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Abstract

Based on a large real-world dataset comprising Instagram posts of popular influencers, this study empirically analyzes
the impact of disclosed and undisclosed advertising on consumers’ engagement with (a) the advertisement and (b) future
non-advertising posts of the same author. As extant research reports inconsistent effects of ad disclosures based on inferred
motives, persuasion knowledge, and source credibility, this study develops a conceptual framework incorporating these
theoretical concepts. To identify undisclosed advertisements, we use data from regions with proper disclosure culture to train
a model to predict if posts are advertising. Based on the predictions for > 65,000 posts of 239 macro-influencers, we find
that advertising posts gather less engagement than non-advertising posts. Regarding immediate ad engagement, we find that
disclosed ads gather less engagement than undisclosed ads. Contrastingly, when analyzing future engagement, we identify
positive persistent effects of disclosed advertising and negative persistent effects of undisclosed advertising on consumers’
engagement with future posts of the same author. We conclude that source credibility explains the effect of disclosures on
future posts, while the Persuasion Knowledge Model can explain the effect of disclosures on the current advertisement.
Thus, consumers’ coping strategies triggered by activated persuasion knowledge are mostly limited to the advertisement.
Our findings can explain the opposing results of extant research. From a managerial perspective, we find that by not disclos-
ing advertising posts, influencers and marketers increase an ad’s engagement levels at the expense of persistently lowered
attitudes. Conversely, in the long run, they may benefit from transparent disclosures.

Keywords Sponsorship disclosures - Persuasion knowledge - Source credibility - Inferred motives - Consumer attitudes -
Transparency

JEL classification M37 - M31 - D91 - D12

Introduction

During the last decade, marketing activities of companies
experienced a shift from mass media (above-the-line) to
more targeted (below-the-line) marketing (Hinz, Skiera, Bar-
rot, & Becker, 2011). Especially influencer marketing has
risen fast and is now a widely accepted part of a company’s
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marketing mix (Influencer Marketing Hub, 2020; F. Li,
Larimo, & Leonidou, 2021; Mediakix, 2019; Steinhoff,
Arli, Weaven, & Kozlenkova, 2019). As a highly personal
form of online marketing, influencer marketing differs from
traditional celebrity endorsement (Waltenrath, Brenner, &
Hinz, 2022) and is considered effective because consum-
ers maintain a close parasocial relationship with the influ-
encer — i.e., a one-sided relationship that consumers build
through media — with the individual that communicates
the marketing message, the so-called influencer. Influencers
foster such parasocial relationships by regularly interacting
with their audience and sharing private content. Their prod-
uct recommendations are thus perceived as more relevant
(Chung & Cho, 2017; Colliander & Dahlén, 2011; De Veir-
man, Cauberghe, & Hudders, 2017).

@ Springer
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Influencers are users who regularly post about some areas
of expertise or passion, accumulate large audiences, and are
recruited by firms to influence potential buyers (Audrezet,
de Kerviler, & Guidry Moulard, 2020; De Jans, Cauberghe,
& Hudders, 2018; De Veirman et al., 2017). In practice,
influencers mix editorial or personal content with adver-
tisements, which makes it hard for consumers to recognize
advertising content (Boerman, Willemsen, & Van Der Aa,
2017; De Veirman & Hudders, 2020; Wojdynski & Evans,
2016). Advertising disclosures can improve consumers’ ad
recognition (Boerman et al., 2017; Eisend, van Reijmersdal,
Boerman, & Tarrahi, 2020; Evans, Phua, Lim, & Jun, 2017;
D. Y. Kim & Kim, 2021). However, as advertisers fear the
negative effects of disclosures (Sahni & Nair, 2020), they
are tempted to avoid disclosing content as advertising and
employ covert tactics to make advertisements appear less
disruptive and evoke more favorable attitudes towards the ad,
product, and brand (De Veirman & Hudders, 2020; Evans,
Wojdynski, & Hoy, 2019). Influencers may avoid disclosures
for the same reasons or because advertisers persuade them
to do so (Touma & Chamas, 2021). To protect consumers
from such deceptive advertising practices, government insti-
tutions all over the world responded to the ongoing public
discussion (Steward, 2019; Thomasson & Neely, 2021) by
stressing the need for advertising disclosures (Federal Trade
Commission, 2019; S. J. Kim, Maslowska, & Tamaddoni,
2019; Sahni & Nair, 2020; Steward, 2019; Zialcita, 2019).

In light of this conflict of interests, researchers analyzed
the effect of disclosures' in various social media settings.
Interestingly, extant research reports opposing results based
on conflicting theoretical arguments, which makes it hard
to derive meaningful practical and theoretical insights
(Hudders, De Jans, & De Veirman, 2021; Lou, 2021; Ye,
Hudders, De Jans, & De Veirman, 2021). On the one hand,
related studies find that ad disclosures enhance ad recog-
nition, which activates coping strategies such as increased
skepticism and lowers consumers’ engagement intentions
(Boerman et al., 2017; Eisend et al., 2020; Evans et al.,
2017; D. Y. Kim & Kim, 2021; X. Wang, Xu, Luo, & Peng,
2022). On the other hand, in line with industry recommen-
dations (Touma & Chamas, 2021), other studies question if
the application of covert tactics is optimal in online (Sahni
& Nair, 2020; W. Wang & Wang, 2019) and influencer mar-
keting contexts (De Jans et al., 2018; Evans et al., 2019;
Saternus & Hinz, 2021). These studies argue, among other
things, that consumers understand an influencer’s need to
earn money and value transparent disclosures (Lou, 2021),
implying a positive effect of disclosures on consumers’
engagement intentions.

! In this study, we use the term disclosure to refer to advertising dis-
closures. We state it explicitly when referring to other types of disclo-
sures (e.g., impartiality or honesty disclosures).

@ Springer

A possible explanation for the opposing results of extant
research is that some studies may not adequately incorporate
the enduring parasocial relationships between an influencer
and its audience. As these parasocial relationships are con-
sidered key for influencer marketing effectiveness and the
effect of disclosures (Chung & Cho, 2017; Saternus, Weber,
& Hinz, 2022; X. Wang et al., 2022), incorporating them as
close to reality as possible is essential. Specifically, as most
extant studies are based on surveys or laboratory experi-
ments, their artificial settings may — despite these meth-
ods’ undisputed advantages — not always adequately reflect
consumers’ real-world behavior (Evans et al., 2017; Sahni &
Nair, 2020). An empirical approach, such as the one carried
out by this study, can overcome this limitation.

Further, from a theoretical perspective, extant research
explains their results based on various concepts such as
source credibility, inferred motives, or persuasion knowl-
edge which take effect through different mechanisms. In this
study’s conceptual framework, we outline that these mecha-
nisms operate differently on different time horizons, depend-
ing on the subject of study. For example, while the message’s
sender induces the effect through source credibility which
may thus persist and also affect an author’s future posts,
the consumers’ ad recognition triggers the effect through
persuasion knowledge which may (mostly) be limited to the
current advertisement as its prerequisite is an active persua-
sion attempt.

Thus, to contribute to the mostly survey-based discus-
sion, this study presents the concepts and mechanisms of
extant literature and develops an appropriate conceptual
framework. Based on this framework, we conduct two
large-scale empirical analyses to quantify the current
(study 1) and persistent (study 2) effects of ad disclo-
sures in influencer marketing. In the first study, we focus
on the advertisement, i.e., the advertising (sponsored)
social media post, and compare the performance of dis-
closed advertising to the performance of undisclosed
advertising to infer the net effect of disclosures on ad
engagement. We introduce ad engagement as a proxy for
consumers’ attitudes towards the post and the associated
products, brands, and author (van Doorn et al., 2010).
In the second study, we investigate the persistent effects
of disclosed and undisclosed advertising on future, non-
advertising (organic) posts of the same author. Thereby,
this study provides empirical evidence that may be valu-
able for decision-makers such as influencers, regula-
tors, and firms. From a theoretical perspective, we align
the mechanisms identified in extant research with the
results of two large-scale empirical analyses to identify
the dominant mechanisms regarding the current (study
1) and persistent (study 2) effects of ad disclosures.
Thereby, this study sheds light on the reasons for the
opposing results of extant research.
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Conceptual framework

Consumers’ attitudes

This framework presents theoretical concepts and develops
hypotheses based on the theory associated with disclosures
in extant research. To derive the effect of disclosures, we
rely on findings related to consumers’ attitudes. The concept
of consumers’ attitudes comprises the feelings, beliefs, and
behavioral intentions of consumers towards an object such
as a social media post, influencer, brand, or product. Con-
sumers’ attitudes are one of the most important factors that
affect engagement behavior (van Doorn et al., 2010) and are
positively related to social media engagement metrics (de
Vries, Gensler, & Leeflang, 2012; Farace et al., 2020). In
this framework, we derive the effect of disclosures on con-
sumers’ attitudes, which we operationalize as engagement,
based on three main concepts that literature associates with
adverse effects: inferred motives, persuasion knowledge, and
source credibility.

Inferred motives

The multiple inference model (Reeder, Vonk, Ronk, Ham, &
Lawrence, 2004) describes the process of deriving multiple
motives from a person’s behavior. According to the multi-
ple inference model, motives can be affective, normative, or
calculative (Woisetschlédger, Backhaus, & Cornwell, 2017).
In influencer marketing, consumers react to influencers’ con-
tent based on their inferred motives (Rosengren & Camp-
bell, 2021). While inferred affective or normative motives
are associated with higher attitudes and positive responses,
the opposite holds for calculative motives (D. Y. Kim & Kim,
2021; Woisetschldger et al., 2017). In influencer market-
ing, genuine emotion is an affective motive, whereas being
motivated by a (possibly financial) compensation depicts a
calculative motive (D. Y. Kim & Kim, 2021). A good fit
of influencer and product can signal genuine intentions, i.e.,
foster inferred affective motives (D. Y. Kim & Kim, 2021).
Further, the discounting principle (Kelley, 1973) applies to
the inferred motives, suggesting that a specific motive’s effect
is reduced if multiple motives are present and plausible, leav-
ing consumers in doubt about an influencer’s true motivation.

Persuasion knowledge

We describe the set of knowledge and skills to cope with
advertising by the term persuasion knowledge (Friestad &
Wright, 1994). If consumers recognize a persuasion attempt
by an influencer, they use their persuasion knowledge to

infer the underlying motives and evaluate if they want to
resist the persuasion (De Veirman & Hudders, 2020).

The Persuasion Knowledge Model (PKM) (Friestad &
Wright, 1994) forms the theoretical base for most research
on ad disclosures. It states that consumers who recognize a
persuasion attempt may show reactance as they do not like
to be manipulated (Brehm, 1989). Once their persuasion
knowledge is activated, consumers select and execute coping
strategies, such as increased skepticism or resistance (Boer-
man, van Reijmersdal, & Neijens, 2015; Boerman et al.,
2017; De Jans et al., 2018; Evans et al., 2017; Rozendaal,
Lapierre, van Reijmersdal, & Buijzen, 2011). Thereby, they
rely on their prior experience such that being familiar with
advertising practices affects consumers’ reactions (W. Wang
& Wang, 2019). If activated, persuasion knowledge alters
consumer behavior (Boerman, van Reijmersdal, & Neijens,
2012, 2014), affects ad effectiveness (Campbell, Mohr, &
Verlegh, 2013), and eventually leads to negative effects on
attitudes (Campbell & Kirmani, 2000; Eisend & Tarrahi,
2022; S.J. Kim et al., 2019). However, if consumers do not
infer calculative motives, they might impair the application
of coping strategies (De Veirman & Hudders, 2020; Friestad
& Wright, 1994; Isaac & Grayson, 2016). High persuasion
knowledge does not always activate undesired behaviors;
instead, it reflects consumers’ confidence and prior experi-
ence in coping with (the given type of) persuasion attempts
(Friestad & Wright, 1994; Isaac & Grayson, 2016; Jung
& Heo, 2019; J. Lee, Kim, & Ham, 2016; Saternus et al.,
2022).

Source credibility

Source credibility describes if a person is perceived as
believable, factual, unbiased, or true; and is attached to the
sender of the message (Hass, 1981). Thus, source cred-
ibility may affect the sender’s current and future messages,
providing the theoretical base for the persistent effects that
carry over to an author’s future posts and were identified
in extant research (Unnava & Aravindakshan, 2021). The
source credibility model decomposes credibility into the
dimensions expertness (expertise, knowledge), trustworthi-
ness (honesty, morality), and likability (or attractiveness)
(Flanagin & Metzger, 2007; Hovland, Janis, & Kelley, 1953;
McGuire, 1985; Ohanian, 1990; Stubb & Colliander, 2019).
Generally, the level of source credibility affects related atti-
tudes and influences the effect of disclosures by favoring the
inference of either calculative or genuine (normative, affec-
tive) motives (Hudders et al., 2021; D. Y. Kim & Kim, 2021;
Lou & Yuan, 2019; X. Wang et al., 2022). In influencer
marketing, consumers’ close parasocial relationships with
influencers foster perceived source credibility (Reinikainen,
Munnukka, Maity, & Luoma-aho, 2020; Saternus et al., 2022).

@ Springer
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Development of hypotheses and results of extant
research

Disadvantages of disclosing

Disclosures help consumers to recognize advertising con-
tent, interrupt their experience, and activate persuasion
knowledge, negatively affecting ad effectiveness (Eisend
et al., 2020). Since disclosures are a strong lead for calcu-
lative motives (D. Y. Kim & Kim, 2021; S. J. Kim et al.,
2019), they may negatively affect consumers’ attitudes. Con-
versely, following the discounting principle, the absence of
disclosures leaves genuine motives plausible, mitigating the
negative effects of calculative motives (D. Y. Kim & Kim,
2021). Further, disclosures may cause consumers to perceive
influencers as biased (De Veirman et al., 2017; Hwang &
Jeong, 2016) or feel deceived when recognizing that an
influencer has been paid (Campbell & Kirmani, 2000; De
Jans et al., 2018; Eisend et al., 2020). These reactions can
reduce source credibility, which has a negative impact on
consumers’ attitudes (De Veirman & Hudders, 2020; Eisend
et al., 2020; Friestad & Wright, 1994; Lou & Yuan, 2019).
Because consumers’ attitudes are one of the most important
factors that affect consumers’ engagement behavior (van
Doorn et al., 2010), we formulate Hla.

H1a: Disclosed advertising posts gather less engagement
than undisclosed advertising posts.

Benefits of disclosing

Some research argues that ad recognition is determined
mostly by characteristics other than disclosures, such as
the post’s creative elements and consumers’ prior experi-
ence with the given type of advertising (Boerman & Miiller,
2022; Jung & Heo, 2019). Disclosures may increase ad rec-
ognition only moderately (De Jans et al., 2018; Jung & Heo,
2019), while many consumers recognize undisclosed ads
anyway (Evans et al., 2019). Consumers, especially those
experienced with this type of advertising (high persuasion
knowledge), may recognize undisclosed ads, infer calcula-
tive motives, and experience a negative effect on attitudes
towards the post (Boush, Friestad, & Rose, 1994; Evans
et al., 2019; Waiguny, Nelson, & Terlutter, 2014). Compared
to disclosed ads, undisclosed ads may evoke an even greater
degree of reactance as they are perceived as particularly
manipulative (Evans et al., 2019) which implies strong cal-
culative motives. Therefore, recognized undisclosed ads may
substantially reduce source credibility (Carr & Hayes, 2014)
and, in turn, gather less engagement than disclosed ads. Con-
versely, ad disclosures depict a credible tactic that enhances
perceived transparency — i.e., a consumer’s perception of

@ Springer

the clarity of the message’s paid nature (Wojdynski, Evans,
& Hoy, 2018) — which may lead to a positive effect on
source credibility and attitudes towards the post (Amazeen &
Wojdynski, 2019; Evans et al., 2019; Isaac & Grayson, 2016;
Krouwer, Poels, & Paulussen, 2020). Especially consumers
experienced with this type of advertising (high persuasion
knowledge) may understand an influencer’s need to earn
money and thus value clear disclosures instead of taking
them as a hint for calculative motives (Lou, 2021; Saternus
et al., 2022; W. Wang & Wang, 2019). Most importantly,
the close parasocial relationships of influencers with their
audiences may moderate the effect of disclosures and make
consumers more likely to value clear disclosures rather than
to perceive ads as deceptive (Boerman, 2020; Saternus &
Hinz, 2021; W. Wang & Wang, 2019). Contradicting Hla,
we can thus also hypothesize that disclosed ads gather more
engagement:

H1b: Disclosed advertising posts gather more engage-
ment than undisclosed advertising posts.

To illustrate the rationales of Hla and H1b, we visualize
the proposed effects through inferred motives, source cred-
ibility, and persuasion knowledge in Fig. 1.

Effects of disclosed and undisclosed advertising on future
posts of the same author

Both Hla and H1b rely on arguments based on source cred-
ibility, inferred motives, and persuasion knowledge. As
source credibility is attached to the sender of the message,
the associated effects may not be limited to the advertise-
ment but carry over to future posts of the same author. Based
on this mechanism, all proposed effects via source credibil-
ity may affect consumers’ engagement intentions with an
author’s future posts and thus persistently affect engagement
levels. On the other hand, the arguments on inferred motives
and persuasion knowledge draw on the presence of monetary
incentives (to infer calculative motives) and active persua-
sion attempts. Therefore, they do not apply to future posts
and, instead, may affect future engagement only indirectly
via source credibility. For example, a current ad’s persua-
sion attempt or calculative motive may, in the first place, not
affect engagement with a future non-advertising post, but
reduce source credibility which, in turn, affects how con-
sumers perceive future posts.

By reiterating the arguments on source credibility from
above, we hypothesize persistent effects equivalent to Hla:
Disclosures may signal that influencers are biased, which
lowers source credibility and reduces consumers’ atti-
tudes towards future posts. As engagement is a behavioral
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Close parasocial

H1a
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Via Source Credibility:
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negative
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clear disclosures and infer
genuine (affective) motives.

Ad Disclosure
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\ -_—
(\ —
Tt — Prior
+ - 0 Experience?
Consumers Consumers infer Ad recognition is
recognize strong calculative mostly
undisclosed motives for an determined by Experienced consumers
ads and feel undisclosed post other content may confidently recognize
deceived by when they characteristics. undisclosed ads,
the author. recognize the Consumers intensifying the associated
Disclosures attempt to hide recognize effects.
enhance its advertising undisclosed ads.
transparency nature. Disclosures
which Consumers improve ad
consumers understand that recognition only
appreciate. influencers need moderately such
to earn money that their effect
and thus do not is negligible
perceive compared to the
disclosed ads as other effects.
calculative.
Y
Source Calculative Persuasion
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engage with
content that is
Consumers motivated by
prefer to monetary
engage with incentives.
content of They prefer
authors they genuine
find credible. content.
+ -
Engagement represents
consumers' attitudes as
consumers’ attitudes are one of
Engagement

the most important factors that
affect engagement behavior
(van Doorn et al., 2010).

H1b Postulated Sign of Disclosure Effect:

Via Source Credibility: positive

Via Calculative Motives: positive

Via Persuasion Knowledge: zero

@ To reduce complexity, moderation effects are shown for H1b only, as they are not immediately relevant to the hypothesized rationales of H1a. For
example, parasocial relationships cause consumers to value transparent disclosures (H1b) but they do not prevent consumers from perceiving paid

content as biased.

Fig. 1 Illustration of the study’s conceptual framework (Hla/H1b)
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manifestation of consumers’ attitudes (van Doorn et al.,
2010), we formulate:

H2a: Disclosed advertising is negatively associated with
consumers’ engagement with future posts of the same
author.

Similarly, we adapt the arguments on source credibility
of H1b: If consumers recognize undisclosed ads, they may
feel deceived, reducing source credibility and leading to
less engagement with future posts. Conversely, clear ad
disclosures may enhance perceived transparency, leading
to a positive effect on source credibility and more favora-
ble evaluations of future posts.

H2b: Disclosed advertising is positively associated
with consumers’ engagement with future posts of the
same author.

To illustrate the rationales of H2a and H2b, we visualize
the proposed effects in Fig. 2.

We conclude that the composition of the audience and
their relationship with the author may be crucial for identi-
fying which of the contradicting hypotheses (H1a/H1b and
H2a/H2b) dominate. According to theory, the individual
level of persuasion knowledge and perceived source cred-
ibility might tip the scales regarding consumers’ perception
of disclosures.

Review of extant literature

A recent meta-analysis concludes that disclosures reduce
attitudes via ad recognition, persuasion knowledge, resist-
ance, and credibility (Eisend et al., 2020), which supports
the arguments behind Hla/H2a. Relatedly, studies in the
context of social media find that disclosures enhance ad rec-
ognition while decreasing consumers’ attitudes (D. Y. Kim
& Kim, 2021), purchase intention (X. Wang et al., 2022),
intention to engage with the social media post (Boerman
et al., 2017; Evans et al., 2017), or perceived source cred-
ibility (De Jans et al., 2018; De Veirman & Hudders, 2020).
For sponsored news, disclosures were found to decrease the
perceived quality, attitude towards the sponsor, and intention
to share (Wojdynski, 2016). Finally, a study on green living
influencers supports that inferred calculative motives result
in reduced attitudes (Pittman & Abell, 2021).

Contrary, in line with the arguments of H1b/H2b, other
extant research finds that persuasion knowledge may not
always lead to less engagement. Instead, the effect may be
driven by perceived intrusiveness and manipulativeness (J.
Lee et al., 2016). Persuasion knowledge may even result in
positive evaluations if agents employ credible tactics (Isaac

@ Springer

& Grayson, 2016). Also, ads are not always associated with
negative attitudes because consumers value the contained
information (Boerman, 2020; Djafarova & Trofimenko,
2019). Empirically, disclosures have been shown to foster
conversions in a large-scale field experiment on paid search
advertising (Sahni & Nair, 2020). H1b and H2b are also
supported by results suggesting that disclosures do not dam-
age the relationship with the influencer (Boerman, 2020;
De Jans et al., 2018). Instead, high perceived transparency
(De Jans et al., 2018; Evans et al., 2019) or genuine motives
(D. Y. Kim & Kim, 2021) mitigate the negative effects of
ad recognition. In online contexts, multiple studies on influ-
encer marketing support that disclosures are a credible tactic
that can achieve positive evaluations of posts and influenc-
ers, especially in the presence of parasocial relationships
(Kay, Mulcahy, & Parkinson, 2020; Saternus & Hinz, 2021,
Saternus et al., 2022; W. Wang & Wang, 2019). Relatedly,
impartiality or honesty disclosures can enhance credibility
and induce positive reactions (Hwang & Jeong, 2016; Stubb
& Colliander, 2019).

Methodology
Two-step transfer approach

Generally, this study employs machine learning techniques
to identify undisclosed ads, investigate consumers’ percep-
tions, and derive theoretical implications. It thus relates
to the research genre of computationally intensive theory
construction described by Miranda, Berente, Seidel, Safadi,
and Burton-Jones (2022). The main idea of this study is to
perform a large-scale empirical analysis to investigate the
effects associated with disclosed and undisclosed advertis-
ing. Due to the large sample size, we cannot rely on manual
coding to identify undisclosed ads, which would be the pre-
ferred method for smaller sample sizes. To overcome this
problem, we propose a two-step transfer approach, which
relies on training a model based on properly disclosed posts
to predict a post’s advertising nature. For model training, we
use data from a region with high disclosure compliance. We
then apply (“transfer”) the trained model to our main dataset.
Based on the model’s predictions, we identify undisclosed
ads within the main dataset. In the second step, we can then
perform analyses to investigate the effects associated with
disclosed and undisclosed ads. By applying this approach,
we can estimate the effects of disclosures based on a large
sample, which enables us to empirically investigate the
opposing results of extant research. To assure the quality
of model predictions, we perform several validation checks.

Specifically, we exploit that disclosure compliance is high
in German-speaking countries, whereas, on a global scale,
the attempts of government institutions to enforce proper
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Close parasocial
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may perceive : recognize
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@ To reduce complexity, moderation effects are shown for H1b only, as they are not immediately relevant to the hypothesized rationales of H1a. For
example, parasocial relationships cause consumers to value transparent disclosures (H1b) but they do not prevent consumers from perceiving paid
content as biased.

Fig. 2 Illustration of the study’s conceptual framework (H2a/H2b)
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Step 1.1: Train a model to predict if a post is disclosed as ad

©]

Stochastic gradient
boosting model
(MODEL)

Training set

(properly disclosed) train model on 32

features and document-
term matrices®

Step 1.2: Calculate model predictions and verify performance

Analysis dataset @® Predictions
(not properly disclosed)

Step 2.1: Use model predictions to identify undisclosed advertising posts

@ Disclosed advertising posts

(posts with disclosure)

Analysis dataset
(not properly disclosed) Undisclosed advertising posts
(undisclosed posts that are predicted as
disclosed by MODEL)

Non-advertising (organic) posts
(undisclosed posts that are not predicted as
disclosed by MODEL)

Step 2.2: Analyze immediate and persistent effects of disclosed/undisclosed advertising

#ad

Brand Brand
Item Item

—9
BNON?DISCLOSED?ADV ERTISING — *

+ 23 other post
characteristics?

BAD_D[SCL()SURE =?

DV: Social Media Engagement (LIKES) of a) the post at hand
b) future posts of the same author

2 Set of “apostrophe characteristics” (cf. Table A.2 and A.3 in online appendix)
b Set of “asterisk characteristics” (cf. Table A.2 and A.3 in online appendix)

@: Test dataset (global sample) @ : Training dataset (partly locally restricted sample)

Fig. 3 Visualization of this study’s two-step transfer approach

@ Springer



Electronic Markets (2024) 34:8

Page9of24 8

Fig.4 Example of a post con-
taining both types of disclo-
sures. Source: https://www.insta
gram.com/p/B46Kz73gxXb/
(Retrieved October 30, 2023)

disclosures have not yet been successful. A recent assess-
ment finds that only 14% of influencer posts comply with
guidelines (Influencer Marketing Hub, 2020). In Germany,
laws are strict and lawsuits against well-known influenc-
ers have drawn public attention — including seven cases
brought to the German supreme court in 2021 (Lenhardt,
2020; Terhaag & Schwarz, 2021; Thomasson & Neely,
2021). This attention fostered a rather strict disclosure
culture in German-speaking countries”. We exploit this
situation by training the model based on data from English-
speaking influencers of German-speaking regions. We train
the model to identify posts that resemble the ads of the train-
ing set, i.e., to predict the advertising nature of social media
posts (step 1.1 in Fig. 3). After validating model perfor-
mance, we calculate model predictions for a different, global
(English-speaking) dataset (step 1.2 in Fig. 3). We then use
the model predictions to identify undisclosed advertisements
(step 2.1 in Fig. 3) and perform two analyses based on the
global dataset (step 2.2 in Fig. 3). Figure 3 illustrates this
approach.

Data and variable operationalization

Influencers seek attention that consumers express by inter-
acting, i.e., engaging with the influencers’ posts (Smith &
Fischer, 2021; van Krieken, 2019). Consumers’ attitudes
are one of the most important factors that affect engage-
ment behavior (van Doorn et al., 2010). By clicking the like
button of a post, consumers express that they appreciate its
content. This action depicts a behavioral manifestation of
ad engagement and thus works as an indicator of ad success
(Boerman et al., 2017; Eslami, Ghasemaghaei, & Hassanein,
2021; Peters, Chen, Kaplan, Ognibeni, & Pauwels, 2013;
van Doorn et al., 2010), which may positively influence
the behavior of other consumers (Grahl, Hinz, Rothlauf,

2 Swiss and Austrian influencers must comply with German regula-
tions if they target DACH (i.e., German, Austrian, and Swiss) con-
sumers (Juno, 2017).

')\ ijustine @ - Follow
Paid partnership with sony
New York, New York

i @ ijustine @ | had so much fun testing
out Sony 360 Reality Audio at the
@Sony Audio Event in New York City.
Check out my latest video to learn
more! #360RA #ad

@

1 OQY N

13,801 likes

Abdel-Karim, & Mihale-Wilson, 2023; K. Lee, Lee, & Oh,
2015; Naylor, Lamberton, & West, 2012). Since engagement
is considered the top influencer marketing metric (Mediakix,
2019) and depicts a key activity for social media marketing
(F. Li et al., 2021) which can positively influence purchase
likelihood (Bhattacharyya & Bose, 2020), this study uses
the number of likes (LIKES) that are gathered by a post
as an operationalization of post success. To measure how
effectively an advertising post conveys its message, this
study compares the success of advertising posts to the suc-
cess of non-advertising posts. Typically, one expects adver-
tising posts to be less successful, i.e., gather less engage-
ment (LIKES), than non-advertising posts. Thus, we expect
advertising posts to experience an engagement penalty in
comparison to non-advertising posts. The size of this penalty
(for being advertising) describes how effectively an advertis-
ing post reaches an influencers audience. A penalty of zero
implies that it conveys its messages just as effective as a
non-advertising post. Formally, we define the engagement
penalty that is experienced by advertising posts as the likes-
gap between advertising and non-advertising posts relative
to the number of likes of non-advertising posts:

E(LIKESnon—advcrlising posl) - E(LIKESﬂdVCTliSing POSl)
E(LIKESnon—advcrlising posl) ( 1 )

Expected Penalty =

This study focuses on Instagram, which is the most rele-
vant platform for influencer marketing (Influencer Marketing
Hub, 2020; Mediakix, 2019). We investigate the effect of ad
disclosures on the example of macro-influencers with more
than one million followers because this group of influencers
is associated with a high level of professionalism and inter-
nationalism. Also, within this group of influencers, posting
in English is common irrespective of the influencer’s origin.
These characteristics are important for the validity of our
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Linked Accounts
naturally_pam @ (D Messs]

454 posts

180K followers 4 following

Naturally PAM
by @pamela_f

< natural clean & organic snacks

@ in the most sustainable packaging possible]

o support@naturally-pam.de
1 Bio: ABCert: DE-OKO-006.
@ naturally-pam.com

\
Description (Bio) of
Linked Accounts

Number of Images
or Videos

L a Text-on-I i
Landmarks U :‘.; of-mage Qb]ects Labels
Landmarks et Footwe
4" Faces : .
= o Safesearch | o .
9 o E
Image processed by Google Cloud Vision (GCV)

Ad Disclosure

for all my earlyyy bird

now!

PS: the only things excluded aTeg
advent calendar & yoga mat. to be 13

PS No. 2: some bundles even have a

Author Account

—— ..

Pamela Reif

2198 posts | 9.2M followers

Account Description
(Bio)

Emojis

[ Links

Special Characters

)
Text

can still purchase them regularly right \(', @, #, $, %, €,

Number of
Hashtags

W Number of Comments

Time, Week, Year

Followers

(©)

2The logo detection results are exemplary and were not extracted from the example image shown above.

Fig.5 Illustration of the elements extracted from the social media posts. Sources: https://www.instagram.com/p/B3pyBJjg5ms/ and https://www.

instagram.com/p/ClYuPXTsvvX/?img_index=2 (Retrieved October 30, 2023)

Raw Data

DACH data (N = 9,496)

DACH dataset

Holdout set |
(drawn randomly)

Data from influencers of other
regions (N = 79,635)

Posts with ad
disclosures

Datasets

Training set
(N=13,172)

DACH validation sample
(N =100)

Global validation sample
(N =400)

We omit all posts of
users that delete more
than 10% of their
posts. Further, we omit
the first two weeks of
data since we lack the
information about the
number of posts within
the past two weeks.

Posts without ad
disclosures

Holdout set
(drawn randomly)

Global dataset
(N =65,354)

Fig. 6 Illustration of the derivation of datasets and their purposes
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Purpose

Train the model and assess
training set performance by
5-fold cross-validation.

Verify the disclosure quality
in DACH region.

Verify the performance of the
trained model on data from
other regions.

Dataset for the two analyses.

relative to Number of =
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transfer approach that relies on training a predictive model
based on a locally restricted sample (cf. Fig. 3).

In August 2019, we gathered names and regions of all
influencers with at least one million followers from the
platform likeometer.co (Riiegg, 2019), which employs an
independent, manual, and curated influencer selection pro-
cess. Initially, we extracted all posts for the period from
28/08/2019 to 31/03/2021 from Instagram. We gathered data
on individual posts no earlier than 16/04/2021 as engage-
ment levels are mostly stable after 15 days (D. Lee, Hosan-
agar, & Nair, 2018). To obtain metadata, we tracked the
influencers’ profile pages (i.e., the accounts’ landing pages)
weekly from 28/08/2019 to 31/03/2021.

To obtain an English-speaking dataset, we employ lan-
guage detection techniques (Danilk, 2020; Shuyo, 2014) and
exclude all non-English posts. For our analyses, we discard
authors for whom English is not the most frequently used
language or who deleted more than 10% of their posts.”
Excluding the German-speaking region (DACH region),
this results in a dataset containing 65,354 posts from 239
influencers (hereafter called the global dataset). Addition-
ally, we obtain 9496 English posts from 86 influencers of
German-speaking (DACH) countries.

To analyze disclosure effects, we aim to identify undis-
closed ads by training a model that predicts a post’s advertis-
ing nature from its characteristics (step 1.1 in Fig. 3). In the
training set, we detect disclosed advertisements in two ways:
We consider posts as disclosed ads if they contain a signal
word* or use the built-in feature of Instagram to present a
disclosure at the top of the post (see Fig. 4).

As model input, we acquire various features from posts’
creative elements (image and text) that can trigger consum-
ers’ ad recognition (Boerman & Miiller, 2022; Jung & Heo,
2019). To extract features from images, we use Google
Cloud Vision API (GCV), which can detect meaningful
concepts in images (Google Inc., 2020). GCV has already
been applied and proven effective for research purposes
several times (Klostermann, Plumeyer, Boger, & Decker,
2018; Y. Li & Xie, 2020; Ahmadi, Waltenrath, & Janze,
2022; Rietveld, van Dolen, Mazloom, & Worring, 2020).
Using GCV, we extract objects, labels, faces, landmarks,
logos, and explicit-content indicators. To illustrate the out-
put of GCV, we provide examples in the online appendix
(Fig. A.1 to A.6). Further, we track tagged accounts and
their descriptions (also called profile text or biographies).
From the textual information of the posts, we compute a

3 Since we tracked profiles weekly, we observe deletions on this
basis. See the “Robustness checks” section for a discussion of deleted
0sts.

Posts are marked as an ad if they contain “advertisement,” “ad,”
“collab,” “collaboration,” “sponsored,” or the German equivalents
“werbung,” “anzeige,” or “bezahltepartnerschaft” and are not pre-
ceded by a negation.

document-term-matrix including 1- and 2-grams with a spar-
sity of 99% while excluding the aforementioned signal words
that indicate advertisements. We illustrate the processing of
the textual data in the online appendix (Table B.1) in more
detail. In total, we use 28 features and four document-term
matrices (> 3000 columns; calculated from the message
text, profile text, image information extracted by GCV, and
tagged accounts) for model training. We describe the full
dataset in Table C.1 of the online appendix, where we mark
all characteristics used for model training with an apostro-
phe. Fig. 5 illustrates all elements extracted from the posts.

For our analyses, we use a different, much smaller set of
control variables that may determine post success (LIKES).
To control for recent activity, we calculate the number of
posts within the last 14 days. Because a u-shape might be
present, we also calculate the squared number of posts. In
addition to the posts’ likes and the presence of advertising
disclosures, we calculate dummy variables for each influ-
encer and each month-year combination describing the
posts’ publication dates. Further, we track all influencers’
numbers of followers weekly and interpolate linearly. For
each post, we calculate its readability using the SMOG for-
mula that estimates the years of education needed to com-
prehend a text (Mc Laughlin, 1969). We retrieve whether
the post’s main item is a video; the total number of items
(images or videos), if another account is tagged; and the
cumulated number of followers of tagged accounts. We
also extract whether a post mentions a currency, a URL,
or provides a coupon code. From GCV, we get indications
of explicit content (safesearch) regarding adult, medical,
racy, spoof, or violent image content. Further, we extract
whether a face, logo, or prominent landmark is present. To
capture message sentiment, we use the binary classification
of SentiStrength, which focuses on sentiment detection in
short, informal texts of the social web (Thelwall, Buckley,
Paltoglou, Cai, & Kappas, 2010). Table C.2 of the online
appendix provides an overview of all features and descrip-
tive statistics. In this Table, we mark all characteristics used
in the analyses with an asterisk.

Model and validation

Figure 6 illustrates the derivation and purposes of the
datasets we use for model training, model validation, and
analysis. To predict the advertising nature of posts from the
global dataset (excluding DACH posts), we rely on English-
speaking data from German-speaking regions (DACH). This
approach is possible because, due to the strict regional legal
requirements, we assume that authors of the DACH region
properly disclose their posts as advertisements. The fact
that 21.7% of gathered DACH posts (2058 of 9496) are dis-
closed, which is well in line with the recent recommendation
regarding the optimal share of sponsored posts (10 to 30%)
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of an influencer marketing agency (IMA, 2019), backs this
assumption. Contrasting the agency’s recommendation, we
find that in the global dataset, only 4.8% of gathered posts
(3804 of 79,635) are disclosed as advertisements. In line
with other assessments (Influencer Marketing Hub, 2020),
this indicates poor disclosure compliance and provides face
validity for our approach.

Recruiting of human coders for validation

The main idea of our approach is to use a model to pre-
dict the advertising nature of undisclosed posts. To validate
our approach that relies on transferring a (mostly) DACH-
trained model to the global dataset, we compare the anno-
tations of human coders to model predictions within the
global validation sample comprising 400 posts drawn from
the global sample (cf. global validation sample in Fig. 6).
Additionally, to assess disclosure compliance in the DACH
region, we compare the actual disclosures to the annotations
of human coders and draw 100 posts from the DACH sam-
ple (cf. DACH validation sample in Fig. 6). In both valida-
tion samples, we foster representativeness by drawing one
post from each influencer before drawing randomly from all
remaining posts.

We recruit coders via Amazon Mechanical Turk. All
coders are located in the USA, hold an Instagram account,
and use social media multiple times a week. All of them
report being familiar with influencer marketing and remem-
ber encountering a situation of paid advertising on social
media. To further enhance coders’ ad recognition abilities,
we instruct them as follows: We tell coders that all posts
are from professional influencers with more than 1 million
followers and instruct them to pay attention to image, text,
and minor cues like links to accounts of brands because such
cues have proven effective for ad recognition (Boerman &
Miiller, 2022). Naturally, we exclude all posts of the valida-
tion samples from the training set. We recruit three coders
per task and ask them to indicate the extent to which they
think the Instagram post is advertising on a 7-point scale.
Previous research has used similar questions to measure
advertising recognition or persuasion knowledge (Boerman
etal., 2012, 2017; Ham, Nelson, & Das, 2015). We consider
a post as advertising if the median of answers that potentially
ranges from 1 (strongly disagree) to 7 (strongly agree) is
greater than 4.

Construction of the training set and model training

For training the model, we use the properly disclosed (Eng-
lish-speaking) data from the DACH region and enlarge it
with all disclosed (English-speaking) ads from the global
sample. As a result, ads and non-ads are nearly balanced in
the training set (see online appendix D for more reasoning
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regarding this practice). After excluding the two validation
samples, the final training set consists of 13,172 observa-
tions (cf. Fig. 6).

To predict a post’s advertising nature, we train a stochastic
gradient boosting model using the R-packages caret (Kuhn,
2008) and catboost (Prokhorenkova, Gusev, Vorobev, Doro-
gush, & Gulin, 2017). We chose this model as stochastic
gradient boosting achieved the best predictive performance
compared to other approaches such as random forests, neural
networks, or support vector machines. We chose catboost
over other implementations as it combines good predictive
performance and high training speed (see the “Robustness
checks” section for a discussion of other implementations).
Within the training set, we achieve a 5-fold cross-validation
accuracy of 88.8% and an area under the curve (AUC) of
0.955. We present the classification report of the training set
in Table 1. For the classification report of the DACH valida-
tion set, see Table C.3 of the online appendix.

Validation of the transfer approach

To validate that influencers from the DACH region disclose
ads properly, we compare the results of human coding of
DACH posts to the presence of disclosures. For the 100 posts
drawn from the DACH sample, this comparison yields an
accuracy of 77.0%, indicating that disclosure compliance is
decent within our training set. Thus, we argue that our train-
ing set provides sufficient opportunity for the model to learn
the relevant patterns of advertising posts. When repeating
this analysis for the global sample, we reach a relatively poor
accuracy of 55.8%, which provides face validity for the poor
disclosure compliance within the global sample.

To assess the performance of the trained model, we com-
pare model predictions to human coding in the hold-out set
drawn from the global sample. We reach a good accuracy
of 79.8%, providing evidence for the validity of this study’s
approach. If we drop 61 borderline cases where respondents
were undecided (median of 3, 4, or 5), accuracy rises to 83.2%,
which shows the capability of the model to detect clear cases.
In Table 2, we present the corresponding classification reports.
Among human coders, Krippendorft’s alpha is 0.59, indicating
moderate agreement among participants.

Table 1 Performance of the predictive model in 5-fold cross-valida-
tion (training set)

Precision  Recall FI-Score  Support
Advertisement = false  0.904 0.895 0.900 7354
Advertisement = true 0.869 0.880 0.874 5818
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Model

To simplify interpretation and avoid multicollinearity, we
use the model predictions to calculate the binary variable
NON_DISCLOSED_ADVERTISING. This variable
corresponds to the model prediction (of a post’s advertising
nature) if a post is not disclosed as advertising and is set to zero
otherwise. The final global sample contains 3190 disclosed
ads and 62,164 undisclosed posts (cf. global dataset in Fig. 6),
of which the model predicts 25,235 posts as advertising (cf.
Table C.2 in the online appendix).

As we aim to model count data that has a right-skewed
distribution (cf. Fig. C.1 in the online appendix), we employ
negative binomial regressions with robust standard errors.
Equation (1) illustrates the regression model for our main
specification:

F(yl-+a‘1) 1 “ ap; \”
P Y: . . = ’
I‘( Vil#; ’X) F(a*l)l"(yi+1) <1+al4i> <1+au,-)

where y; > 0 (cf. Table C.1 and Table C.2 in the online
appendix) is the number of likes of posti (=1, 2, ..., N), a!
> 0 is the scaling parameter, and 7(.) is the gamma distribu-
tion. As our focus lies on effects associated with binary vari-
ables, this study reports incidence rate ratios (IRR) which we
calculate for coefficient f; by IRR(f;) = e”. IRR are inter-
preted as multiplicative effects on the dependent variable per
one-unit change of the independent variable.

Results

Study 1: effects on current engagement
with the advertisement

First, we estimate the effects of undisclosed advertising
(NON_DISCLOSED_ADVERTISING), the two types
of disclosures (AD_DISCLOSURE_FEATURE and
AD_DISCLOSURE_TEXT), and a set of control variables
on ad success (LIKES). In Table 3, we present the results

H; = exp <ﬂ0 + f,XNON_DISCLOSED_ADVERTISING,; + #, x AD_DISCLOSURE_FEATURE;

+ f; x AD_DISCLOSURE_TEXT, + f, x READABILITY; + f5 x HAS_LINK;,

+ f¢ Xx HAS_CURRENCY; + f; X HAS_CODE, + fz x HAS_CODE_x_AD_DISCLOSURE;

+ By X N_ITEMS, + f3, x IS_VIDEO, + f,, x FOLLOWERS,

@

+ Bj X TAGGED_FOLLOWER, + f3,; X TAGGED_ACCOUNT; + f3,, X N_POSTS_14D,

+ B15 x N_POSTS_14D_SQUARED; + f,; x HAS_FACE,; + §,; X HAS_LANDMARKS;

+ Bys X SAFESEARCH_ADULT, + f;y X SAFESEARCH_MEDICAL,;

+ By X SAFESEARCH_SPOOF, + f,; x SAFESEARCH_RACY,

+ By, X SAFESEARCH_VIOLENCE, + f,; X HAS_LOGOS; + f,, x POS_SENTIMENT,

11 238
+B,5 X NEG_SENTIMENT, + [Z 7e X MONTHik] + [z 8, X USERNAME,[,] )

k=1 p=1

Table 2 Performance of the
predictive model: human coders

Verification sample from global posts

Global verification sample without
indecisive survey responses

vs. model predictions

Precision Recall

F1-Score Support Precision Recall FI1-Score Support

Advertisement = false 0.762

Advertisement = true  0.844

0.841 169
0.821 170

0.865 0.810 200
0.730 0.783 200

0.795
0.879

0.893
0.771
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Table 3 Results of negative binomial regression (standard errors in
brackets) on engagement (LIKES); *p < .05; **p < .01; ***¥p < .001

Whole sample

NON_DISCLOSED_ADVERTISING
AD_DISCLOSURE_FEATURE

AD_DISCLOSURE_TEXT
READABILITY
HAS_LINK
HAS_CURRENCY
HAS_CODE

HAS_CODE_x_AD_DISCLOSURE

N_ITEMS

IS_VIDEO

FOLLOWERS
TAGGED_FOLLOWER
TAGGED_ACCOUNT
N_POSTS_14D
N_POSTS_14D_SQUARED
HAS_FACE
HAS_LANDMARKS
SAFESEARCH_ADULT
SAFESEARCH_MEDICAL
SAFESEARCH_SPOOF
SAFESEARCH_RACY
SAFESEARCH_VIOLENCE
HAS_LOGOS
POS_SENTIMENT
NEG_SENTIMENT
Influencer dummies
Month-year dummies

N

0.934#** (0.007)
0.735%** (0.015)
0.826*** (0.013)
0.992#** (0.001)
0.727%** (0.031)
0.906*** (0.018)
0.887*** (0.017)
1.114%* (0.049)
1.029*** (0.002)
0.678*** (0.005)
1.043*** (0.004)
1.001*** (0.000)
0.925*** (0.007)
0.996*** (0.001)
1.000** (0.000)
1.188*** (0.010)
1.038* (0.018)
1.029%** (0.005)
0.960*** (0.005)
1.010%* (0.004)
1.082#** (0.003)
0.972%%* (0.006)
0.870*** (0.008)
1.017%%* (0.003)
0.973*%* (0.004)
Yes

Yes

65,354

obtained from the global sample. We estimate that,
depending on the type of disclosure, disclosed advertising
posts gather 73.5% or 82.6% of engagement (LIKES)
compared to non-advertising posts. The posts using
Instagram’s built-in feature to display a more prominent
disclosure type experience the greater penalty. We further
estimate that undisclosed advertising posts gather 93.4% of
engagement of non-advertising posts. Depending on the type
of disclosure, this represents approximately one quarter (i.e.,
(1-93.4%)/(1-73.5%) = 24.9%) to two fifths (1-93.4%)/
(1-82.6%) = 37.9%) of the penalty that is experienced by
disclosed ads. Thus, disclosures are associated with 11.6%
((93.4-82.6%)/93.4%) to 21.3% ((93.4-73.5%)/93.4%)
less engagement compared to undisclosed ads, implying
acceptance H1a and rejection of H1b.

Regarding the control variables, we find that a link, cur-
rency, video, or logo is associated with less engagement.
Further, lower readability (i.e., higher SMOG grade) is
associated with less engagement. A positive effect on
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engagement is associated with positive or negative senti-
ment, the number of items (images or videos), the influenc-
er’s number of followers, and the presence of a face or well-
known landmark. Regarding the influencer’s recent activity,
we interpret the IRR of N_POSTS_14D and its squared term
jointly> but detect no relevant u-shape as the minimum of
the u-shaped function lies outside the relevant area. Tagging
of other accounts has a negative effect which is partly off-
set by the tagged accounts’ followers®. Indicators of explicit
content (safesearch) are all significantly effective, while
violent or medical content is associated with less engage-
ment, and the others are associated with more engagement.
Finally, mentioning a coupon code is only associated with
less engagement for non-advertising posts. For advertising
posts, the negative effect of HAS_CODE is fully compen-
sated by the effect of the interaction term.

Study 2: persistent effects on engagement
with future posts

To enrich these results with another perspective, we
conduct a second analysis that focuses on the persis-
tent effects of disclosed and undisclosed advertising on
future non-advertising posts of the same influencer.” We
define non-advertising posts as all posts that are neither
disclosed nor predicted to be advertising by our model.
Based on different horizons of 14, 28, and 42 days before
each post’s posting time, we construct variables that,
respectively, capture the share of disclosed and undis-
closed ads among all advertising posts of the same author
within the given horizon (AD_SHARE; see Table C.4
in the online appendix for descriptive statistics). If an
author posted no ads within the respective horizon, we
set the variables to zero. We perform separate regres-
sions for the share of disclosed and undisclosed ads as
these two variables are strongly negatively correlated and
present results in Table 4. We find that a high share of
undisclosed advertising is associated with lower success
of future posts, while a high share of disclosed adver-
tising is associated with higher success of future posts.
We detect positive persistent effects of up to + 5.5% for
100% disclosed ads and negative persistent effects of up
to — 4.3% for 100% undisclosed ads within the last 42
days. Therefore, we accept H2b and reject H2a.

5 The joint IRR depending on the level of N_POSTS_14D is
given by AAN_POSTS_14D) = e™(fy\ posts_14p * N_POSTS_14D
+ Pn posts_1ap_squarep * N_POSTS_14D_SQUARED) with f,=
In(IRR,).

6 Coefficients of tagged accounts and their followers are robust
against excluding each other.

7 See the “Robustness checks” section for a generalization to future
advertising posts.
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Table 4 Results for non-advertising posts incl. the share of (un)disclosed ads among ads of the same author in the last 14, 28, and 42 days

28d disclosed

28d undisclosed

42d disclosed

42d undisclosed

14d disclosed 14d undisclosed
AD_SHARE (see column 1.050** (0.016)  0.973** (0.009)
header)
READABILITY 0.995*** (0.001) 0.995%** (0.001)
HAS_LINK 0.710%* (0.081) 0.708** (0.082)

HAS_CURRENCY

0.945 (0.030)

0.945 (0.030)

HAS_CODE 0.763*** (0.043) 0.764*** (0.043)
N_ITEMS 1.028*** (0.002) 1.028*** (0.002)
IS_VIDEO 0.695*** (0.007) 0.695*** (0.007)
FOLLOWERS 1.035%** (0.005) 1.036*** (0.005)

TAGGED_FOLLOWER
TAGGED_ACCOUNT

N_POSTS_14D

N_POSTS_14D_SQUARED

HAS_FACE

HAS_LANDMARKS
SAFESEARCH_ADULT
SAFESEARCH_MEDICAL
SAFESEARCH_SPOOF
SAFESEARCH_RACY
SAFESEARCH_VIOLENCE

HAS_LOGOS

POS_SENTIMENT
NEG_SENTIMENT
Influencer dummies
Month-year dummies

N

1.001*** (0.000)
0.939%** (0.007)
0.993*** (0.001)
1.000*** (0.000)
1.195%%* (0.013)
1.038 (0.022)
1.016* (0.006)
0.982%* (0.007)
1.023*** (0.005)
1.087*** (0.004)
0.976** (0.007)
0.907*** (0.011)
1.014%%* (0.004)
0.980%** (0.004)
Yes

Yes

36,929

1.001*** (0.000)
0.940%*** (0.007)
0.994%*** (0.001)
1.000*** (0.000)
1.195%** (0.013)
1.038 (0.022)
1.016* (0.006)
0.983* (0.007)
1.023*** (0.005)
1.086*** (0.004)
0.976** (0.007)
0.907*** (0.011)
1.014%** (0.004)
0.980%** (0.004)
Yes

Yes

36,929

1.049** (0.016)

0.995%** (0.001)
0.709%** (0.084)
0.948 (0.030)
0.765%** (0.044)
1.028*** (0.002)
0.694*** (0.007)
1.035%** (0.005)
1.001*** (0.000)
0.941%*** (0.007)
0.993*** (0.001)
1.000*** (0.000)
1.200%** (0.013)
1.030 (0.022)
1.016* (0.006)
0.981** (0.007)
1.024*** (0.005)
1.087%** (0.004)
0.976** (0.007)
0.905*** (0.011)
1.015%%* (0.004)
0.980%*** (0.004)
Yes

Yes

36,012

0.967** (0.010)

0.995%** (0.001)
0.708%** (0.084)
0.948 (0.030)
0.765%** (0.044)
1.028*** (0.002)
0.694*** (0.007)
1.035%** (0.005)
1.001*** (0.000)
0.941*** (0.007)
0.993*** (0.001)
1.000*** (0.000)
1.200%** (0.013)
1.030 (0.022)
1.016* (0.006)
0.982** (0.007)
1.024%%* (0.005)
1.086*** (0.004)
0.975%* (0.008)
0.905*** (0.011)
1.015%%* (0.004)
0.980%*** (0.004)
Yes

Yes

36,012

1.055%** (0.017)

0.995%** (0.001)
0.690** (0.081)
0.938 (0.031)
0.771%** (0.044)
1.028*** (0.002)
0.692*** (0.008)
1.032#** (0.005)
1.001*** (0.000)
0.940*** (0.007)
0.993*** (0.001)
1.000*** (0.000)
1.198*** (0.013)
1.024 (0.022)
1.015%* (0.006)
0.982* (0.007)
1.025%** (0.005)
1.088*** (0.004)
0.975%* (0.008)
0.905*** (0.012)
1.016%** (0.004)
0.979%** (0.005)
Yes

Yes

35,088

0.957*** (0.011)

0.995*** (0.001)
0.689** (0.081)
0.937* (0.031)
0.772%%* (0.044)
1.028*** (0.002)
0.692#** (0.008)
1.033*** (0.005)
1.001*** (0.000)
0.940*** (0.007)
0.993*** (0.001)
1.000*** (0.000)
1.198*** (0.013)
1.024 (0.022)
1.015%* (0.006)
0.982* (0.007)
1.025%** (0.005)
1.088*** (0.004)
0.974*%* (0.008)
0.905*** (0.012)
1.016%** (0.004)
0.979*** (0.005)
Yes

Yes

35,088

Robustness checks

To strengthen our results, we perform several robustness
checks. We acknowledge that we should interpret the pre-
sented IRR with care as the method of this study may over-
estimate the success of undisclosed ads for the following
reason: Since the advertising nature of posts is predicted
by a model that is not perfectly accurate, the estimated
variable NON_DISCLOSED_ADVERTISING is noisy.
Since false-positive predictions (non-advertising posts that
are predicted as advertising) may typically receive more
engagement than true positives (advertising posts that are
predicted correctly), the penalty of undisclosed advertis-
ing is possibly underestimated, i.e., the estimated IRR may
be biased upwards. Therefore, we view the IRR for undis-
closed advertising as upper bounds. Put differently, if we had
been able to detect a post’s advertising nature flawlessly, we
might (based on a less noisy independent variable) attribute
a higher share of the disclosure penalty to the post’s inherent
advertising nature. Following Yang, Adomavicius, Burtch,
and Ren (2018), we check this rationale by running an

MC-SIMEX simulation (Cook & Stefanski, 1994; Kiichen-
hoff, Mwalili, & Lesaffre, 2006) that corrects for the effect
of measurement error by extrapolating from results based
on different degrees of artificially introduced measurement
error. MC-SIMEX estimates indeed deliver lower IRR for
NON_DISCLOSED_ADVERTISING indicating that 45.3%
((1-0.866)/(1-0.704)) to 60.1% ((1-0.866)/(1-0.781))
(depending on disclosure type; see Table C.5 in the online
appendix) of the disclosure penalty can be attributed to the
posts’ inherent advertising nature. This supports that the
estimated IRR serve as upper bounds. We conclude that up
to 60.1% of the effect of disclosures stems from a post’s
inherent advertising nature rather than from the disclosure.

To check the validity of our transfer approach once more,
we construct subsets of posts similar to the posts from
the DACH region training set. We do this by employing
one-to-one nearest neighbor propensity score matching
without replacement. At first, we perform matching at the
author level while considering mean values of LIKES,
FOLLOWERS, ACTIVITY (see Table C.2 in the online
appendix for variable descriptions), and model predictions
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of posts’ advertising nature. In another approach, we match
at the post level based on the post characteristics used in
regressions.® The estimated results are in line with those for
the full sample (see Table C.6 in the online appendix). Since
both subsamples are small, they may serve as robustness
checks and strengthen results. Further, we swap month-
year dummies for week-year dummies; see Table C.7 in
the online appendix. Also, we recalculate results while
omitting all influencers that do not meet the recommendation
regarding the optimal share of advertising posts (10 to 30%
(IMA, 2019); see Table C.5 in the online appendix). In
another attempt, we omit all additional control variables;
see Table C.8 in the online appendix. All of these robustness
checks yield results similar to those presented above.

To underline the results regarding the persistent effects,
we vary our approach and construct binary variables that
capture if the author posted a disclosed/undisclosed ad
within the respective horizon; see Table C.9 in the online
appendix. Also, we reperform the analysis while including
all observations of the global dataset; see Table C.10 in the
online appendix. Both results are in line with the presented
results. Further, to show the generalizability of our results
to an author’s future advertisements, we reperform the
analysis based on advertising posts only. Table C.11 in the
online appendix shows that the persistent effects on future
ads may be even stronger. Finally, we extend our analyses
to greater time horizons of 56, 70, 84, 98, 112, and 126
days. The results in Table C.12 and Table C.13 of the online
appendix show that the estimated persistent effects increase
with greater horizons, reaching up to + 11.5% and — 11.3%,
respectively.

Above, we mention that influencers can delete their posts
anytime. As they might delete posts that do not perform
well (Wies, Bleier, & Edeling, 2022), they might be more
likely to delete advertising posts. We investigate this claim
by looking at a sample we gathered in March 2020 for a
preliminary study (Waltenrath, 2021). In this sample, we
identify 360 posts that authors deleted afterwards. Indeed,
we discover that deleted posts are more likely advertising
(disclosed or undisclosed). Also, deleted posts gather fewer
likes than other posts of the same author. To eliminate any
related bias, we reperform the analysis with stricter con-
ditions on the share of deleted posts. When omitting all
influencers that delete more than 1, 2, or 5% of posts, we
estimate results similar to those above. Thus, we conclude
that this does not introduce any substantial bias because the
number of deleted posts is small (see Table C.5, Table C.14,

8 For PSM, we drop influencer and month-year dummies. We also
drop the disclosure-related variables and instead include the raw
model predictions (ADVERTISING).
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and Table C.15 in the online appendix for results based on
authors that delete < 1% of posts).

Furthermore, we reperform our analyses for the number
of comments, representing another form of engagement. We
present the corresponding results in Table C.5, Table C.16,
and Table C.17 in the online appendix. They are less signifi-
cant but in line with the results presented above and allow
for the same conclusions regarding the current and persistent
effects of disclosures.

To show robustness against changing the classification
model, we train two more classifiers using other implemen-
tations, namely XGBOOST (Chen et al., 2020) and GBM
(Greenwell, Boehmke, Cunningham, & Developers, 2019).
We present accuracy measures and key results in the online
appendix in Table C.18. They are similar to the results pre-
sented above.

Finally, we base our analyses on a negative binomial
model and control for influencer-specific effects only by
including dummy variables. However, the data possesses
a hierarchical structure as it consists of posts crafted by
influencers. To control for this structure, we fit a negative
binomial mixed model with random effects for the inter-
cept and the respective variables of interest.” We present
fixed effects results in Tables C.19 and C.20 in the online
appendix. The results are similar but less significant. While
the negative persistent effects associated with undisclosed
advertising (mostly) persist, we estimate insignificant fixed
effects associated with disclosed advertising. This suggests
that the positive persistent effects associated with disclosed
advertising may, to some extent, be influencer-specific and
depend on influencer characteristics such as source credibil-
ity. Nevertheless, the estimated results are in line with the
results presented above (H2b) and imply that disclosing ads
is favorable with respect to consumers’ engagement with an
author’s future posts.

Discussion

As extant research reports opposing effects of disclosures
based on conflicting theoretical arguments (Hudders et al.,
2021; Lou, 2021; Ye et al., 2021), we conduct two empiri-
cal studies that take into account the presence of parasocial
relationships and consumers’ prior experience with this type
of advertising. To shed light on the reasons for the opposing
results of extant research, we analyze the current (study 1)
and persistent (study 2) effects of ad disclosures based on a
conceptual framework that incorporates the theory of extant
research.

9 We use the R-package Ime4 (Bates, Michler, Bolker, & Walker,
2015).
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Theoretical contributions

In study 1, we estimate that disclosures lead to a decrease
in engagement compared to undisclosed ads (Hla). How-
ever, from the significant penalty for undisclosed ads, which
amounts to at least one quarter (and possibly up to 60%)
of the penalty for disclosed ads, we conclude that consum-
ers recognize ads and activate coping strategies without the
presence of disclosures. The negative effect of mention-
ing a coupon code in undisclosed ads supports research
suggesting that such characteristics trigger ad recognition
in the absence of disclosures (Boerman & Miiller, 2022;
Evans et al., 2019; Jung & Heo, 2019). This finding is in
line with previous research that suggests that consumers
rely on their prior experience to improve ad recognition (W.
Wang & Wang, 2019). Still, we estimate that disclosed ads
experience a greater penalty than undisclosed ads, which
implies that consumers are more likely to recognize ads
with disclosures. Thus, the presence of disclosures plays a
significant role in ad recognition. While some research sug-
gests that disclosures can work in favor of the advertisement
because consumers appreciate honesty (Amazeen & Woj-
dynski, 2019; Boerman, 2020; De Jans et al., 2018; Evans
et al., 2019; Isaac & Grayson, 2016; Krouwer et al., 2020;
Lou, 2021; Saternus et al., 2022; W. Wang & Wang, 2019),
study 1 does not provide empirical evidence for this effect
(reject H1b). Instead, we conclude that disclosures are most
likely processed as a hint for calculative motives and trigger
persuasion knowledge (H1a). Undisclosed ads suffer less
penalty because other, affective motives remain plausible
(discounting principle).

In study 2, however, the positive persistent effects that we
associate with disclosed advertising (H2b) indicate that, in
the long run, consumers value clear disclosures and disap-
prove of undisclosed ads. This is in line with the aforemen-
tioned literature (Amazeen & Wojdynski, 2019; Boerman,
2020; De Jans et al., 2018; Evans et al., 2019; Isaac & Gray-
son, 2016; Krouwer et al., 2020; Lou, 2021; Saternus et al.,
2022; W. Wang & Wang, 2019) and implies that the Per-
suasion Knowledge Model cannot fully explain the effects
of disclosures. Considering consumers’ engagement with
future posts of the same author, the proper use of disclosures
in advertising posts may foster trust and rule out calculative
motives. Most importantly, properly disclosing ads may raise
source credibility because consumers perceive the author as
transparent and honest. Hence, consumers are more likely
to infer genuine (affective) motives for future undisclosed
posts, which fosters engagement. Contrasting the results of
study 1, we find no evidence that associates disclosed adver-
tising with a negative effect on consumers’ engagement with
future posts (reject H2a), indicating that consumers’ coping
strategies triggered by ad disclosures may be limited to the
current advertisement at hand. From the negative persistent

effects that we associate with undisclosed advertising, we
conclude that undisclosed ads may leave consumers in doubt
about the motives of future non-advertising posts. Further, if
consumers recognize undisclosed ads, they might perceive
them as extraordinarily deceptive (Carr & Hayes, 2014;
Evans et al., 2019), which lowers perceived source credibil-
ity. This makes consumers more likely to infer calculative
motives for future undisclosed posts and lowers consumers’
future engagement intentions. Our results further suggest
that posts from authors with a high share of undisclosed
ads among their advertisements, i.e., who regularly perform
undisclosed advertising, experience a greater penalty, con-
firming that consumers recognize undisclosed ads.'® Con-
versely, posts from authors that regularly disclose advertis-
ing posts benefit the most. More importantly, the increasing
estimates for greater horizons show that the effects endure
and persistently affect consumers’ attitudes and the success
of future posts.

In Table 5, we summarize the hypotheses and results.
Interestingly, we find support for different mechanisms in
studies 1 and 2: While, in study 1, we associate disclosures
with less engagement with the advertisement, we find a posi-
tive impact of disclosed advertising on consumers’ engage-
ment with future posts of the same author in study 2. We
conclude that disclosures signal calculative motives and
activate persuasion knowledge, which reduces current ad
engagement (H1a). However, disclosures also raise source
credibility, which fosters future engagement (H2b). Draw-
ing on our conceptual framework, we further conclude that
the source credibility model (H2b) explains the effect of
disclosures on future posts (see Fig. 2). In contrast, the tra-
ditional Persuasion Knowledge Model and the rationales on
inferred motives (H1a) explain the effect of disclosures on
the advertisement (see Fig. 1). From this, we conclude that
the negative effects of consumers’ coping strategies trig-
gered by disclosure-activated persuasion knowledge may
mostly be limited to the advertisement, whereas the posi-
tive effects of disclosures on source credibility persist. We
illustrate these findings in Fig. 7. Generally, we find that the
mechanisms associated with disclosures work differently on
the different horizons of study 1 (current effects) and study
2 (persistent effects). Our findings may explain the opposing
results of extant research by adding the time horizon (current
vs. future posts) as an additional layer of complexity that
moderates the effect of disclosures on consumer engage-
ment. Further, our findings may also apply to related quanti-
ties such as the number of followers.

10 Table C.9 in the online appendix presents results with AD_
SHARE replaced with dummy variables. The results are less signifi-
cant, indicating that share of disclosed/undisclosed ads matters.
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Table 5 Summary of results

Hypothesis

Conclusion

Hla Disclosed advertising posts gather /ess engagement than undisclosed advertising posts.

H1b Disclosed advertising posts gather more engagement than undisclosed advertising posts.

Supported (study 1)
Not supported (study 1)

H2a Disclosed advertising is negatively associated with consumers’ engagement with future posts of the same author. Not supported (study 2)

H2b Disclosed advertising is positively associated with consumers’ engagement with future posts of the same author.

Supported (study 2)

Managerial contributions

As we find that only a low share of ads is disclosed cor-
rectly, this provides evidence supporting that, globally,
government institutions (Federal Trade Commission,
2019; Steward, 2019; Zialcita, 2019) have not yet been
successful in enforcing the use of disclosures. Legal
authorities should therefore continue to foster compli-
ant disclosures. In contrast, we detect higher disclosure
compliance in DACH regions, where legislation is stricter.
Further, as we estimate a greater penalty for the built-in
disclosure, we conclude that the type of disclosure mat-
ters and that the built-in disclosure is more interruptive
and gathers more attention. This finding confirms recent
experimental studies (Boerman, 2020; Boerman & Miil-
ler, 2022) and contradicts statements of the FTC (Federal
Trade Commission, 2017; Lawler, 2017).

From a practitioner’s view, our results support that in
terms of engagement, influencers should avoid perform-
ing undisclosed advertising, as it has prolonged negative
effects. Although disclosed advertising posts gather fewer
likes than undisclosed advertising posts, influencers can
increase future engagement by disclosing sponsorships.
From a marketer’s perspective, it may still be tempting to
encourage influencers not to disclose advertising posts as
we find that these posts gather more engagement. How-
ever, literature suggests that the persistent effects may not
only be directed towards the influencer but also towards
the advertised brand or product (De Veirman & Hudders,
2020; Evans et al., 2019; Stubb & Colliander, 2019; Woj-
dynski, 2016). Thus, by not disclosing advertising posts,
marketers may gain some engagement from consumers
who do not recognize the ad, while other consumers may
perceive this behavior as manipulative and experience
prolonged negative effects on their attitudes. As there
is no “dislike” button on Instagram, negative effects are
not immediately transparent and may only be discovered
by qualitatively assessing responses. Conversely, foster-
ing transparent disclosures can signal ethical practices,
similar to cause-related marketing or cost disclosures,
which improves perceived corporate social responsibil-
ity (CSR) (Brgnn & Vrioni, 2001; Nan & Heo, 2007; A.
Wang, 2009). CSR, in turn, signals that firms are reliable
and honest, and fosters firm performance and value (Luo &
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Bhattacharya, 2006; McWilliams & Siegel, 2001; Servaes
& Tamayo, 2013).

Therefore, marketers and influencers should carefully
consider whether the risk of performing undisclosed adver-
tising is worth taking or if they want to benefit from the posi-
tive persistent effects associated with properly disclosed ads.
Especially since many consumers recognize undisclosed ads
and authorities introduce legal risks by increased enforce-
ment (Saliba, 2023), we believe that influencers and market-
ers should have an interest in disclosing their ads because the
short-term upside of undisclosed advertising may not out-
weigh the downside of possibly prolonged reduced attitudes.

Limitations and future research

The crucial assumption of this study is that the trained model
learns patterns of advertising posts sufficiently well from the
training set. This assumption implies that the training set is
mostly free from incorrect annotations and achieves a decent
predictive performance. We use human coding to validate
these claims, perform robustness checks, and provide argu-
ments that explain why the estimated IRR serve as upper
bounds. Still, as predictions are imperfect, the outcome is
noisy, so we should interpret the results with care.

First, one might question the validation by human cod-
ers. Although we took several steps to increase coders’ ad
recognition performance, the results from manual coding are
likely not perfectly accurate because human coders might
not recognize all advertisements correctly. Therefore, the
presented validations can only serve as an approximation
of the true model performance. Further, the validation sam-
ples are small. Although descriptive statistics, e.g., regarding
disclosures, are very similar, and we foster the representa-
tiveness of validation samples by drawing at least one obser-
vation from each influencer, they may not perfectly reflect
the original dataset.!! Additionally, we do not distinguish
between self-promoting ads and other ads. Self-promoting
ads are unpaid, and most might come from genuine emo-
tion. While some self-promoting posts might be non-adver-
tising, others might be more calculative and closely related

" 'We present all relevant descriptive statistics in the online appendix
in Tables C.1, C.2, C.21, C.22, and C.23.
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Close parasocial
relationships make it more
likely for consumers to value
clear disclosures.

Ad Disclosure

— Parasocial
«———— 1 | Relationships
\
| Prior
Experience
+ + +
Consumers Disclosures are Disclosures
recognize a lead for raise ad Experienced consumers
undisclosed calculative recognition may confidently recognize
ads and feel motives. Their and undisclosed ads,
deceived by absence leaves persuasion intensifying the associated
the author. other motives knowledge. effects.
Disclosures plausible.
enhance
transparency
which
consumers
appreciate.
Y Y Y
Source Calculative Persuasion
Credibility Motives Knowledge
Consumers
are reluctant to
engage with
content that is
Consumers motivated by
prefer to monetary Consumers are
engage with incentives. reluctant to
content of They prefer engage if they
authors they genuine feel
find credible. content. persuaded.
+ -_— -
¢ Engagement represents

consumers' attitudes as
consumers’ attitudes are one of
the most important factors that
affect engagement behavior
(van Doorn et al., 2010).

Future

Engagement Ad Engagement

Disclosure Effects:

Via Calculative Motives: negative (H1a)
Via Persuasion Knowledge: negative (H1a)
Via Source Credibility: positive (H2b)

Fig.7 Summary of theoretical findings: illustration of the dominant effects of ad disclosures on engagement with the advertisement and with
future posts
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to advertisements. Because authors do not need to disclose
such posts, the model cannot learn to predict self-promotion.
However, the model will recognize some self-promoting
posts — those that are similar to other ads — because of
their characteristics. Consumers might also perceive such
posts as advertising. Therefore, we believe that this does
not bias the analyses. To verify this claim, future research
could investigate consumers’ perceptions of disclosures in
self-promoting and other ads.

The moderate agreement among survey participants is
another limitation. As influencers aim to present advertise-
ments as genuine recommendations, they may try to hide
the advertising nature of their posts. This deceptive practice
may foster uncertainty among participants about a post’s
true nature. Additionally, the above-explained ambiguity of
self-promoting posts adds to this. Oftentimes, there may be
arguments for either side, and even experts may not know
if a post is genuine or paid unless the influencers disclose
it, resulting in the observed moderate agreement among
survey participants. However, we believe that, on average,
participants recognize ads correctly and that our validation
procedure provides a good approximation of the true model
performance.

Another limitation is that we use a model trained on data
from a specific region to predict advertisements of another
region without considering regional or cultural differences,
except for language. Although we focus on international
influencers and the validation shows decent performance,
we might miss some local or other aspects such as cultural
differences in consumers’ trustfulness or if English is an
author’s first language or not. The impact of such aspects
could be investigated by future research. Similarly, our
focus on English-speaking influencers introduces a focus on
English-speaking countries and cultures. While prominent
influencers have followers all over the world, an overrepre-
sentation of their country of origin (e.g., the UK or USA) is
likely. Thus, smaller countries and societies might be under-
represented due to the threshold of one million followers.
Also, it is unclear whether our results can be generalized to
less prominent influencers. Some research suggests that such
influencers differ (Appel, Grewal, Hadi, & Stephen, 2020),
while others claim that the type of influencer does not mod-
erate the effect of disclosures (Boerman, 2020).

Further, we cannot control for the size and positioning
of products in undisclosed ads. Findings from related fields
indicate that consumers may perceive a more intrusive posi-
tioning as deceptive with greater probability (J. Lee et al.,
2016). Thus, intrusiveness may moderate if a disclosure
increases perceived transparency or inferred calculative
motives.

While influencers try to build a relationship and inter-
act with their community to foster engagement, marketers
may target other metrics, such as clicks or conversions
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(Waltenrath et al., 2022). It remains unclear how disclo-
sures affect these metrics. Although we associate disclo-
sures with less engagement with the ad, there might be a
positive effect on these metrics via increased credibility/
transparency, similar to the effect on future posts’ engage-
ment. As we find that coping strategies are limited mostly
to the ad, it seems worthwhile to test if metrics such as
sales follow similar patterns. That is, ad disclosures could
be associated with a positive long-term and adverse short-
term effect on sales. Our results and conceptual framework
can provide foundations for such hypotheses that remain
to be tested by future research. Further, to shed more light
on the effects of disclosed and undisclosed advertising,
which vary depending on the time horizon and subject of
study, future research could investigate their persistence
or rate of decay. As a starting point, we provide results
on the effect of posting no advertising content for 42, 84,
91, 98, 119, and 182 days in Table C.42 of the online
appendix. Results suggest that transparent disclosures
have similar effect on consumers’ engagement with future
posts compared to not posting ads for around 90 days. For
shorter periods of time, consumers might remember the
previous ads and have doubts about the motives of the
current post. For longer periods, the author might have
built up sufficient source credibility such that the majority
of consumers assumes genuine motives as the author does
seem to not (anymore) post advertising content, implying
more engagement. However, this process needs further
investigation.

Further, as this study identified the overall effects and
prevailing mechanisms that determine the effects of ad
disclosures, future research could investigate the relative
importance of the proposed theoretical concepts regard-
ing current and future engagement. Finally, to disentangle
the effects of disclosures in social media and derive the
optimal behavior of marketers and influencers, it seems
desirable to investigate how characteristics such as the
strength of parasocial relationships, source credibility, or
ad intrusiveness influence the current and persistent effects
of disclosed and undisclosed advertising on engagement,
attitudes (towards influencer or brand), or economic met-
rics such as clicks or conversions. The theory and results
discussed in this manuscript may provide the foundations
for such analyses.
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