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ABSTRACT 

Crowdsourcing contests as a means to leverage the knowledge of external individuals to 

solve firms’ innovation problems are growing in popularity. Little research has been de-

voted to the question how such contests should be ideally designed in order to achieve a 

high level of participation and high quality solutions. By analysing a data set of 913 soft-

ware engineering contests from the platform TopCoder, this study investigates the impli-

cations of three particular contest elements: the number of participants, the monetary 

award and the problem description. The results confirm the theoretic model, stating that 

a large number of participants is preferable for a seeker (firm) and outweighs the arising 

disadvantage of lowered efforts of solvers due to a greater competition. This theoretic 

discussion was enriched by the finding of a curvilinear relationship between the number 

of solvers and the contest’s performance, wherefore adding contestants is only beneficial 

until a certain level. Furthermore, results show that a high monetary award captures more 

participants but leads to a lower contest performance, which is contrary to prior research. 

Regarding the problem description, it was shown that a short problem description in-

creases participation and improves the contest performance whereas a problem descrip-

tion, which includes URL links to other homepages, reduces participation but improves a 

contest’s best solution. By understanding the outcomes of this study, firms better under-

stand how to design crowdsourcing contests. 

Keywords: Crowdsourcing, open innovation, innovation, contest elements 
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RESUMO 

Os concursos de crowdsourcing estão em crescente popularidade uma vez que 

representam uma forma de gerir conhecimento exterior às empresas para a resolução dos 

seus problemas inovativos. No entanto, pouca investigação tem sido dedicada a melhorar 

o design destes concursos para obter um elevado nível de participação e soluções de maior 

qualidade. Ao analisar um data set de 913 concursos de engenharia de software através 

da plataforma TopCoder, este estudo investiga as implicações de três elementos 

particulares do concurso – o número de participantes, o prémio monetário e a descrição 

do problema.  Os resultados obtidos foram de encontro à teoria - um maior número de 

participantes é preferível. Esta relação mantém-se apesar do aumento do número de 

participantes diminuir os seus esforços para resolver o problema em questão (a 

competição é muito superior). Adicionalmente, os resultados obtidos atestam a relação 

curvilínea entre o número de participantes e o desempenho do concurso – o aumento do 

número de participantes só é benéfico até certo ponto. Ao contrário das conclusões 

obtidas em estudos anteriores, os resultados mostram também que um elevado prémio 

monetário atrai mais participantes mas dá origem a um pior desempenho. Quanto à 

descrição do problema, as conclusões obtidas indicam que uma descrição sucinta gera um 

maior número de participantes e melhor desempenho enquanto descrições com links para 

outras páginas dimuinem a participação melhorando, no entanto, a qualidade da solução 

obtida. Com este estudo pretende-se auxilar as empresas no processo de design de um 

concurso de crowdsourcing. 
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1 INTRODUCTION 
In 1714, after a group of several famous scientists had failed to find a way to determine 

the location of ships in the sea, the British parliament announced a public tournament in 

order to find a solution in this way. The ‘Longitude Prize’ offered £15,000 to the person 

who would come up with a solution for this challenge. The winner of more than hun-

dred participants was John Harrison, an English carpenter and clockmaker who had de-

veloped a highly accurate chronometer that made it possible to pinpoint a ship on the 

map (Boudreau & Lakhani, 2013). Besides being a milestone from an engineering point 

of view, the Longitude Prize is also one of the first documented crowdsourcing contests. 

Crowdsourcing, a term coined by Jeff Howe (2006), broadcasts a problem to a large group 

of people in order to solve a firm’s problem. By leveraging knowledge from external 

sources, the principle of crowdsourcing builds up on the concept of open innovation. 

Firms which innovate with the model of open innovation incorporate - in contrast to the 

model of closed innovation - external sources of knowledge, such as universities, suppli-

ers or individuals (Chesbrough, 2003; West & Bogers, 2014). Several corporations from 

different industries use this model to innovate. For instance, the consumer product com-

pany Procter & Gamble defined the goal to find 50% of its innovations outside of the 

company’s boundaries (Chesbrough, 2011).  

As abovementioned, crowdsourcing contests, as one type of crowdsourcing, have their 

origin in the 18th century. However, the development got accelerated by the rise of the 

internet with its powerful and relatively inexpensive tools which facilitated firms and in-

termediary platforms to launch and manage crowdsourcing contests (Lampel et al., 2012). 

For example, the video platform Netflix launched one of the earliest online crowdsourc-

ing contests in 2006. Participants were asked to improve the firm’s algorithm for movie 

recommendations. The contest was a great success and the winning solution, that won the 

award of one million dollars, was able to improve the algorithm’s performance by more 

than 10% (Boudreau, Lacetera, & Lakhani, 2011; Howe, 2006). Besides such ad-hoc con-

tests, firms started to use crowdsourcing contests as an ongoing business model to source 

innovations (Boudreau & Hagiu, 2009).  
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Firms may either launch their own crowdsourcing contest platforms or, more commonly, 

publish their problems on existent intermediary platforms, such as InnoCentive1. Alt-

hough crowdsourcing platforms evolved quickly and gained popularity over the last 

years, not much research on this type of crowdsourcing has been conducted (Lampel, Jha, 

& Bhalla, 2012; Leimeister, Huber, Bretschneider, & Krcmar, 2009).  

Adamczyk and colleagues (2012) divided prior research of crowdsourcing contests into 

five perspectives: economic, management, education, innovation and sustainability per-

spective. Especially the ideal contest design, as part of the economic perspective, has not 

been fully explored yet and requires further investigation in order to answer the question 

on how contest attributes influence a contest’s outcome (Adamczyk et al., 2012). Hence, 

this study aims to examine this gap in research and focuses on three contest attributes in 

particular: the number of participants, the price award and the problem description.  

One major question in the economic literature discusses whether a contest shall be open 

to anyone or limited in the number of solvers. However, this has not been consensually 

answered. Several researchers argue for a limited number of solvers, as a result of the so-

called “competition effect”. This effect states that solvers in a contest lower their efforts 

when competing with a higher number of other participants. Thus, the average quality of 

submissions decreases. (Che & Gale, 2003; Garcia & Tor, 2009). Fullerton and McAfee 

(1999) even conclude that the ideal number of solvers is, in fact, just two.  

On the other hand, a contrary theory, the “parallel path effect”, argues that an unlimited 

participation is preferable for a firm that launches a crowdsourcing contest, since the re-

sulting variance of solutions, in regards of quality, improves the quality of the best solu-

tion submitted (Dahan & Mendelson, 2001; Nelson, 1961; Terwiesch & Ulrich, 2009). 

The underlying assumption for this theory is that a seeker in an innovation contest is, in 

contrast to other contest types, only interested in the maximum solution (Girotra, 

Terwiesch, & Ulrich, 2010).  

Terwiesch and Xu (2008) merged these two conflicting views and showed that the ad-

vantages of open access to contests can exceed the disadvantages of lowered efforts of 

solvers (Terwiesch & Xu, 2008). However, empirically, this theoretical model has not 

been fully examined yet. Furthermore, any potential curvilinear relationship between the 

number of participants and the contest outcome has not been researched yet.  

                                                 
1 https://www.innocentive.com/ 
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A second point of interest is the ideal reward mechanism. Winners of crowdsourcing con-

tests gain a price award in form of money. Thus, participants are financially motivated 

which stands in contrast to other open innovation initiatives, such as user innovation, 

where users participate only for their status in the community or other intrinsic motiva-

tions (Afuah & Tucci, 2012; Leimeister et al., 2009).  

Therefore, the monetary award, as a characteristic feature of a crowdsourcing contest, is 

a major discussion point in the literature (Cason, Masters, & Sheremeta, 2010; Shao, 

Shi, Xu, & Liu, 2012; Snir & Hitt, 2003). However, most of the literature analyses the 

impact of money as a motivation from the solver’s point of view. This study, by con-

trast, aims to research the impact of the monetary award from a firm’s point of view and 

explores how it affects participation and performance in a contest.     

Finally, this study looks at the problem description. Little research has been devoted to 

this design element although it is the firm’s initial and main point of contact with solv-

ers. The problem statement explains the problem and the requirements that solutions 

must meet (Piller & West, 2014). Writing a problem statement is not an easy task. On 

one side it has to include all specific information so that the scope of interpretation is as 

limited as possible and information asymmetry between the seeking firm and the solvers 

is minimalized (Lüttgens, Pollok, Antons, & Piller, 2014). However, the initial example 

of the Longitude Price showed, that winners of crowdsourcing contests often have a 

field of expertise distant to the problem (Jeppesen & Lakhani, 2010). These solvers, 

who have a different knowledge background, also need to be able to convey the prob-

lem requirements wherefore a problem description has to be written in a simple and 

clear manner so that non-experts can also understand the problem (Afuah & Tucci, 

2012; Spradlin, 2012).  

Prior research has only considered the length of text of a problem description for empiri-

cal experiments. Yang and colleagues (2009) found that shorter descriptions attract more 

solvers to contests. However, this research paper considered a wide range of different 

crowdsourcing contest types and therefore lacks some concrete, practical relevance. Be-

sides considering the text length, this study aims to include two other factors of a task 

presentation which are the number of URL links in the description and the readability of 

the problem text. These factors have been analysed in the field of crowdfunding cam-

paigns (Greenberg, Pardo, Hariharan, & Gerber, 2013; Xu et al., 2014), wherefore it is 

obvious to also transfer this analysis to the neighboured field of crowdsourcing contests.  
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Open Innovation is particularly promising for companies operating in industries that offer 

high levels of technological opportunities. This is manifested through higher searching 

costs for critical knowledge in such industries (Laursen & Salter, 2006).  

Throughout the model of open innovation, firms which allocate limited efforts into inter-

nal R&D activities become capable of innovating by sourcing knowledge from external 

parties, providing that they are able to absorb this knowledge (W. M. Cohen, 1989). Such 

insourcing of external ideas can be beneficial for the company and is more and more used 

as a way of sourcing innovation (Mention, 2011).  

Firms can integrate knowledge into the company from several external sources, such as 

customers, suppliers, universities or individuals (West & Bogers, 2014). One method of 

capturing knowledge of external individuals, is the method of crowdsourcing (Afuah & 

Tucci, 2012; Jeppesen & Lakhani, 2010).   

2.2 Crowdsourcing  

2.2.1 Overview 

Crowdsourcing as a term was coined by Jeff Howe and is a neologism of the words 

“crowd” and “outsourcing” (Howe, 2006). Howe defines crowdsourcing as “the act of 

taking a task traditionally performed by a designated agent (such as an employee or a 

contractor) and outsourcing it by making an open call to an undefined but large group of 

people.” (Howe, 2008, p. 2). Hence, crowdsourcing approaches broadcast a certain prob-

lem or task to a wide, heterogeneous network of external actors (Afuah & Tucci, 2012; 

Piller & West, 2014).  

Although the usage of crowdsourcing was boosted with the rise of the internet, which 

enabled firms to reach out to a vastly bigger crowd, the crowdsourcing principle had al-

ready been used much earlier. As presented in the introduction, the Longitude Prize of 

1714 was one of the first documented crowdsourcing contests. However, several other 

contests were held early in the history, for example the contest which Napoleon III an-

nounced in 1869, that offered a reward to anyone who discovers a process to produce a 

substitute for butter (Khan, 2005). These examples show that crowdsourcing was used 

already early in the history in order to leverage external knowledge for innovation. 

Generally, firms are very interested in the model of crowdsourcing, since it allows to 

access external knowledge which the firm can use to solve problems it is facing. Many 
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companies quickly implemented crowdsourcing platforms although little results were 

known about their effectiveness. Moreover, since crowdsourcing communities do not ex-

ist for an extended period of time, there are not many insights into their successes (Bayus, 

2013).  

Nevertheless, existing research showed that external knowledge gained via crowdsourc-

ing activities can be superior, compared with the knowledge sourced internally in a firm. 

Jeppesen and Lakhani (2010), who analysed problems posted on the contest platform In-

noCentive, showed that firms were able to attain solutions for problems they previously 

had not been able to solve themselves. Moreover, through crowdsourcing a firm gains 

access to a large set of individuals with a high level of expertise. These solvers can be 

eventually exploited for recruitment purposes. When NASA launched a crowdsourcing 

contest, winners did not only win an award but were also invited to the firm and in some 

cases got hired (Lampel et al., 2012).  

Research also revealed that crowdsourcing can be more cost-effective than internal inno-

vation sourcing efforts (Afuah & Tucci, 2012). Malone, Laubacher and Johns (2011) 

show, for instance, that sourcing a solution on the crowdsourcing platform TopCoder only 

costs 25% compared to internally solving the problem. Furthermore, crowdsourcing ac-

tivities on intermediary platforms, such as TopCoder, reduce financial risks since firms 

only pay for successful contests (Terwiesch & Xu, 2008). Thus, cost savings are another 

important reason why a seeker decides to release problems on crowdsourcing contest 

platforms. 

Prior research also examined the users’ motivations to participate in crowdsourcing ac-

tivities in the first place. Brabham (2010) researched users of istockphoto3 - a platform 

where users upload professional photos and get a profit margin for each download - and 

found that participants are mainly motivated by the opportunity to earn money. However, 

research also suggests that intrinsic motivations play an important role in crowdsourcing 

(Lakhani, Lohse, Panetta, & Jeppesen, 2007). Such intrinsic, motivational factors are, for 

instance, testing one’s capabilities or seeking feedback from other participants (Lampel 

et al., 2012). 

Hence, individuals in crowdsourcing initiatives are motived by extrinsic and intrinsic fac-

tors. Leimeister and colleagues (2009) argue that crowdsourcing activities are comparable 

                                                 
3 http://www.istockphoto.com/ 
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to sports competitions in which athletes are also motivated by both, extrinsic and intrinsic 

factors. Intrinsic factors in sports include the winning of trophies, the fun of participating 

or the feedback of spectators or the media.   

2.2.2 Types 

The literature identified three ways that firms can use to integrate external individuals in 

the innovation process: “open call”, “selective open call” and “open search” (Diener & 

Piller, 2013; Piller & West, 2014). An “open call” or “broadcast search” (Jeppesen & 

Lakhani, 2010) approach spreads a certain task to a wide, heterogeneous network of ex-

ternal actors. Thus, there is no restriction which individuals may participate (Afuah & 

Tucci, 2012; Howe, 2006; Piller & West, 2014). 

By contrast, the crowdsourcing types “selective open call” and “open search” restrict the 

participation: In the selective open call, firms identify at first a specific segment of indi-

viduals - based on certain characteristics - and then limit participation to this selection 

(Diener & Piller, 2013; Piller & West, 2014). For instance, only individuals might be 

allowed to participate who have a high level of expertise is a specific field.   

In the “open search” crowdsourcing approach firms select and invite a few users to co-

create a service or product in collaboration with the firm. This higher level of collabora-

tion with selected external experts is known as the lead user theory which was developed 

and widely researched by von Hippel (1986).  

This paper will focus on the open call approach, and specifically analyse the subtype of 

tournament-based crowdsourcing, in that firms attain external knowledge of the crowd in 

form of a contest. Other subtypes of open call crowdsourcing are idea- or voting contests 

and internet toolkits which all differ regarding the level of knowledge exchange and re-

garding the level stakeholders are involved  (Franke & Piller, 2004; Leimeister et al., 

2009; Lüttgens et al., 2014).  
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2.3 Crowdsourcing Contests 

2.3.1 Overview 

Sourcing external knowledge by organizing a tournament (tournament-based 

crowdsourcing), had already been used many years ago, as discussed earlier. Over the last 

years, firms started to use crowdsourcing contests as an ongoing business model 

(Boudreau & Hagiu, 2009) and they evolved from creating product concepts towards a 

solid way of problem solving for companies (Terwiesch & Xu, 2008). 

Tournaments and evaluation methods of performances were discussed in the economics 

literature drawing from areas such as decision making in politics, sales or sports (Casas-

Arce & Martinez-Jerez, 2009; Lazear & Rosen, 1981). In general, two different types of 

contests exist: the first type contains two firms competing in a two-stage game against 

each other by first putting efforts into R&D and then bringing the product to the market 

(Ziss, 1994). Crowdsourcing contests, however, represent the second type of contests 

since, normally, they are designed as competitive games, in which solvers invest effort 

and resources in order to win an award (Fullerton & McAfee, 1999).  

Moreover, crowdsourcing contests differ from several other contest types by the desired 

outcome of the firm. Although there may be contests in which several solutions are of 

interest for the seeking firm, usually only the maximum (best) solution matters in order 

to solve a certain innovation problem (Terwiesch & Xu, 2008). Thus, a seeker of an inn-

voation contest will prefer to get one outstanding submission and 100 bad ones, instead 

of getting 101 good solutions. By contrast, in other types of contests (e.g. salesforce con-

tests), the seeker is keen on maximising the sum of all performances and hence prefers to 

achieve 101 good performances compared to one outstanding performance but 100 poor 

other ones (Terwiesch & Xu, 2008).  

Girotra, Terwiesch and Ulrich (2010) emphasize the importance of the maximum solution 

and determine the performance in a crowdsourcing contest by four factors: the number of 

solutions, solutions’ average quality, solutions’ variance and finally the best solution (see 

Figure 3). 
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uncertainty) but don’t exactly know how to improve a solution (high technical uncer-

tainty) (Terwiesch & Xu, 2008).  

In ideation projects, the performance is highly determined by the effort a solver puts into 

his solution. Contests of this type are characterized by a high market uncertainty since the 

seeker’s taste is highly subjective. Typically, such contests are design-related, for instance 

logo contests on the platform LogoMyWay4, where firms can ask users to create a busi-

ness logo. Interestingly, one research paper analysed such ideation contests and found 

that seekers are more likely to choose a submission as the best one, if the solver is cultur-

ally close, thus has a similar taste for design (Bockstedt, Druehl, & Mishra, 2015).  

Finally, expertise-based projects reflect the last project type. This type is analysed most 

commonly in prior research and will be also subject of this study. Expertise-based projects 

are usually engineering problems, for example in the field of software development. They 

have a low market uncertainty since the expectations and goals of the seeker are clear to 

the solvers of a contest. In a software engineering contest, for example, solvers know 

exactly how the requested software solution should work and look like. As the term of 

the project type implicates, a solver’s performance is primarily determined by his exper-

tise (Girotra et al., 2010; Terwiesch & Ulrich, 2009; Terwiesch & Xu, 2008). 

Therefore, a higher expertise clearly increases a solver’s likelihood of winning an exper-

tise-based contest. The literature suggests that a solver’s expertise is a measurement of 

the solver’s past performances in contests (Snir & Hitt, 2003; Terwiesch & Xu, 2008). 

Research on users from the Chinese crowdsourcing platform TaskCN5 confirms this and 

further shows that a user’s past performance is a good predictor for his future chances of 

success (Y. Yang, Chen, & Banker, 2010). Moreover, an experiment revealed that a very 

small core group of solvers submit  nearly 20% of the winning solutions (J. Yang, 

Adamic, & Ackerman, 2008). 

The categorization of projects into three categories, defined by Terwiesch and Xu (2008), 

has been adopted by several following scientific papers (Boudreau et al., 2008; Yang 

Yang et al., 2009). Emphasizing the differences between the three problem types is crucial 

since contest elements, as the number of number of solvers, the award and the problem 

description, have wide impacts across each type.     

                                                 
4 http://www.logomyway.com/ 
5 http://www.taskcn.com/ 
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2.4 Contest Design Elements 

2.4.1 Overview 

Extant research analysed crowdsourcing contests from five main perspectives. The eco-

nomic perspective looks at the ideal design of contest elements, such as the number of 

solvers, the award structure, the contest presentation, the target group and the contest 

duration (Adamczyk et al., 2012).  

2.4.2 Open versus Limited Participation 

One central discussion in prior research is the question whether participation in contests 

shall be open or limited to a certain number of individuals. Two theories, the competition 

effect and the parallel path effect argue for different outcomes.  

The competition effect states that a limited participation in a contest is preferable for the 

seeker. The theory explains that a limited number of solvers increases the solvers’ efforts 

since they perceive their likelihood of winning as higher. The other way round, an in-

crease in the number of solvers will lead to reduced efforts by solvers due to a lower 

perceived likelihood of winning. Consequently, the average quality of all submissions 

will decrease with more participants (Che & Gale, 2003; Taylor, 1995). The average qual-

ity of submissions reflects the mean performance of all submissions which were delivered 

by solvers. Garcia and Tor (2009) proved the effect in a field experiment with test-takers 

in a university contest who lowered their efforts when they believed to be competing with 

a higher number of contestants. In a recent research paper, Boudreau, Lakhani and 

Menietti (2016) found that solvers with diverse levels of expertise are affected to a dif-

ferent extent by the competition effect. Whereas most participants react negatively – with 

lowered efforts – to increased competition, high-skilled solvers on the other hand respond 

positively to competing with more contestants.  

In order to mitigate the competition effect of reduced efforts of solvers, a limit regarding 

participants is preferable. Fullerton and McAfee (1999) even suggest that the ideal num-

ber of solvers in contests is in fact just two.  

Based on these observations, I propose that:  

Hypothesis 1a: The greater the number of registered solvers, the lower is the average 

performance of a contest. 
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In contrast, the parallel path effect (or parallel search effect), argues that an open partic-

ipation in a contest is preferable for the seeker since an increased number of participants 

leads to a better maximum performance. The effect considers submitted solutions as par-

allel experiments and argues that a higher number of submissions increases the variance 

of solutions in terms of quality. Consequently, the maximum performance, as the extreme 

value, improves through a higher number of solvers. Since this maximum performance is 

the only solution a seeking firm is interested in, inferior solutions of other solvers, which 

result from a higher number of participants, are negligible. Thus, the parallel path effect 

only focuses on the extreme value in a contest, which improves throughout a greater num-

ber of participants. (Boudreau et al., 2008; Dahan & Mendelson, 2001; Nelson, 1961).  

Terwiesch and Xu (2008) were the first researchers who combined both theories, the pa-

rallel path and the competition effect, in a theoretical model which examines which effect 

has a stronger impact. They argue that the benefits of the parallel path effect can outweigh 

the disadvantages of a lower solution equilibrium, caused by the competition effect. 

Hence, according to the researchers, a higher number of solvers is preferable for the seek-

ing firm since the maximum solution improves, in quality, although the average of sub-

mitted solutions decreases.  

Accordingly, I state the following: 

Hypothesis 1b: The greater the number of registered solvers, the higher is the maxi-

mum performance of a contest. 

 

Literature in the field of open innovation discusses the openness of a firm in relationship 

to its innovation performance (Laursen & Salter, 2006; Salter, Ter Wal, Criscuolo, & 

Alexy, 2014). It was found that an increasing number of external knowledge sources (in-

creasing openness) improves the innovation performance of a firm since the variety of 

external knowledge leads to better solutions. Therefore, an increasing number of 

knowledge sources raises the innovation performance of the firm. However, this increase 

only holds until a certain threshold. Beyond that point, benefits of more external 

knowledge sources are outweighed by a nonlinear increase of costs, associated to more 

knowledge sources. Thus, the authors investigated an inverted u-shaped relationship be-

tween the number of external knowledge sources and the firm’s innovation performance 

and found evidence of diminishing returns when too many external knowledge sources 

are involved (Laursen & Salter, 2006). 
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Crowdsourcing contests operate in a similar environment, also being confronted with the 

question how ‘open’ a contest should be designed – hence how many solvers should ide-

ally participate to maximize the contest’s outcome. The level of openness therefore re-

flects the number of solvers that are participating in a crowdsourcing contest. The out-

come variable of Laursen and Salter (2006) is defined as the innovation performance of 

a firm. In the context of crowdsourcing contests, the outcome of a contest is represented 

by the best solution that the firm is able to attain.   

As presented, Terwiesch and Xu’s (2008) model argues that the parallel path effect out-

weighs the competition effect. However, it is not further discussed whether the relation-

ship of participants and the contest performance might be curvilinear, as it was found in 

the open innovation literature (Laursen & Salter, 2006; Salter et al., 2014). In the context 

of crowdsourcing contests, a curvilinear relationship may be in place, due to heavily de-

creasing efforts by solvers when competing with a very high number of participants. 

Moreover, solvers can choose their contest of interest from a large offer of available con-

tests (Afuah & Tucci, 2012). Hence, when being confronted with a very high level of 

competition, solvers are might shift their efforts to a different available contest with fewer 

registered solvers, since winning chances are higher. Thus, the maximum performance of 

the contest is expected to decrease beyond a certain number of solvers.   

Based on these observations, I propose that:  

Hypothesis 1c: The number of participants is curvilinearly related (takes an inverted 

U-shape) to the maximum performance of a contest. 

 

2.4.3 Monetary Award 

As discussed earlier, monetary awards are part and parcel of crowdsourcing contests. 

Thus, the optimal reward structure is a major field of research. It discusses, for instance, 

whether multiple, proportional awards or winner-takes-all contest designs are preferable. 

In general, research suggests that multiple prices enhance participation because solvers 

perceive the likelihood of winning a price as higher (Cason et al., 2010).  

In expertise-based contests - in which the solver’s expertise highly correlates with the 

likelihood of winning a contest - winner-takes-all awards offer stronger incentives to 

highly skilled solvers. Participants with lower skills, on the other hand, prefer contests 
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with multiple awards since their perceived chances of winning the first price are lowered 

with a higher number of solvers (Terwiesch & Xu, 2008). 

Research also showed that higher contest awards capture more solvers (Lazear & Rosen, 

1981; Snir & Hitt, 2003). This is caused by the fact that a higher reward offers a better 

compensation for the cost of participation - the time costs each solver invests to grasp and 

solve the problem (Shao et al., 2012).  

Furthermore, research on crowdsourcing contests showed that the award value has a pos-

itive impact on the solvers’ performances in a contest (Archak, 2010; Boudreau et al., 

2008). Thus, the greater the reward, the higher the efforts to solve a problem, leading to 

better performances and solutions.  

As the only study, Bockstedt and colleagues (2015) considered diversity among contest-

ants, in terms of their national wealth, in respect to the monetary award. Since 

crowdsourcing contests are held online and are accessible for users from all over the 

world, monetary values, as a motivation for contest winners, vary in their attractiveness 

to solvers from different countries. The researchers showed that national wealth influ-

ences the level of effort that contestants invest to solve a problem. Accordingly, solvers 

from countries with a lower level of GDPP (gross domestic product per capita) invest 

more effort than other users to solve a problem, since the monetary award is relatively 

more attractive for them.  

According to the literature, the monetary award can positively influence a contest’s par-

ticipation and performance, wherefore I hypothesize that:  

Hypothesis 2a: The greater the monetary award, the higher the level of participation. 

Hypothesis 2b: The greater the monetary award, the higher the maximum perfor-

mance of a contest. 

2.4.4 Problem Presentation 

Firms broadcast their problems, including the requirements for potential solutions, in a 

“request for proposals”. However, research about the impact of the problem presentation 

(or problem description) on the solvers’ participation and performance in crowdsourcing 

contests is scare.  

Problem statements have to be written in a clear and simple manner so that solvers are 

able to understand the problem’s requirements (Afuah & Tucci, 2012; Piller & West, 
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2014; Spradlin, 2012). This aspect is eminently important because winning submissions 

in crowdsourcing contests are often submitted by solvers who have expertise in a field 

which is vastly different to the expertise field of the problem (Jeppesen & Lakhani, 2010). 

Research on InnoCentive contests revealed, for instance, that a solver with expertise in a 

totally different field was able to solve a toxicology problem that the seeking pharmaceu-

tical firm had previously not been able to solve (Lakhani & Jeppesen, 2007). 

Lazear and Rosen (1981) showed that higher awards in contests attract more solvers. This 

is caused since the compensation for learning costs - that each solver has to invest in order 

to understand the problem requirements - is higher (Shao et al., 2012). Those costs in-

crease further where solvers require more time to grasp the problem statement. According 

to the switching cost theory, a consumer chooses the option with the lowest switching 

costs when establishing a new relationship (Klemperer, 1995). In the context of 

crowdsourcing contests, solvers will therefore participate more likely in contests with low 

learning costs, meaning low switching costs (Yang Yang et al., 2009). Hence, solvers are 

more likely to participate in contests with low switching costs, meaning that it takes fewer 

time to read and understand the problem description.  

Prior empirical experiments on crowdsourcing contests considered the description length 

as the only variable for analysis. Other research in the related field of crowdfunding ad-

ditionally analysed other attributes such as the readability of the description text and the 

number of URLs within the description. They found that crowdfunding projects are more 

likely to be successful when a text is written in a more sophisticated manner, and when 

URL links, providing additional information, are present in the text (Greenberg et al., 

2013; Xu et al., 2014). This type of analysis is obvious to also conduct in the neighboured 

field of crowdsourcing contests.  

Yang and colleagues (2009) showed that crowdsourcing contests on the Chinese platform 

TaskCN were able to capture more solvers, if a problem description was short. The au-

thors analysed two different types of contests since ideation projects (e.g. creative writ-

ing) but also expertise-based projects (e.g. software development) were examined. How-

ever, the impact of the text length on solvers’ participation might differ by contest type, 

since the competition effect is unequally strong in those two contest types (Boudreau et 

al., 2011). This study aims to investigate the impact of the description text length explic-

itly for expertise-based crowdsourcing contests. 

Following these observations, I propose that:  
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Hypothesis 3a: A problem description with lower related learning costs positively 

affects participation in a contest. 

 

Archak (2010) investigated the impact of the problem description length on the solver’s 

performance but couldn’t find any significant impact. It needs to be stressed that this 

study analysed the performance of all participating solvers. Due to a lack of research, it 

is unclear if a longer description - which implies a higher level of specificity – affects the 

maximum solution in a contest. The problem description length might have a different 

impact on the average and the maximum performance on a contest.  

Research shows that the quality of crowdsourced solutions can be unsatisfactory when 

problem descriptions do not contain all needed problem-specific requirements (Eric von 

Hippel & von Krogh, 2013). Therefore, the problem description has to have a high level 

of specificity in order to keep the scope of interpretation for solvers as limited as possible 

(Lüttgens et al., 2014). This is particularly crucial in expertise-based contests where seek-

ers have very clear product expectations and don’t aim to source creative and novel ideas.  

Following these observations, I propose that:  

Hypothesis 3b: A problem description with a higher level of specificity positively 

affects the maximum performance in a contest. 
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3 RESEARCH METHODOLOGY 

3.1 Data 

In order to test the impact of contest elements on the contest performance, a data set from 

the crowdsourcing contest platform TopCoder (TC) was examined. TC was established 

in 2001 and is nowadays the leading platform in the field of software engineering con-

tests, having nearly one million active solvers (Topcoder, n.d.-a). Seekers on the platform 

are Fortune 1000 companies such as AOL, Best Buy or Eli Lilly (Boudreau et al., 2011, 

2016).  

TC uses an open call approach, meaning that any interested user can sign up to take part 

in the contest for free. Participants are only asked during the registration to enter a few 

personal information, including their e-mail address and name. Furthermore, they can 

specify, on a voluntary basis, in which types of contests they are interested in and define 

their skills regarding the various technologies and programming languages. Solvers on 

TC work alone, but can view on the contest’s homepage which other solvers signed up 

and how high their expertise scores are.  

The jury board, reviewing submissions, consists of community members who fulfil cer-

tain criteria and get trained for this task. Some review boards also include project staff 

and/or employees of the seeking firm (Topcoder, n.d.-b). 

In contrast to other similar platforms, such as InnoCentive, TC provides the data of par-

ticipants including their performances for current, but also for past contests. This enables 

to conduct empirical analyses regarding solvers’ performances. TC also launches design 

and data science contests – however, access to these tournaments is not fully public and 

the review process is different. Therefore, only contests from the software engineering 

category were analysed. These contests can be classified as expertise-based contests. 

In order to attain the data set, the TC website was crawled with the tool Kimono6, which 

allows to fetch chosen website elements automatically from a structured website. As a 

result, a set of 1,109 contests (781 Assembly contests, 328 UI Prototype contests) was 

downloaded. The contest categories (Assembly and UI Prototype) were chosen since they 

- unlike other categories - show each solver’s expertise score at the moment of a contest.  

This is crucial in order to control for the expertise in the regression models.  

                                                 
6 www.kimonolabs.com 
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The sample included all existing contests from the two categories in the time until 29th 

February 2016. General contest attributes, such as the duration in days, the monetary 

award, the problem description and the status (successful/ unsuccessful) were saved in a 

database. Additionally, subpages of the contest, including information about participating 

and submitting solvers, were crawled. Herewith, data of 25,584 registered solvers (1,933 

of them delivered a solution) were saved and matched with the general contest attributes.   

Reviewing the data set, a clear decline of the number of contests could be assessed since 

the end of 2014 (see Figure 5). However, since not all contest categories were included 

the sample, a general negative development of the TC platform cannot be claimed. 

 

Figure 5: Number of Contests in the Sample (Categories: Assembly and UI Prototype) 

by Month (Source: own work) 

In order to create the final data set, several contests were excluded from the sample of 

1,109 contests. Unsuccessful contests (n = 194) were removed from the sample since no 

contest performance is measured in these contests. Contests fail when no solutions are 

submitted, the seeker decides to cancel the contest or for other unspecified reasons. Be-

sides excluding these unsuccessful contests, two other contests were removed since one 

contest was a promotion, hence not a serious contest while the second contest’s subpages 

were technically not fully accessible. After running these data cleaning steps, the final 

sample included 913 contests.  

The sample was analysed with the statistics software R-Studio7 and the additional package 

stargazer (Hlavac, 2015). The software combination allows to run and present regression 

models and graphical data analyses. 

                                                 
7 https://www.rstudio.com/ 
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3.2 Variables 

The analysis exploits data downloaded directly from the TC webpage. The variables con-

sidered for analyses are presented in Table 1. All of these variables are also selected in 

similar studies (Archak, 2010; Boudreau et al., 2011, 2008; Shao et al., 2012; Snir & Hitt, 

2003; Yang Yang et al., 2009). They can be clustered into five categories: Contest per-

formance variables reflecting the achieved scores, general contests characteristics varia-

bles such as the contest duration, solvers’ characteristics variables describing solvers’ 

expertise, problem presentation variables analysing the problem description and finally 

the platform characteristics variables.  

Table 1: Analysed Variables 

Variable Definition  

Contest Performance  

Maximum Score (MS) The highest score in a contest. 

Average Score (AS) The average of all scores in a contest. 

Contest Characteristics 

Number of Registered Solvers 
(NRS) 

Number of solvers who signed up for a contest. 

Contest Duration (CD) Duration of a contest in days.  

Monetary Award (MA) Total monetary amount paid out to the winner of a contest.  

Skill Variety (SV) The number of skills (e.g. programming languages) which are required 
to solve the problem; Defined by the seeker.  

Difficulty (D) 

 

Difficulty of a posted problem. Calculated by the percentage of solvers 
who finally also submitted a solution (Completion Rate). 

Solvers' Characteristics 

Expertise Maximum (EM) Highest expertise ranking among all solvers in a contest. 

Expertise Average of Registered 
Solvers (ERS) 

The average of expertise rankings of participating solvers in a contest. 

Expertise Average of Solvers 
with Submissions (ERSS) 

The average of expertise rankings of solvers who finally submitted a 
solution in a contest. 

Problem Presentation 

Description Length (DL) The text length of the problem description. 

Description Readability (DR) The readability of a problem description measured with the ARI (Au-
tomated Readability Index). 

Number of Links in the Descrip-
tion (NLD) 

The number of outgoing URLs in the problem description. 

Platform Characteristics 

Number of Open Contests (NOC) The number of other contests which are running at the same time on 
TC. 

Platform Maturity (PM) The number of days since the TopCoder platform was launched.  
Source: Own work 
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3.2.1 Contest Performance 

In order to test whether certain contest attributes have an impact on the contest perfor-

mance, the maximum score and average score are analysed in separate models. Perfor-

mance scores on TC are rated by a jury of 2-3 reviewers who evaluate submissions based 

on scorecards (see Appendix H). These scorecards determine to which extent seeker’s 

requirements are met and whether the submission is technically feasible. Final scores vary 

in the range of 0 to 100 whereas 100 is the maximum score that can be achieved 

(Topcoder, n.d.-b). 

The average score (AS) simply reflects the sum of all scores, divided by the number of 

submissions. This figure is calculated in order to test the existence of a competition effect 

(Hypothesis 1a). 

The maximum score (MS) reflects the best delivered solution in a contest and is required 

in order to test whether an increased number of solvers leads to a better maximum per-

formance (Hypothesis 1b and 1c). 

3.2.2 Number of Solvers  

The number of registered solvers (NRS) is the main explanatory variable and describes 

how many solvers are competing. Solvers have to sign up for a contest in a specific time 

frame which normally lasts a few days. Only after that period the contest starts and reg-

istration is closed. Thus, all solvers exactly know at the time the contest starts against 

how many contestants they are competing. This procedure is of cardinal importance in 

order to investigate the impact of participation on solvers’ performance. 

In the analysed sample, the number of solvers ranges between 1 and 60, the mean ac-

counting to ~23. However, 95% of the contests in this sample have a range between 7 and 

44.3 solvers. Figure 6 shows the distribution of the variable in detail.  

Besides acting as a control variable in the regression models that analyse the impact of 

contest attributes on the contest performance, the number of registered solvers (NRS) is 

taken as the outcome variable in another regression model in order to test the impact of 

contest attributes on the participation in a contest. 
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Figure 6: Distribution of the Number of Solvers in a Contest (Source: own work) 

3.2.3 Monetary Award  

Solvers in crowdsourcing contests are strongly extrinsically motivated (Brabham, 2010; 

Terwiesch & Xu, 2008) wherefore the reward is considered as a control variable. On TC, 

the Monetary Award (MA) is always paid out to the two best submissions of the contest, 

whereas the winner gets two third of the total price while the second place gets the re-

maining third. Since this ratio does not vary and is fixed for all contests, it is sufficient to 

consider the total monetary award as the control variable. The variable is measured in 

$1,000. 

3.2.4 Problem Presentation  

For seekers, the problem statement is the main point of contact with potential solvers. 

Therefore, it is important that it is well written since potential solvers base their decision, 

whether to participate in a contest or not, strongly on the quality of the problem descrip-

tion. Thus, writing a problem statement is one of the most important design elements of 

a contest (Lüttgens et al., 2014). 

Following the methodology of Archak (2010) and Yang and colleagues (2009), the de-

scription length (DL) is used as one variable to represent the problem statement in a con-

test. While Archak (2010) measured the text length in pages, here, the number of charac-

ters in a problem description is counted, following the approach of Yang and colleagues 

(2009). However, URLs within the text were excluded from the text length and analysed 

separately. The text length in the sample varies considerably amongst all the contests. 

The natural log of this variable is used. 
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Secondly, the variable description readability (DR) analyses how easy a problem state-

ment is written. The Automated Readability Index (ARI) (Smith & Senter, 1967) is ap-

plied to measure a problem description’s readability. Introduced to analyse the readability 

of technical documents of the US Army, it’s suitable to be used for highly technical prob-

lem descriptions of TC contests. The index considers the length of words and sentences 

and then calculates a score whereby a low score means that a text is easy to read while a 

high score implies a more complicated and specified content. The natural log of this var-

iable is used. 

As a third variable in the category of the problem presentation, the number of links in the 

description (NLD) is analysed. Problem descriptions of contests on TC often include links 

to other homepages where each additional link increases the time each solver has to invest 

to grasp the problem’s requirements.  

3.2.5 Control Variables 

Since achieved scores and participation in a contest can be correlated to several other 

attributes of a contest, it is needed to control for the following variables.  

Contest Duration (CD): Contests on TC differ in terms of the duration wherefore this 

variables controls for that variance. It is measured in days and reflects the difference of 

the start and end date of a contest (Leimeister et al., 2009; Shao et al., 2012; Snir & Hitt, 

2003). 

Difficulty (D): The difficulty of a problem is a very impactful variable but it is hard to 

measure. However, this analysis considers the completion rate as the difficulty of a con-

test. Hence, the difficulty of a contest is defined as the percentage of solvers who have 

ultimately submitted a solution, divided by the total number of registered solvers. A low 

ratio means that a contest was difficult since most solvers could not find a solution 

whereas a high ratio reflects an easier problem. This method is also used by other research 

in order to control for the difficulty of  a contest (Shao et al., 2012; Yang Yang et al., 

2009). The natural log of this variable is used. 

Skill Variety (SV): A seeker in a contest defines the skills which are required to solve a 

problem. On TC, these are mostly technologies such as Java, HTML or CSS. This variable 

represents the number of technologies which are required to solve the problem. It is also 

taken as a control variable in other experiments (e.g. Archak, 2010).  
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Expertise: The expertise score indicates a solver’s position within the overall skill distri-

bution of members (Boudreau et al., 2011). Since the sample contains expertise-based 

contests, the solvers’ expertise levels are the primarily factor for their performance and 

therefore important to control for in the models. TC measures a solver’s expertise with 

an Elo-based system, which has its origins in the sport of chess (Van Der Maas & 

Wagenmakers, 2005). TC only considers the last 50 contest performances of solvers for 

the calculation of the expertise score (Topcoder, n.d.-c). Here, different expertise varia-

bles are considered, following the approach of Boudreau and colleagues (2011): the av-

erage of expertise among registered solvers (ERS), the average of expertise of solvers 

with submissions (ERSS) and the maximum expertise (EM) of all registered solvers. 

Number of Open Contests: Since a varying offer of available contests on the TC platform 

could affect participation, the variable number of open contests (NOC) controls for the 

number of available open contests, at the time when a contest is launched.  

Platform Maturity: Analysing online platforms requires controlling for the platform ma-

turity (PM) since network effects can affect the number of users on the platform (Snir & 

Hitt, 2003). The platform maturity is measured by counting the days from 1st March 2014 

until the start date of each contest. The natural log of this variable is used.8 

3.3 Estimation Approach 

In order to test the hypotheses, four regression models are being estimated, using the 

ordinary least squares (OLS) method, similar to other research experiments in the field of 

crowdsourcing (Archak, 2010; Boudreau et al., 2011; Shao et al., 2012). 

The first model sets the level of participation as the outcome variable. The expertise var-

iables are not present in this model since solvers register for a contest by having incom-

plete information about other solvers since they might register at a later point at time. 

Thus, the variables regarding the expertise (EM, ERS, ERSS) are not relevant for this 

analysis.  

Model 1: Number of Registered Solvers (NRS) 

𝑁𝑅𝑆 =  𝛽0 +  𝛽1𝐶𝐷 +  𝛽2𝑀𝐴 +  𝛽3𝑆𝑉 +  𝛽4𝐷𝐿 +  𝛽5𝐷𝑅 +  𝛽6𝑁𝐿𝐷 + 𝛽7𝑃𝑀 

+  𝛽8𝑁𝑂𝐶 

                                                 
8 Alternatively, instead of the platform maturity variable, the models were run with time dummy variables 

for each month. Results remained unchanged, only showing slightly different coefficients.  
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The following three models set the two different contest performance indicators as the 

outcome variable. In order to test the evidence of a competition effect (H1a), Model 2 

sets the average score (AS) as the outcome variable. Model 3a sets the maximum score 

(MS) as the outcome variable in order to test the parallel path effect in coexistence with 

the competition effect (H1b). Finally, Model 3b includes a quadratic variable for the num-

ber of registered solvers in order to test H1c. 

Model 2: Average Score (AS) 

𝐴𝑆 =  𝛽0 +  𝛽1𝑁𝑅𝑆 +  𝛽2𝐶𝐷 + 𝛽3𝑀𝐴 + 𝛽4𝑆𝑉 +  𝛽5𝐷 +  𝛽6𝐸𝑀 + 𝛽7𝐸𝑅𝑆

+  𝛽8𝐸𝑅𝑆𝑆 +  𝛽9𝐷𝐿 + 𝛽10𝐷𝑅 +  𝛽11𝑁𝐿𝐷 + 𝛽12𝑃𝑀 

Model 3a: Maximum Score (MS)  

𝑀𝑆 =  𝛽0 +  𝛽1𝑁𝑅𝑆 +  𝛽2𝐶𝐷 +  𝛽3𝑀𝐴 +  𝛽4𝑆𝑉 +  𝛽5𝐷 +  𝛽6𝐸𝑀 + 𝛽7𝐸𝑅𝑆

+  𝛽8𝐸𝑅𝑆𝑆 + 𝛽9𝐷𝐿 + 𝛽10𝐷𝑅 +  𝛽11𝑁𝐿𝐷 + 𝛽12𝑃𝑀 

Model 3b: Maximum Score (MS) (including quadratic factor) 

𝑀𝑆 =  𝛽0 + 𝛽1𝑁𝑅𝑆 + 𝛽2𝑁𝑅𝑆2 +  𝛽3𝐶𝐷 +  𝛽4𝑀𝐴 +  𝛽5𝑆𝑉 +  𝛽6𝐷 +  𝛽7𝐸𝑀 

+ 𝛽8𝐸𝑅𝑆 +  𝛽9𝐸𝑅𝑆𝑆 +  𝛽10𝐷𝐿 + 𝛽11𝐷𝑅 +  𝛽12𝑁𝐿𝐷 + 𝛽13𝑃𝑀 
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4 RESULTS 

Table 2: Results of the Linear Regression 

 Dependent variable: 

  (NRS)  (AS)  (MS) 

Model 1 2 3.1 3.2 

Number of Registered Solv-
ers (NRS)  -0.091***  

(0.033) 
0.138***  
(0.025) 

0.311***  
(0.081) 

NRS (squared)    -0.003***  
(0.001) 

Contest Duration (CD) 1.079***  
(0.172) 

0.025  
(0.158) 

-0.050  
(0.121) 

-0.054  
(0.120) 

Monetary Award (MA) (in 
$1,000) 

2.367***  
(0.459) 

-1.432***  
(0.413) 

-1.092***  
(0.316) 

-1.227***  
(0.321) 

Skill Variety (SV) 0.268*  
(0.142) 

-0.152  
(0.125) 

-0.209**  
(0.096) 

-0.215**  
(0.095) 

Difficulty (D) (log)  -1.488***  
(0.436) 

3.212***  
(0.333) 

3.385***  
(0.341) 

Expertise Maximum (EM)  -0.001  
(0.001) 

0.003***  
(0.001) 

0.002***  
(0.001) 

Expertise Average of Regis-
tered Solvers (ERS)  0.002  

(0.002) 
-0.002  
(0.002) 

-0.002  
(0.002) 

Expertise Average of Solvers 
with Submissions (ERSS)  0.008***  

(0.001) 
0.006***  
(0.0005) 

0.006***  
(0.0005) 

Description Length (DL) 
(log) 

-0.907*  
(0.467) 

-3.952***  
(0.421) 

-2.563***  
(0.321) 

-2.467***  
(0.323) 

Description Readability (DR) 
(log) 

1.339  
(1.362) 

2.590**  
(1.193) 

1.964**  
(0.911) 

2.026**  
(0.910) 

Number of Links in the De-
scription (NLD) 

-0.249***  
(0.053) 

0.259***  
(0.047) 

0.153***  
(0.036) 

0.161***  
(0.036) 

Platform Maturity (PM) (log) 12.059***  
(0.749) 

0.949  
(0.753) 

-0.091  
(0.575) 

-0.313  
(0.582) 

Number of Open Contests 
(NOC) 

-0.236***  
(0.053)    

Constant -52.216***  
(7.026) 

103.809***  
(6.422) 

107.365***  
(4.904) 

106.687***  
(4.902) 

Observations 913 

R2 0.462 0.352 0.309 0.313 

Adjusted R2 0.457 0.343 0.300 0.303 

∗, ∗∗, and ∗∗∗ indicate statistical significance at the 10%, 5%, and 1% levels, respectively. Robust standard 
errors in parentheses. Model 3.2 includes the squared NRS variable, whereas 3.1 doesn’t. Source: Own 
work 
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On the final data set of 913 crowdsourcing contests, linear (OLS) regression models were 

run on the participation (NRS), the average performance (AS) and the maximum perfor-

mance (MS). The results can be found in Table 2. The descriptive patterns and correlation 

matrix are presented in Appendix A and Appendix B, respectively.   

For each linear regression model, the f-test statistic was calculated and was found to be 

significant (at the 1% level). Moreover, each model was checked for heteroscedasticity 

with the Breusch Pagan test (Breusch & Pagan, 1979), resulting in p-values smaller than 

0.01. The variance inflation factors (VIF) are presented in Appendix C, showing that the 

three basic regression models are free of multicollinearity (maximum variance inflator fac-

tor = 2.426). Only the last model, which adds the squared NRS variable shows naturally 

a higher variance inflation factor for this variable (24.728). 

Furthermore, the regression model 1, which analyses the impact of contest elements on 

the level of participation, was additionally run on an alternative data sample, which in-

cluded - besides successful contests - also failed contests. This analysis was conducted in 

order to investigate potential differences, when these unsuccessful contests are added. 

Potentially contests might have failed due to a poor problem description. However, the 

coefficients and significance levels showed the same results as in the model analysing the 

final data set.  

4.1 Number of Solvers  

In this section, the relationship between the level of competition and the contest perfor-

mance is examined. Both opposing theories, the competition effect and the parallel path 

effect, as well as a potential curvilinear relationship are being investigated.  

In terms of descriptive patterns, the number of registered solvers (NRS) ranges between 

1 and 60 (Mean: 23.46) while the average score (AS) and the maximum score (MS) var-

iables have a mean of 88.65 and 92.62, respectively (see Appendix A). 

The first point of discussion is the impact of the number registered solvers (NRS) on the 

average performance in a crowdsourcing contest. Following Hypothesis 1a, a negative 

coefficient on the number of registered solvers (NRS) is expected. The results, presented 

in Table 2 (Model 2), show indeed that a higher number of solvers results in a reduced 

average performance (ß = -0.091, p < 0.01). These results confirm H1a, aligned with the 

view of the competition effect.  
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Subsequently, the evidence of the parallel path effect is investigated. According to this 

theory, the maximum score (MS) in a contest should increase with a higher number of 

solvers (NRS). Hypothesis 1b therefore suggests a positive effect of NRS on the maxi-

mum performance in a contest. The results (Model 3.1) confirm H1b (ß = 0.138, p < 0.01). 

Finally, a third analysis investigated whether a curvilinear relationship between the num-

ber of registered solvers (NRS) and the maximum score (MS) is existent. As shown (Hy-

pothesis 1b), analysing the maximum performance, outweigh the advantages of an in-

creased number of solvers the disadvantage of a lowered performance average, caused by 

the competition effect (Hypothesis 1a). However, hypothesis 1c proposes that this rela-

tionship changes at a certain number of participants and gets negative, thus a curvilinear 

relationship is in place. The results (Model 3.2) also confirm this hypothesis and indicate 

a negative u-shaped relationship between the two variables (NRS: ß = 0.311, p < 0.01; 

NRS squared: ß = -0.003, p < 0.05). Hence, adding competitors to a contest leads to a 

better contest performance. However, this positive effect declines gradually and finally 

even a negative return sets in, wherefore adding further competitors beyond this threshold 

let the maximum performance in a contest decline. Nevertheless, it needs to be stressed 

that the coefficient (NRS squared), indicating a negative curvilinear relationship, is very 

small, wherefore the impact is rather low.  

By adding the quadratic variable to the model, the explanatory power (Adjusted R2) 

slightly increases from 30.0 (Model 3.1) to 30.3 (Model 3.2).  

4.2 Monetary Award  

In this section, the impact of the monetary award on the level of participation and the 

maximum performance is examined.  

In total, the rewards of the contests in the sample amounted to $2.2 million (see Table 3). 

The monetary award (MA) for the analysed TopCoder contests ranges between $300 and 

$5,250 (Mean: $1,958.27) (see Appendix A). 

Table 3: Total Rewards of Contests in the Sample 

 Failed Contests Successful Contests Total 
Monetary Award  $             413.975,00   $          1.787.900,00   $          2.201.875,00  
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The first analysis regarding the award in a contest examines the impact of an increased 

award on the number of registered solvers (NRS). It was expected that a higher monetary 

award (MA) positively affects the number of registered solvers (NRS) (H2a). The finding 

(Model 1) confirms this hypothesis (ß = 2.367, p < 0.01).  

Hypothesis 2b states that an increased monetary award (MA) results in an improved max-

imum score (MS) since solvers are extrinsically motivated and therefore invest more ef-

forts into their solutions. The results (Model 3.1 and Model 3.2), however, show the op-

posite, reflected by a negative coefficient (Model 3.1: ß = -1.092, p < 0.01; Model 3.2: ß 

= -1.227, p < 0.01). Hence, higher price awards lead to a lower maximum performance, 

which is contrary to theory and previous experiments. Moreover, this impact is also pre-

sent and significant regarding the average performance in a contest (Model 2), wherefore 

it can be stated that all performances lower when the award is increasing.  

Thus, the monetary award, as an extrinsic motivation, enhances the level of participation 

but worsens the solvers’ performances.  

4.3  Problem Presentation 

The last part of analysis investigates the impact of the problem description on the level of 

participation and the performance. Specifically, the text length, the text readability and 

the number of links in the problem statement are analysed.   

The description readability (DR) value reflects the Automated Readability Index (ARI) 

(Smith & Senter, 1967). A low score reflects short words and sentences, wherefore a text 

is easy to read. A high score implies a more complicated and specified content.  

Hypothesis 3a suggested that a problem statement with lower learning costs, meaning that 

it takes less time to fully understand the task, leads to an increased number of contestants. 

Hence, learning costs increase when the values for the description length (DL), the de-

scription readability (DR) and the number of links in the description (NLD) are higher, 

because solvers have to invest higher efforts to fully grasp the problem description.  

Results partly confirm this hypothesis (Model 1): The description length (DL) (ß = -

0.907, p < 0.1) and the number of links in the description (NLD) (ß = -0.236, p < 0.01) 

negatively affect, as suggested, the number of registered solvers (NRS). Thus, the shorter 

the text and the fewer URL links in the text, the higher is the number of participants. The 
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description readability (DR) has, contrary to the hypothesis, a positive coefficient (ß = 

1.339). However, this finding is statistically insignificant.  

H3b explores the impact of the problem presentation on the maximum performance. It 

was expected that an extensive and detailed problem statement improves the maximum 

solution, since the scope of interpretation regarding the solution’s requirements is smaller 

(Hypothesis 3b). Hence, solvers are clearer about the seeker’s requirements and can meet 

the expectations easier. This hypothesis is partly confirmed by the regression models 

(Model 3.1 and Model 3.2). As suggested, the number of links in the description (NLD) 

(Model 3.1: ß = 0.153, p < 0.01; Model 3.2: ß = 0.161, p < 0.01) and the description 

readability (DR) (Model 3.1: ß = 1.964, p < 0.05; Model 3.2: ß = 2.026, p < 0.05) increase 

the maximum score (MS) in a contest. Against expectations, the description length (DL) 

has an opposite effect since the maximum performance decreases with a longer text 

(Model 3.1: ß = -2.563, p < 0.01; Model 3.2: ß = -2.467, p < 0.01). This result is surprising 

since it was expected that a longer text conveys more information which reduces infor-

mation asymmetry between seeker and solver. 
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5 DISCUSSION 

The purpose of this study was to examine how certain contest attributes in crowdsourcing 

contests should be ideally designed in order to maximize the outcome of a contest for the 

seeker (the firm). This aspect of research on crowdsourcing contests was incomplete and 

required further investigation (Adamczyk et al., 2012). Closing this gap of research, this 

study particularly discussed three design elements of a contest. The monetary award, the 

problem description and the number of participants, each being examined regarding its 

impact on the level of participation and the performance of a contest. Thus, this study 

aimed to find empirical evidence on the ideal contest design, based on a large and current 

data set of 913 contests from the crowdsourcing platform TopCoder.  

Other major studies mostly investigated contests which were launched several years ago. 

For example, Boudreau and colleagues (2011) analysed contests that took place between 

2001 and 2007. However, firms’ usage of crowdsourcing contests clearly changed over 

the last decade (Boudreau & Hagiu, 2009). Therefore, the sample of contests in my study 

is able to provide a more relevant analysis of firm’s current usage of crowdsourcing con-

tests to source innovations. Moreover, the large sample size itself elevates the relevance 

of this study. 

Summarizing the findings of this study, it was shown that more solvers in a contest lead 

to a lower average performance but a higher maximum performance, wherefore it is pref-

erable for a firm to have many participants competing. However, the benefit of adding 

solvers gradually declines and finally reverses and negative returns set in. Hence, an in-

verted u-shape relationship between the number of solvers and the maximum perfor-

mance was found in this study. 

Moreover, findings revealed that a higher monetary award motivates more solvers to par-

ticipate in a contest, but, surprisingly, decreases the solvers’ performances.  

Finally, the problem description was examined and the findings show that a shorter prob-

lem description results in a greater number of participants and a better maximum contest 

outcome. Moreover, a problem description which contain URL links, directing the solver 

to additional information, declines the level of participation but improves the maximum 

performance. Lastly, findings further show that a problem description with a high reada-

bility score, reflecting a detailed and sophisticated text, leads to a better maximum per-

formance.   
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5.1 Theoretical Implications 

This study provides some theoretical implications. Firstly, it enriches the academic dis-

cussion regarding the ideal number of solvers in a contest. Although the term crowdsourc-

ing implies that a problem is broadcasted to a large crowd of people, the literature is not 

consent whether such an unrestricted participation model is actually ideal regarding the 

contest outcome. Two contrary theories, the competition effect and the parallel path ef-

fect, were presented and their existences finally empirically tested. It was given evidence 

for the theory of the competition effect, suggesting a lowered average performance when 

having a higher number of contestants (Fullerton & McAfee, 1999; Garcia & Tor, 2009). 

Hence, the expected value of all solutions decreases with a higher level of participation.   

The parallel path effect, as an opposing theory, argues for an improving maximum solu-

tion when solvers are being added to a contest (Boudreau et al., 2008; Dahan & 

Mendelson, 2001; Nelson, 1961). The effect was tested in a further hypothesis and was 

also proven to be existent. Thus, as Terwiesch and Xu (2008) suggested in their theoretic 

model, the parallel path effect is able to outweigh the competition effect. This means that 

a higher number of contestants in a tournament is preferable for a seeking firm since it 

improves the best delivered solution. 

These findings are impactful for the theoretic discussions regarding the ideal number of 

participants in crowdsourcing activities. Firstly, and against the conclusions of many 

economists (e.g. Fullerton & McAfee, 1999), who argued that participation in contests 

should be restricted to two solvers, the results of this analysis show a greater number of 

solvers is desirable for a firm. Thus, confirming empirically the theoretic model of Ter-

wiesch and Xu (2008), the competition effect and the parallel path effect coexist but, in 

the view of a firm, the benefits of the parallel path effect outweigh the negative impact of 

the competition. It is important to note that this finding only applies to contests where 

only the best outcome (best solution) is of interest for the firm. This is the case for inno-

vation problems (Girotra et al., 2010), which were the subject of this analysis.  

Furthermore, a possible curvilinear relationship between the maximum performance and 

the number of solvers in a contest was examined. Prior research in the field of 

crowdsourcing had not explored this possibility wherefore the analysis clearly enriches 

the academic discussion regarding the ideal number of contestants. It was expected that, 

adding contestants beyond a certain level would have a detrimental effect on the maxi-
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mum performance, since the correlation effect exponentially increased and finally out-

performs the parallel path effect. Thus, a negative u-shaped relationship between the num-

ber of solvers and the maximum performance was assumed. The results of the regression 

model confirmed this hypothesis.  

This finding is impactful for academic research, since it gives evidence for the existence 

of a curvilinear effect, which means that the parallel path effect does not indefinitely out-

weigh the competition effect but reverses at a certain number of contestants. Hence, this 

study was able to apply the analysis of Laursen and Salter (2006) in the field of open 

innovation to the question how many solvers should ideally participate in a crowdsourc-

ing contest. As in Laursen and Salter’s study, it was shown that too many external sources 

(solvers) are not beneficial for the firm. Hence, the finding of a curvilinear effect advances 

the theoretic research on crowdsourcing contests.  

Furthermore, this study shed light on the role of a problem description in a crowdsourcing 

contest. The only major scientific experiment which analysed the problem statement of a 

crowdsourcing contest, is the one from Yang and colleagues (2009) which found that 

shorter problem descriptions capture more solvers. However, the analysed contests of the 

study varied strongly in terms of award value and task complexity and furthermore in-

cluded expertise-based projects but also ideation projects. Thus, it is expected that the 

results of my study provide more relevant and clear implications for research. It was 

shown that in expertise-based projects, a shorter problem description improves both, the 

maximum performance and the level of participation in a contest.  

As the first empirical study in the field of crowdsourcing contests, the text readability and 

the number of links in a problem description, as further design elements, were examined 

in regards to their impacts on a contest’s performance and participation. Therefore, the 

study provides theoretical implications since no prior research had explored these factors 

in the field of crowdsourcing contests yet.  

By applying the switching cost theory to crowdsourcing contests, it was shown that solv-

ers are more likely to participate in a contest if its switching costs are low. Hence, solvers 

prefer a contest with a shorter problem description and fewer inserted URL links since 

they need fewer time to grasp the problem’s requirements.  
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5.2 Managerial Implications 

This study also provides several managerial implications for managers of firms or inter-

mediary platforms. First of all, it was shown that, in general, more solvers are preferable 

for the firm. Nevertheless, caused by the inverted curvilinear relationship between the 

number of solvers and the best contest performance, firms may want to consider to intro-

duce a limit for contest participation. Although such an implementation contradicts the 

principle of open-call crowdsourcing, where everyone is invited to participate, it may 

result in improved contest performances. Indeed, a limitation on a first-come, first-served 

basis has the risk to, consequently, exclude high-expertise solvers from the contest, who 

would be likely to develop the best solution. Furthermore, the curvilinear relationship is 

determined by a very low coefficient, wherefore negative returns don’t set it abrupt and 

neither with a strong impact. Thus, considering these two aspects, the risk of excluding 

skillful solvers with a registration limit and the low practical impact of the quadratic fac-

tor, an open participation should be still preferable for the firm.  

As an additional contest attribute, the award structure was analysed. The results bring a 

few implications for contest organizers. In alignment with prior research in other types of 

contests (Lazear & Rosen, 1981; Snir & Hitt, 2003), the analysis indicates that a higher 

price award attracts more participants. Thus, firms are able to increase the level of partic-

ipation by setting a higher price amount.  

The impact of the monetary award on the performance in a contest reveals unexpected 

results. In contrast to previous studies (e.g. Archak, 2010), results show that the contest 

performance decreases with a higher reward. This finding is rather surprising since solv-

ers in crowdsourcing contests are strongly motivated by the chance of winning money 

(Leimeister et al., 2009; Terwiesch & Xu, 2008), wherefore a higher award should raise 

solvers’ motivations to invest efforts, resulting in better performances. This finding sug-

gests that firms not naturally get better solutions, only by setting a high award value. One 

possible but rather speculative reason for this finding might be the review scorecard on 

the TopCoder platform, based on which the jury of a contest assesses a solver’s perfor-

mance (sse Appendix H). Although being very data-driven and objective, the evaluation 

leaves some space for subjective evaluation. When facing a contest with a high monetary 

price, jury members might tend to evaluate solutions slightly more negative since expec-

tations regarding a solution may rise with a higher award.  
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Furthermore, findings indicate that firms can source better solutions when they design the 

problem description in a specific way. Firms face a conflict of interests when writing a 

problem description. On the one hand problem descriptions have to be written in an easy 

manner so that solvers from other areas of expertise are able to understand the problem 

(Afuah & Tucci, 2012; Spradlin, 2012). On the other hand, it is essential that problem 

statements include all requirements in detail so that solvers exactly understand the 

seeker’s expectations regarding solutions. (Lüttgens et al., 2014).  

The study showed that shorter problem descriptions do not only attract more solvers to a 

contest but also positively affect a contest’s best performance. Thus, firms can achieve 

both, an increased level of participation and a higher contest performance by writing a 

concise problem description.   

Finally, a high specificity of the problem description, achieved through writing a problem 

statement in a detailed and sophisticated way and through incorporating URL links with 

additional details, improve the maximum contest performance. Hence, firms should in-

vest great efforts to provide a detailed problem description, clearly defining the problem’s 

specifications and expectations regarding solutions of solvers.  

However, in the case of the number of URL links, a trade-off was found since an increas-

ing number of links subsequently reduces the number of participants. Therefore, firms 

should only insert links with additional information when they really provide valuable 

information regarding the problem.   
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6 LIMITATIONS AND FUTURE RESEARCH 

The analyses of this study have a number of limitations. First of all, the sample only 

includes software engineering contests from two specific categories. These chosen con-

tests may not reflect all types of crowdsourcing contests, hence the generalizability of this 

study may be limited. Furthermore, the focus of this study has been limited to tournament-

based crowdsourcing, more specifically to expertise-based contests in which a solver’s 

performance is mainly determined by his expertise (Terwiesch & Xu, 2008). Future re-

search could expand the conducted analysis to other types of contests (ideation projects, 

trial-and-error projects) and other types of crowdsourcing methods.  

Moreover, problems posted on TopCoder are rather small in terms of scale, compared 

with more complex, industrial problems that companies are facing. Thus, several addi-

tional factors may be relevant in regards to firms’ typical problems. Nevertheless, it is 

worth noting that crowdsourcing contests are increasingly used by firms to solve innova-

tion problems rather than being used sporadically for ad-hoc contests as it has historically 

been the case (Boudreau & Hagiu, 2009).  

Another limitation is the fact that the analysis is limited to variables which are publicly 

available on the TopCoder website. Indeed, each contest webpage includes a forum where 

participants can discuss with other solvers and can get feedback on ideas from the seeking 

firm. This forum is not accessible for contests which took place in the past. However, the 

impact of such a forum on solvers’ performances is expected to be negligible since an 

analysis of the contest sample revealed that solvers tend to submit their solutions at the 

very end of the contest wherefore they are not able to receive and implement feedback on 

time. Nevertheless, little research exists - besides a few exceptions (Füller, Hutter, Hautz, 

& Matzler, 2014) - that investigates the impact of collaborative features in competitive 

contests wherefore this is a possible subject for future research.  

The expertise measurement of solvers is another possible limitation of the analysis. Solv-

ers who have only a low expertise score may have joined TC only recently wherefore 

their scores don’t reflect their actual skills yet. Moreover, some solvers may care more 

about their expertise ranking than others and are more selective in their choice of contests. 

Nevertheless, the Elo-based calculation of expertise is expected to be more accurate than 

considering absolute numbers (e.g. number of wins; number of contest participations) as 

another studies does (Y. Yang et al., 2010). 
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The analysed problems from TopCoder are software engineering problems wherefore 

problem descriptions have to be written in a technically sophisticated manner in order to 

explain the firm’s problem. Thus, problem descriptions of the analysed contests are 

clearly at variance to other types of crowdsourcing contests, such as ideation projects (e.g. 

design contests). It is therefore doubtful that results can be transferred to other 

crowdsourcing initiatives which aim to source notably less technical solutions. Neverthe-

less, the major crowdsourcing platforms (TopCoder, InnoCentive, CodeChef9) focus on 

expertise-based projects, wherefore this study provides clear implications for contests on 

these platforms. 

Future research may examine the role of the monetary award in crowdsourcing contests 

in more detail. Findings showed that the monetary award has a negative impact on the 

solvers’ performances, which is contrary to prior research (Brabham, 2010; Leimeister et 

al., 2009). This could be explained with aspects of the motivation theory or with other 

factors of crowdsourcing contests, hence future research could further explore this role of 

the monetary award.  

 

  

                                                 
9 https://www.codechef.com/ 
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APPENDIX 

Appendix A: Descriptive Statistics   

Table 4: Descriptive Statistics of the Variables 
Variable N Mean St. Dev. Min Max 
Contest Performance      
Maximum Score (MS) 913 92.62 5.95 73.89 100.00 
Average Score (AS) 913 88.65 8.04 43.84 100.00 
      
Contest Characteristics       
Number of Registered Solvers (NRS) 913 23.46 10.10 1.00 60.00 
Contest Duration (CD) 913 5.42 1.67 0.50 17.00 
Monetary Award (MA) 913 1,958.27 646.49 300.00 5,250.00 
Skill Variety (SV) 913 4.75 1.80 0.00 13.00 
Difficulty (D) 913 0.12 0.10 0.02 1.00 
      
Solvers‘ Characteristics      
Expertise Maximum (EM) 913 1,659.19 285.42 0.00 2,291.00 
Expertise Average of Registered Solvers (ERS) 913 481.13 130.80 0.00 937.27 
Expertise Average of Solvers with Submissions 
(ERSS) 913 1,128.03 443.01 0.00 2,252.00 

      
Problem Presentation      
Description Length (DL) 913 4,956.81 3,069.70 1,116.00 25,237.00 
Description Readability (DR) 913 11.37 2.15 3.23 32.98 
Number of Links in the Description (NLD) 913 2.92 4.94 0.00 60.00 
      
Platform Characteristics      
Number of Open Contests (NOC) 913 8.00 5.52 0.00 25.00 
Platform Maturity (PM) 913 383.54 147.20 175.05 724.62 
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Appendix B: Correlation Matrix   

Table 5: Correlation Matrix 
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Appendix C: Variance Inflation Factors   

Table 6: Variance Inflation Factors of independent Variables 

 Dependent variable: 

 
Number of Regis-

tered Solvers 
(NRS) 

Average Score 
(AS) Maximum Score (MS) 

 1 2 3.1 3.2 

Number of Registered Solv-
ers (NRS)  2.426 2.426 24.728 

NRS (squared)    19.437 

Contest Duration (CD) 1.358 1.499 1.499 1.499 

Monetary Award (MA) 1.447 1.534 1.534 1.589 

Skill Variety (SV) 1.078 1.089 1.089 1.089 

Difficulty (D) (log)  1.753 1.753 1.845 

Expertise Maximum (EM)  1.823 1.823 1.878 

Expertise Average of Regis-
tered Solvers (ERS)  1.731 1.731 1.731 

Expertise Average of Solvers 
with Submissions (ERSS)  1.701 1.701 1.723 

Description Length (DL) 
(log) 1.204 1.273 1.273 1.295 

Description Readability (DR) 
(log) 1.032 1.033 1.033 1.034 

Number of Links in the De-
scription (NLD) 1.116 1.172 1.172 1.184 

Platform Maturity (PM) (log) 1.372 1.810 1.810 1.863 

Number of Open Contests 
(NOC) 1.412    
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Appendix D: TopCoder Contest 

 



APPENDIX 57 

 

Figure 7: Exemplary TopCoder Contest Description 
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Appendix E: TopCoder Participants  

 

Figure 8: List of participating Users in a TopCoder Contest 
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Appendix F: TopCoder Results 

 

Figure 9: TopCoder Results Overview 
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Appendix G: TopCoder Solver Profile 

 

Figure 10: TopCoder Solver Profile 
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Appendix H: TopCoder Review Scorecard 
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Figure 11: TopCoder Review Scorecard for Assembly Contests 
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Appendix I: Crawling 

 

 

Figure 12: Exemplary Crawling Setup for Assembly Contests 

 

 

 




