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REDUCING INFERIOR MEMBER COMMUNITY PARTICIPATION USING UPLIFT 

MODELING: EVIDENCE FROM A FIELD EXPERIMENT 

In their ongoing search for competitive advantage, firms increasingly leverage online innovation 

communities (ICs). The viability of these ICs may be jeopardized by big data environments and 

inferior member participation. Therefore, community managers must address poor member 

participation, together with the data-rich environment. This study examines the viability of a proactive 

motivational email campaign to reduce inferior member participation using uplift modeling; it also 

explores optimal treatment characteristics, including message scope (untargeted versus targeted), 

message content (hedonic, cognitive, and social message), and member profile (self-interest–oriented 

and positive emotional writing style). The findings indicate that marketing decision makers should use 

proactive, targeted emails with cognitive motivational elements to mitigate inferior levels of member 

participation. These findings have important implications for innovation scholars and community 

managers. 

Keywords: proactive email campaign; inferior member participation; uplift modeling; innovation 

communities 

1. INTRODUCTION 

In dynamic, innovation-intensive industries, innovation communities (ICs) can grant organizations 

access to novel knowledge that they can leverage to develop competitive advantages [1,2]. In these 

private digital networks, companies interact with users to obtain external knowledge [3], as 

exemplified by Heineken’s Idea Brewery, My Starbucks Idea, or Dell’s Idea Storm [4]. These ICs 

attract hundreds of users, generate innovative ideas derived from knowledge collaboration across 

organizational boundaries [5–7], promote idea diffusion [8], and increase the likelihood of new 

product success [8]. Despite these great opportunities, this organizational model faces two main 

challenges [3]. First, ICs operate in a big data digital environment, which makes it difficult for 

community managers to manage the vast input. Many members post many messages (volume) and 

nearly instantly provide information (velocity). Even if the interactions tend to be text-based, they also 

often contain other media sources, such as videos or pictures (variety). Second, these technological 

challenges occur in parallel with social challenges [9–11]. Online communities are usually self-
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organized, and the driving force is sociality among members [12]. By encouraging social interactions, 

organizations can enhance the viability of online communities [13,14], but naturally emerging 

hierarchical structures among members [15] also can have corrosive effects. An imbalance in power 

might silence certain members and prevent equal participation [16], which would lead to anomalies, 

such that only a few members account for the majority of generated data; the 1% rule is a harsh reality 

for many ICs [17]. When the majority of members falls silent, it constitutes a phenomenon we refer to 

as inferior member participation (IMP), which has several negative consequences. First, [18] show 

that when member participation is low, it is hard to sustain the flow of ideas for a successful 

innovation outcome. Second, when data come from only a small minority of members, the risk of idea 

polarization increases, jeopardizing idea diversity and heterogeneity. Third, when IMP is present in the 

community, the moderator spends valuable time on member reactivation activities that reduces the 

time on the innovation task itself [19], while adding new members to the IC is costly and time-

consuming. Fourth, online communities might crowd out newcomers, who then become less likely to 

join, such that the IC comes to rely on the power of the few to persist. Thus there is a strong need to 

examine how to minimize IMP. 

An extensive part of extant literature outlines how individual IC members differ in their 

intrinsic and extrinsic motivation [20], how relational ties among community members shape their 

participation [21], and which unique and challenging structural characteristics mark the ICs 

themselves [5,11]. These studies provide a strong foundation for understanding individual, collective, 

and structural forces that shape online communities. Yet research that does address how firms might 

actively influence IMP and community engagement according to the unique challenges of ICs is less 

widespread. Appendix A gives an overview of extent research papers investigating various firms’ 

intervention strategies on subsequent community behavior. The purpose of our study is to extend this 

research stream by providing new insights into IMP fighting strategies by diverging from prior 

approaches and studying community moderators’ influence, exerted through email campaigns, as a 

means to reduce IMP in ICs. Specifically, we rely on the uplift modeling methodology to identify the 

IC members who are most persuadable in reducing IMP by a moderator’s email campaign, and we 
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investigate the viability of such a proactive, motivational, email campaign. To identify optimal 

communication characteristics, we explore the message scope (targeted or untargeted), message 

content (hedonic, cognitive, or social), and member profiles (self-interest–oriented and positive 

emotional writing style). In so doing, this study considers the following research questions: 

RQ1a. Does a proactive untargeted motivational email campaign reduce IMP? 

RQ1b. Which motivational message in an untargeted proactive email works best? 

RQ2a. Does a proactive targeted motivational email campaign reduce IMP? 

RQ2b. Which motivational message in a targeted proactive email works best? 

RQ3. Which member profiles can be motivated? 

In turn, this study makes three main contributions to information systems (IS) literature. First, 

with the rise of big data analytics and text mining methods, extant research focusses on the 

development of community management strategies that rely on extracting information from 

community posts to identify members with future IMP [3,22]. This article extends this research stream 

by answering the call for research of [3] to deliver concrete recommendations for proactive 

communication strategies that improve the long term viability of the ICs. With a real-life field 

experiment among four ICs, we compare the beneficial impact of proactive untargeted and targeted 

contact strategies on reducing IMP through uplift modeling. We contribute to IS literature by proving 

the preference of a targeted over an untargeted approach as a proactive means to reduce IMP. 

Second, members’ motivational drivers help in developing effective community management 

strategies [23–26]. Previous studies investigated the cognitive, hedonic and social integrative benefits 

that members derive from community participation; cognitive or learning benefits reflect the increased 

acquired knowledge about the products or services that is generated and shared through customer 

interactions [24], hedonic benefits refer to pleasurable and interesting experiences through conversing 

with one another about products or services within the communities [27], and social integrative 

benefits refer to feelings of enhancement of a sense of belongingness or social identity [27,28]. This 

research study investigates the impact of proactive contact strategies including these motivations in 

reducing IMP. By comparing motivational emails that leverage cognitive, hedonic, and social 
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arguments, this study contribute to IS literature by concluding that the cognitive motivation offers the 

best option to proactively reduce IMP in this research context.  

Third, previous studies recognized the important signaling role of writing style in community 

research [22]. In an IC context, [29] investigate the impact of positive emotionality and self-interest 

oriented writing in detecting IMP. However, no study explored whether such traits offer indicators of 

persuasion of the proactive contact strategy. With an automated text analysis, we extend current 

literature by showing that members with a positive emotional writing style are more likely to be 

positively influenced by a motivational email and thus exhibit larger future constructive community 

behavior, while self-interest oriented writing tend to have no impact on IMP in this research context. 

2. CONTACT STRATEGIES 

We build on extant literature to integrate the core concepts underlying contact strategies in 

ICs: (1) message scope (whether targeted or untargeted) [30], (2) message moment (when to 

communicate) [30], (3) message content (how to communicate) [31], (4) message profile (to whom) 

[32], and (5) message channel (where to communicate) [31]. First, the scope of the message might be 

untargeted or targeted [30]. In ICs, an untargeted strategy treats all members equally, whereas 

targeting seeks to identify and treat only specific members on the basis of their prior IMP records.  

Second, campaigns can be reactive or proactive, depending on the moment they are issued 

[30]. Community managers might be reactive and wait for IMP to occur, or else they might be 

proactive, identify it in advance, and prevent it. Previous research has identified reactive approaches, 

including both targeted options such as participation feedback [19] or acknowledgement [33] and 

untargeted versions such as governance policy [34], which take place after the unconstructive behavior 

has been observed and the community has been affected. In contrast, untargeted proactive approaches 

might include offline community events like brandfests [35] or reward-based systems [36]. In treating 

every member equally, theoretically, these approaches could trigger negative reactions. More targeted 

proactive approaches instead identify members who appear most likely to demonstrate future IMP, 

using prediction models [2,3]. Here again, the risk is a lower IMP rate if the treatment action triggers 

negative reactions or involves members who would have participated already on their own accord 

[37]. Another option is to identify the optimal targets to influence with the treatment using uplift 
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modeling [38,39]. Despite the benefits of proactive strategies, literature on ICs has not confirmed 

which strategies, targeted or untargeted, are most effective. 

Third, the content of the message needs to be relevant to the individual behavior that is being 

targeted [31]. Aiming to reduce IMP through a treatment campaign in particular involves sending a 

message that is relevant to the specific member’s community participation, which in turn relates 

directly to the member’s participation motives. Previous research explores participation drivers, such 

as reputation, experience, integration [21], network position [40], relational social capital [41], 

hobbyism, and firm recognition [42]. In general, members participate if they expect to receive future 

benefits [28]. Hedonic, cognitive, and social motives help explain member participation [23–26], such 

that they anticipate benefits from the pleasurable experience, product-related learning, or relational ties 

over time. However, to the best of our knowledge, no studies explore whether these motives also can 

function as strategic tools to inform campaign management decisions by community managers.  

Fourth, by understanding the profile of community members, managers can segment them 

more effectively. Communities are dynamic environments, and their members change over time [11], 

so dynamic variables such as activity and writing style are more useful segmentation features than 

traditional characteristics such as demographics [3,33]. Recent literature recognizes that community 

writing style is an important signaling factor of member participation [33], especially in the form of a 

self-interest–oriented, positive emotional style [3]. However, it is unclear whether these linguistic 

traits can serve as indicators to specify which members to motivate using a communication campaign.  

Fifth, community members can be reached through many message channels, ranging from 

physical meetings [35] to virtual discussion forums. Email campaigns are widely used [43]; from an 

IMP perspective, an email strategy, unlike strategies that are limited to community platform 

boundaries, facilitates contacts with potential members outside the community platform who are 

exhibiting IMP and are not motivated enough to enter the platform itself. However, emails also 

threaten negative side effects, despite their low distribution costs [44], in that they increase members’ 

information processing costs and may lack usefulness. People grow increasingly unwilling to open 

emails, which reduces their potential positive impact. Therefore, to realize the full potential benefit of 

email campaigns, community managers need to recognize the optimal message characteristics. 
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2.1. Proactive email campaigns 

Innovation literature mostly explores the concept of proactivity in relation to proactive 

member contributions, which tend to contain more novel insights than reactive contributions [1], 

though it also has been suggested as an approach to manage the IC [3,23]. Proactive approaches 

anticipate future expected events [30] and are preferable to reactive approaches [45]. Proactive 

treatment campaigns are successful in other domains, such as for reducing customer churn, and 

seemingly might benefit IMP reduction too. Although the term proactivity often is used somewhat 

loosely in community literature, it is important to define it explicitly, to highlight its benefit compared 

with reactive IC management. As depicted in the panels of Figure 1, by relying on [30], we define the 

task of a motivational email campaign for IMP reduction in ICs according to the following elements: 

• Three time stamps appear on the community timeline: the present moment t0, a point in time in the 

past p, and a point in time in the future f.  

• Member participation behavior is evaluated between the present moment �� and some point time 

in the future f. From a community perspective, the moderator evaluates real member participation 

behavior at time stamp f as being constructive and useful (Y = 0), or useless and inferior (Y = 1).  

• Member profiling behavior X is evaluated between a point in time in the past p and the present 

moment t0. 

• Moderators decide to treat and thus send an email to a member (E = 1) or leave the member alone 

(E = 0). 

• When an email is sent (E = 1), it is sent at the treatment date t and includes a motivational 

message to influence future member participation behavior. 

Panel a of Figure 1 visualizes the timeline for a proactive email campaign. The moderator analyses 

past member profiling behavior X to decide to whom a motivational email is sent at the present 

moment t0 based on anticipated future participation behavior during the member participation behavior 

period. 

In a reactive approach as depicted in panel b of Figure 1, the moderator must observe the member’s 

behavior first before a motivational email could be send. As a consequence, the moderator could only 
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decide at a future time stamp f to treat a member depending on his shown superior (Y = 0) or inferior 

(Y = 1) participation behavior. 

[INSERT FIGURE 1 AROUND HERE] 

Proactive approaches have important benefits over reactive approaches, due to their preventive 

ability and cost effectiveness [30]. Moderators do not need to engage in damage control and can aim to 

minimize the impact of observed IMP, while also anticipating “latent” IMP and sending a motivational 

email to prevent it. Moderators also can avoid other, more expensive treatment actions, because things 

have not gotten too bad yet. However, when they anticipate future IMP, they are subject to imperfect 

predictive accuracy [30]. Both cases can produce false negatives, such as when IMP is expected but 

future participation is constructive (Y = 0), and false positives, such as when constructive participation 

is expected but IMP is observed (Y = 1). Some members thus receive an unintended motivational 

email, increasing email processing costs, while others who should be treated are not, resulting in a loss 

for the community.  

The purpose of the proactive motivational email is to minimize future IMP (Y = 1). To 

evaluate the impact of the campaign, we must distinguish four theoretical outcomes of a treatment 

action [46], as depicted in Table 1. The “sure things” show always future superior participation 

behavior whether receiving a motivational email or not. On the contrary, the “lost causes” continue 

future IMP irrespective of receiving a motivational email by the moderator. Furthermore, the 

moderator wants to identify and contact the “persuadables” given that the impact of the motivational 

email is positive on future member participation behavior. These members would show future IMP, 

but are persuaded to future superior participation behavior in response of the motivational email 

received. Finally, the moderator wants to avoid emailing the “do-not-disturbs” as these members 

would show a future superior participation, but change their minds in response to the moderator’s 

email and thus show future IMP. For instance, these IC members could drop out and engage in future 

IMP, because they are annoyed and tired catching up with the numerous moderator’s requests and 

tasks. The motivational email could be seen as the last straw that breaks the camel’s bag. Previous 

research has shown that these counter-intuitive effects are often context-specific and hard to explain, 

but are regularly dedicated by the intrusive and excessive character of the communication [46]. To 
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evaluate the parameters of a proactive email treatment campaign, in addition to the cost of community 

management, we must assess how each approach resonates with the different member profiles.  

[INSERT TABLE 1 AROUND HERE] 

2.1.1. Proactive untargeted email 

A proactive untargeted email strategy embraces a “one-size-fits-all” paradigm; the moderator 

decides to treat all members equally independent of their profile by all sending them the same email 

campaign. The untargeted approach is straightforward, such that it represents a default way to 

determine the scope of the campaign. This simplistic approach also is cost effective, because it does 

not require any decision about whom to treat, so moderators instead can devote their time and 

resources to innovation tasks. When they receive signals of potential future reduced activity and 

expect IMP, they can use a proactive untargeted email to motivate the community as a whole. Whether 

through their experience or by relying on automated tools like language monitoring, moderators can 

recognize signals of reduced activity, such as low positive emotional community vibes [3] or divergent 

language styles [33]. However, the assumption of homogeneity manifested in this approach may be 

difficult to support in an IC. All members are treated equally, even though communities are fluid, and 

members change over time [11], such that the member base is inherently heterogeneous. Moderators 

might expect a single, general, positive response from the email, yet negative reactions are possible, as 

we depict in Table 1. Therefore, in terms of ease of execution, a proactive untargeted email campaign 

may be highly beneficial, but its ultimate impact suggests the need for caution.  

2.1.2. Proactive targeted email 

Communities need to avoid allocating untargeted resources to all types of members and 

instead require heterogeneous treatment approaches [19]. Previous research highlights the benefits of 

proactive targeted efforts over untargeted ones [45] and the usefulness of direct emailing [47]. This 

shift toward customer-centric, segmented communication is effectively supported by technology [31], 

such as big data analytics, that function well in data-rich environments such as ICs [3]. Targeted 

approaches assume a heterogeneous member base, and recently moderators might rely on analytical 

models to make objective, cost-effective targeting decisions [3]. With past member profile data and 

classification techniques, they can construct propensity models to predict future IMP behavior as done 
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in [2] (P(Y=1|X)). Then moderators can focus their treatment efforts and target only those members 

with the highest IMP risk. This first modeling approach anticipates future expected IMP, yet 

subjecting high-risk members to the treatment still might result in unfavorable outcomes as members 

could not be persuadable to change their IMP behavior by the treatment [48]. The latter already 

considers the treatment and then the response to that treatment. In turn, neither modeling approach can 

distinguish the different treatment outcomes in Table 1 [38].  

Noting these flaws of traditional prediction methods, prior studies suggest a new approach to 

target individuals in a treatment campaign, namely, uplift modeling [39]. It is known by many 

synonyms, such as net lift modeling, differential response analysis, persuasion modeling or prediction 

models to predict favorable treatment responses (P(Y=1|E=1,X)). In various successful applications, 

uplift modeling has helped increase the effectiveness of marketing and retention campaigns [49], and it 

also has huge benefits for direct emailing [38]. With a proactive targeted email strategy for IMP 

reduction, the moderator treats members differently and only targets those who can be positively 

influenced with an email campaign. Uplift modeling can evaluate the causal impact of a treatment 

action and distinguish the four member profiles in Table 1 [46]. It enables moderators to decide which 

members will be positively influenced by the email campaign, avoids annoying the “do-not-disturbs,” 

leaves the “sure things” alone, and prevents any efforts being wasted on “lost causes.” For the “lost 

causes,” other treatments might be explored. 

Constructing uplift models requires a field experiment that allocates members randomly to 

either a treatment (E = 1) or a non-treatment (E = 0) group. In our setting, this comes down to using 

P(Y=1|E=0,X)-P(Y=1|E=1,X), the uplift modeling technique estimates the decrease in IMP 

probability if members are sent an email, over the IMP probability if they are not. The model output, 

or uplift score, reflects the likelihood that a member can be motivated and show less IMP using the 

motivational email. We also emphasize that the framework of Table 1 with its different member 

profiles is purely theoretical; a member can never be treated and not treated at the same time. In the 

modeling process, we construct a prediction model to predict the incremental decrease in IMP by the 

motivational email, not whether a member belongs to one of the four different member profiles.  

2.2. Motivational message 
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Three important motivations lead to community participation: hedonic, social, and cognitive. 

Members receive hedonic benefits when community participation is fun [24], interesting, pleasurable, 

and mentally stimulating [23], such that their hedonic engagement evolves over time [25]. Cognitive 

benefits arise from tapping into knowledge exchanges in the community [24], which might provide 

information about products, the underlying technology, and their usage [23,50]. Finally, social benefits 

come from developing social and relational ties over time [23,28] and the “we-intentions” that signal 

group membership [26]. Because these interactions require beliefs about future benefits [23], firms 

should take proactive measures and create ICs that contribute to such benefits. This argument suggests 

proactive stimulation of community members using motivational messages; for example, reminding 

members about anticipated benefits by citing them in a motivational message, the moderator could 

directly highlight the reasons for their participation. In contrast with prior research [23] that explores 

motivations at point t0 and measures participation behavior at a future point f, we address motivation at 

point �� as a means to influence behavior at a future point f, through a motivational email message.  

2.3. Member profile 

A self-interested orientation and positive emotionality are crucial to innovation and 

collaboration [3,13,51]. First, self-interested people focus on pursuing their personal goals and 

fulfilling their needs, rather than others’ [52]. Self-interest drives their future actions [53], so when 

members exhibit self-interested behavior, it may indicate that they are concerned with their future 

actions, implying an appropriate moment to influence them. Second, people who exhibit positive 

emotionality tend to be positive in their affect, which translates into greater cognitive effort [54]. 

Broaden-and-build process theory [55] suggests that the experience of positive emotions broadens 

people’s attention, cognition, and action, which enhances their physical, social, and intellectual 

resources. When members express positivity in an IC, it may be an indicator that they have entered a 

broaden-and-build process, with an appropriate mindset to be influenced by a proactive treatment. 

In ICs, in addition to analyzing members’ language content (what they say), moderators can 

analyze their language style (how they say it) to predict future member participation [3,33]. The words 

people use reveal a lot about their psychological selves [56]. Self-interest–oriented and positive 

emotional writing styles can be explored by analyzing members’ posts, with explicit links to IMP [3]. 
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Because online communities are dynamic environments [11] and self-interest and positive 

emotionality change over time [52,57], these measures are used to profile IC members. Using the 

indications provided by their writing style that signal that members are concerned about their future 

actions, moderators might identify whether members are open to being motivated and persuaded by a 

motivational email.  

3. EXPERIMENTAL SETUP 

3.1. Research setting 

To implement the research framework as presented in Figure 1 – panel a, a sample, obtained 

from a European market research consultancy, containing 5,828 posts written by 355 members of four 

firm-hosted Dutch ICs is used. The market research consultancy organized the ICs, under commission 

by the companies, and different community topics that correspond with different innovation 

challenges. The consultancy then recruited members on the basis of their interest in the community 

topic or extensive usage experience. Members received a small financial incentive to participate, but 

their ongoing participation mainly reflects their intrinsic motivation. The communities were managed 

by a moderator, responsible for encouraging participation and guiding the innovation challenge 

process by introducing questions. In a collaborative manner, members could participate and share their 

opinions by answering the moderator’s questions or responding to other members’ posts.  

3.2. Experimental timeline 

As depicted by Figure 1- panel a, the field test starts at the treatment date t. For each 

community, t is set at t0 corresponding to the beginning of a new topic. In each community at t, 

members were randomly allocated without replacement to one of four groups. Three groups of whom 

will receive an email (E = 1) by the moderator, which varied in the motivational element it featured 

(i.e., hedonic, social, or cognitive) (see section 3.3. Motivational email). The fourth group is the 

control group, and these members will not receive any email (E = 0). Table 2 lists the characteristics 

of both the community and the experiment, including the email sent dates.  

[INSERT TABLE 2 AROUND HERE] 

To ensure sufficient participation, a two-step email procedure implemented at t sought to both 

encourage participation and reduce IMP in the member participation observation period. At t, the 
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moderator sent a motivational email, followed by a reminder email that contained a copy of the first 

email and a call to action to participate in active topics. This two-step procedure increases the chances 

that participants will open the email. The members in the sample opened at least one of the two emails; 

Table 2 contains the opening rates for the different ICs. 

Furthermore, the field experiment spans a three-month period. In line with [3,33], the member 

profiling period contains two months of past member data before the treatment date t. This data is used 

to create independent variables used in the uplift model (see section 3.4.2. Independent variables). The 

member participation observation period spans one month after the treatment date t. During this 

period, we observe whether a member’s behavior is inferior (Y = 1) or superior (Y = 0). This 

information constitutes the dependent variable in the uplift model (see section 3.4.1. Dependent 

variables). In this overall three-month period, community activity was high, and many new topics were 

created. 

3.3. Motivational email 

To motivate members to participate, we created a motivational email campaign to be sent at 

the treatment date t with three types of motivational messages. The general format is the same for all 

types of emails, expressing the moderator’s personal wish for the member to participate constructively 

in an upcoming period, with a subject line that read “two wishes you have not received.” Because the 

studied ICs use Dutch, the motivational email was also written in Dutch. For the three motivational 

emails, the two wishes corresponded to the different motivations, or anticipated benefits of community 

participation provided by [23]. The content also referred to items from scales established by [23], as 

detailed in Table 3. We used direct translations of the items from prior literature; a pretest among 

academics confirmed that the motivational emails appeared valid and cited the intended benefit. The 

email also included a rhetorical question related to the type of anticipated benefit: “Do you think this 

year will be a pleasurable/educational/social year?” In Appendix B we offer an example of a hedonic 

motivational email and its reminder. 

[INSERT TABLE 3 AROUND HERE] 

3.4. Uplift modeling 

3.4.1. Dependent variables 
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To operationalize the dependent variable for the uplift model, we build on a definition of 

member participation quantity from Coussement et al. [3], which reflects the ratio of active 

community topics in which a member posts to the total active community topics in a certain period. 

From Figure 1 – panel a, to gauge the dependent variable, we compared member participation quantity 

at t0, i.e. the participation quantity during the member profiling period, with that at f, i.e. the 

participation quantity during the member participation observation period. If there is a decrease in 

participation quantity from t0 to f, the dependent variable equals 1 (Y = 1), whereas if there is an 

increase, it takes a value of 0 (Y = 0). 

3.4.2. Independent variables 

To make targeting decisions, uplift models need information, which in this study pertains to 

the different variables calculated during the member profiling period: activity, language style, 

language content, interaction variables, and the treatment variable. As input for direct marketing 

models, behavioral data are easily accessible and significant, in that they influence the choice of 

customers [58]. The activity variables are defined as a function of members’ posting behavior and 

relate to recency, frequency, and monetary (RFM) measures, as are widely used in marketing models 

[59]. To construct the language style variables, we use the LIWC [60], which supports analyses of how 

members’ posts are written. This dictionary-based approach assesses each post according to the 

percentage of words that belong to respective word categories; it has been widely used in prior 

academic literature [22,61]. Consistent with prior research, we rely on several word categories as input 

for member participation models, including emotions [3], cognitive words, and pronouns [33]. The 

content variables identify the shared content characteristics across members’ posts. Identical to the 

data preprocessing step of [62], we construct the language content variables in accordance with 

Feldman and Sanger’s [63] guidelines. In particular, we employ a bag-of-words approach to convert 

textual information into numerical information, then turn to latent semantic analysis to construct a 

low-dimensional matrix. Finally, the binary treatment variable indicates whether a member is sent an 

email (E = 1) or not (E = 0). 

3.4.3. Algorithm 



14 

Most studies that involve uplift modeling feature regression-based and tree-based approaches. 

We turn to a tree-based approach, which represents an adaption from well-known classification 

algorithms (e.g., altering the splitting criteria) that accommodates treatment and control groups 

explicitly. To avoid the problems of single-based decision trees, such as high variance due to the 

hierarchical nature of the splitting process, multiple decision trees can be effective [49,64]. 

Accordingly, we use the causal conditional inference forest (ccif) [32], which explicitly provides 

decision support in marketing interventions and achieved the best performance among alternative 

methods [32,65]. Furthermore, random forest models are reliable for churn prediction [66]. The ccif 

classifier offers an improved tree-based ensemble that estimates personalized treatment effects. It 

solves the problem of the uplift random forest [49], which can lead to overfitting and a selection bias 

toward covariates with many possible splits. The ccif method implements recursive partitioning in a 

causal conditional inference framework; that is, it recursively partitions the input space into subgroups 

with heterogeneous treatment effects. We kindly refer to [49] for more information on ccif. The 

different split criteria we explore are based on conditional divergence measures, such as Euclidean 

distance, Kullback-Leibler divergence, chi-squared divergence [38], and the interaction method [67].  

Consistent with prior research [68], we use leave-one-out cross-validation to generalize the 

model over the data set. This method is superior for smaller data sets [69]. This cross-validation 

scheme iteratively loops through all members, and at each iteration, it takes one member as a test set 

and the others as the training set. This approach ensures a maximal amount of members to train the 

model; it also is a deterministic procedure, because it does not use random sampling. Although the 

approach is computationally intensive, it is feasible for our study context. Finally, to select the final 

model, by exploring different experimental model parameters in the leave-one-out cross-validation, we 

seek the model with the best qini performance on the training sample, as detailed subsequently. 

3.4.4. Evaluation 

To evaluate the quality of the uplift models, we use the qini coefficient and qini curve 

[38,65,67]. The qini coefficient is a generalization of the Gini coefficient, which supports analyses of 

the goodness-of-fit of response models. The qini measure is based on the area under the incremental 

gains curve, or qini curve [67], which plots the cumulative difference of the IMP rate between the 
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treatment group and control group as a function of the selected proportion of the member base. The 

qini value is the area underneath the actual gains curve, less the area underneath the diagonal, which 

corresponds to random targeting. No individual can be both treated and not treated at the same time, so 

we make no conclusions about whether the individual is a persuadable or sure thing, as in Table 1. 

Instead, the evaluation takes place at the group level, for each proportion of the member base. With 

our sparse experimental data, we determine this proportion by quintiles. 

3.5. Member profiling  

Once the uplift modeling phase is done, each community member is assigned an uplift 

modeling score showing the impact of the email campaign and community characteristics in reducing 

IMP. Interestingly, we want to get insight which member profiles tend to result in a higher positive 

impact of the email campaign in reducing IMP. This is done by finding the relationship between a 

member’s writing style and control variables obtained from the member profiling period and the uplift 

scores. 

To operationalize self-interest–oriented and positive emotional writing styles, we use the 

operationalization proposed by Coussement et al. [3] and the LIWC [60]. Prior literature defines self-

interest as a bipolar continuum, marked by high self-focus and high other-focus as the scale ends [52]. 

The operationalization of a self-interest–oriented writing style thus depends on the percentage of self-

referential (self) and other-referential (other) words. Both categories contain 12 words (“I,” “me,” and 

“mine” versus “her,” “they,” and “one”). We subtract the average self-referential words and other-

referential words used per post in the independent variable period to obtain the variable. For positive 

emotionality, we rely on both positive and negative affect [70]. The operationalization of positive 

emotional writing style is similar to that for self-interest–oriented writing style, but we use the positive 

(posemo) and negative (negemo) word categories from LIWC. The LIWC dictionary contains 685 

positive and 1332 negative emotion words. 

As control variables, consistent with [3], we include membership length, member participation 

quantity, community size, and community participation quantity. Membership length is the number of 

days the member has been active in the community. Member participation quantity reflects the total 
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number of posts. Community size is the number of active members in the community, and community 

participation quantity reflects the number of posts in the community. 

4. RESULTS 

Given that members are randomly assigned to each of the experimental conditions at t0, the 

impact of a proactive untargeted email strategy is evaluated by comparing the differences in IMP rates 

between the treatment groups and the control group. We use a chi-squared test, which offers a non-

parametric analysis of group differences when the dependent variable is categorical. 

[INSERT TABLE 4 AROUND HERE] 

Table 4 reveals the effects of a proactive untargeted motivational email campaign, in general and with 

different motivational elements, and the “no email” strategy. With regard to RQ1a, the IMP rate for 

the treatment group is 36.50%, whereas the control group has an IMP rate of 25.00% (χ2=4.05, p<.05). 

Thus, the average treatment effect of a proactive untargeted motivational email is an 11.5% increase in 

IMP. When we separate the motivations, to address RQ1b, we find that the IMP rate for the 

motivational email with a hedonic element is 37.50% (χ2=3.28, p<.10), that for the cognitive element 

is 33.33% (χ2=1.53, p>.10), and that for the social message equals 38.82% (χ2=3.90, p<.05). The 

control group has an IMP rate of 25%, so the treatment effect of a proactive untargeted email with a 

hedonic motivational message constitutes a 12.50% increase in IMP, a cognitive motivational message 

increases it by 8.33%, and an email with social message leads to a 13.82% increase in IMP. 

To investigate the impact of a proactive targeted email campaign, we rely on the outcomes of the ccif 

uplift model that produces for each of our members in our field test an uplift score. Members with a 

positive uplift score are expected to be positively influenced by the motivational email and will show 

thus a reduction in IMP thanks to the email. The higher the uplift modeling score is, the higher the 

impact of the email in reducing IMP is. 

[INSERT TABLE 5 AROUND HERE] [INSERT FIGURE 2-3 AROUND HERE] 

Table 5 notes the effect on incremental gains of a proactive targeted motivational email 

campaign across motivational emails (RQ2a) and for each of the motivational email types (RQ2b) for 

the random and uplift model. A positive incremental gain indicates a positive impact of the email and 

thus a reduction in IMP rate consequently; a negative incremental gain indicates a negative impact of 
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the motivational email and an increase in IMP rate. Figure 2 visualizes the incremental impact of the 

email campaign across motivations (RQ2a), while Figure 3 depicts the incremental impacts for each of 

the motivational emails graphically (RQ2b). Generally speaking treating members with a proactive 

motivational email and selecting them at random increases the IMP rate; the cumulative incremental 

gain for 20% of members is -.0230, and that for 40% of members is -.0460. When targeting members 

by using the uplift model, treating the 20% most persuadable members, i.e. with the highest uplift 

scores, gives a cumulative incremental gain of -.0027, and for the 40% most persuadable members, 

this value is -.0411. Thus, a proactive targeted email sent to the most persuadable members based on 

the uplift model has a less negative impact on the IMP rate than an email sent to a random selection of 

members, but it still does not achieve positive incremental gains. 

Next, treating members with a proactive email with a hedonic motivational message and 

selecting members at random increases the IMP rate, so for 20% of them, the cumulative incremental 

gain is -.0250, and for 40% of members, it is -.0500. Treating members with a proactive targeted 

hedonic motivational email using the uplift model has a similar negative IMP effect. The incremental 

gain for 20% of the most persuadable members is -.0817, and for the top 40% of members, it is -.0129. 

Thus, the proactive targeted email using a hedonic motivation sent based on the uplift model performs 

worse than the random model, without any positive incremental gains.  

When targeting members at random using a cognitive motivational message, the IMP rate 

increases, and the cumulative incremental gain for 20% of members is -.0166, while that for 40% of 

members is -.0333. Selecting members using the uplift model decreases the IMP rate, such that the 

cumulative incremental gain for 20% of the most persuadable members is .0129, and that for the top 

40% of members is .0297. Thus, using a proactive targeted cognitive email and selecting members 

through the uplift model performs better than the random model and achieves positive incremental 

gains.  

Finally, treating members at random with a proactive targeted email with a social motivational 

message increases the IMP rate: For 20% of members, the cumulative incremental gain is -.0276, and 

for 40% of members, it is -.0552. Selecting members using the uplift model and treating them with an 

email with a social motivational message increases the IMP rate, such that the cumulative incremental 
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gain for 20% of members is -.0371, and that for 40% of members is -.0485. Thus, the uplift model 

performs worse than the random model and achieves no positive incremental gains. 

In summary, the only way moderators might reduce the IMP behavior of members is by 

relying on the uplift model and sending them a cognitive motivational email. The results show the 

positive impact of a proactive targeted cognitive email on a reduction of the IMP rate for both the 20% 

and 40% of members having the highest uplift scores. In all other contexts, it means that sending a 

proactive motivational email has an adverse effect on motivating members to participate more. In 

other words: there appear to be many so-called do-not-disturbs among the top 20% and top 40%, 

yielding a downlift instead of an uplift. 

Table 6 gives insights which member profiles and community characteristics tend to result in a 

higher positive impact of the email campaign in reducing IMP. It shows the results of the regression of 

the relationship of a member’s writing style and the control variables on the uplift scores. Among all 

approaches, only the proactive targeted email with cognitive motivation positively influences 

members, so we focus only on the cognitive email campaign results. 

[INSERT TABLE 6 AROUND HERE] 

The self-interest–oriented writing style relates non-significantly and negatively to the uplift 

score (β=-1.32E-3, p>.10); a positive emotional writing style is positively and significantly related to 

the uplift score (β=8.548E-3, p<.01). Whereas membership length has no significant relationship with 

the uplift score (β=1.186E-5, p>.10), membership participation quantity has a positive but not 

significant link to it (β=-8.517E-4, p>.10). Community size is significantly and negatively related 

(β=-1.462E-3, p<.01), and community participation quantity is significantly and positively related 

(β=4.376E-5, p<.01), to the uplift score. 

5. DISCUSSION 

5.1. Treatment scope 

Our results indicate that both a proactive targeted and an untargeted motivational email 

campaign fail to reduce IMP in online innovation communities. Compared with a strategy of sending 

no motivational email at all, the untargeted email increases the IMP rate by 11.5%. A similar negative 
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impact emerges from the targeted email, sent only to members that seem likely to be positively 

influenced by the email. Instead, the results indicate the need for greater nuance, because the viability 

of the treatment scope depends on the email itself and its use of motivational elements. In proactive 

untargeted emails, all three motivational elements still perform worse than a no-email strategy, 

increasing the IMP rate anywhere from 8.33% to 13.82%. Proactive targeted emails with hedonic or 

social motivational elements also are inferior to sending no email; treating even the 20% most 

persuadable members increases the IMP rate by 8.17% and 3.71%, respectively. The exception is a 

proactive targeted email with a cognitive motivational element, which reduces IMP in online ICs, by 

1.29% if it targets 20% of the most persuadable members or 2.97% by targeting the top 40%. The IMP 

rate of the control group is relatively high, so these results indicate substantial benefits. Noting that a 

random selection of 20% of members increases the IMP rate by 1.66% (or 40% of members by 

3.33%), we show that the uplift model helps target the right members. By leaving other members 

alone, this strategy can effectively reduce IMP in online ICs.  

Consistent with previous research [45], our results indicate the superiority of the targeted 

strategy over an untargeted approach. Furthermore, they affirm [47] a negative effect of an untargeted 

email campaign, compared with a positive effect of a targeted campaign. Despite the benefits of the 

simplicity and ease of use of an untargeted approach, these results cannot recommend adopting an 

untargeted motivational email rather than a targeted one, due to the difference in their impacts on the 

community. The greater effect on the IMP rate stemming from an untargeted approach directly stems 

from its inability to distinguish between members who need treatment and those who do not. In 

reducing the IMP rate, the targeted approach leverages uplift modeling to identify the members whose 

future IMP behavior can be reduced by sending them motivational emails. The ability to treat only 

these members is especially useful for email campaigns, during which moderators should send 

motivational emails to the “persuadables” but avoid sending anything to the “do-not-disturbs.” The 

“lost causes” cannot be rescued by a motivational email, but other (more expensive) treatment actions 

might trigger them. The “sure things” are not bothered by the email, but they do not need to be treated, 

and ultimately, too many treatments could increase their annoyance with emails and transform them 

into “do-not-disturb” or “lost cause” members over time.  
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5.2. Motivational element 

The choice of motivational element influences the outcome of email campaigns. In an 

untargeted approach, emails with all motivational elements perform worse than sending no email. 

With a targeted approach, emails with hedonic and social elements still fail to exert positive 

influences, but an email that features a cognitive motivation effectively can decrease the IMP rate by 

as much as 2.97%. This stronger effect of the cognitive motivation is consistent with prior research 

[23], including social exchange theory that predicts that community members are motivated to share 

knowledge in ICs to achieve their personal goal of enhancing their reputation [41]. This study further 

reveals that IC moderators can anticipate this need and send a cognitive email message to motivate 

their community participation. 

The different outcomes of the three motivational elements might reflect [23]’s findings 

regarding how product content, member identity, and human interactivity shape benefits. They find 

that learning benefits depend on product content, not member identity or human interactivity; hedonic 

and social benefits rely on product content too but also are influenced by product content and human 

interactivity. The IC moderator has a direct influence on the product content, by organizing and 

managing innovation challenges [43], but less influence on member identity or human interactivity, 

which are created by the individual members and their peers. Therefore, a motivational email from the 

moderator may seem more credible if it cites cognitive motivation, rather than hedonic and social 

forms. 

5.3. Member profile 

Moderators cannot use member’s self-interest–oriented writing style to identify targets, though 

a positive emotional writing style can signal their persuadability. [3] similarly find that a member’s 

self-interest–oriented writing style cannot signal future IMP; we advance that insight by noting its 

inability to determine whether they should be targeted. However, the more positive emotional words a 

member uses in IC communications, the higher the likelihood that she or he can be motivated with a 

proactive targeted email with a cognitive message. Relying on the broaden-and-build theory [55], 

moderators could interpret a positive emotional writing style as a reflection of being in the broaden-

and-build process, which indicates that they are broadening their attention, cognition and action. As 
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members with a positive emotional writing style can be motivated using a cognitive motivational 

message shows that the right profile and moment is found to trigger future constructive participation.  

6. CONCLUSION 

IMP considerably jeopardizes the viability and sustainability of ICs. By studying, the elements 

of proactive motivational e-mail campaigns, this study analyzed the effectiveness of such campaigns. 

By comparing the viability of a targeted and untargeted messages (message scope), analyzing the 

usage of several motivational messages (message content) and exploring which member profile can be 

motivated (message profile), we show empirical evidence of optimal characteristics of e-mail 

campaigns.  

Our study makes four important contributions for both academics and practioners. First, when 

pursuing a proactive motivational e-mail campaign, a targeted treatment scope should be favored over 

an untargeted approach. While an untargeted proactive e-mail increases the IMP rate, a targeted 

proactive email using uplift models can identify which members might be positively influenced. By 

selecting the most persuadable members based on an uplift modeling framework, the moderator can 

reduce the IMP rate. Second, when choosing the motivational message to feature in the email, hedonic 

and social motivations will not exert a positive community impact; a cognitive motivational message 

can achieve the intended campaign purpose. Specifically in this research context, members are 

triggered to contribute to the innovation task by informing them about the newest trends and 

developments on the IC subject. For instance, moderators are encouraged to communicate regularly a 

summary of the latest IC ideas as members seem to respond positively to those intellectual cues. Third, 

with regard to members’ community behavior, a positive emotional writing style indicates a member 

profile that is more likely to respond to a motivational email. For instance, the community platform 

provider could opt to develop a sentiment detection dashboard that automatically analyses the positive 

emotional writing style on IC member level to maximally support the moderator’s efforts in reducing 

IMP. Fourth, community managers need to find an ideal balance between the size and the activation 

level of the community in order to maximize the impact of proactive targeted email campaigns; when 

the size of the community increases, the proactive motivational email has a lower impact on 

decreasing the IMP rate. On the other hand, an increased community size leads to a higher probability 
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of increased community participation activity that has in turn a positive impact on the motivational 

email in fighting IMP. 

Despite these contributions, this study has also some limitations. Notably, we only explore 

hedonic, cognitive, and social motivations, excluding personal integrative motivation, which [23] 

propose as a fourth type. Perhaps anticipating reputation benefits would help motivate members to 

participate. A valuable future research path is to investigate why in general sending a proactive 

motivational email is worse than sending no email, and why only the cognitive motivation email is 

effective in this research context. In addition, we rely solely on the uplift method to design the targeted 

approach, but other models are available, such as regression-based versions. Further research should 

investigate whether different models lead to better results. Moreover, we focus on motivational emails 

and thus exclude analyses of other IMP reduction techniques, such as financial incentives. Firms are 

always on the lookout for improved approaches to managing ICs, and in light of the promise of uplift 

modeling, further research should reconsider such alternative approaches to design more cost-effective 

campaigns. Finally, the research study is contextualized in the IC domain, and thus the field test is 

implemented in four firm-hosted closed online ICs. A valuable path for further research may explore 

the generalizability of the current study results for other community types. 
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TABLE 1 

MEMBER RESPONSE TYPES TO (NON)TREATMENT  

IN PROACTIVE EMAIL CAMPAIGNS 

  
Future member participation when  

no motivation email sent (E = 0) 

  
Superior 

(Y=0) 
Inferior 

(Y=1) 
Future member 

participation when 

motivation email sent 

(E = 1) 

Inferior 

(Y=1) 
Do-not-disturbs Lost causes 

Superior 

(Y=0) 
Sure things Persuadables 

 

TABLE 2 

DESCRIPTIVE AND EXPERIMENTAL CHARACTERISTCS OF EACH COMMUNITY 
Id Sector Purpose Members 

(� = �) 

Members 

(� = �) 

Open 

rate 

Posts First email 

(��) 

Second 

email 

1 FMCG New marketing 

strategy 

61 18 67.77% 951 09/03/2016 23/03/2016 

2 Technology Improvements 

to online 

consumer 

platform 

45 20 58.44% 1266 11/04/2016 13/04/2016 

3 FMCG New shop 

design and 

footwear 

42 16 71.18% 449 29/03/2016 12/04/2016 

4 FMCG New food 

products 

115 38 79.31% 3162 21/03/2016 23/03/2016 

Notes: FMCG = fast moving consumer goods. 

 

TABLE 3 

ITEMS FOR THE MOTIVATIONAL EMAILS 
Benefit Moderator whishes Items 

Hedonic “I hope you will get a lot of enjoyment from co-developing 

and influencing new concepts and ideas in the world of 

<domain>” 

• Derive enjoyment from 

problem solving, idea 

generation, etc. 

 “I hope you will experience fun and receive pleasure from 

your participation in the community and you will be 

entertained through all the brainstorms and challenges that 

we have created for you” 

• Derive fun and pleasure. 

• Entertain and stimulate my 

mind. 

Social “I hope that because of your participation in this community 

you will meet plenty of new people or even make extra 

friends for life” 

• Expand my personal/social 

network. 

 “I hope that we can make you feel at home, so you will 

become more involved and experience yourself as one of us” 
• Enhance my sense of 

belongingness with this 

community. 

• Enhance the strength of my 

affiliation with the customer 

community. 

Cognitive “I hope that through all the brainstorms and challenges we 

have created for you, you will become better informed about 

the existing <domain> concepts, ideas and daily usage” 

• Enhance my knowledge 

about the product and its 

usage. 

 “I hope you will gain more information about the newest 

trends and developments in the world of <domain>” 
• Enhance my knowledge 

about advances in product, 

related products, and 

technology. 
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TABLE 4 

INFERIOR MEMBER PARTICIPATION RATE, UNTARGETED PROACTIVE 

MOTIVATIONAL EMAIL 
 General Hedonic Cognitive Social 

Treatment 36.50%** 37.50%* 33.33% 38.82%** 

Control 25.00%  

** p < .05; *p < .10. 

 

 

TABLE 5 

CUMULATIVE INCREMENTAL GAIN OF THE PROACTIVE TARGETED 

MOTIVATIONAL EMAIL ON INFERIOR MEMBER PARTICIPATION RATE  
 % of members General Hedonic Cognitive Social 

Random 

model 

20% -.0230 -.0250 -.0166 -.0276 

40% -.0460 -.0500 -.0333 -.0552 

Uplift 

model 

20% -.0027 -.0817 .0129 -.0371 

40% -.0411 -.129 .0297 -.0485 

 

TABLE 6 

REGRESSION RESULTS OF THE RELATIONSHIP BETWEEN MEMBER PROFILE AND 

UPLIFT SCORE 
Variable Uplift score 

Self-interest oriented writing style -1.32E-03 

Positive emotional writing style 8.548E-03** 

Membership length 1.186E-05 

Member participation quantity -8.517E-04 

Community size -1.462E-03** 

Community participation quantity 4.376E-05** 

** p < .05. *p < .10. 
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FIGURE 1 

PROACTIVE VS. REACTIVE INFERIOR MEMBER PARTICIPATION REDUCTION 
Panel a : Proactive approach 

 

Panel b : Reactive approach 

 

 

FIGURE 2 

QINI CURVE OF A MOTIVATIONAL EMAIL CAMPAIGN (RQ2a) 

 

 
  

X

TODAY FUTUREPAST

member profiling period member participation observation period

fp

t treatment date

E ϵ {0,1}

t0

Y ϵ {0,1}

TODAY FUTUREPAST

member participation observation period

fp

Y ϵ {0,1}

t treatment date

E ϵ {0,1}

t0
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FIGURE 3 

QINI CURVE OF A MOTIVATIONAL EMAIL CAMPAIGN (RQ2b) 

A. HEDONIC MOTIVATIONAL MESSAGE 

 

B. COGNITIVE MOTIVATIONAL MESSAGE 

 

C. SOCIAL MOTIVATIONAL MESSAGE 
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APPENDIX A. Literature Review of Firm Initiatives to Stimulate Community Participation 

Reference Research context Description of the approach Key findings 

[19] Seven firm-hosted online brand 

communities: Xiaomi, Meizu, Vivo, 

Huawei, Oppo, Oneplus, and Smartisan 

Socialization techniques: 

member education, interaction support, and 

participation feedback 

Member education, interaction support and 

participation feedback have a positive influence 

on community participation intention. 

[9] Five firm-hosted virtual communities: 

Dell Community Forum, PalmOne Inc., 

Customer Community, HP/Compaq 

Customer Community, and REI Online 

Community 

Providing quality content, fostering 

embeddedness, and encouraging interaction 

Efforts in providing quality content and fostering 

embeddedness have a positive impact on the 

community, but efforts in encouraging interaction 

do not. 

[71] One brand community:  

Unknown brand 

Organizing an event (offline) and making 

available online bulletin boards and expert 

chats (online) 

Compared with online activities, offline activities 

are more effective in strengthening community 

integration and the consumer–brand relationship. 

[72] Ten online community forums:  

one DIY company, five airlines, and 

four hotels 

Firms' online engagement: 

reply interactivity 

A certain level of replies has a positive influence 

on the community, while excess replies decreases 

customer sentiment. 

[35] One brand community: 

Jeep. 

Organizing offline brand fest activities Organizing brand fests has a positive impact on 

the community. 

[36] Three open innovation collaborative 

platforms:  

Crowdspirit, FellowForce, and Owela. 

Developing extrinsic (e.g. monetary rewards) 

and intrinsic (e.g. stimulation of community 

cooperation) motivational tools  

Exploratory case study analysis shows that 

monetary rewards are not always valuable, while 

developing intangible drivers (community 

cooperation, learning new ideas and having 

entertainment) is beneficial. 

[73] Random sample of members from sixty 

firm-hosted communities 

Encouraging users to contribute high-quality 

content, cultivating connections among 

members, and creating enjoyable experiences 

for community users. 

All three sponsorship efforts have shown to have 

a positive impact on community participation. 

[74] One firm-hosted online community: 

A global appliance brand headquartered 

in China 

Promoting interaction, organizing offline 

activities, and providing explicit incentives 

Promoting user interaction and organizing offline 

activities have a positive impact on users’ 

contributions, while providing incentives has a 

detrimental effect. 

[75] One online brand community: 

Dell’s IdeaStorm 

Delivering (swift) firm feedback Delivering (swift) feedback by the community 

host encourages the community members to 

contribute. 

[76] One online knowledge community: 

SAP 

Knowledge seeding Knowledge seeding strategies induced by the 

hosting firm positively impacts the community’s 

knowledge contributions. 
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APPENDIX B. Example Email with Hedonic Motivational Message 

EMAIL 1  

Two Wishes You Never Got... 

Hello you there, 

Now that you have been active with the <name of community> for some time, I would like to take a 

quick look at some of the community wishes I have had for a while. 

1. I hope you will get a lot of satisfaction by working out and influencing new concepts and ideas in 

the wonderful world of <domain>. 

2. I hope you will experience a lot of fun and enjoyment through your participation in this 

community and that you will be fully integrated with all the brainstorms and challenges we have for 

you. 

Do you think this year may also be a PLEASURABLE <name of community> Year? 

I sincerely hope so! 

Let's start working on it in the coming days and weeks. Let's do this! We will succeed. 

Thank you very much. 

Greetings, 

<name of the moderator> 

EMAIL 2 

Are The 2 Wishes Coming To It? 

Hello you there, 

Do you remember the email that I sent you back a while? Do you think these two wishes are already 

coming true for you? 

With our last topic <URL to last topic> we can make this all the way. 

I'm curious!! 

Greetings. 

<name of the moderator> 

------- 

<Copy of email 1> 




