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Abstract. We study how contributors to innovation contests improve their performance
through direct experience and by observing others as they synthesize learnable signals from
different sources. Our research draws on a 10-year panel of more than 55,000 individuals
participating in a firm-hosted online innovation community sponsoring creative t-shirt
design contests. Our data set contains almost 180,000 submissions that reflect signals of direct
performance evaluation from both the community and the firm. Our data set also contains
almost 150million ratings that reflect signals for learning fromobserving the completedwork
of others. We have three key findings. First, we find a period of initial investment with
decreased performance. This is because individuals struggle to synthesize learnable signals
from early performance evaluation. This finding is contrary to other studies that report faster
learning from early direct experience when improvements are easiest to achieve. Second, we
find that individuals consistently improve their performance from observing others’ good
examples. However, whether they improve from observing others’ bad examples de-
pends on their ability to correctly recognize that work as being of low quality. Third, we
find that individuals can successfully integrate signals about what is valued by the firm
hosting the community, not just about what is valued by the community. We thus
provide important insights into the mechanisms of how individuals learn in crowd-
sourced innovation and provide important qualifications for the often-heralded theme of
“learning from failures.”
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1. Introduction
Contest-based online communities are a form of crowd-
sourced innovation in which individuals of online in-
novation communities (e.g., Jeppesen and Frederiksen
2006) repeatedly contribute to contests sponsored by
firms (e.g., Jeppesen and Lakhani 2010, Terwiesch and
Xu 2008) to generate ideas and solve research and de-
velopment (R&D) problems. Contributors are attracted
to join the community by the contests, and their mem-
bership subsequently fuels participation (Hutter et al.
2011, Majchrzak and Malhotra 2016). As individuals
repeatedly participate, they receive a mix of evaluation
signals about their own performance from both com-
munity members and the firm hosting the contest. They
use these signals to learn how to improve their per-
formance and ultimately increase their chances of
winning a contest. Individuals can also observe and
evaluate the openly disclosed work submitted by

other community members. This provides them with
additional signals for learning.
Learning has been found to be an important moti-

vation for both joining online innovation communities
(Lakhani and Wolf 2005, Roberts et al. 2006) and for
continued participation in communities generally
(Brown and Duguid 1991, Wenger 1998). Yet while the
perception that one will learn has been widely docu-
mented as a motivation to join and contribute to online
innovation communities, if and how individuals learn
from such a mix of diverse information sources is un-
clear. Learning theories generally assume that signals
are unambiguous and easy to interpret in guiding
performance improvements (Argote 2012, Newell and
Rosenbloom 1981). However, signals in contest-based
online communities come from multiple sources and
are less directive, making learning difficult. Individual
learning in these contexts is an important topic because
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it is an importantmotivation to sustain their engagement
in the community (Afuah and Tucci 2012, Brown and
Duguid 1991, Dahlander and Piezunka 2014, Wenger
1998). Individual learning is also foundational for group
and organizational learning (Argote and Epple 1990,
March 1991). This study examines how individuals in
online innovation communities improve their performance
by synthesizing learnable signals from different sources.

Online innovation communities are becoming an in-
creasingly relevant way for organizations to gain access to
innovative ideas and solve R&D problems (Almirall et al.
2014, Boudreau et al. 2016,Majchrzak andMalhotra 2016).
Examples include innovation in household electronics
(Hutter et al. 2011), fashion (Brabham 2010, Füller et al.
2014), science (Riedl and Woolley 2017), motor vehicles
(Seidel and Langner 2015), and software algorithms
(Boudreau et al. 2016, Riedl et al. 2016). Though not
formally organized as contests, similar contexts are also
found on app development platforms. There, individual
developers compete to have their work selected by the
sponsoring firm, while other developers provide infor-
mative signals fromwhich they can learn (Boudreau 2012).

Learning theory suggests that individuals learn from
both direct experience with an activity (Arrow 1962,
Epple et al. 1996, Foster and Rosenzweig 1995, Newell
and Rosenbloom 1981, Rosen 1972) and indirect expe-
rience from observing others (Bandura 1977, Banerjee
1992, Bikhchandani et al. 1992, Hanna et al. 2014).1

Although these learning models are diverse, a common
assumption is that the key learning input is informative
signals (Andrieux and Proteau 2016, Bandura 1977,
Camerer 2011, Hanna et al. 2014).

The learning context determines which signals are
(theoretically) available (Argote et al. 2003, Bandura
1977, Brown and Duguid 1991). However, the self-
directed nature of human actions determines the sig-
nals to which an individual is exposed in the first place
(Bandura 1977). Cognitive structures then determine
which signals are noticed and what information can be
extracted from them (Bandura 1977, Hanna et al. 2014).2

Contest-based online communities offer two actions that
determine the signals that individuals receive. Firstly,
submitting an entry to a contest generates evaluation
signals for one’s own work (i.e., direct experience).
Secondly, exploring and evaluating the work submitted
by others generates signals for observational learning
(i.e., indirect experience). What and how individuals
learn from these signals critically depend on what they
pay attention to (Hanna et al. 2014), as well as the
cognitive structures they have in place to synthesize
informative data from the signals (Andrieux and
Proteau 2016, Van Knippenberg et al. 2015). As
a result, learning rates may not be constant over time
because individuals develop cognitive structures that
help them synthesize learnable signals from thesemixed
signals from different information sources.

The context also dictates what it means to be suc-
cessful. In contest-based online communities (as inmany
firm-hosted communities in general), individuals are
facedwith the challenge of learning both the preferences
of the community and the preference of the firm (Bauer
et al. 2016, Boudreau et al. 2011, Dahl et al. 2014,
Dahlander and Piezunka 2014, Huang et al. 2014). To be
successful in these communities, individuals need to
integrate information from the performance evaluation
they receive to learn about both community and firm
preferences. This may be particularly challenging when
individuals receive mixed signals, as information from
different sources often diverges (Hildebrand et al. 2013).
We study a 10-year panel of more than 55,000 in-

dividuals participating in a firm-hosted online commu-
nity that sponsors creative t-shirt design contests. Our
data set contains almost 180,000 submissions that re-
flect signals of direct performance evaluation from the
community and the firm. Our data set also contains almost
150 million ratings that reflect signals for learning from
observing thework others. That is, we use the casting of
a rating as a measure for a unit of indirect experience.
A key characteristic of our setting (like many other
innovation settings) is that when the work of others is
being observed (i.e., at the moment the indirect expe-
rience is made), it is not yet known whether that ob-
served work will be successful. Using this longitudinal
data, we show how individuals in contest-based online
communities synthesize learnable signals from differ-
ent information sources for self-guided learning and
performance improvements.
We have three key findings. First, we find that in-

dividuals participating in contest-based online com-
munities need to overcome a period of initial investment
with decreased performance, prior to seeing positive
returns. This finding is contrary to other studies that
report faster early learning when improvements are
easiest to achieve, followed by diminishing returns later
(Newell and Rosenbloom 1981). Second, we find that
individuals consistently improve their performance
from observing others’ good examples. However,
whether they improve from observing others’ bad ex-
amples depends on their ability to correctly recognize
that work as being of low quality and correctly identify
the sources of error in these bad examples. We thus
provide important qualifications for the often-heralded
theme of “learning from failures.” Third, we find that
individuals can successfully integrate signals not only
about what is valued by the community, but also about
what is valued by the firm hosting the community.
We make two primary contributions to research on

crowdsourced product innovation and online innovation
communities in general. First, a large body of commu-
nity research has focused on how individuals learn
from direct interaction and knowledge sharing with
other community members (Brown and Duguid 1991,
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Wenger 1998). Posing and answering questions as the
work is performed is considered essential to fostering
learning (Bechky 2003). Engagement in conversation or
discussion threads has been documented as the primary
way inwhich individuals share knowledge and learn from
each other (Dahlander and Piezunka 2014, Hutter et al.
2011, Orlikowski and Yates 1994). We highlight another
complementary pathway bywhich individuals learn from
observing the completed work of others, without direct
interaction and knowledge exchange (Nonaka 1994). This
pathway allows individuals to learn in a competitive
rather than a cooperative environment, in which they are
exposed only to sparse and hard-to-interpret signals. This
suggests that the rich interactions thought necessary for
learning in online communities may only be one pathway
of knowledge creation (Barrett et al. 2016). We provide
evidence of individuals’ ability to integrate the signals of
both community and firm preferences into a consistent
learning curve. As such, we contribute to a broader stream
of community research that has looked at the interrela-
tionship between firm and community goals (Dahl et al.
2014, Dahlander and Piezunka 2014, Hildebrand et al.
2013, Huang et al. 2014). We develop a richer concep-
tual discussion and explore the role of different preference
signals in the same data.

Our data also include unique measures of the key
construct of observational learning that is typically
difficult to quantify. This allows for a richer and more
nuanced analysis. Our results provide further evidence
of the value of studying the effects of making large
stocks of completed work available for inspection by an
entire community. However, our results also highlight
the need for a deeper understanding of transparent
disclosure, beyond the more direct effect it has as
source material or as inspiration to aid in the devel-
opment of further innovations (Boudreau and Lakhani
2015, Stanko 2016, Terwiesch and Xu 2008, Yu and
Nickerson 2011).

Second, a large body of research has examined
learning as a key reason to join communities but has
not studied learning that occurs within those com-
munities (Lakhani and Wolf 2005, von Krogh et al.
2012). By exploring individuals’ learning curves in
competitive contest-based online communities, we add
to an emerging stream of research that studies learning
in these communities (Huang et al. 2014, Singh et al.
2011), as well as the processes bywhich individuals join
those communities (Preece and Shneiderman 2009,
von Krogh et al. 2003). Insights into how individuals
rapidly get “up to speed” has the potential to make
whole communities more productive. It may also help
firms select which individuals to engage further. Theo-
retically, exploring learning in a competitive environment
may help in developing new theories of community-
based learning. By focusing on individuals’ learning
curves and the initial investments they need to make to

see performance improvements, we also complement
and extend work by von Krogh et al. (2003) and Preece
and Shneiderman (2009). They focus on the role of dif-
ferent “joining scripts” of community members and
their qualitative contributions as the drivers of sus-
tainable online communities. Our results show that
peripheral participation—learning by observing the
work practices of others—is only one way to improve
performance in a community and it is severely limited
when individuals observe bad work.

2. Background
Learning is never observed directly, but is inferred from
performance improvements (Bandura 1971). Thus, an
increase in productivity or performance is depicted
as a learning curve (Epple et al. 1996, Newell and
Rosenbloom 1981, Rosen 1972). Improvement is in-
formed by an individual’s past success and failures and
is not constant over time, demonstrating a learning
curve effect with the rate of improvement varying
depending on the information content of the signal from
which one tries to learn. We theorize that individuals’
learning curves in the context of contest-based online
communities are influenced by the specific character-
istics of signals from different sources of information.
In the following sections, we first theorize how in-

dividuals learn from coarse and conflicting evaluation
signals they receive on the work they submit to contests
(Section 2.1). We then conjecture that individuals’
learning from observing the work of others may de-
pend on whether the work they observe is of high or
low quality, and may depend on their ability to cor-
rectly recognize the quality of that work (Section 2.2).
Lastly, given that activities in online communities are
self-directed and different actions generate different
signals, we argue that individuals face a trade-off in
allocating their effort. They can either submit their own
work to increase their direct experience or observe
completed work of others to increase their indirect
experience (Section 2.3).

2.1. Learning from Evaluation Signals
Individuals learn from direct experience through the
informative feedback signals they receive (Arrow 1962,
Epple et al. 1996, Foster and Rosenzweig 1995, Newell
and Rosenbloom 1981). Learning from direct experi-
ence is characterized by initial rapid advances in per-
formance with diminishing returns. This results in the
common “learning curve” that is steep initially but
slows down as improvements get harder to make
(Newell and Rosenbloom 1981). Learning from direct
experience has been established as a general phe-
nomenon that applies to human behavior, ranging
frommanual tasks that require motor skills to cognitive
tasks like problem solving. These tasks are informed
by an individual’s feedback on relative successes and
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failures (e.g., Bandura 1977, Harlow 1949, Newell and
Rosenbloom 1981, Thorndike 1898). We discuss three
specific aspects related to learning from evaluation
signals relevant in contest-based online communities
and speculate how the characteristics of these signals
may affect learning from direct experience.

2.1.1. Coarse Evaluative Feedback. The rate of learning
from direct experience depends on informative feed-
back (Bandura 1971). Learning theory assumes im-
plicitly that the feedback signal is informative, relevant
to outcomes, and objective (Argote 2012, Newell and
Rosenbloom 1981). However, the nature of evaluation
feedback in contest-based online communities may
not satisfy these assumptions. In contest-based online
communities, the evaluative feedback that individuals
receive is a simple numeric rating of the average
community score, as well as the binary firm choice of
contest winners. While both positive and negative
feedback can contain valuable information about an
individuals’ submission, these evaluation signals may
be hard to interpret. Consequently, individuals par-
ticipating in innovation contests may have difficulty
discovering connections between their submissions
and the evaluations they receive, making learning very
difficult (Bandura 1971).

Individuals learn from direct experience as it allows
them to generate hypotheses about outcomes, test these
hypotheses through action, and use informative feed-
back to guide future action (Bandura 1971). However, if
the evaluation signal that an individual receives has low
information content and is hard to interpret (such as
the binary win–lose feedback received in contest-based
online communities), it may be difficult to effectively
evaluate hypotheses. Learning has been shown to be
surprisingly imperfect or even completely blockedwhen
signals are observed through coarse discrete filters such
as a win–lose decision (Bikhchandani et al. 1998).

Work by Howell (2017) shows that entrepreneurs
participating in new venture contests learn more about
the quality of their ventures if they are informed of their
relative rank in the contest, rather than if they are only
informed if they won or lost. This form of learning from
evaluative feedback contrasts sharply with user in-
novation communities in which individuals share per-
sonal insights, ask questions, and receive help (Brown
and Duguid 1991, Dahlander andMagnusson 2005, von
Krogh et al. 2003). Posing and answering questions as
the work is performed has been shown to be essential to
fostering learning (Bechky 2003). Engagement in con-
versation or discussion threads is the primary way
in which individuals share knowledge and learn from
each other (Orlikowski and Yates 1994, Yates et al. 2003).
That is, while members in user innovation communities
contribute to mutual learning through task-oriented
communication, individuals in contest-based online

communities are faced with the challenge of improving
their performance in a competitive environment with
only coarse performance feedback.
Given the absence of rich feedback and communi-

cation in contest-based online communities, individuals
may struggle to learn from the numeric or binary
evaluative feedback signals available. How successful
individuals are in learning from these coarse evaluation
signalswill depend on their ability to process and extract
meaning from them. We turn now to discuss how prior
experience may help individuals develop cognitive
structures to process evaluation signals and that when
participants examine a mix of different evaluation sig-
nals, they may find conflicting information.

2.1.2. Cognitive Structures Required to Interpret Eval-
uation Signals. Cognitive structures are the mental
processes that individuals use to process and under-
stand information, and are central to learning (Gioia
and Manz 1985). Learning from evaluation signals is
most effective when an individual is familiar with a
task and has developed—through prior experience—the
necessary cognitive structures to effectively interpret
such signals (Bandura 1977). Through cognitive
structures formed by past experience, individuals de-
velop more abstract representations of their knowl-
edge. This enables them to pay more attention to
relevant, structural features across diverse concepts
(Glaser 1989, Newell and Simon 1972).
In contrast, individuals lacking appropriate cognitive

structures tend to pay more attention to less relevant,
superficial features. This often distracts them from at-
tending to more meaningful connections across diverse
concepts. As a result, an individual’s prior experience
and knowledge affects their ability to recognize the
value of new information and assimilate it. For example,
research on memory development suggests that accu-
mulated prior knowledge increases the ability to as-
similate and gain insights from new information such as
evaluation signals (Bower and Hilgard 1981).
In the context of contest-based online communities,

we would expect cognitive structures formed by ex-
perience to allow individuals to process evaluation
feedback better and to synthesizemoremeaning from it.
For example, by finding patterns between the specific
characteristics of contest submissions and how they
have been evaluated. Hence, an important contingency
that determines the rate of learning from evaluation
signals is the ability with which learnable information
can be extracted from them. This ability critically de-
pends on an individual’s prior knowledge (Singh et al.
2011). An individual may have to make initial in-
vestments to develop cognitive structures before they
are able to extract meaningful information and benefit
from it (Sweller 1988). That is, individuals may need to
participate in several contests before their performance

Riedl and Seidel: Learning from Mixed Signals
Organization Science, 2018, vol. 29, no. 6, pp. 1010–1032, © 2018 The Author(s) 1013

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.1

92
] 

on
 1

3 
Ju

ly
 2

02
6,

 a
t 1

8:
14

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 



improves because of the feedback they have received. If
individuals are required to make initial investments to
develop necessary cognitive structures, the learning
curve may not be as steep initially as it is in contexts
where evaluation signals are easy to interpret (Newell
and Rosenbloom 1981). Insights into the shape of the
learning curve (andwhether it is flat in the beginning of
individuals’ tenure in contest-based online communi-
ties) has important implications. In particular, it might
lead individuals to drop out from frustration at their
lack of performance improvement.

2.1.3. Incorporating Evaluative Signals on Competing
Performance Dimensions. Learning theory generally
assumes that individuals are learning to improve on
a single performance dimension (Hanna et al. 2014).
Individuals in contest-based online communities are
facedwith the challenge that they need to integrate two
sources of evaluation to do well: the firms’ choices of
contest winners (signaling firm preferences) and
community ratings (signaling community preferences).

While community ratings may reflect the general taste
of peers and consumers (Hildebrand et al. 2013), the
firms’ choice of contest winners is a signal for the ulti-
mate goal of participation: winning. However, the firm’s
choice of a winning submission offers little information
about all of the other submissions that are not chosen.
That is, a positive success signal is very rare. Themajority
of individuals are simply informed about their failure to
win the contest. On the other hand, community evalu-
ations are available for all submissions. Hence, learning
from the rare firm signals and integrating them with the
more abundantly available community signals is critical.

The challenge of having to cater to two different sets
of preferences (or production functions) is not unique
to contest-based online communities. Both online and
offline communities are often embedded in firms, re-
quiring individuals to learn about the preferences of both
the firm and the community (Lave and Wenger 1991,
Wenger 1998). Firm-hosted open-source software and
user innovation communities create benefits for both the
community and the firm (Levina and Arriaga 2014,
O’Mahony and Lakhani 2011). Consequently, individ-
uals need to learn how their contributions are valued by
these two stakeholders (Dahlander and Magnusson
2005, Dahlander and Piezunka 2014, Krogh and
Hippel 2006). For example, work by Huang et al.
(2014) shows that individuals in the Dell IdeaStorm
community can learn about their own ability to generate
ideas based on abundant community evaluations.
However, they are slow to learn about the firm’s cost
structure based on Dell’s rare decisions to implement an
idea. Similarly, entrepreneurs in crowdfunding com-
munities need to integrate and learn from the signals
they receive from both crowd investors as well as pro-
fessional investment firms (Catalini and Hui 2017)

A common feature in all of these cases is that the
signals of the firm are more valuable but rare, while the
community signals are more readily available but only
proxies for those of the firm. If individuals only rely
on the more valuable but rare signals of the firm,
performance improvements may be slow (Huang et al.
2014). Furthermore, since the signals of firm are so
coarse, they contain greater noise, which can com-
pletely shut down learning as individuals stop at-
tending to them (Bikhchandani et al. 1998). While other
studies have hinted at the existence of two opposing
preferences, none have explicitly investigated if the
learning rates of the two preferences differ and if (and
how) both signals can be integrated.
In contest-based online communities, we would ex-

pect that individuals pay attention to both signals: those
from the firm (because winning is the goal of partici-
pation) and those from the community (because these
signals are available for all submitted work). While at-
tention to the signal is a necessary precondition for
learning (Bandura 1971), the learning from firm prefer-
ences may be hampered by the sheer rarity of the signal
and its low information (i.e., binary win–lose) nature
(Howell 2017). As a result, individuals may predomi-
nantly learn from community evaluations but fail to
successfully integrate the signals of the firm. It is not clear
if (and how) individuals could learn from sparse binary
firm signals over and above what they learn from the
more readily available and more informative commu-
nity evaluation. Whether individuals can create learning
curves that somehow aggregate these two sources of
evaluation would provide generalizable insights that are
applicable to other learning contexts where there are two
preferences (production functions).
This discussion leads to the first set of guiding

questions for our empirical analysis on how individuals
learn from direct evaluation signals of their work: What
is the shape of the learning curve of direct experience given
that individuals receive only coarse and possibly conflicting
evaluation signals about their performance? Are individuals
able to aggregate the signals of community and firm prefer-
ences into a coherent learning curve (i.e., integrate the
evaluation signals of two response functions)?

2.2. Learning from Observing the Work of Others
Observational learning (also known as imitation or
modeling) is based on the premise that individuals can
improve their ownwork by observing thework of others
(Bandura 1977). Specifically, by studying “model” ex-
amples submitted to contests by others, individuals
might learn how to create winning submissions them-
selves. The capacity to learn by observation enables
individuals to acquire large, integrated patterns of
behavior without having to form them gradually by
tedious trial and error (Bandura 1977). In fact, many
complex behaviors can only be learned indirectly
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through observation as there are simply too many be-
havior patterns to try to learn exclusively from direct
experience. Learning through observation occurs prin-
cipally through its informative function. Observers ac-
quire symbolic representations of the observed model,
rather than simply mimicking a model (Bandura 1971).

Observational learning is facilitated when the ob-
server pays attention to the model, retains the in-
formation, and has the capacity to enact the model’s
behaviors (Bandura and Jeffrey 1973). In an innovation
context, observing the work of others enables in-
dividuals to better understand the space of possible
solutions and thus revise their own experimentation
(Thomke 1998). That is, observing the work of others
gives individuals an opportunity to learnwhat to do, not
just how to do things. Attentional processes determine
what is selectively observed and what information is
extracted in the profusion of modeling influences
(Andrieux and Proteau 2016, Hanna et al. 2014). Simple
exposure to models does not in itself ensure learning
(Bandura 1971). This suggests that an individual’s rate of
learningmaynot be constant over time. Instead, itmay in
fact evolve with cognitive structures that guide what
information is extracted from the observed models.

2.2.1. Need to Deconstruct Completed Solutions. Social
learning theory generally assumes that the model is
observed while performing a certain action, together
with the finished product, and knowledge of the
model’s performance (Bandura 1971). In contest-based
online communities, the unit of disclosure is the com-
plete submission (Boudreau and Lakhani 2015). In-
dividuals need to deconstruct the opus operatum (i.e.,
what is visible after the task is finished) to select and
extract the model’s most relevant characteristics
(Bourdieu 1990, Brown and Duguid 1991). Furthermore,
the absolute level of quality inmany innovation contexts
is not known until future market success is realized.

Deconstructing complex completed work such as
submissions to innovation contests is extremely chal-
lenging and contrasts with the positive effects on
learning of observing someone perform a task (Nadler
et al. 2003, Nonaka 1994). This is one of the founda-
tional ideas behind communities of practice (Brown
and Duguid 1991). Specifically, individuals need to
decide what attributes of a piece of work to pay at-
tention to and then accurately perceive those charac-
teristics they happen to notice (Van Knippenberg et al.
2015). So, while the vast body of openly disclosed
completed work provides rich opportunities for ob-
servational learning, individuals may find it difficult to
learn from these completed works because they need
to be deconstructed before meaningful information
can be gleaned from them. As a result, individuals may
need to form appropriate cognitive structures to select
and correctly perceive relevant characteristics of the

completed work they observe. Given the complexity of
many interconnected problem dimensions found in
many innovation settings (Kornish and Ulrich 2011),
this deconstruction process may be particularly diffi-
cult. As a result, it is not clear if simply disclosing large
stocks of complete submissions that need to be
deconstructed will lead to learning from observation.

2.2.2. Learning from Good and Bad Examples. Indi-
viduals cannot learn much by observation if they do not
attend to (or recognize) the essential features of the
model towhich they are exposed (Bandura 1971). Simple
exposure to a model does not in itself ensure that an
individual will select the most relevant characteristics
from the model or even that they will perceive them
accurately (Andrieux and Proteau 2016, Bandura 1971).
So, while individuals can generally learn from observing
work produced by others, which types of work should
they observe to improve the quality of their own work?
For example, observing the work of experts (“good
examples”) will help them to develop a reference of
what to do and how to do it correctly. Or should they
also observe thework of novices (“bad examples”) to give
them a better chance to detect and learn from errors?
Research has shown that significant learning can

occur from observing thework of both expertswho have
mastered a skill (Al-Abood et al. 2001, Heyes and Foster
2002) and novices who commit errors (Buchanan and
Dean 2010). Observing errors facilitates learning by
helping to build cognitive structures for error detection
and correction strategies (Jones and Endsley 2000).
Errors have been shown to contain particularly valuable
learnable signals that are not present in observing the
work of experts (Andrieux and Proteau 2016). Specifi-
cally, observing errors can foster the development of
mechanisms to detect deviations from ideal behaviors
(Blandin and Proteau 2000). However, learning from
errors is hard if the cause of the error is unknown or
difficult to discern (Haunschild and Sullivan 2002).
Determining the cause of an error is particularly difficult
if performance is determined by the interplay of many
attributes on different dimensions (Haunschild and
Sullivan 2002, Kornish and Ulrich 2011). This may
make learning from errors particularly difficult in an
innovation context that has many complex, interact-
ing dimensions.
Individuals learn from observing errors by devel-

oping efficient processes for error detection and cor-
rection (Carroll and Bandura 1990). To effectively learn
from errors, the observer needs to be informed of the
model’s performance (Andrieux and Proteau 2016,
Blandin and Proteau 2000). In fact, the knowledge of
results provided to observers about the model’s per-
formance is considered to be the most important var-
iable affecting observational learning (Badets and
Blandin 2004). However, in many online community
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settings, only the work itself is observed without
knowledge of its actual performance. For example, a
programmer in an open-source community may ob-
serve the code written by another without explicit
knowledge of the performance of the code (such as
whether it contains any errors or how much a specific
section of the code contributes to its overall perfor-
mance). That is, while there is an absolute level of quality
(or success/failure) associated with a submission, in-
dividuals may vary in their ability to correctly recognize
this absolute level of quality (i.e., their perception of the
true quality may be erroneous). As a result, signals from
the work of others are observed with noise, and how
much individuals can learn from such signals will de-
pend on the level of noise (Bikhchandani et al. 1998).

Consequently, individuals are faced with the chal-
lenge that they first need to determine if they are ex-
posed to a good example that informs ideal behavior, or
if they are exposed to a bad example from which they
may learn error detection and correction strategies. Since
the absolute level of quality is unknown to the indi-
vidual at the moment they observe the work, individ-
uals may develop an erroneous reference of what is
good technique, and their performance will suffer
(Blandin and Proteau 2000). That is, exposure to bad
examples and subsequent indiscriminate imitation may
even have the potential to reduce performance, rather
than increase it.Whether learning from errors is effective
in contest-based online communities may critically de-
pend on an individual’s ability to detect and discern
causes of the error in bad examples, and then to glean
error detection and correction strategies from them
(rather than imitating them). That is, better detection
and quantification of the model’s performance may
favor learning from bad examples (Andrieux and
Proteau 2016). However, observing many good ex-
amples may help individuals develop the necessary
cognitive structures to better detect errors in bad
examples and allow them to subsequently learn ef-
fective error detection strategies from them.

In summary, while it is likely that individuals learn
from exposure to both good and bad examples, it is an
empirical question how the learning rates in this
context differ for learning from signals of good and bad
examples. The learning rates may depend on an in-
dividual’s ability to correctly perceive the quality of
a submission. This discussion leads to the second set of
guiding questions for our empirical analysis on how
individuals learn from observing the work of others:
What is the shape of the learning curve of indirect experience
given that individuals need to deconstruct complete sub-
mission instead of being able to observe others perform
a task? How do the learning rates differ for learning from
signals of good and bad examples and how do the learning
rates depend on individuals’ ability to correctly perceive the
quality of examples?

2.3. Facing Effort Allocation: Trading-off Direct
and Indirect Experience

Both direct and indirect experience have been shown to
enhance performance independently. However, there is
also strong evidence for a positive effect of combining
both modes of learning (Bandura and Jeffrey 1973,
Blandin et al. 1999, Darr et al. 1995, Levitt and March
1988). Despite this insight, it is unclear how strong the
complementarity is (or if it exists at all) in a context in
which observed examples cannot be modeled directly
because derivative work is frowned upon (Bauer et al.
2016). Synergies between direct and indirect experience
reported in the learning literature (Bandura 1971,
Blandin and Proteau 2000) may be nonexistent (or much
weaker) in the context of contest-based online com-
munities. Individuals in these communities may not
model behavior immediately after observing it, nor may
they model what they observe directly. Instead, in-
dividuals are required to form cognitive structures and
form mental representations to store the modeling
stimulus for later and modified use. That is, individuals
are required to form a generative model rather than
a one-to-one mapping between cognitive representation
and action that is enhanced through the combination of
observation and direct experience (Bandura 1971).
Given that it is unclear how strong a possible synergy

between practice and observation is in contest-based
online communities, how should individuals allocate
their effort between entering the contests themselves
and observing the work of others? In online commu-
nities, effort is typically self-guided, and members face
a trade-off in allocating their effort because different
actions will generate different learning signals. Un-
derstanding how experience from direct and indirect
signals interacts is critical to guiding this trade-off.
However, individuals cannot gain more direct expe-
rience and observe the work of others simultaneously.
They therefore must decide how to allocate their time
between these activities. The decision is important
because they may learn more effectively if they allocate
their effort in a way that generates the most efficient set
of learning signals. While it is likely that there is a
synergy between direct and indirect experience, it is an
empirical question of how individuals should best al-
locate their effort between the two.
This discussion leads to the third set of guiding

questions for our empirical analysis on facing effort
allocation: What is the shape of the learning curve resulting
from combining direct and indirect experience in contest-
based communities? How should individuals allocate their
effort between submitting their own work and observing the
work of others?
Table 1 summarizes key aspects of our discussion

and anticipates the structure of our empirical analysis.
To summarize, we explore the relationships between
the signals available to individuals in contest-based
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online communities and their performance improve-
ment. In doing so, we consider (a) evaluation signals
from the community and the firm on the work sub-
mitted, and (b) signals from observing work completed
by others.

3. Methods and Measures
3.1. Research Setting
Data for our study comes from a longitudinal panel of
t-shirt designs submitted to the Threadless website
(https://www.threadless.com), a platform for t-shirt
design contests and an e-commerce site. Our data
contain all design submissions made by more than 55,000
individuals during a 10-year period from 2001 through
2011, consisting of almost 180,000 submissions and
nearly 150 million evaluations of these designs. Since
the notion of performance improvement that we can
interpret as learning is only meaningful for individuals
who make at least two design submissions, our panel
regression includes the 33,813 individuals who made
two or more design submissions. Obvious spam, blank,
or duplicate submissions were filtered out by Thread-
less, are not put up for voting on thewebsite, and are not
part of our data set. Our data set averages about 340
design submissions per week (i.e., per contest).

Every week, submitted designs were posted on the
website for a peer assessment rating of other commu-
nity members (fellow community members as well as

interested consumers), using a scale from zero to five.
Ratings were anonymous, and no average score was
shown at the time of rating—only a counter of how
many ratings had been submitted is shown. This
community rating serves as a sign of market potential
(Huang et al. 2014) and is our dependent variable to
assess performance improvement, which we interpret
as a learning curve. It is important to note that, like in
many innovation contexts, the goal of the community
rating is to predict the absolute quality of the contest
submissions (i.e., new product ideas), whichwould only
be revealed at some point in the future through other
measures such as sales revenue (Blohm et al. 2016).
Among the submissions that received the highest

ratings, Threadless would typically pick three to six
designs per week to be printed and subsequently sold
through the Threadless e-commerce site. Decisions on
which t-shirts were printed rested with the management
team at Threadless. The management team would con-
sider not only community evaluation of designs but also
how to balance a portfolio of t-shirt themes, and other
strategic factors—thus effectively curating a “house
style” idiosyncratic to Threadless. Winning designers
would receive a cash prize and store credit if their design
were selected for printing. In effect, the community
ratings represented a judgment-based evaluation of design
performance, based on a continuous variable of score
from zero to five; the firm further used a choice-based

Table 1. Summary of Signals Available to Guide Performance Improvement and Theoretical Learning Perspectives

Signal observable by
individual Characteristics of signal Theoretical perspective Context-specific complication

Firm choice (win/lose)
on own submission

Valuable: winning is goal Response learning from direct
experience (e.g., Newell and
Rosenbloom 1981)

Low information content; not
developmentalInfrequent: small proportion

chosen
Signal informativeness affects

learning rate (e.g., Bandura 1971)

Cognitive structures necessary to
interpret signalCoarse: binary win/lose

(Section 2.1: Learning from Evaluation
Signals)

Integrate signals of firm vs.
community preferencesCommunity rating of

own submission
Less valuable: proxy of firm
signal

Frequent: available for all own
submissions

More granular: numeric average
rating

Completed submissions
of others

Value uncertain: no quality
judgment available

Observational learning from indirect
experience (e.g., Bandura 1977)

Need to deconstruct completed work
to extract relevant characteristics

Frequent: many submissions
available

Error detection and correction
strategies (e.g., Carroll and
Bandura 1990)

Not clear what errors are and what
caused them

Complex: many characteristics
Exposure to expert and novice

examples (e.g., Blandin and
Proteau 2000)

Cognitive structures necessary to
correctly perceive if example is
good or bad

(Section 2.2: Learning from Observing
the Work of Others)

Trade-off allocation of effort between
direct and indirect experience

Integration of observational learning
and direct experience (e.g.,
Bandura and Jeffrey 1973)

(Section 2.3: Facing Effort Allocation)
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evaluation of design performance, choosing specific
designs as contest winners that were not necessarily the
absolute top-rated score.

3.2. Dependent and Independent Variables
3.2.1. Dependent Variable. Our primary dependent
variable Scoreit measures the performance of an indi-
vidual i at time t. Performance is assessed on a scale
from zero to five with higher scores representing bet-
ter submissions. Scoreit is the mean of all community
ratings a submission received. The online appendix
provides several robustness tests to support the claim
that Score captures actual performance rather than an
individual’s popularity within the community. We do
this by demonstrating that submissions that were ul-
timately selected by the firm to be printed ranked in
the highest percentile among competing submissions.
Second, we show that the community rating is
a robust measure for market potential. In the context of
our empirical model that builds on a standard model
to describe change in performance (see next section),
the dependent variable Scoreit is then interpreted
as “rate of learning,” which specifies a learning curve.
In summary, in our empirical setting, the “learn-
ing curve” is reflected in a rate of increasing score
over time.

3.2.2. Direct and Indirect Experience. Wemeasure prior
direct experience as the cumulative number of sub-
missions made by individual i prior to making the
current submission (Expit−1). This prior direct experience
contains any submission made, independent of how
well or poorly it fared in a contest. Indirect experience is
measured by the cumulative number of all prior ratings
cast by individual i before submitting the current sub-
mission (Votesit−1). The number of ratings an individual
has cast serves as a proxy variable for the knowledge
acquired indirectly by observing and evaluating others’
submissions. To test the differential effect of exposure
to either a submission of high performance or a submis-
sion of low performance, we create separate measures
that count the respective numbers of ratings cast for
high- and low-performance submissions (Votesit−1 (Good)
and Votesit−1 (Bad)). We consider a submission to be of
high performance if—ex post considering all ratings that
a submission received—the community consensus
(average score) of that submission was higher than the
mean score of all submissions (i.e., Score > 1.91) and of
low performance otherwise.3 The two separate counts
added together yield the total indirect experience
(Votesit−1(Good) + Votesit−1(Bad) � Votesit−1). It is important
to note that our separate measures of prior indirect
experience of evaluating good and bad examples of
others do not depend on the valence of the rating made
by the individual, but rather on the aggregate (ex post)
score of the submission being rated.

3.2.3. Error in Quality Perception. To evaluate if an in-
dividual’s ability to learn from exposure to bad exam-
ples depends on their ability to correctly detect them,we
compute a measure of perception error. That is, we
compute the root-mean-squared rating error for all past
ratings cast by an individual (RatingErrorit−1). The rating
error is the difference between individual i’s rating of
a submission and the average (ex post) community
rating for that submission. Thus, the deviation between
i’s own rating and the community consensus gives us
a measure for i’s error in correctly perceiving the quality
of a submission; that is, i’s cognitive structures for
correctly perceiving the work of others. Smaller values
indicate more accurate quality perception (lower error),
while larger values indicate more erroneous quality
perception (higher error).

3.2.4. Control Variables. Our dependent variable Score
derives from individual consumer ratings, and the
number of scores submitted varies across submissions.
To account for the fact that submissions with fewer
ratings may provide a less robust measure of perfor-
mance and may be systematically higher as they are
more easily influenced, we control for the count of
ratings a submission received (ScoreCountit).
We include a control variable Tenureit, which captures

the number of years an individual i has been active on the
Threadless platform at time t to distinguish between
learning from participation in our setting and changes
in performance scores that may occur because of other
factors (Argote andEpple 1990, Thornton andThompson
2001). Tenureit effectively also captures the general pas-
sage of time and thus incorporates possible experience
accumulated outside the organization through training,
education, or other activities outside the online com-
munity. It is also important to control for other variables
that could impact performance ratings, such as the size of
prize money offered in a contest (which may affect in-
dividuals’ effort), the level of contest in a givenweek, and
general changes in trend. We control for both observed
and unobserved contest characteristics through contest
fixed effects.

3.3. Empirical Model
Following common approaches to study learning (e.g.,
Argote and Epple 1990, Wiersma 2007), we estimate an
empirical model to explore performance improvements
(i.e., learning rate) from direct and indirect experience
from feedback on relative success and failure as given
in Equation (1):

lnScoreit � β1lnExpit−1 + β2lnVotesit−1 + αi + ϵit. (1)

Scoreit is the performance of the t-th submission of
individual i. Expit−1 is the cumulative measure of all
prior direct experience, and Votesit−1 is the indirect
experience. β1 in Equation 1 is the learning rate from
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direct experience, while β2 is the learning rate from
indirect experience. αi are individual-level random
effects and εit are error terms. To test for comple-
mentarities and after accounting for control variables,
contest effects, and individual effects, we estimate the
following full model:

lnScoreit � β1lnExpit−1 + β2lnVotesit−1+ β3lnExpit−1 × lnVotesit−1+ β4−5Controlsit+ β6−610Contestt + αi + ϵit.

(2)

Learning from direct experience is supported if β1 is
positive and significant, and learning from indirect
experience is supported if β2 is positive and significant.
A complementary effect of direct and indirect experience
is supported if the coefficient β3 of the interaction term is
positive. To test if indirect experience from evaluating
high- or low-performance submissions is more strongly
associated with performance improvements, we com-
pare the coefficients β2(Good) and β2(Bad), which we test in
a separate model. If β2(Good) is larger than β2(Bad), this
would indicate that indirect experience from evaluating
high-performance submissions leads to higher perfor-
mance improvement than indirect experience from
evaluating low-performance submissions.

Our data have a crossed multilevel structure: sub-
missions are nested within individuals, and individuals
submit to one or more contests. We specify contests as
fixed effects and individuals as random effects. Fixed
effects are appropriate if the levels in the study represent
all possible levels of the factor about which inferences
are made, which is the case in our data, as it includes
all contests that took place during the 10-year period.
A fixed-effects formulation assumes that estimating
different intercept terms for each unit can best capture
differences across units. This approach is appropriate if
units differ in their average level of the outcome mea-
sure, which is likely in our case as contests vary in
popularity, difficulty, and prize money, which probably
affects the value of a submission. A random-effects
specification, on the other hand, assumes that levels
of the factor used in the study represent a random
sample of a larger set of potential levels (Greene 2003).
Since we wish to generalize the learning among in-
dividuals in our sample to other individuals, we define
the individual level as random.

We address three main concerns with regard to the
identification of causal learning effects: (1) dropout
(panel attrition) may be correlated with the dependent
variable (performance); (2) decision to rate good or bad
submissions is endogenous and may be correlated with
the dependent variable (performance); and (3) possible
concerns regarding the dependent variable, in particular
whether community scores reflect submission quality,
and whether community scores of submission quality

are affected by positive reciprocity. To address the first
point, we apply a variable addition test for attrition bias
(Verbeek and Nijman 1992) and inverse probability
weighting to adjust for dropout in estimation of our
models (Fitzgerald et al. 1998, Moffitt et al. 1999, Robins
et al. 1995, Wooldridge 2002). We include the analysis in
the online appendix and provide additional details on
the estimation procedure. Second, high-performing in-
dividuals may not bother to evaluate bad ideas, which
could explain differences in effects from learning from
good examples versus bad examples. The multilevel
specification outlined above accounts for unobserved
individual-specific characteristics that are fixed over
time. This includes latent levels of talent, taste (for
certain submissions), and raw intelligence. As a result,
learning effects are identified by observing within-
individual changes in behavior over time. To address
point three, we performed additional analyses to ad-
dress concerns that the community rating is driven by
reciprocity or otherwise manipulated for which we find
no support (see the online appendix).

3.4. Estimation
Given the crossed panel nature of our data, we adopt
a multilevel estimation approach (Gelman and Hill
2006) that allows us to model fixed and random ef-
fects, accommodate the nesting of repeated measures
within individuals and contests, and account for auto-
correlation and unequal spacing of observations in time.
We estimate the model using linear mixed model fit by
maximum likelihood. We used the lme4 (Bates et al.
2015) and nlme (Pinheiro et al. 2015) packages available
in R (R Core Team 2015) and full maximum likelihood
that yields log-likelihood numbers that can be used to
evaluate the incremental fit across nested models. We
obtain similar results when using restricted maximum
likelihood instead.
Multilevel modeling is the recommended approach

for hierarchical data with multiple nested and crossed
levels (Gelman and Hill 2006). Furthermore, it affords
considerable flexibility to deal with varying numbers of
observations per individual and contest. We conduct
several specification checks for the models, including
specifying the contest level as random instead of fixed,
and the individual level as fixed instead of random.
Results are consistent with our original specifications,
although our original specifications yield the best model
fit. To control for serial correlation among submissions
made close together in terms of time, we estimate
a model including an AR(1) covariance structure as an
additional robustness test. Since submissions are not
equally spaced in time, we use a generalized AR(1)
structure that allows unequal spacing between ob-
servations. Such a spatial power function models the
covariance between two observations at t1 and t2 as
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cov(yt1, yt2) � σ2ρ|t1−t2| , where ρ is an autoregressive
parameter assumed to satisfy, and σ2ρ is the overall
variance.4

We apply variable addition tests for attrition bias
(Verbeek and Nijman 1992) and inverse probability
weighting to adjust for dropout in estimation of pooled
models (Fitzgerald et al. 1998, Moffitt et al. 1999, Robins
et al. 1995, Wooldridge 2002). The online appendix
provides additional details on the estimation procedure.

4. Results
4.1. Descriptive Statistics
Our unbalanced, crossed panel data set comprises 33,813
individuals with varying panel length ranging from two
to 359 submissions for a total of 136,989.5 The panel
covers a period of 10 years from 2001 to 2011. Prior
experience is the cumulative sumof all submissionsmade
by an individual. The dependent variable Score is the
aggregate of a total of 149million ratingswith an average
of 851 ratings per submission (SD = 657.5). Rating is
anonymous, and each individual is allowed only one
rating per submission. Table 2 shows descriptive statistics
and correlations among key variables. The average tenure
is 10 months (0.83 years) and a maximum of almost nine
years. Online Appendix Figure S1 shows the distribution
of prior direct and indirect experience.

Next, we investigate if individuals’ rating behavior is
stable over time or whether there is any discernable
behavior change. Figure 1 shows individuals’ number of
submissions against their number of ratings on a log-log
scale. The plot shows how many ratings individuals
submit on average between making submissions over
the full spectrum of individual careers. If the pattern in
the data changes, that would imply that the rating
pattern between submissions changes. A linear pattern
would imply that the number of ratings that an indi-
vidual provides between submissions remains stable.
From the plot, we see that early in their careers (up to
the fifth submission), individuals cast on average about
100 ratings between each submission. Then, their voting
increases to about 135 ratings between each submission
on average. This pattern remains stable between the
fifth and the 50th submission. Among the very ex-
perienced individuals—those making their 50th or

later submission—the number of ratings cast be-
tween submissions decreases slightly to about 127.
Generally, at this high level, the pattern becomes less
reliable and noisier as it is based on fewer numbers of
observations. In summary, we conclude that the pattern
between submissions and voting does not change sig-
nificantly over the career of individuals and stays rela-
tively stable at around 114 ratings between submissions
across the whole data set.

4.2. Learning from Evaluation Signals and from
Observing the Work of Others

Table 3 presents the estimation results for learning from
evaluation feedback (direct experience) and observing
the work of others (indirect experience). We first es-
tablish that there is significant variation in submission
scores, reflecting a wide range of relative success and
failure, by estimating only an intercept term (Model 1).
There is more variation in scores between submissions
than there is variation between individuals. Model 2
adds controls and the direct and indirect experience
variables, Model 3 adds squared terms of the experi-
ence variables, Model 4 adds an interaction term be-
tween direct and indirect experience, Model 5 replaces
measure of overall indirect experience with separate
measures for indirect experience from evaluating high-
and low-performance submissions, Model 6 adds an
interaction term between the two measures of indirect
experience, and Model 7 adds the measure of rating
error. Model 8 (shown in the online appendix) allows
for autocorrelation to control for unequal spacing be-
tween submissions (i.e., it uses an AR(1) correlation
matrix), and Model 9 (shown in the online appendix)
uses inverse probability weighting to control for panel
attrition.The results indicate that an individual’s cur-
rent performance increases with increasing prior direct
experience (β � 0.004; p< 0.001) and indirect experi-
ence (β � 0.010; p< 0.001). We provide additional an-
alyses to better interpret the effect size in a simulation
study below. To test whether direct or indirect expe-
rience is more effective, we use a Wald chi-square test
to compare the two regression coefficients. We find
that the coefficient for indirect experience is signifi-
cantly larger than the coefficient for direct experience

Table 2. Descriptive Statistics

Mean Standard deviation Minimum Maximum (1) (2) (3) (4) (5)

Scoreit (1) 1.91 0.51 0.25 5.00
ScoreCountit (2) 850.61 657.46 1.00 3,791.00 0.30
Expit–1 (3) 16.48 30.84 1.00 365.00 0.31 0.06
Votesit–1 (4) 2,080.83 6,498.96 0.00 128,864.00 0.24 0.05 0.44
RatingErrorit–1 (5) 1.63 0.55 0.00 4.41 −0.16 −0.05 −0.05 −0.20
Tenureit (6) 0.83 1.13 0.00 8.84 0.30 0.02 0.44 0.37 −0.08

Note. All pairwise correlations are statistically significant at p < 0.001.
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(χ2 � 39.82; p < 0.001). Given the logged values in our
model, the coefficients can be interpreted as per-
centage changes: doubling an individual’s indirect
experience from voting results in a larger expected
increase in that individual’s current performance than
doubling that individual’s direct experience. How-
ever, it is important to bear in mind that submissions
and cast ratings operate on different orders of mag-
nitude with roughly a 1:100 ratio (see Figure 1). For
example, an average individual with a prior direct
experience of five submissions will usually have cast
about 500 ratings. To double their direct experience,
an individual would need to submit another five
submissions and cast another 500 ratings to double
their indirect experience.

We find statistically significant squared terms of
both direct and indirect experience, suggesting that
the learning curve for both types of experience is
nonlinear (we investigate the exact shape of the
learning curves in more detail below). To test whether
direct experience and indirect experience have
a complementary effect on improving an individual’s
current performance, we include an interaction term
between the two. We find a positive and statistically

significant effect (β = 0.003; p < 0.001) suggesting a com-
plementarity between direct and indirect experience.

4.2.1. Learning from Good and Bad Examples. With
regard to learning from the indirect experience from
observing others good and bad examples, we find
a statistically significant and positive coefficient for in-
direct experience from evaluating high-performance
submissions (β � 0.017; p< 0.001), and a statistically
significant but negative coefficient for indirect experi-
ence from evaluating low-performance submissions
(β � −0.007; p< 0.001). This indicates that while in-
dividuals improve their performance when evaluating
good examples, their performance decreases when
evaluating bad examples. Next, we evaluate the
complementarity between evaluating high- and low-
performing submissions by introducing an interaction
term of the two measures. We see a statistically sig-
nificant and positive coefficient (β � 0.002; p< 0.001),
indicating that prior experience in evaluating others’
good examples can help individuals overcome their
inability to improve their performance when evaluating
others’ bad examples. Next, we investigate if an in-
dividual’s ability to improve her performance would

Figure 1. Ratio of Submissions to Voting on Log-Log Scale Indicates That Individuals Submit About 110 Evaluations for
Every Submission

Riedl and Seidel: Learning from Mixed Signals
Organization Science, 2018, vol. 29, no. 6, pp. 1010–1032, © 2018 The Author(s) 1021

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.1

92
] 

on
 1

3 
Ju

ly
 2

02
6,

 a
t 1

8:
14

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 



depend on her cognitive structures that allow her to
correctly recognize bad examples. To investigate this
role of cognitive structures, we include the measure of
rating error and interaction terms with indirect experi-
ence from evaluating high- and low-performing work of
others. We find a statistically significant negative main
effect for the rating error (β � −0.024; p< 0.001), in-
dicating that the more erroneous an individual’s per-
ception of the quality of submissions, the lower their
performance improvement. We find no significant in-
teraction between rating error and indirect experience
from evaluating good examples (β � 0.001; ns), in-
dicating that performance improvements from exposure
to good templates is independent of whether those
examples are perceived correctly. However, we find

a statistically significant negative interaction between
rating error and indirect experience from evaluating
bad examples (β � −0.010; p< 0.001), indicating that an
individual’s performance decrease from evaluating bad
examples is amplified by their inability to correctly
recognize that these examples are indeed bad. That is,
the worse an individual is at correctly judging the
quality of submissions (the higher their rating error), the
lower their performance improvement from observing
bad examples. Together, this indicates that the cognitive
structures that allow individuals to correctly perceive
the quality of work produced by others matter for
performance improvements from exposure to bad ex-
amples but not for performance improvements from
exposure to good examples. Put anotherway, individuals

Table 3. Effects of Prior Direct and Indirect Experience on Performance (Dependent Variable: lnScore)

Dependent variable

lnScore

(1)
Baseline

(2)
Experience

(3) Squared
terms

(4) Direct–indirect
interaction

(5) Good vs.
bad

(6) Good–bad
interaction

(7) Rating
error

lntercept 0.868***
(0.163)

1.119***
(0.133)

1.112***
(0.133)

1.154***
(0.133)

1.120***
(0.133)

1.153***
(0.133)

1.108***
(0.083)

lnExp 0.004***
(0.001)

−0.013***
(0.001)

0.002**
(0.001)

0.004***
(0.001)

0.001*
(0.001)

0.006***
(0.001)

lnVotes 0.010***
(0.000)

0.005***
(0.001)

0.013***
(0.000)

lnExp2 0.005***
(0.000)

lnVotes2 0.001***
(0.000)

lnExp × lnVotes 0.003***
(0.000)

lnVotesGood 0.017***
(0.001)

0.024***
(0.001)

0.024***
(0.001)

lnVotesBad −0.007***
(0.001)

−0.010***
(0.001)

−0.014***
(0.001)

lnVotesGood ×
lnVotesBad

0.002***
(0.000)

RatingError −0.024***
(0.002)

RatingError ×
lnVotesGood

0.001
(0.001)

RatingError ×
lnVotesBad

−0.010***
(0.001)

Tenure No Yes Yes Yes Yes Yes Yes
ScoreCount No Yes Yes Yes Yes Yes Yes
Contest Fixed Fixed Fixed Fixed Fixed Fixed Fixed
Individual Random Random Random Random Random Random Random

N 136,989 136,989 136,989 136,989 136,989 136,989 122,070
N groups:

individual
33,813 33,813 33,813 33,813 33,813 33,813 28,382

log likelihood 13,137.699 40,248.207 40,435.414 40,416.161 40,320.697 40,449.323 37,295.627
Variance
Individual

(intercept)
0.027 0.013 0.013 0.013 0.013 0.013 0.012

Residual 0.038 0.026 0.026 0.026 0.026 0.026 0.026

*p < 0.05; ***p < 0.001.
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consistently improve their performance from observ-
ing others good examples independently of correctly
recognizing the quality of these examples, but whether
they improve from observing others bad examples de-
pends on their ability to correctly recognize that work as
being of low quality.

4.2.2. Incorporating Evaluative Signals on Competing
Performance Dimensions. We now examine if in-
dividuals can aggregate signals of community and firm
preferences into a coherent learning curve. We perform
time-series–cross-section analyses using a binary de-
pendent variable indicating whether a submission has
been selected for printing in a given week. Specifically,
we estimate the probability of winning a contest con-
ditional on an individual i’s time-varying measures xi,
which in our case are measures of direct and indirect
experience (see the online appendix for details on the
estimation procedure). This set of analyses allows us to
address the question of what role experience plays in
winning a contest as opposed to receiving higher scores
from community evaluations. Repeating the main ana-
lyses using a different measure of success provides ad-
ditional support for ourmain findings. This analysis uses
two separate evaluations. The evaluation score used in
the main analysis is a signal of community preferences,
and the secondmeasurewe use in this analysis is a signal
of firm preferences by the winner it chooses from among
the set of submissions made to the same contest.6

To test whether individuals learn from their prior
direct and indirect experience about firm preferences
above and beyond what they learned about community
preferences, we estimate a model in which we include
a time-varyingmeasure of the highest submission score
based on the community judgment that an individual
has been able to achieve in the past (we simply take the
maximum score that an individual received up to that
point). The intuition behind the analysis is as follows: if
the coefficient for either direct or indirect experience is
still significant when controlling for the community-
based score, then the individual must have learned
something from this experience about Threadless’s
decision-making process of selecting contest winners.

Table 4 shows the regression results for the time-
series–cross-section analysis. Model 1 includes our two
key measures for direct and indirect experience along
with an intercept. We begin by interpreting the in-
tercept and the baseline hazard rate of winning. As
expected, the intercept is negative and quite large
(β � −8.823; p< 0.001), indicating a low overall likeli-
hood of winning (Online Appendix Figure S3 shows
the baseline hazard rate of winning a contest as
a function of time). Next, we investigate the role of
direct and indirect experience in winning a contest. The
coefficients for direct and indirect experience are both
positive and statistically significant (both p< 0.001),

indicating that experience improves the odds of win-
ning a contest over the (low) baseline hazard rate.
Model 2 introduces the additional covariate cap-

turing the community score of the best submission an
individual has been able to produce so far. The co-
efficient is quite large and statistically significant
(β � −3.36; p< 0.001), indicating that having demon-
strated the ability to produce high-scoring submissions
in the past significantly increases the chance of winning
a contest. More important for our analysis is, however,
that the coefficients for direct and indirect experience
both remain statistically significant, albeit decreasing
in size. This indicates that—controlling for past com-
munity scores—individuals still benefit from both di-
rect and indirect experience to increase their chance of
winning a contest. That is, individuals can aggregate
signals of both firm and community preferences into
a coherent learning curve.

4.2.3. Shape of the Learning Curve. Model 3 in Table 3
includes squared terms for both direct and indirect
experience. The coefficients for both squared terms are
statistically significant, thus establishing that the re-
lationship is nonlinear. But what exactly is the shape of
the learning curve and is there evidence of initially low
learning rates as individuals develop cognitive struc-
tures that help them interpret the signals they receive?
Leveraging our extremely rich data set of more than
130,000 submissions and long panels, we directly inves-
tigate the shape of learning curves using generalized
additive models (GAM) that we fit via maximum-
likelihood (James et al. 2013).
The analysis confirms that the nonlinear smooth terms

are a significantly better fit for the data than a linear
model (lnExp has 4.56 degrees of freedom, p< 0.001;
lnVotes has 4.57 degrees of freedom, p< 0.001). The
nonparametric GAM model explains 26.8% of devi-
ance. Figure 2 shows the rate of learning on the log-log
scale. We reestimate the GAM using the same inverse

Table 4. Effects of Prior Direct and Indirect Experience on
Winning (Dependent Variable: Pr(Won=1, t))

Dependent variable

Pr(Won=1, t)

(1) Experience (2) Past performance

Intercept −8.823*** (0.072) −15.403*** (0.154)
Exp 0.039*** (0.001) 0.022*** (0.001)
Votes 0.000*** (0.000) 0.000*** (0.000)
Max score 3.360*** (0.049)
t −0.019*** (0.003) −0.036*** (0.003)
t2 −0.000 (0.000) 0.000** (0.000)
t3 0.000 (0.000) −0.000 (0.000)
log likelihood −9,142.513 −6,819.416
Deviance 18,285.026 13,638.833
N 21,799,462 21,799,462

**p < 0.01; ***p < 0.001.
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probability weights as above to adjust for panel attrition.
The shape of the curve is quite similar (not shown). For
direct experience, the shape is downward sloping early
in individuals’ careers (from the first through about the
seventh submission), indicating a period of decreasing
performance. After about the eighth submission, the
learning curve slopes upward and performance im-
provements increase. A possible explanation for the
downward slope instead of simply a flat curve is as
follows. When joining the platform, individuals may
already possess a backlog of ideas that they sort by
quality before submitting. We test this possibly by es-
timating the elapsed time between submissions. We find
that the first seven submissions are submitted with
29% shorter interval times than between submissions
following the seventh. Even very late in individuals’
careers, after about 150 submissions, the learning curve
is positive and of the same slope, indicating that even
highly experienced individuals continue to learn from
direct experience, although at diminishing returns.
We address the dip of the learning curve under direct
experience in our discussion section.

4.3. Facing Effort Allocation: Combining Direct and
Indirect Experience

To further explore the complementary effect of direct
and indirect experience, we simulate canonical be-
havior and plot the resulting learning curves. We
simulate three canonical scenarios: an individual who
does not engage in voting between submissions at all,

an individual with a moderate amount of rating ac-
tivity (four evaluations between submissions, which
corresponds to the 25th percentile of rating volume),
and an individual with high rating activity (140 ratings
between submissions corresponding to the 75th per-
centile of rating volume). The simulation follows the
approach suggested by King et al. (2000) and draws
simulation parameters from parameter posteriors. We
display the simulation as visually weighted regression
(Hsiang 2013). We simulate 1,000 instances for each of
the three canonical scenarios using the fitted non-
parametric GAMmodel from above. Results are shown
in Figure 3 using the measures on the natural scale
relating experience directly to performance. Results
show that the slope of the curve changes with increased
numbers of ratings between submissions.
Without any rating between submissions, the per-

formance decreases continuously. Individuals are not
able to improve the performance of their subsequent
submissions. Even with just a few evaluations between
submissions, performance increases (on the log-scale
this means that more and more improvement is de-
rived from subsequent submissions). High voting ac-
tivity substantially complements direct experience
such that increasing benefits derive from subsequent
submissions.

5. Discussion and Conclusion
Our research investigated how individuals in contest-
based online innovation communities improve their

Figure 2. Learning Curves of Direct and Indirect Experience

Notes. Shown are the nonlinear shapes of the learning curves for direct (left) and indirect (right) experience. Clearly visible is the period of
initial investment for learning from direct experience up to about the seventh submission. Models estimated using flexible GAM shown with
95% confidence interval (dependent variable: lnScore). Model based on Model (3) from Table 2. Shape is on the scale of the response variable.
Plot excludes competition and individual-specific intercepts.
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performance by synthesizing learnable signals from
different sources. We examined how more than 55,000
members of a firm-sponsored online community learned
from the evaluation signals they received from making
almost 180,000 t-shirt design submissions and from ob-
serving the submissions made by others while making
almost 150 million quantitative evaluations.

We provide an overview of our research questions
and empirical findings in Table 5, andwe highlight three
of the most significant results. First, we find that in-
dividuals participating in contest-based online commu-
nities need to overcome a period of initial investment
in which their performance decreases. This finding is
contrary to other studies that report faster early learning
when improvements are easiest to achieve followed by
diminishing returns (Newell and Rosenbloom 1981).
Second, we find that individuals fail to improve their
performance after observing others’ bad examples (KC
et al. 2013). However, they do improve after observing
good examples. Whether individuals can learn from
observing others’ bad examples depends on their ability
to correctly recognize the low quality of the work and

then to learn error detection and correction strategies
from them. Third, we find that individuals can suc-
cessfully aggregate evaluation signals from both the
community and the firm into a coherent learning curve
(Hanna et al. 2014). This allows them to not only learn
about community preferences, but also about firm
preferences. This improves their likelihood of being
chosen as a contest winner by the firm.
Our findings have implications for how to best

structure and manage crowdsourced product innovation
and for learning in both on-line and off-line communities
more broadly. In the following sections, we discuss im-
plications for crowdsourcing research, community-based
learning research, and how our unique measure of the
key construct of observational learning enables a richer
and more nuanced analysis of learning from indirect
experience.

5.1. Learning from Mixed Signals
Our study finds that individuals participating in
contest-based online communities can improve their
performance by learning frommixed and coarse signals

Figure 3. Simulation of Direct Experience Learning Curves Under Three Policies of Indirect Experience Behaviors

Notes. Bottom, dotted-line plot simulates individual who engages in no voting between submissions. Middle, dashed-line plot simulates
individual who engages in low voting frequency (25th percentile; four ratings between submissions). Top, continuous-line plot simulates
individual who engages in high voting frequency (75th percentile; 140 ratings between submissions).
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from different information sources. We theorize that
individuals’ ability to synthesize learnable information
from mixed signals depends critically on cognitive
structures built up through prior experience in the
same context.

Our finding of a dip in performance early during
individual’s tenure contrasts with the results reported
in past empirical studies of individual learning curves.
These studies generally found faster performance im-
provements early on when improvements are easiest to
make (cf. Newell and Rosenbloom 1981). In our con-
text, the individuals participating in online design
contests (even if they are skilled designers) may be
unfamiliar with the specific context of t-shirt design

and what this specific community values. As a result,
individuals need to make initial investments to gather
the necessary experience to develop appropriate cog-
nitive structures before they are able to synthesize
the feedback they receive (Bower and Hilgard 1981,
Glaser 1989). This gathering of experience takes time.
Until their cognitive structures are updated, the in-
dividuals have pre-existing cognitive structures that
reflect their past experience from a different context.
These structures may not allow them to interpret the
feedback they receive correctly. For example, an en-
trepreneurmoving into a newmarketmay attend to the
wrong dimensions of a product innovation because
their past experiences can create blinders.

Table 5. Summary of Findings and Implications for Theory

Research questions Empirical findings Implications for theory

How do individuals learn
from direct evaluation
signals of their work?

There is a period of initial investment in
which performance decreases followed by
positive and rapid learning.

Extending Bower andHilgard (1981), andGlaser (1989),
individuals need to make initial investments to
update cognitive structures before they are able to
synthesize meaningful information from
performance evaluations, especially in environments
where actions are largely self-guided (cf. Brown and
Duguid 1991, Wenger 1998).

Individuals learn about preferences of the
firm above-and-beyond learning to receive
high scores from community.

Individuals can learn two separate preferences
simultaneously (Hanna et al. 2014, Newell and
Rosenbloom 1981, Rosen 1972), which is important in
may contexts (Bauer et al. 2016, Dahlander and
Piezunka 2014, Huang et al. 2014).

Learning may form an additional “joining script”
(von Krogh et al. 2003) in the socialization of
new community members.

How do individuals learn
from observing the work
of others?

Observing good examples is valuable but
individuals fail to improve after observing
others’ bad examples.

Individuals can learn merely from observing the
completed work of others despite the competitive
environment, the absence of developmental
feedback, and the lack of rich direct interaction
thought necessary for learning (Barrett et al. 2016,
Brown and Duguid 1991, Wenger 1998).

Ability to learn from bad examples depends
on ability to correctly recognize the low
quality of the work.

Extends work on how individuals learn to notice
relevant aspects of the work they observe (Hanna
et al. 2014) and quantifies observational learning that
has been difficult to empirically characterize
(Bandura 1977, Banerjee 1992, Bikhchandani et al.
1992).

Failures are only valuable sources of learning if they are
correctly recognized as such (e.g., Bandura 1977,
Harlow 1949, Newell and Rosenbloom 1981,
Thorndike 1898), and informational content of
observed work is critical for learning (Bandura 1977,
Firestein 2015).

How should individuals
allocate effort between
direct and indirect
experience?

Performance decreases when individuals
do not observe work of others, but there
are substantial complements when level of
observation is high.

Learning in environments without objective
performance measures may require input from
different sources, which is more of a challenge than in
traditional contestswhere criteria are clear (Boudreau
et al. 2011, Jeppesen and Lakhani 2010, Terwiesch
and Xu 2008).

Extends recent work on contests (Boudreau and
Lakhani 2015, Stanko 2016, Yu and Nickerson 2011)
that has only looked at the direct effects of making
contest results transparently available for inspiration
and reuse, but ignored learning effects.
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The key result is that experience has a potential cost:
Previous experience with a similar market may teach
the entrepreneur to attend to the “wrong” things
(Rogers 2003). As they begin to compete, individuals
put forward their best initial efforts first, unable to
synthesize useful information from the feedback they
receive. Only when cognitive structures are updated
by a sufficient accumulation of experience are they
able to synthesize useful information from the feed-
back they receive. This then allows them to improve
their performance. Our finding contrasts with prior
learning research that generally assumes that feed-
back signals are objective and easy to interpret
(Argote 2012, Newell and Rosenbloom 1981). This
research ignores the important contingency of the
updating of cognitive structures that is necessary to
correctly interpret feedback signals. Consequently,
research on offline learning should more closely at-
tend to myopic processes in the early stages of in-
novation work.

Empirically, we exploit detailed data on the number
and type of work (good versus bad examples) that
individuals observe. This provides us with a key
construct to measure learning from indirect experience
(which is typically difficult to quantify, especially in
offline settings). Measuring the rate of improvement
from indirect experience allows us to complement
prior work on observational learning (Bandura 1977,
Banerjee 1992, Bikhchandani et al. 1992). This prior
work has struggled to quantify and characterize such
learning curves. In addition, prior research that has
highlighted a key benefit to learning from failure
builds on the assumption that the cause of failures is
known and easily discernible (Bandura 1977, Banerjee
1992, Bikhchandani et al. 1992). Yet our results show
that in contexts such as the one we study, this may not
be the case. We theorize that the ability to recognize
causes of errors is critical to learning from the failures
of others. Our finding that individuals unconditionally
improve their performance by observing others’ good
examples, but only improve by observing others’ bad
examples if they correctly recognize that work as low
quality, is significant. It extends work on how in-
dividuals learn to notice relevant aspects of thework they
observe (Hanna et al. 2014).

Our results highlight the contingency that learning
from the bad examples of others critically depends on
the ability of observers to recognize that they are in
fact observing bad examples. Therefore, when in-
vestigating learning from other’s failures, this addi-
tional contingency should be considered. While
existing learning theory is built on the assumption that
failures can easily be recognized (e.g., Bandura 1977,
Harlow1949, Newell and Rosenbloom 1981, Thorndike
1898), our theory suggests that failures are only
valuable sources of learning if they are correctly

recognized as such. Our study thus contrasts fromprior
work that often focused on psychological aspects of
failure (e.g., overconfidence and attribution theory) in
settings where failures are easy to identify, such as
surgical procedures (KC et al. 2013).
We highlight the role of the informational content of

observed work, especially for good versus bad exam-
ples. We therefore provide important qualifications for
the often-heralded theme of “learning from failure”
that applies to both online and offline contexts. An
important implication of this insight in the context of
product innovation is that since individuals are un-
likely to improve their performance from observing
bad examples, this may have unintended negative
effects on the ideas being generated. This is because
learning from good examples can lead to less disrup-
tive ideas (Firestein 2015). This raises new questions
regarding the design of contest-based online commu-
nities where it is common to make large stocks of past
work available for inspection.
Our theorizing and empirical results show how one

can induce learning without providing new data. This
can be done by simply providing individuals with
information about the quality of work they observe,
thus highlighting relationships to which the individual
has previously not attended. However, this points to
a goal conflict between the learning of individuals and
collecting valid group evaluations. Theories on col-
lective intelligence suggest that individual evaluations
should remain independent to avoid bias from
social influence (Lorenz et al. 2011, Muchnik et al.
2013). This poses important questions about process
and information system design to achieve both goals
simultaneously.
Together the finding of the difficulty of synthesizing

learnable signals from evaluation feedback and failure
to learn from observing bad examples both point to the
important role of cognitive structures, built up from
past experience. This points to an important qualifier in
the relationship between receiving ambiguous and
hard-to-interpret signals from different sources and
learning in environments where actions are largely
self-guided with limited direction from mentors
or teachers, and with little direct interaction and
knowledge sharing with other community members
(cf. Brown and Duguid 1991, Wenger 1998). We ob-
serve that different signals and the cognitive struc-
tures necessary to synthesize learnable data from
these signals play an important role for individuals’
performance improvement. This raises novel ques-
tions about learning in environments without objec-
tive performance measures. In the absence of a formal
contest framework, developing cognitive structures to
correctly recognize good and bad examples may be
even more difficult. For example, individuals in an
open-source software development community may
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observe the code written by another without explicit
knowledge of the performance of that code. The
ability to correctly recognize the low quality of soft-
ware code (built from observing high-quality code)
could then provide the basis to learn error detection
and correction strategies.

These findings are relevant in the broader context of
online innovation communities. They suggest impor-
tant questions about learning from multiple sources
of information and the role of cognitive structures in
synthesizing learnable signals. These findings extend
recent work on contests (Boudreau and Lakhani 2015,
Stanko 2016, Yu and Nickerson 2011) that has only
looked at the direct effects of making contest results
transparently available for inspiration and reuse, but
ignored learning effects. For example, this prior work
has investigated the role of disclosure policies in terms
of how they would affect reuse, but not how disclosure
policies might affect learning. In this vein, our results
showing learning as an integral aspect of practice raise
new questions about how we should think about the
parallel search facilitated by contests (Nelson 1961).
Our results pose important questions regarding how
individuals should weigh signals from different
sources.

In summary, we advance the growing work on in-
dividuals’ behavior in contest-based online commu-
nities (Boudreau et al. 2011, Jeppesen and Lakhani
2010, Terwiesch and Xu 2008) that has theorized
learning as a motivation to join such communities,
but never investigated it directly (Hutter et al. 2011,
Majchrzak and Malhotra 2016).

5.2. Joining and Learning in Online and
Offline Communities

Our study complements online community research by
von Krogh et al. (2003) on the socialization of new
members. Their study demonstrates that individuals
follow a “joining script” to become productive mem-
bers of an online community. However, our results
suggest that the simple peripheral participation they
describe may not be sufficient to become a successful
member in contest-based online communities. Learn-
ing to notice and extract learnable signals among dif-
ferent mixed signals may be a critical aspect of the
joining process. Our results thus extend our un-
derstanding of the critical process bywhich individuals
successfully join online communities, allowing these
communities to be sustainable over time.

Our results also inform the broader literature on
community-based learning (both online and offline) by
providing novel insights using a large, longitudinal
data set from one of the most successful crowdsourcing
firms. A key insight is that despite the competitive
environment, the absence of developmental feedback,
and the lack of rich direct interaction thought necessary

for learning (Barrett et al. 2016, Brown and Duguid
1991, Wenger 1998), individuals can learn merely from
observing the completed work of others. This high-
lights a complementary pathway by which individuals
learn from observing the completedwork of others, one
that is not fully considered in current learning theories
(Nonaka 1994). Thus, our work highlights an important
pathway for learning that should be considered in
research on both online (Barrett et al. 2016, Dahlander
and Piezunka 2014) and offline user communities. This
research generally assumes that the strongest com-
munity benefits accrue through the direct interactions
that these communities facilitate.
The ability to learn (even in an environment that

fosters direct competition and provides individuals
with only rare and coarse evaluation signals) and the
disclosure of completed work shows that the rich in-
teractions thought necessary for successful knowledge
creation in online communities (Barrett et al. 2016) may
not be the only pathway for these communities to
generate value. However, our analyses also illuminate
how learning from these sparse and hard-to-interpret
signals critically depends on individuals having the
cognitive structures necessary to synthesize learnable
data from them. By investigating different signals in the
same study, we not only examine the relationships
between these signals and individual performance
improvement. We also provide insights into the rela-
tive importance of each signal and their synergies. This
suggests the need to more clearly distinguish different
pathways of learning in future work.
Our finding that individuals can learn from both the

rare signals from the firm and more regular signals
from the community shows that it is possible (even
though difficult) to learn two production functions
simultaneously. Prior research on learning has not
considered learning of two separate preferences simul-
taneously (Hanna et al. 2014, Newell and Rosenbloom
1981, Rosen 1972). However, multiple sets of preferences
need to be learned in many contexts (Bauer et al. 2016,
Dahlander and Piezunka 2014, Huang et al. 2014).
Our results complement these studies by demon-
strating that individuals’ learning curves can reflect
not only what is valued by the community, but also
what is valued by the firm—thus integrating infor-
mation about two production functions simulta-
neously. This is an important insight because the
ability to cater to the diverging preferences of multiple
stakeholders is also common in other settings with
combined community and firm evaluations (Catalini
and Hui 2017). Similar dynamics also exist in offline
innovation contexts. For example, industrial designers
will receive feedback from peers within their com-
munity on works-in-progress, while also seeking
rare signals of winning a design competition or a new
client.
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Taken together, our results suggest that the pro-
cesses by which members join communities play an
important role. This raises new questions about how
new members can be successfully brought up to speed
to make contest-based online communities more pro-
ductive and sustainable. Thus, our study of learning
in a competitive environment may help in developing
new theories of community-based learning that should
more directly consider learning from observing com-
pleted work (in addition to direct interaction and
knowledge exchange).

5.3. Managerial Implications
Our results also suggest several implications for
managers. First, managers of online innovation com-
munities can mitigate the negative effects of the per-
formance dip by simply increasing member awareness
that there is a period of initial investment in which their
rate of improvement might be slow. Second, managers
can encourage individuals to observe the work pro-
duced by others to bolster their learning from indirect
experience. Furthermore, individuals could be en-
couraged (through various platform features) to spe-
cifically observe good examples early on in their careers
to facilitate the development of references of both
what to do and how to do it correctly. Conversely, in-
dividuals should be informed when they are observing
a bad example so that they can more effectively learn
error detection and correction strategies from them.
This may be particularly critical as there are typically
many low-performance contest submissions available
for individuals to engage with. Automated recom-
mender algorithms could be developed that expose
individuals with limited experience (who likely lack
sophisticated cognitive structures to correctly recog-
nize the quality of work) to good examples early in
their career, rather than bad ones. Third, managers may
actively try to provide more frequent and more in-
formative signals about firm choices. Rather than
simply announcing one winner per contest, managers
could improve the learning of individuals by providing
additional information about who was a runner-up (or
even a full ranking of entrants). They could also pro-
vide explanations for why one submission was chosen
as thewinner andwhat aspectswere lacking in the other
entries. This would create additional, rich learning
signals to help individuals get up to speed quickly and
thus produce even more valuable innovation ideas.

5.4. Conclusion
Our study context provides a rare opportunity for
insight on how individuals learn in a complex envi-
ronment where they are presented with a mix of
conflicting and coarse signals from different sources.
While much past theorizing on learning assumes rel-
atively unambiguous signals that individuals can use

to improve their performance, we show how they can
improve by becoming better at synthesizing learnable
signals from a variety of information sources. We
empirically measure and characterize the shape of
learning curves for both direct and indirect experience.
Individual learning is a cornerstone of group and or-
ganizational learning processes. Understanding how
individuals make sense of myriad and at times con-
flicting signals is fundamental to understanding how
aggregate levels of group and organizational learning
might be impacted by how information is made
available to individuals. While our research context is
contest-based online innovation communities, many
of the signals that we describe can be found in other
environments where an individual can observe the
completed work of others and gain direct feedback
from peers and organizations. We provide new insight
to the commonly held view that learning curves always
lead to improvement by examining how individuals
synthesize learnable signals from different information
sources and the role of a period of initial investment
to update cognitive structures. Our study shows how
innovation and individual performance improvement
unfolds over time in a complex context of information
flows as they are increasingly a part of our innovation
landscape.
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Endnotes
1Learning fromdirect experience is also called learning frompersonal
experience or trial-and-error learning. Learning from indirect expe-
rience is also called vicarious learning, observational learning, or
learning from the experience of others.
2 See Lave and Wenger (1991) for a similar conception of learning at
the synthesis of the agent, the activity, and the environment.
3Using different cutoff values to specify the good/bad split does not
substantially change our results (e.g., mean versus median split
versus tercile split, considering the “neutral” category in the middle
an additional control).
4We also estimated models in which we specified first-order
autoregressive AR(1) as the within-subject covariance structure for
repeated measures in a default error structure where subjects are
assumed to be independent. Results are consistent between the
different specifications.
5The data set contains 179,794 design submissions of 56,612 in-
dividuals, all of which are included in the computation of key
variables used in this study. However, the notion of learning is only
meaningful for individuals whomade at least two design submissions.
Hence, the number of observations included in the panel regression
includes only those individuals that made at least two design sub-
missions. The analysis usingRatingError includes only individualswho
cast at least one rating between at least two submissions.
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6Results of judgment and choice decisions are not necessarily
identical as judgment can be ignored at the point of choice (Einhorn
and Hogarth 1981). In fact, we find this to be the case in our empirical
data in the sense that designs chosen for print are usually extremely
highly rated but not necessarily the highest-rated one (i.e., the contest
winner chosen by Threadless is sometimes the second or third highest
rated design; see the online appendix for details).
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