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Abstract

:

In this paper, we study the online consumer review generation process by analyzing 37.12 million online reviews across nineteen product categories obtained from Amazon.com. This study revealed that the discrepancy between ratings by others and consumers’ post-purchasing evaluations significantly influenced both the valence and quantity of the reviews that consumers generated. Specifically, a negative discrepancy (‘worse than what I read’) significantly accelerates consumers to write negative reviews (19/19 categories supported), while a positive discrepancy (‘better than what I read’) accelerates consumers to write positive reviews (16/19 categories supported). This implies that others’ ratings play an important role in influencing the review generation process by consumers. More interestingly, we found that this discrepancy significantly influences consumers’ neutral review generation, which is known to amplify the effect of positive or negative reviews by affecting consumers’ search behavior or the credibility of the information. However, this effect is asymmetric. While negative discrepancies lead consumers to write more neutral reviews, positive discrepancies help reduce neutral review generation. Furthermore, our findings provide important implications for marketers who tend to generate fake reviews or selectively generate reviews favorable to their products to increase sales. Doing so may backfire on firms because negative discrepancies can accelerate the generation of objective or negative reviews.
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1. Introduction



‘I bought this cream because of all the wonderful reviews and was hoping it will help my terribly cracked hands. Well, after about a month this cream has done absolutely nothing. And it smells terrible. Will not be buying again and would not recommend it to anyone’.



—An anonymous review about Lotil Original Cream 114 mL posted on 1 February 2011 (Amazon.com)





Because consumers are exposed to or voluntarily seek online reviews in the online shopping environment, interested parties often distort reviews to maximize their own interests. It has been reported that these repurposed reviews are endemic. Yahoo (2018) reported that 30% of reviews on Amazon.com, Yelp, and TripAdvisor were not sincere (Source: https://finance.yahoo.com/news/rise-fake-amazon-reviews-spot-175430368.html, accessed on 26 September 2021). There is an increasing demand for internet websites such as fakespot.com and reviewmeta.com, which provide ratings for the truthfulness of online reviews. Indeed, fake reviews have become one of the most critical issues in the electronic word-of-mouth (WOM) literature [1,2,3,4]. This suggests that consumers are likely to confront a discrepancy between their own post-purchase evaluations and the evaluations of others that they observed before the purchase.



Particularly, fake reviews can be a critical issue for sustainable products because user-generated reviews play an effective communication tool for online consumers [5,6,7,8,9]. The sustainable marking practice of the product is more effectively perceived by reviews generated by customers with direct experience rather than the company-initiated information. Therefore, firms with sustainable products seem to benefit more from favorable reviews to attract potential customers, but positively biased reviews for a sustainable product induced by firms or platform providers could lead consumers to experience larger discrepancies.



Generally, it is widely known that providing recommendations or reviews for other people depends on consumers’ experience with the products they purchase [10,11,12,13,14,15]. Their good or bad experiences motivate consumers to generate WOM for the purpose of self-enhancement, self-efficacy, altruism, revenge, or a desire to share information.



Discrepancies between others’ evaluations and consumers’ post-purchase evaluations may critically influence the purchase decisions of potential future consumers by motivating experienced consumers to generate more positive, negative, or neutral reviews of the purchased product, depending on the direction of the discrepancy. In particular, this effect of others’ evaluations on the online review generation process is a distinctive feature of the electronic WOM context not typically observed in the traditional WOM literature.



For example, online consumers are unavoidably exposed to the overall review rating representing other consumers’ evaluations during their purchasing process on online shopping platforms. Generally, many online stores or professional review sites provide these review ratings to help potential consumers understand the quality of the product. Consequently, online stores commonly design their web page by displaying these reviews (typically in a standardized numerical measurement such as a 5-star rating) in the most conspicuous place on the screen. Thus, many previous consumers’ evaluations can be quantified along with this all-inclusive unitary measure, allowing online consumers to recognize differences between their own evaluations and previous evaluations.



Additionally, the anonymity of online reviews can increase the opportunities for consumers to experience this discrepancy and may motivate consumers to write their own reviews by underscoring the importance of review generation as a public good. Unlike traditional WOM, consumers cannot directly identify online reviewers. This anonymity of online reviews provides ample opportunities for firms and other interested parties to manipulate online reviews to maximize their own interests. The problem of consumers being misled by fake reviews has been widely reported, and these repurposed reviews have become an epidemic across many industries. Additionally, consumers may consider providing correct information to other people as an essential task when facing discrepancies from anonymous sources.



Based on these observations, it is critical to understand the external effect of others’ review ratings that result in discrepancies with those of experienced consumers on the review generation process after purchases. We operationally defined this effect induced by others’ review rating as an external effect in this study because the main purpose of others’ review rating is to provide information regarding a product or service to help online consumers make their purchasing decisions. More detailed discussions are provided in the next section. Particularly, due to the dual role of online review ratings that help consumers make their purchase decisions and provide further incentives to generate their reviews, it is important to understand this external effect in order to correctly verify the dynamic mechanism of the online review effect on consumer purchasing decisions [16,17,18,19,20]. A vast majority of eWOM studies have focused on the effect of online reviews on consumer purchase behaviors and related boundary conditions. In contrast, few studies have explored the role of others’ review ratings on consumers’ online review generation process.



Thus, in this study, we investigate the external effect of others’ review ratings on consumers’ online reviews. Particularly, we focus on how this discrepancy induced by online review ratings influences the review generation behavior of consumers after the purchase. Specifically, this study addresses the following research questions:




	(i)

	
Whether the discrepancy between others’ evaluations and the experienced consumer’s evaluation induced by overall online review rating influences the experienced consumer’s review generation process.




	(ii)

	
How different types of discrepancy (positive or negative) influence the online review generation process differently (positive, negative, and neutral reviews).




	(iii)

	
Whether and how the effect of the discrepancy would be influenced by the experienced consumer’s previous review generation experience.









For our analysis, we employed a dataset of daily online reviews from Amazon.com in 19 industries from 2012 to 2015. A total of 37.12 million reviews are included in the dataset. For the sentiment analysis of our review context, we employed VADER (Valence Aware Dictionary for sEntiment Reasoning), the method widely adopted in the information literature [21].



Our empirical analysis indicates that the discrepancy between the rating of individual consumers and the overall rating of others’ reviews has a significant effect on the review contents generated by individual consumers. When consumers perceived a positive discrepancy (‘better than what I read’), they generated more positive reviews (16/19 categories supported, 84% of all categories) and fewer negative reviews (16/19 categories, 84% of all categories). When they felt a negative discrepancy (‘worse than what I read’), they generated fewer positive reviews (19/19 categories, 100% of all categories) and more negative reviews (19/19 categories, 100% of all categories). We infer from these findings that negative discrepancies seem to exert a stronger influence than positive discrepancies.



More interestingly, we found that the effect of the discrepancy on generating neutral reviews was asymmetric. When consumers observed a negative discrepancy, they generated more neutral reviews (all categories supported). However, consumers did not necessarily generate more neutral reviews when they observed a positive discrepancy. The effect of positive discrepancies on neutral review generation was found in only 20% of all categories (4/19 categories), and it was not observed in the remaining 80% of the categories (15/19 categories). Our findings suggest that consumers are motivated to share objective information only when they experience a negative discrepancy.



We found further evidence that consumers’ prior experience of review generation influences the impact of the external effect of online review ratings. When we analyzed the consumers who had prior experience in generating reviews, we could replicate the same main results described above, i.e., a negative discrepancy led to more negative reviews and fewer positive reviews, whereas a positive discrepancy led to more positive reviews and fewer negative reviews. Our data analysis also revealed that negative discrepancies increased neutral review generation in almost all categories (18/19 categories, 95% of all categories), while positive discrepancies did so only in half of the categories (10/19 categories). These findings suggest that when discrepancies are positive, consumers become immune to the discrepancy effect. Consumers sensitively respond to negative discrepancies even after having generated reviews.



Our study provides important insights into academic research in the eWOM literature. To the best of our knowledge, this study provides the first evidence of the external effect of online review ratings on future review generation by experienced consumers in an online shopping environment based on a large secondary dataset across multiple industries. This study has particularly meaningful implications for understanding the comprehensive and dynamic mechanism of the online review effect on consumers’ purchasing decisions by verifying the reproductive review generation process.



Additionally, our findings provide meaningful managerial implications to the ethical marketers and relevant stakeholders by expanding our understanding of the external effect of review rating on the online consumer’s review generation process. Managers with a long-term sustainable marketing strategy should seriously consider the external effect of online review ratings because it drives consumers’ tendency to generate reviews, influencing future sales of their products and services. Particularly, our findings suggest that aggressive marketing programs that create more favorable reviews for their products and services should be implemented with caution. If purchased goods fail to satisfy consumers, those repurposed reviews may backfire on their sales by creating a negative discrepancy that, in turn, induces experienced consumers to generate more negative reviews and other consumers to generate more detailed and objective reviews.




2. Literature Review


2.1. Online Review Generation


Online reviews have been frequently used as identical terminology for electronic word-of-mouth (eWOM). Chen and Xie considered online reviews as a type of product information created by users based on personal experience [22]. It is an effective communication and marketing tool on online platforms for sellers and a source of product information for consumers. Forbes (2017) reported that 90% of consumers read online reviews before visiting a business, and 84% of consumers trust online reviews as much as a personal recommendation (Source: https://www.forbes.com/sites/ryanerskine/2017/09/19/20-online-reputation-statistics-that-every-business-owner-needs-to-know/?sh=37bb711dcc5c, accessed on 26 September 2021). It is also reported that 67% of consumers are influenced by online reviews when they make a purchase decision. Luca argues that a one-star increase in Yelp ratings leads to a 5% to 9% increase in a firm’s revenue [23].



Along with its importance, there has been a surge of online review studies in the eWOM literature over the last few decades. These studies have found abundant evidence that both the volume and valence of online reviews play a significant role in influencing consumer purchasing behaviors [24,25,26,27,28]. In particular, they have focused on examining how and why online reviews influence consumers’ purchase decisions. Additionally, other researchers found that online reviews reduce uncertainty and search costs, therefore increasing product knowledge, trust and loyalty, consumer engagement, purchase intention, and willingness to pay for products [29,30,31,32,33,34]. These studies have flourished in various product categories, including movies, travel, restaurants, and grocery shopping, where online reviews play a critical role in signaling the quality of products and services.



However, while the vast majority of the prior eWOM studies focused on the impact of online reviews on consumers’ purchasing behaviors and the relevant boundary conditions, fewer studies have examined its review generation process after the purchase. In particular, understanding the distinctive generation process of online reviews is critical to fully account for the impact on consumers’ purchase behaviors due to the reproductive process of the online review system [17,35,36]. Consumers are influenced by online reviews when they make a purchase decision; however, after a purchase, they become review generators. Recently, researchers have explored the online review generation process to understand why and how online consumers generate their reviews following a purchase [20,37,38]. However, psychological factors influencing online review generation are fundamentally similar to those affecting traditional review generation, which has been extensively studied in the traditional WOM literature.



For instance, prior researchers have identified numerous psychological factors that motivate consumers to generate reviews. These factors include self-enhancement [10,39,40], innovativeness and opinion leadership ([41], ability and self-efficacy [12,42], individuation [43], neuroticism [44], and altruism [11,13]). In general, consumers have the desire to provide others with accurate and complete information, to signal their expertise [14,45], to present themselves favorably [46,47], to persuade others [48], or to be affiliated with others [47,49]. Particularly, Hennig-Thurau et al., summarized eight reasons why consumers generate online reviews: platform assistance, venting negative feelings, concern for other consumers, extraversion/positive self-enhancement, social benefits, economic incentives, helping the company, and advice seeking [12]. These eight reasons are closely linked with Berger’s five functions of generating traditional WOM reviews—impression management, emotion regulation, information acquisition, social bonding, and persuading others [50].



Along with these psychological factors, recent research has identified additional factors that motivate consumers to generate online reviews. For example, by adopting planned behavior theory using restaurant data, Dixit et al., found that perceived behavioral control, subjective norms, ego involvement, and taking vengeance are significant factors in generating online reviews [51]. Thakur also finds that customers’ satisfaction and trust with a retailer lead them to engage in online review generation by more actively utilizing the mobile app [52]. Furthermore, some researchers have also found that the personal traits of consumers can be an essential factor influencing the online review generation behaviors of consumers [36,44].



Additionally, some researchers have provided analyses to investigate the content effect of the online review generation process. Based on the analysis of 336 posts from 88 discussion threads from online discussion forums (e.g., TripAdvisor), Hamilton et al., found that early responses to a post tend to drive the content of the discussion more than the content of the initial query [15]. They attribute the findings to the fact that a common online goal and affiliation makes respondents repeat the attributes mentioned by previous respondents. Askalidis et al., examined the differences between email (prompted) and web (self-motivated) reviews in terms of key metrics, including review rating and volume (238,809 reviews for 27,574 unique products, across four major online retailers) [53]. Godes and Silva used the length of the written review as measured by the number of characters as a proxy of cost [54]. They found an inverse U-shaped relationship between review length and rating (summary statistics in Chevalier and Mayzlin, [55]).



Furthermore, a recent study by Powell et al., argued that the intensity of consumers’ participation in generating review comments plays a more critical role in affecting the effectiveness of reviews [56]. Greater intensity leads to more review generations, and this larger number of reviews can make the reviewed product more favorable. Powell et al., found that consumers are more likely to favor a product with a large number of reviews because the volume of reviews increases the credibility and reputation of the product [56]. In addition, they found that this impact of more reviews can mitigate the effect of negative reviews. Additionally, Powerreviews (2020) found that consumers could obtain more emotion-based information based on longer reviews. For example, consumers feel more positive and stronger connections when exposed to longer reviews, which is critical in influencing their purchasing decisions (Source: https://www.powerreviews.com/blog/why-we-built-the-review-meter/, accessed on 26 September 2021).



As mentioned above, the motivation of consumers to write longer reviews is on various factors, such as psychological factors, personal characteristics, and situational factors [10,11,15,35,41,42,44,48]. Additionally, Gvili and Levy found that consumers’ engagement with online reviews can be strongly tied to the social capital and credibility of eWOM channels and consumers’ fundamental attitude toward generating online reviews. Therefore, consumers’ likelihood of writing longer reviews can be influenced by various factors they encounter during their online shopping trips [57].




2.2. Online Review Ratings


Prior studies (Wu and Huberman, 2008; Moe and Schweidel, 2012; Yoo et al., 2013) focused on verifying the factors affecting online review generation [17,58,59]. Wu and Huberman argue that a consumer decides to leave his or her own reviews based on the comparison to previous reviews [58]. They proposed a theory called impact-cost analysis, claiming that consumers analyze whether the impact of their reviews will outweigh the cost of submitting them before leaving comments. Additionally, Moe and Schweidel explored how others’ online reviews influence consumers’ review generation behaviors [17]. They presented a model of a reviewer’s decision and found significant heterogeneity with respect to consumers’ desire to post in high-consensus versus high-variance environments. Yoo et al., found that the greater the disagreement among professional critics, the greater the motivation for expert consumers to step in and break the tie [59].



While these prior studies verify that other reviewers’ evaluations are one of the crucial factors affecting the online review generation process, these findings are limited because these studies are conducted based on simple experimental comparisons of review contents, and their boundary conditions do not reflect any distinctive feature of the online review system. For example, online consumers are exposed to ample amounts of others’ specific review content; however, they only read a few, which are generally displayed in the upper portion of the review section. Thus, it is difficult for consumers to understand the overall direction of others’ opinions from reading a large number of specific content-based reviews. In contrast, they can identify the degree and direction of others’ evaluations from a numeric review rating. Therefore, the role of others’ evaluations must be handled differently regarding the various types of reviews when we explore others’ evaluations of consumers’ online review generation.



Generally, online reviews are displayed in two formats: ‘verbal comments’ and ‘numerical ratings.’ While both types of online review influence consumers’ behaviors, they have distinctive characteristics. Verbal comments provide full freedom for consumers to express their opinions, feelings, and evaluations. They provide detailed information concerning the products and services, including individual-specific background information and circumstantial details. The contents of the verbal comments are often subjective and involve emotional expressions. On the other hand, numerical ratings are displayed on a platform-specific interval scale (e.g., five-star scale). Ratings provide a succinct and objective measurement of the reviews. It is easy for individual consumers to read and summarize others’ evaluations via ratings. Thus, while ratings lack detailed information regarding products and services, they enable consumers to easily compare others’ evaluations with their own experience within a single-dimensional scale.



In particular, an online consumer is inevitably exposed to an overall numerical review rating during his or her purchasing process. Online review ratings tend to be displayed in the most conspicuous places on online shopping platforms as a representative measurement of others’ evaluations [26]. This distinctive feature, ingrained in most online review systems, can help the consumer compare his or her own experience to the evaluation provided by many others. Particularly, the unitary measurement of others’ review ratings, such as a five-star scale, makes it much easier for consumers to make this comparison. In particular, discrepancies are a notable issue based on recent circumstances, where fake reviews have become a serious problem by providing biased information to consumers.



The anonymity of online reviews provides an ample opportunity for a firm and other interested parties to favorably manipulate online review ratings to maximize their own interests [1,2,3,4]. Researchers find that fake reviews are not an endemic or industry-specific problem but a global problem [4]. Indeed, fake reviews have become one of the most prominent topics in recent eWOM literature research [1,2,3]. However, consumers still rely heavily on online reviews, even though they are aware of the existence of fake reviews. Diamond research reported that 88% of consumers consider online reviews when they make purchase decisions (source: https://www.zendesk.com/resources/customer-service-and-lifetime-customer-value/, accessed on 26 September 2021), indicating that consumers are likely to face greater discrepancies when they use online shopping platforms.



Thus, it is critical to understand the effect of online review ratings on the consumers’ online review generation process after they make purchases so as to verify the dynamic mechanism by which online reviews affect purchasing decisions. However, little is known about the effect of discrepancies induced by online review ratings on consumers’ online review generation; the majority of prior studies have focused on the impact of online review ratings on consumers’ purchasing behaviors and their economic value for firms that provide the product [23,60,61].




2.3. External Effect of Online & Review Rating


The primary purpose of the online review rating is to provide more information regarding products to inexperienced consumers and help them make their purchase decisions. However, as mentioned above, online review ratings unintentionally permit consumers to compare their own evaluations to others’ evaluations, thus recognizing their differences. These discrepancies can motivate them to leave their own reviews that contain more specific information regarding products, leading to additional satisfaction and derived emotion [38,62,63,64,65].



Thus, in this study, we operationally define this unintended effect of online review ratings on the consumers’ online verbal review generation process as an external effect of online review ratings, following previous literature [66,67,68]. Specifically, the external effect can be considered “a negative effect” caused by a negative discrepancy if consumers’ evaluation is lower than the review ratings they observed before the purchase (e.g., “worse than what I read”). Such a negative discrepancy may create a negative effect, even if a consumer has a positive experience with the product or service purchased. In contrast, a positive discrepancy can create “a positive effect” if experienced consumer’s evaluation is higher than the observed review ratings (e.g., “better than what I read”). Similarly, such positive discrepancies may create a positive effect, even if a consumer has a negative experience.



The external effect of review ratings can accelerate the generation of experienced consumers’ opinions. First, an online review rating helps form the expectations of consumers who are exposed to this rating during their purchase process [62,69,70,71]. Thus, when they recognize the discrepancy between their experience and their expectations, this influences consumer satisfaction. It is well established in the marketing literature that consumer satisfaction is influenced not only by perceived experience but also by expectations [62,63,64,72]. Consumer satisfaction can be defined as “the degree to which a product meets or exceeds the consumer’s expectation about that product” [64]. Thus, expectations induced by others’ review ratings are a crucial factor in determining the satisfaction level of experienced consumers; it may also be an essential driver of the review generation process because satisfaction is a critical driver of consumer-generated reviews for other people [73,74,75,76].



Additionally, consumer satisfaction is related not only to cognitive elements such as expectations but also to affective elements such as consumers’ emotional responses [77,78,79]. Giese and Cote defined consumer satisfaction as a summary of effective consumer responses of varying intensity [78]. They argued that consumers feel positive or negative emotions during their purchasing and consumption process and that these various types of emotions can contribute to the intensity of their satisfaction. Thus, in our study, the discrepancy with others’ review ratings can create a particular type of emotion for experienced consumers and influence their satisfaction or dissatisfaction with the purchased product. In particular, the satisfaction induced by the emotional response of the experienced consumer can play a key role in intensifying their intention to write their own opinions [74,80,81,82]. They found that positive and negative emotions play an important role in influencing the level of consumer satisfaction and lead to WOM generation intention. Additionally, other researchers found that the emotion experienced during the purchase and consumption process can have an important influence on consumers’ intention to express their opinions through reviews [83,84,85].



Moreover, online review ratings can enhance the motivation of online consumers to generate reviews by increasing their perceived behavioral control [86]. The numeric measurement of others’ evaluations helps consumers compare their evaluations. Because a large number of other evaluations are more apparent and easier to understand, consumers can easily perceive the impact of their performance and behavior from creating their own reviews. Additionally, the anonymity of the overall review rating, a distinctive feature of online review ratings, can fortify consumers’ intention to write their own review by emphasizing social benefits when they experience a larger gap between others’ review rating and their own experience [11,86].



In particular, the external effect of others’ review ratings can be stronger when consumers perceive a negative discrepancy between their own evaluations and those of others (e.g., “worse than what I read”). One of the important factors affecting the motivation of online consumers to generate reviews is the ego defensive function [84]. They argued that online review generation is motivated by people’s need to minimize self-doubt. Thus, consumers tend to seek to reduce their feelings of guilt from not contributing. Their guilty feelings are much greater when the expected results of not contributing are more important to the public. Thus, when they experience a negative discrepancy in an evaluation, they have a greater motivation to generate their own review, contrary to positive reviews.



Similarly, another motive for generating reviews is to enhance consumers’ feelings of self-value [11,84]. Consumers tend to feel gratified by making contributions, which help their community validate itself. Thus, they have a greater motivation to leave their own opinions when it is considered vital information that could be helpful for other members of the community to which they belong.



In addition, the external effect may be influenced by the existence of prior consumers’ experience of a discrepancy in online review ratings because their satisfaction and emotions are affected when they engage in accumulated purchases [74,78,79]. However, they found that consumers’ feelings of satisfaction or certain emotions related to their consumption or purchases still exist, even if they have prior experiences while their feelings can be mitigated. In sum, the external effect of others’ review ratings can be a critical factor affecting the process of consumers generating online reviews by creating a discrepancy between the consumer’s own experience and evaluations by other anonymous consumers. This phenomenon is a unique characteristic of online review generation behavior that is ingrained in the online review system.





3. Data


We used Amazon product data, which were also used in McAuley et al., and He and McAuley [87,88]. The dataset contains 142.8 million reviews from May 1996 to July 2014 in 24 product categories. It has two main parts: reviews (titles, descriptions, ratings, and helpfulness votes) and metadata regarding products (product names, descriptions, prices, and brands). We used the aggressively deduplicated review dataset for our analysis, which includes no duplicated reviews. This dataset contains 82.83 million unique reviews and a metadata dataset of 9.4 million products. We dropped 5 product categories with different file formats (e.g., Kindle Store, Apps for Android, and Amazon Instant Video). The final data include a total of 19 product categories (Table 1).



Table 2 shows the variable description of our dataset, each for reviews of products in the broadest categories. Our dataset has one review for each entry. We selected unique identifiers of reviews and products, average rating, review time, count of helpfulness votes, price, sales rank in the broadest category, and brand (nonitalicized in Table 2). Furthermore, we transformed review texts and summaries, product titles, and descriptions into numerical features (italicized in Table 2), namely, the number of words, number of characters, and sentiment scores.



We used VADER, a rule-based sentiment analysis tool that is specifically attuned to social media sentiments, to extract sentiment scores from review texts and summaries [21]. There are two representations of the sentiment scores. First, the compound valence score is the sum of valences of each word in the text, if and only if they are included in the VADER lexicon, normalized to be between −1 (most negative) and 1 (most positive). Second, we looked at the proportions of the text that are in negative, neutral, or positive lexicons (between 0 and 1 inclusive). Table 3 shows example texts and their sentiment scores (All codes for data processing can be found at https://github.com/cstorm125/amzn_reviews, accessed on 26 September 2021).




4. Model


We considered two empirical online review generation models to address the research questions mentioned above: first-time reviews and multiple reviews. We defined the first-time online reviewer as the reviewer shown in our online review dataset for the first time. After the first review, if a reviewer reappears in the data, we considered the review by that reviewer as a multiple review.



4.1. Dependent Variable


We consider the length of the review text along with its sentiment as the dependent variable of our analysis. Volume and valence have been adopted as characteristics of online reviews in most eWOM literature [19,89,90,91]. Thus, we consider both the length and sentiment of the review text in the generation process. Specifically, we used three separate measurements for the dependent variable: (i) length of the negative sentiment of the review text (NegLRT), (ii) length of the neutral sentiment of the review text (NeuLRT), and (iii) length of the positive sentiment of the review text (PosLRT). These separate dependent variables verify the effect of different review ratings on the online review generation process across different sentiments.




4.2. Independent Variable


4.2.1. Individual Rating (IRT)


We employed an individual rating (IRT) as a key independent variable measuring a single reviewer’s experience (or evaluation based on the experience) of the purchased product or service. The individual rating has a possible value ranging from one to five stars: five stars indicate the highest level of satisfaction of an individual’s experience, while one star indicates the lowest. Three stars indicate neutral feelings regarding the experienced product or service. To test the effect of both positive and negative experiences separately, we consider IRT as two different binary variables. Thus, a positive individual rating (PosIRT) equals one if the overall rating is greater than neutral point 3, and zero otherwise. Similarly, a negative overall rating (NegIRT) equals one if the overall rating is lower than 3, and zero otherwise.




4.2.2. DIS (DIS)


To measure the discrepancy between consumers’ own experiences and others’ evaluations, we employed a discrepancy variable (DIS). Specifically, we measured DIS as a difference between the individual rating and the overall rating (ORT) exposed to the particular consumer before providing their own rating and review. That is:


       Discrepancy      DIS          = I n d i v i d u a l   r a t i n g     I R T     i , j , t   − M o v i n g   a v e r a g e   o f   o v e r a l l   r a t i n g     M A O R T     i , − j , t − 1        








where i is brand, j is the individual consumer, and t is the time that the consumer provided the rating and review. In the estimation, we used a 5-day moving average of the overall rating. Thus, if an individual gives a lower rating regarding a product lower than the 5-day moving average of the overall average rating, it is a negative discrepancy (NegDIS). Similarly, if a consumer’s rating is higher than the average of the overall rating, it is a positive discrepancy (PosDIS). However, one might argue that a consumer leaves his or her rating or review sometime after purchasing. Consumers may have some time lag between purchases and the generation of reviews. Thus, we employed an additional measurement of MAORT for a longer range: a 10-day moving average and a common average of the overall rating from the day before the consumer leaves a rating and review We found consistent results for all three measurements. (The results are available upon request).




4.2.3. Product Information Variable


We also included control variables related to product (or service) information that a consumer observes on the website. First, we included the price of the purchased product (PRC) as the dollar value of the product displayed. Second, we included the length of the product description (DES); the longer the product description is, the more information is provided to consumers regarding the product. We also included a brand variable for the product (BRN), which is one of the brands of the product displayed on the website; otherwise, it is zero. Finally, we included a year dummy (YRDM) and a month dummy (MNDM) to capture potential seasonality issues in the review generation process.





4.3. Model Specification


We proposed two separate online review generation models: first-time reviews and multiple reviews (M1 and M2, respectively). Specifically,



(1) Online review generation model for the first-time review:




	-

	
M1-a:


        PosLRT   i , j , t   =  β 0  P o s       +  β  P O S I R T   P o s   ∗   PosIRT   i , j , t   +  β  N E G I R T   P o s      ∗ NegIRT    i , j , t          +  β  P O S D I S   P o s   ∗ P o s D I  S  i , j , t   +  β  N E G D I S   P o s   ∗ N e g D I  S  i , j , t          +  β  P R C   P o s   ∗ P R  C  i , t   +  β  D E S   P o s   ∗ D E  S  i , t   +  β  B R N   P o s   ∗ B R  N  i , t          +   YRDM  ′   γ  P o s   +      MNDM   ′   θ  P o s   +  e  i , j , t   P o s        












	-

	
M1-b:


        NegLRT   i , j , t   =  β 0  N e g       +  β  P O S I R T   N e g   ∗   PosIRT   i , j , t   +  β  N E G I R T   N e g      ∗ NegIRT    i , j , t          +  β  P O S D I S   P o s   ∗ P o s D I  S  i , j , t   +  β  N E G D I S   P o s   ∗ N e g D I  S  i , j , t          +  β  P R C   N e g   ∗ P R  C  i , t   +  β  D E S   N e g   ∗ D E  S  i , t     +  β  B R N   N e g   ∗ B R  N  i , t          +   YRDM  ′   γ  N e g     +      MNDM   ′   θ  N e g   +  e  i , j , t   N e g        












	-

	
M1-c:


        NeuLRT   i , j , t   =  β 0  N e u       +  β  P O S I R T   N e u   ∗   PosIRT   i , j , t   +  β  N E G I R T   N e u      ∗ NegIRT    i , j , t          +  β  P O S D I S   P o s   ∗ P o s D I  S  i , j , t   +  β  N E G D I S   P o s   ∗ N e g D I  S  i , j , t          +  β  P R C   N e u   ∗ P R  C  i , t   +  β  D E S   N e u   ∗ D E  S  i , t   +  β  B R N   N e u   ∗ B R  N  i , t          +   YRDM  ′   γ  N e u     +      MNDM   ′   θ  N e u   +  e  i , j , t   N e u        

















(2) Online review generation model for the multiple-time reviews.



For the multiple-time review model, we considered the fixed-effect model. Because our data verify individual reviewers’ identification, we can consider the unobserved individual effect.




	-

	
M2-a:


        PosLRT   i , j , t   =  α 0  P o s       +  α  P O S I R T   P o s   ∗   PosIRT   i , j , t   +  α  N E G I R T   P o s      ∗ NegIRT    i , j , t          +  α  P O S D I S   P o s   ∗ P o s D I  S  i , j , t   +  α  N E G D I S   P o s   ∗ N e g D I  S  i , j , t          +  α  P R C   P o s   ∗ P R  C  i , t   +  α  D E S   P o s   ∗ D E  S  i , t   +  α  B R N   P o s   ∗ B R  N  i , t          +   YRDM  ′   η  P o s     +      MNDM   ′   ϕ  P o s   +  υ  i , j , t   P o s        








where    υ  i , j , t   P o s     =    μ i  P o s     +    ε  i , j , t   P o s    .




	-

	
M2-b:


        NegLRT   i , j , t   =  α 0  N e g       +  α  P O S I R T   N e g   ∗   PosIRT   i , j , t   +  α  N E G I R T   N e g      ∗ NegIRT    i , j , t          +  α  P O S D I S   P o s   ∗ P o s D I  S  i , j , t   +  α  N E G D I S   P o s   ∗ N e g D I  S  i , j , t          +  α  P R C   N e g   ∗ P R  C  i , t   +  α  D E S   N e g   ∗ D E  S  i , t   +  α  B R N   N e g   ∗ B R  N  i , t          +   YRDM  ′   η  N e g     +      MNDM   ′   ϕ  N e g   +  υ  i , j , t   N e g        








where    υ  i , j , t   N e g     =    μ i  N e g     +    ε  i , j , t   N e g    .




	-

	
M2-c:


        NeuLRT   i , j , t   =  α 0  N e u       +  α  P O S I R T   N e u   ∗   PosIRT   i , j , t   +  α  N E G I R T   N e u      ∗ NegIRT    i , j , t          +  α  P O S D I S   P o s   ∗ P o s D I  S  i , j , t   +  α  N E G D I S   P o s   ∗ N e g D I  S  i , j , t          +  α  P R C   N e u   ∗ P R  C  i , t   +  α  D E S   N e u   ∗ D E  S  i , t   +  α  B R N   N e u   ∗ B R  N  i , t          +   YRDM  ′   η  N e u     +      MNDM   ′   ϕ  N e u   +  υ  i , j , t   N e u        








where    υ  i , j , t   N e u     =    μ i  N e u     +    ε  i , j , t   N e u    .











5. Estimation


For the estimation, we used cross-sectional OLS regression analysis and panel data fixed-effect model analysis for the review generation model for the first-time review and the multiple-time review, respectively. In this section, we report the estimation results for both models. We then discuss the relevant managerial implications of our findings.



5.1. Estimation Results of the First-Time Review Model


Figure 1, Figure 2 and Figure 3 report the estimation results of the review generation model for the first review. First, we obtained evidence that experience plays a key factor in the generation of the review. Specifically, we found that both positive and negative experiences (  PosIRT   and   NegIRT  ) significantly influence review generation in three different dependent variables. This finding is also consistent across almost all categories: all 19 categories in positive and negative reviews (Figure 1 and Figure 2) and 18 categories out of 19 in neutral reviews, except the health and personal care category (Figure 3). A positive experience significantly increases the generation of a positive review and decreases the generation of a negative review.



On the other hand, a negative experience increases the generation of a negative review and decreases the generation of a positive review. However, the magnitude of these effects is asymmetric. The impact of a positive experience on the generation of a positive review is stronger than the effect of a negative experience. We also found that consumers generate fewer neutral reviews when they have positive experiences, while they generate more neutral reviews when they have negative experiences. Interestingly, the effect of a negative experience on neutral review generation is much stronger than its effect on negative review generation. This finding suggests that when consumers have positive experiences, they are more likely to share pleasant emotions instead of objective information. However, when they have negative experiences, they are more likely to write factual information instead of expressing negative emotions.



More importantly, we found that discrepancy plays a key role in generating online reviews. If a negative discrepancy, i.e., ‘worse than what I read’ occurs, consumers generate more negative and neutral reviews (Figure 2 and Figure 3). Discrepancy plays a significant role in influencing the review generation process, even after controlling consumers’ experience factors. These patterns are consistently found across all 19 categories in the generation processes of both negative and neutral reviews. Interestingly, only negative discrepancies increased neutral review generation in some categories, such as the Grocery and Gourmet Food and Health and Personal Care industries, while negative experiences did not. This finding provides practical implications for managers who manage eWOM for their products. For example, suppose a manager hires reviewers and asks them to generate positive reviews or increase product ratings to manipulate online reviews; this may induce more consumers to generate negative reviews. Negative discrepancy leads consumers to generate objective information about the product and write negative reviews to influence potential consumers.



Furthermore, negative discrepancies decrease in positive reviews (Figure 1). For example, even if consumers are satisfied with their experience, they hesitate to write positive reviews due to the negative evaluations of others. Thus, distorted reviews or ratings can successfully induce consumers to try the reviewed products for the first time. However, it may backfire on the firm by generating negative discrepancies, leading to more negative reviews and less positive reviews from experienced consumers.



On the other hand, when a consumer detects a positive discrepancy, i.e., ‘better than what I read,’ she is likely to generate a more positive than negative review (Figure 2 and Figure 3). Interestingly, a positive discrepancy reduces neutral review generation, unlike a negative discrepancy (Figure 3). This indicates that positive discrepancies, similar to positive experiences, may induce consumers to generate more reviews to share his or her emotions and satisfaction. Although this pattern of positive review discrepancies was consistent, it was not as strong as in the case of negative discrepancies. We found a significant effect of positive discrepancies on positive review generation across 16 out of 19 categories (84% of categories supported, Figure 1) and fewer negative reviews across 16 out of 19 categories (84% of categories supported, Figure 2). The special categories concerning the negative discrepancy effect on positive review generation include CDs and Vinyl, Kindle Store, and Digital Music industries. The Kindle Store, Movies and TV, and Digital Music industries are the exceptions for the positive discrepancy effect on negative review generation. In terms of neutral reviews, people generate fewer neutral reviews when they detect positive discrepancies across 12 categories (63% of all categories supported, Figure 3) and generate more neutral reviews across 4 categories (20% of all categories supported, Figure 3).




5.2. Estimation Results of the Multiple Review Model


We conducted similar analyses with the consumers who had generated reviews in the past. The findings are similar to the first-time review model; however, we found less consistent evidence for the external effect, while the experience effect was supported by all categories. The estimation results are reported in Figure 4, Figure 5 and Figure 6. Similar to the first-time model, experience plays a key factor in generating online reviews for both sentiments (PosIRT and Neg IRT). The direction of the findings is consistent: positive experiences result in more positive reviews and less negative reviews, and vice versa. These findings are consistent across all 19 categories (Figure 4 and Figure 5). We also found that a positive experience results in fewer neutral reviews and that a negative experience helps generate more neutral reviews (Figure 6). We found the same pattern across all 19 categories for the positive experience, in 17 categories for the negative experience, and in 2 categories for the insignificant effect of the negative experience.



In terms of review discrepancies, the findings of the multiple review model show consistent patterns with first-time reviewers, with several exceptions in various categories, particularly in the positive discrepancy case. We found that negative discrepancies result in more negative reviews and fewer positive reviews, and positive discrepancies lead to more positive reviews and fewer negative reviews. However, the effect of positive discrepancies on review generation was less supported than that of negative discrepancies. This relationship was found in 13 of 19 categories for positive discrepancy (64% of all categories), while the same relationship was found in all 19 categories for negative discrepancy (Figure 4 and Figure 5). For neutral reviews, negative review discrepancies increase neutral review generation in almost all categories (18/19 categories), while positive discrepancies decrease neutral review generation in 10 of 19 categories. In sum, our analysis of the multiple-review model shows that the positive external effect on the review generation process is weaker, whereas the negative discrepancy effect is stronger. One possible reason for these findings is that consumers might be less sensitive to a discrepancy when they have more experience generating online reviews because of greater familiarity or less scarcity. In particular, people are less susceptible to positive discrepancies, i.e., ‘better than what I read’; however, the negative discrepancy is a powerful driver to induce people to generate reviews. Nevertheless, little is known regarding how consumers respond to the different types of discrepancies along with accumulated generation experiences. Thus, it is meaningful for future research to investigate the topic related to how consumers’ review generation experience influences their review generation intention.





6. Conclusions


In this study, we investigate whether and how the consumers’ online review generation process is influenced by others’ review ratings. We focused on the discrepancy between the evaluations of experienced consumers and anonymous evaluations of others, represented in the online review ratings. We expand our understanding of the effect of other’s reviews on consumers’ purchasing processes by investigating the external effect of online review ratings on the consumers’ review generation process after the purchase. To address these research questions, we collected sizeable online review data that included 37.12 million unique reviews over 19 product categories from Amazon.com. We categorized review contents using an information system technique and analyzed the comprehensive dataset to find significant empirical evidence for the external effect of online review ratings across various industries.



Our empirical findings make an important contribution to the eWOM literature by shedding light on the external effect of online review ratings on the online review generation process. Our results imply that future research should include the dynamic mechanism of online reviews’ impact on consumers’ purchasing behaviors and firms’ revenue by considering the ongoing process of generating online reviews. Our findings also have meaningful implications for the fake review literature, which is one of the most severe concerns of managers and academia. Our data analysis demonstrated that positively distorted reviews generate negative discrepancies, increasing the intention of generating more negative and less positive reviews from experienced consumers. In addition, negative discrepancies significantly influence experienced consumers, leading them to generate more neutral reviews, which plays a critical role in enhancing the impact of negative and positive effects on future consumers [92]. Thus, intentional manipulation of online reviews might backfire on firms.



The issue of fake reviews is not only the problem of specific firms but also of online shopping or review platform providers. Recently, wide applications of systemically biased reviews have been made by platform providers [93]. For example, Taobao, the largest online C2C shopping platform, provided distorted review systems that favor positive reviews or ratings when consumers provide their reviews for the product or store they experienced. Additionally, consumers who want to leave their comments on Yelp can be systemically exposed to positive and high rating reviews of other reviewers during the review generation process. This is because online platform providers tend to provide favorable reviews and ratings to attract more companies or stores to their platforms. However, these systemic manipulations to create more positive reviews might increase the frequency and severity of negative reviews for products and stores by generating a large discrepancy in product evaluations with those of experienced consumers.



These findings also provide additional insight into the ethical marketing literature where the majority of studies focused on the adverse effect of firm’s unethical behaviors on their financial performances and brand equity that directly impairs sustainable customer relationships [94,95,96]. Adopting an unethical manipulation of online reviews by firms or platform providers consequently leads to an adverse effect on the focal firms and platform providers by reproducing more negative reviews for potential consumers. Thus, unethical manipulation of the reviews can damage the manipulated company or platform provider in the long run by provoking the experienced customers as well as hurting the reputation and creditability of the digital business environment.



Although this study verifies the external effect of online review ratings on the consumers’ review generation process by providing significant empirical evidence from the ample review data of one of the most representative online shopping platforms, there is a limitation to fully understanding this external effect. First, there may be other ways in which review ratings influence the consumer reviews. In the psychology and marketing literature, it is known that people can be affected by the numeric anchor that is exposed before they make a decision [97,98,99]. This cognitive bias of consumers is well reported in the marketing literature. Thus, consumers may have a tendency to be swayed by the rating they observed before they evaluate a product or service.



Additionally, people naturally tend to quickly adopt the majority of others’ opinions provided by the relevant group, known as “majority rule”. [100,101,102,103]. People are likely to take this simple heuristic into account when they make a decision. Thus, it is possible that consumers tend to follow the direction of others’ opinions when they observe discrepancies during the evaluation process. These counterfactual explanations for the external effect are also possible. However, our empirical findings seem to significantly support our hypotheses based on consumers’ psychological factors induced by the unintended discrepancy where others’ review ratings serve as a reference for consumers. Therefore, it would be a good addition to the literature if future studies investigated the generation mechanisms of different sources to induce the external effect of online review ratings.



Additionally, our study urgently calls for future studies to verify the key constructs of inducing the external effect of others’ review ratings and their comprehensive mechanisms. Due to the limitations of empirical analysis employing secondary data provided by Amazon.com, our result does not include demographic information or individual-level exposure history data of previous reviews. Thus, our analysis cannot provide relevant implications for individual-level causal inference. Such investigation needs to be supplemented in future studies to expand our understanding of the externality of others’ review ratings. While Amazon’s design makes it difficult to miss the ratings of each product, we cannot rule out the possibility that some consumers make their purchase decision regardless of the ratings and, therefore, totally ignore the rating information provided by the website. Unfortunately, it is possible that our data may contain such consumers, who we cannot separate from the dataset. However, given the highly noticeable feature provided by the platform and the usefulness of such information, we suspect the proportion of such consumers will not be significant.



Finally, it can be argued that the quality of the product consumers’ experience influences their response to the imbalance between other ratings and their own experience. The quality level of the product can influence consumers’ psychological factors, such as attitudes, beliefs, and perceptions [104,105,106,107]. Thus, their behavior when responding to the discrepancy may be different when they confront a similar level of discrepancy during their consumption of lower-quality products or services. This effect can be related to the brand, price, or other characteristics of the product. Thus, it would be interesting if future research investigated this external effect at the product category level by exploring the moderation effect of product quality on the external impact of others’ review ratings and considering the relevant characteristics of each product.



Finally, the all-inclusive measurement of the online review rating system may provide a misleading signal in terms of the product quality to consumers who do not put much value on sustainable marketing practices. Various consumers have a different appreciation of sustainable products. Therefore, previous consumers’ ratings are naturally noisy on how much weight is allocated to the importance of the sustainable attributes of the products. For example, a consumer who cares much about the sustainability of a particular product might leave a positive rating for an environment-friendly product. However, the next consumer might experience a substantial negative discrepancy if he or she cares little about the sustainability of the product. Consequently, the unitary online review rating system commonly adopted in most online platforms can be an additional source of the external effect of review ratings for a sustainable product. Thus, it could be an essential topic for sustainable marketers to verify the effect of the unitary system of online review rating.
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Figure 1. Estimation results for the review generation of first-time reviewers: Positive review generation (DV: length of a positive review). 
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Figure 2. Estimation results for the review generation of first-time reviewers: Negative review generation (DV: length of a negative review). 
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Figure 3. Estimation results for the review generation of first-time reviewers: Neutral review generation (DV: length of a neutral review). 
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Figure 4. Estimation results for the review generation of multiple-time reviewers: Positive review generation (DV: length of a positive review). 
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Figure 5. Estimation results for the review generation of multiple-time reviewers: Negative review generation (DV: length of a negative review). 
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Figure 6. Estimation results for the review generation of multiple-time reviewers: Neutral review generation (DV: length of a neutral review). 
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Table 1. Industries included in the sample.






Table 1. Industries included in the sample.





	No.
	Industry (Full Name)
	Industry (Abbreviation)





	1
	Automotive
	Auto



	2
	Baby
	Baby



	3
	Beauty
	Beauty



	4
	CDs and Vinyl
	CV



	5
	Cell Phones and Accessories
	Cell



	6
	Clothing Shoes and Jewelry
	Clothes



	7
	Patio Lawn and Garden
	Garden



	8
	Grocery and Gourmet Food
	Grocery



	9
	Home and Kitchen
	Home



	10
	Musical Instrument
	Instruments



	11
	Kindle Store
	Kindle



	12
	Movies and TV
	Movie



	13
	Digital Music
	Music



	14
	Office Products
	Office



	15
	Health and Personal Care
	PC



	16
	Pet Supplies
	Pet



	17
	Tools and Home Improvement
	Tool



	18
	Toys and Games
	Toys



	19
	Video Games
	Vgame
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Table 2. Summary of variables in dataset.
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	Variable
	Description





	reviewer_nb
	unique identifier of a review



	asin
	unique identifier of a product



	overall
	average rating of the product (1: worse, 5: best)



	unixReviewTime
	unix time of the day the review was written



	helpful_yes
	number of people who found this review helpful



	helpful_no
	number of people who found this review unhelpful



	reviewText_len
	number of words in the review



	reviewText_char
	number of characters in the review



	summary_len
	number of words in the summary



	summary_char
	number of characters in the summary



	reviewText_compound
	sentiment of review; sum of valences of each word normalized (−1: most negative, 1: most positive)



	reviewText_neg
	ratios for proportions of review text that are in negative lexicon



	reviewText_neu
	ratios for proportions of review text that are in neutral lexicon



	reviewText_pos
	ratios for proportions of review text that are in positive lexicon



	summary_compound
	sentiment of summary; sum of valences of each word normalized (−1: most negative, 1: most positive)



	summary_neg
	ratios for proportions of summary that are in negative lexicon



	summary_neu
	ratios for proportions of summary that are in neutral lexicon



	summary_pos
	ratios for proportions of summary that are in positive lexicon



	lev1
	broadest category of the product



	title_len
	number of words in the product title



	title_char
	number of characters in the product title



	desc_len
	number of words in the product description



	desc_char
	number of character in the product description



	price
	price of the product in USD



	salesRank
	sales rank of the product in the broadest category



	brand
	brand of the product
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Table 3. Example review texts and their sentiment scores.






Table 3. Example review texts and their sentiment scores.





	Review Text
	Review Text

(Compound)
	Review Text

(Negative)
	Review Text

(Neutral)
	Review Text

(Positive)





	“This is excellent edition and perfectly true to the orchestral version! It makes playing Vivaldi a joy! I used this for a wedding and was totally satisfied with the accuracy!”
	0.9651
	0
	0.52
	0.48



	“Mat and would not hit it off. Instant personality clash for sure. Then again I didn’t buy this DVD to make friends. I bought it to learn blues. 50 good usable licks presented in a way that you can actually learn them. Good camera angles, the sound is fair. Tab could be onscreen but I guess the booklet works just fine. Just the thing for the early intermediate player. This DVD spends a lot of time in my player!”
	0.829
	0
	0.851
	0.149



	“I like Simon Phillips, I think he is one of the best drummers in the world. This video, however, was obviously made a long time ago because he looks very young in it. I admit I saw the cover and could see he appeared to be much younger, but because the video had been remastered and redone I hoped some of his more recent performances might be included, they were not. I still enjoyed it but wish he would bring out something containing more recent material.”
	0.6754
	0.041
	0.833
	0.127



	“This is not what you’re thinking. This DVD is merely two hours of the ‘flamboyant’ John Patitucci playing songs. He does not show any of his riffs to you, he plays them at full speed so it takes forever to find the pattern. This is $30.00 I’ll never have back!”
	0.4753
	0
	0.921
	0.079
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*** p-value <0.001, ** p-value <0.01, * p-value < 0.05
Estimation results of seasonal dummy (year and month) are excluded due to the limation of the space. The results would be provided upon the request
Positive review generation (DV: PosLRT) - Cont'
IND11: Kindle Store IND12 Movies IND13 Digital Music IND14: Office Products IND15: Health IND16: Pet Supplies IND17: Tools and IND18: Toys IND19: Video Games
and TV and Personal Care Home Improvement and Games
estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e
[ review variable ]
1. PosIRT 0.0646*** 0.00077 0.0699*** 0.00035 0.0377*** 0.00109 0.0848*** 0.00039 0.0727*** 0.00032 0.0727*** 0.00045 0.0797*** 0.00034 0.1003*** 0.00037 0.07471*** 0.00043
2. NegIRT -0.0523*** 0.00093 -0.0335%** 0.00041 -0.0167*** 0.00135 -0.0335%** 0.00042 -0.0328*** 0.00036 -0.0309*** 0.00049 -0.0325%** 0.00037 -0.0463*** 0.0004 -0.0384*** 0.00047
3. PosCTS -0.0037*** 0.00016 0.0008*** 0.0001 -0.0010*** 0.00024 0.0038*** 0.00012 0.0029*** 0.00009 0.0029*** 0.00013 0.0019*** 0.00009 0.0003** 0.00009 0.0010*** 0.00015
4. NegCTS 0.0088*** 0.0004 0.0128*** 0.00016 0.0118*** 0.00061 0.0040*** 0.00016 0.0048*** 0.00014 0.0037*** 0.0002 0.0054*** 0.00014 0.0071*** 0.00015 0.0087*** 0.00019
[ Product variable ]
5. PRC -0.00004***  328E-06 | -0.00007***  2.68E-06 0.00008** 270E-05 | -0.00003***  9.48E-07 [ -0.00002***  1.95E-06 | -0.00007***  2.78E-06 |-9.95e-06***  1.11E-06 | -0.00007***  1.71E-07 | -0.00001***  1.89E-06
6. DES -0.00001***  1.34E-06 | -1.53e-06***  2.63E-06 | -0.00001***  8.62E-07 | -1.31e-06**  3.84E-07 |-3.51e-06***  5.28E-07 [ -0.00002***  1.86E-06 |-2.97e-06*** 4.97E-07 |-5.69e-06***  9.82E-07 |-1.17e-06***  3.85E-07
7. BRN 0.0261** 0.0094 -0.0047*** 0.00023 -0.0064*** 0.00063 0.0021*** 0.00027 -0.0011*** 0.00022 0.0076*** 0.00036 -0.0041*** 0.00024 0.0016*** 0.00029 0.0297*** 0.00064
[ Seasonality ]
8. Year Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes
9. Month Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes
Number of Observations 375,638 1,891,921 1,76,023 814,025 1,590,944 659,121 1,114,946 1,094,258 748,650
F-Statistic (p-value) 2,500.56 (0.000) 17,451.98 (0.000) 826.43 (0.000) 11,012.46 (0.000) 13,659.83 (0.000) 6,226.61 (0.000) 11,520.08 (0.000) 16,471.28 (0.000) 8,482.36 (0.000)
R-Squared 0.133 0.178 0.121 0.219 0.159 0.169 0.176 0.241 0.206

*** p-value <0.001, ** p-value <0.01, * p-value < 0.05

Estimation results of seasonal dummy (year and month) are excluded due to the limation of the space. The results would be provided upon the request
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Negative Review Generation (DV: NeglLRT)

IND1: Automotive IND2: Baby IND3: Beauty IND4: Cell Phones INDS: Clothing Shoes IND6: CDs IND7: Patio Lawn IND8: Grocery IND9: Home IND10: Musical
Fixed Effect Model and Accessories and Jewelry and Vinyl and Garden and Gourmet Food and Kitchen Instruments

estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e
[ review variable ]
1. PosIRT -0.0192*** 0.00034 -0.0212*** 0.0003 -0.0197*** 0.00024 -0.0254*** 0.00021 -0.0232%** 0.00124 -0.0142*** 0.00014 -0.0185*** 0.00046 -0.0227*** 0.00034 -0.02717*** 0.00017 -0.0193*** 0.00051
2. NegIRT 0.0215*** 0.00042 0.0212*** 0.00038 0.0294*** 0.00031 0.0299*** 0.00026 0.0291*** 0.00162 0.0242*** 0.00019 0.0206*** 0.00058 0.0284*** 0.00043 0.0238*** 0.00022 0.0226*** 0.0006
3. PosCTS 0.00002 0.0005 -0.0003** 0.00008 -0.0004** 0.00005 -0.0011** 0.00005 -0.0004 0.00023 -0.00027*** 0.00003 -0.0005*** 0.00009 -0.00005 0.00006 -0.0008** 0.00003 -0.00007 0.00008
4. NegCTS -0.0012*** 0.00016 -0.0033*** 0.00018 -0.00371*** 0.00013 -0.0018*** 0.00012 -0.0042*** 0.00071 -0.0034*** 0.00008 -0.0007*** 0.00024 -0.0037*** 0.00018 -0.0020%*** 0.0001 -0.0029*** 0.00027
[ Product variable ]
5. PRC 9.82e-06***  1.02E-06 | 4.16e-06***  1.13E-06 2.69e-06 2.79E-06 | -4.52e-07***  1.45E-06 -0.00001 1.00E-05 [-9.83e-06***  1.88E-06 3.70e-06** 1.27E-06 0.00002*** 5.03E-06 0.000071*** 5.60E-07 -1.89e-06 1.06E-06
6. DES 1.84e-06** 6.91E-07 | -1.79e-06***  5.44E-07 | 2.79e-06***  547E-07 3.07E-07 3.11E-07 0.00001* 4.82E-06 4.86e-07** 1.87E-07 | 3.98e-06***  5.83E-07 -1.41e-07 8.68E-07 1.22e-08 2.46E-07 -8.17e-07* 4.08E-07
7. BRN -0.0008*** 0.0002 -0.0009*** 0.00017 0.00002 0.00018 -0.0006** 0.00011 -0.0021** 0.00078 -0.0007*** 0.00011 -0.0029*** 0.00028 -0.00001 0.0001 -0.0005*** 0.00011 -0.0005* 0.00029
[ Seasonality ]
8. Year Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
9. Month Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Number of Observations 669,141 500,248 995,731 2,073,520 153,648 2,110,141 366,804 568,051 2,033,722 211,525

F-Statistic (p-value)
R-Squared

758.17 (0.000)

1,443.95 (0.000)

2,691.51 (0.000)

9,708.16 (0.000)

100.29 (0.000)

4,052.29 (0.000)

408.96 (0.000)

1,438.33 (0.000)

4,248.26 (0.000)

366.86 (0.000)

(within/bet ] " (0.049/0.093/0.066) (0.115/0.191/0.143) (0.112/0.181/0.144) 0.175 (0.117/0.161/0.156) (0.072/0.147/0.108) (0.054/0.113/0.083) (0.104/0.169/0.134) (0.092/0.161/0.122) (0.075/0.142/0.101)
*** p-value <0.001, ** p-value <0.01, * p-value < 0.05
Estimation results of seasonal dummy (year and month) are excluded due to the limation of the space. The results would be provided upon the request
Negative Review Generation (DV: NeglLRT) - Cont'

ed Effect Model IND11: Kindle Store 'ND;j d'\?‘\)/v'es IND13 Digital Music IND14: Office Products anlciNE;ioileézre IND16: Pet Supplies ngln?gh Tporz'\fe:;t '::1?;:2': IND19: Video Games

estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e

[ review variable ]
1. PosIRT -0.0137*** 0.00037 -0.0191*** 0.00014 -0.0117*** 0.00063 -0.0191*** 0.00038 -0.0169*** 0.00023 -0.0185*** 0.00031 -0.0183*** 0.00026 -0.0268*** 0.00022 -0.0236*** 0.00029
2. NegIRT 0.0333*** 0.00052 0.0335*** 0.00019 0.0253*** 0.00084 0.0227*** 0.00048 0.0257*** 0.00031 0.0193*** 0.00041 0.0193*** 0.00033 0.0270*** 0.00029 0.0237*** 0.00038
3. PosCTS 0.0002** 0.00007 0.0002* 0.00004 0.00005 0.00016 -0.0004** 0.00008 -0.0005** 0.00005 -0.0005** 0.00007 -0.0002*** 0.00004 -0.0003** 0.00004 -0.0007** 0.00009
4. NegCTS -0.0040*** 0.00024 -0.0036*** 0.00009 -0.0025*** 0.00039 -0.0016*** 0.00021 -0.0019*** 0.00013 -0.0023*** 0.00018 -0.0020*** 0.00013 -0.0034*** 0.00012 -0.0020*** 0.00018
[ Product variable ]
5. PRC 4.25e-07* 2.92E-06 | -0.00002***  1.52E-06 0.00005** 1.72E-05 -1.85e-07 1.01E-06 3.92e-06* 1.78E-06 3.28E-06 240E-06 | 2.30e-06***  7.70E-07 | 5.44e-06***  1.27E-06 |-1.66e-05***  1.17E-06
6. DES -3.55e-07 5.93E-07 -1.73e-08 1.28E-07 -2.77e-07 6.24E-07 -6.66e-07 3.61E-07 [ 1.65e-06***  4.20E-07 | 6.56e-06***  9.42E-07 | 2.20e-06***  3.21E-07 1.79e-06** 6.11E-07 2.91E-07 2.29E-07
7. BRN -0.0016 0.0098 0.0012*** 0.00012 -0.0003 0.00037 0.0071*** 0.00029 -0.0010*** 0.00015 -0.0006** 0.00022 -0.0008*** 0.00014 0.0010*** 0.00017 0.0066*** 0.00056
[ Seasonality ]
8. Year Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes
9. Month Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes
Number of Observations 616,039 2,849,993 139,356 454,913 1,406,109 629,580 947,979 1,073,881 658,285

F-Statistic (p-value)
R-Squared
(within/between/overall)

679.01 (0.000)
(0.054/0.115/0.083)

7,039.32 (0.000)
(0.091/0.199/0.135)

196.40 (0.000)

(0.062/0.125/0.102)

717.43 (0.000)
(0.073/0.161/0.113)

1,964.65 (0.000)

(0.062/0.112/0.084)

1,024.48 (0.000)
(0.071/0.119/0.091)

1,246.70 (0.000)
(0.058/0.113/0.079)

2,962.48 (0.000)
(0.115/0.196/0.150)

1,415.81 (0.000)
(0.087/0.175/0.126)

*** p-value <0.001, ** p-value <0.01, * p-value < 0.05
Estimation results of seasonal dummy (year and month) are excluded due to the limation of the space. The results would be provided upon the request





media/file12.png
Neutral Review DV: NeulLRT)
. . . . IND4: Cell Phones IND5: Clothing Shoes IND6: CDs IND7: Patio Lawn IND8: Grocery IND9: Home IND10: Musical
Fixed Effect Model IND1: Automotive IND2: Baby IND3: Beauty and Accessories and Jewglry and Vinyl and Garden and Gourmet Food and Kitchen Instruments

estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e
[ review variable ]
1. PosIRT -0.0508*** 0.00067 -0.0406*** 0.00062 -0.0468*** 0.0005 -0.0564*** 0.00038 -0.0605*** 0.0027 -0.0126%** 0.00028 -0.0417%** 0.00087 -0.0386*** 0.00071 -0.0513*** 0.00037 -0.0367*** 0.0011
2. NegIRT 0.0144*** 0.00084 0.0034*** 0.0008 0.0066*** 0.00063 0.0212*** 0.00049 0.0187*** 0.0035 0.0007 0.00038 0.0052*** 0.0011 0.0023** 0.0009 0.0051*** 0.00048 0.0074*** 0.0014
3. PosCTS -0.0018*** 0.00009 -0.0015%** 0.00016 -0.0014*** 0.0001 -0.0035%** 0.0001 0.0024*** 0.00052 0.0007*** 0.00005 -0.0002 0.00045 -0.0003* 0.00013 -0.0020%** 0.00008 -0.0000991 0.00017
4. NegCTS -0.0015%** 0.00032 -0.0044*** 0.00038 -0.0013*** 0.00027 -0.0006** 0.00022 -0.0014 0.00156 -0.00193*** 0.00016 -0.0027*** 0.00045 -0.0041%** 0.00038 -0.0041*** 0.00021 -0.0038*** 0.00058
[ Product variable ]
5. PRC 8.27e-06***  2.01E-06 | 4.07e-05***  2.36E-06 | 4.97e-05***  575E-06 | 6.74e-05***  2.69E-06 0.00007** 2.32E-05 [ 4.62e-05***  3.64E-06 | 1.56e-05***  2.40E-06 | -3.56e-05** 1.04E-05 |0.0000263***  1.18E-06 -5.25e-06* 2.24E-06
6. DES 4.94e-06***  1.37E-06 3.77e-06** 1.13E-06 | 1.07e-05*** 1.13E-06 | 7.76e-06***  5.78E-07 0.00003** 1.06E-05 |-1.33e-06***  3.61E-07 1.13E-06 1.10E-06 4.17E-07 1.84E-06 | 2.53e-06***  521E-07 [ 3.51e-06***  8.64E-07
7. BRN 0.0005 0.00039 -0.0008* 0.0003 0.0009* 0.000327 0.0014*** 0.00022 0.0022 0.00173 0.00053* 0.00021 -0.0003 0.00054 9.41E-05 0.0004 -0.0009*** 0.0002 -0.0005 0.00061
[ Seasonality ]
8. Year Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
9. Month Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Number of Observations 669,141 500,248 995,731 1,635,532 153,648 2,110,141 366,804 568,051 2.033,722 211,525
F-Statistic (p-value) 670.12 (0.000) 536.77(0.000) 930.34 (0.000) 2,851.34 (0.000) 51.89 (0.000) 255.81 (0.000) 239.47 (0.000) 376.13 (0.000) 2,288.43 (0.000) 130.10 (0.000)
(RV\_/iStc:\Lij:/rk?:tween/overall) (0.044/0.073/0.055) (0.046/0.093/0.064) (0.042/0.073/0.057) (0.081/0.098/0.087) (0.064/0.082/0.081) (0.005/0.072/0.031) (0.032/0.070/0.051) (0.029/0.058/0.044) (0.05/0.092/0.069) (0.028/0.051/0.036)
*** p-value <0.001, ** p-value <0.01, * p-value < 0.05
Estimation results of seasonal dummy (year and month) are excluded due to the limation of the space. The results would be provided upon the request
Neutral Review DV: NeulRT) - Cont'

Fived Effect Model IND11: Kindle Store IND;deTc\;wes IND13 Digital Music IND14: Office Products anLjNE;rSs.o:zflégre IND16: Pet Supplies Hlyrv?;T}nTpizl\fefnneit l::]?g'a?g: IND19: Video Games

estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e
[ review variable ]
1. PosIRT -0.0137*** 0.00037 -0.0197*** 0.00024 -0.0061*** 0.0011 -0.0392%** 0.00075 -0.0382*** 0.00044 -0.0391*** 0.00061 -0.0366*** 0.00051 -0.04571*** 0.00048 -0.0222%** 0.00049
2. NegIRT 0.0333*** 0.00052 -0.0049*** 0.00033 -0.0003 0.00147 0.0081*** 0.00095 0.0039*** 0.00055 0.00971*** 0.00077 0.0084*** 0.00064 0.0155%** 0.00063 0.0091*** 0.00064
3. PosCTS 0.0002** 0.00007 0.0008*** 0.00008 0.0003 0.00029 -0.0007*** 0.00015 -0.0008*** 0.00009 -0.0012%** 0.00014 0.0001 0.00009 0.0003*** 0.00009 -0.0005** 0.00015
4. NegCTS -0.0040%** 0.00024 -0.0053**** 0.00015 -0.0015* 0.00069 -0.0031*** 0.0004 -0.0018*** 0.00024 -0.0021*** 0.0003 -0.0026*** 0.00026 -0.0051%** 0.00027 -0.0041*** 0.00031
[ Product variable ]
5. PRC 4.25E-07 2.92E-06 | 9.31e-05***  2.55E-06 -5.85e-05* 3.00E-05 | 2.48e-05*** 196E-06 | 4.01e-05***  3.20E-06 | 9.46e-05***  4.58E-06 | 6.90-e06*** 149E-06 | 6.35-e05***  2.71E-06 | 2.03e-05***  1.98E-06
6. DES -3.55E-07 5.93E-07 | 1.79e-06***  2.15E-07 | -4.73e-06***  1.09E-06 1.37e-06* 7.04E-07 3.30E-06 7.52E-07 | 1.91e-05***  1.80E-06 -6.97E-07 6.20E-07 -5.23E-09 1.30E-06 4.90E-07 3.88E-07
7. BRN -0.0016 0.00982 0.0015*** 0.00017 0.0023*** 0.00064 -0.0008* 0.00044 0.0008** 0.00027 -0.0018*** 0.00042 0.0005 0.0003 -0.0004 0.0003 -0.0227*** 0.00096
[ Seasonality ]
8. Year Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes
9. Month Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes
Number of Observations 616,039 2,849,993 139,356 454,913 1,406,109 629,580 947,979 1,073,881 658,285
F-Statistic (p-value) 379.01 (0.000) 829.06 (0.000) 6.47 (0.000) 347.03 (0.000) 858.47 (0.000) 554.65 (0.000) 622.34 (0.000) 1,089.56 (0.000) 332.67 (0.000)
(F{V\_/istzgirfdh , " (0.054/0.115/0.083) (0.011/0.086/0.047) (0.002/0.015/0.007) (0.036/0.078/0.055) (0.028/0.056/0.041) (0.039/0.067/0.052) (0.029/0.064/0.043) (0.045/0.101/0.072) (0.022/0.066/0.038)

*** p-value <0.001, ** p-value <0.01, * p-value < 0.05

Estimation results of seasonal dummy (year and month) are excluded due to the limation of the space. The results would be provided upon the request
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media/file8.png
Positive review generation (DV: PosLRT)
. IND4: Cell Phones IND5: Clothing Shoes IND6: CDs IND7: Patio Lawn IND8: Grocer IND9: Home IND10: Musical
Fixed Effect Model IND1: Automotive IND2: Baby IND3: Beauty and Accessories and Jewglry and Vinyl and Garden and Gourmet Fg/od and Kitchen Instruments

estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e
[ review variable ]
1. PosIRT 0.0700*** 0.00066 0.0618*** 0.00063 0.0666*** 0.0005 0.0818*** 0.00038 0.0836*** 0.0027 0.0268*** 0.00028 0.0592*** 0.00084 0.0608*** 0.00071 0.0723*** 0.00037 0.0562*** 0.00106
2. NegIRT -0.0360*** 0.00083 -0.0248*** 0.0008 -0.0361*** 0.00063 -0.0513*** 0.00049 -0.0477*** 0.0035 -0.0249*** 0.00037 -0.0259*** 0.00106 -0.0309*** 0.00091 -0.0291*** 0.00048 -0.0301*** 0.00014
3. PosCTS 0.0018*** 0.00009 0.0019*** 0.00016 0.0019*** 0.0001 0.0045*** 0.0001 0.0028*** 0.00052 -0.0005*** 0.00005 0.0007*** 0.00017 0.0003** 0.00013 0.0028*** 0.00008 0.00034* 0.00017
4. NegCTS 0.0028*** 0.00031 0.0076*** 0.00038 0.0044*** 0.00027 0.0025*** 0.00022 0.0055*** 0.00015 0.0054*** 0.00016 0.0037*** 0.00044 0.0071*** 0.00038 0.0062*** 0.00012 0.0065*** 0.00056
[ Product variable ]
5. PRC -0.00001*** 1.98E-06 -0.00004***  2.36E-06 | -5.35e-05*** 5.77E-06 | -6.42e-05***  2.69E-06 -5.83e-05* 2.33E-05 | -3.64e-05***  3.60E-06 |-2.18e-05***  2.31E-06 1.40e-05 1.05E-05 | -4.34e-05***  1.18E-06 5.31e-06* 2.18E-06
6. DES -6.96e-06***  1.34E-06 -2.34e-06* 1.14E-06 | -1.36e-058***  1.13E-06 | -8.04e-06***  5.78E-07 | -4.39e-05***  1.06E-05 8.54e-07* 3.57E-07 [-5.26e-06***  1.06E-06 -1.51E-07 1.80E-06 | -2.57e-06***  5.19E-07 -2.42e-06** 8.42E-07
7. BRN -0.00014***  0.000389 0.0019*** 0.00036 -0.0010** 0.00037 0.0020*** 0.00022 -0.00008 0.0017 0.00018 0.00021 0.0033*** 0.00052 -0.00011 0.0004 0.0015*** 0.0002 0.0008 0.0006
[ Seasonality ]
8. Year Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
9. Month Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Number of Observations 669,141 500,248 995,731 1,635,532 153,648 2,110,141 366,804 568,051 2,033,722 211,525

F-Statistic (p-value)
R-Squared

(within/het /, N
/

1,597.81 (0.000)
(0.099/0.134/0.111)

1,663.05 (0.000)
(0.131/0.193/0.154)

2,592.61 (0.000)
(0.122/0.169/0.145)

7,762.87 (0.000)
(0.192/0.214/0.198)

131.79 (0.000)
(0.149/0.183/0.179)

2,276.51 (0.000)
(0.042/0.118/0.075)

714.65 (0.000)
(0.091/0.155/0.123)

1,357.81 (0.000)
(0.099/0.149/0.122)

6,097.41 (0.000)
(0.127/0.191/0.153)

427.45 (0.000)
(0.086/0.125/0.099)

\

*** p-value <0.001, ** p-value <0.01, * p-value < 0.05

Estimation results of seasonal dummy (year and month) are excluded due to the limation of the space. The results would be provided u

pon the request

Positive review generation (DV: PosLRT) - Cont'

oed Effect Model IND11: Kindle Store 'ND;rf d'\?‘\)/v'es IND13 Digital Music IND14: Office Products an'dNE;rSs'oizflgre IND16: Pet Supplies ngln?gh T;z'\fe;;it '::B%aﬁ': IND19: Video Games

estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e

[ review variable ]
1. PosIRT 0.0458*** 0.00068 0.0381*** 0.00024 0.0179*** 0.00106 0.0581*** 0.00073 0.05571*** 0.00043 0.0569*** 0.00059 0.05571*** 0.00049 0.0717**=* 0.00048 0.0457*** 0.00048
2. NegIRT -0.0454*** 0.00096 -0.0287*** 0.00033 -0.0249*** 0.00142 -0.0312%** 0.00093 -0.0298*** 0.00054 -0.0281*** 0.00075 -0.0276*** 0.00062 -0.0428*** 0.00063 -0.0323*** 0.00063
3. PosCTS -0.0012%** 0.00013 -0.0010*** 0.00008 -0.0004 0.00028 0.0012*** 0.00015 0.0013*** 0.00009 0.0018*** 0.00013 0.0004*** 0.00009 -4.83E-05 9.03E-05 0.0002 0.00015
4. NegCTS 0.0087*** 0.0004 0.0089*** 0.00015 0.0041**=* 0.00066 0.0048*** 0.00041 0.0038*** 0.00024 0.0045*** 0.0003 0.0048*** 0.00025 0.0084*** 0.00027 0.0062*** 0.00029
[ Product variable ]
5. PRC -6.54e-06 5.34E-06 | -6.73e-05***  2.54E-06 1.74E-05 2.90E-05 |[-2.54e-05***  1.92E-06 |-4.50e-05*** 3.13E-06 |-9.69e-05***  4.45E-06 |-1.07e-05*** 1.44E-06 | -0.00007*** 2.71E-06 -4.16e-06* 1.94E-06
6. DES -4.59e-07 1.08E-06 | -1.75e-06***  2.14E-06 4.99e-06*** 1.05E-06 -6.04E-07 6.89E-07 | -5.03e-06***  7.38E-07 |-2.51e-05***  1.75E-06 -1.77e-06** 5.99E-07 -2.96e-06* 1.30E-06 -7.68e-07* 3.79E-07
7. BRN -0.0059 0.0179 -0.0029*** 0.00017 -0.0019*** 0.00062 -0.0003*** 0.00043 0.00022 0.00027 0.0028*** 0.00041 0.00035 0.00027 0.0005 0.00036 0.0163*** 0.0009
[ Seasonality ]
8. Year Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes
9. Month Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes
Number of Observations 616,039 2,849,993 139,356 454,913 1,406,109 629,580 947,979 1,073,881 658,285
F-Statistic (p-value) 894.46 (0.000) 5,547.25 (0.000) 107.05 (0.000) 1,065.71 (0.000) 2,900.77 (0.000) 1,647.96 (0.000) 1,955.69 (0.000) 3,327(0.000) 1,646.24 (0.000)
(Ff/;?t?\u a/rfd+ , " (0.071/0.112/0.089) (0.073/0.1778/0.125) (0.035/0.069/0.053) (0.105/0.186/0.142) (0.089/0.141/0.112) (0.109/0.157/0.130) (0.088/0.141/0.108) (0.128/0.206/0.161) (0.100/0.183/0.135)

*** p-value <0.001, ** p-value <0.01, * p-value < 0.05
Estimation results of seasonal dummy (year and month) are excluded due to the limation of the space. The results would be provided upon the request
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media/file6.png
Neutral Review (DV: NeulRT)
. . . . IND4: Cell Phones IND5: Clothing Shoes IND6: CDs IND7: Patio Lawn IND8: Grocery IND9: Home IND10: Musical
IND1: Automotive IND2: Baby IND3: Beauty and Accessories and Jewglry and Vinyl and Garden and Gourmet Food and Kitchen Instruments
estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e

[ review variable ]
1. PosIRT -0.0644*** 0.00049 -0.0604*** 0.00055 -0.0625%** 0.00044 -0.0634*** 0.00028 -0.0712%** 0.0009 -0.0372%** 0.00045 -0.0584*** 0.00052 -0.0591%** 0.00064 -0.0686*** 0.00029 -0.566*** 0.00076
2. NegIRT 0.0085*** 0.00056 0.00139* 0.00065 0.0048*** 0.00052 0.01371*** 0.00033 0.0114*** 0.0011 -0.0057*** 0.00056 0.0041*** 0.0006 0.0007 0.00074 0.0043*** 0.00034 0.0062*** 0.0009
3. PosCTS -0.0028*** 0.00009 -0.0037*** 0.00016 -0.0022%** 0.0001 -0.0067*** 0.00009 0.0034*** 0.00023 0.0014*** 0.00007 -0.0007*** 0.00014 -0.0010%** 0.00012 -0.0041*** 0.00008 6.19E-06 0.00015
4. NegCTS -0.0033*** 0.00021 -0.0042*** 0.00029 -0.0013*** 0.00021 -0.0030*** 0.00013 -0.0029*** 0.00046 -0.0063*** 0.00023 -0.0026*** 0.00024 -0.0040%** 0.00029 -0.0036*** 0.00014 -0.0046%** 0.00036
[ Product variable ]
5. PRC -3.62e-06* 1.49E-06 0.00003*** 1.87E-06 -2.50e-06 3.90E-06 0.0001*** 1.93E-06 0.0008*** 6.27E-06 0.00007*** 491E-06 | -0.00001***  1.20E-06 -1.61e-06 7.97E-06 0.00002*** 8.11E-07 0.00001*** 1.64E-06
6. DES 0.00002*** 1.28E-06 |-5.18e-06***  9.71E-07 | 9.63e-06***  6.54E-07 0.00001*** 4.45E-07 0.00006*** 3.54E-06 |-7.30e-06***  509E-07 |[-8.27e-06***  5.87E-07 | -0.00001***  1.59E-06 |[-3.46e-06***  4.22E-07 | 4.15e-06***  6.84E-07
7. BRN -0.0038*** 0.00032 -0.0025%** 0.00033 0.0022*** 0.00032 0.0004*** 0.00017 -0.0018*** 0.00065 -0.0049*** 0.00028 0.0080*** 0.00036 0.0014*** 0.00036 -0.0029*** 0.0002 -0.0097*** 0.00043
[ Seasonality ]
8. Year Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
9. Month Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Number of Observations 747,369 489,882 747,369 2,073,520 169,973 1,306,775 603,314 607,897 2,013,140 312,332
F-Statistic (p-value) 2,574.73 (0.000) 1,913.47 (0.000) 2,921.45 (0.000) 9,380.37 (0.000) 719.55 (0.000) 2,593.17 (0.000) 1,711.11 (0.000) 1,461.05 (0.000) 8,541.34 (0.000) 891.24 (0.000)
R-Squared 0.093 0.101 0.079 0.124 0.111 0.066 0.082 0.067 0.106 0.076
*** p-value <0.001, ** p-value <0.01, * p-value < 0.05
Estimation results of seasonal dummy (year and month) are excluded due to the limation of the space. The results would be provided upon the request
Neutral Review (DV: NeulRT)

IND11: Kindle Store IND12 Movies IND13 Digital Music IND14: Office Products INDTS: Health IND16: Pet Supplies IND17: Tools and IND18: Toys IND19: Video Games

and TV and Personal Care Home Improvement and Games

estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e estimate s.e
[ review variable ]
1. PosIRT -0.0437%** 0.00079 -0.0137*** 0.00037 -0.0199*** 0.00115 -0.0587*** 0.00043 -0.0527*** 0.00035 -0.0531%** 0.00048 -0.0555%** 0.00038 -0.0680*** 0.00039 -0.044*** 0.00047
2. NegIRT 0.0132%** 0.00099 -0.0115%** 0.00045 -0.0106*** 0.00144 0.0065*** 0.00049 0.0007 0.00042 0.0056*** 0.00057 0.0072*** 0.00044 0.01371*** 0.00045 0.0110%*** 0.00054
3. PosCTS 0.0027*** 0.00016 0.0005*** 0.0001 0.0004 0.00024 -0.0028*** 0.00012 -0.0025%** 0.00009 -0.0023*** 0.00013 -0.0013*** 0.00009 0.00058*** 0.00009 -0.0006*** 0.00015
4. NegCTS -0.0036*** 0.00044 -0.01717%*** 0.00019 -0.0058*** 0.00066 -0.0021*** 0.0002 -0.0029*** 0.00017 -0.0017*** 0.0002 -0.0037*** 0.00017 -0.0042%** 0.00018 -0.0071%** 0.00023
[ Product variable ]
5. PR 0.00003*** 3.22E-06 0.00007*** 2.64E-06 -0.0001** 2.70E-05 0.00002*** 9.74E-07 0.00003*** 1.97E-06 0.00006*** 2.85E-06 | 5.20e-06***  1.13E-06 | -0.00007***  1.75E-07 0.00002*** 1.89E-06
6. DES 0.00001*** 1.33E-06 | 5.75e-07***  2.63E-07 |-9.46e-06***  825E-07 [ 2.03e-06***  4.05E-07 9.35E-07 5.28E-07 0.00001*** 1.68E-06 5.20E-08 5.05E-07 -5.69E-06 9.89E-07 2.20E-07 3.86E-07
7. BRN -0.0389*** 0.0096 0.0032*** 0.00023 0.0081*** 0.00062 -0.0031*** 0.00028 0.0063*** 0.00022 -0.0059*** 0.00037 -0.0027*** 0.00024 0.0016*** 0.0003 -0.0327*** 0.00064
[ Seasonality ]
8. Year Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes
9. Month Dummy Yes Yes Yes Yes Yes Yes Yes Yes Yes
Number of Observations 375,638 1,891,921 1,76,023 814,025 1,590,944 659,121 1,114,946 1,094,258 748,650
F-Statistic (p-value) 622.65 (0.000) 4,711.60 (0.000) 262.19 (0.000) 2,948.39 (0.000) 3,517.69 (0.000) 1,762.15 (0.000) 3,207.55 (0.000) 4,700.43 (0.000) 2,148.17 (0.000)
R-Squared 0.048 0.076 0.055 0.094 0.066 0.072 0.078 0.11 0.082

*** p-value <0.001, ** p-value <0.01, * p-value < 0.05

Estimation results of seasonal dummy (year and month) are excluded due to the limation of the space. The results would be provided upon the request





