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Abstract
Influencers’ follower count, or indegree, is a key criterion that advertisers use when devising influencer marketing campaigns.
However, whether influencers with lower or higher follower count are more effective in generating engagement remains an
open question. This multimethod research effort—involving an observational field data analysis, based on 802 Instagram market-
ing campaigns featuring more than 1,700 influencers, together with an eye-tracking study and laboratory experiments—estab-
lishes conclusive evidence of an inverted U-shaped relationship between influencers’ follower count and engagement with
sponsored content. A higher follower count implies broader reach but also cues a weaker relationship that reduces followers’
engagement likelihood. That is, engagement first increases, then decreases, as influencer follower count rises. The authors further
test the potential moderating effects of two campaign properties: content customization and brand familiarity. Higher content
customization and lower familiarity of the sponsored brand signal that influencers value their relationships with followers and
thereby flatten the inverted U-shaped relationship. Managers can leverage these novel results and the related actionable guidelines
to improve their influencer marketing strategies.
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As consumers grow increasingly wary of traditional forms of
advertising (Hsu 2019), influencer marketing on social media
platforms such as Instagram is gaining traction, transforming
from an ancillary tactic to a market worth more than $16
billion in 2022 (Statista 2022). In influencer marketing, adver-
tisers compensate influencers to integrate a specific product
into their content, usually with some degree of creative
freedom. The influencers are expected to create content that
generates social media engagement among their followers.
Engagement, usually captured by the number of interactions
(e.g., likes, comments), is a highly relevant performance indica-
tor that advertisers and influencers seek to optimize (Leung, Gu,
and Palmatier 2022). However, despite the rising popularity of
influencer marketing, advertisers seem to be adopting this tactic
without a solid understanding of how engagement arises, such
as which influencers are most effective at turning advertising
budgets into greater engagement (Linqia 2021). In an ever-

expanding universe of influencers, a main screening criterion
for advertisers is an influencer’s follower count, or indegree
(Haenlein et al. 2020). Indegree defines the size of the audience
an influencer can directly reach with content, is publicly visible
on the platform, and has become the major “currency in the
influencer and retail world” (Eldor 2019). The gamut runs
from low indegree of a few thousand followers to influencers
with enormous indegree of many millions of followers.

Yet whether influencers with lower or higher indegree are
more effective in generating engagement is still an open ques-
tion. On the one hand, advertisers want to leverage an
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influencer’s reach, which is the number of followers exposed to
an influencer’s content and which, by definition, increases in
indegree. Thus, some brands “have been racing to spend big
dollars on high-profile social media users with massive follow-
ings” (Chung 2021). On the other hand, users on social networks
often seek interactive, communal relationships, in which they feel
connected (De Veirman, Cauberghe, and Hudders 2017). These
relationships might not be available, or be perceived to be avail-
able, from influencers with larger indegree who lack sufficient
resources or interest to enter into meaningful, frequent interac-
tions with their many followers. Perceptions of weak ties may
dampen followers’ engagement likelihood, such that the effec-
tiveness of high indegree in generating more engagement
becomes poor. Some advertisers have already identified this
issue, cautioning that high-indegree influencers might not be
able to exert a “significant influence on their audience” (Barratt
2021) and suggesting more reliance on “influencers who aren’t
nearly as popular as their big-name peers” (Wiley 2021).

Thus, one influencer might have relatively large reach (i.e.,
many followers exposed to content) but low engagement likeli-
hood (i.e., followers are less likely to interact with content),
while another influencer might have smaller reach but a
greater engagement likelihood. Ultimately then, which influ-
encer generates more engagement with sponsored content
(i.e., a higher number of interactions)?

To answer this question and clarify important details about
how an influencer’s indegree relates to engagement, we
propose a novel conceptualization of the relationship, which
we predict follows an inverted U-shape. The combination of
indegree’s positive effect on reach (in exposing more followers
to sponsored content) and its simultaneous negative effect on
engagement likelihood (through perceived tie strength, such
that followers are less motivated to engage with an influencer’s
content) implies that at low to moderate levels of indegree, the
positive reach effect dominates, and overall engagement
improves. But as indegree rises, the positive effect may
become outweighed by the negative engagement likelihood
effect engendered by low perceived tie strength, which leaves
followers less motivated to engage with the influencer’s
content, and overall engagement will decrease.

In this framework, we also posit that certain features of a
campaign can weaken the inverted U-shaped link between inde-
gree and engagement by attenuating the negative effects on
engagement likelihood evoked by large indegree. Specifically,
we study two campaign properties: (1) content customization,
which captures the extent to which influencers independently
create content for the campaign instead of following a
uniform campaign script, and (2) brand familiarity, which
describes the extent to which consumers are generally aware
of the brand that sponsors the campaign. In line with contextual
cue diagnosticity (Purohit and Srivastava 2001), we argue that
both campaign properties can help influencers demonstrate
that they commit to relationships with followers, which
should attenuate the negative impact of their indegree on fol-
lowers’ likelihood to engage and thus weaken the relationship
between indegree and overall engagement.

To empirically test our framework, we conduct a multime-
thod study, centered on an observational field data analysis
based on Instagram data and enriched by two types of experi-
mental studies (eye tracking and laboratory), an add-on simula-
tion study, and an auxiliary set of qualitative interviews that we
conducted to deepen our understanding of the broader domain
of influencer marketing. The conclusions drawn across these
studies lend evidence to the predicted inverted U-shaped rela-
tionship between influencer indegree and engagement. We
also find empirical support for the hypothesized moderating
effect of the campaign properties: higher content customization
weakens the effect of influencer indegree on engagement, so
that small- and large-indegree influencers become relatively
more effective in generating engagement compared with
medium-sized indegree influencers. Likewise, when the cam-
paign is sponsored by a rather unknown brand, the effect of
influencer indegree on engagement is less pronounced. As this
relationship flattens, medium-indegree influencers become
comparatively less effective in driving engagement.

Our work contributes to marketing research and practice in
several important ways. Theoretically, we deepen insights into
the relationship between an influencer’s indegree and followers’
engagement with sponsored content. As our nuanced, process-
based view of the functional relationship shows, the influence
of indegree moves through perceived tie strength. This works,
at least in part, because followers interpret indegree as a cue
for the strength of their tie with the influencer. We also intro-
duce two important campaign properties, content customization
and brand familiarity, as relevant concepts to the influencer mar-
keting literature that condition how influencer indegree drives
engagement.

Empirically, we expand previous studies on influencer mar-
keting effectiveness by more accurately identifying the effects
of influencer indegree on engagement, using deep and broad
field data. In particular, we base this analysis on complete cam-
paign data that include all participating influencers, such that we
can move beyond prior work that tends to ignore campaign com-
position effects. Methodologically, we capture engagement
based on not just posts, which are photos or videos uploaded
to an influencer’s profile, but also stories, which are short, audio-
visual arrangements of photos or video sequences that automat-
ically disappear from an influencer’s profile after 24 hours.
Stories are especially relevant sponsored content on Instagram,
in that they can contain links that redirect users to an advertiser’s
website, a commercial feature that is not available in posts
(Cassandra 2020). More than one-third of all sponsored
content on Instagram appears as stories (99firms 2021), and
83% of marketers plan to use Instagram stories in their cam-
paigns (Linqia 2021).

Substantively, we provide novel, actionable insights to help
advertisers improve their influencer marketing strategies. We
highlight the peril of supersaturation effects in engagement
when indegree becomes too large and reveal that the most effec-
tive indegree level is situated somewhere between the often-
recommended very small and very large influencer tiers. Yet
advertisers and influencers also have some room to maneuver:
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brands that allow influencers to promote content independently
and brands that are less well-known observe a weaker inverted
U-shaped relationship between indegree and engagement,
reducing the pressure for them to collaborate with influencers
who have just the right number of followers. These contribu-
tions also help marketers better account for their investments
in influencer marketing, which has particular value for this
young and rapidly evolving social media tactic.

Related Literature on Indegree and Influence
in Social Networks
Social Networks and Seeding
The notion of social influence, as introduced by Katz and
Lazarsfeld (1955), describes the extent to which an individual
can affect others’ attitudes and behaviors. Since then, a long
research tradition has linked social influence to social networks
in general and to indegree in particular. In this literature,
researchers work to identify those individuals who can maxi-
mize the diffusion of information or behaviors in their social
networks (e.g., Aral and Dhillon 2018). In seeding, the most
related application in marketing, firms send marketing-relevant
information to social network members, hoping that they will
initiate its diffusion (Hinz et al. 2011). Table W1 in Web
Appendix A summarizes extant empirical findings regarding
the effects of indegree in social networks and in seeding, orga-
nized by whether the study examines aggregate or individual
effects. Almost unanimously, these studies show a positive rela-
tionship between indegree and the diffusion of new ideas or
products (e.g., Goldenberg et al. 2009; Libai, Muller, and
Peres 2013; Yoganarasimhan 2012). As a result, many studies
suggest seeding individuals with high indegree, because their
greater number of connections allows each individual to reach
more others.

In contrast, studies that consider not only reach but also the
strength of the influence on others (i.e., the response likelihood
of connections) produce more ambiguous results regarding the
optimal seeding strategy. Hinz et al. (2011) and Libai, Muller,
and Peres (2013) still recommend targeting seeds with high
indegree, even if they do not have the strongest influences on
connections, but Chen, Van der Lans, and Phan (2017) find
that weighting individual indegree by the strength of influence
on each connection yields substantially different, and more
effective, seeding recommendations than selecting seeds
based purely on indegree. In another approach, Haenlein and
Libai (2013) propose seeding individuals with high customer
lifetime value but not necessarily high indegree.

Applicability of Seeding Studies to Influencer Marketing
Influencer marketing is sometimes considered a controlled form
of seeded marketing, but it is distinct in its institutional setting
and scope, so findings from seeding literature might not apply
precisely. Most importantly, seeding campaigns only encourage
seeds to promote firm-generated content, without any formal

incentive structure (Leung, Gu, and Palmatier 2022). Instead,
in influencer marketing, influencers are contractually obligated
to create content and promote the advertiser’s offering. The
objectives of the two marketing tactics also differ: seeding mar-
keting campaigns aim to trigger cascades of information
through a social network (e.g., Van der Lans et al. 2010;
Watts and Dodds 2007), but influencer marketing attempts to
enhance engagement metrics, such as likes, comments, or
clicks, which represent direct interactions between an individual
follower and the sponsored content.

Studies of seeded marketing also feature different empirical
foci. For example, they tend to focus on relatively small net-
works in which even the largest seeds have fewer than 1,000
connections (e.g., Yoganarasimhan 2012), while influencers
can have indegree values in the millions. Insights from seeded
marketing therefore can capture only the lower end of the
engagement effects that might occur in influencer marketing.
In addition, many seeding studies compare discrete seeding
strategies, such as large indegree versus random seeding (Hinz
et al. 2011), or else feature seeding criteria unrelated to indegree
(e.g., Libai, Muller, and Peres 2013), but do not compare large
versus small indegree seeding, which limits their applicability
to our specific research question. Furthermore, seededmarketing
campaigns often occur in undirected social networks, and seeds
select which connections will receive the information they share
(e.g., Gelper, Van der Lans, and Van Bruggen 2021). Influencers
spread content to their entire followership, so that a comparison
of conversion rates with seeded marketing results becomes
difficult.

Finally, insights from seeded marketing are often retrieved
from offline settings (e.g., Dost et al. 2019), but influencer mar-
keting occurs fully online, which implies substantially different
extents of intimacy, information flows, and follow-up opportu-
nities (Kuksov and Liao 2019). A seed’s indegree in an offline
setting might be unknown or uninformative to connections,
while an influencer’s indegree is a very prominent aspect in
profile information, which followers can use to infer character-
istics of their relationship with the influencer.

Influencer Marketing Studies
Research that accounts for the influencer marketing context
has recently begun to investigate the relationship between
indegree and engagement. While we are not aware of any
fieldwork that explicates this relationship, three articles
include indegree as a control variable for explaining engage-
ment. Hughes, Swaminathan, and Brooks (2019) document a
positive relationship between an influencer’s indegree and
the number of likes and comments the sponsored content gen-
erates on Facebook and blogs. With a sample of unpaid
endorsements on Twitter, Valsesia, Proserpio, and Nunes
(2020) find a positive but diminishing effect of indegree on
the number of likes and retweets a post generates. Both
studies examine influencers with very low indegree and
focus on content in the form of posts. Leung et al. (2022)
investigate sponsored posts on the Chinese network Sina
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Weibo. Although they do not find a direct effect of indegree
on engagement, they determine that indegree strengthens the
effects of influencer marketing expenditures on engagement.
Table 1 offers an abridged overview of the studies most rel-
evant to our research.

In an effort to contribute to research on social networks,
seeded marketing, and influencer marketing, we theorize a
more complex relationship of influencer indegree and
engagement with sponsored content than entrenched in
prior views. While the network perspective of previous
studies is useful to identify individuals who, by virtue of
their indegree, have the potential to reach many others,
such studies do not aim to explain how indegree might
affect the engagement likelihood of an individual connec-
tion. As we explain in our conceptual framework, this
effect might be driven by perceived tie strength with the
influencer. Ours is an initial attempt to apply these conceptu-
alizations to paid influencer endorsements in a directed social
network (i.e., Instagram), in the context of a strategically
organized campaign structure.

Conceptual Framework
How does an influencer’s indegree affect engagement with
sponsored content? Building on extant research and 13 semi-
structured interviews with industry experts (see Web
Appendix B), we derive the conceptual framework of this rela-
tionship in Figure 1. We begin by theorizing why we expect an
inverted U-shaped relationship (H1), then discuss its potential
moderation by two campaign properties: content customization
(H2) and brand familiarity (H3).

How Influencer Indegree Affects Engagement
Engagement refers to measurable interactions of users on a
social platform in response to an influencer’s sponsored
content that result from motivational drivers (Van Doorn
et al. 2010). These interactions include liking an influ-
encer’s content, commenting on it, or tagging others to
make them aware of the content. Following Hinz et al.
(2011), we develop our framework based on a simple two-
determinant model that links engagement with indegree. On
a social media platform, influencer i has indegree Di (Di >
0) that captures the number of followers in a given
period. Influencer i publishes sponsored content (post or
story) for followers, and Ni is the number of followers
exposed to the content (Ni ≤ Di),

1 such that it provides a
measure of influencer i’s effective reach. The reached fol-
lowers n (n ∈ Ni) decide whether to engage with the
content with some probability pi. This engagement

likelihood is similar to conversion probability in the
seeding literature (e.g., Hinz et al. 2011) or click probabil-
ity in online advertising research (e.g., Bleier and
Eisenbeiss 2015). Assuming an influencer-specific average
engagement likelihood (pi = pi∀n ∈ Ni), expected engage-
ment Ei with influencer i’s sponsored content is given by:

Ei = Ni × pi. (1)

Increasing engagement then requires increasing either Ni

(exposing more users to the content) or pi (increasing the
likelihood of an average user to engage with the content),
and both determinants are likely a function of Di.

Effect of indegree on reach (Ni). Reach is the number of users
exposed to the content of influencer i; by construction, it also
is a function of indegree, because every additional follower
increases the size of the potential audience to reach with
content. We define:

Ni = aDi, with 0 < a ≤ 1. (2)

Here, we assume linearity and omit the intercept, because no
followers are exposed to the content if Di = 0.

Effect of indegree on engagement likelihood (pi). Engagement
likelihood describes the average motivation of an influencer’s
followers to interact with sponsored content. Previous literature
suggests a direct link between indegree and engagement likeli-
hood (Katona, Zubcsek, and Sarvary 2011); it operates at least
partly because followers rely on indegree as a decision cue
about whether to engage with content published by an individ-
ual (Valsesia, Proserpio, and Nunes 2020). Cue utilization is
particularly powerful in online relationships, because informa-
tion is naturally more incomplete and uncertain than in offline
relationships, so the parties need to rely on external information
to gather nuanced insights about each other (Grewal and
Stephen 2019). The large number of connections in online
social networks and the lack of real interactions, as experienced
in offline relationships, aggravates the need for cues to form
opinions and make decisions. Thus, in influencer marketing
contexts, an indegree cue can help followers construct percep-
tions of their relationship, or tie, with the influencer.2 Prior
research and industry insights indicate that users care about
these ties and rely on influence from perceived close connec-
tions, which is part of the great appeal of influencer marketing
(Ye et al. 2021).

Tie strength is the potency of a bond between members
of a network, reflecting the perceived significance, inten-
sity, and closeness of their relationship (Aral and Walker
2014; Duhan et al. 1997; Granovetter 1973). Given that

1 Theoretically, the number of users exposed to an influencer’s content could be
larger than the indegree. Practically, however, it is unlikely that users systemati-
cally track content of an influencer they do not follow, as validated by the indus-
try experts we interviewed.

2 Some followers might also have experienced one-to-one interactions with the
influencer from which they may infer tie strength. If information about such
interactions is accessible, indegree might be a less diagnostic cue but facilitate
inference of learned associations about the relationship. This path is distinct,
as it rests on followers experiencing tie strength with the influencer, but the pre-
dictions it produces align with those we derive based on cue utilization.
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Table 1. Overview of Key Empirical Studies of the Effects of Indegree in Social Networks.

Author(s)
Research
Context

Key Dependent
Variable(s)

Key
Indegree-Related
Antecedents Moderators

Focus on
Nonlinear
Functional
Form? Relevant Findings

Goldenberg et al.
(2009)

Cyworlda

(field)
Number of new
product adopters,
time to adoption in
the social network

Hubs (in- and outdegree
larger than three
standard deviations
above the mean)

Not included No Hubs adopt early
because of their larger
number of
connections.
Innovator hubs (that
adopt early) influence
the speed of adoption;
follower hubs
influence market size.

Hinz et al. (2011) Three online
networksa

(field)

Reach- and
response-related
seeding
performance
variables

Hubs (high degree
seeds)

Not included No Seeding to hubs yields
the best performance
among all seeding
strategies. Hub seeding
is more successful due
to a higher activity of
hubs, not greater
persuasiveness.

Yoganarasimhan
(2012)

YouTubeb

(field)
Total viewership of
video

Connectivity (number of
first and
second-degree friends)

Not included No Both first- and
second-degree
connectivity have a
positive impact on
product diffusion.

Haenlein and Libai
(2013)

Cellular
customers
(offline)b

(field)

Social, direct, and
total value of
seeding

Hubs (top 10% of
number of connections
in the network
[opinion leader
seeding])

Not included No Opinion leader seeding
and revenue leader
seeding (based on the
highest customer
lifetime value)
dominate random
seeding in terms of
total value. The higher
the seed size, the more
profitable revenue
leader seeding is.

Libai, Muller, and
Peres (2013)

12 social
networks (1
offline)N.A.

(field)

Social value (change in
customer equity
over the entire
social system)

Hubs (top 10% of
number of connections
in the network)

Not included No Programs that target the
most connected or the
most persuasive
network members
generate, on average,
more social value than
programs that target
random members.

Chen, Van der
Lans, and Phan
(2017)

43 villages
(offline)b

(field),
social
networkb

(both)

Microfinance
diffusion,
information
propagation

Weighted sum of the
connections of a seed
(weight: strength of
the connection)

Not included No Taking into account the
strength of
connections when
identifying influential
seeds increases
diffusion performance
considerably
compared with a
seeding strategy that
relies solely on
indegree.

Hughes,
Swaminathan,

Facebooka

(field),
Engagement (number
of Facebook post
likes, number of

Indegree (number of
followers)

Not included No Average indegree drives
both number of
Facebook post likes

(continued)
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the strength of a tie also relates to the amount of interaction
between actors (Roberts and Dunbar 2011), and attention is
a limited resource, average tie strength decreases in inde-
gree (e.g., Gilbert and Karahalios 2009; Katona, Zubcsek,
and Sarvary 2011; Miritello et al. 2013). Reflecting this nat-
urally occurring, negative relationship between indegree
and tie strength, an influencer’s higher indegree may
provide followers with a cue that this influencer will
devote less effort to nurturing each follower relation, weak-
ening their perceptions of the strength of their tie (Wang
et al. 2019). By contrast, an influencer with lower indegree

may be perceived as a more intimate, meaningful relation,
so followers could be more likely to engage with the
content. As De Bruyn and Lilien (2008) show, people are
more likely to open emails from senders with whom they
have a stronger tie, and Aral and Walker (2014) demon-
strate that tie strength drives adoption of online apps
received from social network connections.

To recap, we propose that indegree is an important cue that
helps explain engagement likelihood. Because followers infer
closer ties with influencers with lower indegree, and perceived
tie strength drives engagement likelihood, followers are more

Table 1. (continued)

Author(s)
Research
Context

Key Dependent
Variable(s)

Key
Indegree-Related
Antecedents Moderators

Focus on
Nonlinear
Functional
Form? Relevant Findings

and Brooks
(2019)c

blogsa (field
and lab)

blog post
comments)

and number of blog
post comments.

Gelper, Van der
Lans, and Van
Bruggen (2021)

Two online
networksb

(field)

Reach (number of
network members
who receive the
message in the
cascade initiated
by a seed)

Degree (no detailed
description)

Not included No Seeds with many friends
(high degree) that have
few friends themselves
obtain on average the
highest reach,
compared with seeding
based purely on
degree. Competition
for attention is the
mechanism that
explains this effect.

Valsesia,
Proserpio, and
Nunes (2020)c

Twittera

(field) and
Instagrama

(lab)

Engagement (number
of likes and
retweets),
perceived influence

Indegree (number of
followers)

Outdegree
(number of
followees)

No Indegree has a positive
direct effect on
engagement and
perceived influence
and a negative
moderating effect on
the negative effect of
outdegree on the two
outcome metrics.

Leung et al.
(2022)c

Sina Weiboa

(field)
Engagement (number
of reposts and
comments)

Indegree (number of
followers)

Influencer
marketing
spend

No Engagement elasticity
with respect to
influencer marketing
spend increases with
larger indegree.

Current study Instagrama

(field and
lab)

Engagement (number
of post likes,
comments,
mentions, and story
clicks)

Indegree (number of
followers)

Content
customization,
brand
familiarity

Yes (inverted
U-shaped
[quadratic]
model)

Indegree exerts an
inverted U-shaped
effect on engagement.
Tie strength serves as
the focal mediator.
Higher content
customization and
lower brand familiarity
weaken the inverted
U-shape.

aDirected social network.
bUndirected social network.
cStudy investigates influencer marketing following the understanding we outline in the literature section.
N.A.Not applicable.
Notes: All networks are online unless otherwise mentioned. For a more extensive table of related research, see Web Appendix A.
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likely to engage with sponsored content from influencers with
lower indegree. Formally,

pi = b− cDi, with b, c > 0, for Di <
b

c
, (3)

where c describes the effect of indegree on engagement likeli-
hood, which we expect to be negative (−c), and b describes
engagement likelihood when indegree is close to 0, which we
expect is positive. To increase the intuitiveness of our exposi-
tion, we describe engagement likelihood according to a linear
link function (for a similar approach, see Wang, Aribarg, and
Atchadé [2013]) within the unit interval. We relax this assump-
tion in Web Appendix C and examine the setup based on a non-
linear modified exponential link function (e.g., Leeflang et al.
2016).

Expected effect on engagement. Revisiting Equation 1, engage-
ment can be expressed as the product of reach and engagement
likelihood (Ei = Ni × pi), reformulated as:

Ei = aDi × (b− cDi) = abDi − acD2
i . (4)

It follows that because a > 0 and c > 0, the relationship between
influencer indegree and engagement is nonlinear (given the qua-
dratic term of indegree), and the parabola representing the rela-
tionship points downward (given the negative coefficient of the
quadratic term of indegree). Setting the first derivative to 0 pro-
duces a turning point at D* = b/2c, so when D* is within the
data range, an inverted U-shaped relationship emerges, in
which the level of engagement is highest at medium levels of
indegree. We illustrate this interplay in Figure 2 (black
curves) and predict:

H1: Influencer indegree has an inverted U-shaped effect on
engagement with sponsored content.

How Campaign Properties Moderate the Effect
of Influencer Indegree on Engagement
Influencer content is usually organized in a campaign that fea-
tures multiple influencers. The properties of the overall cam-
paign then might moderate the relationship between indegree
and engagement (H1) by affecting the link between indegree
and engagement likelihood. We focus on two readily observable

campaign properties that emerged from our expert interviews,
are managerially relevant, are marketing-controlled, and
should alter how followers assess an influencer’s indegree in
deciding whether to engage. A campaign’s content customiza-
tion describes the degree of independence that different influ-
encers within the campaign have in creating their content, so
it represents a key design element of how the campaign is exe-
cuted. The campaign’s brand familiarity is the extent to which
the endorsed brand is generally known, rather than a less famil-
iar niche brand (Cunha, Forehand, and Angle 2015), which is
key identifying information about the campaign sponsor.

Underlying these proposed moderation effects is the idea that
contextual cues alter how consumers perceive an incumbent
cue, in terms of its valence or diagnosticity (Purohit and
Srivastava 2001; Richardson, Dick, and Jain 1994).
Borrowing from the theory of contextual cue diagnosticity,
we posit that creating more customized content or endorsing a
less familiar brand conveys the influencer’s willingness to
engage in relational effort, which should lead followers to inter-
pret the indegree cue as less problematic when assessing their
relationship with the influencer. By exhibiting effort to demon-
strate the value of relationships with followers, the influencer
might reduce the diagnosticity of the indegree cue and diminish
its negative effects on engagement likelihood. Similar effects of
contextual cues attenuating the impact of incumbent cues have
been documented in studies of consumer quality inferences
across other contexts, such as product reviews (Watson,
Ghosh, and Trusov 2018) or movie choices (Basuroy, Desai,
and Talukdar 2006).

Content customization. Campaigns differ in the degree to which
influencers have autonomy in creating content, and we posit that
increased efforts to customize the content should convey the
influencer’s valuation of followers (Algoe, Haidt, and Gable
2008), because it implies relational effort in three main ways.
First, followers may suspect convenience motives if an influ-
encer uses the campaign’s standard wording without tailoring
it to the audience, whereas they may appreciate the influencer’s
creative crafting of a unique message (Haenlein et al. 2020).
Second, standardized wording might imply the influencer’s
insufficient knowledge about the endorsed product, whereas
content customization signals that the influencer has gained suf-
ficient information to endorse the product in her or his own
words. Third, followers who encounter uniform campaign

Figure 1. Conceptual Framework.
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content might perceive the influencer as opportunistic, solely
aiming to exploit collaborations, instead of working to give fol-
lowers helpful advice (Scholz 2021). We argue that efforts to
customize content instead should induce positive perceptions
about the value of followers’ relationships with the influencer,
so the negative effect of indegree on their likelihood to
engage with the influencer’s content may diminish. Formally,
we expect content customization to flatten the indegree–engage-
ment likelihood curve by z, resulting in a revised model of
engagement likelihood (see also Equation 3 and Figure 2,
gray curves):

pRi = b− (c+ z)Di, with b, c > 0 and z < 0,

for Di <
b

c+ z
,

(5)

and a corresponding revised model of engagement (see
Equation 4 and Figure 2):

ER
i = aDi × [b− (c+ z)Di] = abDi − (ac+ az)D2

i . (6)

Since whenever z < 0, az < 0, and (ac + az) < ac, the coefficient
of the quadratic term becomes less negative and the parabola
widens. Therefore, we predict that higher content customization
weakens the inverted U-shaped relationship between an influ-
encer’s indegree and engagement. We formally hypothesize:

H2: Higher content customization weakens the inverted
U-shaped effect of influencer indegree on engagement with
sponsored content.

Brand familiarity. Endorsing a less well-known brand represents
relational effort by the influencer, which may attenuate the nega-
tive effect of indegree on engagement likelihood, allowing
large-indegree influencers to reduce their tie-strength deficit.
First, followers might perceive endorsement of widely familiar
brands as opportunistic, because it involves relatively low risk
and screening efforts (i.e., the established reputation of familiar

brands requires less vetting by the influencer) (Campbell and
Keller 2003), but an endorsement of a lesser-known brand
implies the influencer’s motivation to share original content.
Second, followers can infer that unknown brands have smaller
advertising budgets (East 2019), so they might assume more
genuine motives for the influencer’s endorsement, instead of sus-
pecting monetary incentives. Third, endorsing familiar brands
can heighten the influencer’s visibility or clout, so followers
might suspect these motives, whereas such suspicions do not
arise for unfamiliar brands. Therefore, endorsing lesser-known
brands should help large-indegree influencers avoid sparking per-
ceptions of weak tie strength. In line with our exposition in H2,
we expect lower familiarity of the endorsed brand to flatten the
engagement likelihood curve. A less negative quadratic term of
indegree on engagement emerges such that lower brand familiar-
ity flattens the inverted U-shaped relationship between an influ-
encer’s indegree and engagement. We formally hypothesize:

H3: Lower brand familiarity weakens the inverted U-shaped
effect of influencer indegree on engagement with sponsored
content.

Overview of Empirical Strategy
Our empirical context pertains to influencers on Instagram, one of
the largest social media networks, with more than 1 billion active
users (Statista 2020), such that 93% of advertisers plan to use it
for influencer marketing (Linqia 2021). To test our hypotheses,
we adopt a two-pronged empirical strategy. First, in Study 1, we
formally test H1–H3 with a large field study and observational
data. Second, we validate the forces that underlie our conceptual
framework in a series of five additional studies. In Study 2, using
eye-tracking data, we confirm that users seek out indegree as a rel-
evant cue to inform their motivation to engage with an influencer’s
sponsored content. In Study 3a, we demonstrate in a laboratory
experiment that engagement likelihood decreases with indegree,
as well as how this effect unfolds through tie strength. Study 3b
bridges the laboratory results with findings from the field,

Figure 2. Theorized Inverted U-Shaped Effects of H1–H3.
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showing that the engagement rates predicted in our lab data would
lead to an inverted U-shaped relationship between indegree and
engagement, as we theorize and observe in the field. We also iden-
tify conditions in which the U-shape would disappear. Then with
Studies 3c and 3d, we test how campaign properties moderate
the drop in engagement likelihood due to higher indegree.
Table 2 summarizes our empirical approach, findings, and the sec-
tions in the Web Appendix that provide additional analyses and
robustness tests.

Evidence of an Inverted U-Shaped
Relationship from the Field (Study 1)
Data Description and Sample
To test our framework with observational data, we need detailed
information about engagement metrics and influencer informa-
tion. Some of these data are not publicly visible (e.g., impressions,
clicks) or not historically accessible (e.g., stories), might have
been ex post manipulated by the influencer (e.g., deleted posts),
and do not identify perfectly which content belongs to a given
campaign. To circumvent these challenges, we resort to a propri-
etary data set, compiled from data supplied by five social media
agencies that specialize in influencer marketing. The agencies
differ in size, from small boutiques to one of the largest interna-
tional social media agencies specializing in influencer marketing
that officially partners with Instagram. These gathered data
include information on 802 campaigns, randomly selected from
the agencies’ campaign portfolios, and represent neither unusually
successful nor unsuccessful campaigns in terms of generated
engagement. The advertised brands represent different categories,
including beauty, fashion, and jewelry, so the campaigns provide a
representative set of categories advertised on Instagram
(Businessnes 2019). The sample contains 6,422 posts and 6,178
stories from 1,738 influencers, published between 2017 and
2020. Altogether, this sponsored content generated substantial
engagement, with more than 775 million impressions, more than
49 million likes, and over 1.4 million comments.

Measures
Engagement. We differentiate two types of engagement, related
to interactions with either posts or stories, that are both highly rel-
evant to marketers. For post engagement, we identify three indi-
cators (likes, comments, and mentions) that are conceptually
comprehensive and empirically available over time. We
measure likes as the number of times users “liked” a post, com-
ments as the number of times users commented on a post, and
mentions as the number of times users were tagged by other
users in comments on a post. All post indicators are measured
up to two days after the posting, when the bulk of such engage-
ment activity occurs. We view these three post engagement vari-
ables as reflective indicators of post engagement. This
measurement approach has conceptual appeal, as the three
engagement metrics are supposed to capture the same underlying
motivation to engage with a post. It also aligns with industry

practice that considers post engagement as the aggregate of
various interactions, with the apparent assumption that they are
interchangeable and substitute for one another in terms of captur-
ing engagement with influencer content (Sprout Social 2022). In
creating the composite measure of post engagement, as the
average of the three standardized indicators, we also took
several steps to establish the internal consistency and validity of
our approach. The Cronbach’s alpha of .83 exceeds the suggested
threshold of .70. In a confirmatory factor analysis, the average
variance extracted from our indicators (.55) and composite reli-
ability (.79) exceed the recommended values of .50 and .70,
respectively. Finally, all factor loadings are highly significant (p
< .01) and surpass .60 (likes= .61, comments= .86, mentions=
.77).

For story engagement, we identify clicks as relevant indica-
tor. We measure clicks to capture how often users tapped on a
link included in a story, which directed them to the advertiser’s
website. Stories disappear from the platform after 24 hours, so
clicks are captured within 24 hours of the story’s publication.
While post engagement (likes, comments, and mentions) is pub-
licly visible, clicks are private and only visible to the influencer.
We winsorize all variables at the .01 level.

Influencer indegree. Our focal independent variable is influencer
indegree, equal to the number of followers an influencer has on
the date he or she published a specific post or story.

Campaign properties. For content customization, we conduct a
textual analysis of the captions published in the posts to check
for variations within the campaign. We identify each caption
as a separate string and calculate the distance between strings
using the Levenshtein distance metric, which relies on the
fewest edits required to make one string match a second
string. Then we average them across all posts within a cam-
paign. Observations from campaigns that only include a
single influencer take a value of 0.

We measure brand familiarity with YouGov’s brand awareness
score. YouGov is an established source of brand information, based
on a large online consumer panel (Hewett et al. 2016). Small and
less well-known brands are less likely to be monitored (Stäbler
and Fischer 2020), so we assign brands we could not locate in
YouGov the lowest possible awareness score to prevent the
sample from being biased toward familiar brands. YouGov collects
brand data on a daily basis; if no data are available for a date in our
sample, we use the closest date available.

Control variables. We include a comprehensive set of control
variables in our models to account for observable characteristics
of posts and stories (e.g., number of hashtags), influencer demo-
graphics (e.g., gender), and prior influencer behavior (e.g., prior
sponsored posts) that may affect engagement. Table 3 summa-
rizes these measures; Web Appendix D offers a more detailed
justification for their inclusion.
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Modeling and Estimation Approach
Model. Our empirical design relies on two engagement models:

PostEngagementi,j,t=β0ij+β1Indegreei,j,t+β2Indegree
2
i,j,t

+β3Indegree
2
i,j,t×CampaignPropertyk,j,t

+β4Indegreei,j,t×CampaignPropertyk,j,t

+β5CampaignPropertyk,j,t

+ΓControlPosti,j,t+γIMRi,j,t+νi,j,t,and
(7a)

StoryEngagementi,j,t=β0ij+β1Indegreei,j,t+β2Indegree
2
i,j,t

+β3Indegree
2
i,j,t×CampaignPropertyk,j,t

+β4Indegreei,j,t×CampaignPropertyk,j,t

+β5CampaignPropertyk,j,t

+ΓControlStoryi,j,t+γIMRi,j,t+νi,j,t,
(7b)

referring to influencer i in campaign j at time t, with β0ij= μ00j+
u0ij, μ00j= μ000+ e0j, u0ij∼N(0, σ2), e0j∼N(0,σ2), and νi,j,t∼

Table 2. Multimethod Empirical Strategy.

Study Objective Data Results

Location of Details,
Robustness Tests, and
Additional Analyses

Emergence of Inverted U-Shaped Relationship Between Indegree and Engagement
Study 1 Test main effect H1 and

moderating effects H2–H3

Observational
field data

Influencer indegree has inverted
U-shaped effect on engagement with
sponsored content.

• Web Appendix D for
justification of control
variables

• Web Appendix E for further
identification support

• Web Appendix F for
descriptives and correlations

• Web Appendix G for
model-free evidence

• Web Appendix H for
robustness tests

Higher content customization weakens
the inverted U-shaped effect; lower
brand familiarity partly weakens the
inverted U-shaped effect.

Process Investigation of Inverted U-Shaped Relationship Between Indegree and Engagement
Study 2 Test whether indegree serves as

cue for followers to inform their
engagement likelihood

Experimental
eye-tracking
data

Users devote more attention to indegree
when determining their engagement
likelihood than without this goal in
mind.

• Web Appendix J

Study 3a Test whether engagement
likelihood decreases in indegree
and whether perceived tie
strength mediates this effect

Laboratory
experimental
data

Users are more likely to engage with
small indegree influencers than with
medium- and large-indegree
influencers; this effect unfolds because
users perceive stronger ties with small
indegree influencers.

• Web Appendix K.1 for
evidence of negative
relationship between indegree
and engagement likelihood

• Web Appendix K.1 for
examination of alternative
mediators which establishes
tie strength as the dominating
mechanism

Study 3b Test whether the two forces of
reach and engagement likelihood
plausibly generate hypothesized
inverted U-shaped effect

Laboratory
experimental
data

Increasing reach and decreasing
engagement likelihood curves produce
inverted U-shaped relationship
between indegree
and engagement.

• Web Appendix K.2

Study 3c Test whether content
customization moderates the
effect of indegree on engagement
likelihood

Laboratory
experimental
data

Higher content customization weakens
the negative effect of indegree
on engagement likelihood.

• Web Appendix K.3

Study 3d Test whether brand familiarity
moderates the effect of indegree
on engagement likelihood

Laboratory
experimental
data

Lower brand familiarity weakens
the negative effect of indegree
on engagement likelihood.

• Web Appendix K.4
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N(0, σ2). In turn, Post_Engagementi,j,t is composite post
engagement, Story_Engagementi,j,t is story engagement,
Indegreei,j,t captures the number of followers of influencer i at
time t, and Campaign_Propertyk,j,t represents the moderating
campaign property k ∈ {content customization, brand familiar-
ity}. Then Control_Posti,j,t is a vector of control variables for
post engagement (video, carousel, raffle, questions, hashtags,
caption length, campaign sequence, prior posts, prior sponsored
posts, female, outdegree, prior engagement rate, indegree
growth, post recency, number of campaign influencers,
account age, and impressions), and Control_Storyi,j,t is the
vector of control variables for story engagement (story length,
campaign sequence, prior posts, prior sponsored posts,
female, outdegree, prior engagement rate, indegree growth,
post recency, number of campaign influencers, account age,
and views). We include IMRi,j,t as a correction term to
account for selection effects, which we detail in the next
section. To improve interpretability, we mean-center the

independent variables before calculating interactions.
To accommodate the dependence of content posted by the

same influencer and within the same campaign, we adopt a hier-
archical variance-component error structure with influencer-
and campaign-specific intercepts, based on their respective
mean, along with a random term distributed normally with
mean 0 and constant variance. We estimate all equations
using maximum likelihood estimation and robust standard
errors to control for heteroskedasticity in the error terms.

Identification. Testing our hypotheses with observational data
requires us to resolve an important endogeneity issue related
to selection into treatment: advertisers might strategically
select influencers to participate in a given campaign, a process
whose details we cannot observe. To prevent potential selection
bias associated with the decision to hire a specific influencer for
a particular campaign, we employ a two-stage Heckman-type
model, in which we first model influencer i’s selection into

Table 3. Variable Operationalizations.

Variable Operationalization

Indegree Number of an influencer’s followers at time of publishing sponsored content
Engagement
Post engagement Composite measure of likes, comments, and mentions
Likes Number of times users “liked” a post
Comments Number of times users commented on a post
Mentions Number of times users were tagged by other users in the comments to a post

Story engagement Number of times users clicked on a link integrated in a story to be directed to website
Campaign Properties
Content customization Average textual variation in published content across influencers within same campaign, based on Levenshtein

distance
Brand familiarity Brand awareness score, from 0 to 100
Controls
Video Indicator of whether post is a video
Carousel Indicator of whether post includes multiple pictures
Raffle Indicator of whether post offers a prize through a raffle
Questions Indicator of whether questions are posed in a post’s caption
Hashtags Number of hashtags included in a post’s caption
Caption length Number of words used in a post’s caption
Story length Number of snippets used in story
Campaign sequence Temporal sequence in which post or story appears within the overall campaign
Prior posts Number of all prior posts of an influencer, normalized by days the influencer’s account is active
Prior sponsored posts Number of all prior posts of an influencer featuring sponsored content, normalized by the days the influencer’s

account is active
Outdegree Number of accounts an influencer follows
Prior engagement rate Average engagement rate per post over the past 90 days, where engagement rate is calculated as the sum of a

post’s likes and comments over the influencer’s indegree
Female Indicator of an influencer’s female gender
Account age Number of days an influencer’s account has been active
Indegree growth Compounded annual growth rate of an influencer’s indegree over past 90 days
Post recency Number of days since last post
Number of campaign
influencers

Number of influencers contracted in same campaign

Impressions Number of times a post was seen by users
Views Number of times a story was seen by users
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campaign j. We specify this first-stage selection with a probit
model that includes the campaign category, along with the influ-
encer’s prior average engagement rate, prior ratio of sponsored
to nonsponsored posts, and audience gender distribution
because industry practice suggests these factors are relevant
drivers of influencer selection. Although the model could be
identified by the nonlinearity of the correction term, adding an
exclusion restriction reduces our reliance on the functional
form for identification. We follow Hughes, Swaminathan, and
Brooks (2019) and use the “most similar influencer included”
as our exclusion restriction. The most similar influencer m of
influencer i is the influencer with whom influencer i is most
often paired in campaigns. The underlying logic is that an influ-
encer selection strategy should be consistent within a campaign,
and influencers that previously have been jointly selected likely
share unobservable characteristics that drive their selection. By
identifying whether the most similar influencer was also
selected for the campaign, we can account for these unobserv-
able characteristics. We track coappearances among all pairs
of influencers, and, based on the highest frequency of joint par-
ticipation, we determine the most similar match for a given
influencer. We then create a “most similar influencer included”
indicator variable equal to 1 if for influencer i a match m also
participates in a given campaign. This variable should work
as an exclusion restriction, because it relates to selecting influ-
encer i into campaign j, but there is no reason to believe this
choice should affect the level of engagement influencer i
generates.

Employing the most similar influencer included as an exclu-
sion restriction, we compute the inverse Mills ratio (IMR) and
add it as a predictor in Equation 7. Table W2 in Web Appendix
E provides the results of the first-stage probit selection model.
The most similar influencer included is statistically significant in
the selection model, but the IMR is insignificant in the second-
stage models (Equation 7). Web Appendix E contains a complete
description of our efforts to address endogeneity in the model-
based selection into treatment (as summarized here) and for
other aspects, such as omitted variables and simultaneity. All
the analyses lend support to our identification strategy.

Descriptives of Sample
Table W3 in Web Appendix F provides the descriptive statis-
tics and variable correlations. The influencers in our sample
have an average indegree of 179,000, with substantial varia-
tion, ranging from 3,400 to 6,450,000 followers. We also
observe ample variation in post and story engagement, and
we note that variance in engagement is well explained by
both influencer- and campaign-specific effects, in support
of our hierarchical model choice. Specifically, according to
the likelihood ratio test for between-campaign variance, in
both models, we can reject the hypothesis that there is no
variance across campaigns at standard significance levels
(p < .01). The campaign-specific intraclass correlations
range from .11 to .55, and, on average, 29% of the variance
in engagement that cannot be explained by the covariates

occurs due to unobserved campaign-specific characteristics.
In terms of the moderators, our sample encompasses cam-
paigns with varying degrees of content customization
(ranging from 0 to 917) and brand familiarity (scores
ranging from 0 to 96). Web Appendix G provides further
model-free evidence.

Results
How influencer indegree affects engagement. We begin by exam-
ining the relationship between influencer indegree and engage-
ment, as predicted in H1. Overall, the models are statistically
significant and explain substantial variance; Column 1 in
Tables 4 and 5 reports results. Variance inflation factors well
below ten suggest that multicollinearity is not a concern. The
significantly positive main and negative squared terms of inde-
gree for both post (β1= .715, p < .01; β2=−.090, p< .01) and
story (β1= .414, p < .01; β2=−.061, p< .01) engagement hint
at support for H1. To ensure correct interpretations, we formally
assess the significance of the inverted U-shaped relationship
with the procedure outlined by Lind and Mehlum (2010).
That is, we first compare the slope of the curve at low and
high ends of the indegree data range (blow = β1 + 2β2Xlow;
bhigh = β1 + 2β2Xhigh). For both post and story engagement,
the slope is sufficiently steep at both end points and positive
(negative) at the lower (higher) end of the data range. We
then take the first derivative of Equation 7, set it to 0 to calculate
the turning point (at −β1/2β2), and test whether the respective
turning points for post and story engagement are located
within our data range. On the basis of a 95% Fieller confidence
interval, we find that the turning points lie well within our data
range for both post (1,430,511) and story (1,253,392) engage-
ment. In support of H1, influencer indegree has an inverted
U-shaped effect on engagement.

Table 6 provides results using the three separate post engage-
ment indicators. Similar to the composite measure, we observe
inverted U-shaped relationships between indegree and engage-
ment for all three indicators, verified by the significantly negative
coefficients of β2 and the Lind and Mehlum (2010) test. The
effects also are economically significant. On the left-hand side
of the curve, for an average influencer with 178,983 followers
and 6,059 likes per post, a 10% increase in influencer indegree
leads to a 6.2% increase in likes (calculated by differentiating
Equation 7 with respect to indegree and determining the elasticity
from the marginal effect; e= .62). This effect translates into a con-
siderable boost in engagement of 376 likes per post that is jeopar-
dized as indegree increases. For an influencer with indegree of 2.5
million, conversely, we already note a decrease of 314 likes per
post for a 10% increase in indegree.

How campaign properties moderate the effect of influencer
indegree on engagement. Turning to the moderating effects of
the two campaign properties, we present the regression results
in Columns 2 and 3 in Table 4 for post engagement and
Table 5 for story engagement. The proposed models show
improved fit compared with the main effect models. To test
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H2 and H3, we address the interaction between squared indegree
and each moderator, where a positive (negative) coefficient for
content customization (brand familiarity) supports our predic-
tion. Adding all lower-order interaction terms simultaneously
can mask potential contingency effects (Criscuolo et al. 2017)
and lead to an overburdened model with unstable parameter
estimates (Cohen et al. 2003), so we examine each moderator
model separately (e.g., Van Heerde et al. 2013).

In line with our expectations for H2, we find a weakening
moderating role of content customization for both post (β3=
.025, p< .01) and story (β3= .049, p< .01) engagement. Then, as
predicted in H3, less familiar brands also weaken the inverted
U-shaped relationship for post (β3=−.016, p< .01), though not
for story (β3= .026, n.s.), engagement. We plot the moderating
effects for content customization and brand familiarity in Figure 3.

In addition, we test for a shift in the turning point induced by the
moderators, which would represent a distinct type of moderation of
the inverted U-shaped relationships (Vomberg, Homburg, and
Gwinner 2020). Following Haans, Pieters, and He (2016), we
take the derivative of Equation 7 with respect to indegree, set it to
0, and then take the derivative of this equation with respect to mod-
erator k. In the resulting expression (β1β3− β2β4)/[2(β2+ β3k)2], β1
is the slope for indegree, β2 is the slope for squared indegree, β3 is
the slope of the interaction between indegree and campaign prop-
erty k, and β4 is the slope of the interaction between squared inde-
gree and campaign property k. Therefore, higher (lower) levels of
campaign property k = content customization (k = brand familiar-
ity) shift the turning point to the right when the equation’s numer-
ator is positive, and the expression as a whole is significantly
different from 0. Using content customization values at one

Table 4. Estimation Results for Post Engagement.

(1) (2) (3)

Post Engagement
(Main Effect)

Post Engagement
(Content

Customization)

Post Engagement
(Brand Familiarity)

H1: Indegree .715*** (.033) .696*** (.033) .651*** (.037)
H1: Indegree

2 −.090*** (.007) −.100*** (.007) −.093*** (.007)
H2: Indegree

2×Content customization .025*** (.007)
H3: Indegree

2× Brand familiarity −.016*** (.004)
Indegree×Content customization −.070*** (.027)
Indegree×Brand familiarity .071*** (.018)
Content customization −.060*** (.016)
Brand familiarity .020* (.011)
Video −.111*** (.037) −.111*** (.037) −.110*** (.037)
Carousel .029* (.017) .034** (.017) .026 (.017)
Raffle .386*** (.030) .389*** (.029) .393*** (.029)
Questions .022 (.016) .020 (.016) .019 (.016)
Hashtags −.002 (.010) −.002 (.010) −.001 (.010)
Caption length .021* (.012) .034*** (.013) .022* (.012)
Campaign sequence −.016* (.009) −.017* (.009) −.016* (.009)
Prior posts −.050 (.042) −.046 (.042) −.052 (.042)
Prior sponsored posts −.006 (.013) −.001 (.013) −.005 (.013)
Outdegree −.020 (.013) −.022* (.013) −.019 (.013)
Prior engagement rate .119*** (.015) .120*** (.014) .120*** (.014)
Female −.016 (.031) −.010 (.030) −.014 (.030)
Account age −.192* (.109) −.173 (.109) −.185* (.108)
Indegree growth .052*** (.015) .051*** (.015) .051*** (.015)
Post recency .029 (.039) .024 (.039) .031 (.039)
Number of campaign influencers −.066** (.031) −.055* (.031) −.070** (.031)
Impressions .376*** (.014) .383*** (.014) .382*** (.014)
IMR −.017 (.016) −.016 (.016) −.017 (.016)
Constant .046 (.029) .040 (.028) .031 (.029)
Estimated SD (campaign) .308 .305 .307
Estimated SD (influencer) .189 .185 .183
Observations 3,945 3,108 3,945
Wald χ2 3,831.15*** 3,919.61*** 3,919.62***
Category fixed effects Yes Yes Yes

*p< .10, **p< .05, ***p< .01 (two-sided tests).
Notes: Robust standard errors are in parentheses; variables are standardized.
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standard deviation above the mean indicates a significant rightward
shift for post (p< .01) and a marginally significant rightward shift
for story (p< .10) engagement. For brand familiarity at one standard
deviation below the mean, we find that the turning point signifi-
cantly shifts to the right for post (p< .01) but not for story (n.s.)
engagement.

Robustness Tests
To ensure the validity of our results, we perform several robustness
tests, which corroborate our findings (see Web Appendix H for
more details). For example, we find no systematic differences
across the five data providers whose data we pool. We also
confirm that our hierarchical model structure is well-chosen and
that the results are robust to other forms of campaign-specific
effects. In addition, we demonstrate the robustness of our findings
when employing alternative measures for several control variables
and both campaign-relatedmoderators.We report the results of esti-
matingEquation 7with both campaignmoderators and their respec-
tive lower-order interaction terms too. Moreover, we show that our

results hold using relative indegree in a campaign, instead of abso-
lute indegree as we do in the main analysis. Beyond these robust-
ness tests, we explain why we are not concerned that our findings
might be an artifact of the platform’s algorithm in Web Appendix
I. Table 7 summarizes our efforts in this regard.

Evidence for the Forces Underlying
the Inverted U-Shaped Relationship
(Studies 2 and 3)
Building on the results from the field, in Studies 2 and 3, we shed
more light on the mechanism proposed in our conceptual frame-
work. We focus on the negative relationship between influencer
indegree and engagement likelihood across a series of five experi-
mental studies. To this end,wefirst establish evidence that followers
rely on indegree to determine their engagement likelihood (Study2).
Next, we show that engagement likelihood decreases in indegree
and how, according to a mediating effect through perceived tie
strength (Study 3a). We then link the experimental data from the

Table 5. Estimation Results for Story Engagement.

(1) (2) (3)

Story Engagement
(Main Effect)

Story Engagement
(Content

Customization)

Story Engagement
(Brand Familiarity)

H1: Indegree .414*** (.086) .478*** (.085) .414** (.172)
H1: Indegree

2 −.061*** (.016) −.067*** (.016) −.063** (.026)
H2: Indegree

2×Content customization .049*** (.014)
H3: Indegree

2× Brand familiarity .026 (.020)
Indegree×Content customization −.356*** (.058)
Indegree×Brand familiarity −.215 (.148)
Content customization −.162*** (.032)
Brand familiarity −.073* (.044)
Story length .018 (.028) .025 (.028) .018 (.033)
Campaign sequence −.129* (.070) −.106 (.069) −.149** (.065)
Prior posts −.087 (.159) −.061 (.153) −.029 (.145)
Prior sponsored posts −.013 (.040) .002 (.039) −.012 (.024)
Outdegree −.065 (.061) −.073 (.059) −.065** (.027)
Prior engagement rate .070* (.038) .076** (.037) .063** (.025)
Female .011 (.097) .025 (.095) .019 (.076)
Account age −.092 (.325) −.011 (.314) −.257 (.266)
Indegree growth −.010 (.017) −.013 (.017) −.012* (.007)
Post recency .188 (.163) .169 (.158) .134 (.165)
Number of campaign influencers −.138 (.089) −.138 (.088) −.137 (.113)
Views .161*** (.042) .151*** (.041) .147*** (.048)
IMR −.005 (.058) .004 (.056) −.006 (.019)
Constant −.003 (.094) .011 (.091) −.017 (.059)
Estimated SD (campaign) .738 .695 .745
Estimated SD (influencer) .555 .532 .569
Observations 1,279 1,215 1,279
Wald χ2 138.91*** 309.89*** 164.99***
Category fixed effects Yes Yes Yes

*p< .10, **p< .05, ***p< .01 (two-sided tests).
Notes: Robust standard errors are in parentheses; variables are standardized.
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lab with the observational data from the field to determine the con-
ditions in which the inverted U-shaped relationship between inde-
gree and engagement exists (Study 3b). Finally, we seek further
insights into the moderating effects of the campaign properties
content customization and brand familiarity (Studies 3c and 3d).

Study 2: Indegree as a Relevant Cue to Inform
Engagement Likelihood
To establish the link between influencer indegree and engagement
likelihood, wefirst validatewhether users rely on indegree informa-
tion to determine their motivation to engage with an influencer’s
sponsored content. For this test,we employnovel eye-tracking tech-
nology that allows for remote, browser-based data collection
through participants’webcams (Labvanced 2022).With a between-
subjects, repeated-measure experimental design and a sample of 87
Instagram users (Mage=26.1 years; 49.4%women) whose calibra-
tion error was below the threshold recommended by the software
provider, we test whether asking participants to evaluate their like-
lihood to engage with an influencer’s sponsored content leads them

to direct their visual attention more to information about the influ-
encer’s indegree (focal area of interest) than does asking them
simply to inspect the influencer’s profile. As eye-movement
metrics, we gauge eye-fixation frequency, which we measure as
the share of gazes on the area of interest compared with all gazes,
and first-pass dwell time, which is the sum of fixation durations
during the first visit to the area of interest. Thus, we use both a
frequency- and a duration-based measure to most comprehensively
capture visual attention (Hong,Misra, andVilcassim2016; Stewart,
Pickering, and Sturt 2004; Van der Lans and Wedel 2017).

Before presenting participants with four profiles of real
Instagram influencers, in the treatment group, we asked them
to consider their likelihood to engage with sponsored content
from the respective influencer (by liking, sharing, or comment-
ing). In the control group, we asked them to inspect the profile
as they would normally do on Instagram, without any additional
instructions. Participants then viewed each profile for
15 seconds, during which we recorded their eye movements.
Leveraging the panel nature of our data (four measurements
per participant), we estimated two random-effects models, one

Table 6. Estimation Results for Individual Post Engagement Metrics.

(1) (2) (3)

Likes Comments Mentions

H1: Indegree 1.078*** (.076) .445*** (.082) .204*** (.067)
H1: Indegree

2 −.101*** (.017) −.044*** (.012) −.035*** (.013)
Video −.327*** (.048) −.181*** (.052) −.002 (.069)
Carousel −.006 (.014) .019 (.034) −.041* (.025)
Raffle .052** (.026) .858*** (.109) .208*** (.075)
Questions −.010 (.014) .032 (.029) .046 (.029)
Hashtags −.010 (.007) .022 (.017) −.011 (.015)
Caption length −.019* (.010) .050** (.021) .059*** (.021)
Campaign sequence −.012 (.007) −.016** (.008) −.035*** (.010)
Prior posts −.125** (.051) −.035 (.066) .057 (.075)
Prior sponsored posts −.027* (.015) .023 (.022) −.015 (.020)
Outdegree −.026** (.013) −.008 (.013) −.019 (.015)
Prior engagement rate .206*** (.032) .077*** (.028) .058*** (.022)
Female .007 (.035) −.005 (.052) −.155*** (.042)
Account age −.368*** (.141) −.257 (.178) −.054 (.158)
Indegree growth .032** (.016) .061* (.037) .031 (.024)
Post recency .055 (.048) .001 (.063) −.017 (.063)
Number of campaign influencers −.057*** (.022) −.011 (.037) .079 (.045)
Impressions .291*** (.045) .267*** (.048) .112*** (.035)
Comments .584*** (.033)
IMR −.013 (.010) −.044*** (.016) .009 (.009)
Constant .156*** (.031) −.082* (.045) .038 (.041)
Estimated SD (campaign) .276 .629 .433
Estimated SD (influencer) .361 .283 .188
Observations 4,850 4,850 3,945
Wald χ2 1,628.52*** 480.10*** 984.57***
Category fixed effects Yes Yes Yes
Turning point (unstandardized) 1,877,936 1,689,886 1,124,221

*p< .10, **p< .05, ***p< .01 (two-sided tests).
Notes: Robust standard errors are in parentheses; variables are standardized.
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for each eye-movement metric, with a treatment group dummy
variable as the focal regressor (see Web Appendix J for more
further details). In the eye-fixation frequency model, the coeffi-
cient of the treatment dummy is significantly positive (β= .013,
p= .043), indicating that participants treated with the engage-
ment likelihood question devote significantly more attention
to information about the influencer’s indegree. In the first-pass
dwell time model, the treatment dummy is significantly positive
as well (β = 63.962, p= .039), so participants also remain
fixated on the indegree information for longer. The results are
qualitatively equivalent when we account for the confidence
level of gazes, thus reducing the influence of blinks or saccades
(Labvanced 2022; Van der Lans and Wedel 2017). These
exploratory findings suggest that influencer indegree is a rele-
vant cue that informs users’ engagement likelihood.

Study 3a: Engagement Likelihood Decreases in Indegree
In an online laboratory experiment, we manipulate influencer
indegree to establish, in controlled conditions, that engagement

likelihood decreases with indegree, as well as demonstrate how
indegree affects engagement likelihood through perceived tie
strength, as Figure 4 depicts.

Participants and design. We used a between-subjects design to
test how low-, medium-, and high-indegree conditions drive
engagement likelihood, with data from 151 Instagram users
(Mage= 33.1 years; 59.6% women) who passed an attention
check. Participants had to imagine following an influencer
with low, medium, or high indegree, then rate their likelihood
to engage with sponsored content from this influencer. In addi-
tion, participants completed measures of the mediators.

Procedure and measures. To establish shared understanding, we
provided participants with a brief introduction to influencer
marketing. Then, to encourage their immersion in the scenario,
we presented profile pictures of two fictitious influencers, “its.-
me.sophie” and “lea.la.vida,” and asked them to follow one of
them. Participants next saw an alleged excerpt from the
chosen influencer’s Instagram profile (Web Appendix K.1),

Figure 3. Fitted Quadratic Interaction Plots for Campaign Properties.
Notes: Standardized values displayed on vertical axes.
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presented as an influencer with low (“3,148 followers”),
medium (“220K followers”), or high (“3.1M followers”) inde-
gree. Participants were also told that, today, a sponsored post
from the influencer appeared in their feed. Participants rated
their likelihood to engage with the post with the item, “How
likely would you be to engage with the post you imagine
seeing from [influencer] (e.g., by liking it, or commenting on
it)?” (1= “very unlikely,” and 7= “very likely”). For the test
of the mediating mechanism, we asked participants to assess
the perceived strength of their tie with the influencer with
three items, “I would feel close to [influencer],” “My tie to

[influencer] would be strong,” and “I would feel very familiar
with [influencer]” (α= .93), adapted from Mittal, Hupperts,
and Khare (2008) and evaluated on seven-point scales (1=
“strongly disagree,” and 7= “strongly agree”). To test for alter-
native mediators, we captured further measures (Web Appendix
K.1). Participants also provided demographic information.

Results. A one-way analysis of variance (ANOVA), based on the
item “Approximately how many followers does [influencer]
have?” (1= “<10,000,” and7= “>3,000,000”), reveals a significant
difference between the experimental conditions (F(2, 148)= 1,199,

Figure 4. Process Conceptualization Underlying H1.
Notes: The dashed rectangle indicates the process investigated in Study 3a.

Table 7. Overview of Robustness Tests of Field Study (Study 1).

Domain Potential Empirical Challenge Approach to Resolve Empirical Challenge
Location of Details in
Web Appendix

Sample Construction
Sample
construction

Differences across agencies may influence
results

Verify that patterns across agencies are not
systematic; include agency fixed effects

Web Appendix H.1

Model Specification
Measurement Engagement metrics may be inaccurately

measured
Verified by industry experts; daily subset analysis
to capture engagement

Web Appendix H.2

Modeling Campaign-specific effects may not be well
specified

Alternative modeling of campaign-specific effects Web Appendix H.3

Modeling Modeling approach for separate post
engagement metrics may not be well
chosen

Count data modeling for separate post
engagement metrics

Web Appendix H.4

Modeling Control variables may be inaccurately
measured

Include alternative control variables; exclude
control variables

Web Appendix H.5; Web
Appendix H.6

Modeling Correlations across error terms may
influence results

Simultaneous equation modeling Web Appendix H.7

Modeling and
measurement

Results may be explained by separate
moderator models or inaccurate
measurement of campaign properties

Include both campaign properties simultaneously;
alternative measurement of campaign
properties

Web Appendix H.8; Web
Appendix H.9

Identification
Endogeneity Results may be driven by selection,

omitted variables, or simultaneity
Correction for collaboration–induced selection,
influencer–campaign selection, moderator
selection, and influencer–follower selection

Web Appendices E.1–E.3;
Web Appendix E.4; Web
Appendix E.5

Endogeneity Algorithm of the social network may
explain results

Ruling out role of algorithm in explaining results Web Appendix I

Additional Analysis
Alternative
dependent
variable

Results may not hold for relative indegree Relative indegree analysis Web Appendix H.10
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p< .001).According to post hocTukey significancedifference tests,
participants in the low-indegree condition rate the influencer’s inde-
gree lower (M=1.12, SD= .71) than those in themedium-indegree
condition (M= 3.74, SD= .69; p< .001), whose ratings in turn are
lower than those in the high-indegree condition (M= 6.92, SD=
.27; p< .001).Moreover, for low-indegree influencers, engagement
likelihood is higher (M= 4.24, SD=1.95) than for high-indegree
influencers (M= 3.22, SD=1.91; p= .022), and engagement like-
lihood for medium-indegree influencers lies between these values
(M= 3.90, SD=1.84). In Web Appendix K.1, we provide further
evidence for themonotonicity and linearity of this negative relation-
ship using a complementary within-subjects study.

With respect to the proposed process, tie strength perceptions
are higher for low-indegree influencers (M= 3.52, SD= 1.68)
than for high-indegree influencers (M= 2.64, SD= 1.24;
p = .011). The perceptions for medium-indegree influencers
again lie in between these values (M= 2.99, SD= 1.60) and
do not differ from either low- (p= .183) or high- (p= .491)
indegree influencers. We also test the process with groups,
based on low- and high-indegree influencers (Kerlinger 1973).
In the mediation analysis, perceived tie strength is the focal
mediator, engagement likelihood is the dependent variable,
and indegree is the independent variable. We use a bootstrap
estimation approach with 5,000 bias-corrected samples (Hayes
2013, Model 4). In line with the proposed framework, we
observe a significant indirect effect (b=−.73, SE= .23, 95%
confidence interval [CI]= [−1.23, −.29]), and the direct effect
of indegree on engagement likelihood becomes insignificant
(b=−.29, SE= .31, p= .360), indicating total mediation.

Additional evidence. To bolster confidence in our results, we
examine several alternative mediators. For example, indegree
could serve as a cue of an influencer’s social status (Lanz et al.
2019) or expertise (Iyengar, Van den Bulte, and Valente 2011),
which may affect followers’ engagement likelihood. In addition,
indegree could be associated with perceptions of homophily
(Hughes, Swaminathan, and Brooks 2019) or in-group homoge-
neity (Leach et al. 2008), activate persuasion knowledge
(Karagür et al. 2022), or render an influencer more or less likeable
(De Veirman, Cauberghe, and Hudders 2017). In Web Appendix
K.1, we present a detailed discussion of how we test these and
further alternative mediators. Tie strength remains the dominant
mediator even when controlling for alternative mediators.

Study 3b: Complementarity of Results from the Lab
and Field
To bridge the findings of our laboratory study with the results
from the field, we next investigate whether the effect of indegree
on engagement likelihood, as identified in the lab, would result
in the inverted U-shaped relationship we theorized and found in
the field. Using our laboratory data, we calculate engagement
rates for influencers with low and high indegree (see Web
Appendix K.2), then derive engagement rates for the indegree
values in between, and finally predict engagement by

multiplying calculated engagement rates and reach over the
range of indegree we observe in our field data. Results indicate
an inverted U-shape between indegree and engagement. In Web
Appendix K.2, we also simulate alternative scenarios to define
the conditions in which the inverted U disappears.

Study 3c: Content Customization Moderates
Engagement Likelihood
To support our argument that the weaker effect of indegree on
engagement with higher content customization is driven by a
weaker relationship between indegree and engagement likelihood,
we use a 2 (indegree: low vs. high)× 2 (content customization:
low vs. high) between-subjects experiment (see Web Appendix
K.3 for details). We adapted the setup from Study 3a, such that
in the low customization condition, the influencer’s post ostensi-
bly aligns with how other influencers write about the brand. In the
high-customization condition, the influencer writes about the
brand in their own unique words, unlike how other influencers
in the campaign write about it. The results of an ANOVA,
based on responses from 502 Instagram users (Mage= 31.0
years; 50.8% women) who followed at least one influencer in
reality and passed attention checks, reveal a significant interaction
effect (F(1, 498)= 3.91, p= .049). In the low-customization con-
dition, participants in the low-indegree condition (M= 4.13, SD=
1.53) report significantly greater engagement likelihood than par-
ticipants in the high-indegree condition (M= 3.24, SD= 1.80;
F(1, 498)= 17.78, p< .001). In the high-customization condition,
however, participants in both the low-indegree (M= 4.13, SD=
1.70) and high-indegree (M= 3.83, SD= 1.73; F(1, 498)= 1.86,
p= .173) conditions report similar engagement likelihood.
These results suggest that content customization can weaken the
negative effect of indegree on engagement likelihood and
thereby help explain the Study 1 results.

Study 3d: Brand Familiarity Moderates Engagement
Likelihood
To investigate the moderating effect of brand familiarity, we
employ another 2 (indegree: low vs. high)× 2 (brand familiarity:
low vs. high) between-subjects experiment (see Web Appendix
K.4). In this study, we adapted the setup from Study 3a, such that
in the low-brand-familiarity condition, the influencer endorses a
brand that ostensibly not many people were aware of, and in the
high-brand-familiarity condition, many people are aware of the
brand. The results of an ANOVA, reflecting input from 484
Instagram users (Mage= 31.4 years; 50.0% women) who fol-
lowed at least one influencer in reality and passed attention
checks (these also exclude four outliers based on Cook’s d, fol-
lowingKeller, Dekimpe, andGeyskens [2016]), reveal amargin-
ally significant interaction effect (F(1, 480)= 3.33, p= .069). In
the high-brand-familiarity condition, participants in the low-
indegree condition (M= 3.92, SD= 1.76) report significantly
higher engagement likelihood than participants in the high-
indegree condition (M= 3.22, SD = 1.74; F(1, 480)= 9.62,
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p = .002). In the low-brand-familiarity condition, however, par-
ticipants in the low-indegree (M= 4.00, SD= 1.65) and high-
indegree (M= 3.87, SD= 1.86; F(1, 480)= .33, p= .568) condi-
tions report similar engagement likelihood. These results help
shed further light on the finding from Study 1 that lower brand
familiarity weakens the effect of indegree on engagement.

General Discussion
Theoretical Contributions
With this novel consideration of the effectiveness of influencers,
we offer a framework that links influencer indegree to overall
engagement levels, which is well warranted. While studies of
indegree in social networks are well developed, especially in
relation to seeding strategies, evidence of the role of indegree
in influencer marketing, as a distinct type of social media
tactic, is sparse. Therefore, we lay out a detailed framework
that combines reach and engagement likelihood, two forces
with countervailing effects driven by indegree, and show how
both forces interact and produce the unique pattern of an
inverted U-shape.

A building block of this framework is the idea that indegree
serves as a cue that followers use to gauge their relationship
with influencers. This perspective on cue utilization is emerging
in social media literature (Valsesia, Proserpio, and Nunes 2020),
and it provides a pertinent theoretical angle for explaining our
findings and assessing online relationships in general
(Meyners et al. 2017). In social networks, connections must
turn to external information to compensate for the lack of
nuanced information, as typically would be exchanged in
offline relationships. Without interactions that help determine
the strength of the relationship, publicly visible cues like inde-
gree become considerably more important for judging the
quality of the tie. We focus on cue utilization effects, but this
theoretical perspective does not preclude a parallel route, in
which indegree also relates to engagement through assessments
of the actual observed (or experienced) influencer–follower
relationship. Another indirect route also might be activated
when higher indegree leads to greater audience heterogeneity,
which may decrease followers’ engagement likelihood, as it
becomes more difficult for the influencer to tailor content to
the more diverse interests of a larger audience.

Moreover, noting that relationships are universal, powerful
pillars of influencer marketing, we offer a theoretical account
of their mediating role through tie strength. We theorize and
find that perceived tie strength is the dominant mechanism
through which indegree affects engagement, highlighting the
importance of managing relationship perceptions and under-
scoring the motives for users to participate on social media
platforms.

By introducing content customization and brand familiarity
as moderators that help elevate users’ perceptions of how influ-
encers commit to their follower relationships, which enhance
followers’ likelihood to engage, we offer unique insights into
how large-indegree influencers might suffer from tie strength

deficits. These compensatory effects add important nuance to
extant literature on cue effects of influencer network character-
istics in social media (e.g., Valsesia, Proserpio, and Nunes
2020).

Another interesting outcome of our framework involves
supersaturation effects of indegree. While prior research
questions its existence in traditional advertising or distribu-
tion settings (Hanssens, Parsons, and Schultz 2001), first
applications in online advertising (e.g., Chae, Bruno, and
Feinberg 2019) suggest the risk of supersaturation in
digital settings. We add to this discussion by showing that
influencer marketing represents another context in which
such effects can arise.

Substantive Contributions
Evidence-driven insights into the effectiveness of influencer
indegree. Our results should be of value to managers, because
they rest on rigorous analyses and reliable data. The ease with
which publicly available engagement metrics such as likes
and comments can be scraped from social platforms has led to
a surge in descriptive practitioner studies. Such data sourcing,
however, limits the analytical scope to public post engagement
and does not account for the increasingly relevant stories
channel. These data also might create biased results if influ-
encers retain only a curated set of posts on their profile, while
deleting other, possibly less successful, posts. This bias might
lead to positively distorted views about influencer effectiveness.
In our data, we find that 21% of posts were deleted from
profiles, some shortly after the original posting. In a series of
two-sample t-tests, we confirm that the deleted posts evoke
significantly lower engagement, in terms of likes and com-
ments, than the posts that remained on profiles, suggesting
that influencers optimize their profile with regard to engagement
metrics visible to users and advertisers.

Inverted U-shaped effect of influencer indegree on engagement. We
inform the ongoing debate about whether advertisers should
contract with influencers with an enormous following or those
with very few followers (Maheshwari 2018). In contrast with
popular views, our finding of an inverted U-shaped relationship
between indegree and engagement suggests that influencers
with intermediate indegree represent the engagement “sweet
spot” as they provide a decently large, still engaged audience.
Depending on the engagement metric, we observe turning
points between 1,124,221 followers (mentions) and 1,877,936
followers (likes).

Leveraging campaign properties. Our results also can help inform
decisions about whether to orchestrate a consistent image in
endorsed content across the campaign or to grant influencers cre-
ative freedom and autonomy in creating content. Marketing liter-
ature recommends consistent customer experiences across all
potential touchpoints (Homburg, Jozić, and Kuehnl 2017) and
commonality across communication options to facilitate recall
(Keller and Swaminathan 2020). Our findings contrast this view
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for influencer marketing and suggest that brand managers need to
allow for some degree of inconsistency across influencers, to
prevent perceptions of weak relationships that can jeopardize
the influencer’s effectiveness. In the spirit of Heide, Wathne,
and Rokkan (2007), who caution that behavioral monitoring can
induce reactance and opportunistic behaviors, we recommend
that brands should empower especially high-indegree influencers
to create original content in their own style, instead of repeating
the brand’s official communications.

Our results further challenge prevalent views on how certain
campaign properties favor collaborations with influencers with
different indegree. For example, the inverted U-shape between
indegree and engagement flattens for lesser-known brands, so
they have more leeway to work with larger-indegree influ-
encers, because concerns about low tie strength can be kept at
bay. But well-known, mainstream brands do not allow for
such benefits, so they should contract with influencers with
neither too few nor too many followers to maximize engage-
ment. This suggestion contests the often-observed collabora-
tions between well-known brands and influencers with
extremely large indegree; we recommend that large-indegree
influencers expand their partnerships with lesser-known
brands to enjoy mutual benefits.

Post hoc analysis for managerial decision making. Our findings
provide meaningful implications in terms of the monetary
consequences of influencer marketing. To illustrate these
effects, and using likes as a representative engagement
metric, we calculate the total number of likes and cost per
like for a fixed campaign budget. That is, we assume a
budget of $50,000, one of nine types of influencers with
varying indegree from 10,000 to 3 million followers, and a
contractual agreement of one post per influencer. We use

Equation 7 to predict likes per post for each of the nine
types of influencers we consider. To estimate influencer cost
per post, we leverage cost data from one of our data providers,
such that we can estimate this value as a function of influencer
indegree and simulate the cost per post for each influencer
type. We begin by assuming uniform management costs of
$1,000 per influencer to account for the effort needed to
acquire, instruct, advise, and monitor an influencer—an
appropriate amount according to our interview partners. We
also consider another scenario, with an additional manage-
ment cost premium of $1,000 for influencers with low
(10,000 followers) and high (≥1 million followers) indegree,
as some of our interviewees highlighted the additional
resources needed to coordinate and instruct inexperienced
low-indegree influencers (see also Haenlein et al. 2020) or
compensate high-indegree influencers for their celebrity
status. We then compute how many influencers could be con-
tracted for the campaign and the total number of posts the
campaign would feature. Finally, we predict the resulting
total number of likes and corresponding cost per like.

Figure 5 shows the results. In both management cost scenarios,
the maximum number of likes and the lowest cost per like material-
izes from working with influencers with indegree between 100,000
and 500,000 followers. With a uniform management cost assump-
tion, a campaign composed ofmany influencers with very low inde-
gree (10,000 followers) is about as efficient as a campaign composed
of a few influencers with high indegree (1 million followers).
However, applying the more realistic cost assumption with higher
management costs for influencers with very low and very high inde-
gree, we observe a substantially steeper slope at the left-hand side of
the curve (between 10,000 and 50,000 followers), whereas the right-
hand side (≥1 million followers) remains largely unaffected. The
efficiency of a campaign composed of influencers with very low

Figure 5. Post Hoc Analysis for Likes.
Notes: Due to anonymity requirements imposed by the data provider, we do not display units on the vertical axes.
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indegree drops tomatch the level achieved by a campaign composed
of influencers with about 2 million followers.

These results provide an economic intuition for influencer
effectiveness; they also offer important insights into campaign
management. While our main analyses occur at the sponsored-
content level, the campaign-level calculations also account for
differences in cost per post across influencers with different
indegrees and highlight the economic benefits of influencers
with an indegree that lies between the often-recommended
very small and very large influencer tiers.

Limitations
Our work provides important advances to extant literature, but it
is not without limitations that serve as opportunities for further
research. First, in our field data, we cannot observe whether the
same or different users account for engagement with sponsored
content. We have no reason to believe that users might system-
atically spread their engagement behavior over different
metrics, but continued research might obtain individual-level
data to study such effects. Second, our framework assumes fol-
lowers’ active participation, but existing segments of users use
social media only passively, without any intention to engage,
and their decision to follow influencers might unfold differently
in relation to the influencers’ indegree. Third, the engagement
we gauge occurs within 24 hours for stories and 48 hours for
posts, but we have no insights into the actual timing of when
engagement occurs. To advance our work, further research
might study the speed of engagement. Fourth, continued
research should address the role of indegree on other social
media platforms with different goals, such as business-focused
networks (e.g., LinkedIn). Fifth, while we investigate indegree
as a cue that followers use to assess the strength of their tie
with the influencer, some followers might have also personally
interacted with an influencer. Further research could investigate
how responding to messages or tagging followers in posts may
affect the potency of the indegree cue for these individuals.
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	 &/title;&p;As consumers grow increasingly wary of traditional forms of advertising (Hsu 2019), influencer marketing on social media platforms such as Instagram is gaining traction, transforming from an ancillary tactic to a market worth more than $16 billion in 2022 (Statista 2022). In influencer marketing, advertisers compensate influencers to integrate a specific product into their content, usually with some degree of creative freedom. The influencers are expected to create content that generates social media engagement among their followers. Engagement, usually captured by the number of interactions (e.g., likes, comments), is a highly relevant performance indicator that advertisers and influencers seek to optimize (Leung, Gu, and Palmatier 2022). However, despite the rising popularity of influencer marketing, advertisers seem to be adopting this tactic without a solid understanding of how engagement arises, such as which influencers are most effective at turning advertising budgets into greater engagement (Linqia 2021). In an ever-expanding universe of influencers, a main screening criterion for advertisers is an influencer's follower count, or indegree (Haenlein et al. 2020). Indegree defines the size of the audience an influencer can directly reach with content, is publicly visible on the platform, and has become the major “currency in the influencer and retail world” (Eldor 2019). The gamut runs from low indegree of a few thousand followers to influencers with enormous indegree of many millions of followers.&/p;&p;Yet whether influencers with lower or higher indegree are more effective in generating engagement is still an open question. On the one hand, advertisers want to leverage an influencer's reach, which is the number of followers exposed to an influencer's content and which, by definition, increases in indegree. Thus, some brands “have been racing to spend big dollars on high-profile social media users with massive followings” (Chung 2021). On the other hand, users on social networks often seek interactive, communal relationships, in which they feel connected (De Veirman, Cauberghe, and Hudders 2017). These relationships might not be available, or be perceived to be available, from influencers with larger indegree who lack sufficient resources or interest to enter into meaningful, frequent interactions with their many followers. Perceptions of weak ties may dampen followers’ engagement likelihood, such that the effectiveness of high indegree in generating more engagement becomes poor. Some advertisers have already identified this issue, cautioning that high-indegree influencers might not be able to exert a “significant influence on their audience” (Barratt 2021) and suggesting more reliance on “influencers who aren't nearly as popular as their big-name peers” (Wiley 2021).&/p;&p;Thus, one influencer might have relatively large reach (i.e., many followers exposed to content) but low engagement likelihood (i.e., followers are less likely to interact with content), while another influencer might have smaller reach but a greater engagement likelihood. Ultimately then, which influencer generates more engagement with sponsored content (i.e., a higher number of interactions)?&/p;&p;To answer this question and clarify important details about how an influencer's indegree relates to engagement, we propose a novel conceptualization of the relationship, which we predict follows an inverted U-shape. The combination of indegree's positive effect on reach (in exposing more followers to sponsored content) and its simultaneous negative effect on engagement likelihood (through perceived tie strength, such that followers are less motivated to engage with an influencer's content) implies that at low to moderate levels of indegree, the positive reach effect dominates, and overall engagement improves. But as indegree rises, the positive effect may become outweighed by the negative engagement likelihood effect engendered by low perceived tie strength, which leaves followers less motivated to engage with the influencer's content, and overall engagement will decrease.&/p;&p;In this framework, we also posit that certain features of a campaign can weaken the inverted U-shaped link between indegree and engagement by attenuating the negative effects on engagement likelihood evoked by large indegree. Specifically, we study two campaign properties: (1) content customization, which captures the extent to which influencers independently create content for the campaign instead of following a uniform campaign script, and (2) brand familiarity, which describes the extent to which consumers are generally aware of the brand that sponsors the campaign. In line with contextual cue diagnosticity (Purohit and Srivastava 2001), we argue that both campaign properties can help influencers demonstrate that they commit to relationships with followers, which should attenuate the negative impact of their indegree on followers’ likelihood to engage and thus weaken the relationship between indegree and overall engagement.&/p;&p;To empirically test our framework, we conduct a multimethod study, centered on an observational field data analysis based on Instagram data and enriched by two types of experimental studies (eye tracking and laboratory), an add-on simulation study, and an auxiliary set of qualitative interviews that we conducted to deepen our understanding of the broader domain of influencer marketing. The conclusions drawn across these studies lend evidence to the predicted inverted U-shaped relationship between influencer indegree and engagement. We also find empirical support for the hypothesized moderating effect of the campaign properties: higher content customization weakens the effect of influencer indegree on engagement, so that small- and large-indegree influencers become relatively more effective in generating engagement compared with medium-sized indegree influencers. Likewise, when the campaign is sponsored by a rather unknown brand, the effect of influencer indegree on engagement is less pronounced. As this relationship flattens, medium-indegree influencers become comparatively less effective in driving engagement.&/p;&p;Our work contributes to marketing research and practice in several important ways. Theoretically, we deepen insights into the relationship between an influencer's indegree and followers’ engagement with sponsored content. As our nuanced, process-based view of the functional relationship shows, the influence of indegree moves through perceived tie strength. This works, at least in part, because followers interpret indegree as a cue for the strength of their tie with the influencer. We also introduce two important campaign properties, content customization and brand familiarity, as relevant concepts to the influencer marketing literature that condition how influencer indegree drives engagement.&/p;&p;Empirically, we expand previous studies on influencer marketing effectiveness by more accurately identifying the effects of influencer indegree on engagement, using deep and broad field data. In particular, we base this analysis on complete campaign data that include all participating influencers, such that we can move beyond prior work that tends to ignore campaign composition effects. Methodologically, we capture engagement based on not just posts, which are photos or videos uploaded to an influencer's profile, but also stories, which are short, audiovisual arrangements of photos or video sequences that automatically disappear from an influencer's profile after 24 hours. Stories are especially relevant sponsored content on Instagram, in that they can contain links that redirect users to an advertiser's website, a commercial feature that is not available in posts (Cassandra 2020). More than one-third of all sponsored content on Instagram appears as stories (99firms 2021), and 83% of marketers plan to use Instagram stories in their campaigns (Linqia 2021).&/p;&p;Substantively, we provide novel, actionable insights to help advertisers improve their influencer marketing strategies. We highlight the peril of supersaturation effects in engagement when indegree becomes too large and reveal that the most effective indegree level is situated somewhere between the often-recommended very small and very large influencer tiers. Yet advertisers and influencers also have some room to maneuver: brands that allow influencers to promote content independently and brands that are less well-known observe a weaker inverted U-shaped relationship between indegree and engagement, reducing the pressure for them to collaborate with influencers who have just the right number of followers. These contributions also help marketers better account for their investments in influencer marketing, which has particular value for this young and rapidly evolving social media tactic.&/p;&/sec;
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