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Abstract 

The growing body of literature on online ratings has reached a consensus of the positive impact of the 

average rating and the number of ratings on economic outcomes. Yet, little is known about the economic 

implication of the variance of online ratings, and existing studies have presented contradictory results. 

Therefore, this study examines the relationship between the variance of online ratings and the price and 

sales for digital cameras from Amazon.com. The key feature of our study is that we employ and validate 

a machine learning approach to decompose the online rating variance into a product failure-related 

and taste-related share. In line with our theoretical foundation, our empirical results highlight that the 

failure-related variance share is negatively associated with price and sales, and the taste-related share 

exhibits a positive relationship with price and sales. Our results highlight a new perspective on the 

online rating variance that has been largely neglected by prior studies. Sellers can benefit from our 

results by adjusting their pricing strategy and improving their sales forecasts. Review platforms can 

facilitate the identification of product failure-related ratings to support the purchasing decision process 

of customers. 

Keywords: Online Rating Variance, Text Mining, Econometrics, User-Generated Social Media. 

1 Introduction 

In the era of digitization, user-generated social media content, such as online ratings, are a primary way 

to acquire online information about goods and services. Online ratings are a driving force behind online 

(Cabral and Hortaçsu 2010) as well as offline (Anderson and Magruder 2012) customer behavior 

because they facilitate the evaluation and comparison of the quality of a product or service. In fact, 

surveys report that 90% of all online purchase decisions are influenced by online ratings (Drewnicki 

2013), and they are considered a crucial factor of success in Amazon’s business (Allen 2016).2 Unsur-

prisingly, researchers have been keen on investigating the impact of this information on customer 

behavior. As a result, the positive effects of the average rating (Luca 2016; Anderson and Magruder 

2012; Li and Hitt 2008) and of the number of ratings (Chevalier and Mayzlin 2006; Duan et al. 2008) 

are well established in the literature. Also, numerous studies have investigated the drivers behind the 

often-observed J-shape of the rating distribution (Hu et al. 2017; Koh et al. 2010). 

Although previous studies generally depict consistent results concerning the impact of the average rating 

and the number of ratings, the effect of the variance of online ratings on economic outcomes remains 

insufficiently understood. The variance of online ratings is a metric indicating to what extent customers 

disagree with their evaluation of the underlying product or service. There are few empirical studies 

concerning the effects of the variance of online ratings on economic outcomes, and these studies have 

delivered inconclusive evidence. Whereas Clemons et al. (2006) and Lu et al. (2014) found a positive 

                                                      

1 This work was partially supported by the German Research Foundation (DFG) within the Collaborative Research Centre “On-

the-Fly Computing” (SFB 901). I thank Robin Wulfes for excellent student assistance. 

2 Online ratings on Amazon are given on a scale from 1 to 5 stars. For each product, one can observe the number of individual 

ratings given, the average score of the individual ratings, the distribution of the frequency of the individual ratings (in the form 

of a bar chart and percentage numbers), and texts that come with each review. 
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association between the variance of online ratings and sales, Chintagunta et al. (2010) and Ye et al. 

(2011) did not find support for such an association; in fact, Ye et al. (2009) even found a negative 

relationship between the variance and sales.  

This lack of knowledge represents a major handicap for sellers and buyers alike. Sellers need to under-

stand the implications of the online rating variance so they can adapt the sales strategies of their products 

and services. Several studies have highlighted that increasing average ratings enables sellers to increase 

their sales prices (Lewis and Zervas 2016; Neumann and Gutt 2017; Teubner et al. 2017), but it is unclear 

how sellers should react to changes in the variance of online ratings. Without knowledge of the effects 

of the variance of online ratings on strategic variables such as price and demand, managers cannot be 

sure if they should change their prices or alter their demand forecast. Interpreting the variance of online 

ratings also poses a challenge for buyers because they might not be knowledgeable about whether cus-

tomer disagreement with a product is a good sign or a bad one. Even though disagreement can be bene-

ficial because negative ratings often contain helpful information (Sen and Lerman 2007), substantial 

disagreement might scare customers who are pleased by buying mainstream products (Sun 2012). 

This study, therefore, aims at empirically analyzing the relationship between the variance of online rat-

ings and sales by testing propositions from an analytical model (Zimmermann et al. 2017). In this model, 

the online rating variance is divided into different sources—namely, a taste-related share of the variance 

and a product failure–related share. This study argues that the taste-related variance share can be bene-

ficial for sales, but the failure-related share can be detrimental to sales. This split hinges on the idea that 

taste-related variance facilitates future customers’ purchase decisions; they can find a product that per-

fectly matches their taste. Taste-related variance, for instance, can be driven by customer disagreement 

on the ease of navigating the menu of a digital camera—some might like a simple menu, whereas others 

might prefer a complex menu with highly adjustable settings. However, customers do agree on their 

dislike of the product failure component of the rating variance; they do not want their digital camera to 

malfunction. Thus, we pose the following research question: 

Does the source of the variance influence the relationship between the variance of online ratings and 

sales? 

To answer our research question, we empirically tested two hypotheses that we adapted from Zimmer-

mann et al. (2017) on a rich data set of 29,332 single online reviews of 1,146 digital cameras from 

Amazon.com. We employed and validated an unsupervised machine learning approach (Latent Dirichlet 

Allocation [LDA]) to identify online ratings mentioning product failure in their review texts. This ena-

bled us to calculate the share of the variance related to product failure. We then tested the relationship 

between this share of failure-related online rating variance and the price as well as sales of the respective 

product. Our empirical results suggest that there is a significant negative relationship between the fail-

ure-related share of the online rating variance with prices and sales of digital cameras. However, prices 

and sales are positively associated with the taste-related variance share. 

Thus, our research makes various substantial contributions to the literature that are accompanied by 

valuable practical implications to sellers and buyers in online rating communities. First, and to the best 

of our knowledge, we are the first to empirically disentangle the online rating variance into a taste- and 

a failure-related share and test the relationship of both shares with sales and prices. In this way, we 

contribute to the growing literature on online ratings. We provide additional insights into the nature of 

the relationship between the online rating variance and sales for which studies have presented inconclu-

sive results thus far. Second, our empirical results provide support to the theoretical model of Zimmer-

mann et al. (2017). Therefore, we support the explanatory power of this model that can potentially serve 

as a reconciliation of conflicting findings in terms of the effects of the online rating variance. Third, our 

results highlight important practical implications for consumers who rely on user-generated social media 

to support their purchase decisions. Based on our results, consumers should be able to scan online ratings 

to infer whether the online rating variance of a product is primarily caused by product failure or by taste-

related aspects—e.g., by reading the negative reviews. Fourth, sellers can judge the competitive edge of 

their online rating variance and adjust prices accordingly. In addition, they can incorporate the rating 
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variance into their sales forecasts. Utilizing our presented approach, online rating systems might assist 

both sellers and consumers by facilitating the identification of failure ratings. 

The remainder of our work is organized as follows: Section 2 presents the related literature, Section 3 

discusses the theoretical background, Section 4 presents the research setup, and Section 5 discusses and 

concludes our study. 

2 Related Literature 

Our study is related to two substreams of the literature on online ratings: the literature (i) on the impact 

of textual review content, and the literature (ii) on the relationship between the variance of online ratings 

and economic outcomes. 

First, a nascent stream of research has explored different ways of leveraging the information contained 

in online review texts. Several studies have demonstrated various functions of textual information in 

online reviews. They can be used for predicting the pricing power of products (Archak et al. 2011), for 

the inference and surveillance of market structure (Netzer et al. 2012), and for facilitating trade by 

signaling benevolence and commitment in peer-to-peer markets (Pavlou and Dimoka 2006). Our study 

contributes to this stream of research by deploying an automated identification of product failures in 

online review texts and, even more importantly, validating this approach with manual coders. 

Second, some studies have already empirically investigated the economic impact of online rating vari-

ance in various contexts. Among these studies, one group has empirically investigated the relationship 

between the online rating variance and demand for products, such as craft beer (Clemons et al. 2006) or 

movies (Chintagunta et al. 2010; Moon et al. 2010).3 Another group of studies has looked at this rela-

tionship in the domain of services and exclusively focuses on hotel stays (Lu et al. 2014; Ye al. 2009; 

Ye et al. 2011).Yet, these studies have delivered contradictory and inconsistent results concerning the 

relationship between product and service demand and the online rating variance.  

With regard to the empirical investigation of product sales, one study finds a substantially positive in-

fluence of the online rating variance on product sales investigating the highly differentiated U.S. craft 

beer market (Clemons et al. 2006). The authors conclude that with hyper-differentiated products, the 

rating variance helps customers find their most preferred product. Yet, two other studies investigate the 

effect of the online rating variance on offline movie sales (Chintagunta et al. 2010; Moon et al. 2010) 

and find no such positive impact of the online rating variance on sales. 

Within the group of studies investigating services, the results are mixed. One study finds a positive effect 

of the online rating variance on hotel sales (Lu et al. 2014). The authors reveal that the positive effect 

of the online rating variance is strongest for hotels with low classical hotel star ratings. Another study 

finds no significant influence of the online rating variance on hotel sales (Ye et al. 2011), and a third 

study shows an overall negative effect of the online rating variance on the online sales of hotels (Ye et 

al. 2009).  

However, to the best of our knowledge, no study so far has investigated the relationship between differ-

ent sources of the online rating variance—in our case, taste-related and failure-related variance—and 

sales. Also, none of the prior studies has investigated product failures as one potential source of the 

online rating variance. In this way, we contribute to the existing empirical literature on online ratings 

and the online rating variance by investigating the ambiguous relationship between different aspects of 

the variance and product sales of digital cameras. Empirically, we find that the share of failure-related 

rating variance is negatively associated with sales, and the share of taste-related variance is positively 

associated with sales.  

                                                      

3 We recognize that some might argue that movies watched in theatres might also represent, in part, a service. Yet, movies are 

digital products (Choi et al. 1997); a particular movie is the same regardless of the service (e.g., friendliness of the staff at the 

movie theatre), and in consistency with the classification by prior literature (Chintagunta et al. 2010; Moon et al. 2010), we 

refer to movies as products. 
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3 Theoretical Background 

Theoretically, a large share of products traded on online markets can be described by search and expe-

rience attributes (Nelson 1970). Search attributes can be inferred prior to purchase by inspecting the 

product information provided by the manufacturer or seller (Shapiro 1983). For digital cameras, search 

attributes in product information comprise technical features such as the resolution in megapixels, the 

item dimensions, and the weight. In contrast to search attributes, experience attributes can hardly be 

learned before the purchase; usually it occurs solely after purchase. For example, for digital cameras, it 

is difficult to assess the ease of navigating the camera’s menu, the filters or scene modes available, and 

the feel of the material prior to purchase. The products (craft beer and movies) and services (hotel stays) 

that have been investigated by prior literature share the common trait of many of their attributes being 

experience attributes; examples include the taste of a beer, the enjoyment of a movie, or the service 

quality at a hotel.  

Yet, online rating systems have changed the way potential consumers can infer experience attributes of 

products. Online ratings enable potential customers to peer-learn from the digitized word of mouth of 

other customers (Dellarocas 2003). In the course of this, experience attributes can be transformed into 

attributes that can be searched and evaluated prior to purchase (Zimmermann et al. 2017). Consequently, 

potential customers can learn about experience attributes of a particular product without using it (Chen 

and Xie 2008; Hong et al. 2012; Kwark et al. 2014). For instance, by reading online reviews, potential 

customers can learn about past customers’ experiences concerning the ease of navigating a camera’s 

menu. Some customers might like a simple menu, whereas others might prefer a more complex menu 

with highly adjustable settings. Customers’ disagreements resulting from opposing opinions are thus 

taste related. Potential customers are able to learn not only about the different taste-related experience 

attributes associated with digital cameras, but about product failures. Thus, the risk associated with a 

failure of the focal product becomes assessable based on the online review texts. This experience attrib-

ute is thus failure related. 

Both types of experience attributes—taste related and failure related—are likely to induce additional 

variance into the online rating variance of a product. Although some reviewers will rate the digital cam-

era with 5 stars because they prefer a rather complicated camera menu with a multitude of setting options 

and generally like the product, others might dislike digital cameras with complicated menus and give 

only 2 or even 1 star for the camera, thus inducing further variance—i.e., increasing the extent to which 

customers disagree—in terms of online ratings. This increases the taste-related variance share in the 

total online rating variance. Failure-related aspects also induce variance of online ratings of a product 

because instances in which digital cameras stop working (product failure) can lead customers to a low 

product rating. This increases the failure-related variance share in the total online rating variance. 

The analytical model by Zimmermann et al. (2017) hinges on the different perceptions of both types of 

customer variances. The key difference between both sources of variance is that all potential customers 

would agree about their dislike of failure-related variance, regardless of their taste. The taste-related 

variance share has two effects: casual photographers or elderly people might prefer digital cameras with 

simple menu navigation, whereas experienced photographers or technically adept customers might dis-

like cameras having simple menu options.  

3.1 Hypothesis Development 

In our research environment, users post reviews about their experiences with digital cameras they bought 

on Amazon.com. Digital cameras exhibit both search (weight, item dimensions, color) and experience 

(digital filters/scene modes, reaction time, ease of navigation of the camera menu) attributes. It is also 

possible for digital cameras to exhibit product failure; the autofocus can stop working, buttons can be 

dysfunctional, or the camera can simply fail to boot.  

For retailers, the composition of the total online rating variance of the camera has important implications 

for the camera’s sales strategy. Prior literature has already revealed that changes in certain metrics of 

online ratings (such as the average rating) influence the sales strategy; for example, they can lead to 
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price increases or decreases (Lewis and Zervas 2016; Neumann and Gutt 2017). All else being equal—

holding the total variance and the average rating constant—an increasing share of taste-related aspects 

in the total variance of a camera’s online rating signals high customer disagreement on the camera. More 

advanced photographers might enjoy the picture quality of a reflex camera, whereas casual photogra-

phers might dislike the complexity with regard to the usage of the camera. In response to that, retailers 

can increase the price of the camera knowing that advanced photographers are willing to pay more than 

casual users.  

Analogous to that, an increasing share of the failure-related aspects in the variance should lead retailers 

to decrease their prices because customers generally dislike products that malfunction.4 Thus, as per 

Zimmermann et al. (2017), we formulate our first hypothesis: 

Hypothesis 1: An increase in the share of taste-related (failure-related) online rating variance is asso-

ciated with an increase (decrease) in the product’s price, holding total variance and average rating 

constant. 

Yet, an increasing share of taste-related online variance also affects the demand for a focal digital cam-

era. The net effect of an increasing share of taste-related variance is determined by two opposing effects. 

On the one side, customers who like the digital camera but whose preference for simplicity outweighs 

increased price will not buy it. On the other, there are several reasons why an increased share in taste-

related variance may increase demand.  

First, an increased share of taste related-variance automatically leads to a decreasing share in failure-

related variance. Fewer product failures are appreciated by all potential customers, which should, in 

turn, increase the demand for the product.  

Second, due to the increased taste-related variance, customers with a well-matched taste will learn about 

the product but may not buy it if it has a lower taste-related variance—holding the average rating con-

stant—because they consider it too “mainstream.” Moreover, profit-maximizing retailers will not in-

crease the price up to the point where customer loss due to price increases is larger than the attraction 

of additional customers because of a high taste-related variance.  

Third, a higher taste-related variance enables customers to better decide which product to buy. For ex-

ample, a customer whose taste is matched with a particular product should feel more comfortable with 

a product that has a larger taste-related variance than with a product having a lower taste-related variance 

because he is better informed about the product’s pluses and minuses. This should give a potential cus-

tomer a higher confidence in buying the product. 

Fourth, a product with a relatively high taste-related variance might be less suspicious of a product 

compared to a product with a lower taste-related variance—that consists of relatively positive reviews—

when both have the same average rating. The absence of negative reviews for the product with the lower 

taste variance could undermine the trust in the reviewers by the potential customers. Therefore, we for-

mulate our second hypothesis, as per Zimmerman et al. (2017): 

Hypothesis 2: An increase in the share of taste-related (failure-related) online rating variance is asso-

ciated with an increase (decrease) in the demand for the product, holding total variance and average 

rating constant. 

4 Research Setup 

Based on our theoretical background, we hypothesize a positive relationship between the taste-related 

variance share and prices as well as sales. Equivalently, we hypothesize a negative relationship between 

the failure-related share of the rating variance and prices and sales. In this section, we empirically test 

these hypotheses using data on online ratings for digital cameras from Amazon.com. 

                                                      

4 It is important to note that, when assuming a constant total variance, an increasing share in one aspect of the variance (e.g., 

taste-related aspects) automatically leads to a decrease in the other aspect of the variance (e.g., failure-related aspects). 
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4.1 Data 

We obtained a data set from Amazon.com containing 29,332 single online reviews of 1,146 digital cam-

eras (McAuley et al. 2015a; McAuley et al. 2015). The online reviews were collected in July 2014 and 

contain all reviews from May 1999 until the time of collection. Based on the online reviews, we com-

puted the average ratings, the number of ratings, the variance of ratings, the length of the review texts, 

and the number of helpfulness votes a camera’s reviews received. As depicted in Table 1, the digital 

cameras in our data set have, on average, a rating of 4.067 (AVG_RATING), 25.595 reviews 

(NUM_REVIEWS), an online rating variance of 1.210 (TOTALVAR), a total of 315 helpfulness votes 

for their reviews, 198 words per review (AVG_LENGTH), a price of $141.71, and a sales rank of ap-

proximately 10,930. 
 

Variable N Mean Std. Dev. Min Max 

SALES_RANK 1,128 10,930.72 10,086.21 12 155,504 

PRICE (in US Dollars) 1,051 141.71 169.489 0.01 899 

AVG_RATING 1,146 4.067 0.491 1 5 

NUM_REVIEWS 1,146 25.595 33.774 5 280 

TOTALVAR 1,146 1.210 0.683 0 3.551 

HELPFUL_VOTES 1,146 315 486.134 1 6085 

AVG_LENGTH 1,146 198.005 99.332 25.4 937.333 

Table 1. Descriptive Statistics 

4.2 Identification of Product Failure Ratings5 

One crucial task in our study is to identify failure ratings in our large data set of online reviews. To this 

end, we employ probabilistic topic modeling based on LDA. LDA is a widely used unsupervised ma-

chine learning method that can identify topics in large collections of documents—in our case online 

reviews—with written text (Blei 2012; Debortoli et al. 2016). The essential idea behind LDA, according 

to Blei (2012), is that the authors compose documents D by first deciding about a discrete distribution 

of topics T to write about, and then they rely on words W from a discrete distribution of words that are 

typical for the chosen topic. Put differently, a document is defined by a probability distribution over a 

fixed set of topics, and each topic is defined by a probability distribution over a limited set of words 

(Debortoli et al. 2016). For each topic of the fixed set of topics, the LDA assigns a probability between 

0 and 1 to each document (in this case: online review), indicating how likely it is that this particular 

document belongs to a certain topic.  

The LDA approach has several advantages over alternative approaches that identify topics in written 

text. First, this approach can handle numerous documents in a very short time. Prior literature, such as 

in the field of marketing, has traditionally relied on manual coders to identify topics in online reviews 

(Sridhar and Srinivasan 2012). This approach is time consuming, costly, and difficult to replicate. Our 

approach circumvents these limitations. Second, it seems plausible that our underlying data suits the 

LDA assumption that there is a fixed set of topics underlying the documents. Accordingly, recent studies 

have highlighted the suitability of LDA to analyze online reviews (Debortoli et al. 2016). 

Before running the LDA using the web service minemytext.com, we applied standard measures of data 

preprocessing as suggested in the literature (Debortoli et al. 2016). In particular, we applied stemming 

to reduce the words to their stem, we used a total of 316 standard stop words (including the, now, of, 

                                                      

5 A related study by Gutt (2018) draws on the same research environment. Despite overlap in the data, the LDA analysis and 

the validation, the related study differs in scale and scope, addressing an independent research question. 
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and and) to eliminate common and uninformative words, and we set the n-gram to 1. Because the LDA 

relies on a fixed number of topics that have to be determined by the researcher before running the anal-

ysis, the results obtained can depend on the number of topics chosen. As suggested in the literature 

(Debortoli et al. 2016), we tried several specifications with between 15 and 80 topics. We evaluated the 

quality of the results by reading samples of the reviews marked as failure ratings and comparing the 

mean rating of the failure ratings with the remaining ones. The LDA that yielded the best results after 

visual inspection comprises 40 topics, which is within the range of 10 and 50 topics usually proposed in 

the literature (Debortoli et al. 2016). Table 2 provides examples that have been classified as failure 

ratings by our LDA approach as well as the respective rating given by the reviewer. 

 

Text Rating 

“Shutter button falls off and has a focus lock problem that should have resulted in a 

product recall. Sony then charges $120 for a repair.” 
1 

“...bought this for when I moved out of the country for a year. The price was good for 

something that was supposed to tide me over while abroad. It worked, until it stopped 

working... The lens stopped protruding when the camera was turned on. I do not believe 

it was anything I did, as I did not drop it or toss it around. I kept it in a camera case. I 

know it must have been an uncommon defect or event, but I was very disappointed - and 

cameraless.” 

2 

“I had high hopes for this camera when it arrived today, unfortunately for me the one 

that I ordered is crazy! The first few times I pressed the power button it would not turn 

on. After finally getting it to come on I tried taking pictures with it, during the first shot 

the camera cut off and I couldnt get it to come back on. The camera comes with 2AA 

duracell ultra batteries and the display showed that it was full when I got it to come back 

on. I wished I hadnt desired to save money since at the time there was another camera 

on sale for about twenty more bucks. I had found another of these when searching similar 

items that is about the same price but after checking targets (the seller) website for re-

views I found one in which a reviewer had the exact same problem I am having and 

theirs ended up with the lens stuck out and useless after only one week, until I read that 

I had considered giving this one until my birthday at the beginning of the year to act 

right before returning it.[…].” 

2 

Table 2. Selected Reviews Classified as Failure Ratings by the LDA 

Within the LDA specification of 40 topics, exactly one topic captured the failure ratings, which we 

identified by reading the most frequently occurring words. Those words were camera (7.19%), len(se) 

(3.02%), problem (2.77%), repair (2.3%), replace (1.35%), fix (1.3%), and defect (0.51%). Because 

each review has a probability between 0 and 1 for each topic, we identified failure ratings as those 

reviews that had the highest probability, among all possible topics, for the above-mentioned topic (fail-

ure). In total, our LDA analysis identifies 650 failure ratings within the entire data set of 29,332. As 

expected, the mean rating of the failure ratings (2.13) is substantially lower than the mean rating of the 

reviews excluding failure ratings (4.24). Figure 1 shows the distribution of failure and nonfailure ratings. 

As depicted in Figure 1, the shape of the nonfailure rating distribution resembles the classical J-shape 

of online reviews (Hu et al. 2017) even though there are fewer 1-star ratings than expected, probably 

due to filtering out the failure ratings. The distribution of the failure ratings resembles a perfect inverted 

J-shape. Therefore, failure ratings are associated with substantially lower ratings than nonfailure ratings, 

probably due to the bad quality and the negative consumption experiences of the customers. However, 

some 4- and 5-star ratings might occur if product failures happen after a longer period of consumption 

that satisfy the customer.  
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Figure 1. Distribution of Failure and Nonfailure Ratings 

4.3 Validation of Identification 

In a next step, we would like to validate the results of our topic modeling LDA approach. Our goal is to 

rule out concerns that our algorithm, for instance, fails to capture some failure ratings or mistakenly 

classifies ratings as failures that do not mention a product failure. Also, we would like to rule out that 

irony, sarcasm, or jargon causes our algorithm to misclassify a rating as a failure rating, even though the 

reviewer was not talking about a product failure. An effective way to do this is by human manual coding 

and calculating the interrater reliability between the human coding results and the LDA results. Here, 

we relied on manual human coding conducted independently by two student assistants. The assistants 

were asked to read a sample of reviews (without other information such as the rating or the brand) and 

determine whether the reviews mentioned product failures. Because the data contained too many reviews 

to be handled by humans, we took a random sample of our data comprising 300 reviews (following 

Lombard et al. 2002). Parametric and nonparametric tests of variables such as SALES_RANK, 

AVG_RATING, and PRICE did not show statistically significant differences between the entire data 

set and the random sample; thus, we concluded that the random sample was representative of the whole 

sample. The results of the agreement between the LDA and the human coders are depicted in Table 3.  

 

 %-Agreement N Krippendorff’s Alpha Cohen’s Kappa 

LDA & C 1 97.99% 300 0.740 0.740 

LDA & C 2 98.33% 300 0.806 0.806 

LDA & C1 & C2 99.00% 300 0.808 0.875 

Table 3. Interrater Agreement Between LDA and Human Coders 

At first glance, one can see that the agreement between the LDA and coder 1 (C1) and coder 2 (C2) is 

high (between 97.99% and 99%). This is reconfirmed by Krippendorff’s Alpha and Cohen’s Kappa, two 

conservative standard indices for evaluating interrater agreement (Lombard et al. 2002). Levels of 0.7 

for K’s Alpha and C’s Kappa are sufficient to conclude interrater agreement, and levels above 0.8 indi-

cate large interrater agreement (Lombard et al. 2002). Based on the results of interrater agreement be-

tween the human coders and the LDA, we concluded that our automatic topic modeling approach had 

reliably captured almost all failure ratings contained in our data set. This also reassured us about our 

choice of the number of topics (40) and the data preprocessing steps; these choices have obviously ena-

bled a robust identification of failure ratings. 

4.4 Main Variables 

Finally, after the identification of failure ratings, we could compute the percentage share of failure rat-

ings (FAILVARPERC) in the total online rating variance. As shown in equation (1), we calculated 
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FAILVARPERC as follows. First, we calculated the taste-related variance (TASTEVAR). Then we di-

vided the TASTEVAR by the total variance (TOTALVAR) to obtain the share of taste-related variance 

in the total variance. We computed TASTEVAR as the squared standard deviation from the mean of the 

nonfailure ratings, and we computed TOTALVAR as the squared standard deviation from the mean of 

all ratings (Pindyck and Rubinfeld 2005). Because the remaining share of the variance had to be, by our 

definition, failure related, we subtracted the taste-related share of the online rating variance from 1 to 

obtain the failure-related share. We multiplied the result by 100 to obtain a percentage value between 0 

and 100.  

As an empirical measure for sales, we used Amazon’s sales rank. In line with established literature 

(Chevalier and Mayzlin 2006; Brynjolfsson et al. 2011; Li and Hitt 2008; Meiseberg 2016; Joshi and 

Mao 2012), we used sales ranks employing the Schnapp – Allwine methodology 

(LN_SALES_RANK=9.61 – 0.78*ln(SALES_RANK)) to translate the sales rank into the natural log of 

the sales rank as well-suited proxy for demand. For this measure, higher values were associated with 

higher sales. Our third variable of interest was the natural logarithm of a camera’s price (LN_PRICE). 

𝐹𝐴𝐼𝐿𝑉𝐴𝑅𝑃𝐸𝑅𝐶 = 100 ∗ (1 −
𝑇𝐴𝑆𝑇𝐸𝑉𝐴𝑅

𝑇𝑂𝑇𝐴𝐿𝑉𝐴𝑅
) (1) 

4.5 Empirical Model 

To investigate the relationship between the failure-related variance and the price as well as the demand 

of a digital camera, we can estimate the following standard linear regression model: 

𝑌𝑖 = 𝛽0 + 𝛽1𝐹𝐴𝐼𝐿𝑉𝐴𝑅𝑃𝐸𝑅𝐶𝑖 + 𝛾𝑋𝑖 + 𝛿𝑗 + 𝜖𝑖 (2) 

where the dependent variable 𝑌𝑖 represents the natural logarithm of PRICE, respectively 

LN_SALES_RANK, of camera 𝑖. 𝑋𝑖 represents a range of control variables6, and 𝜖𝑖 is the random error 

term. The key variable of interest in equation (2) is the variable FAILVARPERC, which indicates the 

share of the failure-related online rating variance of the total online rating variance. Therefore, this var-

iable can take values between 0 and 100, and the coefficient 𝛽1 captures the magnitude of the relation-

ship between the failure-related variance share and price—respectively, sales. We apply the standard 

ordinary least squares (OLS) assumptions and revisit the distribution of our dependent variables in the 

robustness checks. 

One might argue that, in the case of a digital camera, a major factor that determines the quality of a 

camera, and therefore the likelihood that a camera will have a product failure, is the camera brand. 

Naturally, it is possible that a high-class Leica camera will be less prone to product failure than a camera 

whose brand is not as well established. To mitigate this confounding factor when estimating the rela-

tionship between the price, the demand, and the failure-related variance share, we implemented a set of 

dummy variables 𝛿𝑗 representing brand fixed effects (FE). Brand FE control for all time-constant unob-

servable heterogeneity—quality differences—between cameras on a brand level.7 Still, there might be 

unobservable quality differences in the error term. 

4.6 Empirical Analysis 

Table 4 displays the regression estimates for our regression model displayed in equation (2). Column 

(1) presents the results of the model with LN_PRICE as the dependent variable, and column (2) presents 

the results for the model with LN_SALES_RANK as the dependent variable. Thus, the coefficient 𝛽1 

of FAILVARPERC in model (1) tests Hypothesis 1, and 𝛽1 in model (2) tests Hypothesis 2.  

 

                                                      

6 The control variables are AVG_RATING, NUM_REVIEWS, TOTALVAR, HELPFUL_VOTES, LENGTH, and (when 

LN_SALES_RANK is the dependent variable) PRICE. 

7 We could not obtain brand information for each camera in our sample. However, our regression results remain qualitatively 

unchanged when we drop brand FE and run the regression for the whole sample of cameras. 
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Model (1) (2) 

VARIABLES LN_PRICE LN_SALES_RANK 

FAILVARPERC –0.00917*** –0.00415*** 

(0.00348) (0.0015) 

TOTALVAR 0.000683 0.00469** 

(0.00271) (0.00229) 

PRICE – 0.000182 

– (0.000231) 

AVG_RATING 0.249 0.287*** 

(0.199) (0.0767) 

NUM_REVIEWS 0.00688 0.00886*** 

(0.00419) (0.00305) 

HELPFUL_VOTES 0.00003 –0.000268* 

(0.000204) (0.000144) 

AVG_LENGTH 0.000998 –0.00028 

(0.000923) (0.000601) 

Brand-Level FE   

Constant 2.615*** –7.802*** 

(0.929) (0.374) 

N 467 460 

R² 0.276 0.418 

Note: *** p < 0.01; ** p < 0.05; * p < 0.1. 

Table 4. Main Results 

First, the results of column (1) show that the coefficient for FAILVARPERC is negative and statistically 

significant. The magnitude of the coefficient (𝛽1: –0.00917, s.e. 0.00348) suggests that the share of 

failure-related variance is negatively associated with the price of a digital camera. Therefore, we find 

support for Hypothesis 1. It is important to note that we hypothesize the relationship of both variance 

components—the taste related and failure related—with the dependent variable. However, both rela-

tionships are measured by FAILVARPERC because a 1% increase in the failure-related share of the 

variance automatically implies a 1% decrease in the taste-related share of the variance. In other words, 

a 1% increase in the taste-related variance share is +0.00917. Also, unsurprisingly, the association be-

tween the total variance and the price is positive. This implies, keeping the share of failure-related var-

iance constant, that an increase in the total variance is associated with an increase in price (because when 

keeping the failure-share constant and increasing the total variance, the variance must increase in the 

taste-related share).  

In particular, the magnitude of the coefficient of FAILVARPERC is substantial. A 1% increase in the 

failure-related share of the online rating variance of a camera is associated with a decrease in price by 

0.9%. For instance, the price of a camera with a 38% failure-related variance share (the 75th percentile 

of FAILVARPERC) is 27% (~$38)8 lower than the price of a camera with an 8% failure-related variance 

share (the 25th percentile). 

Second, the results of column (2) show that the coefficient for FAILVARPERC is negative and 

statistically significant. Thus, the demand for a digital camera is negatively associated with the share of 

the failure-related variance (𝛽1: –0.00415, s.e. 0.0015). Therefore, we also find support for Hypothesis 

                                                      

8 $38 equals 27% multiplied by 1% of the mean price ($1.41). 
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2. Again, analogous to this, the taste-related variance share is positively associated with demand. Also 

in this case, the magnitude of the coefficient is pronounced. In particular, a 1% increase in the failure-

related share of the online rating variance of a camera is associated with a decrease in demand by 0.4%. 

For instance, the demand of a camera with a 38% failure-related variance share (the 75th percentile of 

FAILVARPERC) is 12.45% lower than the demand of a camera with an 8% failure-related variance 

share (the 25th percentile). 

The total variance is also positively associated with sales; keeping the failure share in the variance con-

stant, an increase in the total variance is associated with more sales. As explained earlier, this is because, 

when keeping the failure-related share constant, the total variance has to increase in the taste-related 

share, which is positively associated with sales. 

4.7 Robustness Checks 

We conducted a series of robustness checks to ensure validity of our results.  

First, there was a concern that digital cameras in the early 2000s were systematically different from 

cameras sold in 2014. Thus, in comparing the failure-related variance of relatively old with new cam-

eras, we compared apples with oranges. To alleviate this concern, we estimated two separate models 

and display the results in columns (1) and (2) of Table 5. In column (1) we included only cameras with 

reviews “older” than the median review (which is 2011 in our data set), and in column (2) we included 

only cameras with reviews newer than the median review. We estimated the models displayed in column 

(1) and (2) for both dependent variables, LN_PRICE and LN_SALES_RANK. The results remain qual-

itatively unchanged from our baseline results displayed in Table 4. Due to space limitations, we only 

display the results for the models with LN_SALES_RANK as dependent variable.  

 

Model (1) Older Than 

2011 

(2) Newer Than 

2011 

(3) Without “Quality” Topics 

VARIABLES LN_SALES_RANK LN_SALES_RANK LN_PRICE LN_SALES_RANK 

FAIL-

VARPERC 

–0.00372*** –0.00709** –0.0122*** –0.00681*** 

(0.00119) (0.00357) (0.00419) (0.00215) 

Brand-Level 

FE 
    

Control Varia-

bles 
    

Constant –7.111*** –8.687*** 4.014*** –8.149*** 

(0.285) (0.988) (1.296) (0.609) 

N 321 139 251 246 

R² 0.355 0.426 0.274 0.422 

Note: *** p < 0.01; ** p < 0.05; * p < 0.1. The control variables are the same as in Table 4. 

Table 5. Robustness Checks 

Second, there was a concern about our implicit assumption that every review that was not a failure 

review was automatically said to increase the taste-related variance. Even though this classification is 

theoretically and logically valid, this may not guarantee that nonfailure reviews really contain taste-

related information. While, ultimately, classifying the information contained in the nonfailure reviews 

is an intricate task, we aim at alleviating these concerns by dropping reviews whose topics are about 

vertical (quality-related) rather than horizontal (taste-related) features. The key idea is that every re-

viewer will appreciate higher quality. Thus, the role of taste should be negligible for reviews mentioning 

the quality aspects of a camera. Consequently, we dropped all the reviews from topics that had the word 

“quality” among the 7 most frequently occurring words. We did not drop reviews categorized as failure 
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reviews. We re-estimated our baseline model after removing the “quality” reviews, but our results re-

mained qualitatively unchanged. This gives support to our classification of review in just two categories: 

taste- and failure-related reviews. Moreover, the coefficient of interest in this specification grew com-

pared to our baseline results, suggesting that we have more actual taste-related reviews in this taste-

related variance, which is what we aimed for.  

Third, one might argue that validity and the precision of our results are influenced by outliers. To ensure 

that this is not the case, we re-estimated the model (1) and (2) from Table 4, excluding the 1 percentile 

and the 99 percentile of PRICE, LN_SALES_RANK, and FAILVAR.  

Fourth, one might argue that our results are influenced by our choice of log-transformed variables 

PRICE and SALES_RANK. To rule out these concerns, we again re-estimated both models without log-

transforming these two variables. In the robustness checks, our results remain qualitatively unchanged.  

5 Discussion 

To a certain extent, our results provide tentative explanations to reconcile conflicting findings of past 

studies in follow-up studies.  

First, and most importantly, one potential explanation for the inconclusive findings of prior studies could 

be the fact that the analyses conducted in the respective studies did not differentiate between a failure-

related and a taste-related share in the variance (Ye et al. 2009; Lu et al. 2014; Ye et al. 2011; Clemons 

et al. 2006; Moon et al. 2010). As outlined in section 2, prior literature has mostly focused on products—

such as craft beer and movies—and services—such as hotel stays. Both of them have two things in 

common: they comprise a wide range of experience attributes (hotels: friendliness of the staff, taste of 

the food, comfort of the bed; cameras: product failure, ease of use of the software, usability, feel of the 

product). Also, both of them can fail. But we recognize that the potential for service failure is likely 

larger than the potential for product failures with craft beer and movies, as documented in the literature 

(Webster and Sundaram 1998; Smith and Bolton 1998; Hess Jr. et al. 2003), especially for hotels (Pro-

serpio and Zervas 2017). Consequently, product failure can be leveraged to decompose the total variance 

in these cases. Although it is impossible to judge ex-post if the different sources of the variance that 

have been neglected by prior studies constitute the driving force behind the conflicting results, this is 

one candidate explanation that should be explored in future research. Moreover, the fact that studies 

investigating the product sales of craft beer and movie tickets have not found a negative relationship 

between the online rating variance and sales might be due to a limited potential for these products to 

fail. 

Second, our findings are in line with Clemons et al. (2006), although we explore more differentiated 

facets of the rating variance, and they simply utilize the total variance. We also find that the overall 

variance is positively associated with sales. Even though beer represents an experience good, one can 

hardly imagine beer to “fail.” Beer can expire, but this should be indicated on the best-before date; 

therefore, this information should be accessible prior to purchase without relying on online ratings. In 

that sense, product failures for beer are a search attribute. 

Third, our results deliver empirical support for prior experimental (He and Bond 2015) and theoretical 

studies (Zimmermann et al. 2017). He and Bond’s (2015) experimental study investigated the effect of 

the variance for taste-dissimilar (paintings) and taste-similar (niche computer games) products on pur-

chase intention. They found that a high variance is beneficial for the purchase intention for taste-dissim-

ilar products. In other words, for products that some potential customers like and some others dislike 

because they have different tastes, the variance increases the purchase intention (He and Bond 2015). 

For taste-similar products, most of the reviewers should have similar tastes (e.g., players of a certain 

type of video games). If players observe a high variance of online ratings, their purchase intention de-

creases because they associate this variance with low product quality. Our results also lend empirical 

support to this study. In our case, the taste-related variance is the extent to which a digital camera is a 

taste-dissimilar product. By the same token, the failure-related variance represents the extent to which 

a camera is taste similar; all customers agree that they dislike product failure.  
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6 Conclusion 

Surprisingly few studies have investigated the relationship between the online rating variance and sales, 

and their results have been inconclusive. This lack of knowledge is a handicap for researchers, managers, 

and customers alike. Despite some theoretical accounts, little empirical consensus has been reached in 

the field of user-generated social media content and, in particular, online ratings. Thus, customer deci-

sion-making under disagreement has remained, by and large, a black box. Second, managers need to 

understand the implications of the online rating variance to adapt the sales strategies of their products 

and services. Without knowledge of the effects of the variance on strategic variables such as price and 

demand, managers cannot be sure if they should change their prices or alter their demand forecast. Third, 

although customers might intuitively know how to interpret the online rating variance, interpreting the 

online rating variance in combination with the average rating has remained difficult.  

To close this knowledge gap, our study focuses on empirically breaking down the relationship between 

two distinct components of the online rating variance: the taste-related share and the failure-related share 

with prices and sales. We study this relationship in the context of a consumer good— digital cameras—

that can actually fail with a relatively large share of experience attributes. We build upon a theoretical 

model by Zimmermann et al. (2017) to delineate hypotheses that we later test on our data set of online 

ratings for digital cameras from Amazon.com. Our empirical results highlight that an increase in the 

product failure-related share in the online rating variance is negatively associated with prices and sales. 

The explanation for this is that all customers dislike the failure of a product, which lowers sales and the 

prices a retailer can charge. In contrast to that, an increase in the taste-related share of the online rating 

variance is positively associated with prices and sales. This type of customer disagreement helps cus-

tomers find a product that they really like; when past customers give negative ratings about the difficult 

usability of a camera, advanced users might prefer this camera over another, simpler camera. Conse-

quently, the retailer can charge higher prices and enjoy a higher demand. 

Our results have substantial implications for research and practice. To the best of our knowledge, we 

are the first to empirically decompose the online rating variance of a product into a failure- and a taste-

related component to study the ambiguous relationship of the variance with economic outcomes. Thus, 

our study helps scholars understand the economic implication of the rating variance. With regard to 

theory, our results lend empirical support to the model of Zimmermann et al. (2017). In addition, our 

study lends empirical support to the laboratory findings of He and Bond (2015). 

Retailers can benefit from our results to better sell their products. They can adjust their price and demand 

forecasts based on the observed shares of taste-related and failure-related online rating variance of their 

product. Moreover, manufacturers can learn about the failures of their own products and improve their 

design based on the failure ratings.  

Customers are able to better incorporate the online rating variance into their purchase decisions. For 

instance, customers might first inspect negative ratings to check whether they are based on product 

failure or based on taste-related aspects. Review systems should assist this process by facilitating the 

identification of failure ratings to help customers find the products they like best.  

Naturally, this study also comes with limitations that present avenues for future research. Because our 

study focuses on consumer goods, a natural extension would be to conduct a study breaking down the 

online rating variance of services by identifying when services fail (Hess Jr. et al. 2003; Proserpio and 

Zervas 2017). This might help to explain the conflicting findings by studies on the online rating variance. 

Also, digital cameras represent a consumer good, and it is unclear how our results play out for digital 

goods such as apps or video games. Digital goods can also fail–due to bugs or crashes–and future re-

search could study whether taste differences are also beneficial to prices and sales of these goods. Even 

though our robustness checks alleviate concerns over the comparability of reviews from very old and 

relatively new cameras and over the classification of the variance in merely two categories, further re-

search in this direction is necessary to address this potential limitation. Moreover, more detailed panel 

data might be necessary to allow for an analysis of dynamic effects of the variance over time and to 

identify a more detailed cause-effect relationship. 
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