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Abstract

Social media is an important means of communication, information and opinion for
people. It is very important to understand the theories and methods that lead to
success for these platforms' content. The Uses and Gratifications (U&G) Theory is
adopted in this study to investigate social media engagement behaviour, based on 200
posts from the social media platforms of Facebook, Instagram, and Twitter that are
publicly available. The investigation is based on three study goals: understand the
engagement level across platforms, explore the engagement of different post types,
and understand how sentiment impacts post sharing. The statistical tools used are
One-Way ANOVA, Pearson correlation and linear regression. The results show that
Instagram and Facebook create far more engagement than does Twitter. Videos and
polls are engaging formats for content, and they draw more interaction. Sentiment was
marginally correlated with shares, but statistically significant. The results help to build
on the body of work on digital engagement behaviour and provide actionable

suggestions for content strategists and social media managers.
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1. Introduction: The Importance of the Research

1.1 Background of the Study

Social media is one of the most changing communication area in the present days. In
the last two decades, websites like Facebook, Instagram and Twitter have evolved
from niche online communities to a global infrastructure that impacts the way that
people seek information, establish identity, build relationships and interact with
organizations. By 2024, there are over 5 billion people using social media around the
world, and this figure is still increasing (Statista, 2024). In this massive digital universe,
likes, comments and shares have become the currency to measure influence, reach
and relevance. As such, it is no longer a concern for marketers, or platform designers
to understand what leads to engagement but a core question for anyone interested in

how information spreads and how digital behaviour is formed (Voorveld et al., 2018).

Although a lot of research work has been done in this field, there are still some
questions which remain unanswered. Many of the previous research studies are
descriptive and focus only on pattern of use, rather than causal and associative
mechanisms, and are limited to only a single platform, so their findings cannot be
generalised to other platforms (Kaplan and Haenlein, 2010). Similarly, theories of
social media use have been developed for some time to account for what makes
people choose to use social media, but not many have been used rigorously to predict
measurable engagement outcomes in relation to the content-level characteristics of
social media. This study directly tackles both these limitations: first by using Uses and
Gratifications (U&G) Theory as a unifying theory and second, by using quantitative

statistical methods to test hypotheses across the three major platforms.

1.2 Uses and Gratifications Theory

The Uses and Gratifications approach was formally developed by Katz, Blumler, and
Gurevitch (1973), that is based on a relatively simple yet potent idea: the audience
does not passively receive messages from the media. People select media they
consume, and they select them to meet certain psychological and social needs. These
needs in the social media space could mean needs for entertainment, information,
social interaction, self-expression, or identity construction (Whiting and Williams,

2013). Realistically, this implies that the content attributes of a post, its format, its tone



of voice, and where it is posted is not incidental. They find out if the content matches
the gratification which a person brings to scrolling. With strong alignment, comes

engagement. If it is low, then the content is ignored.

This reasoning leads to a well-defined set of testable expectations. Thus, in the event
that Instagram's visual-centric design offers greater gratifications of modality and
entertainment, than Twitter's text-centric design, then Instagram should generally
achieve greater levels of engagement (Sundar and Limperos, 2013; Tsai and Men,
2013). When a user can interact with the content on the page and be stimulated by
some interactive or audiovisual element (such as a poll, video, etc.), it should drive
more likes, comments and shares than a text post. When there is an emotionally
charged content that evokes higher psychological arousal, from positive warmth and
negative provocation, there should be an observable impact on the sharing of content
across networks (Brady et al., 2017). Formalising each of these expectations in the

form of a research hypothesis and testing them empirically in this research.

1.3 Significance of the Study

This research is very applicable. In numerous of the world's largest economies, social
media advertising and content investment has outpaced investment in traditional
media spending (eMarketer, 2024). Whether it's big companies or small, or even
someone who is just an individual content creator, there are many businesses out
there that invest time and money into creating social media content in hopes that it will
sell without realizing that they don't always possess a clear understanding of what will
make it sell, and they don’t have the evidence to prove it. Platform algorithms
encourage engagement, by showing more people posts that get more engagement,
which further increases engagement. Understanding factors that drive engagement is
critical and increasingly important in the context of how content is quality-checked,
how it makes them feel, and how it is amplified. The results of this research have
implications for content strategy, resource allocation and campaign planning in sectors
(Ruggiero, 2000).

1.4 Research Aim

The aim of this study is to examine the factors of social media engagement behaviour

using a quantitative method based on uses and Gratifications Theory.



1.5 Research Objectives

1. To evaluate engagement levels among diverse social media platforms.
2. To compare total engagement levels across different post types.

3. To examine the effect of sentiment on number of shares.

1.6 Research Questions

% What is the difference level of engagement among various social media
platforms?

% Are there significant differences in total engagement levels across different
social media post types?

0,

% Does sentiment substantially affect likes, comments, and shares?

1.7 Structure of the Dissertation

This report proceeds in the following way. In Section 2, a critical review of the literature,
the conceptual framework and the statements of the research hypotheses are
presented. The research methodology is described in section 3 which comprises of
philosophical background, research design, sampling, variable operationalisation and
analytical process. The data analysis process follows the data analysis process in the
sense of the full description of the descriptive data, assumption check and the result
of the hypothesis test is reported in Section 4. The results and conclusions are
presented in section 5, including theoretical contributions, practical implications and
the limitations of the study. In Section 6, a reflective essay is provided that explores
how the module has enhanced competencies in quantitative research and reflection
on the suitability of quantitative research methods for the wider DBA research journey.

Complete bibliographic citations and appendices are at the end.



2. Literature Review, Conceptual Framework, and

Hypotheses

2.1 Social Media Engagement: Definitions and Dimensions

The term engagement is multidimensional and cannot be defined with one single
definition. In social media research the most common operationalisation of social
media engagement is manifested in observable behavior, such as liking, commenting
and sharing (Brodie et al., 2011). The three indicators are qualitatively different types
of interaction. Likes usually are an indication of passive acceptance, comments are an
expression of active cognitive engagement and shares are used for propagation
behavior where a user validates content to be spread to their network (Cvijikj and
Michahelles, 2013; Cha et al., 2010). All of these metrics combined can be regarded

as a total engagement or audience interaction depth.

Sbaffi and Rowley (2017) suggest that engagement can be seen as a digital capital,
with the content that attracts more engagement serving as a form of social proof that
will further increase reach within the algorithmic recommendation system. The study
of drivers of engagement becomes more and more important with this recursive
relationship between engagement and visibility. In practice, total engagement varies
greatly depending on content type, posting practices, platform attributes and user
characteristics (Hollenbeck & Kaikati, 2012).

Recent studies have focused on the difference between passively and actively
engaging in the learning process. Chung et al., (2012) determined that engagement
by liking tends to be related more to hedonic content and engagement by commenting
and sharing is more strongly connected to informational or controversial content. This
is very relevant to the current study, which aimed to examine sentiment and post type

as predictors of engagement.

2.2 Uses and Gratifications Theory in the Context of Social Media

Uses and Gratifications (U&G) Theory was an intellectual child of the media studies
field which has been around since the historical work of Lazarsfeld and Stanton (1944)
and later formalised by Katz et al. (1973). The basic premise of the theory is simple:

people seek to use media to pursue their psychological, social and cognitive needs.



Whereas in U&G, the audience is seen as a purposive agent who considers the media
in terms of the audience's own gratification from the media, they are not considered

passive recipients of media messages.

Since the early 2010s, U&G has picked up significant momentum in the realm of social
media. Whiting and Williams (2013) suggested 10 types of gratifications from use of
social media: Social interaction, Information seeking, Entertainment, Passing time,
Relaxation, Communication, Convenience, Expression of opinion, Information
sharing, Surveillance. More recently, Smock et al. (2011) showed that gratifications
are not just a function of whether or not a platform is used, but also that gratifications
differ among the features available within platforms, meaning that even the smallest

choices of content have motivational implications.

An important contribution to this debate was made by Sundar and Limperos (2013),
who asserted that Web 2.0 technologies offer additional gratifications that were not
included in previous U&G models: agency, interactivity, navigability and modality.
Modality gratification is particularly applicable in social media: Users' gratification is
directly linked to the level of modality of the messages (text, image, video, interactive).
This gives us a good theoretical basis to make the hypothesis that the richer the post

the more engagement (Xu, 2013).

Quan-Haase and Young (2010) used the U&G approach specifically with Facebook
and identified that it was used mostly for ‘passing time' and ‘social entertainment'
compared to IM, which provided more ‘communative need'. Platform-specific
gratification profiles suggest that cross-platform comparisons of engagement are not
an easy task: if users have different motivations for using Instagram compared to
Twitter then engagement levels and dynamics would naturally vary across these
platforms (Sheldon et al., 2017).

2.3 Platform Differences in Engagement

Numerous studies have been conducted to measure the engagement rates of different
social media platforms, and the results are consistent. Instagram has been found to
be a platform with high engagement, which is a characteristic of the visually oriented
platform and algorithmically organized feed (Virtanen et al., 2017). The affordances of

this platform clearly drive towards the image and video dimension of sensory



gratification (Sundar and Limperos, 2013; Vries et al., 2012). The numbers of people
using Facebook have declined among young people, but the engagement rate is high
because Facebook offers a variety of content formats and has a large number of
people using the app on their devices (Pew Research Center, 2023). Twitter, on the
other hand, has a text-based, chronological feed that doesn't have as much overall
engagement — especially likes and shares (Jansen et al., 2009; Schivinski and
Dabrowski, 2016).

The shortness of the Twitter posts requires a similar limitation of affective and
informational depth that limits the scope of gratifications that can be discussed in any
one post as found by Hong et al. (2011). This structural distinction further suggests
that it should be easier to get people to engage with content on Facebook or Instagram
than on Twitter, regardless of how well it's done. That is against this evidence that

Hypothesis 1 is presented.

2.4 Post Type and Content Format Effects

Content format is proven to be one of the most effective factors that determines social
media engagement. Sabate et al. (2014) had discovered that images more often than
not garnered more interaction in Facebook posts than posts with only text, suggesting
that the images provide more sensory stimulation and greater accessibility of
information. Likewise, video engagement has been a top result in several different
studies, which is reflected in industry insights from platforms like YouTube, TikTok and
Instagram Reels (HubSpot, 2023).

The interactive features like polls, quizzes and carousels are a more recent type of
content worthy of theoretical recognition. For Metz et al (2020) interactive content is
far more likely to get comments, suggesting that there is participatory gratification in
co-creation. Poll takers are not simply using the website for informational purposes,
but are actually participating to advance the content, thus meeting the needs for self-
expression and social identity affirmation. This argument is the one that could suggest
that more interactive post types will be more successful than those that are text-based

or have just an image (Aral and Walker, 2011; Dolan et al., 2016).

Content format effects also work with the affordances of the platforms. The purpose of

a carousel post may vary between Instagram and Facebook, which Facebook
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supports the post format, but it is not as emphasised as Instagram. The data used in
the present study documents five types of posts (text, image, carousel, poll, and

video), and whether there are engagement differences in these types of posts.

2.5 Sentiment and Sharing Behaviour

Social media engagement and content sentiment is a complex theoretical and
empirical relationship. Based on the arousal-valence model of emotion (Russell,
1980), researchers have suggested that in general, emotional content — as opposed
to neutral content — with a high arousal level tends to produce higher levels of
engagement. Brady et al. (2017) showed that the moral-emotional language that
triggered tweets had a significant positive impact on the number of shares, indicating
that it is the intensity of the emotions, not the direction, that is the key factor in

propagation.

But other research has yielded evidence for valence-specific effects. Berger and
Milkman (2012) found that positive content was more likely to be shared than negative
content; that positive content was seen as more desirable because it reinforced a
sense of positivity amongst one's social network — “social impression management,”
sharing positive content signals positivity to one's social network. In contrast, Stieglitz
and Dang-Xuan (2013) observed the sharing of sentiment contexts to be significantly
higher than the sharing of neutral contexts, meaning that context and platform culture

are moderating the sentiment-sharing relationship.

Recently, quantitative studies have tried to address this paradox by subdividing the
negative sentiment into various categories of sentiment. These findings of Ferrara and
Yang (2015) suggest that arousal is the mechanism driving the spread of content
where itis fear inducing, but not necessarily sadness inducing. Sentiment scores, such
as those found in this dataset, are a metric that combines positive, neutral and
negative sentiment. A negative correlation between sentiment score and shares would
suggest that lower (more negative) sentiment scores would be correlated with higher
sharing, which is consistent with the arousal-driven sharing hypothesis.

2.6 Research Gaps

The present study is justified by some gaps in the literature. First, the majority of the

quantitative research on social media engagement are platform-specific and lack
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generalisability. Second, there is a lack of research which clearly operationalizes U&G
Theory as an overarching theory of various UG related hypotheses. Third, the impact
of each of these variables (post type and sentiment) has been looked at individually,
but both are seldom analyzed together with platform as a contextual variable. This
study attempts to fill this three gaps by using a quantitative design approach that is

multi-objective and theoretically grounded.

2.7 Conceptual Framework and Hypotheses

The conceptual framework will be used as the overarching lens through which the
content-level characteristics (post type and sentiment) and structural characteristics
(platform) will be predicted to affect the engagement behaviour (likes, comments, and
shares). It is based on the idea that various platform environments create different
profiles of gratification, and that the attributes of the content indicate the possibility of

gratification fulfilment and, in turn, which gratification responses will be more likely.

H1: There is a significant difference in total engagement levels across social media

platforms (Facebook, Instagram, and Twitter).

H2: There is a significant difference in total engagement levels across post types (text,

image, carousel, poll, and video).
H3: Sentiment score has a significant relationship with social media sharing behaviour.

H3a: The number of shares is significantly predicted by sentiment.

Independent variables

Platform L
Facebook - Instagram - Twitter \ Dependent variable
H1
Uses & Gratifications Engagement
Theory behaviour
H2
Post type —_ Entertainment —> Likes
Text - image - video - poll Information seeking BT
13 / Social interaction Shares
Self-expression
Sentiment /
Positive - neutral - negative J

Figure 1: Conceptual framework (Source: Adapted from Katz et al. (1973) and Sundar and Limperos (2013))
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3. Research Methodology

3.1 Research Philosophy

Philosophy

Positivism —_ ;
ffffffff Positivism - realism

Approach

Deductive

-~ Hypothesis testin:
Strategy P g

Secondary data analysis
Method R, (=SSR -~ SPSS - 200 posts
Quantitative

Cross- R ANOVA - regression
sectional

Figure 2: Research philosophy onion

This study is grounded in a positivist epistemological position. In positivism the social
world can be analyzed objectively by means of measurement, and causal or
associative relationship can be determined by making systematic observations and
statistical analysis (Saunders et al., 2019). This philosophical approach is very suitable
for the purpose of the present study which aims to find patterns and to test hypotheses
on engagement behaviour by means of numerical data. A realist ontological view is
taken that assumes that engagement measures are real behaviour measures that can

be measured and compared to other contexts (Creswell and Creswell, 2018).

The positivist perspective is in favor of deductive approach to reasoning, which begins
with theoretical propositions based on U&G theory and previous empirical studies, and
then proceeds to testing these propositions with actual data. This is in line with the
classical scientific approach of hypothetical deductive method which is largely used in
doctoral level business and management research (Bryman and Bell, 2015; Goh et
al., 2013).

3.2 Research Design

This study is a quantitative, cross sectional type of study. A cross-sectional design is

suitable to get a snapshot of a phenomenon at a specific point in time, and when the
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research analytical objective is to compare groups or investigate associations (Hair et
al., 2019). Social media data was gathered over a 1-year period (2023) and therefore
some temporal representation can be found in the data, without sacrificing efficiency

and replicability of secondary data analysis.

The secondary data method has been widely used and accepted in quantitative social
science research, provided that primary data collection would be difficult or
problematic logistically or ethically (Bryman, 2016). First, the direct access to user-
level data from social media platforms is an ethical issue, as is privacy. Second, the
access to secondary data (anonymised) from social media platforms avoids the ethical

and privacy issues and still allows for the testing of hypotheses.

3.3 Data Source and Description

A total of 200 social media posts were obtained from a public, online repository from
three large social media platforms: Facebook (n = 64), Instagram (n = 72), and Twitter
(n = 64). The following variables are included in each observation: platform, post type,
post day, post time, number of likes, number of comments, number of shares, total
engagement (the sum of likes, comments and shares), and sentiment score. The
sentiment variable is represented as a categorical variable (positive, neutral,
negative), and it is also presented as a numeric value (positive = 3, neutral = 2,

negative = 1) in case the sentiment needs to be analyzed as a continuous variable.

Post type represents a number from 1 to 5, indicating the following post types: 1 = text,
2 = image, 3 = carousel, 4 = poll, and 5 = video. This coding system allows for the
comparison of three or more groups by ANOVA and the interpretation of data in an
ordinal fashion, when possible. The dependent variables for Objectives 1 and 2 are

total engagement and for Objective 3 are shares.

3.4 Sampling

This sample of 200 posts was obtained by the provider of the dataset, who used a
purposive, non-probability sampling method, according to the following criteria: Viral
or trending posts across the three platforms during 2023. Theoretically, probability
sampling would be used to achieve generalisation of findings, however given the fact
that it would be impractical to do so with all posts on social media and with the

exploratory and illustrative nature of the study, purposive sampling is an acceptable
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method (Patton, 2002). The sample size of 50 observations per group for each
platform is sufficient to have adequate statistical power in making ANOVA based

comparisons as recommended by Field (2018).

Retrospective power analysis was conducted to determine the size of the sample
enough to detect medium effect sizes (alpha = 0.05). The number of (200) samples
required to obtain a statistical power of more than 0.90 (more than good) for ANOVA

with three groups and a medium size effect (f = 0.25) (Cohen, 1992).

3.5 Variables and Operationalisation

The operationalisation is a procedure that transforms theory into measurable variables
(Bryman and Bell, 2015). For this study, engagement behaviour is measured as three
different types of engagement: likes (passive affirmation), comments (active
participation), and shares (content propagation). These are collated to give a total

engagement score to Objectives 1 and 2.

Platform is a categorical variable with three categories (Facebook, Instagram and
Twitter). Post type is nominal level data with 5 categories (text, image, carousel, poll,
video) that are coded numerically as 1-5 in the data set. Sentiment is operationalised
as a numeric score (1 = negative, 2 = neutral, 3 = positive) which allows it to be used

in correlation/regression analysis.

3.6 Analytical Approach and Statistical Tests

The analysis of all the data was carried out by IBM SPSS Statistics (Version 29). Three
analytical techniques were used according to the objective of the study and the type

of variables.

One-Way ANOVA (Objectives 1 and 2): To test for significant differences in mean
total engagement between the platform groups (Objective 1), and the post type groups
(Objective 2), One-Way ANOVA was used. ANOVA can be used in situations where
there are three or more independent groups and dependent variable is measured at
the interval or ratio level (Field, 2018; Smith et al., 2012). To validate the results of the
ANOVA, the following assumptions were checked: normality (Shapiro-Wilk test and
inspection of histogram); homogeneity of variance (Levene's test). Wherever the

assumptions were generally fulfilled, the parametric ANOVA test was used as the main
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test. To determine specific pairwise differences between groups an Honest Significant

Difference (HSD) post hoc test was used by Tukey.

Pearson's Correlation (Objective 3): The linear association between sentiment
score and shares was assessed by using Pearson's r. This test can be used when
both variables are interval scale and it is hypothesized that the relationship between
the two is linear (Pallant, 2020). The strength of the correlation was categorized as
small (r = 0.10), medium (r = 0.30) and large (r = 0.50) based on Cohen's 1988

benchmarks.

Simple Linear Regression (Objective 3a): After conducting analysis for correlation,
simple linear regression was modelled to measure the explanatory power of the
sentiment towards the number of shares. Regression is a formal elaboration on the
concept of correlation which gives an estimate of effect size (the standardised beta
coefficient), as well as predictions of a dependent variable from an independent
variable, (Field, 2018). The coefficient of determination or R squared value was used

to determine what percentage of the variance in shares is accounted for by sentiment.

Objective Hypothesis Statistical test
iecti H1 One-Way ANOVA
Objective1 Significant difference in engagement + Tukey HSD
Platform differences & 828 Y
across platforms post hoc
Objective 2 H2 One-Way ANOVA
Post type effects Significant difference in engagement + Tukey HSD
across post types post hoc
S H3 [ H3a Pearson r
Objective 3 . : '! ' .
; —_— Sentiment significantly predicts —_ correlation
Sentiment effect sharing behaviour + simple linear
on shares (direction and magnitude) regression

Figure 3: Analytical framework
3.7 Ethical Considerations

The secondary dataset used in this study is publicly available and anonymised which
reduces a number of the common ethical issues associated with informed consent,
participant privacy and data protection. The data set contains no identifiable people.
The study adheres to the data governance principles of the UK Data Protection Act

(2018), and the ethical guidelines of the University of Wales Trinity Saint David.
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4. Data Analysis

4.1 Descriptive Statistics

The data set is first described prior to testing the hypotheses. The sample comprises 200
social media posts: 64 (32%) Facebook, 72 (36%) Instagram and 64 (32%) Twitter. Post types
are distributed as follows: post type 1 (text, n = 42), post type 2 (image, n = 34), post type 3
(carousel, n = 52), post type 4 (poll, n = 26), and post type 5 (video, n = 46). The distribution
of sentiment is fairly even between positive (n = 70), neutral (n = 64) and negative (n = 66)

categories.

The mean total engagement across the full dataset is M = 3,000.12 (SD = 1,769.10). This
number is a summary of a lot of variation in platforms and post types, and is what the following
hypothesis tests aim to explain. As with many findings, the mean number of likes is higher
than that of the mean number of shares or comments, and this is in line with prior research
that shows “passive” forms of engagement (likes) are more prevalent than “active” forms
(shares, comments) across platforms (Boyd & Ellison, 2007). Below is a summary of

descriptive statistics of engagement for each platform (Table 1).

Table 1: Descriptive Statistics for Total Engagement by Platform

Platform N Mean Std. Deviation
Facebook 64 3,423.03 1,713.65
Instagram 72 3,757.44 1,746.26
Twitter 64 1,725.22 1,012.07
Total 200 3,000.12 1,769.10

4.2 Assumption Testing

The normality assumption was first tested before performing ANOVA tests. The Shapiro-Wilk
tests for each platform group were significant for total engagement measures, suggesting that
the measures in each platform group were not normally distributed. In this case, the group
sizes are reasonably large (n > 30) and the ANOVA is robust when there are only moderate
violations of the normality assumption as Tabachnick and Fidell (2013) have noted. The
platform comparison results on Levene's test for equality of variances were non-significant (p

= .072) which provided support for the homogeneity of variance assumption. In both cases
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(post type comparison and comparing the two post types), Levene's test did not yield a

significant result, which satisfies this assumption.

The residuals were checked for linearity, independence, homoscedasticity and normality to
perform the regression analysis. A plot of the standardised residuals by the predicted values
revealed no systematic pattern and a normal probability plot of the residuals was generally

linear, indicating that the regression model was valid.

4.3 Objective 1: Platform Differences in Engagement (H1)

A One-Way ANOVA test was used to test if there was any significant difference between total
engagement for Facebook, Instagram and Twitter. As shown in Table 1, Instagram posts had
the highest mean engagement (M = 3,757.44, SD = 1,746.26), followed by Facebook (M =
3,423.03, SD = 1,713.65), and Twitter (M = 1,725.22, SD = 1,012.07). It's quite eye-catching
and starkly different — especially from the perspective of Twitter.

The ANOVA results (Table 2) support that the difference between the groups is statistically
significant, F(2, 197) = 33.133, p < .001. Effect size was determined by eta-squared (n?) which
was determined to be .252, which shows a large practical effect (Cohen, 1988). This
represents about 25% of the overall variance in engagement.

Table 2: ANOVA Results — Platform and Total Engagement

Source Sum of Squares df Mean Square

Between Groups 156,765,438.47 2 78,382,719.23 33.133 .000
Within Groups 466,046,246.65 197 2,365,716.99
Total 622,811,685.12 199

Post hoc comparisons using Tukey HSD were conducted to determine which were significantly
different when performing this analysis (Table 3). Tukey HSD post hoc comparisons revealed
that Twitter was significantly different from both Facebook (mean difference = 1,697.81, p <
.001) and Instagram (mean difference = 2,032.23, p <.001). The difference between Facebook
and Instagram was not statistically significant though (mean difference = -334.41, p = .416).

This suggests that the main platform split is between the image-centric platforms and Twitter.
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Table 3: Tukey Post Hoc Comparisons — Platform

Comparison Mean Difference

Facebook vs Instagram -334.41 416
Facebook vs Twitter 1,697.81* .000
Instagram vs Twitter 2,032.23* .000

From the results it is concluded that H1 is supported. Statistically, there is a difference in
engagement between them and Instagram and Facebook both have significantly more

engagement than Twitter.

4.4 Objective 2: Post Type and Engagement (H2)

To determine if there were differences in total engagement for five post types a second One-
Way ANOVA was conducted. Descriptive statistics (Table 4) show that poll-based content (post
type 4) had the highest mean engagement (M = 3,746.38, SD = 1,702.91), followed by video
content (post type 5, M = 3,542.78, SD = 2,077.66). Text posts (post type 1) had the lowest
mean engagement (M = 2,228.62, SD = 1,127.44).

Table 4: Descriptive Statistics for Total Engagement by Post Type

Format \| Mean Std. Deviation

1 Text 42 2,228.62 1,127.44
2 Image 34 2,601.47 1,637.97
3 Carousel 52 3,030.73 1,754.18
4 Poll 26 3,746.38 1,702.91
5 Video 46 3,542.78 2,077.66
Total 200 3,000.12 1,769.10

The ANOVA (Table 5) returned a statistically significant result, F(4, 195) = 5.052, p =.001. The
eta-squared was .094, which is considered a medium/large effect. The variance of

engagement due to post type accounts for about 9.4% of engagement variability.
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Table 5: ANOVA Results — Post Type and Total Engagement

Source Sum of Squares df Mean Square

Between Groups 58,476,914.53 4 14,619,228.63 5.052 .001
Within Groups 564,334,770.59 195 2,894,024.47
Total 622,811,685.12 199

For the Tukey post hoc tests, two statistically significant differences were found between the
post types: post type 1 (text) and post type 4 (poll) (mean difference = -1,517.77, p = .004);
and post type 1 (text) versus post type 5 (video) (mean difference =-1,314.16, p = .003). The
other pairwise comparisons were not statistically significant. This conclusion matches with the
results of the other formats, confirming that the text post format gets much less engagement

than the poll, or video format.

Table 6: Tukey Post Hoc Comparisons — Post Types (Selected Significant Pairs)

Comparison Mean Difference Sig.

Type 1 (Text) vs Type 4 (Poll) 1,517.77* .004

Type 1 (Text) vs Type 5 (Video) -1,314.16* .003

Using these results, the hypothesis of H2 is supported. Total engagement was found to affect

significantly with interactive, audiovisual type content having the most engagement with users.
4.5 Objective 3: Sentiment and Sharing Behaviour (H3 and H3a)

4.5.1 Pearson Correlation

A Pearson correlation was conducted to determine the correlation among sentiment score and
shares. The analysis returned r = -0.283, p <.001. This means that there is a small to medium
negative relationship between sentiment and sharing behaviour, which is statistically
significant. In reality, it translates to more shares being received by posts with lower (more
negative) sentiment scores, while posts with higher (more positive) sentiment scores tended

to not receive as many shares.
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Table 7: Pearson Correlation — Sentiment Score and Shares

Variables Pearson r Sig. (2-tailed)

Sentiment Score & Shares -0.283 .000

From this result H3 is supported. Sentiment is negatively associated with number of shares,

with a statistically significant relationship.

4.5.2 Linear Regression

A simple linear regression was estimated using sentiment score as the predictor and shares
as the dependent variable to see if sentiment could predict shares. The model was statistically
significant, F(1, 198) = 17.265, p < .001, with an R? value of .080. Whilst these results are
modest, but not insignificant, they represent about 8% of the variance in sharing behaviour, a
significant result in a real-world social media setting where many factors would normally be

used to explain the variance in sharing.

Table 8: Regression Model Summary

R Square Adjusted R Square Std. Error of

Estimate

0.283 0.080 0.076 272.256

Table 9: Regression Coefficients

Predictor B Beta t Sig.
Constant 672.38 6.21 .000
Sentiment Score -96.03 -0.283 -4.155 .000

The unstandardised regression coefficient for sentiment (B = -96.03) means that a one-unit
increase in sentiment score (from a negative to neutral score, or from neutral to positive)
results in a corresponding decrease of about 96 in the number of shares. As in simple
regression the standardised beta (B = -0.283) is the same. Based on these results, H3a is
supported. Sentiment has a strong predictive effect on sharing behaviour; 8% of the variance
is explained.
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5. Findings and Conclusions

5.1 Summary of Findings

This study aimed to analyze the engagement behavior of users of social media through
the Uses and Gratifications Theory (UGT), analyzing 200 posts from Facebook,
Instagram and Twitter. Three research objectives were tackled using ANOVA, Pearson
correlation, simple linear regression and all three null hypotheses were rejected. The

results of the investigations are summarised below.

Objective 1 — Platform Differences: The overall engagement (total) differed
significantly between social media platforms, F(2, 197) = 33.133, p <.001, n? = .252.
Instagram, Facebook have much higher engagement than Twitter. This is consistent
with the visual affordance that Instagram offers (Virtanen et al., 2017) and the text-
only, hence structural, limitation of Twitter (Hong et al., 2011). Instagram's image and
video-based interface fulfil modality and entertainment gratifications better than the
short text-based communications, which are hallmark features of Twitter (Sundar and
Limperos, 2013).

Objective 2 — Post Type Effects: Post type significantly predicts total engagement,
F(4, 195) = 5.052, p = .001, n? = .094. Of the three types, poll and video posts (post
types 4 and 5) received the most engagement, as compared to text posts (post type
1). This finding is in line with the interactivity and modality gratification arguments of
Metz et al. (2020) and Sundar and Limperos (2013). Interactive rich content formats,
especially, are helpful in conveying higher likely gratification to users and facilitate

higher engagement responses.

Objective 3 — Sentiment and Sharing: Sentiment score is negatively related to
Sharing (r = -0.283, p < .001) and these sentiment scores explain 8% of variance in
Sharing (R* = .080, p < .001) when using a regression model with sentiment as sole
predictor. The more negative content, the more shares, which is consistent with the
arousal driven sharing hypothesis (Brady et al., 2017) and not the positive-valence
sharing hypothesis proposed by Berger and Milkman (2012). The mixed findings in
literature indicate that the sharing aspect related to sentiment might be specific to a

platform or a specific content domain.
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5.2 Theoretical Contributions

There are a number of contributions made to the literature from this study. First, it
shows that the U&G Theory can be used to understand and explain engagement
differences across multi-platform, and goes beyond usage behaviour to the nature of
interactions and outcomes. Second, it offers quantifiable evidence for a modality
gratification theory of the impact of content format on engagement proposed by
Sundar and Limperos (2013). Third, the dataset-level finding is an addition to the
mixed literature of sentiment and sharing, as it supports the arousal hypothesis, with
evidence of that effect even in a multi-platform (including both Facebook and Twitter)

and multi-categories sample.

5.3 Practical Implications

The results are clearly applicable to the practice of social media. If content managers
want to boost engagement, it's important to understand that engagement is different
across platforms: Instagram and Facebook posts enjoy significantly higher
engagement rates than tweets. This differential should be taken into account when
making choices over the allocation of resources. The data overwhelmingly points to
the conclusion that interactive and audiovisual content (polls and videos) performs
better than text-based posts, in terms of format. For organisations with a smaller
number of content creation resources, video and interactive content may be the best

choice, even if they do not have the time to create as many posts.

The sentiment data should be interpreted cautiously since the more negative material
there is, the more shares there are. The negative framing may appear to be a good
strategy for increasing the virality of a message, but other research, like that conducted
by Brady et al. (2017), warns that excessive negative information could eventually
damage consumers' trust in brands. A more subtle approach, focusing on emotional

depth and salience, rather than negativity, is likely to be more enduring.

5.4 Limitations

This study has some limitations which should be noted. Firstly, the data set is small
(only 200 posts) and may not be representative of the overall larger population of social
media posts. Although the purposive sampling method was suitable for this study, it

restricted the findings to the generalisation of the findings in the statistics. Second, it
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is a single year (2023), and the use of social media is dynamic, so the results may
differ during other time periods. Thirdly, the sentiment variable is a composite score
without distinguishing between different types of positive or negative sentiments,

restricting the theoretical precision.

Fourth, this research did not adjust for other potential confounding factors, like the use
of hashtags, influencers' status, time of publication and platform algorithm updates.
The models presented here account for only a small fraction of the variance and
engagement is a function of numerous factors. Future studies should include
multivariate designs that provide for estimating the effects of the content, platform and

poster characteristics simultaneously.

5.5 Future Research Directions

The work could be continued in several directions in the future. A longitudinal design
would enable researchers to examine the changes in engagement dynamics over
time, especially with regard to platform algorithm updates. If we can consider the posts
as levels within platforms and platforms as levels within users then modelling this
would allow for the multi-level model to be used. Content analysis or the analysis of
interview data could be used in qualitative complementarity studies to shed light on
the motivational processes which underlie the activation of engagement responses to
particular content formats or sentiments, which are lacking when considering only

quantitative data.
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6. Reflective Essay

At the beginning of this module, | thought | had a good understanding of research. |
was familiar with academic papers, statistics in reports, and presenting arguments
numerically in the workplace. The module, however, gave me a sense of there being
a significant gap between knowing what statistics are and knowing how to do proper
quantitative research. The module had a challenging academic impact and was a shift

in my thinking of evidence, data and research design.

| knew | had the confidence to start the module at the beginning because my
environment of work was data orientated and | had some knowledge of statistics. |
understood concepts such as averages, percentages, and simple graphs. | had also
read regression results and surveys conducted in industry reports. But, after the first
couple of weeks of the module it dawned on me that | knew the bare bones of it, but
not much more. | learned some statistics, but | had no real understanding of statistical
procedures or statistical reasoning or the meaning of assumptions at the doctoral level,;
and | was not properly taught in those areas. | knew that to use statistics as evidence,

a lot of critical thinking was involved than just presenting the numbers.

The most significant learning experience that | had was getting to understand
operationalisation. The area that | found interesting and relevant was social media
engagement behaviour and hence decided on that as my research topic. But, after
some time | realized there is more to research than an interesting topic. A researcher
needs to convert general concepts into measurable quantities which can be tested
statistically. Initially, this was challenging as accuracy and definition were needed. |

had to determine the definitions of concepts like “engagement,” “sentiment” and “post
type” in the study and how they could be quantitatively measured through data. This
experience was useful in understanding the relationships between theory and

measurement in quantitative research.

| also had a big learning curve learning SPSS. The software was at first confusing and
difficult. The interface appeared to be technical and there were numerous tables and
values in the statistical outputs which | was unable to fully grasp. | was so
overwhelmed with the terms that were used in the first time | did a One Way ANOVA

test, | felt like | overcame all of them, including “Between Groups,” “Within Groups,”
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“‘Mean Square,” and “F value.” There was a point in time when the software didn't

seem to offer much in the way of help and was more of a challenge.

As | continued to interact with the students, my understanding of the statistical tests
grew as | started to understand the underlying logic of the tests. | learned that ANOVA
is really testing to determine if there are large differences between groups, which are
not likely due to random variation. Upon grasping this concept, the output from the
statistical analysis of the product became easier to understand. The F statistic was
only meaningful because | knew the question being addressed by the statistic. The
same is true for the p-value: it was no longer a number, but a tool to consider and

determine whether the evidence is sufficiently compelling to draw a conclusion.

One of the key learning experiences within the module was to check the assumptions.
| performed Shapiro-Wilk normality test initially and got a significant result, so | thought
that | had made a mistake in the analysis. | was wondering that maybe it was all wrong
from the beginning. But, being a bit of a book worm, | read Field (2018) and Pallant
(2020), and learned that violations of normality are not so much of an issue when
sample sizes are large enough. This was valuable because it was a learning
experience on a different way of conducting research beyond just going through the
motions. Researchers need to be aware of why they have made their methodological
decisions and explain why their decisions were made, in relation to academic
literature. This was a really interesting experience which made me feel as though |
was more of an independent researcher instead of a student doing a bunch of statistics

exercises.

The result that | get from my study was also interesting because it didn't always go in
the direction that | thought it would go. The sentiment was anticipated to have a high
positive value with engagement. The results turned out to be somewhat more
complicated, however. The extent to which sentiment accounted for the variance in
sharing behaviour was not high, and there was a negative correlation between
sentiment and sharing. | started out feeling disappointed because | thought that | would

have had a more definite and pronounced outcome.

On reflection of more literature, | found that the findings were complex, as was human
behaviour in practice. Brady et al. (2017), Berger and Milkman (2012) and Stieglitz
and Dang-Xuan (2013) found that emotional content can have opposing impacts on
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sharing behavior in various situations. | found that big and small numbers and statistics
were not always as significant as they appeared. The social science is an area of study
that has many variable factors affecting human behaviour, and even a small R-squared

can help to find valuable insight.

The most important take away from this module was knowing how crucial honesty is
in research. Research is not about looking for results that you want. Rather, it's about
correctly reporting the information presented and properly interpreting the information
that's presented. This way of thinking has impacted my thinking about academic

research and evidence.

This module has also shaped my thoughts on what | would like to do as research when
| become a DBA. My research is on Digital business strategy and Organisational
behaviour in technoliterate contexts. These are the areas where quantitative methods
will be helpful as they will be able to be used to test relationships between variables in
larger samples. These skills (such as developing a hypothesis, operationalising

variables and interpreting statistics) will be applicable to my future research.

Alongside this | learned about the limitations of quantitative methods during this
module. While relationships and patterns can be identified through statistical analysis,
it does not necessarily explain why there are relationships. Numbers are not enough
to answer some organisational behavioural questions. As such, | now have a greater
understanding of the benefits of qualitative research, including interviews and case
studies. | think that in respect of methodology you have to always rely on the research

question!

This module has altered my perceptions about academic research. | now critically
assess studies, taking into account, among other things, the size of the samples,
assumptions, measurement of the variables and the statistical validity. | question if
findings are adequately supported through evidence and if findings may be
coincidental. It has been one of the most significant achievements of the module to
achieve this perspective.
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Appendices

Appendix A: SPSS Output — One-Way ANOVA (Platform and Engagement)

Total Engangement

Descriptives

95% Confidence Interval for

Mean
I+ Mean Std. Deviation  Std. Error Lower Bound Upper Bound Minimum  Maximum
Facebook G4 342303 1713654 214207 2090497 3851.09 498 6410
Instagram 72 3757.44 1746264  205.799 3347.09 4167.80 539 6198
Twitter 64 172522 1012067  126.508 1472.41 1978.03 435 4032
Total 200 300012 1769098  125.094 2753.44 3246.80 435 6410
Tests of Homogeneity of Variances
Levene
Statistic dfl df2 Sig.

Total Engangement Based on Mean 13.401 2 147 =001

Baszed on Median 12.482 2 197 =.001

Based on Median and 12.482 2 177.649 =.001

with adjusted df

Based on trimmed mean 13.879 2 197 =001

ANOVA

Total Engangement

Sum of

Squares df Mean Square F Sig.
Between Groups 156765438.5 2 78382718.23 33133 =001
Within Groups 46R046246.7 187 2365716.988
Total G22811685.1 1489

Post Hoc Tests

ONEWAY TotalEngangement BY post_type _num

/STATISTICS DESCRIPTIVES HOMOGENEITY

/MISSING ANALYSIS

/CRITERIA=CILEVEL(0.95)

/POSTHOC=TUKEY ALPHA(0.05).
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Dependent Variable:

Multiple Comparisons

Total Engangement

Tukey HSD
Diffr;é?:;e " 95% Confidence Interval
(h platfarms  (J) platforms J) Std. Error Sig. Lower Bound  Upper Bound
Facebook Instagram -334.413 264.238 A6 -8958.43 285960
Twitter 1697.813 271.888 =.001 1055.71 233882
Instagram Facebook 334413 264.238 A16 -2859.60 958.43
Twitter 2032226 264.238 =001 1408.21 2666.24
Twitter Facebook -1697.812° 271.888 =001 -2339.82 -1055.71
Instagram -2032.226° 264.238 =001 -2656.24 -1408.21

* The mean difference is significant at the 0.05 level.

Total Engangement

Tukey HSD*P
Subsetforalpha=0.05

platforms M 1 2
Twitter G4 172522

Facebook 64 3423.03
Instagram 72 A7e7.44
Sig. 1.000 423

Means for groups in homogeneous subsets are
displayed.
a. Uses Harmaonic Mean Sample Size =
G6.462.

k. The group sizes are unequal. The
harmonic mean ofthe group sizes is
used. Type | error levels are not
guaranteed.
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Appendix B: SPSS Output — One-Way ANOVA (Post Type and Engagement)

Total Engangement

Descriptives

95% Confidence Interval for

Mean
M Mean Std. Deviation  Std. Error  Lower Bound  UpperBound  Minimum  Maximum
1 42 222862 1127.440 173.968 1877.28 2579.95 446 4145
2 34 260147 1637.973 280.910 2029.95 3172.99 517 5482
3 52 3030.73 1754177 243.261 254236 3519.10 493 6051
4 26 3746.38 1702.912 333.968 3058.56 443421 750 6222
5 46  3542.78 2077.656 306.334 292579 415977 435 6410
Total 200 300012 1769.098 125.094 2753.44 3246.80 435 6410
Tests of Homogeneity of Variances
Levene
Statistic dfl df2 Sig.

Total Engangement Based on Mean G.466 4 195 =001

Based on Median 4518 4 195 .00z

Based on Median and 4518 4 1721749 .ooz2

with adjusted df

Based on trimmed mean G6.377 4 195 =001

ANOVA

Total Engangement

Sum of

Squares df Mean Square F Sig.
Between Groups 58476914.53 4 146159228.63 5.052 =.001

Within Groups
Tatal

5643347706
6228116851

195 2884024 465

149
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Post Hoc Tests

Multiple Comparisons

DependentVariable: Total Engangement

Tukey HSD
lean 95% Confidence Interval
Difference (-
() post_type_num  (J) post_type_num J) Std. Error Sig. Lower Bound  Upper Bound
1 2 -372.852 382.459 87T -1453.47 T07.77
3 -802.112 352.830 158 -1773.89 169.67
4 -1517.766 424 516 o0o4 -2686.66 -34B.87
i 13141647 363.069 003 -2313.86 -314.46
& 1 372.852 392.459 X -T07.77 1453.47
E| -429.260 375.187 783 -1462.35 603.83
4 -1144.914 443.201 077 -2365.25 75.43
& -941.312 384.749 108 -2000.71 118.08
3 1 802112 352.930 158 -169.67 1773.89
2 429.260 375197 783 -603.83 1462.35
4 -715.654 408.611 408 -1840.75 409.44
i -512.052 344337 572 -146017 436.07
4 1 1517.766 424516 .004 348.87 2686.66
2 1144914 443.2 077 -75.43 2365.25
= 715.654 408.611 408 -409.44 1840.75
i 203.602 417.399 988 -945.70 1352.90
i 1 1314164 363.069 003 314.46 2313.86
2 941.312 384.749 08 -118.08 2000.71
B 512.052 344337 h72 -436.07 146017
4 -203.602 417.399 988 -1352.90 94570

* The mean difference is significant at the 0.05 level.

Homogeneous Subsets

Total Engangement
Tukey HSD*P
Subsetforalpha=0.05

post_type_num M 1 2 3

1 42 2228.62

2 34 2601.47 2601.47

3 52 3030.73 3030.73 A030.73
5 46 354278 354278
4 26 3746.38
Sig. 248 14 361

Means for groups in homogeneous subsets are displayed.
a. Uses Harmonic Mean Sample Size = 37 692,

k. The group sizes are unequal. The harmonic mean of the
group sizes is used. Type | error levels are not
guaranteed.
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Appendix C: SPSS Output — Pearson Correlation and Linear Regression

(Sentiment and Shares)

Correlations

sentiment_sc

ore_num shares

sentiment_score_num  Pearson Correlation 1 283

Sig. (2-tailed) =001

I 200 200

shares Pearson Correlation -283" 1
Sig. (2-tailed) =.001

I 200 200

** Correlation is significant at the 0.01 level (2-tailed).

Regression

Variables Entered/Removed®

Variables Variables
Madel Entered Remaoved Method
1 sentiment_sc . Enter
are_num E

a. Dependent¥ariable: shares

b All requested variables entered.

Model Summary

Adjusted R Std. Errar of
Maodel R R Square Square the Estimate
1 .283® 080 076 272.256

a. Predictors: (Constant), sentiment_score_num

Appendix D: Dataset Summary

pos | platf | post | post_ty | post_ | lik | com | sh | Total post_ | sentime | sentiment
ti |orm | _typ | pe_nu time | es | ment | are | Engan | day nt_scor | _score_nu
d e m s S gemen e m
t
1| Face | imag 2|17/08 | 21| 474 | 62 3223 | Thurs | positive 3
book | e /2023 | 21 8 day
14:45
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2 | Face | caro 14/05 | 36 432 | 69 4786 | Sund | neutral
book | usel /2023 | 60 4 ay
00:45
3 | Insta | poll 21/02 | 49| 408 | 68 6051 | Tues | negativ
gra /2023 | 55 8 day e
m 16:15
4 | Twit | imag 16/11 | 11 90 | 18 1460 | Thurs | negativ
ter e /2023 | 83 7 day e
00:45
5| Twit | vide 23/05 | 34 247 | 28 4032 | Tues positive
ter o /2023 | 99 6 day
00:30
6 | Insta | caro 05/05 | 25 186 | 21 653 | Frida | neutral
gra usel /2023 | 6 1 y
m 20:00
7 | Insta | imag 26/02 | 19 30| 90 2918 | Sund | positive
gra e /2023 | 82 6 ay
m 11:45
8 | Insta | text 28/10 | 12 45| 21 1535 | Satur | neutral
gra /2023 | 74 6 day
m 19:30
9 | Face | vide 02/05 | 31 249 | 22 787 | Tues | neutral
book | o /2023 | 7 1 day
06:15
10 | Twit | caro 11/05 | 18 225 | 43 2541 | Thurs | neutral
ter usel /2023 | 78 8 day
11:00
11 | Twit | text 08/12 | 14 44 | 52 1542 | Frida | negativ
ter /2023 | 46 y e
02:15
12 | Twit | vide 15/06 | 30 42 | 89 435 | Thurs | positive
ter o /2023 | 4 day
03:15
13 | Face | caro 11/11 | 45 78 | 37 498 | Satur | negativ
book | usel /2023 5 day e
15:45
14 | Twit | text 30/09 | 13 144 | 12 1600 | Satur | positive
ter /2023 | 33 3 day
10:30
15 | Face | caro 09/01 | 88 314 | 26 1465 | Mon positive
book | usel /2023 | 9 2 day
20:00
16 | Twit | imag 10/02 | 23 154 | 18 2520 | Frida | neutral
ter e /2023 | 48 y
13:00
17 | Insta | poll 05/07 | 28 10| 73 3618 | Wed | positive
gra /2023 | 72 6 nesd
m 05:15 ay
18 | Twit | text 23/07 | 51 123 | 33 973 | Sund | neutral
ter /2023 | 2 8 ay
05:45
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19 | Twit | text 20/11 | 20 122 | 18 2318 | Mon positive
ter /2023 | 13 3 day
02:00
20 | Face | imag 02/02 | 45 86| 79 620 | Thurs | positive
book | e /2023 | 5 day
16:00
21 | Twit | poll 02/05 | 55 136 | 55 750 | Tues | neutral
ter /2023 | 9 day
06:15
22 | Twit | caro 30/01 | 19 44 | 43 2444 | Mon positive
ter usel /2023 | 61 9 day
13:30
23 | Twit | text 02/10 | 33 109 | 34 789 | Mon positive
ter /2023 | 2 8 day
12:15
24 | Insta | caro 01/01 | 50 80 | 39 5479 | Sund | positive
gra usel /2023 | 00 9 ay
m 20:00
25 | Twit | poll 17/05 | 89 130 | 48 1508 | Wed | positive
ter /2023 | 8 0 nesd
00:15 ay
26 | Face | caro 05/10 | 19 70 | 51 2577 | Thurs | negativ
book | usel /2023 | 92 5 day e
06:30
27 | Insta | text 06/10 | 31 162 | 13 3460 | Frida | positive
gra /2023 | 61 7 y
m 10:00
28 | Face | poll 01/03 | 20 500 | 38 2971 | Wed | neutral
book /2023 | 83 8 nesd
08:00 ay
29 | Face | imag 07/01 | 54 153 | 73 1432 | Satur | negativ
book | e /2023 | 8 1 day e
10:30
30 | Face | caro 03/02 | 45 216 | 73 5549 | Frida | positive
book | usel /2023 | 94 9 y
00:30
31 | Face | poll 10/09 | 47 | 449 | 97 6222 | Sund | negativ
book /2023 | 95 8 ay e
13:45
32 | Insta | imag 01/07 | 46 202 | 18 5050 | Satur | positive
gra e /2023 | 65 3 day
m 14:45
33 | Twit | vide 27/09 | 11 147 | 24 506 | Wed | positive
ter o /2023 | 9 0 nesd
19:00 ay
34 | Twit | poll 09/02 | 22 162 | 28 2443 | Thurs | positive
ter /2023 | 53 day
15:30
35 | Insta | imag 06/06 | 13 201 | 85 2362 | Tues | negativ
gra e /2023 | 09 2 day e
m 19:30
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36 | Face | vide 08/04 | 50 500 | 43 5543 | Satur | positive
book | o /2023 | 00 day
19:15
37 | Face | vide 11/05 | 42 59 | 83 4387 | Thurs | neutral
book | o /2023 | 45 day
00:30
38 | Twit | poll 02/05 | 24| 187 | 44 3095 | Tues | positive
ter /2023 | 63 5 day
00:30
39 | Face | vide 01/01 | 50 430 | 98 6410 | Sund | neutral
book | o /2023 | 00 0 ay
06:00
40 | Insta | caro 04/08 | 44 333 | 84 1625 | Frida | negativ
gra usel /2023 | 7 5 y e
m 12:45
41 | Twit | caro 27/12 | 66 176 | 46 1304 | Wed positive
ter usel /2023 | 7 1 nesd
11:30 ay
42 | Insta | vide 23/11 | 49 252 | 73 5911 | Thurs | negativ
gra o /2023 | 29 0 day e
m 02:00
43 | Twit | caro 31/03 | 25 97 | 85 2768 | Frida | positive
ter usel /2023 | 86 y
16:00
44 | Insta | text 06/07 | 32 50| 17 3486 | Thurs | negativ
gra /2023 | 59 7 day e
m 08:00
45 | Twit | vide 01/12 | 22 132 | 11 2486 | Frida | positive
ter o /2023 | 36 8 y
10:00
46 | Insta | text 16/05 | 22 380 | 42 3058 | Tues | positive
gra /2023 | 51 7 day
m 22:15
47 | Face | poll 08/08 | 47 44 | 99 5763 | Tues | negativ
book /2023 | 26 3 day e
17:45
48 | Face | vide 22/03 | 50 232 | 16 5248 | Wed | negativ
book | o /2023 | 00 nesd |e
03:15 ay
49 | Twit | imag 17/04 | 72 169 | 29 1192 | Mon neutral
ter e /2023 | 5 8 day
15:00
50 | Insta | text 12/07 | 15 206 | 12 1884 | Wed | negativ
gra /2023 | 51 7 nesd |e
m 00:00 ay
51 | Twit | text 14/02 | 12 73| 25 1592 | Tues | positive
ter /2023 | 68 1 day
18:00
52 | Twit | imag 14/07 | 95 113 | 32 1390 | Frida | positive
ter e /2023 | O 7 y
15:00
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53 | Twit | vide 12/11 | 14 46 | 96 1640 | Sund | positive
ter o /2023 | 98 ay
17:30
54 | Insta | imag 21/01 | 42 360 | 82 5482 | Satur | negativ
gra e /2023 | 97 5 day e
m 01:00
55 | Twit | caro 02/10 | 59 34 | 49 1122 | Mon neutral
ter usel /2023 | 2 6 day
23:30
56 | Insta | imag 13/03 | 34 190 | 23 3821 | Mon | negativ
gra e /2023 | 01 0 day e
m 23:15
57 | Insta | vide 13/07 | 48 134 | 49 5478 | Thurs | neutral
gra o /2023 | 46 8 day
m 09:15
58 | Face | vide 27/12 | 22 116 | 72 3048 | Wed | neutral
book | o /2023 | 04 8 nesd
04:00 ay
59 | Twit | vide 24/12 | 34 99| 19 637 | Sund | neutral
ter o /2023 | 4 4 ay
07:45
60 | Insta | caro 19/05 | 47 332 | 95 6051 | Frida | positive
gra usel /2023 | 63 6 y
m 04:30
61 | Insta | vide 31/12 | 35 167 | 76 4472 | Sund | negativ
gra o /2023 | 44 1 ay e
m 22:30
62 | Face | caro 27/01 | 37 227 | 84 4818 | Frida | negativ
book | usel /2023 | 42 9 y e
15:45
63 | Twit | imag 15/05 | 22 163 | 12 517 | Mon neutral
ter e /2023 | 7 7 day
06:30
64 | Insta | caro 19/04 | 13 452 | 72 1306 | Wed | neutral
gra usel /2023 | O 4 nesd
m 19:45 ay
65 | Insta | imag 20/09 | 39 314 | 32 4622 | Wed | positive
gra e /2023 | 82 6 nesd
m 06:00 ay
66 | Face | text 03/01 | 22 39 | 31 2622 | Tues positive
book /2023 | 65 8 day
03:00
67 | Face | caro 23/04 | 20 390 | 16 2581 | Sund | negativ
book | usel /2023 | 26 5 ay e
08:15
68 | Insta | vide 28/12 | 56 486 | 67 1723 | Thurs | negativ
gra o /2023 | O 7 day e
m 16:45
69 | Twit | imag 14/10 | 18 89 | 28 560 | Satur | neutral
ter e /2023 | 7 4 day
18:45
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70 | Face | text 12/06 | 30 86 | 96 4145 | Mon negativ
book /2023 | 94 5 day e
09:30
71 | Insta | vide 10/04 | 33 261 | 63 4289 | Mon | neutral
gra o /2023 | 98 0 day
m 00:00
72 | Face | caro 05/05 | 16 257 | 65 2603 | Frida | neutral
book | usel /2023 | 90 6 y
16:45
73 | Face | text 18/07 | 30 11| 76 3798 | Tues positive
book /2023 | 26 1 day
22:00
74 | Insta | vide 14/04 | 50 454 | 74 6198 | Frida | positive
gra o /2023 | 00 4 y
m 10:30
75 | Face | vide 26/07 | 50 500 | 40 5904 | Wed | positive
book | o /2023 | 00 4 nesd
20:15 ay
76 | Insta | text 27/07 | 21 81| 11 2348 | Thurs | neutral
gra /2023 | 53 4 day
m 19:15
77 | Twit | caro 05/07 | 35 102 | 96 3769 | Wed | positive
ter usel /2023 | 71 nesd
18:15 ay
78 | Insta | poll 19/01 | 29 30| 36 3385 | Thurs | positive
gra /2023 | 90 5 day
m 07:15
79 | Insta | caro 13/12 | 46 189 | 78 5652 | Wed | positive
gra usel /2023 | 78 5 nesd
m 04:45 ay
80 | Face | text 25/06 | 55 320 | 31 1185 | Sund | positive
book /2023 | 3 2 ay
15:15
81 | Face | vide 04/01 | 26 33| 41 3088 | Wed | neutral
book | o /2023 | 42 3 nesd
18:30 ay
82 | Insta | caro 19/11 | 46 314 | 75 5727 | Sund | negativ
gra usel /2023 | 56 7 ay e
m 12:30
83 | Insta | vide 06/12 | 50 173 | 79 5965 | Wed | negativ
gra o /2023 | 00 2 nesd |e
m 04:00 ay
84 | Face | caro 03/10 | 12 263 | 41 1883 | Tues negativ
book | usel /2023 | 03 7 day e
19:00
85 | Face | text 06/07 | 25 368 | 30 3238 | Thurs | neutral
book /2023 | 66 4 day
07:00
86 | Twit | text 25/11 | 24 50| 62 2528 | Satur | positive
ter /2023 | 16 day
07:30
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87 | Insta | text 23/05 | 15 70 | 45 539 | Tues neutral
gra /2023 4 day
m 22:30
88 | Face | text 03/05 | 34 244 | 67 3715 | Wed positive
book /2023 | 04 nesd
12:30 ay
89 | Twit | caro 03/05 | 28 197 | 33 3420 | Wed positive
ter usel /2023 | 84 9 nesd
08:00 ay
90 | Insta | poll 19/03 | 31 109 | 24 3547 | Sund | negativ
gra /2023 | 95 3 ay e
m 04:00
91 | Face | caro 15/09 | 39 402 | 46 4820 | Frida | negativ
book | usel /2023 | 56 2 y e
00:45
92 | Face | vide 23/02 | 18 216 | 34 2417 | Thurs | positive
book | o /2023 | 57 4 day
17:15
93 | Insta | caro 07/05 | 95| 432 | 73 2117 | Sund | negativ
gra usel /2023 | 1 4 ay e
m 00:30
94 | Face | imag 27/11 | 16 207 | 29 2191 | Mon positive
book | e /2023 | 94 0 day
04:30
95 | Insta | poll 07/03 | 30 124 | 51 3646 | Tues | positive
gra /2023 | 05 7 day
m 19:15
96 | Insta | caro 12/07 | 36 294 | 91 1241 | Wed positive
gra usel /2023 1 nesd
m 17:45 ay
97 | Twit | vide 27/10 | 31 108 | 45 880 | Frida | neutral
ter o /2023 | 4 8 y
23:45
98 | Twit | text 05/08 | 22 179 | 38 446 | Satur | positive
ter /2023 | 9 day
08:45
99 | Insta | poll 29/12 | 50 | 500 | 20 5704 | Frida | positive
gra /2023 | 00 4 y
m 12:15
100 | Insta | imag 06/06 | 44 357 | 25 4865 | Tues neutral
gra e /2023 | 83 day
m 21:00
101 | Face | imag 17/08 | 21 474 | 62 3223 | Thurs | positive
book | e /2023 | 21 8 day
14:45
102 | Face | caro 14/05 | 36 432 | 69 4786 | Sund | neutral
book | usel /2023 | 60 4 ay
00:45
103 | Insta | poll 21/02 | 49| 408 | 68 6051 | Tues | negativ
gra /2023 | 55 8 day e
m 16:15
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104 | Twit | imag 16/11 | 11 90 | 18 1460 | Thurs | negativ
ter e /2023 | 83 7 day e
00:45
105 | Twit | vide 23/05 | 34 247 | 28 4032 | Tues positive
ter o /2023 | 99 6 day
00:30
106 | Insta | caro 05/05 | 25 186 | 21 653 | Frida | neutral
gra usel /2023 | 6 1 y
m 20:00
107 | Insta | imag 26/02 | 19 30| 90 2918 | Sund | positive
gra e /2023 | 82 6 ay
m 11:45
108 | Insta | text 28/10 | 12 45 | 21 1535 | Satur | neutral
gra /2023 | 74 6 day
m 19:30
109 | Face | vide 02/05 | 31 249 | 22 787 | Tues | neutral
book | o /2023 | 7 1 day
06:15
110 | Twit | caro 11/05 | 18 225 | 43 2541 | Thurs | neutral
ter usel /2023 | 78 8 day
11:00
111 | Twit | text 08/12 | 14 44 | 52 1542 | Frida | negativ
ter /2023 | 46 y e
02:15
112 | Twit | vide 15/06 | 30 42 | 89 435 | Thurs | positive
ter o /2023 | 4 day
03:15
113 | Face | caro 11/11 | 45 78 | 37 498 | Satur | negativ
book | usel /2023 5 day e
15:45
114 | Twit | text 30/09 | 13 144 | 12 1600 | Satur | positive
ter /2023 | 33 3 day
10:30
115 | Face | caro 09/01 | 88 314 | 26 1465 | Mon | positive
book | usel /2023 | 9 2 day
20:00
116 | Twit | imag 10/02 | 23 154 | 18 2520 | Frida | neutral
ter e /2023 | 48 y
13:00
117 | Insta | poll 05/07 | 28 10| 73 3618 | Wed | positive
gra /2023 | 72 6 nesd
m 05:15 ay
118 | Twit | text 23/07 | 51 123 | 33 973 | Sund | neutral
ter /2023 | 2 8 ay
05:45
119 | Twit | text 20/11 | 20 122 | 18 2318 | Mon positive
ter /2023 | 13 3 day
02:00
120 | Face | imag 02/02 | 45 86| 79 620 | Thurs | positive
book | e /2023 | 5 day
16:00
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121 | Twit | poll 02/05 | 55 136 | 55 750 | Tues | neutral
ter /2023 | 9 day
06:15
122 | Twit | caro 30/01 | 19 44 | 43 2444 | Mon positive
ter usel /2023 | 61 9 day
13:30
123 | Twit | text 02/10 | 33 109 | 34 789 | Mon positive
ter /2023 | 2 8 day
12:15
124 | Insta | caro 01/01 | 50 80 | 39 5479 | Sund | positive
gra usel /2023 | 00 9 ay
m 20:00
125 | Twit | poll 17/05 | 89 130 | 48 1508 | Wed | positive
ter /2023 | 8 0 nesd
00:15 ay
126 | Face | caro 05/10 | 19 70 | 51 2577 | Thurs | negativ
book | usel /2023 | 92 5 day e
06:30
127 | Insta | text 06/10 | 31 162 | 13 3460 | Frida | positive
gra /2023 | 61 7 y
m 10:00
128 | Face | poll 01/03 | 20 500 | 38 2971 | Wed | neutral
book /2023 | 83 8 nesd
08:00 ay
129 | Face | imag 07/01 | 54 153 | 73 1432 | Satur | negativ
book | e /2023 | 8 1 day e
10:30
130 | Face | caro 03/02 | 45 216 | 73 5549 | Frida | positive
book | usel /2023 | 94 9 y
00:30
131 | Face | poll 10/09 | 47 449 | 97 6222 | Sund | negativ
book /2023 | 95 8 ay e
13:45
132 | Insta | imag 01/07 | 46 | 202 | 18 5050 | Satur | positive
gra e /2023 | 65 3 day
m 14:45
133 | Twit | vide 27/09 | 11 147 | 24 506 | Wed | positive
ter o /2023 | 9 0 nesd
19:00 ay
134 | Twit | poll 09/02 | 22 162 | 28 2443 | Thurs | positive
ter /2023 | 53 day
15:30
135 | Insta | imag 06/06 | 13 201 | 85 2362 | Tues | negativ
gra e /2023 | 09 2 day e
m 19:30
136 | Face | vide 08/04 | 50 500 | 43 5543 | Satur | positive
book | o /2023 | 00 day
19:15
137 | Face | vide 11/05 | 42 59 | 83 4387 | Thurs | neutral
book | o /2023 | 45 day
00:30
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138 | Twit | poll 02/05 | 24 | 187 | 44 3095 | Tues | positive
ter /2023 | 63 5 day
00:30
139 | Face | vide 01/01 | 50 430 | 98 6410 | Sund | neutral
book | o /2023 | 00 0 ay
06:00
140 | Insta | caro 04/08 | 44 333 | 84 1625 | Frida | negativ
gra usel /2023 | 7 5 y e
m 12:45
141 | Twit | caro 27/12 | 66 176 | 46 1304 | Wed positive
ter usel /2023 | 7 1 nesd
11:30 ay
142 | Insta | vide 23/11 | 49 252 | 73 5911 | Thurs | negativ
gra o /2023 | 29 0 day e
m 02:00
143 | Twit | caro 31/03 | 25 97 | 85 2768 | Frida | positive
ter usel /2023 | 86 y
16:00
144 | Insta | text 06/07 | 32 50| 17 3486 | Thurs | negativ
gra /2023 | 59 7 day e
m 08:00
145 | Twit | vide 01/12 | 22 132 | 11 2486 | Frida | positive
ter o /2023 | 36 8 y
10:00
146 | Insta | text 16/05 | 22 380 | 42 3058 | Tues | positive
gra /2023 | 51 7 day
m 22:15
147 | Face | poll 08/08 | 47 44 | 99 5763 | Tues | negativ
book /2023 | 26 3 day e
17:45
148 | Face | vide 22/03 |50 | 232 | 16 5248 | Wed | negativ
book | o /2023 | 00 nesd |e
03:15 ay
149 | Twit | imag 17/04 | 72 169 | 29 1192 | Mon | neutral
ter e /2023 | 5 8 day
15:00
150 | Insta | text 12/07 | 15 206 | 12 1884 | Wed negativ
gra /2023 | 51 7 nesd |e
m 00:00 ay
151 | Twit | text 14/02 | 12 73 | 25 1592 | Tues positive
ter /2023 | 68 1 day
18:00
152 | Twit | imag 14/07 | 95 113 | 32 1390 | Frida | positive
ter e /2023 | O 7 y
15:00
153 | Twit | vide 12/11 | 14 46 | 96 1640 | Sund | positive
ter o /2023 | 98 ay
17:30
154 | Insta | imag 21/01 | 42 360 | 82 5482 | Satur | negativ
gra e /2023 | 97 5 day e
m 01:00
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155 | Twit | caro 02/10 | 59 34 | 49 1122 | Mon neutral
ter usel /2023 | 2 6 day
23:30
156 | Insta | imag 13/03 | 34 190 | 23 3821 | Mon | negativ
gra e /2023 | 01 0 day e
m 23:15
157 | Insta | vide 13/07 | 48 134 | 49 5478 | Thurs | neutral
gra o /2023 | 46 8 day
m 09:15
158 | Face | vide 27/12 | 22 116 | 72 3048 | Wed | neutral
book | o /2023 | 04 8 nesd
04:00 ay
159 | Twit | vide 24/12 | 34 99 | 19 637 | Sund | neutral
ter o /2023 | 4 4 ay
07:45
160 | Insta | caro 19/05 | 47 332 | 95 6051 | Frida | positive
gra usel /2023 | 63 6 y
m 04:30
161 | Insta | vide 31/12 | 35 167 | 76 4472 | Sund | negativ
gra o /2023 | 44 1 ay e
m 22:30
162 | Face | caro 27/01 | 37 227 | 84 4818 | Frida | negativ
book | usel /2023 | 42 9 y e
15:45
163 | Twit | imag 15/05 | 22 163 | 12 517 | Mon | neutral
ter e /2023 | 7 7 day
06:30
164 | Insta | caro 19/04 | 13| 452 | 72 1306 | Wed | neutral
gra usel /2023 | O 4 nesd
m 19:45 ay
165 | Insta | imag 20/09 | 39 314 | 32 4622 | Wed | positive
gra e /2023 | 82 6 nesd
m 06:00 ay
166 | Face | text 03/01 | 22 39| 31 2622 | Tues | positive
book /2023 | 65 8 day
03:00
167 | Face | caro 23/04 | 20 390 | 16 2581 | Sund | negativ
book | usel /2023 | 26 5 ay e
08:15
168 | Insta | vide 28/12 | 56 486 | 67 1723 | Thurs | negativ
gra o /2023 | O 7 day e
m 16:45
169 | Twit | imag 14/10 | 18 89 | 28 560 | Satur | neutral
ter e /2023 | 7 4 day
18:45
170 | Face | text 12/06 | 30 86| 96 4145 | Mon | negativ
book /2023 | 94 5 day e
09:30
171 | Insta | vide 10/04 | 33 261 | 63 4289 | Mon | neutral
gra o /2023 | 98 0 day
m 00:00
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172 | Face | caro 05/05 | 16 257 | 65 2603 | Frida | neutral
book | usel /2023 | 90 6 y
16:45
173 | Face | text 18/07 | 30 11| 76 3798 | Tues positive
book /2023 | 26 1 day
22:00
174 | Insta | vide 14/04 | 50 454 | 74 6198 | Frida | positive
gra o /2023 | 00 4 y
m 10:30
175 | Face | vide 26/07 | 50 500 | 40 5904 | Wed | positive
book | o /2023 | 00 4 nesd
20:15 ay
176 | Insta | text 27/07 | 21 81| 11 2348 | Thurs | neutral
gra /2023 | 53 4 day
m 19:15
177 | Twit | caro 05/07 | 35| 102 | 96 3769 | Wed | positive
ter usel /2023 | 71 nesd
18:15 ay
178 | Insta | poll 19/01 | 29 30| 36 3385 | Thurs | positive
gra /2023 | 90 5 day
m 07:15
179 | Insta | caro 13/12 | 46 189 | 78 5652 | Wed | positive
gra usel /2023 | 78 5 nesd
m 04:45 ay
180 | Face | text 25/06 | 55 320 | 31 1185 | Sund | positive
book /2023 | 3 2 ay
15:15
181 | Face | vide 04/01 | 26 33| 41 3088 | Wed | neutral
book | o /2023 | 42 3 nesd
18:30 ay
182 | Insta | caro 19/11 | 46 314 | 75 5727 | Sund | negativ
gra usel /2023 | 56 7 ay e
m 12:30
183 | Insta | vide 06/12 | 50 173 | 79 5965 | Wed | negativ
gra o /2023 | 00 2 nesd |e
m 04:00 ay
184 | Face | caro 03/10 | 12 263 | 41 1883 | Tues negativ
book | usel /2023 | 03 7 day e
19:00
185 | Face | text 06/07 | 25 368 | 30 3238 | Thurs | neutral
book /2023 | 66 4 day
07:00
186 | Twit | text 25/11 | 24 50| 62 2528 | Satur | positive
ter /2023 | 16 day
07:30
187 | Insta | text 23/05 | 15 70 | 45 539 | Tues neutral
gra /2023 4 day
m 22:30
188 | Face | text 03/05 | 34 244 | 67 3715 | Wed | positive
book /2023 | 04 nesd
12:30 ay

49




189 | Twit | caro 03/05 | 28 197 | 33 3420 | Wed positive
ter usel /2023 | 84 9 nesd
08:00 ay
190 | Insta | poll 19/03 | 31 109 | 24 3547 | Sund | negativ
gra /2023 | 95 3 ay e
m 04:00
191 | Face | caro 15/09 | 39 402 | 46 4820 | Frida | negativ
book | usel /2023 | 56 2 y e
00:45
192 | Face | vide 23/02 | 18 216 | 34 2417 | Thurs | positive
book | o /2023 | 57 4 day
17:15
193 | Insta | caro 07/05 | 95 432 | 73 2117 | Sund | negativ
gra usel /2023 | 1 4 ay e
m 00:30
194 | Face | imag 27/11 | 16 207 | 29 2191 | Mon | positive
book | e /2023 | 94 0 day
04:30
195 | Insta | poll 07/03 | 30 124 | 51 3646 | Tues | positive
gra /2023 | 05 7 day
m 19:15
196 | Insta | caro 12/07 | 36 294 | 91 1241 | Wed positive
gra usel /2023 1 nesd
m 17:45 ay
197 | Twit | vide 27/10 | 31 108 | 45 880 | Frida | neutral
ter o /2023 | 4 8 y
23:45
198 | Twit | text 05/08 | 22 179 | 38 446 | Satur | positive
ter /2023 | 9 day
08:45
199 | Insta | poll 29/12 | 50 | 500 | 20 5704 | Frida | positive
gra /2023 | 00 4 y
m 12:15
200 | Insta | imag 06/06 | 44 357 | 25 4865 | Tues neutral
gra e /2023 | 83 day
m 21:00
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