engagement they seek.
Organisations can use our platform diﬀerence
ﬁndings to target content more appropriately to the
social media platform that is most receptive.
Knowing that certain platform audiences are more
receptive to certain content or sentiments, contentpublishing organisations can more speciﬁcally target
those platforms.
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6.3. Future work

Disclosure statement

There are many future directions that can be derived
from this research. For example, in this work, we only
analyse the textual content, while video and images
are other content types that need further analysis.
Also, we consider the content features, while other context features, such as location-based features, need
further studies. Moreover, there is a need to analyse
how some content creator factors (e.g. age and number
of followers) aﬀect user engagement. Another future
direction is to improve prediction results using deep
neural network models. Also, for Level-4 prediction,
since we use only Reddit information in this work, we
would like to use public sharing information from
diﬀerent platforms (e.g.YouTube and Twitter), which
is subject to data availability.

No potential conﬂict of interest was reported by the author(s).

7. Conclusions
This research revealed a framework for user engagement publicity in four levels, which can guide future
researchers in the cross-platform analysis. We analysed
the topical distribution over ﬁve diﬀerent social media
platforms for a collection of 53 news outlets. We studied
the topical and sentiment aspect of eﬀecting user
engagement across platforms. Our results show that
user engagement is highly aﬀected by the content’s
topic, with some topics being more engaging in a particular platform. This means that the volume of user
engagement varies by both platform and topic. Also,
the sentiment of the posts inﬂuences the volume of
comments, and their sentiments depend on diﬀerent
levels, topics, and the platform. News outlets can
beneﬁt from ﬁndings to overcome some of the challenges they are facing, including ﬁnding the best platform to post about a topic and understanding the
eﬀect of topics and sentiment on engagement across
platforms. Thus, this research contributes to the content
creation process for making better management
decisions.

Notes
1. http://www.journalism.org/2011/05/09/top-25/
2. https://wallethub.com/blog/best-news-sites/21699/
3. https://cappuccinoandfashion.com/lifespan-of-socialmedia-posts/
4. https://ﬁles.pushshift.io/reddit
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