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Abstract

Social media stars gain star-status with uploads on social

media pages like YouTube, TikTok, or Instagram. One of the

most popular platforms is “Instagram” owned by Meta/

Facebook. The growing social, cultural, and economic power

of so-called influencers raises questions about key drivers

of success and, moreover, distribution of income on social

media platforms. Instagram has been accused of strategi-

cally favoring images with nude content. In order to shed

light on this socio-critical aspect, this paper examines the

following research questions: Does body exposure drive

income success on Instagram? Is there a difference between

male and female content in this regard? This paper empiri-

cally analyzes 500 top Instagram stars within the categories

(1) fashion and beauty, (2) fitness and sports, (3) music,

(4) photo and arts, and (5) food and vegan. The data provide

information on popularity, posting behavior, and price esti-

mates per post. Using hybrid regression models, the results

show indeed positive impact of body exposure on monetary

success. Accounts with high level of body exposure achieve

higher prices and advertising revenues than accounts with

less nudity, regardless of the gender. Regarding gender dif-

ferences, male content achieves on average higher advertis-

ing prices, whereas female accounts provide more branded

content and eventually achieve higher advertising revenues.
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1 | INTRODUCTION

Popular content providers on social media, so-called influencers, represent a novel star-type of the digital era. The

fame of social media stars (SMS) is native to social media platforms (Marwick, 2016). With self-produced content,

they build their audiences on pages like YouTube, TikTok, Instagram, and Twitch. In contrast to stars of traditional

media, there are no gatekeepers who manage audience access (Budzinski & Gaenssle, 2020; Gräve, 2017). One of

the main tasks of traditional gatekeepers is the promotion of content and generating audience attention. Content

providers on Instagram & Co are able to control upload frequencies and audience access themselves, without middle-

men like editors or producers. Digital developments decrease specific technological barriers to enter creative indus-

tries, such as high-quality cameras to take pictures or shoot videos and the possibility to make them publicly

available on your social media page. So, from a technological point of view, it is possible to create content and put it

online for the world to see, yet it is (still) very difficult to gain consumer attention. The process of audience building

can be explained using attention economics, the concept of attention as a scarce resource (for an overview on atten-

tion economics, see Taylor & Greg, 2014). Because attention is scarce, it is difficult to gain even initial consumer

access. To stand out and draw attention, nudity is a common way and the idea of “sex sells” has been subject to vari-

ous studies (Wirtz et al., 2018). Nudity in media is not only of societal and ethical interest but also from an economic

point of view. This paper empirically studies if body exposure is beneficial for Instagram success and how income is

distributed among creators. Therefore, I raise the following research questions: Does body exposure drive income

success on Instagram? Is there a difference between male and female content in this regard?

The service “Instagram” owned by Meta/Facebook is one of the most popular platforms and is especially

designed to upload picture contents. I empirically analyze 500 top Instagram stars within the categories (1) fashion

and beauty, (2) fitness and sports, (3) music, (4) photo and arts, and (5) food and vegan. The panel data set consists of

100 stars within each category over an observation period of approximately 5 months (see Section 3.1 for details on

sampling). The data set contains information on popularity measurements, such as followers, likes and comments,

and most importantly, price estimates per post. Because Instagram stars are not paid by the platform, but mainly by

advertisers for promotion of their products (see Section 2.2 for details on social media income), the estimated price

per upload is a valid proxy for economic success. The number of branded posts in combination with estimated pic-

ture prices allows a calculation of advertising revenue these stars generate. Using panel regression estimations, I sta-

tistically analyze the influence of body exposure, gender, and popularity measurements on income. The results show

that body exposure positively influences advertising income, whereas impact of gender is more complex and needs

careful interpretation.

The paper is structured as follows. Section 2 provides an overview on theoretical aspects such as attention eco-

nomics, the role of stars, and the revenue models in social media ecosystems. Section 3 contains information on the

data set, sample, and variables. In the following Section 4, the data are empirically analyzed and discussed. Section 5

gives concluding remarks, limitations, and implications.

2 | THEORETICAL BACKGROUND ON SOCIAL MEDIA STARS AND
INCOME

2.1 | Stars in attention economics

The concept of limited consumer attention is not a new phenomenon of the digital age, but it excessively increased

because of its developments. Simon (1971) first pointed out the problem of scarcity in an information-rich society,

because information “consumes the attention of its recipients” (Simon, 1971, p. 40). With the shift to digital econ-

omy, the importance of information drastically increased, because former tangible goods could be digitized. Shapiro

and Varian (1999) explain (way ahead of their time) that information goods can be all sorts of goods that can be
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digitized, such as films or books. The rise in available information shifted the focus; not information access, but infor-

mation overload becomes prevalent in modern society (Shapiro & Varian, 1999; Taylor & Greg, 2014). Limited atten-

tion needs to be efficiently allocated dynamically over different sources and platforms (Che & Mierendorff, 2019).

Therefore, limited consumer attention becomes the de facto barrier to entry in a lot of digital markets, among them

social media platforms.

Budzinski and Gaenssle (2020) apply attention economics to the field of social media. This paper extends their

work and theoretical idea of audience building. Audience building is separated into two economic effects, which take

place simultaneously but can be distinguished analytically: audience attraction and audience maintenance. The former

translates into first contact and creating initial attention—an eye-catcher and first connection with consumers. A

common way to gain consumer attention is the paradigm of “sex sells.” The exposure to sexual appeals for advertis-

ing, brand recognition/memory, and purchase intentions has been subject to many scientific studies (for detailed

meta-analyses, see Wirtz et al., 2018, or Lull & Bushman, 2015). Nudity and ads with sexual appeal produce mixed

results and disagreement among researchers regarding their effects on buying intentions of consumers; nudity not

always increases sales (inter alia, Dudley, 1999; Mittal & Lassar, 2000; Severn et al., 1990). This study seeks to ana-

lyze the influence of body exposure and its influence on Instagram success, regarding the star income. Franck (2019)

analyzes the “economy of attention” and refers to celebrity income as “attention income.” In the following, nudity

serves as variable of audience attraction and means to increase attention income. As the analysis progresses, the dis-

tribution of income is examined in more detail and differences between groups (especially with regard to gender)

become clear.

The second aspect of audience building is audience maintenance. For sustainable success, it is not only neces-

sary to generate one-time attention but to keep followers on board. The concept of consumption capital and “build-
ing of taste” can be applied here (Stigler & Becker, 1977). According to the superstar theory1 of Adler (1985, 2006),

there are three ways to acquire consumption capital:

1. Direct consumption of content: When consumers are exposed to content they build specific knowledge, for

example, about the star, the type of content, and all other details and knowledge that is transmitted. A food

account, for instance, can serve as information on health and cooking advice, and additionally, the fans get used

to the content provider and her type of presentation and communication. As Adler puts it in his seminal paper on

superstars, “The more you know, the more you enjoy” (Adler, 1985, pp. 208–209). The more videos are available

on an Instagram account, the better the possibility to acquire consumption capital. Fans can get to know the con-

tent provider, scroll through her page, and build specific knowledge. Therefore, in this study, the number of total

posts on the account serves as proxy for the possibility to acquire consumption capital.

2. Communication about content (communality effects): Consumers not only build specific knowledge and derive

utility from consuming the content itself, but also through communications with others (commonality effect), that

is, exchanging information with others and learning even more. Consumption capital, thus, drives bandwagon

effects (Leibenstein, 1950). The communicational aspect gained importance in the digital environment. Cost of

communication drastically lowered on the demand and the supply side (Gaenssle & Budzinski, 2021). Fans can

easily comment on posts of their favorite stars and connect among each other; emojis and likes even simplify this

process and further reduce costs of communication. It is very easy to find like-minded people and forward con-

tent to friends and family. This leads to considerable network effects (Katz & Shapiro, 1985, 1994). Jung and

Nüesch (2019) find that popularity serves not only as a quality signal, but the mere number of historical views on

a YouTube video generates utility itself. Consumers perceive these videos as popular; they can share and talk

about it. There are different popularity indicators; the most common ones are views, followers, likes, and

1Within the discussion of economics of superstars, first introduced by Rosen (1981), the aspect of talent is of concern. However, objective measures of

talent have proven to be a considerable challenge in empirics (Franck & Nüesch, 2012; Krueger, 2005). This article therefore focuses network effects and

aspects later introduced to the economic theory on superstars by (Adler, 1985).
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comments (Burgess & Green, 2018). To operationalize the popularity concept in this paper, I use the total number

of followers and the average of recent likes and post engagement.

3. Media coverage (availability): According to Adler (1985, 2006), the cost of consumption arises from (1) actual cost

of consumption, that is, watching videos, looking at pictures, and reading captions, and (2) search cost of finding

suitable content and conversation partners. If content availability is necessary to lower cost of consumption and

drive social media success, international strategies have to be taken into account. Therefore, I calculate the

concentration of the audience regarding their country of origin, spoken language, and interests using Herfindahl–

Hirschman Indices (hhilocation, hhilanguage, hhiinterest). The concentration measures serve as a proxy for availabil-

ity and spread of the content.

Both theoretical parts of audience building deal with scarce attention; attraction and maintenance need the con-

sumers' time and focus. The second part, however, pertains to superstar theory, which is very well researched. A lot

of empirical evidence can be found focusing on ideas of Adler and his concept of snowballing into superstardom.2

This paper aims to contribute to filling the research gap and analyze the first part, the initial attraction of audience

attention, using body exposure as a proxy. Furthermore, it shows the connection between attention and star income

as well as income distortions (despite high attention and popularity).

2.2 | Sources of income for social media stars

There are different ways to generate revenue as a content provider in the social media system. In the following, a

general overview shows the different possibilities to earn money on different platforms. Not all options are available

on every platform. The list gives a systematic overview and some examples (in italic).

Types of platform immanent payments:

i. Share of advertising revenue: This is the case, inter alia, on the video platform YouTube. Content providers agree

to embed advertising before, during, or/and after their videos and get paid per view—the more ads are con-

sumed, the better the payment.

ii. Direct donations (tips): It is possible to directly send money to the content providers, that is, tip them. This is

(among other payment methods) possible on video and gaming platform Twitch.

iii. A payment barrier to access content: The content provider can establish a paywall, for instance, a monthly flat

rate (all you can eat) system or pay-per-view (à la carte) system. This is, for instance, possible on the platform

Patreon, where you can support your favorite artist and access the content on a subscription base.

Types of external payments:

iv. Own sponsored content or own brands: With growing reach content providers often start their own business

or sell and promote their own products. A baker for example sells baking equipment, and a makeup artist owns

makeup products. This is broadly used on WeChat in connection with Taobao shops in China; content providers

have their own shop and products connected to the social media page. New options of Instagram enable similar

functions.

2A literature overview on economics of superstars can be found in Budzinski and Gaenssle (2020). Empirical papers testing superstar concepts: inter alia,

Budzinski and Pannicke (2017); Bryson et al. (2014); Candela et al. (2016); Crain and Tollison (2002); Ehrmann et al. (2009); Filimon et al. (2011); E. Franck

and Nüesch (2007, 2008, 2012); Giles (2006); Hofmann and Opitz (2019); Jung and Nüesch (2019); Lehmann and Schulze (2008); Lucifora and Simmons

(2003); Meiseberg (2014); Salganik et al. (2006), Torgler et al. (2008).
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v. Commission and affiliated links: It is possible to embed affiliate links (e.g., Amazon cooperates with many

retailers) or use discount codes to get a commission for sales. The latter is also popular on the social media plat-

form Instagram.

vi. Ad financed (or sponsored) content: This can start very small with product placements and free samples. Con-

tent providers include products in their content and promote them. Very successful social media stars can earn

vast amounts of money to include ads in their posts. This payment strategy is predominant on Instagram.

Version (vi) is used within this study. It is a valid proxy for income on Instagram because most of the top stars use ad

financing. Figure 1 shows the Instagram ecosystem for deeper understanding. There are two advertising parties,

those directly paying Instagram for placing ads in user chronicles (Advertisers 2) and those cooperating with

Instagram stars (Advertisers 1). Even though Instagram itself cooperates with Advertisers 2, they do not act as inter-

mediaries and give Instagram stars the option to monetize their content though the platform. In comparison with

YouTube, Instagram stars cannot embed ads in their content through the platform and get “paid per view.” Instagram
does not offer platform immanent payments. Therefore, Instagram stars cooperate directly with advertisers and not

though the platform. This is why option (vi) is prevalent and not (i).

The Instagram stars face two demand groups: (i) Consumers (though Instagram) and (ii) Advertisers 1. The more

consumers a star can reach, the stronger the demand effect on advertisers (positive indirect network effect). The

stars serve two distinct demand groups; there are indirect effects between those groups that they internalize

through content provision. Hence, from an economic point of view, the stars function as intermediaries in a two-

sided market and platforms themselves (inter alia on platform economics: Armstrong, 2006; Evans &

Schmalensee, 2007; Rochet & Tirole, 2003, 2006). The figure illustrates the platform ecosystem. The stars serve

more than one demand group and Instagram itself too.3 Essential for this paper are the streams of revenue from

Advertisers 1 to Instagram stars. These revenues serve as income proxy (more details on the variables follow within

the empirical analysis).

F IGURE 1 Ecosystem of platforms: Instagram and Instagram stars.

3Within this consideration, Instagram itself takes the position between the stars (or other content providers respectively) and consumers. Instagram

functions as a gatekeeper and filter. Not all posts reach the entire audience. Instagram can pre-select according to preferences (and other settings) and has

algorithmic recommendations for consumers based on personalized data (Budzinski et al., 2021). As such, and from the star's point of view, it acts as a

filter, managing which types of content reach the target group. Gaenssle and Budzinski (2021) point out the importance of algorithm management skills for

content providers on social media and provide further insights regarding this topic.

GAENSSLE 5

 14676435, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/kykl.12363 by E

rasm
us U

niversity R
otterdam

 U
niversiteitsbibliotheek, W

iley O
nline L

ibrary on [28/11/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



3 | DATA AND VARIABLES

3.1 | Sample

The data are retrieved from Heepsy.com and Instagram. Heepsy primarily provides data for companies, who want to

find influencers for ads on Instagram. Therefore, the service includes prices per post. To retrieve data from Heepsy, a

professional account with payment is needed. The funding of the paper allowed a time series of 6 months and

500 influencers, with observations approximately every 10 days (translating into 15 observations per account on

average). Consequently, I have an unbalanced data set (unbalanced due to availability issues and cleaning of dupli-

cates), with 7362 observations in total.

It is possible to select the Instagram star according to specific settings on Heepsy. Only accounts that stated

their mail address on Instagram are included in the sample. Adding a mail address to the profile can be interpreted as

interest in further contact, apart from direct messages within Instagram. It can be expected that stars with email

address want to be contacted and show business interest. Five popular but distinct categories are selected:

(1) beauty & fashion (Fashion); (2) fitness and yoga (Fitness); (3) food and health (Food); (4) music (Music); and

(5) photo and arts (Photo). The choice was influenced by the popularity of the categories and their distinctiveness

(Hypeauditor, 2020). Some categories are broadly overlapping (e.g., sports and fitness). In case of doubt and consid-

ering double sampling, only the more popular one was chosen for the final sample. Within each category, the top

100 accounts are sampled. Table 1 shows the final sample and observations per category. The data varied depending

on the updates of the page Heepsy.com.

3.2 | Dependent variable

The following section explains the nature of the dependent variable. It does not serve as a theoretical model for the

study but aims to explain the economic nature of the variable and its characteristics. This is done in a formal way to

clarify some specific features of the industry and revenue estimations. The dependent variable for this study is the

star income of advertisement, that is, the advertising revenue. This serves as a proxy for their income through social

media activity. Conventionally, the revenue is calculated by price times quantity. Within this platform ecosystem

(explained in Section 2.2), the Instagram star faces two demand groups: (i) content consumers and (ii) advertisers.

The star produces content to create a fan base and needs to upload on a regular basis. Empirical evidence shows a

U-shaped relation between popularity of content and uploading behavior. Content providers need to upload regu-

larly and show activity, but they should not overstrain their audience (i.e., spamming) and provide too much content,

creating information overload (Budzinski & Gaenssle, 2020). Eventually, most Instagram stars provide not branded

TABLE 1 Overview observations per category.

IG category Freq. Percent Cum.

Fashion 1501 20.39 20.39

Fitness 1501 20.39 40.78

Food 1510 20.51 61.29

Music 1504 20.43 81.72

Photo 1346 18.28 100

Total 7362 100

6 GAENSSLE
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content qc to keep their audience entertained and branded4 content, which is paid for by advertisers qa. This trans-

lates into the following equation for the revenue R.

R¼ pq¼ paqaþpcqc ð1Þ

Content consumers pay attention and time, but no monetary price within the Instagram system. Therefore,

pc = 0. However, advertisers pay a monetary price pa > 0. The revenue generated on the side of advertisers also

depends on the number of consumers on the other side of the market, that is, advertisers are interested in reaching

as many consumers as possible via the intermediary Instagram star. Therefore, pa depends negatively not only on the

quantity of advertised pictures qa but also on the quantity of non-branded pictures qc, weighted by the indirect net-

work effect g between the market sides (see Equation 2). Therefore, the revenue R generated by Instagram stars is

generated on the advertising market with an indirect network effect from consumers (Equation 3)

pa ¼1�qaþgqc ð2Þ

R¼ paqa ¼ 1�qaþgqcð Þqa ð3Þ

Advertisers can place ads with influencers and pay per picture. In economic terms, the pictures are heterogenous

goods and advertisers pay heterogeneous prices for each singular picture. Thus, the influencer promotes their product

in one paid picture. The prices are individual and distinct for every upload. Therefore, the income for Instagram stars

consists of the sum of advertised images.

Rn ¼ 1�qaþgqcð Þqa1þ 1�qaþgqcð Þqa2þ…þ 1�qaþgqcð Þqan ð4Þ

Rn ¼
Xn
k¼1

1�qaþgqcð Þqak ð5Þ

Heepsy.com offers market-based information5 and calculates the average price that an advertiser would have to

pay to be advertised in one image, that is, the result of pa including the indirect network effects. Moreover, the post-

ing frequency and the percentage of branded posts allow a calculation of qa (the quantity of advertised posts in that

period). Within the data set, I can calculate the average ad revenue R̅ based on the price pa and the posting fre-

quency qa (theoretically represented in Equation 6).

Rn ¼1
n

Xn
k¼1

1�qaþgqcð Þqak ð6Þ

For instance, the price for makeup artist Patrickstarrr end of January 2020 was USD 6.100 (pa) per picture.

Hence, an advertiser who wanted to promote a product with Patrickstarrr was expected to pay this amount for one

single image. He had 4,782,780 followers, and his pictures reached on average 55.246 likes and 221 comments. The

star posted on average 3.3 pictures per week, and 42% of the content was branded, that is, �1.4 pictures. Therefore,

his average ad revenue is price per picture times percentage of branded posts times posting frequency equals to

8454.60 USD per week.

4Budzinski and Gaenssle (2020) do not find empirical evidence that branded posts are overall less popular than unbranded posts.
5Further details of data collection etc. are business secrets and not publicly available. This information can be obtained only through personal contact. As

correctness and reliability is essential for Heepsy to calculate accurate costs for their customers, it can be expected that the proxy is valid.

GAENSSLE 7

 14676435, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/kykl.12363 by E

rasm
us U

niversity R
otterdam

 U
niversiteitsbibliotheek, W

iley O
nline L

ibrary on [28/11/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

http://Heepsy.com


Table 2 gives an overview of pa; the superstar prices have a mean of 16,467.84 USD per picture, but there are

also big differences between accounts within the sample with a standard deviation of 28,399.38. The weekly posting

frequency qa of branded pictures is displayed in Table 3. On average, the content creators post 2.5 branded pictures

per week.

Table 4 shows the average ad revenues calculated as described above. The total mean over the whole sample is

112,943 USD. There are also periods where stars did not post branded pictures and the revenue is 0. Stars in the cat-

egory Music generate the highest revenues, followed by Fashion and Fitness. Actors within Food and Photo cannot

achieve the high levels of the first three categories.

Because the data are right skewed and, thus, residuals have a skewed distribution, the data are transformed to

obtain symmetrically distributed values and operate linear equation estimations. The logarithm of the income proxy

provides a good fit, compared with the log-normal distribution. Figure 2 illustrates the distribution against a normal

distribution. Eventually, the logged values lnR̅ are the dependent variable and the income proxy for the following

analysis.

TABLE 2 Price per Pic pa per category (USD) (January–June 2020).

IG category Freq. Mean Std. dev. Min Max

Fashion 1501 21,052.21 32,733.77 145 345,000

Fitness 1501 15,513.82 28,068.31 180 300,000

Food 1510 6618.50 8640.11 18.5 138,500

Music 1504 30,170.94 38,979.36 700 345,000

Photo 1346 8157.23 12,095.32 26 107,000

Total 7362 16,467.84 28,399.38 18.5 345,000

TABLE 3 Posting frequency branded picture per week qa per category.

IG category Freq. Mean Std. dev. Min Max

Fashion 1218 2.40 4.00 0 37

Fitness 1410 2.35 3.82 0 46

Food 1224 2.51 12.24 0 409

Music 1411 1.94 2.87 0 29

Photo 1261 3.37 14.77 0 210

Total 6524 2.50 8.85 0 408.70

Note: The total number of observations is reduced because of missing information on percentage of branded posts.

TABLE 4 Advertising revenue R̅ per week per category (USD).

IG category Freq. Mean Std. dev. Min Max

Fashion 1218 30,628.84 65,435.32 0 599,841

Fitness 1410 21,069.90 52,958.52 0 892,500

Food 1224 10,445.97 20,156.91 0 282,750

Music 1411 41,304.79 74,603.25 0 982,080

Photo 1261 9493.87 20,262.13 0 276,375

Total 6524 23,000.18 53,964.73 0 982,080
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3.3 | Independent variables and controls

I use two sets of independent variables: the ones for audience attraction and those for audience maintenance. Body

exposure is used as a proxy for audience attraction. It is a time-invariant variable, because the coding is very exten-

sive, that is, the process was only performed once. The last 12 pictures of the account and their respective degree of

nudity are analyzed.6 Different types of nudity can be defined theoretically, as in everyday dresses (“demure”), mini-

skirts or shorts (“suggestive”), bathing suits/shorts (“partially clad”), and without clothes (“nude”) (Reichert, 2002;
Wirtz et al., 2018). Instagram's guidelines restrict nudity to a certain degree.7 For this study, the category “partially
clad” is defined more closely into the degree of nudity. Therefore, the degree of nudity within the last active pictures

posted (12 pics per account) is analyzed. If a picture shows 50% or more naked skin (excluding portrait pictures), the

body exposure is coded as 1. If there is less nudity in the picture, it is coded as 0. To account for the degree of sug-

gestiveness, if 50% or more focus lie on “dressed” primary sexual characteristics (breasts, bottom, genitals), this is

also coded as 1 (see examples in appendix Figure A1). I operationalize the degree of nudity on the account by sum-

ming up the “nude pictures,” that is, accounts with body exposure = 12 have a very high degree of nudity, accounts

with body exposure = 0 have no nude pictures. The percentage of body exposure pictures is calculated for every

account, to improve transparency and understanding in the descriptive analysis. Because the coding process is sensi-

tive to subjective perception, a second person evaluated the pictures for inter-coder reliability. Moreover, to ensure

intra-coder reliability, a second test was performed, that is, the same coder rechecked the pictures a few months

later (Figure A1).

F IGURE 2 Overview distribution: Logged values advertising revenue R̅. [Colour figure can be viewed at
wileyonlinelibrary.com]

6Heepsy uses 12 pictures for their analyses and displays them for customers. Those 12 pictures are also used for further manual coding in this paper.

Instagram Stories are not part of the analysis.
7Community guidelines by Instagram (as in spring 2021): “Post photos and videos that are appropriate for a diverse audience: We know that there are

times when people might want to share nude images that are artistic or creative in nature, but for a variety of reasons, we don't allow nudity on Instagram.

This includes photos, videos, and some digitally-created content that show sexual intercourse, genitals, and close-ups of fully-nude buttocks. It also

includes some photos of female nipples, but photos in the context of breastfeeding, birth giving and after-birth moments, health-related situations (for

example, post-mastectomy, breast cancer awareness or gender confirmation surgery) or an act of protest are allowed. Nudity in photos of paintings and

sculptures is OK, too.” Facebook (2021)
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The second set of independent variables are the ones for audience maintenance focusing on (i) posting behavior,

(ii) popularity, and (iii) availability/audience measurements. They are summarized in Table 5 and vary over time, that

is, between observations.

i. Posting behavior: The Numberofposts is the number of total uploads on the account, that is, total content avail-

able. The mean number of posts is 2968.96 pictures with a standard deviation of 4278.14; there are big differ-

ences between accounts. Some post a lot more (higher frequency) than others. The age of the account is

unknown; hence, it is not possible to control how much time the Instagram star spends to upload content.

ii. Popularity indicator: The number of total Followers shows the fan base of the star and the regular audience.

Because popular accounts were chosen, the overall mean is 6.5 million followers. The most followed has 65.8

million and the least followed 1.4 million. The variable Postengagement is the sum of all follower engagement

with the star (likes, comments, shared, etc.) relative to the number of followers. It turned out to be superior to

“comments” in the analysis with higher explanatory power. The average of the sample is 2.58, but the maximum

is 23%. The likes an account receives is the best proxy for popularity within the analysis, with a mean of 162.4

thousand and a standard deviation of 258.0 thousand.

iii. Audience measurement and availability: I calculated the concentration measurement HHI (Herfindahl–

Hirschman Index) of audience location, language, and interests. This can be used to control how concentrated

the audience is, for example, in how many countries the star is represented, how many languages the audience

TABLE 5 Overview of independent variables.

Variable Mean Std. dev. Min Max Obs.

Numberofposts Overall 2968.96 4278.14 12.00 57,048.00 N = 7362

Between 4174.57 17.00 56,149.19 n = 500

Within 141.28 �79.66 7117.15

Followers Overall 6,474,005 6,587,006 1,436,180 65,798,946 N = 7362

Between 6,410,906 1,455,425 61,600,000 n = 500

Within 406,500 1,446,296 10,700,000

Postengagement Overall 2.58 2.76 0.01 23.00 N = 7362

Between 2.70 0.03 17.36 n = 500

Within 0.86 �5.89 13.95

Likes Overall 162,385.10 258,043.00 91.00 3,234,545.00 N = 7362

Between 241,077.60 455.80 2,108,876.00 n = 500

Within 92,460.28 �1,121,365.00 1,475,279.00

HHI audience

location

Overall 2903.52 2468.20 319.00 10,000.00 N = 7158

Between 2477.17 319.00 10,000.00 n = 466

Within 0.00 2903.52 2903.52

HHI audience

language

Overall 5437.85 2022.50 1339.00 9605.00 N = 7158

Between 2037.15 1339.00 9605.00 n = 466

Within 0.00 5437.85 5437.85

HHI audience

interests

Overall 1262.93 527.95 538.00 4407.00 N = 7158

Between 529.90 538.00 4407.00 n = 466

Within 0.00 1262.93 1262.93

Note: Audience information was not available for all accounts. Therefore, the n is reduced to 466 accounts regarding these

variables (HHI Audience Location, Language, and Interests).

10 GAENSSLE

 14676435, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/kykl.12363 by E

rasm
us U

niversity R
otterdam

 U
niversiteitsbibliotheek, W

iley O
nline L

ibrary on [28/11/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



speaks, and if their interests are diverse or homogenous. Because of the formula of the HHI, the maximum can

be 10,000 (100% concentrated), which is the maximum for HHI Audience Location (all audience in one country),

and the mean is 2903.52. HHI Audience Language is on average higher concentrated with a mean of 5437.85

and HHI Audience Interests is least concentrated with 1262.93.

More complex is the information on the type of content on the account. The measurement of gender refers to the

type of content and what the focus of the account is, that is, is there a focus on male, female, or no specific focus on

the account? Therefore, all accounts are analyzed individually. For decades, researchers have carefully studied the

terms sex (biology/physiology) and gender (social/sexual identity, created impression) (Lorber, 1996, 2005). A

researcher can only observe the created impression or social perception. An external identification of the gender is

only possible as “read as” female or male, according to visible features. I coded five different variables: (1) female

(clearly female features, one or more women); (2) male (clearly male features, one or more men); (3) mixed (clearly

male and female, if more than one person in the picture); (4) ambivalent (sexual characteristics recognizable, but not

clearly attributable to a man or a woman, e.g., transvestite or similar); and (5) no identification (no characteristics visi-

ble). This goes hand in hand with the body exposure analysis; 12 pictures per account are analyzed and coded. If all

12 pictures show a woman, this is coded as 12-0-0-0-0, and if there are 6 pictures of women and 6 pictures of men,

this is coded as 6-6-0-0-0 (see example in Appendix A). Thus, it is possible to implement a proxy—the degree of

female or male pictures of every account. On average, there is more female content in the sample with 51.88% ver-

sus 21.6% male content. The rest is even lower with 13.05% mixed, 12.8% no identification, and 0.27% ambivalent.

4 | EMPIRICAL ANALYSIS OF INSTAGRAM STARS

4.1 | Results descriptive analysis and mean comparison

Within the sample, it is interesting to study the top positions and means to gain first insights into the data and suc-

cess factors of the “top crowd.” The analysis of the top 20 over the whole sample (Table 6) and the top 10 (Table 7)

within each category already shows some first connections and impressions. They are ordered by the dependent var-

iable price per picture—the top accounts according to mean price per picture over all observation periods. Seven of

the overall top 20 are Music accounts, followed by Fashion and Fitness. There is one Photo account in the top

20, but no Food account. Most of the content shows women with 54.58%. Given that the sample was created by

collecting top accounts within the categories, this shows that the majority of the top accounts (among the already

most successful ones) show female content. It implies that female content is more popular, or at least most fre-

quently represented. Within the top 20 accounts with mixed gender make up 24% and with clear focus on male con-

tent 19%. The average body exposure is 37%—so less than half of the pictures on the accounts are on average nude

pictures. But there are accounts with 0 and accounts with 100% body exposure. Therefore, nude photos are not

essential for success within the sample, but they are nevertheless common.

TABLE 6 Gender and body exposure for the top 20 overall (mean picprice).

Categories Gender (%) Body exposure (%)

Fashion 7 Female 53 37

(min 0, max 100)Fitness 5 Male 19

Food 0 Mixed 24

Music 7 Ambivalent 0

Photo 1 No identification 4
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The next step is to look deeper into the respective categories. Within the top 10 per category, the majority of

contents display women, followed by men. Female photos are most common in Fashion, followed by Photo, Music,

Fitness, and Food. Male contents are represented most among food accounts, followed by Fitness, Music, Photo,

and Fashion. Mixed contents vary between 24% and 13% over all categories, whereas there is no ambivalent

account within the top 10 per category. The category Food shows the highest proportion of “No Identification,” evi-
dently with food pictures. Expectantly, the body exposure is also lowest in Food. The highest body exposure is in

Fitness with 40%, followed by Fashion with 37%. Overall, the top 10 per category show that female and male con-

tent is most frequent and body exposure is most prevalent in Fashion and Fitness.

When analyzing body exposure, the question of gender is ubiquitous. The differences between male and female

accounts are of interest, because they make up a majority of the overall sample. There are some accounts in the total

sample, which do not have a clear focus on either male or female content. I exclude those accounts to study whether

there is a difference between accounts with clear focus on either male content or female content. I restrict the

observations to those accounts with “clear focus” (more than 50% male/female content). This excludes accounts

with diverse uploads, that is, mixed accounts with females and males, non-human accounts (like memes, landscapes,

or pets), and non-focus accounts (a little bit of everything). This leaves 382 accounts. With this sample, I perform

mean comparison tests (t-tests) to see if there are differences between women and men.

i. Body Exposure: The results show that accounts with focus on female contents have significantly higher body

exposure than accounts with focus on male contents (p-value = 0.0000). As such, women appear to show more

nudity (mean men = 1.25 pics out of 12, mean women 4.3 pics out of 12).

body exposuremale �body exposurefemale

ii. Posting frequency: There is a statistically significant dissimilarity in posting frequency (p-value = 0.0003).

Women upload significantly more advertised content (mean men = 1.72 pics per week, mean women 2.17 pics

per week).

qamale < q
q
female

iii. Price per picture: There is a difference in price per picture (p-value = 0.0017). Male contents achieve signifi-

cantly higher price per picture. This is surprising, because female content makes up a large proportion of the top

content. Yet, within the sample, male content is more successful in price per picture (mean men = 19,521.41

USD per pic, mean women 16,998.03 USD per pic).

pamale > p
a
female

TABLE 7 Gender and body exposure for the top 10 per category (mean price per picture).

Category

Gender (%)

BE (%)Female Male Mixed Ambiv. No ident.

Fashion 64 16 20 0 0 37

Fitness 38 34 24 0 4 40

Food 36 42 13 0 10 5

Music 44 29 19 0 8 24

Photo 55 26 15 0 4 16

12 GAENSSLE

 14676435, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/kykl.12363 by E

rasm
us U

niversity R
otterdam

 U
niversiteitsbibliotheek, W

iley O
nline L

ibrary on [28/11/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



iv. Average advertising revenue: Although female accounts achieve lower prices per picture, their revenue is signifi-

cantly higher. The difference in posting frequency compensates for the price difference, so that women ulti-

mately achieve higher ad revenues (p-value = 0.0238), (mean men = 22,654.02 USD per week, mean women

26,209.39 USD per week).

Rmale <Rfemale

To sum up, accounts with female contents show a higher degree in nudity, but they earn less per picture. They

post significantly more advertised content and therefore achieve higher revenues eventually.

4.2 | Results analytical analysis and regression estimations

4.2.1 | Research question 1

The first results have already provided interesting insights. However, different sets of covariates and time effects are

not considered. That is why more sophisticated methods are used for the analytical analysis of the data set. To

answer the research question Does body exposure drive income success on Instagram?, more complex models are nec-

essary. The influence of body exposure and gender stands in the focus of this section. Therefore, I use panel regres-

sion estimations.

The data set contains time-variant variables (followers, likes, etc.) and time-invariant variables (category, body

exposure, and gender). Therefore, a standard fixed effects model does not fit the theoretical framework and research

questions. Key independent variables would not be identified by a fixed effects specification. Because the influence

of body exposure and gender is central, the estimation results for those variables are vital. This can only be achieved

by including them using random effects. However, in random effects models, the assumption is that there is no cor-

relation between the unobserved heterogeneity. That is why I use a hybrid model (Allison, 2009) where within

effects are possible in random effects model by decomposing xit in a between xi and a cluster xit�xi component.

One advantage of this approach is that it allows to test for within and between estimates equivalently

(Schunck, 2013). Equation (7) formally expresses the hybrid model:

yit ¼ β0þβ1 xit�xið Þþβ2 ciþβ3xiþμiþ εit ð7Þ

where i is the account and t is the time of observation (occasions). xit varies between occasions and within clusters

(followers, posts, etc.), and ci varies only between clusters (gender, category, be, HHIs) (time invariant). μi is the random

intercept and between error (only varies between clusters), and εit is the idiosyncratic error term (varies within clus-

ters). β1 gives within-effect estimate (fixed effects estimate), and β3 estimates the between effect (Mundlak, 1978;

Neuhaus & Kalbfleisch, 1998). This way, I can observe if differences across entities (body exposure) have influence

on the dependent variable.

The estimation results are shown in Table 8. The dependent variable for all estimations in this table is

lnAdRevenue, the logged values for R̅ (as explained in Section 3.2). I estimate four models with different sets of inde-

pendent variables. Because popularity factors are highly correlated (see Table A1), I integrate them individually. The

first model shows results for likes; the second includes followers and post engagement. Because followers and post

engagement increase the explanatory power of the model (overall R-squared: 0.3408 vs. 0.4250), I further enhance

Model 2. Model 3 includes the audience information (concentration indices HHI on location, language, and interests).

Because there are some missing observations for the HHIs, the n is lower in the last two models. I use generalized

estimating equations, which is possible when decomposing into between and within effects and enables a less

restrictive within-cluster error specification (Schunck, 2013).
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TABLE 8 Hybrid models: Research question 1.

(1) (2) (3) (4)

Variables
lnAdrevenue
(likes)

lnAdrevenue
(followers)

lnAdrevenue
(demand)

lnAdrevenue
(interaction)

Mean(s) of kNumberofposts 0.046*** 0.053*** 0.052*** 0.053***

(0.012) (0.012) (0.012) (0.012)

kNumberofposts (centered) 0.109* 0.148*** 0.148*** 0.148***

(0.059) (0.051) (0.051) (0.051)

Mean(s) of kLikes 0.003***

(0.000)

kLikes (centered) 0.002***

(0.000)

Mean(s) of mFollowers 0.089*** 0.088*** 0.090***

(0.011) (0.011) (0.010)

mFollowers (centered) 0.015 0.015 0.015

(0.031) (0.031) (0.031)

Mean(s) of Postengagement 0.233*** 0.232*** 0.235***

(0.020) (0.020) (0.020)

Post engagement %

(centered)

0.234*** 0.231*** 0.231***

(0.021) (0.021) (0.021)

Female pics 0.044** 0.023 0.016

(0.019) (0.018) (0.018)

Male pics 0.045** 0.019 0.012

(0.020) (0.019) (0.019)

Body exposure 0.031** 0.039*** 0.039*** 0.052**

(0.015) (0.014) (0.014) (0.025)

Category # body exposure Figure 3

Category = 2, Fitness �0.066 �0.030 �0.022 �0.128

(0.149) (0.145) (0.145) (0.192)

Category = 3, Food �0.373** �0.234 �0.246* �0.231

(0.160) (0.148) (0.147) (0.178)

Category = 4, Music 0.317** 0.251** 0.232* 0.385**

(0.138) (0.127) (0.130) (0.160)

Category = 5, Photo �0.648*** �0.549*** �0.568*** �0.527***

(0.177) (0.163) (0.166) (0.192)

HHI audience location Incl. Incl.

HHI audience language Incl. Incl.

HHI audience interests Incl. Incl.

Constant 8.137*** 7.538*** 7.566*** 7.645***

(0.215) (0.212) (0.311) (0.257)

R-squared within 0.0500 0.0922 0.0915 0.0915

R-squared between 0.4143 0.5069 0.5057 0.5099
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The first main result is that body exposure has a significant positive effect on income in all four models (and

within all further models on robustness, see Section 4.3). The impact of the estimated coefficient bβ¼0:039 of

Models 2 and 3 can be calculated by a quick approximation e0:039 ≈1:0398 (Benoit, 2011), which means that within

the data set, one increase in body exposure (one more picture coded as nude) increases the advertising revenue by

3.9%. By comparing different portfolios of accounts (some having a higher degree in body exposure than others), the

estimations show that, on average, one more nude picture increased the revenue by almost 4%. Because of the tem-

poral invariance of the variable body exposure, only inter-account estimation is feasible, precluding the determina-

tion of the marginal effect of a single additional nude image within the same account. However, the estimation

illustrates that accounts with higher degree in nudity perform comparably better, therefore demonstrating that

accounts exhibiting a greater degree of nudity exhibit relatively superior performance. Over the whole data set, one

more picture showing naked skin increases revenues by almost 4%. Given our focus on income of superstars, the

percentage change in revenue is considerably high.

Upon examination of the remaining independent variables, the following observations can be made. Expectantly,

the popularity indicators are significantly positive, so is the post frequency. These results are in line with past studies

(Budzinski & Gaenssle, 2020; Jung & Nüesch, 2019), which can be seen as a quality indicator and shows reliability of

the data set. Regarding gender, only Model 1 holds significant results; robustness checks also show instable results.

This is why these coefficients are not interpreted here but within the subsequent section.

Figure 3 illustrates the margins plot for Model 4. The vertical axis shows the level of lnAdrevenue, whereas the

horizontal axis displays levels of nudity. The results do not show the marginal effect of another nude picture within

an account, but the comparison between accounts. All margins are above zero and therefore significantly positive.

Thus, the mean marginal impact of a nude image on the overall sample is positive, with increasingly wider confidence

intervals as the level of nudity rises. First, to compare the effects within a category, the confidence intervals must be

considered. If these intervals do not intersect, it indicates that there are significant differences between the units of

body exposure. Within the Fitness category, there is no overlap between the confidence intervals of the first two

and last two units. Therefore, it can be said that accounts with higher degree in nudity perform comparably better

than accounts at a low level. Within the other categories, there seems to be no such effect and the confidence inter-

vals intersect. Second, confidence intervals between categories can be compared. The estimates vary around the

TABLE 8 (Continued)

(1) (2) (3) (4)

Variables
lnAdrevenue
(likes)

lnAdrevenue
(followers)

lnAdrevenue
(demand)

lnAdrevenue
(interaction)

R-squared overall 0.3408 0.4250 0.4265 0.4321

Observations 5458 5458 5320 5320

Number of id 485 485 454 454

Note: The dependent variable for all estimations in this table is lnAdRevenue, the logged values for advertising revenues R̅

(as explained in Section 3.2).

In Models 1 and 2: N = 5458 and n = 485; only accounts with positive revenues are included within the estimation. In

Models 3 and 4: N = 5320 and n = 454; not all accounts include audience information.

Models 1 and 2 include different independent variables for popularity: Model 1 the number Likes and Model 2 the number

of Followers and Post Engagement. Because the explanatory power of Model 3 is higher, it serves as base for the following

regressions. Model 3 extends Model 2 regarding the concentration of audience. Model 4 includes an interaction term

between Category and Body Exposure.

All estimation are hybrid models with a between (between different accounts) and a cluster component (within the same

account). Mean(s) are cluster-specific means and (centered) are deviation scores between accounts to implement the hybrid

model. Some variables are scaled in size (k in thousand, m in million). The base category is 1. Fashion (with 2. Fitness, 3.

Food, 4. Music, 5. Photo). Robust standard errors are in parentheses.

***p < 0.01, **p < 0.05, and *p < 0.1.
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value of 9, mostly overlapping. Considerable differences between the categories can only be found for low levels of

nudity between Music, Photo, and Food. Although in the latter, two higher levels of exposure tend to generate

greater income, in the category Music, higher degrees of body exposure are inversely associated with revenue.

Accordingly, Music accounts with a low proportion of nude images are significantly different from those of the other

two categories and perform comparably better.

Overall, there is a positive slope observable, underlining the findings that there is a positive relationship between

body exposure and advertising revenues. Except for Music, the trend is “accounts with higher degree of nudity can

achieve higher levels of income.” However, it must be said that the analysis reveals only a trend, but it does not show

systematic deviations within and between all categories. Only within the category Fitness, the effects are so strong

that significant distinctions can be observed. Here, nudity is specifically beneficial. In a category that focuses on

physical activity, this seems plausible. Followers can feel inspired by the activity and shape of their idols and

influencers (Gaenssle & Budzinski, 2021).

Figure 3 shows the marginal effects of Body Exposure (x-axis) on the lnAdRevenue (y-axis) per Category. If confi-

dence intervals overlap, there are not significant differences. Only a few observations show significant differences.

Within the category Fitness accounts with high level of body exposure perform significantly better than accounts

with low levels. In the category Music, accounts with low level of body exposure perform significantly better than

accounts in Photo or Food.

4.2.2 | Research question 2

The analysis so far shows that body exposure has a positive impact on income from advertising activities within this

sample. However, no reliable gender effects were found to answer research question 2: Is there a difference between

male and female content in this regard? The connection between nudity and gender needs to be explored further. To

look at this in more detail, it is possible to introduce interaction terms into the regression models. I use interactions

between male/female and body exposure, but I also generate a gender ratio to interact with body exposure. The

gender ratio is calculated as follows:

Genderratio¼ no:female pics
no:male picsþno:female pics

This gives a ratio varying from 0 to 1, with 1 being all female content and 0 being all male content. Including this

into the analysis helps to measure the “degree” of male/female pictures and explore its effect. The results for mar-

ginal effects of the regression model are easier illustrated subsequently than the single gender estimations.

The results of Section 4.1 have shown that the average price per picture is higher for male accounts and the

average revenue is higher for female accounts in the sample (due to higher posting frequency of branded content).

Therefore, I introduce the logged values of price per picture to the regression model to shed light on potential differ-

ences in the effects on revenue and price. The dependent variable in Models 5 and 7 is the main dependent of this

article lnAdrevenue (introduced in Section 3.2), and the results are compared with Models 6 and 8 and the depen-

dent variable lnPicprice (see Table 9). In Models 5 and 6, the interactions between gender ratio and body exposure

are estimated, and Models 7 and 8 contain a three-way interaction term of gender ratio and body exposure within

different categories.

The main results refer to the interaction terms; the respective coefficients are difficult to directly interpret.

Therefore, I follow the econometric standard and interpret the marginal effects. The marginal effects for the interac-

tion between gender ratio and body exposure in Model 5 are displayed in Figure 4. All values are above zero and

therefore significantly positive. That means that body exposure has a positive influence on advertising revenue for

all contents, ranging from 0 (all contents male, left side) to 1 (all contents female, right side). The confidence intervals
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overlap indicating that there is no significant difference between male and female content in this regard. These

results are contrasted by the marginal effects regarding the price per picture as dependent variable in Figure 5. The

marginal effects are not significant regarding gender ratio 0.9 and 1 female content. This means that body exposure

does not have significantly positive influence on the advertising price for completely female content.

The marginal effects show a significantly positive effect (all above zero) of body exposure on logged advertising

revenue (y-axis) within the range from male (x-axis left, 0) to female (x-axis right, 1) content. Therefore, body

TABLE 9 Hybrid models with interaction terms: Research question 2.

(5) (6) (7) (8)

Variables

lnAdrevenue

(Genderratio
interact)

lnPicprice

(Genderratio
interact)

lnAdrevenue
(Genderratio

category
interact)

lnPicprice
(Genderratio

category
interact)

Mean(s) of kNumberofposts 0.046*** �0.057*** 0.047*** �0.058***

(0.011) (0.013) (0.011) (0.013)

kNumberofposts (centered) 0.146*** 0.002 0.146*** 0.002

(0.051) (0.049) (0.051) (0.049)

Mean(s) of mFollowers 0.086*** 0.067*** 0.087*** 0.067***

(0.011) (0.008) (0.010) (0.008)

mFollowers (centered) 0.017 0.092*** 0.017 0.092***

(0.031) (0.027) (0.031) (0.027)

Mean(s) of Postengagement 0.227*** 0.302*** 0.225*** 0.301***

(0.019) (0.017) (0.019) (0.017)

Post engagement % (centered) 0.229*** 0.278*** 0.229*** 0.278***

(0.021) (0.017) (0.021) (0.017)

Body exposure # Genderratio Figure 4 Figure 5

Body exposure # Genderratio #

category

Figure 6 Figure 7

HHI audience location Incl. Incl. Incl. Incl.

HHI audience language Incl. Incl. Incl. Incl.

HHI audience interests Incl. Incl. Incl. Incl.

Constant 7.547*** 8.217*** 7.278*** 8.185***

(0.285) (0.193) (0.360) (0.279)

Observations 5110 6860 5110 6860

Number of id 435 446 435 446

Note: The dependent variable for Models 5 and 7 is the logged values for advertising revenue (main dependent). For Models

6 and 8, the logged values for the price per picture serve as dependent variable. In Models 5 and 7: N = 5110 and n = 446;

only accounts with positive revenues and values for interaction terms are included within the estimation. In Models 6 and 8:

N = 6860 and n = 446; whereas for some accounts, the information on post frequency is missing and the values for price

per picture are available. Models 5 and 6 estimate the interaction between gender ratio and body exposure and Models 7

and 8 the interaction between gender ratio and body exposure per category. All models include independent variables for

popularity and audience information based on Model 3 (Section 4.2.1).

All estimation are hybrid models with a between (between different accounts) and a cluster component (within the same

account). Mean(s) are cluster-specific means, and (centered) are deviation scores between accounts to implement the hybrid

model. Some variables are scaled in size (k in thousand, m in million). Robust standard errors are in parentheses.

***p < 0.01, **p < 0.05, and *p < 0.1.
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exposure has a significantly positive influence on lnAdrevene. There is no significant difference between male and

female contents (confidence intervals overlap).

The marginal effects show a significantly positive effect (above zero) of body exposure on logged price per pic-

ture (y-axis) except for female content at the outer edge (90% and 100% female content, right). There is no signifi-

cant difference between male and female contents (confidence intervals overlap). In difference to the dependent

variable lnAdrevenue, body exposure is not significantly positive for female accounts regarding lnPicprice.

The marginal effects of Models 7 and 8 are illustrated in Figures 6 and 7. The three-way interaction term

reduces the observations per gender in the respective category. Therefore, significant results for the overall sample

F IGURE 4 Marginal effects of Model 5 (Ad Revenue): Gender ratio and body exposure.

F IGURE 5 Marginal effects of Model 6 (Pic Price): Gender ratio and body exposure.
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(Figures 4 and 5) cannot be observed. It can be expected that the number of observations is too limited to

observe systematic effects regarding the interaction between the three variables. However, the results show sig-

nificantly positive effects for male content in the fitness category and slightly positive results for the category

photo regarding the dependent variable lnAdRevenue. For accounts with male content, body exposure has a sig-

nificantly positive effect on revenue. Regarding the dependent variable lnPicprice, only the category photo shows

positive results for primarily male contents. Accounts with male content in this category are also positively

influenced by body exposure. Confidence intervals between categories intersect and do not allow any interpreta-

tion of significance.

The marginal effects show only significantly positive effect within the category fitness (above zero) of body

exposure on logged advertising revenue (y-axis). Therefore, body exposure has a significantly positive influence on

lnAdrevene for male content in fitness. There is no significant difference between categories contents (confidence

intervals overlap).

The marginal effects show no significantly positive effects (above zero) of body exposure on logged price per

picture (y-axis) except for male in the category photo. There is no significant difference between categories contents

(confidence intervals overlap).

4.3 | Robustness checks

4.3.1 | Hybrid versus fixed effects and random effects

When displaying a hybrid model, it is valuable to show the plain fixed effects and random effects for comparison and

transparency. Also, the results can confirm estimations and robustness of results. That is why I present the results in

Table 10. Model 9 shows the random effects model that can be compared with the fixed effects and the hybrid

model (Models 10 and 11). Furthermore, I introduced a correlated random effects model (Mundlak, 1978). The model

relaxes the assumption that there is no correlation between μi (the between error) and the time-variant variables

(μi ¼ πxiþνi) (Schunck, 2013). Results are robust over all four models.

4.3.2 | Mediator variable

It can be argued that nudity does not directly influence the prices advertisers are willing to pay and thus advertising

revenues, but the popularity among consumers and therefore (in a second step) prices revenues. Advertisers are

mainly interested in the attention drawn towards their products and visibility among consumers. Being connected to

nude or sexualized content can have positive but also negative effects on brand image (Wirtz et al., 2018). So, do

advertisers choose to pay more for content with higher body exposure? The question can be answered using the

popularity indicator as media variable between the independent and dependent variables. Figure 8 shows the con-

struction of the mediator process.

The product method is the traditional approach for mediation analysis introduced by Baron and Kenny (Baron &

Kenny, 1986; Bellavia, 2021). Three regressions are estimated to calculate an indirect effect of body exposure via

popularity on prices.

1. E Mjx,c½ � ¼ γ0þ γ1xþ γT2c Body Exposure affects Popularity

2. E Yjx,c½ � ¼ α0þα1xþαT2c Popularity affects AdRevenue

3. E Yjx,m,c½ � ¼ β0þβ1xþβ2mþαT2c Body Exposure affects AdRevenue

Indirect Effect = γ1β2:
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TABLE 10 Robustness checks: Random effects, fixed effects, hybrid, correlated random.

(9) (10) (11) (12)

Variables

lnAdRevenue
random

effects

lnAdRevenue

fixed effects

lnAdRevenue

hybrid

lnAdRevenue
correlated

random

kNumberofposts 0.054*** 0.147*** 0.148***

(0.013) (0.052) (0.051)

Mean(s) of kNumberofposts 0.052*** �0.096**

(0.012) (0.048)

kNumberofposts (centered) 0.148***

(0.051)

mFollowers 0.080*** 0.013 0.015

(0.010) (0.031) (0.031)

Mean(s) of mFollowers 0.088*** 0.073**

(0.011) (0.033)

mFollowers (centered) 0.015

(0.031)

Post engagement % 0.231*** 0.231*** 0.231***

(0.017) (0.021) (0.021)

Mean(s) of Postengagement 0.232*** 0.001

(0.020) (0.028)

Post engagement %

(centered)

0.231***

(0.021)

Body exposure 0.039*** - 0.039*** 0.039***

(0.014) (0.014) (0.014)

Female pics 0.017 - 0.016 0.016

(0.019) (0.018) (0.018)

Male pics 0.013 - 0.012 0.012

(0.020) (0.019) (0.019)

Category Incl. - Incl. Incl.

HHI audience location Incl. Incl. Incl. Incl.

HHI audience language Incl. Incl. Incl. Incl.

HHI audience interests Incl. Incl. Incl. Incl.

Constant 7.639*** 8.092*** 7.566*** 7.566***

(0.308) (0.258) (0.311) (0.311)

Observations 5320 5320 5320 5320

Overall r-squared 0.4258 0.1548 0.4265 0.4265

R-squared within 0.0897 0.0915 0.0915 0.0915

R-squared between 0.5055 0.1758 0.5057 0.5057

Number of id 454 454 454 454

Note: The dependent variable for all estimations in this table is logged values of ad revenue. These are robustness checks

comparing random effects, fixed effects, hybrid, and correlated random models based on Model 3 (Section 4.2.1) N = 5320

and n = 454. Mean(s) are cluster-specific means, and (centered) are deviation scores between accounts to implement the

hybrid model. Some variables are scaled in size (k in thousand, m in million). Robust standard errors are in parentheses.

***p < 0.01, **p < 0.05, and *p < 0.1.
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Regressing Body Exposure on Followers or Postengagement (3) failed to be significant in my study. Therefore, it

can be argued that I do not observe a mediation effect, but that the effect of nudity directly and positively influences

advertisers' choice and willingness to pay higher prices.

5 | CONCLUSION

5.1 | Synthesis and discussion of results

On the one hand, the descriptive statistics show that, on average, the prices for male content are higher than for

female content within the sample. These results are interesting because they highlight complex dynamics of gender

and possible inequality in the social media industry. This suggests a possible gender-based bias, with male content

providers being able to command higher prices than female providers. It raises questions about the societal and cul-

tural factors that may contribute to this bias, including gender stereotypes and expectations about the value of male

versus female content. An in-depth analysis of gender effects, such as Marchenko and Sonnabend (2022) or Throsby

et al. (2020) for artists, would be interesting to study effects in social media. A balanced data set regarding female

and male content creators is needed to explore income (in)equalities in this dynamic and new digital industry. On the

other hand, descriptive tests show that there are overall more female accounts in the sample and that these accounts

post more branded content. Leading to the controversial result that, albeit the prices for male content are higher,

accounts with female content perform comparably better regarding overall advertising revenue. This suggests that

female creators may be more successful in monetizing their content or advertisers regarding them as a better fit for

certain campaigns.

Beyond the descriptive results, the analytic analysis of the sample clearly shows a positive impact of body expo-

sure on monetary success. Accounts with high level of body exposure achieve higher prices and advertising revenues

than accounts with less nudity, regardless of the gender. From a social point of view, these results are interesting

because of their potential reflection of societal values and norms in social media and beyond. It reflects body image

and sexuality in modern media. The findings suggest that there is a considerable demand for sexualized content (also

from advertising side), but it also raises questions about the objectification, body images, and perception of beauty.

Moreover, the type of content and category must be taken into account. My results show that, in some categories,

nudity is specifically successful, such as fitness. There might be a necessity to provide nude content within these

fields to stay competitive as a content provider. The requirements for physical characteristics can differ in different

categories.

Lastly, the effects of body exposure on (i) price per picture and (ii) ad revenues are compared. It is interesting to

observe that body exposure has a significant positive impact on both aspects in general. However, comparing female

to male content, body exposure does not positively influence the (i) price per picture for “all female” (90% or 100%

female content). This can be due to the fact that these accounts in comparison already provide large amounts of

body exposure in the sample (as the descriptive results suggest). The stars may already offer so much nudity that

there is no marginal effect of body exposure. Unfortunately, the data set does not provide enough information to

F IGURE 8 Mediator variable.
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observe marginal effects within an account, but only a comparison between accounts. A more extensive data set

including dynamic information on nudity could reveal interesting insights on the optimal level of nudity on an

Instagram account.

Overall, the clear positive effects of body exposure on monetary success on Instagram suggest that there is a

need for greater awareness and dialogue around the social and cultural implications of sexualized content. These

findings provide first insights for a fact-based economic and societal discussion in a complex and multifaceted topic

regarding societal values and norms, as well as ethical and legal standards. Instagram stars may use the opportunity

of nude content to generate higher social media income. At the same time, the sustainability of the economic model

is questionable because of concerns regarding ethical and social implications of sexualized content. Especially the

impact of this content on children and adolescents who are increasingly exposed to it through social media should

be considered.

5.2 | Concluding remarks and limitations

This paper empirically studies the effects of nudity on Instagram success. Stars need to invest heavily into audience

building, by drawing attention to themselves (audience attraction) and managing attention in the long run (audience

maintenance). Body exposure is studied as part of audience attraction within this paper. To answer the research

question Does body exposure drive income success on Instagram? it can be said that body exposure positively influ-

ences advertising income of Instagram creators in the sample. A descriptive study of the data shows that a high level

of nudity is not exclusively necessary for top income positions but is still common among the big ones. A more

detailed statistical analysis shows that accounts with high level of body exposure achieve higher prices and advertis-

ing revenues in comparison. In summary, “sex sells” as one more nude picture generates on average 4% higher

income when comparing body exposure between accounts.

The second question was: Is there a difference between male and female content in this regard? On the one hand,

some differences can be observed, for instance, a T-test shows that body exposure is significantly higher for accounts

with focus on female content. Regarding monetary success, male content achieves higher prices, whereas female

accounts provide more branded content and eventually achieve higher advertising revenues. On the other hand, the

clear trend is “nudity has positive impact no matter what gender”; both female and male accounts profit from body

exposure. In this sample, women provide more nude content and post more branded pictures. If nudity is a type of

investment/cost from an economic perspective, do women need to invest more to achieve high levels of revenue?

The results can only be interpreted carefully and used as a first indicator; there is no clear evidence on gender

differences, or a gender pay gap. More research is needed to study differences in income, between gender, catego-

ries, platforms, and so forth. There are some limitations to this study, which open possibilities for further studies. As

mentioned in the beginning, there are no traditional gatekeepers in social media markets (although agencies like

multi-channel networks established themselves during the last years (Budzinski & Gaenssle, 2020)). Yet, there are

new gatekeepers, first and foremost the platform immanent algorithms. Sophisticated recommendation services

manage scarce consumer attention and pre-select content according to individual preferences (Budzinski

et al., 2021). A study by Richard et al. (2020) shows indicators that Instagram biases content allocation and favors

nude content. According to their results, Instagram prioritizes contents with high body exposure over others and

pushes those posts. Because the algorithms are business secrets and ever-changing, it is not possible to subtract its

influence on income in my study. However, if this is the case, the gap between male and female income is expected

to be even bigger—with females' higher degree in body exposure, further algorithmic support of the platform and,

yet, no difference in payment. In any case, algorithm management and upload behavior matter, as already pointed

out by Budzinski and Gaenssle (2020) and Gaenssle and Budzinski (2021).

Nonetheless, it must be considered that this study only focuses on the top group in five categories, which are

dominated by female content (51.9% female content; 21.6% male content). A specific sampling according to gender
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would be interesting, to compare representative groups. From an economic point of view, scarcity for male content

is higher than for female content, which is why it can be argued that it is more costly to advertise with them.

There are multiple sources of income for social media stars (see Section 3.2). In this paper, only the advertising

revenue is observable. It serves as a good proxy, because it is common practice to earn money from ads and brand

communication on Instagram. However, especially for nudity, there might be other sources of income. The website

Onlyfans became very popular over the last years, featuring predominantly adult entertainment content. For very

popular accounts with high BE, this might be a source of income, with Instagram merely being a marketing platform.

Popular accounts link to Onlyfans, where a payment barrier is established to access further contents. Although the

income proxy of this paper is legitimate, further studies on other sources of income would be interesting (if data are

available).

There are limits to the data used in this paper. I use estimations of prices; the exact numbers are not available.

The data seem very reliable, conforming effects of past studies (see Section 4.2). Lastly, there is no classification of

sex appeals within this data set. I do not differentiate, for example, between sportswear and lingerie. The sexual

appeal of the pictures varies. Yet, sexual appeals are very subjective and leave room for further biases in coding.
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APPENDIX A

Figure A1 is coded as follows: Coding BE: 0–12

Coding Gender: 0–12, in (female, male, mixed, ambivalent, no identification)

Example 1:

BE: 8 (1 = 1; 2 = 1; 3 = 1; 4 = 1; 5 = 1; 6 = 0; 7 = 1; 8 = 1; 9 = 0; 10 = 1; 11 = 0; 12 = 0)

Gender: 0-12-0-0-0 (all male)

Example 2:

BE: 10 (1 = 1; 2 = 0; 3 = 0; 4 = 1; 5 = 1; 6 = 1; 7 = 1; 8 = 1; 9 = 1; 10 = 1; 11 = 1; 12 = 1) with pictures

7 and 8 dressed, but 50% or more focus is on primary sex characteristics

Gender: 11-0-0-0-1 (all female, except second picture “no identification”)

Example 3:

BE: 0 (no nudity in any picture)

Gender: 0-0-0-0-12 (all “no identification,” no human characteristics)

F IGURE A1 Section 3.3 Example for coding BE.

TABLE A1 Section 4.2.1: Correlation popularity factors.

Variables (1) (2) (3)

(1) Likes 1.000

(2) Followers 0.570 1.000

(3) Postengagement 0.603 �0.016 1.000
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