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Abstract

As the use of paid posts (PPs) by online influencers (Ols) grows on Facebook,
there is limited scientific data on their effectiveness. This study investigates how
consumer engagement with PPs compares to that of unpaid posts (UPPs) and
how engagement is influenced by whether the posts are shared by major or
mini influencers. It also examines the impact of different advertising appeals,
distinguishing between informational and transformational appeals. Using binomial
regression on a dataset of 55,067 paid Facebook posts, the study finds: (a) Users
engage more with PPs than UPPs, (b) mini influencers see a more significant
increase in engagement, and (c) major influencers’ informational appeals generate
higher engagement than mini influencers’ posts. These findings offer valuable
insights for Ols and advertisers in influencer marketing.
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Introduction

Online influencers (OIs) play a crucial role in advertising strategies, attracting
significant attention for their ability to drive consumer engagement (Bakker,
2018; More & Lingam, 2019; Zhou et al., 2021). OIs are individuals or organisa-
tions who cultivate large followings on digital platforms (Carpenter et al., 2021;
Coco & Eckert, 2020; Masuda et al., 2022). Advertisers focus on the engagement
levels of OIs’ posts, as higher engagement often leads to increased earnings for
the influencers (Griave & Greff, 2018; Han & Chen, 2022). The key performance
metric (KPM) for assessing the success of paid digital media campaigns is engage-
ment (Szczurski, 2017).

Paid posts (PPs) are a form of advertising on social media, where Ols create
posts with paid content, often blurring the lines between paid and unpaid material
(Glucksman, 2017; Lou et al., 2023). These posts, differing from unpaid posts
(UPPs), which lack commercial intent, generate more interaction from consum-
ers, who often engage willingly compared to traditional ads (Abdullah et al.,
2020). PPs can use two main advertising appeals: informational and transforma-
tional. Informational appeals focus on providing valuable and factual information
about a product (Chandawarkar et al., 2018; Jin et al., 2019), while transforma-
tional appeals tap into emotions and personal experiences (Andreani et al., 2021;
Bakker, 2018). Both types positively impact consumer behaviour and brand per-
ception (Chekima et al., 2020; Nafees et al., 2021).

The effectiveness of these appeals varies with the influencer’s size. Mini influ-
encers, with smaller followings, often create stronger parasocial relationships,
encouraging deeper engagement (Bakker, 2018; Cheng et al., 2021), whereas
major influencers, with larger followings, leverage credibility and informative
content to drive engagement (Abdullah et al., 2020; Zheng et al., 2020). This
study, analysing 55,067 Facebook posts, provides insights into how Ols’ follower
size and the type of advertising appeal affect user interaction, offering valuable
guidance for both marketers and academics in understanding influencer market-
ing’s efficacy.

The Theoretical Basis

Ols Unpaid Posts

Ols provide marketing value by creating content and building substantial follow-
ings (Cheng et al., 2021; Gammoudi et al., 2022). OlIs enhance their brand
visibility by posting UPPs, which do not promote any specific companies but
include personal stories to engage followers. Unlike traditional word-of-mouth
(WOM), UPPs are editorial, making this study distinct from WOM research
or native advertising (Abdullah et al., 2020; Chekima et al., 2020; Han &
Chen, 2022; Kim & Kim, 2021).
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Purchased Blog Posts from Ols

Like UPPs, Ols create and publish paid content on social media, but PPs explicitly
promote brands and products (Lé Giang Nam, 2018). Sponsored content inte-
grates brands into editorial posts (Grdve, 2019; Harrigan et al., 2021). Unlike
UPPs, PPs carry a commercial message, with images and captions playing a
crucial role in consumer perception (Hund & McGuigan, 2019; Kim & Kim,
2021; Malik et al., 2023).

PPs that Attract Advertisement

Adpvertisers use two main types of ad pitches in paid postings: informative and
transformational advertising. Informative advertising provides factual, relevant
brand information, boosting consumer confidence (Booth & Matic, 2011; Harrigan
et al., 2021). It focuses on logical, clear, and practical data (Bakker, 2018; Brooks
et al., 2021). Transformational advertising, on the other hand, connects products
with emotions and experiences, making the brand feel more engaging and enjoy-
able (Bakker, 2018; Zhou et al., 2021). While both appeals can coexist, one often
dominates the message, with Ols having limited control over the final content
(Bakker, 2018; Enke & Borchers, 2021).

An Essential Performance Metric for Influencer Marketing Is
Involvement in Internet Media

Consumers’ cognitive and emotional views are expressed through brand-related
engagement behaviours on social media, such as likes and comments (Booth &
Matic, 2011; Campbell & Farrell, 2020; Grive, 2019). These interactions serve as
key performance indicators (KPIs) in influencer marketing (Brooks et al., 2021;
Gupta et al., 2020). Likes and comments reflect consumer involvement, brand
trust, and financial success (Abell & Biswas, 2023; Chengetal., 2021). Advertisers
assess engagement based on these actions to evaluate the effectiveness of PPs
(Jin et al., 2019; Reinikainen et al., 2021).

Engagement on Social Media and Paid and Unpaid Postings
are Connected

A qualitative pre-study was conducted to examine the differences between PPs
and UPPs on Facebook. Six Ols, primarily male, with an average age of 30, were
interviewed. They noted that PPs demand more time and effort due to financial
incentives and brand expectations, with OIs aiming for engaging, authentic
content. PPs were seen as offering higher hedonic value, leading to stronger
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engagement. The study explores how transformational versus informational
appeals in PPs influence user interaction compared to UPPs.
To summarise:

H,: Paid postings get higher user engagement than unpaid content.

Mini influencers, with fewer followers, are seen as more authentic and relatable,
leading to higher engagement on PPs. In contrast, major influencers may reach wider
audiences, but their posts often feel less personal and genuine, resulting in more
passive interaction, like views over active engagement, such as likes or comments.

H: The relationship between online media engagement and the number of
followers is less than that of PPs.

We aim to explore how informational versus transformational appeals in PPs
affect user engagement. Informational appeals offer clear, actionable brand
details, while transformational appeals share personal brand experiences. These
differing approaches likely influence how users interact with sponsored content.

H,: More frequently than PPs with transformational appeals, users interact
with advertisements with informative appeals.

According to the Elaboration Likelihood Model (ELM), users on platforms like
Facebook often process content peripherally, relying on cues like follower count.
Major Influencers may gain more attention despite lower engagement, while
deeper cognitive processing—linked to higher engagement—occurs when users
focus more on the message than surface traits.

H,: Informative appeals in sponsored posts have a greater connection with
online media activity than those with transformative appeals.

Method

We used a field data approach to verify our hypotheses, utilising data from an
influencer marketing firm specialising in electric passenger vehicles. The dataset
included 55,067 Facebook posts from Ols.

Considering Independent Variables

The Endorsement of Facebook Posts Can Be Recognised

To classify Facebook posts as paid or unpaid, we developed an endorsement label
system based on three exploratory studies: observational research of 50 full-time
OIs (Kim & Kim, 2021), consultations with an influencer marketing agency
(Farivar et al., 2022), and a survey of seven Ols (Koay et al., 2023).
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Table I. Endorsement Labels: Three Perspectives on Labelling Paid Posts.

Perspective Labels

Researcher #Paid posted, #PaidPromotion, #Collaboration
#Advert, #BrandPartner, #PromotedPost, #Partnered,
#Advertisement, #Paid postedContent, #PaidCampaign,
#PaidFor
#ProductPlacement, #PaidBy, #AdBy, #ThanksTo
#Gifted, #PaidPartnership, #BrandDeal, #InfluencerMarketing,

#ContentPartner
Company #Paid posted, #PaidPromotion, #Collaboration,
#Advert, #BrandPartner, #PromotedPost
Online influencer #Paid posted, #PaidPromotion, #PromotedPost,

#PaidCollaboration, #Gifted, #Promotion,

#Advertorial, Product Placement, Paid posted Post, #PaidBy,
Paid posted by [Brand Name],

Paid posted Feature, Partnered, Thanks to [Brand Name]

The endorsement labels used by researchers, companies, and online influencers
are summarised in Table 1. PPs typically feature endorsement labels in captions,
often with hashtags (Ge & Gretzel, 2018). We used text analysis and manually
validated a random sample of 2,400 PP and 2,400 UPPs to ensure accuracy.
Endorsement was coded as a binary variable. PPs generally feature either infor-
mational or transformational appeals, with one typically dominating the message
(Cheng et al., 2021; Koay et al., 2021). Informational appeals, such as discount
codes, prompt immediate consumer action (Harrigan et al., 2021).

The frequency of informative and transformational appeals in advertising mes-
sages may vary, even if they are not mutually exclusive (Hudders & De Jans, 2022;
Jinet al., 2019; Weismueller et al., 2020). However, one frequently predominates in
a marketing message even when both sorts of solicitations are permissible (Farivar
et al.,, 2022; Harrigan et al., 2021; Reinikainen et al., 2021; Szczurski, 2017).
Advertising that primarily focuses on businesses and their products tends to favour
informational appeals (Coates et al., 2019; Masuda et al., 2022). On the other hand,
transformative appeals take centre stage when advertising emphasises the experi-
ence associated with companies and products (Booth & Matic, 2011; Hudders & De
Jans, 2022; Koay et al., 2023; Lou, 2022). A marketing message, as a result, narrows
its attention to only one appeal. This viewpoint is consistent with earlier research
that divides appeals into informational and transformative forms using a binary cat-
egorisation (Bakker, 2018; Farivar etal., 2022; Lou & Yuan, 2019; Szczurski, 2017).
As aresult, we classify the attractiveness of advertising as dichotomous.

In line with best practices, advertising appeals are categorised dichotomously as
either informational or transformational. Informational appeals are prioritised in
PPs, with other appeals disregarded. Word detection was used to identify keywords
for each appeal type, and manual tests validated consistency. Keywords commonly
associated with informational appeals are listed in Table 2, and an example of a
sponsored post containing a discount code is illustrated in Figure 1. We found that
PPs with informational appeals averaged 359 characters, while those with
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Figure I. A Sample Caption for a Sponsored Post Containing a Discount Code.
Source: Facebook (2022).

transformational appeals averaged 412 characters (Freberg et al., 2011; Lee &

Theokary, 2021; Valsesia et al., 2020). The differentiation between appeals relies
on the length and focus of the captions.

Model Specification

The model is described as follows:

Table 2. Appealing to Information in Paid Posts and Keywords.

Keywords Price reduction, advertising campaigns, freebies, extra rewards,
coupons, tasks, percentage discounts, certificates, economise,
Indian Rupee, success, rules and guidelines, competition, and
marketing initiatives.
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POST_ENGAGEMENT, = CONSTANT +  Paid Posted, + (  Information)) +
orollowers + Followers, Paid Posted, +
(,;Followers, Information) +  TextContent, +
sEmojis, + Mentions, + Hashtags, +
gExclamations, + Questions, +  ContentQuality, +
. PostingTime, +  Weekend, + ¢,

i stands for the specific post that was posted to a Facebook profile (i = 1, 2,
64,438).

The dependent variable (DV) is overall engagement (POST ENGAGEMENT),
measured by the sum of comments and likes. The endorsement variable (Paid
posted) is a dummy variable, set to 1 for PPs. The appeal variable (Information)
distinguishes between informational and transformational appeals. A continuous
variable (Followers) represents the number of followers of the influencer (OI).
To control for confounding factors, we include variables for post timing: a
weekend dummy (weekend) and a working hour dummy (PostingTime).
Additionally, post characteristics such as text length (TextContent), exclamations
(Exclamations), emojis (Emojis), mentions (Mentions), hashtags (Hashtags), and
content type (ContentQuality) are incorporated to account for different engage-
ment levels. Dynamic content, like videos, is set to 1, while static content is set to
0, as it may generate stronger engagement.

Statistical Technique

Our DV, engagement, showed overdispersion (M =1, VAR =9,442,609). To address
this, we conducted an overdispersion test using a Poisson model (Cameron &
Trivedi, 1990), which confirmed overdispersion (p < .001). We applied negative
binomial regression, as recommended by Greene (2007), to account for this. Our
analysis included two phases: first, comparing PP and UPPs with 55,067 posts, and
second, focusing on 4,821 PPs to assess the effect of advertising appeal on engage-
ment. Heteroskedasticity was confirmed via the Breusch-Pagan test (p <.001), and
we adjusted standard errors accordingly. Results are presented in Table 5. The
results of the negative binomial regression model are presented in Table 4.

Statement of the Result

Below is the revised wording, with the values changed to match the table:

The dataset consisted of 55,067 Facebook posts from 2018 to 2022, including
both UPPs and PPs. Most posts (99%) were from this period, with 24% posted on
weekends and 43% during work hours. Emojis appeared in 72% of captions, and
69% included hashtags. The relationships among all variables used in this empirical
analysis are presented in Table 3. On average, posts had 254 characters, with 8.37%
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Table 4. Negative Binomial Regression Findings.

Paid Versus
Unpaid Posts

Informative Versus
Transformative Posts

Variables Likes Comments Engagement Likes = Comments Engagement
Dependent Variables
Paid 0.100%#  0.520%F* 0.110%+*
-0.018 -0.017 -0.017
Foll*paid —0.050%FF  —0.190%  —0.052%*
-0.01 -0.012 -0.011
Inform -0.02 -0.018 -0.016
-0.019 -0.016 -0.018
Foll*inform -0.012 0.019 —0.01
-0.02 -0.019 -0.02
Control Variables
Follower 0.965%#  0.755%F* 0.961%%  0.934%FF  0.499%+* 0.924%
-0.011 -0.008 —0.011 -0.025 -0.017 -0.025
Foll2 —0.067+  —0.070%  —0.066™FF —0.073%* —0.057F  —0.072%F
—-0.002 —0.001 —0.002 —0.004 —0.003 —-0.004
Textcontent —0.031%FF  0.]108%** —0.028*FF  —0.140%FF —0.053*FF  —0.]38%F*
-0.007 -0.005 -0.007 -0.027 -0.015 -0.026
Emojis —0.005 0.014* -0.005 0.029+ 0.023* 0.029+
—-0.007 —0.006 -0.007 -0.016 -0.01 -0.016
Mentioned —0.056%FF  —0.107%%  —0.057%F 0.048%  —0.046%*  0.046**
-0.009 -0.007 -0.008 -0.014 -0.014 -0.015
Hashtags —0.051%FF  —0.130%*  —0.052*F  —0.065%F —0.] 8%  —0.066%+*
-0.007 -0.006 -0.007 -0.015 -0.014 -0.015
Exclamations -0.015+ —-0.037#*  —0.016+ 0.012 0.018 0.012
—0.008 -0.005 -0.008 -0.016 -0.012 -0.016
Questions —0.011+ 0.0607+* -0.01 0.02 0.0577%* 0.021
-0.006 -0.005 -0.006 -0.015 -0.011 -0.015
Contentquality —0.084%  —0.|44%  —0.084% 0249+ -0.603*  —0.254+
—-0.024 -0.019 -0.024 —0.143 —0.104 —0.141
Postingtime —0.002 —0.041%  -0.002 -0.011 0.031 —-0.01
-0.015 -0.01 -0.015 -0.034 -0.024 -0.033
Weekend -0.021 -0.038%*  -0.021 -0.022 -0.074* -0.021
-0.015 -0.011 -0.015 —-0.044 -0.029 —0.043
Constants 6.690%FF 2.8 5%k 6.710%  6.997FFF 3487+ 7.027%%
—0.008 -0.007 -0.008 —-0.022 -0.02 —-0.022
Observations 64,438 64,438 64,438 5617 5617 5617
AIC 51518475 1491897 51837171 4637446 170622 46581 14

Notes: 9,800 followers were identified as followers.
We presented robust standard errors and standardised coefficients.
+p <.I; *p <.05; *¥*p < .01; **p < .001.

containing dynamic content. Posts received between 0 and 111,386 likes and
0-150 comments, averaging 1,173.58 likes and 7 comments. PPs averaged
1,559.21 engagements, while UPPs averaged 1,157.38. Informational appeals had
1,481.38 engagements, and transformative appeals had 1,609.18.
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Table 5. Data Estimation Utilised Negative Binomial Regression.

Paid Versus
Unpaid Posts

Informative Versus
Transformative Posts

Variables Likes Comments Engagement  Likes ~ Comments Engagement
Dependent Variables
Paid post 0.155%%  0.555%+* 0.166%+
-0.015 -0.016 -0.014
Foll*Paid post ~ —0.328*  —0.3[7#  —0.330%**
—0.011 —0.011 —0.011
Information 0.062* 0.029 0.062*
-0.028 -0.03 -0.027
Follinfo 0.196*  0.054* 0.188#¥*
—0.025 —0.023 —0.025
Control Variables
Follower [ 116 0.658%+F [.107%  0.850%F  (0.383%¥F* 0.8397*
—0.005 —0.005 —-0.005 -0.012 -0.013 —0.013
Textcontent 0.011+ 0.2427%¥* 0.015*% —0.153%%  —0.050%*  —0.]150%F*
—-0.007 -0.007 -0.007 -0.023 -0.017 -0.022
Emoijis 0.06 I+ 0.077%%* 0.06 1"+ 0.045%  0.029* 0.045%**
-0.007 -0.006 -0.007 -0.013 -0.012 -0.013
Mentioned —0.011*  —0.089%*  —-0.013¥* —0.0l —0.071%  —-0.012
—0.004 —-0.007 —0.004 —0.013 —0.015 —0.013
Hashtags —0.093%FF  —0.198%*  —0.095%* —0.024 —0.130%  -0.027+
-0.006 -0.007 —0.006 -0.017 -0.017 -0.016
Exclamation —0.055%%  —0.057*F  —0.054* —0.009 0.034* -0.008
—0.006 —-0.007 —0.006 —0.015 —0.015 —0.015
Questions 0.008+ 0.118%+* 0.011* 0.017 0.07 [+ 0.019
-0.005 —0.006 —0.005 -0.013 -0.013 -0.013
Contentquality —0.142%  —0.[45% 0, [43%F  _0.544%FF  —0.658%F  —0.547++*
-0.019 —0.021 -0.019 0.1 -0.108 —-0.099
Postingtime —0.016+ —-0.043**  —0.017+  0.015 0.082** 0.017
0.0l -0.012 —0.01 —0.026 —-0.028 —0.025
Weekend -0.026* —0.039%* -0.026* -0.014 -0.095%  -0.017
—0.011 -0.013 -0.011 -0.03 -0.034 -0.0289
Constants 6.5627FF .72k 6.584%FF 6,893k 3.4 2wk 6.925%F*
-0.008 -0.009 —0.008 -0.02 -0.023 -0.02
Observations 64,438 64,438 64,438 5617 5617 5617
AIC 972,339 480,736 975,270 88,598 49,846 88,928

Notes: 9,800 followers were listed for Follower.
We presented robust standard errors and standardised coefficients.
+p <.I;¥p <.05; ¥p < .01; *p < .001.

Estimation Results

Our data supports the first hypothesis, showing that sponsored posts generate
more engagement than unpaid ones (= 0.166***, p = .001). Sponsored posts
received significantly more likes (= 0.155%**) and comments (= 0.555%%%).
The second hypothesis is also confirmed, with a negative interaction between
followers and engagement on PPs (= —0.330*** p = .001). The third hypothesis,
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concerning informational appeals, showed a significant positive relationship with
likes (= 0.062*, p = .05) but no significant effect on comments. The fourth hypoth-
esis is supported, revealing a positive correlation between followers and engagement
on informational posts (= 0.188*** p = .001). To further validate these findings, a
linear regression was conducted; the results are shown in Table 6.

Table 6. Results of the Estimation: Linear Regression.

Paid Versus Informative Versus
Unpaid Posts Transformative Posts
Variables Likes ~ Comments Engagement Likes Comments Engagement

Dependent Variables

Paid post 2.545%¢ 101270k 2 753k

—-0.305 —-0.055 -0.306
Foll*Paid =2.163FFF 0, |48k ) |99rx
post
-0.15 -0.028 -0.151
Information -0.85 -0.08 -0.795
—0.655 -0.126 —0.657
Foll*info 0.651* 0.039 0.635*
-0.321 —0.063 -0.322
Control variables
Follower 13.942%%k 2 2pwkx 14.085%FF || 584k 2 396%+k | 1.739%%*
-0.127 -0.024 -0.127 -0.505 -0.098 -0.506
Foll2 0.770%#* —0.167%F Q751  Q77]%  _0.230%F* 0.744%+k
-0.026 —-0.005 -0.026 -0.09 -0.019 -0.091
Textcontent —0.004*  0.002%%*  —0.004** —0.008** —0.0003 —0.008***
—0.0004 —0.00006 —0.0004 -0.002 —0.0002 —-0.002
Emojis -0.009 0.016*  —0.006 0.266™F  0.049%#* 0.269%#*
-0.02 -0.004 -0.02 —0.063 -0.013 —-0.063
Mentioned 0.1 18%** —0.060%FF  0.107*  0.173 —0.083%** 0. 157+
—0.028 —-0.005 -0.028 -0.128 -0.026 -0.128
Hashtags —0.048*F  —0.03 1% —0,052% 0,011 —0.0307%#k 0.005
-0.008 -0.002 -0.008 -0.024 -0.006 -0.024
Exclamation  —0.536%%  —0.074*%% 0,54+ 0226 0.008 -0.214
—0.048 -0.01 -0.048 -0.15 -0.031 -0.151
Question —0.683%F  0.291%*  —0.627¥* —0.012 0.200+** 0.02
-0.09 -0.018 -0.091 -0.273 -0.054 -0.273
Contents —2.228FRE _Q277%FFk D 265FRE 6 036%FF | 385%* —6.185%+*
-0.18 -0.033 -0.181 —1.066 -0.206 —1.068
Postingtime ~ —0.508*%*  —0.[4]* —0.524* 0624+ 0.028 -0.617+
-0.1 -0.02 -0.1 -0.363 -0.072 -0.364
Weekend —0.387F  —0.104* —0.400%* —0.507 —0.260%%* -0.547
-0.115 -0.022 -0.116 -0.427 -0.084 -0.428
Constants 7.966%+* 0.968%F 8 |09k 10.766%F 2 | 23%wk I1.136%F
—-0.138 —0.025 -0.138 —0.658 -0.128 -0.659
Observations 64,438 64,438 64,438 5,617 5,617 5617
R? 0.705 0.396 0.705 0.67 0.298 0.669
Adjusted R?  0.705 0.396 0.705 0.669 0.297 0.668

Notes: 9,800 followers were reported as followers.

We used a square root modification in order to lessen the skewness of the number of followers.
We presented robust standard errors and standardised coefficients.

+p <.I; *p <.05; ¥p < .01; *p < .001.
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Finally, we considered a variety of control parameters. We included a number
of post characteristics (Textcontent, Emojis, Mentioned, Hashtags, Exclamation,
Question) in the models to take potential post qualities into consideration.
Subsample-based estimations are reported in Table 7, confirming the robustness
of our results. We also considered the effects of time (Postingtime, Weekend), as
well as post-related factors (Contents). No extra interpretation was required

Table 7. Estimation Outcomes: Subsample-based Negative Binomial Regression.

Paid Versus Informational Versus

Unpaid Posts Transformational Posts
Variables Likes Comments Engagement  Likes =~ Comments Engagement
Dependent Variables
Paid post 0.045%F  0.488%*+* 0.06 |7+
-0.012 —-0.023 —0.011

Fol*Paid post  —0.070***  —0.062**  —0.07 |***
-0.013 -0.023 -0.013

Information -0.025* 0.078* —-0.020%*
-0.02 -0.038 -0.02
Foll*info 0.057*%F  —0.042* 0.053**
-0.018 -0.037 -0.017
Control variables
Follower 0.5k 0.378%* 0.506%  0.506%*F 0.3 |*Fk 0.495%*
-0.005 —-0.009 -0.005 -0.016 -0.028 -0.016
Foll2 —0.044%  —0.036%F  —0.044%F* —0.076% —0.04 %+ —0.075%*+*
—-0.002 —-0.002 —-0.002 —-0.006 —-0.008 —-0.006
Textcontent ~ —0.040%%*  0.230%** —0.034%%  —0.082*%%F 0.031* —0.076%+*
-0.005 -0.008 —-0.005 -0.014 -0.023 -0.014
Emoijis 0.007+ 0.046%+* 0.007 0.029%  0.018 0.028%**
—-0.004 —-0.006 —-0.004 -0.009 -0.015 —-0.009
Mentioned 0.0 3wk —0.094*%%%  0.01 I —0.026* —0.108**+* —0.027%#*
—-0.003 -0.007 —-0.003 -0.01 -0.02 -0.01
Hashtags -0.004 0. 75%#* -0.009 0.036%Fk 0. 82%*r* 0.026
-0.004 -0.008 —-0.004 -0.011 -0.022 -0.011
Exclamation —0.022%F  —0,039FF  —0.022%* —-0.015 0.019 -0.014
—-0.004 —-0.008 —-0.004 -0.01 -0.018 -0.01
Question —-0.005 0.1 [ 2% —0.0005 0.017+ 0.042* 0.017+
—-0.004 —-0.006 —-0.004 —-0.008 -0.016 —-0.008
Contents —0.099%F  —0.138%FF  —0.10]** —0.274%* 0,387 —0.277%%*
-0.013 -0.024 -0.013 -0.075 -0.136 -0.073
Postingtime -0.012% —0.082%%  —0.014* -0.012 0.068+ -0.01
-0.007 -0.014 -0.007 -0.02 -0.038 -0.019
Weekends -0.013+ -0.030+ -0.014 -0.007 —0.094* -0.01
—-0.008 -0.016 -0.007 -0.023 -0.042 -0.021
Constants 6.23 3%k 2.636%F* 62617k 43k 3 PPkl 6,472
-0.005 -0.01 -0.005 -0.014 -0.029 -0.014
38,674 38,674 38,674 3,211 3,211 3,211
AIC 529,710 280,528 531,407 44866 27,136 45,043

Notes: 9,800 followers were listed for the follower.
We presented robust standard errors and standardised coefficients.
+p <.I; *p <.05; ¥p < .01; *p < .001.
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because the control variables were primarily created to capture and control for a
number of post-specific characteristics that may impact our DVs.

Testing
We performed multiple robustness checks to ensure the accuracy of our findings.

These included adding a quadratic term for followers (Foll2) and using a square

Table 8. Estimation Findings: Alternative Dependent Variables in Negative Binomial
Regression.

Dependent Variables Engagement Engagement
Paid post 0.1 15%¥*
-0.014
Foll*Paid post —0.582%¥*
-0.011
Information 0.048+
-0.025
Foll*info 0.084%+*
-0.023
Control variables
Follower | .683%k* |.185%%k
-0.007 -0.017
Foll2 —0.099%#* —0.128%**
-0.002 -0.006
Textcontent 0.014* —0.145%+*
—-0.006 -0.02
Emoijis 0.066%+* 0.048%#*
-0.007 -0.012
Mentioned 0.004 -0.012
—-0.004 -0.012
Hashtags —0.084++* —0.026+
-0.006 -0.015
Exclamation —0.063%%* -0.011
—-0.006 -0.014
Question 0.010% 0.015
-0.005 -0.012
Contents —0.206%** —0.547%#*
-0.017 -0.085
Postingtime —0.039%** -0.016
-0.009 -0.024
Weekend —0.03 | ** -0.025
-0.01 -0.028
Constants 6.774%FF 7152k
-0.007 -0.019
Observations 64,438 5617
AIC 981,953 89,553

Notes: 9,800 followers were listed for the follower.
We presented robust standard errors and standardised coefficients.
+p <.I; *p <.05; ¥*p < .01; **p < .001.
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root transformation of the DV. We also excluded extreme engagement posts and
conducted a negative binomial regression on a subsample, confirming our
hypotheses. Lastly, we adjusted the DV by converting comments to likes, with
consistent results across all tests, further supporting our model. Alternative model
specifications using different dependent variables are summarised in Table 8.

Discussion

This study examines how Facebook-sponsored posts impact online engagement,
focusing on influencer marketing, follower count, and advertising appeals. Results
show PPs generate more engagement than unpaid ones, aligning with hedonic
value (Brooks et al., 2021; Glucksman, 2017). A negative relationship between
follower size and engagement is found, especially for macro-influencers (Freberg
et al., 2011). Influencer type, not appeal type, drives engagement, supporting the
ELM (Petty & Cacioppo, 1986).

Theoretical Repercussions

This study explores how both the substance of messages and OIs’ characteristics
impact social media engagement with PPs. We find that PPs are more engaging
when shared by macro-influencers, especially when they feature educational
appeals. This aligns with information processing theory and the ELM (Campbell
& Farrell, 2020; Lou et al., 2023). Our research extends existing studies by incor-
porating both content qualities and OI attributes, suggesting that engagement
increases with larger followings and educational appeals (Harrigan et al., 2021;
Kim & Kim, 2021). Future research can further investigate these dynamics.

Influencers on the Web (Ols)

Regardless of their followers’ cooperation, Ols should focus on sharing their
expertise and building their followers’ trust. This may be achieved by developing
UPPs that have similar hedonic value and help them build stronger relationships
with their followers.

Limitations and Suggestions for Additional Research

Future research could explore additional KPIs like sentiment analysis, engage-
ment with unpaid PPs, blending informational and transformational appeals,
influencer gender effects, hedonic value, information processing, and using
comprehensive data sources. A limitation of this study is its reliance on Facebook
data, which may not fully represent other platforms.

Conclusion

This study enhances the understanding of influencer marketing by analysing
online media engagement with paid Facebook posts, focusing on actual user
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behaviour. It offers recommendations for future research on product categories,
Ol-brand fit, and further exploration of factors influencing engagement with paid
content, providing a foundation for deeper insights.
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