Analysis of Open Innovation Communities from the per spective of
Social Network Analysis

Open Innovation is an emergent paradigm by whigdawnizations make use of
their internal and external resources to perforgirtmnovation processes. The
growth of information and communication technolagias facilitated the spread
of online open innovation communities, where usens share ideas as well as
commenting and evaluating ideas posted by othemuarity members. In this
work, the behaviour of community members is analyzem the perspective of
social network analysis. The final aim is twofdfidst, to measure to what extent
the different forms of participation are correlatedeach other; and, second, how
the collective intelligence evaluation schemes banuseful to identify those
users posting ideas which are potentially appliediyl the organization. Obtained
results can help community managers and organimtmimprove the efficiency
of the evaluation process when hundreds or thossahideas are shared through

the online community.
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I ntroduction

Open Innovation refers to the use of external resmuand partners to improve
the innovation capacity of the organization, ankieseon the idea that invention and
innovation can emerge both inside and outside dingpany’s walls (Chesbrough et al.,
2006; Banerjee et al. 2010). Consequently, openviaition processes involve a wide
range of internal and external technology soureesl a wide range of internal and
external technology commercialization channels lf@&ath & McAdam, 2011). As a
difference to the traditional innovation model stiparadigm also assumes that the risks
derived from opening the innovation, such as thees® to valuable information by
competitors or the loss of control over the inn@waprocess, can be compensated by a

richer number of innovative ideas. The active irdéign of customers contributes to



reduce uncertainty about the market. This integnatheans that customers become an
active designer in the process of innovation.

Open innovation communities have emerged as a popukechanisms to
integrate customers as part of the innovation @®ce€his trend is explained because
Internet offers global accessibility and facilimteommunication and interaction
between contributors for a comparatively low cdste most viable approach for using
the crowd as a resource is through open innovgilatforms on the Internet, which
have exponentially grow during the last years (@spp & Lakhani, 2010; Mahr &
Lievens, 2012). Through these virtual environmenters or experts can share ideas
with the rest of the community, which can be gepfpreally distributed all over the
world. In this sense, they are connected with comities of practice, which are
communities of users organized around circumscribets of activities, and their
members develop their own routines, formal andrmfd rules, and practices evolve as
a result of learning (Wenger, 1998).

Although open innovation communities constituteoarf of virtual community
based on crowdsourcing, they exhibit importantedéhces with respect to other type of
communities based on mass collaboration like omence software communities or
collaborative research communities. While in opermovation communities the focus is
on the firm or the product, and users are usudlbwad to participate by posting,
commenting or evaluating ideas, the mass collalmoratakes the form of self-
organizing bottom-up driven movements, where tlea i the carrier and focus of the
organization (Elmquist et al., 2009; Martinez-Ter& Diaz-Fernandez, 2013). This is
the case of open source communities, which exhilsiear onion-like structure, with a
central core of highly active individuals, surroeddby other layers of progressively

less active individuals (Martinez-Torres et al.12) Open source communities don't



implement a collective evaluation system. Postimgpvations requires a certain level of
expertise and modifications are decided by a retigreup of experts that constitutes
the core of the community. As a difference, opamuation communities are open to
all registered customers and users. They don'ineqgthigh level of expertise and users
are free to comment and score other users ideasfiffdd decision about the suitability

of ideas is carried out by the company, consideitiegy own experts opinions and their
innovation strategic policies.

One of the most important challenges of open intiomaparadigm is its
effectiveness in terms of performance. Prior siti@ve found a non-linear relationship
between open innovation and performance (Laurs&aler, 2006). The main problem
is that the huge amount of generated informatiolurages company’s absorptive
capacity (Clausen, 2013). Posted ideas should l@uaed one by one by the
innovation department, even with the help of expet the organization in some
specific topics. Ideas evaluation consists of mgdhe idea, assessing its applicability
attending to the strategic innovation policies loé torganization and planning their
possible implementation in case they were finatiyegoted.

Some authors have tried to solve this problem bpducing a special group of
users, called lead users (von Hippel, 1986; 1988¢y are characterized because they
can foresee innovations much earlier than the oksisers. Lead users have also the
ability to develop a fully functional solution fteir needs (Morrison et al., 2004; Mahr
and Lievens, 2012). Therefore, they can be usddrésee future trends. According to
several authors (Morrison et al., 2004; Urban aod tippel, 1988), lead users are
more active in the community than the rest of usédrthe community. That is, this
specific group of users can be identified by tlodiaracteristics of participation inside

the community.



This paper follows this approach and analyses #ieems of behaviour of the
community users by modelling the community as aiatoeetwork, where nodes
represent the community users and arcs represeit iteractions. Social network
analysis has been frequently used to analyze thei¢ers in open source communities
(Toral et al., 2010) or the key players in mobitesgystem (Basole, 2009). Both of them
corresponds to a micro structural analysis baseth@mopological properties of nodes.
In the case of open innovation communities thewe dtear partition consisting of those
nodes whose ideas have been finally implementethéyompany, as opposed to the
rest of users. Information about ideas implemeigthe company is publicly shown,
as a general recognition to those users who ptetesting ideas, and to encourage the
participation of the rest of users. The main ctwition of this paper consists of
obtaining the features of participation which arerenrelevant to identify innovative
users, defined as those users whose ideas arly imglemented by the company. The
concept of influencer is specific to those commasitopen to a wide audience, like
open innovation communities or consumer communifieégey don't need a certain level
of expertise or to became an expert through a ilegorocess, as it is typical in more
specialized virtual communities, where the profbiiebrokers of knowledge is more
extended (Sowe et al., 2006). Additionally, theientification can save a lot of effort
and human resources in the process of evaluateasgidith potential applicability.

The rest of the paper is organized as follows: sextion details the research
framework. Section 3 introduces the case studytlaadefinition of variables. Section 4
explains the proposed methodology, and sectioro&shhe obtained results, which are
discussed in section 6 as well as the main impdinatand limitations of this work.

Finally, the paper is concluded in section 7.



Resear ch framework

Open innovation communities are organized arourd gbssible innovations
that could be implemented over the products andces of an organization, and they
have proliferated from the emergence of Web 2.8ssiThey are different to other
online communities that works as digital reposdsrbf information where users post
information at will, and contributions do not reggoto any specific request for
information (Martinez-Torres & Diaz-Fernandez, 213

Open innovation communities allow each registerser wo participate sharing
ideas, posting comments or evaluating ideas pdsyedther users. Previous works
show that users of an open innovation community tenparticipate in all the allowed
modalities through the open innovation websitesdTet al., 2011). The most typical
form of participation consists of posting ideas.wdwer, community users can also
refine, improve or criticize a previously postegadby posting comments associated to
this idea. According to previous research aboutigpation in open innovation
communities, the user’s motivation to post ideasamnments depends on factors like
learning, cooperation and entertainment (Antikaieeal., 2010). Following the social
learning theory of Wenger (1998), learning implias participation in a social
environment, as knowledge is acquired in the cdniexvhich it is generated. That
means that the users’ interactions through shakeasiand comments promote learning
from the community. Cooperation is achieved witle ttow of resources in the
community, which facilitates the generation of niel@as (Faraj et al., 2011). Finally,
entertainment is stimulated when users feel engagghdthe community, which in turn
Is a consequence of the successful interactiorts atiter users commenting or scoring
ideas. As a result, activity of users is encouragbdn the posted ideas or comments

grow up the interest of other users, or generadebate or discussion. Sometimes the



company participates in the discussion through sepexific user to clarify some
aspects of the posted ideas.

The modality of participation scoring other usetsas provides a measurement
about user reputation. The received feedback iridime of a rating gives an idea of the
confidence one can have on the ideas posted bydfispuser (Pujol et al., 2002).
Companies make use of this kind of community-baded evaluation to facilitate the
process of identifying the best ideas (Berg-Jenseml. 2010). Using the scoring
system, the community performs a collective judgirtask improving the knowledge
transmission between the community and the comfagiyneister, 2010; Blohm et al.,
2011). Furthermore, selecting the most popularsdess the advantage of transmitting
the message that the company is committed to userséssities. However, the
disadvantage is that this system requires the @kplnd frequent involvement of users
that issue ratings, and the fact that most popdkas are not always aligned with the
company innovation strategic policies.

This paper analyzes the participation of communsgrs by modelling their
interactions as social networks. Using those usédrese posted ideas were finally
implemented as the dependent variable, this pagmiodstrates that community-based
evaluation fails in finding those ideas that wilidlly be implemented by the company.
Moreover, this paper identifies the features oraldes which are more appropriate for

the identification of innovative users.

Case study and definition of variables

Dell IdeaStorm is a user innovation community whenel users freely reveal
innovative ideas with the community members and Belimprove its products and

services (Di Gangi & Wasko, 2009). This websiterespnts a new way to listen to



customers on how to build the best products andicgs. Through IdeaStorm,
customers can post their ideas about existing anm#o Dell products, services and
operations. They have also the option of commentitiger users' posted ideas,
suggesting improvements or criticizing them. Assult, a debate is generated around
those posted ideas which attracts the interesheicommunity. Moreover, users have
the option of scoring ideas following a collectiegaluation system, through which
users can promote or demote ideas. Promoting an ades ten points to its current
rating, while demoting an idea subtracts ten poldsers are free to decide which ideas
they want to comment, promote or demote, and tlaeyatso choose doing any of the
three possible actions. Users have to register avithlias to be allowed to participate in
the community. This alias is unique and identifgrgswhenever they post an idea, a
comment or a rating. Each user can participat@mag &s they are registered. From the
researcher point of view, one of the most attr&ctiharacteristics of open innovation
communities is the fact that historic informatigrpublicly available.

A total of 1482 ideas shared were collected anadgs®ed. For each idea, the

information listed in Table 1 was extracted.

Table 1. Data extracted for each shared idea.

Title of posted idea
Alias of the user that posted the ideas
Comments

o Number of comments received

0 Alias of users commenting the idea
Promotions

o Number of promotions received

0 Alias of users promoting the idea
Demotions

o Number of demotions received

0 Alias of users demoting the idea

The community can be modelled as a social netwsmisidering users as nodes

and arcs as interactions among users. Taking ttoumt the mentioned modalities of



participation, three different social networks damnextracted: a comments network, a

promotions network and a demotions network.

A. Comments network

The comments network was built by processing ththams of comments
generated by the considered 1482 shared ideastoldlesize of this network is 1381,
which includes those users who have contributethéocommunity posting ideas or
comments. The resulting network is a valued dickgigph, which means that several
interactions between the same users can take @adethat the arcs are directed from
users commenting ideas to the user who originaisted the idea. Figure 1 and Figure
2 display the comments network. The area of nodebken drawn proportional to their
in-degree value in the case of Figure 1, and ta that-degree value in the case of

Figure 2.

Figure 1. In-degree values of the Comments network



e

Figure 2. Out-degree values of the Comments networ k

The 1381 nodes of the network includes the 1158&ubat have at least posted
one idea, plus the 208 users who have only paatieth commenting ideas without
actually sending an original one.

Nodes with a higher in-degree value in Figure 1those users whose posted
ideas received more comments from the rest of trenwunity, that is, those users
whose ideas aroused more discussion and debate Withcommunity. Out of the 1381
community of users, 808 have an in-degree valueedd, including the 208 users that
never posted an idea and those users that postadeanbut never received any
comment. Only 315 users that posted ideas receredr more comments.

Similarly, nodes with a larger size in Figure 2 dh& most active users
commenting shared ideas. Collected data reveatia 408 users posted at least one
comment, while the rest of 953 users did not pigdie in the community commenting

ideas.



In summary, open innovation communities follow upi@equality participation
scheme similar to other online communities. Thisgumality participation means that a
majority of contributions are posted by a smaltfien of the community (Toral et al.,

2010).

B. Promotions network

The promotions network is built considering usessades, and arcs as the links
between users promoting an idea and the authorongmally posted this idea. Figure
3 and Figure 4 show the promotions network, empgiragiwith a larger area those
nodes with a higher in and out degree, respectivalyhis case, the network size is
2151. Again, it can be distinguished between usdrs have posted at least one idea

1153, and users who have promoted ideas but hase pested an idea, 998.

Figure 3. In-degr ee values of the Promotions network



Figure 4. Out-degree values of the Promoations networ k

Figure 3 clearly illustrates that shared ideas ivecenore promotions than
comments in comparison to the corresponding comsneetwork of Figure 1. This
could be explained because it is much easier ramglea than commenting it. Rating
ideas do not require any justification, while conmivey an idea requires a previous
knowledge about the addressed subject.

Figure 4 shows the activity of the members of thmmunity when promoting
ideas. Although nodes appear overlapped, it has begntained the same scale when
representing the area of nodes for comparison gerpath previous networks. It can be
noticed that some specific users are quite prasiéioding promotions (there are 5 users

with an out-degree higher than 500). Most of ubarse promoted at least one idea.

C. Demotions network
The demotions network is built in a similar wayttee previous network, but

using demotions instead of promotions. Network $iz&459 (that is, the 1153 users



who have posted at least one idea, and the 306 usgr have demoted ideas but have
never posted an idea). The meaning of the demot@t&ork is the same as the
promotion network, but using the idea of demotiostéad of promotion.

Figure 5 and Figure 6 displays the demotions nétwbeing the size of the
nodes proportional to their in and out degrees.irAshe corresponding promotions
networks, Figure 5 confirms that shared ideas g#e@anore activity through scoring
than through comments. Figure 6 illustrates thegmee of very active “demoter” users

with an huge out-degree value.

Figure 5. In-degr ee values of the Demotions networ k



Figure 6. Out-degree values of the Demations networ k

The degree distributions of the three consideré@ar&s point out that the three

of them exhibit features of scale free networkheathan random networks.

Table 2. Comparison of the three obtained network with Erdos-Renyi and scale-free networks.

Erdos-Renyi Scale-free
Networks CcC p CcC Alpha D
Comments | 0.0171 | 6.16e-Z | 0.00141 2.06 0.039
Promotions | 0.0163 | 6.17e-4 | 0.00232 2.46 0.018
Demotions | 0.0067 | 1.40e-3 | 0.00069 211 0.034

Table 2 shows the clustering coefficient for eadhtlee three considered
networks and for the equivalent Erel@enyi networks. It can be noticed that equivalent
ErdosRenyi networks have a clear lower value for thesteting coefficient than the
original networks. This Table also shows how thgrde distributions of the three
considered networks can be better fitted by a pdawerdistribution (Figure 7). The
coefficient was estimated according to the goodoéds based method described in
Clauset, Shalizi, Newman (2007). The Kolmogorov4®w test D value for both of

them are below the critical value given by 1.6%IN
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Figure 7. Degree distributions and power law fit.

M ethodology

This section details the methodology used to perftre proposed study. Three basic
steps have been taken into account. The first oomesists of designing and
programming a crawler to extract the data from dpen innovation website. The
second one consists of modelling the community ssceal network and extracting its
topological features. The final step describesrdgression analysis used to find the

variables which characterize innovative users.

A. Data extraction

A crawler has been designed and programmed to obxtre data from
IdeaStorm open innovation website. These websitestygically structured through
shared ideas. For each one of them, the auth@g(stered user identified by an alias),
the received comments and the ratings are showa.dékigned crawler was designed
to access the source code of the webpage, andraxethe alias of community users as

well as their interactions, as shown in Figure 8.
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Figure 8. Flow diagram of the designed crawler for extracting usersand their interactionsin open innovation
communities.

Basically, the crawler performs a double processihgvebpages, as shown in
the two inner loops of Figure 8. In the first lodhpse webpages which contains the
shared ideas are accessed and processed to digtdina list of users. These users are

identified by an alias that they choose when regisg in the community. The second



loop obtains the interactions among users, extrgaind processing those users that
have posted comments or ratings to shared ideas.nfdin advantage of using a
specific crawler instead of a general one is thatdontent can be filtered and processed

to obtain the desired elements.

B. Social Network Analysis

A social network is defined as a set of nodes comadeby ties, and it is
primarily concerned with the interconnections betwendividuals, rather than being
focused on their attributes or behaviours (WellmE83). This is the only available
information through online communities, where useesidentified by an alias and their
activity is recorded in the form of messages, comtsier ratings. When building the
social network, it has been considered that an sssaling a comment to a shared idea
is linked not only to the author of the idea, batall the community of users that
previously submitted comments to the same ideaa{Tadral., 2010). The reason is that
it is more cognitively complex to reply to a thredddiscussion than to a single
message, because the flow of earlier messagesdshewtonsidered to post a coherent
new comment (Knock, 2001).

Once the network is built, social network analysgehniques provides a
powerful means for describing and analyzing indiald within a community structure.
One of the most representatives features of eadh r#its degree, which refers to the
number of lines incident with it (Toral et al., Z)0In the case of directed networks, the
indegree of a node refers to the number of anecives, while the outdegree refers to
the number of arcs it sends. The outdegree of engisser is an indicator of his or her
activity in the different modalities of participati allowed by the innovation website,

while the indegree represents the popularity outamn of each user (Lin & Kao,



2010). This features associated to the communityusdrs will be correlated to

characterize their behaviour.

C. Regression Analysis

A regression analysis will be used to find the afbles that characterize the
behaviour of innovative users. The dependent virimbthe condition of being or not
an innovative user, which can be easily extractechfopen innovation websites, since
they usually informs about those ideas that havenbinally adopted. The main
problem with this dependent variable is that onlgnaall fraction of shared ideas are
finally adopted by the company. Consequently, tepethdent variable contains a high
number of zeros (which is the value assigned totdmeinnovative users) and a low rate
of ones (which is the value assigned to innovatdrk)s kind of problems where the
dependent variable contains a disproportionallyr mgmber of zeros are known as zero
inflated problems, and they can lead to biasedfisisbent parameter estimates, inflated
standard errors and invalid inferences (Jang, 2066;et al., 2006). Sometimes, this
problems can be addressed using zero inflated moddlich consider a mixture of
models to deal with the excess zeros (Lambert, 199 justification for splitting the
distribution into two pieces is because zero valess be structural zeros, which are
inevitable, or sampling zeros, which occur by cleartdowever, this is not the case of
open innovation communities, where all the zeressampling zeros. The reason is that
whenever a user is sharing an idea, he has thetatjpa that his idea is going to be
adopted. The fact of implementing or not the iddees on the company and its experts.
Therefore, there are no structural zeros and nesoredor considering a mixture of
models. The alterative consists of considering geized linear modelling with Poisson

distribution, because the response is discreteirziddes zeros responses. But often



generalized linear modelling with Poisson distribathas problems with overdispersion
(Hinde & Demetrio, 1998). The model with negativendmial distribution is an
alternative way to fix overdispersion problem inid3on distribution (Hinde &
Demetrio, 1998), as the variance and mean are ssainzed to be equal. This is the

chosen regression model for this study.

Results

In and out degree of the comments, promotion amdotiens networks are the
independent variables that have been considerddisnstudy. They measure several
properties of users as part of the community. Freet out-degree values refer to the
activity of the users in the three modalities a#brby the IdeaStorm website
(Out_Comm, Out Prom, Out Dem). The in-degree of the comments network
(In_Comm) measures the users' popularity. In this casesuse visited whenever other
users read their posted idea and decide to pasthanent. A high number of comments
received means the shared ideas are attractingtdrest of the community. The scores
received through promotions and demotions constéutneasure about the good or bad
reputation of a given useftn( Prom, In_Dem), respectively. As it was shown in the
comments, promotions and demotions networks of regjl-6, the activity of users
commenting ideas is quite different to their atyivating ideas.

The dependent variable is given by those users evhdeas were finally
implemented by Delllfinov). Table 3 shows the Spearman's rank-order cowetat
between all these variables for the 1153 users ploated at least one idea. The
Spearman's rank-order correlation is the nonparamnedrsion of the Pearson product-

moment correlation, and measures the strength efadsociation between ranked



variables, that is, how closely several sets okirays agree with each other (Rencher,

2002).
Table 3. Correlation matrix of defined variables.
In_ Comm | Out Comm | In_ Prom | Out Prom | In_ Dem Out_Dem Innov
In_ Comm 1,000 ,363 274" ,190" ,196" ,146" ,204"
Out_Comm ,363" 1,000 ,315 A61" 144" 434" ,073
In_Prom 274" ,315" 1,000 ,402 -,079" 276" -,059
Out_Prom ,190" 461" 402" 1,000 ,170 ,588" ,057
In_Dem ,196" ,144" -,079" 170 1,000 ,13%4 ,008
Out_Dem ,146" 434" 276" ,588" ,134" 1,000 ,054
Innov ,204" ,073 -,059 ,057 ,008 ,054 1,000

** Correlation is significant at the 0,01 level (2-tailed).
* Correlation is significant at the 0,05 level (2-tailed).

When analyzing the partitions related to the inrdegralues, it can be noticed a
positive but low correlation between comments atating (both positive and negative)
received. That means that ideas arising more debdatee community are not always
the best evaluated by the community. Correlatiotween promotions and demotions
received is almost zero, which means that the comitynis able to clearly distinguish
interesting ideas and to discriminate them fromséhwith no potential applicability.
Therefore, it can be said that collective intelige is working in the sense of
discriminating ideas.

Regarding the out-degree values, Table 3 showsthibat active users posting
comments are also active promoting and demotingsid&€his means users tend to be
active in all the modalities of participation o#éer by the open innovation website. The
highest correlation coefficient value is obtained promotions and demotions, result
which also supports the fact that a higher pergentaf users prefer to participate
scoring ideas rather than commenting them.

The last column of Table 3 shows the correlatiomobvators, defined as users
posting ideas which have been implemented by Deith the rest of variables

charactering the participative behavior of the camity of users. It can be observed



the highest correlation coefficient is obtainedhatiihe number of comments received.
However, the correlation with the number of prorn$ received, or the activity of
users is low and non significant in some casesogsible interpretation could be that
the evaluation system based on collective intelligeis able to discriminate good ideas
from poor ones, but in many occasions these welleated ideas have scarce
applicability or are far from the company innovatictrategies. In the case of
IdeasStorm website, ideas are scored by users wvitnty previous information from
the organization, so users follow their own feedinghen scoring them. This result
points out that there is a lack of agreement gnatient between the interest of users
and the interest of the company.
A negative binomial regression has been appliedt nexidentify the key

determinants of the condition of being an innovaidre results of the estimation are

shown in Table 4.

Table 4. Negative binomial regression results.

Model estimation

Coefficient p-value
Constant -3.416 < 2e-16
In_Comm 0.227 2.38e-12
Out_Comm 0.087 0.019
In_Prom 0.07T 0.000
Out_Prom -0.007 0.264
In_Dem -0.019 0.629
Out_Dem 0.007 0.825
Log Likelihood at maximum -298.120
Wald chi-squared 753,100
Akaike information criteria (AIC) 316.119
Bayesian information criteria (BIC) 361.571
McFadden pseudoR 0.162
Maximum likelihood pseudo R 0.048
Cragg and Uhler's pseudd R 0.183

*¥% p<0.001
** p<0.01
* p<0.05

The negative binomial regression model predictmgpvators is significant and

reveals that the number of comments received isrti@ predictor of the condition of

being an innovator. The number of promotions resgignd the number of comments



sent have also positive and significant coeffigeiut with a much lower coefficient
value. The other three variables related to thenptmns and demotions network are
not significant. These results highlight the impade of comments in open innovation
communities. Popularity measured in terms of conimereceived is the main
antecedent of being an innovator, in front of thenber of promotions received.
Furthermore, the most useful indicator of activafyusers for identifying innovators is

the activity of commenting other users ideas.

Discussion

This paper analyzes the participation features sérai in open innovation
communities and considers how these participatiaaracteristics can help to identify
the important subset of users proposing ideas palignapplicable. The analysis of
patterns of behavior in virtual communities haverbereviously used to detect special
group of users such as brokers of knowledge (Sdavaé 006) or core team members
(Martinez-Torres et al., 2010). The reason is Hrdtial communities are open to users
and contributors all over the world, and they ardyadentified through an alias.
Therefore, the only available personal informai®the activity within the community.
This information is stored and can been analyzedhe whole community as a social
network (Pujol et al., 2002). Therefore, open irstdn communities can be analyzed
as social network where each individual is charaatd by his behavior with respect to
the rest of the community. The main distinctive relcgeristic of open innovation
communities is that posted ideas are independewdjyuated by the company (status
associated to each shared idea), and by the comymuanihe form of a scoring also
assigned to each idea. It is expected that coliecintelligence applied to idea

evaluation can help the organization when selectimg best ideas to be finally



implemented. However, obtained results show a weakelation between these two
forms of evaluation. The main drawback of the conypavaluation is that it is a costly
and timely consuming task. Each idea must be iddally evaluated and the
participation of experts related to the subjedhefidea is continuously required.
Obtained results using regression analysis cldadilight the importance of
comments for the identification of innovators (B#il& Horvitz, 2010). The number of
comments received and sent are two of the thresfis@nt antecedents of the condition
of being an innovator. This result can be attridute the fact that it is much more
complex to post a comment than a score. The incrtddegree analysis show that
participation through the scoring systems is muobremhigher than participation
through commenting ideas. Besides, comments alvesysres a justification about the
critic or the improvement proposed, while scoriag ©e done without any justification
of the score. Users score thinking more on thadlirig and their own necessities than
on the real applicability of the proposed ideas.oter important point is that
participation by commenting other users ideas ptemthe construction of knowledge
through the interactions with other users. Obtairesilts point out that the best ideas
are those that receive more comments. This cantiifeuéed to the social dimension of
knowledge, in the sense that ideas are improvesdfimed through the generated debate,
leading to more concrete and well formulated ideasjer to be implemented by the
organization. Innovators are also characterized thgir involvement with the

community by commenting other users ideas.

A. Implications for researchers

From a theoretical point of view, this study iggaked with von Hippel lead user
theory about lead user identification (von Hipdg86; 1988). Several of the identified

characteristics like popularity or high involvememith the community were already



anticipated in von Hippel's previous studies. Qlediresults reinforce the alternative of
identifying best ideas through lead users rathan tising collective intelligence scoring
systems.

This study also highlights the importance of "comiirgg” as a way of building
innovations through the interactions with otherras@ccording to the obtained results
the number of comments received is by far the mariable able to identify innovators.
This result is in line with the social learning ding from Wenger (Wenger, 1998) that
argues that knowledge can only be built in the exintn which it is generated. The
social learning theory have been used as the thearéase for the development of
communities of practice, which in turn explains havtual communities work (Toral et
al, 2009). In the case of open innovation commaesiti is a mechanism for improving,
refining, and formulating ideas more accuratelye Thore comments an idea receives,

the more chances to be implemented by the company.

B. Implication for practitioners

Understanding open innovation paradigm requirerstdnding the process by
which shared ideas are finally implemented by trganization. This study provides to
practitioners and open innovation websites manageygactical study about the main
participation variables which are able to expldia ideas which have more chances to
be implemented. From the organization perspectivis, information can be used to
improve the idea evaluation procedures. Insteaelging on the collective judgement
of the community, the identified innovator featuees be used as a first filter in the
task of looking for the best ideas. Through thisywthe cost associated to the
evaluation of ideas can be reduced. Second, thdy stlso reveals that the collective
scoring system could be improved if some justifamatof the posted score were asked

to participants. A score with an accompanying arguoinwould encourage community



users to think in detail about the shared ideas tmir possibilities for a real
implementation. Besides, the provided arguments alao be useful to build upon
previous arguments. The rest of users can be avfamby an idea is receiving a good

or a bad score, and their posted scores can suppoohtradict previous ones.

C. Limitations

The problem of having a large proportion of zertuga can result in a loss of
important information and, thus, a diminished erplary power, as it happens in our
study. The fact of not having structural zeros nsetirat a standard distribution like
negative-binomial must be used instead of zer@iedl distributions that can properly
account for a large proportion of zero values wtiey have a structural nature. This is
an inherent limitation of open innovation commuastias only a small fraction of ideas
are accepted by the organization.

Another inherent limitation of the applied methamtp} is that SNA does not
take into account the quality of posted ideas amohroents, but their quantity. The
problem of analyzing the content of shared ideas @mments is that online open
innovation systems receive thousands of ideaseaatliating them one by one would
be a high time consuming task. That's the reasog this systems rely on the
judgement of the rest of the community. Howeveg gatterns of participation have
already been used to analyze the structure of camti@si or to characterize those users
occupying relevant positions, for instance, in ogenrce communities (Sowe et al.,
2006; Toral et al., 2010). This information coulel tomplemented with some external
information about users, as the time since theystegd in the community, their
persistence of participation along time, of the bemof topics covered by their

innovations.



Finally, another limitation is some possible biag do the way in which shared
ideas are displayed. Trending or most popular ideasisually separately displayed and
this fact may cause that they can receive more camtsnand scores than the rest of
ideas. In general, ideas with easier accessibility have more chances of being
commented and scored. This is the case of IdeaSt@insite, which provides a direct

link to the most popular ideas.

Conclusion

This paper analyzes the open innovation paradigm the perspective of social
network analysis. It models the interactions amtmg members of the community
through their comments and scores as graphs. lalsasextracted several variables
based on the in and out degree values of useracim gcial network. Obtained results
show that open innovation communities follow anqumity participation scheme,
similar to other online communities. However, aetissers tend to participate in all the
modalities offered by the open innovation webs&eoring systems have also been
analyzed. Obtained results show that the scoriatesy based on collective intelligence
can unanimously discriminate between interesting poor ideas. However, the best
ideas according to the collective scoring systemnobd match with those finally
implemented by the organization. This result is laéx@d because no previous
information is provided to users about how the isgprshould be done nor any
argumentation is required. On the contrary, theluateon performed by Dell are in

more agreement with those ideas that have receaivegher number of comments.
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