Electronic word of mouth and firm performance: The role of network structure
Summary
While existing research has investigated electronic word-of-mouth (eWOM) from a consumer behavior perspective, comparatively few studies have been paid to the impact of eWOM on firm performance, especially on innovative performance. Moreover, network structure increasingly becomes important in the context of eWOM. The purpose of this study is to examine the moderating role of network centrality on the effects of eWOM on financial and innovative performance using online review data of gaming companies in Taiwan. The results provide empirical evidence to challenge the notion that negative eWOM always harms firm performance. More specifically, the study demonstrates that network centrality attenuates the adverse impact of negative eWOM on innovative performance, whereas network centrality strengthens the impact of positive eWOM on financial performance. The results enrich the body of eWOM research to social network literature through a big data analytics approach and extend the marketing literature from consumer perspective to firm perspective. 
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Introduction

Because of digital technologies and evolution of digital platforms, social media becomes particularly important (Mariani & Borghi, 2021; Nisar, Prabhakar, Ilavarasan, & Baabdullah, 2020; Symitsi, Stamolampros, Daskalakis, & Korfiatis, 2021), especially in the pandemic of COVID-19. Social media sites allow consumers to provide their opinions or perspectives in an online environment, which lead electronic word-of-mouth (eWOM) to gradually become ubiquitous and comprise massive amounts of information (Mariani & Borghi, 2021; Nisar et al., 2020; Xun & Guo, 2017). However, an explosion of eWOM suffers the problem of information overload to consumers (Fang, Ye, Kucukusta, & Law, 2016). In addition to consumers, firms question the values of this information generation (LaValle, Lesser, Shockley, Hopkins & Kruschwitz, 2011). eWOM provided by consumers has received considerable attention in academics and practitioners, yet academic guidance for practical application is still rare (Symitsi, Stamolampros, Daskalakis, & Korfiatis, 2021). 

In academic research, eWOM has been deeply examined in the literature on marketing, information and innovation management. The antecedents and consequents of eWOM have been at the center of the stage in academic debate and well documented in numerous studies (Mariani & Borghi, 2021; Xun & Guo, 2017). Recent studies dominantly focus on the influence of eWOM on innovation diffusion and adoption (e.g., Cho, Hwang, & Lee, 2012; Hung, 2019; Lee, Wang, & Wang, 2021; Pescher & Spann, 2014; Van Eck, Jager, & Leeflang, 2011). While extant literature has investigated eWOM from a consumer behavior perspective, comparatively few studies have been paid to the impact of eWOM on firm performance (Nisar et al., 2020; Xun & Guo, 2017). 
Moreover, current research has established a significant effect of eWOM on product sales (e.g. Amblee & Bui, 2011) and revenue (Kim et al., 2015; Viglia et al., 2016), only few studies have examined the effect of eWOM on firms’ financial performance using big data (e.g., Anagnostopoulou et al., 2020; Wang & Kim, 2021; Xun & Guo, 2017), especially for innovative performance that is critical to firm success. Firms increasingly rely on eWOM for product innovation (Zhou et al., 2018) because use of eWOM presents not only rich consumer feedback information in a broader range of average consumers (Zhou et al., 2018) but also information regarding the market and competitors (Symitsi et al., 2021). Although increasing research has paid attention to study firms’ financial performance in the context of eWOM, little is known about how eWOM affect firms’ innovative performance, except for the study of Zhou et al. (2018). 
The significance of eWOM valence also has been well highlighted (Anagnostopoulou et al., 2020; Wang & Kim, 2021), which can be negative or positive. While recent work demonstrated that positive and negative eWOM have correspondingly different effects on firms’ financial performance (e.g., Anagnostopoulou et al., 2020; Wang & Kim, 2021), some researchers provided another perspective to challenge the notion that negative eWOM always lower firm outcomes (Allard, Dunn, & White, 2020; McGraw, Warren, & Kan, 2015). More specifically, the perspective that the adverse effect of negative eWOM declining firm performance has begun to be challenged. Such perspective fails to consider the benefits from negative eWOM that may be an important information source for innovation (Zhou et al., 2018) to reflect problems of firms and defects of their products themselves (Nisar et al., 2020) though it may be harmful to innovative performance. Therefore, the study differentiates between positive and negative eWOM, leading to the first research question: which type of eWOM benefits firm performance? 
Some studies have initiated to explore contingent factors on the relationship between eWOM and firm performance, including characteristics of reviewer expertise (e.g., Lai, Wang, & Wang, 2021; Xie & So, 2018) and opinion leaders (Dalman, Chatterjee, & Min, 2020). There are also studies that use primary survey data to examine that susceptibility to social influence is moderated by network structure (e.g., Zhang & Gong, 2021a) or individual influence leads to social influence is contingent on network structure (e.g., Zhang & Gong, 2021b). It is noted that information diffusion among connected people in social networks plays a substantial role in the formation of consumers’ preferences (Ariely, 2000), which is frequently adopted by consumers to inform their purchase decisions (Mariani & Borghi, 2021) and leads to social influence (Nitzan & Libai, 2011) in social media platforms. Network structure increasingly becomes important in the context of eWOM and it still needs to be investigated to better understand information diffusion contingent on the structural properties of the network (Muller & Peres, 2019). 

More importantly, not all consumers have equal influences in a social network, depending on these network members possessing a central position in the network. Specifically, a closed or cohesive network structure (i.e. network centrality) can provide frequently information transfer and closely social interaction such that the coexistence of consumption and social interactions in online platforms may offer firms more ways to manipulate such interactions (Muller & Peres, 2019), thereby affecting firm performance. Consumers with higher levels of network centrality have timely access to more and richer information and control of extensive information flows in the network (Burt, 1992; Coleman, 1988; Dyer & Nobeoka, 2000; Phelps, Heidl, & Wadhwa, 2012). Thus their influence of positive or negative eWOM will be stronger than that for a lower levels of network centrality members. Despite the importance of network centrality in the context of eWOM, there is a lack of research on examining the moderation role of network centrality on relationship between eWOM and firm performance. This leads to the second research question: how network centrality moderates the impact of positive and negative eWOM on the firm performance?

Based on above argument, the purpose of this study is to fill this research gap by investigating the impact of positive and negative eWOM on firm performance – financial and innovative performance, and developing a contingency framework to examine the moderating role of network centrality on the impact of two types of eWOM on firm performance. The most important contribution is to demonstrate negative eWOM can offer fruitful and comprehensive information to enhance innovative performance under the condition of consumers with high levels of network centrality. This provides empirical evidence to challenge the notion that negative eWOM always harms firm performance and highlight the moderating role of network centrality. 
Literature review and hypothesis development
Word-of-mouth (WOM)
eWOM refers to consumers who offer their opinions regarding products or companies via digital communication tools and online platform, such as e-mail, blogs, forums, and social media (Hu et al., 2019). As a form of user-generated content, eWOM has greater credibility and generates more empathy among online consumers (Bickart & Schindler, 2001). In comparison with other forms of marketing activities, eWOM provides a far more persuasive influence on consumer attitudes and behaviors because of its non-commercial nature (Hu et al., 2019). Similar to eWOM, online reviews are treated as former, current and future online consumers express their perceptions and elaborate evaluations regarding products, services and brands on the Internet (Mariani & Borghi, 2021), which are important information sources of consumer experience towards products (Fang et al., 2016) and represent a form of eWOM (Anagnostopoulou et al., 2020). For the sake of brevity, I only use the term eWOM to describe online consumer opinions and perceptions towards products or firms. 

Hennig-Thurau et al. (2004) proposed that the characteristics of eWOM are the same message can be received by many individuals and accessed by different consumers at different points in time, which presents rapidity of diffusion, convenience, anonymous, many-to-many reach and communication effectiveness (Hennig-Thurau et al., 2004; Sun et al., 2006). On the one hand, such eWOM can be regarded as big data (Zhou et al., 2018) including a great amount of information and textual-based content (Xun & Guo, 2017). So that an explosion of eWOM suffers the problem of information overload to consumers (Fang et al., 2016). On the other hand, firms attempt to invest in big data initiatives for collecting and analyzing a great amount of data to derive value, but firms still question the benefits of this information generation (LaValle et al., 2011). Although eWOM has received considerable attention in the literature on consumer decision-making, academic guidance for practical application is still rare (Symitsi et al., 2021). 
The influence of eWOM on firm performance

eWOM has a compelling influence on consumer preferences (Zhu & Zhang, 2010). There is a consensus that eWOM valence generates corresponding firm evaluations (Allard et al., 2020). More specifically, positive eWOM has pleasant descriptions of satisfactory experiences and compliments (Anderson, 1998; Sparks & Browning, 2010; Wang & Kim, 2021) creating better firm evaluations. Financial performance also conforms this notion in prior research. Consumers tend to consult eWOM before making purchase decisions because WOM is more relevant to consumers (Bickart & Schindler, 2001) that has more credible, authentic and unbiased reviews toward products and services (Godes & Mayzlin, 2004). Consumers writing positive eWOM represent positive attitudes, expectations and advocacies toward a product (Allard et al., 2020; Luo & Zhang, 2013), which can contribute to increase a firm’s sale, improve its market reputation (Xie & So, 2018) and stock price (Luo & Zhang, 2013), and predict its future cash flows (Anderson et al., 2004; Gruca & Rego, 2005). 
Even though the firm improving its quality of products incurs operational cost in order to generation of positive eWOM (Anagnostopoulou et al., 2020), the positive perception of eWOM has accelerated the use of eWOM in consumers’ purchasing selections (Wang & Kim, 2021) and elicited consumers’ purchasing decisions (Tsao et al., 2015), thereby enhancing financial performance. Thereby, hypothesizing the following:

H1: Positive eWOM has positive influence on financial performance.
There are several factors to explain firms’ innovation performance is helpful through negative eWOM. First, negative eWOM exhibits a form of consumer complaint that includes grievances and anger towards products or services (Anderson, 1998; Sparks & Browning, 2010; Wang & Kim, 2021). Mizerski (1982) argued that negative eWOM is more likely to reflect performance of a product itself. When consumers encounter product defects, they are willing to ventilate their emotions regarding a firm by sharing negative information with others (Sweeney et al., 2005). Especially, negative eWOM is likely to access to a larger pool of experts (Kawakami et al., 2013) who possess higher level of expertise and product knowledge (Xie & So, 2018), providing valuable insights toward products. 
Second, relative to internal knowledge, external knowledge (i.e. eWOM) is useful and critical for product development. Relying on internal knowledge may cause firms to limit identification of products’ new problems (Von Hippel, 2005). However, negative eWOM can help firms to access important demand-side knowledge from a broader range of consumers (Zhou et al., 2018). Utilization of negative eWOM can help them prioritize the improved problems and increased new functions in new product innovation (Sambamurthy et al., 2003) and raise successful opportunities of innovation due to reduction of uncertainty. 

Third, negative eWOM is written by consumers with diverse background, expertise and experience collecting from distinct web sources such as social media platforms, review platforms, discussion forums and blogs. This offers access to valuable information for firms to establish innovative performance because of information reflecting heterogeneity and variety (Kawakami et al., 2013; Symitsi et al., 2021; Zhou et al., 2018). Even though consumers comment on the same product feature, their vocabulary can be tremendously diverse (Zhou et al., 2018) that provides various information of new product. In addition, negative eWOM may not merely offer firms information related to products but also information regarding its competitors and the market (Symitsi et al., 2021), creating new innovative opportunities. 
Aforementioned arguments present that negative eWOM benefits innovation performance. However, there are several factors to explain firms’ innovation performance is harmful by negative eWOM. First, online review data create a serious impediment for firms to seize consumer demands from reviews in pursuit of competitive advantage due to its characteristic of large volume and high velocity (Zhou et al., 2018). In addition, negative eWOM comes from a variety of online including social media websites, online forums, blogs and other online review data sources, whose vocabulary can be enormously different even if they are commenting on the same product feature (Zhou et al., 2018). Such that increases difficulty to discover consumer demands. Even seizing consumer demands may eventually hurt performance because too much emphasis on customers’ current needs may suppress creativity (McAfee, Brynjolfsson, Davenport, Patil, & Barton, 2012). 
Second, it appears that unfair negative eWOM is prevalent. Allard et al. (2020) performed a preliminary study to demonstrate the prevalence of unfair WOM, which presented that more than one-quarter of negative reviews contained elements of unfairness. Unfair eWOM may cause useless or incorrect directions regarding products in the improvement of innovative performance. 
Third, an increasing number of fans of rival firms who engage in transmitting negative eWOM of a focal firm (Hickman & Ward, 2013). The negative emotion of schadenfreude is usually strong in competing intergroup relationships (Liao, Chen, Zhao, & Li, 2023). When consumers are exposed to negative eWOM of rival firms, they may behave schadenfreude to present their strong identification with their favorite firms (Mackie, Devos, & Smith, 2000; Ouwerkerk, van Dijk, Vonkeman, & Spears, 2018). The stronger the identification of fans to their firms, the greater their feel of schadenfreude toward a rival’s misfortune (Combs, Powell, Schurtz, & Smith, 2009). For example, consumers who identify with Apple may feel schadenfreude toward Microsoft’s misfortune (Phillips-Melancon & Dalakas, 2014). Accordingly, firms’ negative eWOM generated by their unsatisfied consumers is increasingly transmitted by fans of rival firms who even generate rumors in the markets (Liao et al., 2023), thus damaging innovative performance through negative eWOM.
Overall, though negative eWOM may benefit innovative performance, it may damage innovative performance as well. The existing theories provide competing and alternative predictions about the relationship between negative eWOM and innovative performance, leading to posit a non-directional hypothesis and address this issue empirically: 

H2: Negative eWOM systematically has influence on innovative performance.

The moderating role of network centrality 
Research on social network structure has been developed for a long time and is well established in social network theory. Several research efforts have gradually shifted their focus to the moderating role of network structure (e.g., Ahuja, 2000; Lioukas & Voudouris, 2020; Ma et al., 2011; Presutti & Odorici, 2019; Ozer & Zhang, 2019; Zhang & Gong, 2021a,b). In prior research, centrality is a critical indicator of network structure that measures distinguishing the most important actors in a social network (Wasserman & Faust, 1994). Network centrality characterizes a closed or cohesive network structure that typically consists of degree, closeness, and betweenness centralities (Freeman, 1979). Closeness centrality refers to how close an actor is to each of the other actors in the network, whereas degree centrality measures the total number of connections between an actor and its neighbors. Betweenness centrality is the extent to which an actor is a critical intermediary among others (Van den Bulte & Wuyts, 2007). 
In social media platforms, information diffusion among connected people in social networks plays a substantial role in the formation of consumers’ preferences (Ariely, 2000), which is frequently adopted by consumers to inform their purchase decisions (Mariani & Borghi, 2021) and leads to social influence (Nitzan & Libai, 2011). Network theory scholars argue that a high network centrality facilitates trust, information sharing, control of extensive information flows, and diffusion of norms and values across the network (Burt, 1992; Coleman, 1988; Dyer & Nobeoka, 2000; Phelps et al., 2012). Network centrality can provide frequently information transfer and closely social interaction such that the coexistence of consumption and social interactions in online platforms may offer firms more ways to manipulate such interactions (Muller & Peres, 2019) and potentially influence the firm performance. This study argues that not all consumers of a social network have equal influences, depending on these network members occupying a central position in the network. More specifically, consumers with high levels of network centrality moderate the impact of positive eWOM on firms’ financial performance due to several factors. 
First, consumers with a high network centrality have more access to information and thus their influence of positive eWOM will be stronger than that for a low network centrality members. Specifically, consumers with a high degree centrality can connect numerous network partners, reflecting their popularity and activity (Freeman, 1979) through acquaintance with more people. Furthermore, a high closeness centrality leads the consumers to communicate with the most people at the least cost (Rowley, 1997), allowing them to efficiently obtain and disseminate information (Abbasi, Hossain, & Leydesdorff, 2012). Betweenness centrality acts as information gatekeepers locating between others (Ahuja, Galletta, & Carley, 2003), leading each connection to make a significant contribution to the flow of information. Accordingly, not only does network centrality become the ties broader, with wider reach, and be easier to activate and maintain; it contacts potential customers of niche products who are difficult to reach through mass media tools and communicating channels (Muller & Peres, 2019). Therefore, positive eWOM provided by consumers with high levels of network centrality is considered to be more useful to diffuse and influence on attitudes toward product information and purchase intentions. 
Second, consumers with a high degree centrality could be identified as informal network leaders (Krackhardt, 2010). During communications the network leaders acquire information including the diffusion of network norms that facilitate information transfer (Dyer & Singh, 1998; Krackhardt, 2010). However, if social norms motivate network members to act in a direction contrary to their inherent tendencies, normative pressures emerge (Algesheimer, Dholakia, & Herrmann, 2005). Van den Bulte and Wuyts (2007) proposed normative pressures are the distress felt by potential adopters when peers whose approval they values have adopted a new product, but they themselves have not. Consumers with a high network centrality tend to be more influenced by normative pressures and beliefs than that for a low centrality due to requirement of intense social interaction (Muller & Peres, 2019). Hence, the use of positive eWOM tends to increase in the high levels of network centrality, and consequently result in financial performance.
Third, an explosion of positive eWOM causes the problem of information overload to consumers (Fang et al., 2016) so that consumers are exposed to information without a specific target when browsing website (Muller & Peres, 2019). Consumers with high betweenness centrality connect the individuals and sub-groups, and play information gatekeepers (Ahuja, Galletta, & Carley, 2003) to determine whether to deliver the information to other groups or not in the network (Burt, 1992). In addition, betweenness centrality provide the consumers to identify individuals with multiple linkages to others in a way which enables the consumers to know others’ knowledge profiles. This facilitates the consumers’ control and target of information (Brass et al., 1998) to guide other consumers to exposure to product-related information they are likely to enjoy, thereby focusing the interest of a random browser from consumers (Muller & Peres, 2019) and in turn affect the impact of positive eWOM on financial performance.
Fourth, consumers receive additional information that may change their preferences and decisions (Pescher & Spann, 2014), especially for information from consumers in close social network inclines to be echoed within the network that induce a stronger sense of trust (Burt, 2001). So that the consumers are more likely to access accurately extra information to influence others, which increase the use of positive eWOM. This leads to the following hypothesis:

H3: Consumers with higher levels of network centrality strengthen the impact of positive eWOM on financial performance.
H3a: Consumers with higher levels of degree centrality strengthen the impact of positive eWOM on financial performance.
H3b: Consumers with higher levels of betweenness centrality strengthen the impact of positive eWOM on financial performance.
H3a: Consumers with higher levels of closeness centrality strengthen the impact of positive eWOM on financial performance.
Firms increasingly rely on eWOM for product development, particularly for demand-side information which can capture a broader range of consumers’ demands (Zhou et al., 2018). The study proposed that either negative eWOM provided by consumers with a higher network centrality has more innovative performance than that for a lower network centrality for several seasons. 
First, numerous studies suggest that network centrality promotes innovation because of access to more and richer knowledge in the network (Burt, 1997, 2000; Muller & Peres, 2019). Consumers with high levels of network centrality gain heterogeneous opinions efficiently and timely via social media (Duan et al., 2008) and then form their own perspectives to express their opinions toward firms and their products (Muller & Peres, 2019). The argument is similar to the proposed by von Hippel (1986) that lead users present key sources of information necessary for innovation because they encounter specific needs in advance of the general marketplace. Relative to lead users, negative eWOM provided by consumers with higher network centrality are more comprehensive, enabling firms to obtain more reliable and valuable information for innovation development. 

Second, consumers with a higher network centrality tend to act as knowledgeable experts than that a lower network centrality because network contacts function as pools of information and resources (Tortoriello et al., 2014) that diffuse through the relational pipes (Podolny, 2001) within the network. Degree and closeness centrality enable the consumers to acquire novel information early and efficiently because of its large number of social connections and short message transmissions distance (Burt, 2000; Freeman, 1979), so consumers with a high network centrality are generally better informed (Zhang & Gong, 2021). In addition, due to their expertise, they are more likely to be confident in their own judgment and perspective (Godes, 2011; Van den Bulte, 2010), and thereby transmitting valuable information, insights, frameworks, and experiences about how to combine solutions and the processes they have used in the past (Tortoriello et al., 2014). That leads negative eWOM provided by consumer with high levels of network centrality to benefit firms’ innovative performance. 
Third, betweenness centrality connecting pairs of members from distant social groups enables consumers to not only know others’ knowledge profiles and earlier acquire more heterogeneous information, but also provide them potential to control communication between groups when searching for and accessing novel or unfamiliar information due to its advantage of control information (Burt, 2001; Freeman, 1979). In addition, betweenness centrality acquires critical information flows in the network through scanning, filtering, comparing and contrasting perspectives regarding firms and their products (Nonaka, 1994), which also can judge rumors or unfair eWOM. Therefore, negative eWOM provided by consumers with high levels of network centrality are more likely to create more true, heterogeneous, and novel ideas than those low levels of network centrality. On this basis, customers with higher network centrality strengthen the impact of negative eWOM on innovative performance which lead to the following hypotheses:
H4: The impact of negative eWOM on innovative performance is strengthened when customers’ network centrality is high. 

H4a: Consumers with higher levels of degree centrality strengthen the impact of negative eWOM on innovative performance.
H4b: Consumers with higher levels of betweenness centrality strengthen the impact of negative eWOM on innovative performance.
H4c: Consumers with higher levels of closeness centrality strengthen the impact of negative eWOM on innovative performance.
Research methods
Research setting 

The sample consists of firms in the game software sector which is listed on the Taiwan Stock Exchange. There are several reasons why the online game industry is pertinent to the study. First, the Asia Pacific region is the largest online gaming market in the world and Taiwanese market is one of top five countries in the region (Hung, 2019). Second, it is crucial for gaming firms to encourage gaming players to share their attitudes and experiences through social media sites (Wang et al., 2020) which have become an external source of innovation for online game design and improvement (Ma, Lu, & Gupta, 2018). Third, for gaming players, they can communicate with others through different kinds of social media (Wang et al., 2020), which have a significant influence on game adoption and diffusion (Huang, Ali, & Liao, 2017). Therefore, the samples of this research were collected from Taiwan Economic Journal (TEJ) database with 28 gaming companies. Two companies were removed because one company was transformed into other industries and the other one was delisted. Accordingly, a total of 26 companies remained for the sample.  
Data collection

The study collected secondary data for financial data and primary data for eWOM between January 1, 2019 and December 31, 2022, which used annual observations. Financial data was retrieved from the TEJ database. Patent data was obtained from the Patent database of Taiwan maintained by the Intellectual Property Office, MOEA.
Considering gaming players communicate with others through various types of social media, eWOM was collected from OpView
 community word-of-mouth database including social media websites (e.g., Facebook, YouTube, Instagram), online forums (e.g., PTT, Dcard, mobile01, Dcard), Blog (e.g., Pixnet, Blogger, Xuite), News (e.g., ETtoday, Line Today, Central News Agency), Q&A website (e.g., Yahoo! Answers) and other online review data sources (e.g., map reviews, app store reviews and other overseas data sources). More specifically, the study searched new games during the period from 2019 to 2022 announced by official website of the gaming firms, other websites and news, respectively. 
To make sure that games was adequate for the empirical research, a senior manager in a gaming company and a professor with expertise in gaming industry from a university in Taiwan were consulted to confirm the games appropriate for analyzing. Accordingly, 148 games were used as keywords to collect review data. OpView database used a semantic analysis technique, DeepNLP (Natural Language Processing), to categorize review contents as positive, negative and neutral eWOM. 14 firm years were deleted due to missing data. The final sample consisted of 26 companies and 90 firm years that included a total of 376,366 reviews and were written by 2,333 reviewers during the period from 2019 to 2022. 
Drawing on Wang (2022), a reviewer–brand network was constructed using an adjacency matrix to build the relationships among the reviewers (consumers) and brands (gaming companies) for representing the relationships among nodes in a network.

Measure

Financial performance 

Financial performance was measured by accounting-based financial performance measure. Accounting-based measure was return on assets (ROA), which was calculated as the ratio of operating income over total assets. 
Innovative performance

Referring to Knott and Vieregger (2020), Innovative performance was measured as the ratio of number of patents granted and R&D intensity. R&D intensity is calculated as the ratio of research and development expenditures over total assets, while number of patents granted was calculated as the number of patents deflated by total assets (in millions).
Positive or negative eWOM

The independent variables were positive or negative eWOM which were as the natural logarithm of number of positive or negative sentiment review scores. 
Network centrality
The moderating variables in this study were network centrality which used network-based approach. Measures of network centrality were calculated from the full structural network adjacency matrix based on the primary data providing from OpView database. Referring to Leng, Sun, Cheng, Wang, & Yao’s (2021) work, standardized network centralities were employed to measure individual network centrality in consideration of different companies and times, including standardized closeness centrality, degree centrality and betweenness centrality. The matrix was input into UCINET to calculate network measures of these network centralities (Borgatti, Everett, & Freeman 2002).
Closeness Centrality Closeness centrality was calculated as the sum of the reciprocal distances of that node to all other nodes (Freeman, 1979). The closeness centrality of node k (i.e., [image: image2.png]Pk



) is defined by Freeman as follows:
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. Standard closeness centrality (nCloseness) was used to compare the closeness centrality of different network nodes.

Degree Centrality The study measures degree centrality as the total number of connections between a node and its neighbors (Freeman, 1979). A high centrality score infers a consumer acting as an informal leader of the cluster (Krackhardt, 2010). The degree centrality of node k (i.e., [image: image12.png]Pk



) is defined as follows:

[image: image14.png]Cp(py) = Z§=1 a(p;, pr)



                           (2)

where [image: image16.png]a(p,pr) =1



 if and only if node i and k (i.e., [image: image18.png]Di



 and [image: image20.png]Pk



) are connected; [image: image22.png]a(pi,pr) =0



 otherwise. Sandardized degree centrality (NrmDegree) can be adopted to measure the collaborative association ability of the node in the network according to the number of connections between the node and other nodes. 
Betweenness Centrality Freeman flow centrality measure (Freeman, Borgatti, & White, 1991) provides the measure of betweenness centrality. This measure accounts for the nature of information flows in a network composed of nodes that are likely to be interconnected through various paths. A consumer with high betweenness centrality plays the role of a broker or gatekeeper to connect the consumer and sub-groups. The betweenness centrality of node k (i.e., [image: image24.png]Pk



) is formulated as follows:
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. Standardized betweenness centrality (nBetweenness) can be utilized to compare the betweenness centrality of different network nodes, and its value is between 0 and 1.
Control variables
There is a variety of control variables including in this study that may influence firm performance. Firm size was defined as the logarithmic transformation of total assets, which indicated the firm’s physical and financial resources and was widely used as to assess the competitive positioning within an industry (Qian et al., 2008). Small firms were more innovative due to their simpler task structure and dissimilar attitude to risk (Holmstrom, 1989). Moreover, growth opportunity was included because the literature suggests that potential investment opportunities positively affect the firm valuation (La Porta et al., 2002; Lins, 2003) and find a positive relationship between growth and investment policies (Hoshi, Kashyap, & Scharfstein, 1991; Lang, Ofek, & Stulz, 1996; Kaplan & Zingales, 1997). Growth opportunities were measured as capital expenditures scaled by the book value of total assets. I controlled for firm age measured as the number of year since the firm’s inception because Claessens et al. (2002) indicated that younger firms are possessed of more growth opportunities and smaller value discounts stemming from lower levels of diversification, and have better operating performance than older firms. In addition, Francis & Smith (1995) argued that younger firms are more active in innovation activities than older firms. I also included advertising expenditures that may affect firm performance. Advertising expenditures was regarded as the firm used the total advertising expenditures of the market for online games. 
Results
Table 1 presented descriptive statistics and correlation matrix of variables used in this study. Regression analysis was used to test the predictions. For financial performance, ordinary least square (OLS) regression analyses were performed to test H1 and H3. For innovative performance, Tobit regression analyses were adopted to test H2 and H4. Table 2 showed the OLS regression results of the main and moderating effect concerning positive eWOM. Model 1 was a regression model presenting a main effect of positive eWOM on financial performance. It showed that positive eWOM had a positive and significant effect (β = 0.013, p < 0.10) on the financial performance. Therefore, the result supports H1. 
H3 predicts that the moderating role of network centrality enhances the positive effects of positive eWOM on financial performance. Model 2-4 presented the analysis results of the three network centralities which were centralized in order to decline potential multicollinearity. It showed that the moderating effect of degree centrality had a positive and significant effect (β = 0.001, p < 0.01) in Model 2; the moderating effect of betweenness centrality had a positive and significant effect (β = 0.004, p < 0.05) in Model 3, supporting H3a and H3b. However, the moderating effect of closeness centrality was statistically insignificant (β = 0.387, p > 0.10) in Model 4, which was in nonsupport of H3c. Therefore, the results partially support H3. 
In Table 3, the Tobit regression results of the main and moderating effect concerning negative eWOM. Model 5 was a regression model presenting a main effect of negative eWOM on innovative performance. The finding exhibited that negative eWOM had a negative and significant effect (β = 0.006, p < 0.01) on the innovative performance, supporting H2. 

H4 posits that the impact of negative eWOM on innovative performance is positively moderated by network centrality. Model 6-8 showed the analysis results of the three network centralities which were centralized. The results showed that the moderating effect of betweenness centrality had a positive and significant effect (β = 3.622, p < 0.01) in Model 7; the moderating effect of closeness centrality had a positive and significant effect (β = 0.539, p < 0.05) in Model 8, supporting H4b and H4c. However, the moderating role of degree centrality had no significant effect on the relationship between negative eWOM and innovative performance (β = 0.034, p > 0.10) in Model 6, indicating no support for H4a. Therefore, the results partially support H4. 

Discussion and conclusions

Discussion 
This study uses big data to investigate the impact of positive and negative eWOM on firm performance – financial and innovative performance, and develop a contingency framework to examine the moderating role of network centrality on the impact of two types of eWOM on firm performance. The results provide distinctive findings to note regarding the relationship between eWOM and firm performance. First, the research finding presents that positive eWOM benefits firms’ financial performance, which is consistent with the studies of Anagnostopoulou et al. (2020) who testified positive eWOM inﬂuences hotel financial performance. Further, the result also exhibits that negative eWOM negatively and signiﬁcantly firms’ innovative performance. Marketing beliefs that negative online reviews can be catastrophic for reputation and proﬁtability, this study further demonstrate negative eWOM can be harmful for innovative performance. This extends the marketing literature that negative eWOM often is more impactful than positive eWOM. 
Second and more importantly, the findings demonstrate the moderating role of network centrality on the relationship between eWOM and firm performance. The results indicate that adverse effect of negative eWOM on firm innovative performance can be attenuated under the condition of consumers with high levels of network centrality, especially in betweenness and closeness centrality. This challenges the traditional notion that negative eWOM always harms firm performance. In this study, negative eWOM is not necessarily bad for the firm. Rather, it can benefit to innovative performance when consumers with high levels of network centrality. For positive eWOM, consumers with high levels of network centrality (betweenness and degree centrality) strengthen the impact of positive eWOM on firm financial performance. 
Contributions  

Theoretical contributions 
The research makes three theoretical contributions. First, though eWOM has been deeply examined in numerous studies, the effect of eWOM on firm financial performance is still relatively rare, especially on firm innovative performance. This study investigates the effect of eWOM on firm financial and innovative performance for bridging this research gap. The research extends the marketing literature to firm perspective that so far has dominantly focused on consumers’ perspective to examine their behaviors in the context of eWOM. 
Second, the study distinguishes between positive and negative eWOM and proposes a contingent factor of network structure to clarify the relationship between eWOM and firm performance. The study provides empirical evidence to challenge the notion that negative eWOM always harms firm performance. The evidence demonstrates negative eWOM can offer fruitful and comprehensive information to enhance innovative performance under the condition of consumers with high levels of network centrality. 
Third, the study enriches the body of eWOM research to social network literature by means of a big data analytics approach and provides an alternative to the survey-based eWOM and network centrality measures, which is lacking from the extant literature.

Managerial contributions 
In the managerial implication, managing eWOM is an essential task for companies, especially for negative eWOM. Taking into consideration the damage caused by negative eWOM on social media, mangers can build connection with consumers who possessing high network centrality. As showed by Hinz et al. (2011), participants are willing to convey information to others for a university network when they perceive a strong connection to the institution and are asked to do. The empirical evidences provide managers to manipulate social interaction for asking consumers possessing a high network centrality to deliver product-related information which they desire to present for diminishing the influence of negative eWOM. 

Limitations and future directions

This study has a few limitations. First, the study is restricted to a limited sample from Taiwanese gaming companies because of the need to combine data from eWOM on ﬁnancial performance and appropriate control variables. To increase the representativeness of the sample and the generalizability of the estimation results, future research can replicate the model of this study in other markets. Second, the study focuses on the ROA of individual gaming company as measure of financial performance. Future research is suggested to replicate the framework using other financial variables as the performance outcome, thus providing additional meaningful insights and validation into the effects estimated. Finally, the study collects online reviews from OpView database which use DeepNLP semantic analysis to differentiate between positive and negative eWOM. As proposed by Fong et al. (2017), all textual analysis applied to any customer comments characterized as overall positive or negative, the results may be affected by the existence of so-called dual valence reviews. 
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Table 1 Means, standard deviations and correlations

	Construct
	 Mean
	S.D.
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10

	1 FINAN  
	-0.011
	0.224
	
	
	
	
	
	
	
	
	
	

	2 INNOV  
	0.007
	0.019
	.086
	
	　
	　
	
	
	
	
	
	

	3 PeWOM  
	4.248
	2.584
	.310**
	-.032
	
	　
	
	
	
	
	
	

	4 NeWOM
	4.237
	2.700
	.307**
	-.065
	.935***
	
	
	
	
	
	
	

	5 Degree
	0.246
	0.258
	.317**
	.064
	.655***
	.674***
	
	
	
	
	
	

	6 BETWE
	0.002
	0.003
	.224*
	-.056
	.503***
	.525***
	.446***
	
	
	
	
	

	7 CLOSE
	0.133
	0.036
	-.040
	-.158
	.371***
	.360***
	.262*
	.163
	
	
	
	

	8 SIZE
	13.646
	1.394
	.510***
	.324**
	.410***
	.379***
	.263*
	.230*
	.055
	
	
	

	9 GROWT
	0.013
	0.082
	.127
	.333**
	.213*
	.138
	.117
	.132
	-.028
	.361***
	
	

	10 ADVER
	0.137
	0.164
	-.246*
	-.109
	-.065
	-.082
	-.027
	.009
	.060
	-.096
	-.136
	

	11 AGE
	19.180
	9.721
	.308**
	.051
	.254*
	.279**
	.142
	.168
	.099
	.641***
	.097
	-.205†


Note:
1  FINAN: Financial performance. INNOV: Innovative performance. PeWOM: Positive eWOM. NeWOM: Negative eWOM. BETWE: Betweenness. CLOSE: Closeness. SIZE: Firm size. GROWT: Growth opportunity. ADVER: Advertising expenditures. AGE: Firm age.
2  Number of firm years = 90; ***p< 0.001; ** p＜0.01; * p＜0.05; † p＜0.10.
Table 2 Results of hierarchical regression analyses for positive eWOM
	
	Financial performance

	
	Model 1
	Model 2
	Model 3
	Model 4

	Positive eWOM
	0.013†
(1.71)
	0.008

(0.77)
	0.017†
(1.93)
	-0.038

(-0.34)

	Degree
	
	0.114

(0.86)
	
	

	Betweenness
	
	
	-8.347

(-0.94)
	

	Closeness
	
	
	
	0.706

(0.23)

	Positive eWOM × Degree
	
	0.001**

(2.70)
	
	

	Positive eWOM × Betweenness
	
	
	0.004*

(2.44)
	

	Positive eWOM × Closeness
	
	
	
	0.387

(0.49)

	Firm size
	0.089***

(4.13)
	0.072***

(3.24)
	0.078***

(3.65)
	0.086***

(3.87)

	Growth opportunity
	-0.361

(-1.46)
	-0.367

(-1.63)
	-0.450*

(-1.77)
	-0.373

(-1.49)

	Advertising expenditures
	-0.302*

(-2.10)
	-0.299*

(-2.13)
	-0.274*

(-1.98)
	-0.284†
(-1.91)

	Firm age
	-0.003

(-1.23)
	-0.002

(-0.68)
	-0.002

(-0.72)
	-0.003

(-1.05)

	Constant
	-1.228***

(-4.60)
	-1.085***

(-3.96)
	-1.123***

(-4.27)
	-1.086***

(-3.53)

	Adjusted R2
	0.292
	0.386
	0.424
	0.288


Note: t-values are in parentheses; ***p< 0.001; ** p＜0.01; * p＜0.05; † p < 0.1.
Table 3 Results of Tobit regression analyses for negative eWOM, 
	
	Innovation performance

	
	Model 5
	Model 6
	Model 7
	Model 8

	Negative eWOM
	-0.006**

(-2.69)
	-0.012*

(-2.05)
	0.002

(0.46)
	-0.010**

(-2.41)

	Degree
	
	0.085

(1.12)
	
	

	Betweenness
	
	
	-16.087**

(-2.62)
	

	Closeness
	
	
	
	1.836*

(2.07)

	Negative WOM × Degree
	
	0.034

(0.59)
	
	

	Negative eWOM × Betweenness
	
	
	3.622*

(2.20)
	

	Negative eWOM × Closeness
	
	
	
	0.539*

(2.17)

	Firm size
	0..010

(0.66)
	-0.047

(-0.66)
	0.032***

(2.85)
	0.033***

(2.68)

	Growth opportunity
	0.032***

(2.70)
	0.035***

(3.07)
	0.124

(1.12)
	0.138

(1.15)

	Advertising expenditures
	0.013

(0.26)
	0.010

(0.20)
	0.017

(0.36)
	0.019

(0.45)

	Firm age
	-0.002

(-1.12)
	-0.002

(-1.26)
	-0.002

(-1.12)
	-0.002

(-1.22)

	Constant
	-0.429***

(-3.16)
	-0.463***

(-3.59)
	-0.443***

(-3.37)
	-0.684***

(-3.37)

	Pseudo R2
	3.215
	3.343
	3.410
	3.310


Note: z-values are in parentheses; ***p< 0.001; ** p＜0.01; * p＜0.05; † p < 0.1.
� OpView community word-of-mouth database is the only social analysis tool approved by the Chinese Applied Statistics Association, which covers more than 90% of community volume of listed in Taiwan. 





