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Abstract

Theory on the “Long tail effect” predicts that consumer demand in online markets spreads over a long tail of niche products.
Recent research, however, provides opposing evidence and questions the theory’s validity. In this paper, I aim to reconcile these
opposing findings by proposing that consumer uncertainty represents a hidden yet important boundary condition for the long tail
effect. Under high uncertainty, demand will be much more concentrated as consumers disproportionally choose the most
reputable producers and products. I develop these arguments to predict the demand concentration in peer-to-peer marketplaces,
a context in which consumers face high uncertainties about their transaction partners. Testing my predictions with a self-collected
dataset of 862,755 transactions on a peer-to-peer marketplace for skillsharing supports my hypotheses. I find that a small share of
producers disproportionately benefits from marketplace participation. During the observation period, twenty percent of producers
generated 94% of sales. These findings suggest that an opposing rich-get-richer effect overrides the long tail effect in peer-to-peer
marketplaces and other uncertain environments. I discuss how these findings inform research on peer-to-peer marketplaces and

the sharing economy more broadly.
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Introduction

Peer-to-peer marketplaces, an increasingly prevalent type of
multi-sided platforms, change the way we live, work, and con-
sume (Parker et al. 2016). The emergence of modern peer-to-
peer marketplaces (P2PMs) has enabled a variety of new mar-
kets, including accommodation sharing (e.g., Airbnb),
ridesharing (e.g., Didi Chuxing), household services (e.g.,
TaskRabbit), self-made items (e.g., Etsy), and skillsharing
(e.g., Udemy). Leading P2PM providers represent some of the
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highest-valued and fastest-growing private firms (CB Insights
2018) and substantially affect competition in their industries
(e.g., Zervas et al. 2017). In the U.S. alone, consumers spend
more than $60 billion annually for services and products pur-
chased through P2PMs (Colby and Bell 2016). By providing
efficient access to large consumer markets, P2PMs have sub-
stantially reduced the barriers for individuals to participate as
producers on these marketplaces (Einav et al. 2016). Given
these multifold implications, P2PMs attract increasing attention
from researchers across different fields (Casadesus-Masanell
and Hervas-Drane 2010; Fraiberger and Sundararajan 2015;
Hagiu and Wright 2015; Kyprianou 2017; Srinivasan and
Venkatraman 2017; Tauscher and Laudien 2017).

In this paper, I use the increasingly prevalent context of
P2PMs to advance understanding about consumer demand in
online markets. In particular, I aim to contribute to theory on the
long tail effect (Anderson 2004, 2006). In 2004, Chris Anderson
observed that consumer demand in many internet markets is
much less concentrated then in comparable offline markets.
Advanced search and recommendation technologies substantial-
ly reduce consumers’ search costs and, consequently, enable
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consumers to efficiently identify products that fit their unique
preferences (Brynjolfsson et al. 2011; Hinz et al. 2010) and
aggregated consumption choices will, therefore, become more
diversified. Anderson thus predicted that sales distributions in
internet markets would shift from the head of the curve (i.e., the
most popular products) to the long tail of relatively obscure
products. The long tail effect has spurred much interest in the
academic literature and several studies provided empirical sup-
port for the effect (Brynjolfsson et al. 2011; Hinz et al. 2010;
Kumar et al. 2014; Oestreicher-Singer and Sundararajan 2012a).

Some scholars, however, provide conflicting evidence and
challenge the validity of the long tail effect (Elberse 2013; Tan
et al. 2017). In fact, internet markets may engender rich-get-
richer effects that disproportionately benefit superstar pro-
ducers and thus shift sales towards the head of the curve
(Brynjolfsson et al. 2010). Because consumers have higher
transparency about product information — including reputation
signals such as customer reviews and ratings (Dellarocas
2005; Moreno and Terwiesch 2014) —, they can more easily
identify the most popular products and will thus choose prod-
ucts that are already popular (Brynjolfsson et al. 2010). To
date, these contradictory positions have not been reconciled.

In this article, I propose that consumer uncertainty provides
an important boundary condition for the long tail and rich-get-
richer effects. P2PMs provide an insightful context to study
the distribution of consumer demand under uncertainty.
P2PMs particularly differ from other providers — such as con-
ventional online retailers (i.e., one-sided platforms) — in that
consumers face strong uncertainties about their transaction
partners (Pavlou and Gefen 2004). In P2PMs, producers are
usually unknown to the public and lack access to traditional
modes of quality signaling and trust-building (Ba and Pavlou
2002). Due to the uncertainty about transaction partners, con-
sumer in peer-to-peer marketplaces base their purchase deci-
sions strongly on reputation signals like reviews (Einav et al.
2016). As a consequence, already popular producers will dis-
proportionately grow their reputation and sales, while the long
tail of products will remain unknown and without substantial
sales. Hence, I propose that under high uncertainty, as in
P2PMs, rich-get-richer effects will override long tail effects
and thus lead to a highly concentrated demand distribution.

Testing my hypotheses with a dataset of 862,755 sales trans-
actions on a leading P2PM for skillsharing strongly supports my
arguments. I find that product sales are much more concentrated
than in conventional ones-sided platforms like online retailers. In
fact, sales are more concentrated than predicted by Pareto’s 80/20
distribution; a distribution that is commonly assumed for offline
markets (Brynjolfsson et al. 2011). The sales distribution be-
tween individual producers is even more concentrated. Ten per-
cent of producers account for 81% of sales, whereas 80% of all
producers account for a combined sales share of less than 6%.
These findings suggest that P2PMs engender much stronger rich-
get-richer than long tail effects.
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The study theoretically and empirically advances research on
consumer demand in online markets and peer-to-peer market-
places. First, I contribute by uncovering an important contingen-
cy that can reconcile opposing findings in previous long tail
studies (Brynjolfsson et al. 2011; Elberse and Oberholzer-Gee
2006; Hinz et al. 2010; Tan et al. 2017). Under high uncertainty,
consumers will be disproportionally choose the small number of
highly reputable producers and products. Differences in con-
sumers’ uncertainty can thus explain why some online markets
do not exhibit a long tail effect but rather lead to rich-get- richer
effects. Second, I contribute to the literature on peer-to-peer
marketplaces and multi-sided platforms by empirical demon-
strating the presence of rich-get-richer effects in P2PMs. In
highlighting this effect, I draw attention to a self-reinforcing
effect within marketplaces and platforms that complements the
winner-take-all — a reinforcing effect at the level of platform
marktets (Lee et al. 2006; Noe and Parker 2005; Schilling
2002; Sun and Tse 2007). Considering both self-reinforcing
effects can advance theorization about the evolution of and com-
petition between platform ecosystems (Tiwana et al. 2010;
Tiwana 2015; Wessel et al. 2017).

From a practical perspective, these findings have important
implications for policymakers because the long tail assumption
plays a critical role in current discussions about the social and
economic consequences of P2PMs. Several scholars, mostly
discussing P2PMs under the labels of the sharing economy,’
have made the case that P2PMs lead to more equal and socially
desirable forms of economic activity and work (for a good
review, see Murillo et al. 2017). For instance, Sundararajan
(2016) argues that these organizational forms have the potential
to disrupt the traditional, corporation-centered model and can
lead to the “end of employment and the rise of crowd-based
capitalism” (Sundararajan 2016). Assuming that a long tail of
participants will capture substantial benefits from participating
in P2PMs will likely lead to different regulatory decisions than
the assumption that a small number of superstar producers will
capture an increasing share of revenues. Hence, my findings can
also inform current policy debates on how to regulate P2PMs
and the sharing economy.

Theoretical background and hypotheses
Demand concentration in online markets

For more than a decade, researchers in information systems,
economics, and marketing have aimed to predict the distribu-
tion of demand (and subsequently sales) in online markets.

! Peer-to-peer marketplaces represent the central actors in the sharing econo-
my, which is defined as the “web of markets in which individuals use various
forms of compensation to transact the redistribution of and access to resources,
mediated by a digital platform operated by an organization” (Mair and
Reischauer 2017, p. 2).
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Driven by the rapid diffusion of internet-mediated forms of
commerce, the related literature initially focused on how sales
distributions of newly emerging online retailers (e.g., book
sales on early Amazon?) differ from those of competing
bricks-and-mortar retailers (e.g., book sales at Barnes and
Noble). Sales distributions of bricks-and-mortar providers
roughly follow the Pareto principle (Brynjolfsson et al.
2011). The principle, also known as 80/20 rule, predicts that
around 20% of products will account for around 80% of sales.
Thus, related research often applies an 80/20 distribution as a
benchmark for comparing sales distributions in online markets
(Brynjolfsson et al. 2003; Brynjolfsson et al. 2006;
Brynjolfsson et al. 2011). Chris Anderson’s observation that
sales of many online retailers were much less concentrated
than the 80/20 distribution would suggest (Anderson 2006)
caused subsequent research to explore the drivers behind this
phenomenon (Brynjolfsson et al. 2006; Brynjolfsson et al.
2011; Hinz et al. 2010; Lee et al. 2011; Tan et al. 2017).
Hinz et al. (2010) and Brynjolfsson et al. (2010) provide ex-
cellent reviews of these drivers.

A central explanation is that consumers’ search costs deter-
mine the likelihood that they will encounter niche products
that fit their specific preferences (Hinz et al. 2010). In com-
parison to shopping at bricks-and-mortar retailers (e.g.,
Barnes and Noble), consumers encounter much lower search
costs when shopping at Amazon.com due to the online
retailer’s efficient search algorithm and hyperlinked
recommendation systems (Oestreicher-Singer and
Sundararajan 2012a, 2012b). When consumers can more
easily identify niche products that fit their unique
preferences, they are more likely to purchase such niche
products. Demand thus shifts from few blockbuster products
— the head of the demand curve — to the long tail of niche
products (e.g., Brynjolfsson et al. 2010; Brynjolfsson et al.
2011; Hinz et al. 2010). Hence, sales will be less concentrated.
Compared to the Pareto distribution, the long tail effect will
lead to a more equally distributed distribution where the 20%
most popular products (blockbusters) will account for less
than 80% of sales. Various studies empirically confirmed that
a reduction in search costs shifts demand towards the long tail
(Brynjolfsson et al. 2011; Kumar et al. 2014; Oestreicher-
Singer and Sundararajan 2012a; Tan et al. 2017; Zentner
et al. 2013). For instance, a study by Brynjolfsson et al.
(2011) showed that the 80% least-selling products of a fashion
retailer’s online channel accounted for almost half of the total
sales (47%) — significantly more than via the same retailer’s
catalog channel and the predicted the 80/20 distribution.

Several studies have, however, provided conflicting evi-
dence and questioned the validity of the long tail hypothesis

21t is noteworthy that studies on Amazon.com generally took place before
Amazon transformed itself into a third-party marketplace and a multi-business
corporation (e.g., Brynjolfsson et al. 2006).

(Elberse 2013; Tan et al. 2017). These studies rather identified
a rich-get-richer effect, also labeled as superstar effect
(Brynjolfsson et al. 2010; Elberse and Oberholzer-Gee
2006), that shifts the demand curve in the opposing direction
(Elberse 2013). Here, I use the term rich-get-richer effect to
include dynamics at the level of products (the primary focus of
previous research) and producers (for which I reserve the su-
perstar label). The rich-get-richer effect describes the phenom-
enon that online markets may lead to an increase in demand
concentration, where blockbuster products and superstar pro-
ducers become even more popular over time (Elberse 2013).°
As a consequence, consumers may have incentives to choose
a popular product over a niche product even when the niche
product would better fit their personal preferences. Based on
these arguments, the rich-get-richer effect can lead to demand
distributions that are more concentrated than those of bricks-
and-mortar providers. Figure 1 graphically represents the op-
posing long tail and rich-get-richer effects on the sales distri-
bution of products (or producers).

It is noteworthy that both the long tail effect and the rich-
get-richer effect are further driven by supply-side dynamics
(Brynjolfsson et al. 2010). The shift from bricks-and-mortar to
online has substantially reduced retailers’ costs for storing and
offering products because online markets provide unlimited
shelf-space and insignificant menu costs (Elberse and
Oberholzer-Gee 2006). For information goods and other dig-
itized products, there exist almost no storage and delivery
costs (Bakos and Brynjolfsson 2000). The relatively low
menu and storage costs thus incentivize online retailers to
offer a large variety of niche products (Brynjolfsson et al.
2010; Brynjolfsson et al. 2011) that substantially exceeds the
product variety offered in bricks-and-mortar retailers (Elberse
and Oberholzer-Gee 2006). Some supply-side dynamics may,
in turn, also support a stronger sales concentration. Online
providers often compete in global markets that promise stron-
ger economies of scale and economies of advertising
(Brynjolfsson et al. 2010). This may incentivize retailers to
focus only on a few blockbuster products and reduce their
overall product variety (Brynjolfsson et al. 2010). As this
study is concerned with the demand distribution — indepen-
dent from changes in product variety — I primarily focus on
demand-side arguments.

Long tail and rich-get-richer effects in P2PMs

P2PMs represent a form of multi-sided platforms, i.e.,
“interfaces—often embodied in products, services, or

3 As the two effects have been conflated at times, it is important to distinguish
between the rich-get-richer effect and the winner-take-all effect (Noe and
Parker 2005). The winner-take-all effect describes the phenomenon that in
some multi-sided platform markets, one platform will eventually dominate
the market. In contrast to the rich-get-richer, the winner-takes-all effect primar-
ily results from network effects (Sun and Tse 2007).
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Fig. 1 Rich-get-richer and long tail effect

technologies—that can serve to mediate transactions between
two or more sides, such as networks of buyers and sellers”
(MclIntyre and Srinivasan 2017, p. 143). P2PMs differ from
other multi-sided platforms and online providers through their
supply side participants. In P2PMs, the supply side primarily
consists of individuals and small groups of individuals. While
the long stream of research on physical goods marketplaces a4
la eBay labels this group as sellers (Hagiu and Wright 2015;
e.g., Ye et al. 2014), this term is less inclusive for service
marketplaces like Airbnb. Here, I use the term producers to
refer to supply-side participants to acknowledge their com-
monality in producing some product or service. P2PMs fur-
ther differ from some other types of multi-sided platforms in
that they primarily refer to software-based interfaces such as
mobile applications and websites. Hence, the conceptualiza-
tion excludes both geographically bound marketplaces like
shopping malls as well as marketplaces that are embedded in
products and services that are primarily non-software based.
As such, I define P2P marketplaces as software-based inter-
faces that mediate transactions between a demand side and
supply side, where the supply side primarily consists of indi-
viduals or small groups of individuals.

In P2PMs, a particular challenge exists in that producers
are generally unknown to the broader public and — by exten-
sion — unknown to demand-side participants. In contrast to
mature and branded organizations, consumers cannot gather
much information about individual producers via a Google
search or their personal network. The less is publicly known
about a transaction partner; the less can consumers engage in
upfront inspection — a key mechanism to create trust (Einav
et al. 2016). As consumers can access only limited informa-
tion about the characteristics of the producers and products,
they can assess certain characteristics only after the transaction
occurred (Ba and Pavlou 2002; Pavlou and Gefen 2004). In
addition, consumers in pure online markets cannot assess the
trustworthiness of individuals through social cues such as
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body language (Pavlou and Gefen 2004). Moreover, as
Einav et al. (2016, p. 617) articulate, “it does not take a PhD
in economics to see the potential incentive problems in semi-
anonymous online transactions,” and some empirical evi-
dence shows that producers in P2PMs may exploit these in-
formation asymmetries by misrepresenting the quality of their
products (Jin and Kato 2006; Lewis 2011).

Consumers thus face important uncertainty about the quality
and trustworthiness of producers due to information
asymmetries between transaction partners (Erdem and Keane
1996; Shulman et al. 2015). Uncertainty refers to individuals’
inability to predict the probability of specific outcomes (Santos
and Eisenhardt 2009). For consumers in P2PMs, the outcome of
interest likely relates to their ex-post satisfaction with their pur-
chase decision. This may reduce consumers’ satisfaction con-
siderably if, for instance, the quality of the purchased product is
poor, the producer did not deliver the product as promised, or
the producer cancels the transaction. As uncertainty affects mar-
ket behavior (Erdem and Keane 1996; Podolny 1994; Shulman
et al. 2015; Townsend et al. 2018), I expect that the relatively
high uncertainty in P2PMs will affect consumers’ demand and
purchase decisions.

If consumers’ uncertainty about transaction partners is high,
they will pay greater attention to cues and signals about the
reputation of transaction partners. Reputation refers to a judg-
ment about producers’ or products’ perceived quality (i.e.,
“being good”) or prominence (i.e., “being known”) (Rindova
et al. 2005). In online markets, standardized customer review
systems provide the central source of reputation signaling
(Bajari et al. 2003; Cabral and Hortagsu 2010; Dellarocas
2005; Moreno and Terwiesch 2014; Resnick et al. 2006).
Consumers are more likely to attend to and select products that
they perceive to be more prominent and popular. For instance,
consumers are much more likely to choose books that are pre-
sented as bestsellers (Bikhchandani et al. 1998). In online mar-
kets, there exists long evidence that a product’s review volume
acts as reputation mechanism and drives consumers’ purchase
decisions (for a good review, see Floyd et al. 2014). In P2PMs,
these reputation signals are particularly important because indi-
vidual producers generally lack access to other reputation or
status signals, such as affiliations with high-status organizations
(Reuber and Fischer 2005; Rindova et al. 2007). As consumers
of P2PMs are more likely to select products with a larger review
volumen, such products will be chosen more frequently, and
will subsequently gather more reviews. Due to this self-
reinforcing effect, initial popularity will thus amplify over time
and engender a strong rich-get-richer effect.

As P2PMs are aware of consumers’ preference for already
popular products, they may amplify the rich-get-richer effect
through the calibration of their search and recommendation
algorithms. For instance, online providers may use prducts’
review volume as a central data point in their recommender
systems, i.e. algorithms that determine the rank order of
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recommendations (Fleder and Hosanagar 2009). While the
search and recommendation algorithms of P2PMs likely help
consumers to find niche products that fit their preferences — as
argued in the long tail literature — such algorithms can thus
increase the relative popularity of blockbuster products and
superstar producers. Based on these arguments, I expect that
the demand distribution in P2PMs is more concentrated than
for conventional online retailers.

To increase the precision of my predictions, I focus specif-
ically on peer-to-peer marketplaces for skillsharing (subse-
quent: skillsharing marketplaces). In skillsharing market-
places, producers (partly) digitize their knowledge and skills
in the form of online courses, tutorials, digital designs, or other
information products. As with other information goods, con-
sumers can only evaluate the quality of these products after
consuming them and thus make their purchase decisions un-
der substantial uncertainty (Basuroy et al. 2006; Reinstein and
Snyder 2005). This product-related adds to the previously
outlined uncertainty related to producers in P2PMs. Markets
for information goods are further characterized by the poten-
tial for geographically distant transaction partners as transac-
tions occur via digital channels. As such, transaction partners
generally do not interact in person and sales are less affected
by local regulations and other environmental factors.
Skillsharing thus provides a seemingly robust context to study
the long tail under high consumer uncertainty.

For the lack of a clear benchmark, I use the Pareto distri-
bution (80/20) as a benchmark. Existing studies have shown
that the demand distributions are less concentrated in online
providers (Brynjolfsson et al. 2011; Kumar et al. 2014;
Oestreicher-Singer and Sundararajan 2012a; Tan et al. 2017,
Zentner et al. 2013) — the 80/20 distribution thus presents a
very conservative benchmark:

Hypothesis 1: Consumer demand in skillsharing market-
places is highly concentrated in the head of the demand
curve. Twenty percent of products will account for more
than 80 % of sales.

The above-presented arguments will affect the demand
concentration at both the level of producers and products.
Reviews for a producer’s other products will serve as signals
about a producer’s overall reputation (Wessel et al. 2017).
Even when a product is new and has not yielded many reviews
yet, consumers may therefore face lower uncertainty when the
product is offered by a producer who has already gathered
many reviews for other products. Hence, consumers will more
likely choose products from producers with many overall re-
views across their products. As such, the rich-get-richer effect
will become stronger at the level of producers, where the
prominence of one product can reduce consumers’ uncertainty
about other products by the same producer. Thus, I
hypothesize:

Hypothesis 2: In skillsharing marketplaces, consumer
demand is more concentrated at the producer-level than
at the product-level.

Research methodology
Empirical context and dataset construction

I test these hypotheses with data from a leading peer-to-peer
marketplace in which individuals create and sell short online
courses. At the time of analysis, the marketplaces claims to
serve more than 10 million learners. Individual producers use
the P2PM to create video-based online courses on any subject
of their interest and expertise. Courses cover a broad spectrum
of learning categories — including business, programming, and
languages. The skillsharing marketplace’s customers are pri-
marily adult learners who aim to advance their professional
skills or improve in their field of interest. Everybody can be-
come a ‘producer’ on the marketplace by creating and offering
an online course via the digital platform on which the market-
place is hosted. Producers only need to comply with a set of
general guidelines but are not restricted to the type and num-
ber of courses they offer. As such, various producers offer
competing courses on topics that are seemingly in-demand
(e.g. introductory courses for programming languages).

Consumers only need to register and set up a profile to
participate in the marketplace. After they purchase a course
from one of the producers, they have full access to its included
materials (videos, text files, presentations, etc.). Courses re-
main available in a personalized cloud-based library. To watch
the videos and engage in additional multi-media material pro-
vided by a course, learners can use a web-based or mobile
platform to access the marketplace and their purchased con-
tent. Also, they can interact with other learners in course-
specific discussion forums. Customers are asked to provide
an online rating after they have shown a minimal degree of
engagement with the content of a course. The marketplace
provider employs a commission fee-based revenue model by
capturing a share of each course sale.

I use scraped data from the marketplace’s website. The
marketplace represents each course on a separate web page.
Each course page features a short description of the course and
the producers, the number of enrolled students, the length of
the course, the number of lectures in the course, and the num-
ber and content of previous user reviews. To ensure data con-
sistency and to isolate the effects of interest, I only focus on
courses that are offered in the English language (representing
around 85% of all courses on the marketplace at the time).
Initial data collection was executed in December 2015. After
eliminating courses with missing data, I ended up with a panel
of 11,854 courses. For the purpose of the analysis, I captured

@ Springer
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data for these courses during a three-month observation in the
first quarter of 2016. I expected a three-month period to be
sufficient to capture meaningful changes in a rapidly growing
marketplace. At the same time, the relatively short time frame
allowed me to minimize potential effects in the broader market
environment (e.g., changing regulations) and specific market-
place (e.g., changes of business model or search algorithm).*

Research primarily measures the long tail through its abso-
lute tail length (number of products) or relative tail distribution
(for a review of these approaches, see Brynjolfsson et al.
2010). Relative long tail measures focus on the relative share
of demand below and above a certain sales rank (e.g., sales
share for the 20% best-selling products). While the absolute
length allows comparing supply-side effects in the move from
bricks-and-mortar to online retail in established markets, itis a
less useful measure in growing markets (Tan et al. 2017). In
turn, scale-invariant relative approaches allow for better com-
parison between studies in different markets and provide more
meaningful findings in the absence of a clear offline compet-
itor. As the study is primarily concerned with how sales dis-
tributions change over the three-month period, I do not in-
clude producers and products that entered the marketplace
during the observation period. In other words, all courses in-
cluded in the panel were already offered before the start of the
observation period. Including these late-entrants would likely
shift the sales distribution more strongly towards the relative
head of the curve (e.g., 10% of top-selling products) because a
larger share of courses would yield none or very few sales due
to their late entrance.

To calculate sales units during the observation period, I
make use of the fact that (a) each profile page indicates the
total number of enrolled students and (b) that users have no
incentives to ‘leave’ a course once they have purchased it. The
marketplace provider offers customers unlimited storage
space of course content in their cloud-based course libraries.
Similar to e-books purchased in online libraries, users will
unlikely abandon them entirely but rather choose not to use
them (e.g., after finishing the course) but keep them for later
reference or for the lack of incentives to do otherwise. This
allows me to infer the number of product sales from in a period
(sales) by subtracting the number of enrolled students at the
end of the observation period from the number of enrolled
students at the beginning of the period. I decided to use the
number of unit sales, rather than considering differences in
nominal prices because the marketplace provider frequently
offers courses at a highly discounted price (e.g., each course
for $19). Hence, the listed course prices seemed to be an

1 closely monitored market-related news and press releases by the market-
place provider and its competitors to ensure that no meaningful changes did
occurr during the observation period. The qualitative data collection was part
of an in-depth case of the marketplace provider, in which I conducted inter-
views with its executives, lead investor, and managers of competing skill-
sharing marketplaces.
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unreliable measure for actual course prices. A total of
862,755 sales transaction occurred during the observation pe-
riod in the selected panel. To test the distribution at the level of
producers, I subsequently aggregated the data at the level of
producers. While many producers offer only one (4371) or
two courses (1139), the five most active producers offer more
than 100 courses each (median: 4).

Results

Hypotheses 1 stated that sales are more concentrated than a
Pareto distribution would suggest. Table 1 presents sales dur-
ing the observation period at the product-level (first four col-
umns) and the level of producers (remaining columns),
grouped into sales-rank percentiles. The first row presents
the sales share of the 5 % least successful products and pro-
ducers, the 80 percentile represents the accumulated sales
share of the bottom 80%, and the 95 percentile (last row)
presents the sales share of the 95% least successful products
and producers. The table shows that around 15% of products
and 5% of producers do not account for any sales during the
observation period. The rounded sales shares for subsequent
percentiles suggest that the bottom 30% of producers account
for less than 0.1% of sales. Focusing on top sellers, the last
row thus indicates that 5% of products account for more than
one-third of sales. The 80 percentile shows that product-level
sales are slightly more concentrated than a standard 80/20
distribution, as 20% of products account for 82.4% of sales.
The table further presents confidence intervals for the values.
They suggest that the sales share of the long tail (80% low-
selling products) is significantly below the 20% mark (at a
95% confidence interval). This supports hypothesis 1.

Hypothesis 2 stated that producer-level sales will be more
concentrated than product-level sales. The right-hand side of
Table 1 shows that producer-level sales are much more con-
centrated and head-heavy. The curve shows that 80% of pro-
ducers account only for 5.8% of sales, while the 5% (10%)
most successful producers generate 65.5% (81.1%) of sales.
The bottom 50% of producers account for only 0,3% of sales,
compared to the sales share of 1.9% of the 50% less popular
products. These metrics show a much higher concentration at
the level of producers and thus support hypothesis 2.

The percentile values allow calculating Gini coefficients
and visualizing the distribution with Lorenz curves. The
Gini coefficient and Lorenz curves are common tools in eco-
nomics to describe degrees of (in)equality and are commonly
used to represent sales distributions in the long tail literature
(Brynjolfsson et al. 2011; Elberse and Oberholzer-Gee 2006).
Intuitively, a point on the Lorenz curve quantifies the propor-
tion of cumulated sales of a percentile x of the entire popula-
tion’s sales. Lorenz curves typically display the population’s
percentiles on the horizontal axis and the cumulated distribu-
tion on the vertical axis. The curves are produced with the
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Table 1 Sales distribution for

products and producers Percentile Sales distribution at product-level Sales distribution at producer-level

Coef. Std. Err. 95% Conf. Interval Coef. Std. Err. 95% Conf. Interval
0 0 0
5 0 0
10 0 0.000 0.000 0.000 0.000
15 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
20 0.001 0.000 0.001 0.001 0.000 0.000 0.000 0.000
25 0.002 0.000 0.002 0.002 0.000 0.000 0.000 0.000
30 0.003 0.000 0.003 0.004 0.000 0.000 0.000 0.000
35 0.006 0.000 0.005 0.006 0.001 0.000 0.001 0.001
40 0.009 0.000 0.008 0.009 0.001 0.000 0.001 0.001
45 0.013 0.000 0.013 0.014 0.002 0.000 0.002 0.002
50 0.019 0.001 0.018 0.020 0.003 0.000 0.002 0.003
55 0.028 0.001 0.027 0.029 0.004 0.000 0.003 0.004
60 0.040 0.001 0.038 0.041 0.006 0.000 0.005 0.006
65 0.056 0.001 0.054 0.058 0.009 0.001 0.008 0.010
70 0.080 0.002 0.077 0.084 0.016 0.001 0.014 0.018
75 0.117 0.002 0.113 0.122 0.031 0.002 0.027 0.034
80 0.176 0.003 0.169 0.183 0.058 0.003 0.052 0.065
85 0.269 0.004 0.260 0.277 0.108 0.005 0.097 0.118
90 0.415 0.005 0.405 0.425 0.189 0.008 0.173 0.205
95 0.645 0.004 0.636 0.653 0.345 0.013 0.321 0.370

Lorenz command (Jann 2016) in STATA 14.2. In addition to
the main measure of sales, they further represent the distribu-
tion of all sales until the beginning of the observation period
(total sales). This allows gaining some insights into how the
distribution might change over time. Figure 2 presents the
Lorenz curves at the product-level (left) and producer-level
(right). The comparison conveys that new sales are more con-
centrated, both at the level of products (left) and producers
(right). This finding suggests that sales distribution might be-
come more concentrated over time.

Gini coefficients support this assumption. Product-
level sales (Gini coeff. = 0.765) are less concentrated
than producer-level sales (0.859). Both metrics indicate
a higher concentration in sales during the observation
period, compared with total sales of products (0.719)

Fig. 2 Distribution of sales until
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and producers (0.859) up until the beginning of the
observation period. Comparing the distributional statis-
tics to previous findings facilitates their interpretation.
For instance, Brynjolfsson et al.’s (2011) study of a
multi-channel retailer revealed much lower sales concen-
tration in their online channel (Gini coeff. = 0.49) as
well as their catalog-based offline channel (0.53). Hinz
et al. (2010) study sales distribution of a video-on-
demand provider and find a mean Gini coefficient of
0.63. The combined findings suggest that P2PMs for
skillsharing show a much more concentrated sales dis-
tribution than one-sided online retailers. Further, they
suggest that that producer-level sales are more concen-
trated than product-level sales and that distributions
likely become more concentrated over time.

0 20 40

60
course percentage

Sales

c ® -
.2
=
(=}
o
o
a©
w
@
&
=t
=
3
g
RN
o
80 100 0 20 40 60 80 100
instructor percentage
Total Sales Sales Total Sales ‘

@ Springer



656

K. Tauscher

Discussion
Generalizability of findings

I hypothesized about the demand distribution in skillsharing
marketplaces but the findings can inform P2PMs in general. I
argued that P2PMs commonly differ from online retailers in
that producers are individuals that lack access to traditional
reputation signals. As this condition is a main driver of con-
sumers’ uncertainty, [ expect that rich-get-richer effects will
also occur in other types of P2PMs. I further discussed three
conditions that characterize skillsharing marketplaces as the
study’s empirical context: an inability to evaluate product
quality ex-ante, low rivalry in product usage, and global com-
petition between products. Skillsharing marketplaces may
(partly) differ in these conditions from other P2PMs (e.g.,
Airbnb, Uber) and, therefore, exhibit higher stronger econo-
mies of scale and competitive behavior from producers. Other
P2PMs — which lack these conditions — may thus demonstrate
weaker rich-get-richer effects than skillsharing marketplaces.
Hence, the findings will be most similar in P2PMs for other
information goods, such as marketplaces for apps, music, im-
ages, or digital designs.

Implications

This research contributes to the broader literature on demand
distributions in online markets (Brynjolfsson et al. 2011; Hinz
et al. 2010; Kumar et al. 2014; Oestreicher-Singer and
Sundararajan 2012a; Tan et al. 2017). The main contribution
of this article is that consumer uncertainty presents an impor-
tant boundary condition for the long tail and rich-get-richer
effect. When consumer uncertainty is high — such as in the
context of P2PMs — consumers aim to reduce their uncertainty
by transacting with producers with high reputation in the mar-
ketplace. As such, they prefer products by reputable producers
over products that would fit their personal preferences more
strongly. In P2PMs, consumers thus strongly rely on reputa-
tion signals such as review volume (Einav et al. 2016; Fradkin
2017). I proposed that uncertainty disproportionately favours
reputable producers and products and consequently leads to
highly concentrated sales distributions. Uncovering consumer
uncertainty as a main boundary condition for the long tail
effect allows future research to predict more accurately when
and where to expect long tail or rich-get-richer effects. Among
others, the uncertainty criterion suggests that long tail effects
will be weaker in newly emerging markets, where consumers
generally face strong uncertainties about producers’ and prod-
ucts’ unobservable quality (Navis and Glynn 2010). In
uncovering this important boundary condition, this study adds
to the scarce literature that challenges the general validity of
long tail dynamics in online markets (Elberse 2013; Elberse
and Oberholzer-Gee 2006; Tan et al. 2017).

@ Springer

The findings theoretically and empirically inform the liter-
ature on peer-to-peer marketplaces (Hagiu and Wright 2015;
Kyprianou 2017; Moreno and Terwiesch 2014; Srinivasan
and Venkatraman 2017; Tduscher and Laudien 2017). The
study suggests that while P2PMs share many technological
and demand-side characteristics with conventional (one-
sided) online platforms, existing theories may not be suited
to explain the specific dynamics of P2PMs. The high uncer-
tainty about transaction partners might lead to significantly
distinctive consumer behavior in P2PMs. This matters as re-
search on multi-sided platforms generally assumes that net-
work effects represent a central driver of platform’s attractive-
ness and value creation (e.g., Shankar and Bayus 2003).
Based on this assumption, P2PM providers have a clear in-
centive to maximize the number of producers and products on
their platform (Zhu and Iansiti 2012). To attract and retain a
large number of producers and products requires P2PMs to
offer a certain level of value to these producers. As producers
in many P2PMs derive value primarily from the opportunity
to generate revenues, the P2PM’s value to the majority of
producers may substantially decrease if a small share of pro-
ducers accounts for most sales. The rich-get-richer effect can
thus threaten the P2PM’s competitiveness in the markets for
producers and consumers. A more nuanced understanding of
these marketplace dynamics can guide research on platform
openness, pricing and advertising decisions, or the calibration
of search and recommendation algorithms (Fleder and
Hosanagar 2009; Jiang and Tian 2016; Tan et al. 2017).

The findings have direct managerial implications as they
sensitize entrepreneurs and managers to these dynamics. Sales
opportunities may become increasingly captured by a small
number of reputable actors and these actors will, in turn, gain
relative market power. Managers of P2PMs should thus take
into account that attracting and retaining a long tail of low-
selling producers and niche products may not only provide an
important competitive factor but (Hagiu and Wright 2015) but
may secure the provider’s relative power position against in-
dividual producers. Marketplace managers should thus moni-
tor and proactively address these dynamics.

The study further informs theoretical and practice-oriented
discussions regarding socio-economic consequences of
P2PMs. Social and economic implications of P2PMs are an
increasingly prevalent theme, particularly in the sharing econ-
omy literature (Dreyer et al. 2017; Heinrichs 2013; Mair and
Reischauer 2017; Murillo et al. 2017; Puschmann and Alt
2016). P2PMs arguably represent the central actors and
drivers of the sharing economy. Hence, there exists strong
interest in how P2PMs will affect broader changes regarding
the nature of work and employment, the structure of markets,
and economic activity in general (Belk 2014; Dreyer et al.
2017; Dyal-Chand 2015; Heinrichs 2013; Martin 2016;
Schor 2014). The related literature has primarily highlighted
implications that are socially desirable. For instance,
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Sundararajan (2016) proposes that the sharing economy can
lead from a corporation-centered economic model towards a
system of ‘crowd-based capitalism.” As low transaction costs
reduce the need to organize work in traditional corporations
(Henten and Windekilde 2016), individuals can organize in
less hierarchical forms of work (Laloux 2014). My findings
partly challenge such an optimistic perspective as the rich-get-
richer effect may threaten the social desirability of platform-
based work for the majority of participating producers. The
study provides first evidence that P2PMs might lead to new
hierarchies, where most of the value will be captured by a
small share of individuals.

Making theoretically and empirically grounded predictions
about the socio-economic implications of P2PMs can have
important implications for policymakers. P2PMs have gained
socio-economic importance because an increasing number of
individuals earns their primary income through their market-
place activities (Spreitzer et al. 2017). This matters as, for
instance, different P2PMs currently face lawsuits to formally
recognize full-time producers as their employees (Ben-Shahar
2017). Hence, the ability and willingness of P2PMs to sustain
fair and equal opportunities for its producer network may be-
come socially and politically desirable. This provides an im-
portant area for practice-relevant research, as law- and
policymakers still lack reliable evidence about the multifold
consequences of these new forms of quasi-employment. For
P2PMs to provide such equal and distributed income oppor-
tunities, policymakers may need to develop taxation and reg-
ulation schemes that distinguish between superstar producers
and the long tail of less successful producers. A differentiated
regulation and taxation approach could limit the predicted
rich-get-richer effects to a certain degree. This study thus pro-
vides a starting point for a more evidence-based discussion of
the sharing economy’s socio-economic implications.

Limitations and future research

The study is not without limitations. One limitation relates to
the novelty of the study’s context and the related difficulties in
using longitudinal data. As discussed, a longer time frame
could have introduced a substantial bias due to the rapidly
changing nature of the platform (including its policies) and
market. Future studies of skillsharing marketplaces can draw
on more longitudinal data as these marketplaces mature and
provide present more stable market contexts. Further research
opportunities result from my decision to focus on demand-
side effects. Studies focusing on supply-side mechanisms of
the long tail effect could complement this study and focus on
the shift in the absolute tail length over time (Brynjolfsson
etal. 2010). While some researchers make a case for including
changes in the absolute tail length (e.g., Hinz et al. 2010), the
decision to isolate demand-side effects from supply-side
changes provides a conservative approach in light of my

hypotheses. Including the additionally added products during
the observation period would technically increase the relative
share of blockbuster products and superstar producers.

Future research could complement the chosen demand-side
perspective with perspectives that focus on the agentic behav-
ior of P2PMs. As multi-sided platforms have clear incentives
to increase new network size (McIntyre and Srinivasan 2017),
they may actively promote new market entrants and less pop-
ular products to counter-balance the rich-get-richer effect and
provide continued value to less popular producers (Rietveld
etal. 2017). Future research could study how certain platform
strategies and policy changes can attenuate the rich-get-richer
effect in P2PMs.

There exist further research opportunities in studying how
producers’ strategic behavior effect sales distributions in
P2PMs. Increased competition between a large network of
producers may incentivize producers to develop distinctive
positions in the consumer space (Porter 2001). For instance,
a recent study by Wessel et al. (2017) proposes that late-
entrants in P2PMs may actively differentiate their offerings
to overcome the disadvantage of arriving late to the market.
Such a purposeful differentiation may further increase product
variety and strengthen the long tail effect. In the presence of
strong negative same-side network effects (between pro-
ducers), less popular producers may also choose to cease their
participation in a P2PM when the network of producers has
surpassed a certain threshold (Boudreau and Jeppesen 2015).
Future research could thus study how producers’ strategic be-
havior affects sales distributions in P2PMs.

Conclusion

For over a decade, academic research and practitioners have
suggested that online markets will decrease the concentration
of consumer demand — best encapsulated by the title
“Goodbye Pareto Principle, Hello Long Tail” (Brynjolfsson
etal. 2011). Recent empirical findings, however, challenge the
long tail theory (Tan et al. 2017). I aimed to reconcile these
contradictory findings by proposing that consumer uncertain-
ty presents a critical contingency for the long tail effect.
Heterogeneity in the degree of consumer uncertainty can ex-
plain why some study contexts experience long tail effects,
while others experience a shift toward the head of the distri-
bution curve. This theoretical proposition guided an empirical
investigation of the demand concentration in peer-to-peer
marketplaces — an embodiment of high consumer uncertainty.
Based on these arguments, I hypothesized that demand con-
centration in skillsharing marketplaces — a popular form of
peer-to-peer marketplaces — would be more concentrated than
a common distribution curve would suggest. My study of
862,755 sales transactions on a leading skillsharing market-
place provides strong support for this hypothesis and the
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underlying theory. I find that the sales distribution in
skillsharing marketplaces is significantly more head-heavy
and concentrated than sales for comparable experience goods
in one-sided retailers — both online and offline. As predicted, I
further find that sales are significantly more unequally distrib-
uted between producers: 20% of producers account for 94% of
sales. These findings provide strong support that rich-get-
richer effects override long tail effects under high consumer
uncertainty.
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Commons Attribution 4.0 International License (http://
creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided you give appro-
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