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Abstract. This study focuses on continued knowledge contribution. We
hypothesize that continued knowledge contribution of members in
opinion-sharing communities is influenced by five factors: the number of
reviews written, the average of helpfulness scores received from other members,
the average of helpfulness scores given to other members, the ratio of the
number of negative reviews to the total number of reviews, and the number of
trustors. We collect data from Epinions.com and find that these five factors have
significant impacts on continued knowledge contribution. These findings have
significant theoretical and practical implications for knowledge sharing.
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1 Introduction

Knowledge is power. People leverage knowledge to solve problems and make deci-
sions. Because of the Internet, people can rely on online communities to find out
knowledge needed and solve problems, such as evaluating products and learning
domain knowledge. Substantial studies and reports have offered evidences supporting
the idea that electronic word-of-mouth (eWOM) has a significant impact on consumers’
purchase decisions and their perception of product value [21, 35]. For instance,
eMarketer has found that 61 % of consumers read online reviews and other kinds of
online customer feedbacks before their purchasing [11]. On the other hand, a nation-
wide survey conducted in 2012 by the Pew Internet & American Life Project found that
72 % of U.S. adults who use the Internet have searched online for health information in
the past year [16]. Hence, online knowledge has been an important reference for
consumers when they are making decisions.
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The purpose of opinion-sharing communities is to facilitate knowledge sharing.
However, researchers argued that the creation of an online social platform does not
guarantee that knowledge exchange will actually take place [10]. These scholars
suggested that the success of an online community depends on whether members use
the online community persistently and contribute their knowledge to the online com-
munity continuously [10, 23, 26]. Specifically, because knowledge shared in an online
community is generally public goods, its members can easily free-ride on the efforts of
other contributors [33]. Therefore, it is a critical challenge for practitioners and scholars
to understand how to facilitate social interaction and encourage knowledge contribution
in opinion-sharing communities [29]. Despite a significant growth in the number of
opinion-sharing communities, recent studies show that limited online communities are
successful in terms of retaining their members and motivating future contributions of
knowledge [14]. Joyce and Kraut [24] described that the high turnover rate in online
communities is because most newcomers (56 %) only contributes their knowledge once
in their online community. It implies that the most members who did initial knowledge
contribution in an online community will not contribute knowledge continuously.
Thus, how to encourage members to contribute and update current knowledge within
online communities is one of the biggest challenges [18], which justifies the importance
of investigating continued knowledge contribution in online communities.

Cheung et al. [12] summarized 35 studies related to knowledge-sharing behavior in
online communities to explore the factors influencing knowledge contribution. They
found that 29 out of 35 studies collected data by survey, 3 studies adopted case study,
and the rest adopted an interview study or mixed method. The findings of these recent
studies have important implications for both research and practice. However, most of
these studies investigated sample members’ opinions directly. These empirical surveys
suffer from some limitations. Since a survey measures respondent’s psychological
status and subjective intentions rather than actual continuation, the results of the studies
might not be sufficiently representative of the actual knowledge contribution behaviors.
Although behavior intention is an appropriate proxy to understand the beliefs and
actual knowledge contribution behavior, we argue that it will be more robust to
measure the actual behavior than behavior intention in order to understand the con-
sumers’ knowledge contribution behaviors. Furthermore, most of the previous studies
adopted a belief-based view to understand how continued knowledge contribution is
associated with a variety of individual users’ beliefs [19]. However, it’s almost
impossible for a practical website to ask all members’ beliefs to predict their intention
to share knowledge continuously.

To address these limitations of the previous research, we determine the continued
knowledge contributors in opinion-sharing communities based on users’ profiles and
actual behaviors. We propose a prediction model to discriminate the continued
knowledge contributors from the others. Since a practical website can record all users’
profiles and usage behaviors, our method is more applicable to practitioners to predict
whether a member will continue sharing knowledge in an online community or not. We
collected archival data and examine our research model from Epinions.com. Epinions.
com is a third-party product review website which facilitates the exchange of consumer
reviews about a variety of products. Our findings reveal that a continued knowledge
contributor could be predicted by her/his profiles and online behaviors, i.e., number of
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reviews, average helpfulness score received, average helpfulness score given to other
members, number of trustors, and ratio of negative reviews.

The remainder of this study is arranged as follows. Prior works on knowledge
contribution are reviewed in Sect. 2. We describe the hypotheses and research method
in Sect. 3. The findings are discussed in Sect. 4. Finally, some research and practical
implications are discussed in Sect. 5.

2 Literature Review

Knowledge contribution has been investigated at different levels. Some studies investi-
gated knowledge contribution behaviors from the perspective of institutional-level
[2, 17]. Since our study investigates how individuals contribute their knowledge into their
online community, we focus on summarizing the findings of the knowledge contribution
at the individual level in this section.

2.1 The Value of Continued Knowledge Contribution

Because an online community usually involves a large number of participants with
different social backgrounds and perspectives, it is more difficult to establish mutual
understanding and share valuable information in an online community than traditional
face-to-face communication group [14]. In particular, knowledge in online communi-
ties is public goods [7]. Many people read or use knowledge accessible in an online
community without contributing to the community. Hence, how to enhance knowledge
contribution in an online community is an important research topic. Although
knowledge sharing includes knowledge seeking as well as knowledge contribution
[8, 25], some previous studies used “knowledge sharing” to denote the knowledge
contribution behavior [12, 26, 32]. Following the prior studies, we focus on knowledge
contribution instead of knowledge seeking because rich knowledge capital drives
knowledge seeking and enhances the value of the online community. Therefore this
study reviews the previous studies which focused on knowledge contribution
behaviors.

Knowledge contribution occurs in an online community when individuals con-
tribute useful, valuable, and practice-related knowledge that can be accessed and reused
by other individuals [19, 33]. Knowledge contribution accumulates knowledge and, in
turn, makes value (even revenue) for an online community. For example, Kim et al.
[26] indicated that “knowledge contribution is one of the essential factors behind the
success of blogging communities (p. 1760)”. Travel information sharing website—
Tripadvisor, an practical example, successfully capitalizes on its traveler forum, which
has accumulated more than 150 million reviews and opinions covering more than
3.7 million accommodations, restaurants and attractions in 2013. These valuable
reviews and opinions attract travelers to seek useful travel information and become a
source of revenue for Tripadvisor. Knowledge contribution may take on a variety of
forms. This study focuses on product reviews that evaluate a variety of products or
answer questions related to products in a third-party review website. While knowledge
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contribution will create value for an online community, one of the basic requirements
for a successful online community is that contributors have to continuously make active
contribution [15]. Therefore, understanding the factors influencing continued knowl-
edge sharing behavior is an important research issue and critical challenge to admin-
istrators of virtual communities.

2.2 Factors Influencing Continued Knowledge Contribution

Researchers have put considerable attention to factors that motivate people to share
knowledge in online communities [5, 9, 10, 20, 22, 23, 28]. Some studies proposed
their research model based on IS adoption models or social psychology theories, such
as expectation-confirmation theory [12–14] and the theory of reasoned action [6], and
social exchange theories [25], to investigate the factors influencing knowledge con-
tribution intention or continued knowledge contribution behaviors. For instance, Chen
[9] investigated the impacts of members’ expectation confirmation on continuance
intentions in professional virtual communities. In particular, both extrinsic motivation
and intrinsic motivation are two dimensions which were frequently adopted to explain
members’ sustained participation in virtual communities [30]. Other studies investigate
the specific factors influencing continued knowledge sharing behavior. For example,
from the perspective of justice, trust, and organizational citizenship behaviors, Fang
and Chiu [15] found that the knowledge-sharing continuance intention in VCoPs
(virtual communities of practice) is affected by altruism and conscientiousness. We
summarized the research findings and methodologies of recent studies related to
continued knowledge contribution in Table 1.

3 Hypotheses and Research Method

3.1 Hypotheses Development

Previous studies enrich our understanding of continued knowledge contribution. The
success of an online community depends primarily on the extent to which members use
their community as well as the extent to which members continue to contribute
knowledge in the community. Therefore, it is more critical to understand how to
encourage online community members to contribute knowledge continuously than how
to attract a crowd. Cheung et al. [12] have defined “intention to continue sharing
knowledge” as “the likelihood a member will continue sharing knowledge in an online
community of practice (p. 1360).” Since our study focuses on a continuance behavior,
the “continued knowledge contribution” can be defined as “users’ repeated act of
contributing what they know in an online community.”

Self-efficacy can motivate members to contribute knowledge with other members
[25]. Prior research on cognitive theory has suggested that people act on a certain
behavior based on their judgment on the likely consequences [4]. Knowledge
self-efficacy is typically manifested in people believing that their knowledge can help
others to solve specific problems. A member will be more likely to contribute
knowledge continuously in an online community when she/he has a high level of
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knowledge self-efficacy [12]. In other word, knowledge contributors who are confident
in their ability to provide valuable knowledge will develop more positive attitudes and
intentions toward knowledge contribution. Therefore, if a member contributed more
reviews in previous period, she/he is expected to be more confident in her/his ability to
provide valuable knowledge and consequently to be more likely to contribute
knowledge continuously. Hence, we hypothesize:

Table 1. Factors influencing continued knowledge contribution

1. He and Wei [19]
• Theoretical foundation: belief-based IS continuance model
• Methodology (method/community): a web-based survey in an international IT company with
161 participants
• Significant predictor variables: contribution intention which is significantly affected by
contribution belief (second-order construct) and contribution attitude, facilitating conditions
• Knowledge contribution measurement: The actual continuance behavior was measured via the
usage time spent in the system which was transferred into 5-point scales ranging from rarely
used (1) to extensively used (5)
2. Fang and Chiu [15]
• Theoretical foundation: justice, trust, and organizational citizenship behaviors (OCB)
• Methodology: survey (a sample with 142 members of JavaWorld@TW)
• Significant predictor variables: altruism (affected by trust in members which was affected by
distributive justice and interpersonal justice) and conscientiousness (affected by trust in
management which was affected by procedural justice and informational justice)
• Continuous knowledge contribution measurement: continuance intention was assessed with
items adapted to reflect the likelihood that an individual will continue sharing knowledge in the
future
3. Sun et al. [30]
• Theoretical foundation: expectancy-value theory and a social learning process
• Methodology (method/community): survey (a sample with 205 subjects in a transactional
virtual community, Taskcn.com website in China)
• Significant predictor variables: extrinsic motivation (which is contingent on task complexity)
and intrinsic motivation
• Continuous knowledge contribution measurement: Sustained participation was measured using
the instrument of continuance intention adopted from Bhattacherjee [5].
4. Cheung et al. [12]
• Theoretical foundation: expectation disconfirmation theory/social cognitive theory
• Methodology (method/community): online survey with 124 contributors in an online
community of practice, Hong Kong education city (hkedcity.net)
• Significant predictor variables: (1) knowledge self-efficacy which was affected by
disconfirmation of helping others and (2) satisfaction which was affected by disconfirmation of
reciprocity, disconfirmation of helping others, and knowledge self-efficacy
• Continuous knowledge contribution measurement: intention to continue sharing knowledge
was defined as the likelihood a member will continue sharing knowledge in an online
community of practice. Two items modified from [3] were adapted to measure the degree of
intention to continue sharing knowledge
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H1: Knowledge contributors who have contributed more reviews will be more likely
to continue contributing knowledge in an online community.

Knowledge contributors’ behaviors are influenced not only by contributors’ char-
acteristics, but also the interactions among the members in an online community. Since
community members’ positive feedbacks will encourage knowledge contributors to
enjoy helping others, community members’ helpfulness votes will encourage knowl-
edge contributors to contribute knowledge continuously [12, 19]. After receiving
positive feedbacks from some knowledge seekers, knowledge contributors are likely to
have a high level of enjoyment of helping other knowledge seekers. Such enjoyment
leads to continued knowledge sharing [12, 19]. In the context of a knowledge sharing
website, a helpfulness vote is one type of positive feedback. Therefore, we hypothesize:
H2: Knowledge contributors who received higher average helpfulness score from

others will be more likely to continue contributing knowledge in an online
community.

Kankanhalli et al. [25] investigated the effects of cost factors, benefit factors, and
contextual factors on knowledge contribution behavior based on social exchange
theory and social capital theory. Their results show that EKR (electronic knowledge
repository) usage by knowledge contributors is positively associated with intrinsic
benefits (e.g., knowledge self-efficacy and enjoyment in helping others) and extrinsic
benefits (e.g., reciprocity and organizational reward). A member learns product
knowledge from the introduction of products provided by opinion-sharing websites and
product reviews written by other members. If members found that the products
introduced by an opinion-sharing website are not useful for their decision making, they
have lower intention to stay or contribute knowledge in the website. Therefore, a
knowledge contributor who has a high ratio of negative reviews will be dissatisfied
with the products introduced by the website. Moreover, based on social exchange
theory, individuals will contribute knowledge because of the expectation of obligation
and reciprocity from the receivers. Knowledge contributors will contribute more if they
can reciprocally learn knowledge from others. Since a member will vote positive
helpfulness score to a useful review provided by another member, knowledge con-
tributor will be benefited if she/he gave higher average helpfulness score to others, and
vice versa. Therefore, we propose hypothesis 3 and hypothesis 4 here,
H3: Knowledge contributors who gave higher average helpfulness score to others

will be more likely to continue contributing knowledge in an online community.
H4: Knowledge contributors who had a higher ratio of negative reviews will be less

likely to continue contributing knowledge in an online community.

Previous studies have used social capital and social ties to investigate the contin-
uous contributing behaviors of knowledge contributors. For example, Wasko and Faraj
[32] examined intention to contribute knowledge in electronic networks of practice and
found that both reputation and individual network centrality have positive effects on the
helpfulness of contribution and the volume of contribution. From the perspective of
social capital, the structure of ties within a social network is an important predictor of
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collective action and knowledge change [34]. Individuals occupying central positions
in an organization have the high degree of work reputation and performance [32] and
have high intention toward helping others [1]. Since a member who has higher trust
density implies that she/he is a more reputable reviewer [27], we argue that a member
who has the higher number of trustors will has the higher likelihood of contributing
knowledge continuously. Hence, we propose hypothesis 5 as follows,
H5: Knowledge contributors who have a higher number of trustors in a

community will be more likely to continue contributing knowledge in an
online community.

3.2 Data Collection

We collected data from Epinions.com. To examine our hypotheses, we retrieved the
profiles of 3,298 members with Most Popular Author badge from 2007 to 2011, such as
Web of Trust, review history, and membership history. Table 2 provides the details of
variable operationalization.

Epinions.com is a product review website for people to obtain information about
products of their interest for supporting their purchase decision. Reviews typically are
composed of a review title, review content, product’s pros and cons, and a product
rating (1–5 stars). Other members can rate reviews as ‘not helpful,’ ‘somewhat helpful,’
‘helpful,’ ‘very helpful,’ and ‘off topic.’ In addition, Epinions.com provides a unique
mechanism, Web of Trust, to allow all members to indicate whether a focal member is
trustworthy or not. Specifically, if a focal member is trusted by other members, they
can follow the focal member. On the other hand, a focal member can trust other
members.

4 Findings and Discussions

Since our dependent variable (continued knowledge contribution) was converted into a
categorical scale, this study adopted logistic regression to discriminate contributors
who will continuously contribute knowledge in a virtual community from those con-
tributors who may share knowledge occasionally. Although some of our variables (e.g.,
number of trustors) do not follow the normal distribution, it’s valid to develop a logistic
regression model to discriminate continued contributors from the others. The logistic
regression model is as follows,

Logiti ¼ b0 þ b1X1 þ b2X2 þ b3X3 þ b4X4 þ b5X5;

where
Logiti = The logit value as the dependent measure,
X1 = Number of reviews,
X2 = Average helpfulness score received,
X3 = Average helpfulness score given to other members,
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Table 2. Operational definitions of all variables

Variable Operational Definition

Continued knowledge
contribution (dependent
variable)

Assume that member i has contributed some product
review(s) in period t−1 (in this study, each time period
covers three months). If member i writes any review in
period t, this variable will be coded 1 which means that
member i contributes knowledge continuously.
Otherwise, this variable will be coded 0 which means
that member i did not contribute knowledge
continuously

Number of reviews The number of reviews written by member i in period
t−1

Average helpfulness score
received

The average helpfulness score given to the reviews
written by member i in period t−1. This variable
measures, on average, the helpfulness level of a review
written by member i during period t−1. We convert the
helpfulness levels into a numerical scale as follows:
“Very Helpful” = 3, “Helpful” = 2, “Somewhat
Helpful” = 1, “Not Helpful” = −2, “Off Topic” = −4.
Because a review may receive several helpfulness
votes from other members, we take the macro-average
helpfulness score for the reviews written by member
i. The formula for this variable is: (Σ average
helpfulness score for each review written by member i
in period t−1)/(number of reviews written by member
i and received some helpfulness vote(s) from other
members)

Average helpfulness score given
to other members

The average helpfulness score given by member i to the
reviews written by other members in period t−1. The
formula for this variable is: (Σ helpfulness score that
member i gave to a review written by other member in
period t−1)/(number of times that member i give
helpfulness scores)

Ratio of negative reviews The ratio of negative reviews across all reviews written
by member i in period t−1. A positive or negative
review is determined by that review’s product rating
score, which is normally between 1 to 5 stars. Reviews
with 5 or 4 stars of product rating are considered
positive reviews, those with 2 or 1 stars are negative
reviews, and those with 3 stars are regarded as neutral
reviews. The formula for this variable is: (negative
reviews written by member i in period t−1)/(number of
reviews written by member i in period t−1)

Number of trustors The number of member i’s trustors in period t−1.
Trustors of member i refer to the members who trust
member i. Since the number of trustors follows a
power law function, this variable was transformed into
log (the number of trustors + 1) when we test our
research model to avoid bias

Contribute Knowledge Continuously or Occasionally? 137



X4 = Ratio of negative reviews, and
X5 = Log (number of trustors + 1).

Then the logistic regression model was tested by the sampling dataset. The sta-
tistical results show that the omnibus test is highly significant (χ2 = 1003.406,
p < 0.001) and the Hosmer and Lemeshow measure of overall fit is not significant
(χ2 = 5.488, p = 0.704), which jointly indicate that the goodness of fit of the model is
acceptable. The Cox and Snell R2 and Nagelkerke R2 values are 0.316, and 0.437,
respectively, suggesting a satisfactory explanatory power of the logistic regression
model. We therefore use this logistic regression model to test the research model and
attain the results in Table 3.

We also analyze the classification accuracy of the logistic regression model. The
overall classification accuracy is 78.5 %. Our evaluation result thus suggests that the
logistic regression model we propose is capable of predicting the continued knowl-
edge contributors in an online community. As illustrated in Table 3, the significance
level for the Wald statistic and the value of Exp (β) show that all five hypotheses are
significantly supported. Especially the number of trustors is a powerful predict var-
iable. This result supports our argument that the number of trustors reflects knowl-
edge contributors’ social capital and benefits. The members who have a greater
number of trustors will be more likely contribute their knowledge continuously in
online communities.

In addition, the ratio of negative reviews is a significant but negative predictor. It
implies that knowledge contributors are more likely feel discouraged and disappointed
when they found the products presented in the website are not good enough so that they
may not contribute knowledge in the future. Our analysis also shows that the number of
reviews has a significant effect on members’ continued knowledge contribution, which
coincides with the findings in prior studies, which indicate that members who have
confidence in contributing knowledge are more likely to devote themselves to the
community. Furthermore, our analysis results also show both the average helpfulness
score received from and the average helpfulness score given to other members are two

Table 3. The result of logistic regression analysis

Variables Logistic
coefficient (S.E.)

Wald
statistic

Exp
(β)

Hypothesis test

Number of reviews .086 (.008) 110.715*** 1.090 H1 is supported
Average helpfulness score
received

.334 (.079) 17.718*** 1.397 H2 is supported

Average helpfulness score
given to other members

.095 (.043) 4.929* 1.099 H3 is supported

Ratio of negative reviews −.635 (.199) 10.160** .530 H4 is supported
Log (number of
trustors + 1)

.750 (.069) 116.736*** 2.117 H5 is supported

Constant −1.796 (.205) 76.569*** .166

*: p < 0.05; **: p < 0.01; ***: p < 0.001
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significant predictors. It implies that knowledge contributors will be encouraged to
contribute knowledge continuously if more members consider their contributions
helpful. On the other hand, knowledge contributors will continue to contribute
knowledge if they find that the other members’ reviews are helpful.

5 Implications and Conclusions

This article makes two major research contributions. First, this study adopted lon-
gitudinal data to define and test continued knowledge contribution. Although the
behavioral intention is a reliable proxy to actual behavior, there is still a gap between
behavioral intention and actual behavior. For example, the knowledge contribution
behavior was explained or predicted by behavioral intention construct in several
previous studies [19, 31], but the R-squares are not high enough (lower than 0.25).
Prior studies also suggested that future research can address the connection of psy-
chological intention and actual knowledge sharing behavior even behavior intention
is a reliable proxy to actual human behavior [14, 36]. This study measured continued
knowledge contributing behavior by longitudinal data instead of users’ behavioral
intention or cross-sectional data. The results of this study provide robust evidence
on the knowledge contributing behavior in a third-party opinion sharing website.
Second, all variables in our model were measured by the members’ profiles and
online behaviors in Epinions.com. We adopted objective behavioral data instead of
self-reported data, e.g., online survey. This method is more appropriate to practi-
tioners to implement, because all users’ profiles and behavioral data can be accessed
via the database of website. It’s unnecessary to ask members to answer online survey
to obtain self-reported data.

The findings of this study also provide significant insights for practitioners. First,
we found that knowledge contributor’s behavior is influenced by the knowledge
seekers’ feedbacks. Therefore, the results of this study are consistent with the find-
ings of previous studies which indicated that supporting social interaction among
members will encourage knowledge contribution in an online community [15, 29].
Hence, building a reputation system and trust mechanism will enhance knowledge
contributors to contribute their knowledge continuously. Furthermore, an online
community can adopt our prediction model to find out the members who may
contribute knowledge continuously. It would be beneficial to provide incentive
benefits to enhance these members’ loyalty to enrich the value of community. An
online community should have a group of valuable knowledge contributors who can
continuously contribute their opinions, experiences, and knowledge. Otherwise, this
online community will lose their reliability [23] and lose its value – updated
knowledge.
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