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Deceptive Reviews  

We present evidence that many product reviews at a private label retailer’s website are submitted by 
customers who do not appear to have purchased the product they are reviewing.  We show that these 
reviews are significantly more negative than products submitted by customers who have purchased the 
product.  Research in the psycholinguistics literature has identified linguistic cues indicating when a 
message is more likely to be deceptive and we find that the textual comments in the reviews without 
prior transactions exhibit many of these characteristics. 

The data allows us to rule out many alternative explanations for this phenomenon including: item 
differences, reviewer differences, gift recipients, customers misidentifying items, unobserved 
transactions, or differences in the timing of the reviews.  The data also indicates that these effects are 
not due to a small number of rogue reviewers (such as the employees or agents of a competitor).  
Instead, they appear to have been written by several thousand individual reviewers who on average 
have each made many purchases from the firm.   

The findings suggest that the phenomenon of deceptive reviews may be far more prevalent than one 
might otherwise expect.  It appears that counterfeit reviews are not just limited to the strategic actions 
of firms bolstering their image or competitors trying to damage that image.  Instead, the phenomenon 
may extend to individual customers who have no financial incentives to write counterfeit reviews.   

Keywords: ratings, reviews, deception 
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1. Introduction 

In recent years many Internet retailers have added to the information available to customers by 

providing mechanisms for customers to post product reviews.  In many cases these reviews have 

become the primary purpose of the website itself (e.g., Eopinions.com).  The growth of product reviews 

has been matched by an increase in academic interest in word-of-mouth and the review process (Godes 

and Mayzlin 2004 and 2009, Chevalier and Mayzlin 2006, Lee and Bradlow 2011).  Much of this research 

has focused on why customers write reviews and whether other customers are influenced by them.  

However, more recently at least some of the focus has switched to the study of fraudulent or deceptive 

reviews (Mayzlin, Dover and Chevalier 2012).   

We study product reviews at a prominent private label apparel company.  The unique features of the 

data reveal that approximately 5% of the product reviews are written by customers for whom there is 

no record they have purchased the item.  These reviews are significantly more negative on average than 

the other 95% of the reviews for which there is a record that the customer previously purchased the 

item.  Recent research in the psycholinguistics literature has identified linguistic cues that indicate when 

a message is more likely to be deceptive and we find that the textual comments in the reviews without 

prior transactions exhibit many of these characteristics.  The evidence suggests that many of these 

reviews without prior transactions are deceptive.  

In Exhibit 1 we provide an example of a review that exhibits linguistic characteristics associated with 

deception.   Perhaps the strongest cue associated with deception is the number of words: deceptive 

messages tend to be longer.  They are also more likely to contain details unrelated to the product and 

these details often mention the reviewer’s family.  Other cues include referencing the retailer’s brand 

and the use of multiple exclamation points.   

At this retailer product reviews are all submitted through the company’s website by registered users.  

The registration process allows us to link the identity of the reviewer to the company’s transaction data.  

Registered customers can post a review for any item and are not restricted to posting reviews for only 

items they have purchased.  The reviews are screened by a third party for inappropriate content, such as 

vulgar language or mentions of a competitor.  There are no other screening mechanisms on the reviews.  

Our analysis shows that the negative reviews cannot be explained by item differences, reviewer 

differences, gift recipients, customers misidentifying items, unobserved transactions, or differences in 
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the timing of the reviews.  Instead it appears that at least some of the reviewers are misstating that they 

purchased the items and posting negative reviews. 

Exhibit 1:  Example of a Review Exhibiting Linguistic Characteristics Associated with Deception 

 

This example is based on an actual review. Unimportant 
details have been modified to protect the identity of the 
retailer. 

 

Previous research on deception in product reviews has largely focused on retailers selling third party 

branded products (such as Amazon), or independent websites that focus on providing information about 

third party branded products (Zagats or Tripadvisor).  What makes the findings in this study particularly 

surprising is that the product reviews in this setting are all of this retailer’s own private label products.  

As a result, the strategic incentives to distort reviews are different.  A hotel benefits from (deceptively) 

posting positive reviews about its own property and negative reviews about competing properties on 

TripAdvisor in order to encourage substitution to its own property (see for example Mayzlin 2006 and 

Dellarocas 2006).  However, a private label retailer has much weaker incentives to deceptively post 

negative or positive reviews in order to generate substitution between its own products.   

Another distinctive feature of the data is that the deceptive reviews are distinctively asymmetric.  While 

we see an increase in the frequency of low ratings among reviews without prior transactions, there is no 

evidence of an increase in high ratings.  This contrasts with previous work, which has found evidence 

 

I have been shopping at retailer since I was 
very young. My dad used to take me when we 
were young to the original store down the hill. 
I also remember when everything was made 
in America. I recently bought gloves for my 
wife that she loves. More recently I bought 
the same gloves for myself and I can honestly 
say, "I am totally disappointed"! I will be 
returning the gloves. My gloves ARE NOT 
WATER PROOF !!!! They are not the same 
the same gloves !!! Too bad.  

Mention of 
the brand 

Details unrelated to 
the product, often 
referring to the 
reviewer’s family. 

Multiple 
exclamation 
points 

Over 80          
words  
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that deceptive reviews on travel sites increase the thickness of both tails in the rating distribution 

(Mayzlin, Dover and Chevalier 2012).   

Our data indicates that the low rating effects for these reviews without prior transactions is not due to a 

small number of rogue reviewers, such as the employees or agents of the firm or a competitor.  Instead, 

they appear to have been written by several thousand individual reviewers who on average have each 

made many purchases from the firm.  In other words, these deceptive reviews are written by loyal 

customers.  We speculate that one explanation for the data is that loyal customers may be acting as self-

appointed brand managers.  The review process provides a convenient mechanism for these loyal 

customers to give feedback to the firm.  An alternative explanation is that the deceptive reviews are 

contributed by reviewers who seek to enhance their perceived social status.  We caution that we have 

limited data with which to directly test these explanations. 

The paper proceeds as follows.  In Section 2 we review the related literature.  In Section 3 we describe 

the data, report initial findings, and show that reviews without prior transactions contain cues 

consistent with deception. In Section 4 we evaluate several alternative explanations for the low rating 

effect.  In Section 5 we describe who writes reviews without prior transactions.  We also speculate on 

why a customer would write a review without having purchased the product, and offer evidence that 

the low rating effect may cause customers not to purchase products that they would otherwise 

purchase.   The paper concludes in Section 6. 

2. Literature Review 

The paper contributes to the growing stream of theoretical and empirical work on deceptive reviews.  

The theoretical work is highlighted by two papers: Mayzlin (2006) and Dellarocas (2006). Mayzlin (2006) 

studies the incentives of firms to exploit the anonymity of online communities by supplying chat or 

reviews that promote their products.  Her model yields a unique equilibrium where promotional chat 

remains credible (and informative) despite the distortions from deceptive messages.  A key element of 

this model is that inserting deceptive messages is costly to the firm, which means that it is not optimal 

to produce high volumes of these messages.  Although the system continues to be informative, the 

information content is diminished by the noise introduced by the deception.  As result, there is a welfare 
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loss due to consumers making less optimal choices.  It is the threat of this welfare loss that has led to 

occasional intervention by regulators.1

A somewhat different result is reported by Dellarocas (2006).  He describes conditions in which the 

number of deceptive messages is increasing in the quality of the firms.  This can yield outcomes in which 

there is better separation between high and low quality firms, potentially leading to more informed 

customer decisions.  Social welfare may still be reduced by the presence of deceptive messages if it is 

costly for the firms to produce them.  However, the cost of the deception is borne by the firms (who 

must keep up with their competitors), instead of the customers. 

   

The empirical work on deceptive reviews can be traced back to the extensive psychological research on 

deception (meta-analyses summarizing this research include Zuckerman and Driver 1985 and DePaulo et 

al. 2003).  The psychological research has often focused on identifying verbal and non-verbal cues that 

an audience can use to detect deception in face-to-face communications.  However, in electronic and 

computer-mediated settings the audience generally does not have access to the same rich array of cues 

to use to detect deceptions.  For example, research has shown that humans are generally less accurate 

at detecting deception using visible cues than using audible cues (Bond and DePaulo 2006).  As a result, 

it has been widely observed that deception detection in electronic media is often far more difficult than 

in face-to-face settings (see for example Donath 1999).  This recognition that the types of cues available 

can affect the accuracy of deception detection has led to a fast-growing literature studying deception 

detection in electronic media. This includes research in the computer science and machine learning 

fields developing and validating automated deception classifiers for use in the identification of fake 

reviews (recent examples include Jindal and Liu 2007; Ott et al. 2011; and Mukherjee, Liu and Glance 

2012).   

More closely related to this paper is research on identifying the linguistic characteristics of deceptive 

messages.  This includes several studies comparing the linguistic characteristics of text submitted by 

study participants who are instructed to write either accurate or deceptive text (see for example Zhou et 

al 2004; Zhou 2005). Other studies have compared the text of financial disclosures from companies 

whose filings were later discovered to be fraudulent with filings where there was no subsequent 

evidence of fraud (Humphreys et al. 2011).  There are also two studies in which deceptive travel reviews 

were obtained and compared with actual travel reviews.  Yoo and Gretzel (2009) obtained 42 deceptive 
                                                           
1 Mayzlin, Dover and Chevalier (2012) cite examples of intervention by both the US Federal Trade Commission and 
the UK Advertising Standards Authority. 
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reviews of a Marriott hotel from students in a tourism marketing class and compared them with 40 

actual reviews for the hotel posted on TripAdvisor.  Similarly Ott et al. (2001) obtained 20 deceptive 

opinions for each of 20 Chicago-area hotels using Amazon’s Mechanical Turk and compared them with 

20 truthful reviews for the same hotels obtained from TripAdvisor.  Other studies have compared the 

content of emails (Zhou, Burgoon and Twitchell 2003), instant messages (Zhou 2005) and online dating 

profiles (Toma and Hancock 2012).  Collectively these studies yield a series of linguistic cues indicating 

when a review maybe deceptive that we will later employ in our analysis. 

Other studies have attempted to detect deception in online product reviews without the aid of a 

constructed sample of deceptive reviews.  Detecting deception is of its nature difficult because the 

deceiver seeks to avoid detection.  In the absence of a constructed sample of deceptive reviews the 

standard approach to detect deception is the same approach that we use in this paper: compare the 

characteristics of suspicious reviews with a sample of reviews that are not considered suspicious.  For 

example, Wu et al. (2010) evaluate hotel reviews in Ireland by comparing whether positive reviews from 

reviewers who have posted no other reviews (which they label “positive singletons”) distort the rankings 

of hotels that are implied by other reviews.  Other authors have used distortions in the patterns of 

customer feedback on the helpfulness of reviews (see for example O’Mahoney and Smith 2009; Hsu et 

al. 2009; and Kornish 2009).   

A particularly clever recent study compared ratings of 3,082 US hotels on TripAdvisor and Expedia 

(Mayzlin, Dover and Chevalier 2012).  Unlike TripAdvisor, Expedia is a website that books hotel stays and 

so it is able to require that a customer has actually booked at least one night in a hotel within the last six 

months before the customer can post a review.  This also links the review to a transaction, making the 

reviewer’s identity more verifiable to the website.  In contrast, TripAdvisor does not impose the same 

requirements, which greatly lowers the cost of submitting fake reviews.  The key findings are that the 

distribution of reviews on TripAdvisor contains more weight in both extreme tails.  The identification 

approach used by Mayzlin, Dover and Chevalier (2012) is related in some respects to our approach.  We 

can identify reviewers in our study through the requirement that reviewers are registered users on the 

firm’s website.  We then restrict attention to users who have made actual purchases from the retailer.  

This is similar to the requirement that customers must have made a purchase through Expedia before 

posting a review.  Notably both identification approaches filter out “phantom” reviewers who have 

never purchased.  The main difference is that we can identify customers who write reviews for products 

they have never purchased, while the Expedia filter explicitly excludes this possibility. 
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In both the prior theoretical research (Mayzlin 2006 and Dellarocas 2006) and prior empirical research 

the primary focus is on strategic manipulation of reviews by competing firms.  For example, Mayzlin, 

Dover and Chevalier (2012) show that positive inflation in reviews is greater for hotels that have a 

greater incentive to inflate their ratings.  Similarly, negative ratings are more pronounced at hotels that 

compete with those hotels.  An important distinction is that we show that the low ratings in reviews 

without prior transactions are unlikely to be attributable to strategic actions by a competing retailer.  

Instead, the strongest effects are observed among individual reviewers who purchase a large number of 

products and each contribute only a small number of reviews.  This has the important implication of 

broadening the apparent scope of the manipulation of reviews beyond firms with clear strategic 

motivations, to include individual customers whose motivations appear to be solely intrinsic. 

One reason there has been so much recent interest in deceptive reviews is that there is now strong 

evidence that the reviews matter.  For example, Chevalier and Mayzlin (2006) examine how online book 

reviews at Amazon.com and Barnesandnoble.com affect book sales.  Not only is there very strong 

evidence that higher reviews lead to higher sales, but there is also evidence that the effect is 

asymmetric.  The negative impact of low ratings is greater than the positive impact of high ratings, 

which amplifies the importance of any distortion that leads to more negative ratings.  This includes our 

finding that reviews without prior transactions are more likely to have low product ratings (without any 

off-setting increase in the frequency of high ratings). 

The paper proceeds in the next section with a description of the data used in the study.  We also present 

initial evidence of the low rating effect together with evidence that reviews without prior transactions 

may be deceptive. 

3. Data and Initial Findings 

The company that provided the data for this study is a prominent retailer that primarily sells apparel.  

Although many competitors sell similar products, the company’s products are almost exclusively private 

label products that are not sold by competing retailers.  Most of the products sales occur in its catalog 

(mail and telephone) and Internet channels, although the store also operates a small number of retail 

stores.  The products are moderately priced ($48 on average) and past customers return to purchase 

relatively frequently (1.2 orders containing on average 2.4 items per year).  
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Customers can submit reviews of specific products on the firm’s website and these reviews are available 

for other customers to read on the website.  When customers want to write a review they are required 

to login as registered customers.  This links the review to the household account key.  Using this account 

key we matched the review data with the household transaction data.  The firm invests considerable 

effort to match customers in its retail stores with customers from its catalog and Internet channels.  

They do so by asking for identifying information at the point of sale and matching customers’ credit card 

numbers.  Some of this matching is done for them by specialized firms that use sophisticated matching 

algorithms.  The company has decades of experience with matching household accounts.  We will later 

investigate whether imperfections in this process may have contributed to the low rating effect. 

The customer review data includes a product rating on a 5-point scale, with 1 the lowest rating and 5 the 

highest rating.  Almost all of the reviews also include text comments submitted by the reviewers.  The 

household transaction data we used in this study is a complete record for all customers who purchased 

an item within the last five years.  We only consider reviews written by customers who have made a 

purchase in this period.  This excludes phantom reviewers who have never purchased from the firm.  It 

also excludes some real customers who have not purchased in that 5-year window.  We also initially 

exclude reviews where the item number is missing (we will later use these reviews to check an 

alternative explanation).  This leaves a total of 325,869 reviews.  For 15,759 of the 325,869 reviews 

(4.8%) we have no record of the customer purchasing the item (although we do have records of that 

customer purchasing other items).  In Table 1 and Figure 1 we report the average product rating for the 

reviews with and without a prior transaction.  
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Table 1: Distribution of Product Ratings 

 Without a Prior 
Transaction 

With a Prior 
Transaction 

Difference 

Average rating 4.07 4.33 -0.26**            
(0.009) 

Rating = 1 10.66% 5.28% 5.38%**   
(0.19%) 

Rating = 2 6.99% 5.40% 1.59%**   
(0.19%) 

Rating = 3 8.01% 6.47% 1.53%**   
(0.20%) 

Rating = 4 13.83% 16.96% -3.13%**   
(0.31%) 

Rating = 5 60.51% 65.89% -5.38%**   
(0.39%) 

Sample Size (number of reviews) 15,759 310,110  

The table reports the average product ratings for reviews with and without a prior transaction.  
Standard errors are in parentheses. **significantly different from zero p<0.01. 

Figure 1.  Distribution of Product Ratings 

 

The table reports the average product ratings for reviews with and without a prior 
transaction.  The sample size is 15,759 reviews without a prior transaction and 
310,110 reviews with a prior transaction. 
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The distribution of reviews without prior transactions includes a significantly higher proportion of 

negative reviews.  In particular, there are twice as many reviews with the lowest rating (10.66%) among 

the reviews without prior transactions as for reviews with prior transactions (5.28%). 

Are the Reviews Deceptive? 

As we discussed in the Introduction, there is an extensive literature investigating the differences 

between deceptive and truthful messages.  This literature has distinguished face-to-face 

communications from deception in electronic settings, where receivers do not have access to the same 

set of verbal and non-verbal cues with which to detect deception.  In electronic settings the focus of 

deception detection has largely shifted to the linguistic characteristics of the message.  Among the most 

reliable indicators of deception in electronic settings is the number of words used.  Evidence that 

deceptive writing contains more words has been found in many settings including importance rankings 

(Zhou, Burgoon and Twitchell 2003; Zhou et al. 2004a and 2004b), computer-based dyadic messages 

(Hancock et al. 2005), mock theft experiments (Burgoon et al. 2003), email messages (Zhou, Burgoon 

and Twitchell 2003), and 10k financial statements (Humphreys et al. 2011). Explanations for this effect 

generally focus on the deceiver’s perceived need for more elaborate explanations in order to make 

deceptive messages more persuasive. 

Another commonly used cue is the length of the words used.  Deception is generally considered a more 

cognitively complex process than merely stating the truth (Zhou 2005; Newman et al. 2003) leading 

deceivers to use less complex language.  The complexity of the language is often measured by the length 

of the words used, and several studies report that deceptive messages are more likely to contain shorter 

words (Burgoon, Blair, Qin and Nunamaker 2003; Zhou et al. 2004).   

Because it is often difficult for deceivers to create concrete details in their messages, they have a 

tendency to include details that are unrelated to the focus of the message.  For example, in a study of 

deception in hotel reviews Ott et a. (2011) report that deceptive reviews are more likely to contain 

references to the reviewer’s family rather than details of the hotel being reviewed.  Other indicators of 

deception reported in hotel reviews include mentioning the brand (Yoo and Gretzel 2009) and using 

more exclamation points “!” (Ott et al. 2011). 

To evaluate differences in the text comments of reviews we constructed the following measures and 

compared them between reviews with and without prior transactions: 
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Word Count the number of words in the review.  

Word Length the average number of letters in each word. 

Brand did the review contain the retailer’s brand name 

Family did the review contain words describing members of the family 

Repeated Exclamation Points does the review contain repeated exclamation points (!! or !!!). 

We then compared the averages for these measures in the samples of reviews with and without prior 

transactions.  The findings are reported in Table 2. 

These findings indicate strong evidence of deception in the reviews written without a prior transaction.  

Recall that the word count is one of the most commonly used linguistic cues used to detect deception.  

The word count for the reviews without prior transactions is approximately 40% higher than in the 

reviews with prior transactions.  We also observe significant (p<0.01) differences on each of the other 

four linguistic cues.  We caution that these differences do not indicate that all of the reviews without 

prior transactions are deceptive.  This is almost certainly not the case.  Instead we conclude that these 

reviews are more likely to contain linguistic cues that are consistent with deception, suggesting that at 

least some of these reviews may be deceptive. 

Table 2. Indicators that a Message is Deceptive 

 Without a Prior 
Transaction 

With a Prior 
Transaction 

Difference 

Word Count 70.13 52.00 18.13**            
(0.33) 

Word Length 4.110 4.153 -0.043**   
(0.004) 

Brand 24.30% 18.33% 5.97%**   
(0.32%) 

Family 20.74% 18.75% 1.98%**   
(0.32%) 

Repeated Exclamation Points 6.91% 4.71% 2.20%**   
(0.18%) 

Sample Size (number of reviews) 15,759 310,110  

The table reports averages for each measure separately for the samples of reviews with and 
without prior transactions. Standard errors are in parentheses. * Significantly different, p<0.05 
and ** significantly different, p<0.01.  
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An alternative explanation for the relationships in this table is that the reviews without transactions 

have lower ratings and the deception cues might be more common on items with lower ratings.  This 

argument that the lower ratings may be contributing to the distortion cue results seems particularly 

plausible for the Word Count and Repeated Exclamation Points results.  In particular, it is plausible that 

when reviewers give ratings of 1 they also use more words and more exclamation points to express their 

(strong) criticisms.  To investigate this possibility we separately repeated the analysis for just those 

reviews that had a rating of 1, just those reviews that had a rating of 2, and also for the other three 

rating levels.  The differences in the frequencies of these distortion cues all hold for each of these five 

rating levels. We conclude that the evidence of deception in the reviews without prior transactions 

cannot be attributed solely to the lower average ratings among these reviews.    

Summary 

We have compared the distribution of product ratings for reviews with and without prior transactions.  

The reviews without prior transactions have twice as many ratings of 1 (the lowest rating).   A 

comparison of the text comments reveals that the reviews without prior transactions also contain 

linguistic cues consistent with deception. 

In the next section we investigate alternative explanations for why we observe reviews without prior 

transactions and why there are lower ratings on these reviews.   

4. Alternative Explanations for the Low Rating Effect 

We investigate six different explanations.  We begin by investigating whether the lower ratings could 

reflect either item or reviewer effects. 

Could the Low Ratings be Due to Item Differences? 

It is possible that the items for which we have reviews but no prior transactions are different (and of 

worse quality) than items for which we do have prior transactions.  To investigate this possibility we 

repeated the analysis at the item level.  In particular, we first average the ratings at the item level 

(distinguishing reviews with and without prior transactions).  We then compare the outcomes using a 

common sample of 3,779 items for which we have reviews with and without prior transactions. The 

findings are reported in Table 3. 
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Table 3. Controlling for Item Effects 

 Without a Prior 
Transaction 

With a Prior 
Transaction 

Difference 

Average rating 4.01 4.23 -0.22**            
(0.02) 

Rating = 1 10.85% 6.72% 4.13%**   
(0.42%) 

Rating = 2 7.43% 5.92% 1.50%**   
(0.35%) 

Rating = 3 9.19% 7.16% 2.03%**   
(0.40%) 

Rating = 4 14.90% 17.78% -2.88%**   
(0.50%) 

Rating = 5 57.63% 62.41% -4.78%**   
(0.67%) 

Sample Size (number of items) 3,779 3,779  

The table reports the average product ratings for reviews with and without a prior 
transaction, together with the difference in these averages. Reviews are first averaged at the 
item level and then averaged across items.  The sample includes all of the items for which we 
have review(s) with and without prior transactions. Standard errors are in parentheses. * 
Significantly different, p<0.05 and ** significantly different, p<0.01. 

 

This within-item comparison reveals an almost identical pattern of results.  We conclude that the 

difference cannot be attributed to mere item differences.   

Could the Low Ratings be Due to Reviewer Differences? 

It is possible that the reviewers who wrote reviews for which we have no prior transactions are different 

(and more negative) than reviewers who wrote reviews for which we do have prior transactions.  We 

can investigate this possibility using a similar approach to the item differences analysis.  In particular we 

will compare the ratings where a reviewer has written some reviews for which we observe a prior 

transaction and some reviews for which we do not observe a prior transaction.  We first average the 

review ratings at the reviewer level (distinguishing reviews with and without prior transactions).  We 

then compare the outcomes using a common sample of 5,234 reviewers for whom we have reviews 

with and without prior transactions.  The findings are reported in Table 4. 
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Table 4. Controlling for Reviewer Effects 

 Without a Prior 
Transaction 

With a Prior 
Transaction 

Difference 

Average rating 4.08 4.27 -0.18**            
(0.02) 

Rating = 1 9.62% 5.61% 4.00%**   
(0.43%) 

Rating = 2 7.62% 6.05% 1.57%**   
(0.42%) 

Rating = 3 8.39% 7.78% 0.61%**   
(0.45%) 

Rating = 4 13.71% 17.15% -3.43%**   
(0.57%) 

Rating = 5 60.67% 63.41% -2.74%**   
(0.73%) 

Sample Size (number of reviewers) 5,234 5,234  

The table reports the average product ratings for reviews with and without a prior transaction, 
together with the difference in these averages. Reviews are first averaged at the reviewer level 
and then averaged across reviewers.  The sample includes all of the reviewers for whom we 
have review(s) with and without prior transactions. Standard errors are in parentheses. * 
Significantly different, p<0.05 and ** significantly different, p<0.01. 

 

This within-reviewer comparison again reveals the same pattern of results.  Reviews without prior 

transactions tend to be more negative than reviews with prior transactions, even though the same 

reviewers write both sets of reviews.  We conclude that the difference cannot be attributed to mere 

reviewer differences.  These findings also suggest that the findings are not limited to a handful of rogue 

reviewers.  Instead it appears that the effect extends across a large number of reviewers.  We will 

investigate this issue further in later analysis. 

Gift Recipients 

One reason a customer might review an item they have not purchased is because they received the item 

as a gift.  It is possible that gift recipients tend to give lower product ratings.  To investigate this 

explanation we searched in the review comments for the text strings “bought” “purchased” and 

“ordered”.  Inspection of a sample of the review comments revealed that these were almost all reviews 

in which customers self-identified that they had personally purchased the item.  This filter yielded a total 
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of 105,436 reviews, of which 4,982 (4.7%) did not have a prior transaction.  The findings for these 

105,436 reviews are summarized in Table 5. 

Table 5. Customers Who Self-Identified They Purchased the Item 

 Without a Prior 
Transaction 

With a Prior 
Transaction 

Difference 

Average rating 4.12 4.29 -0.17**            
(0.02) 

Rating = 1 10.06% 6.10% 3.96%**   
(0.35%) 

Rating = 2 7.49% 5.84% 1.65%**   
(0.34%) 

Rating = 3 6.60% 6.77% 0.17%   
(0.37%) 

Rating = 4 12.51% 15.68% -3.18%**   
(0.53%) 

Rating = 5 63.35% 65.61% -2.26%**   
(0.69%) 

Sample Size (number of reviewers) 4,982 100,454  

The table reports the average product ratings for reviews with and without a prior transaction, 
together with the difference in these averages. The sample includes all of the reviews for 
which the text field contained the words “bought” “purchased” or “ordered”. Standard errors 
are in parentheses. * Significantly different, p<0.05 and ** significantly different, p<0.01. 

 

For these non-gift purchasers we continue to see a high incidence of low ratings among reviews without 

prior transactions.  This suggests that the low ratings among customers who did not have a prior 

transaction is not limited to just customers who received the item as a gift. 

Could the Result be Due to Customers Misidentifying Items? 

Another reason that we may see no prior transaction is that customers may incorrectly identify the item 

number.   It is possible that ratings are also lower when customers incorrectly identify an item (though it 

is not clear why this would be the case).  We can investigate this possibility using a sample of 4,561 

reviews for which the item number is missing because the customer did not identify a valid item 

number.  In our earlier analysis we omitted these reviews (we did not include them in the sample of 
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items with no prior transaction). In Table 6 we compare the ratings for the 15,759 reviews without prior 

transactions and the 4,561 reviews with missing item numbers. 

Table 6. Missing Item Numbers 

 Without a Prior 
Transaction 

Missing Item 
Numbers 

Difference 

Average rating 4.06 4.23 -0.16**            
(0.02) 

Rating = 1 10.66% 6.62% 4.04%**   
(0.50%) 

Rating = 2 6.99% 6.49% 0.50%   
(0.43%) 

Rating = 3 8.01% 7.30% 0.71%   
(0.45%) 

Rating = 4 13.83% 16.51% -2.68%**   
(0.59%) 

Rating = 5 60.51% 63.08% -2.57%**   
(0.82%) 

Sample Size (number of reviews) 15,759 4,561  

The table reports the average product ratings for reviews with and without a prior transaction, 
together with the difference in these averages. Column 1 includes the reviews without prior 
transactions.  Column 2 includes the reviews for which the item number is missing. Standard 
errors are in parentheses. * Significantly different, p<0.05 and ** significantly different, p<0.01. 

 

We see that the reviews without prior transactions are significantly more negative than the reviews with 

missing item numbers.  It seems that the difference in these ratings cannot be explained by customers 

using incorrect item numbers.2

Could the Result be Due to Unobserved Transactions? 

  

It is also possible that the customer purchased the item but the transaction is not recorded in the firm’s 

transaction history.  This can occur for several reasons.  The most likely reason is that the customer 

purchased in a retail store and there was too little information to identify the customer.  Although less 

                                                           
2 Incorrectly identifying items may be an indication of carelessness by the reviewer.  We earlier presented evidence 
that reviews without prior transactions tend to contain more words in the reviewer’s comments field.  This is not 
what we would expect if reviewers of these transactions were careless. 
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likely, unobserved transactions may also occur when the customer ordered over the telephone or 

Internet and did not provide enough information. 

In order for unobserved transactions to explain the low ratings we would also require that the 

unobserved transactions tend to occur in a channel that yields lower product ratings.  We can 

investigate this possibility using the reviews for which we do have transactions. In Table 7 we report the 

distribution of product ratings according to which retail channel the purchase occurred in.3

Table 7. Distribution of Ratings by Ordering Channel 

   

 Mail or 
Telephone 

Internet Retail Stores 

Average rating 4.31 4.32 4.43             

Rating = 1 6.04% 5.17% 4.37%    

Rating = 2 5.42% 5.55% 4.27%    

Rating = 3 6.36% 6.68% 4.53%    

Rating = 4 16.14% 17.19% 17.43% 

Rating = 5 66.04% 65.40% 69.39% 

Sample Size (number of reviews) 39,551 225,370 5,623 

The table reports the average product ratings for reviews with prior transaction 
according to the ordering channel in which the prior transaction was received. We omit 
reviews with prior transactions in multiple channels.  

 

Because all of the reviews are submitted at the firm’s Internet store, it is not surprising that the majority 

of the reviews are written by customers who purchased over the Internet.   We see that reviews of 

products purchased over the Internet have an almost identical distribution of ratings to reviews of 

products purchased through the catalog channel (mail or telephone).  As we might expect, the product 

ratings are highest when the prior transaction occurred in a retail store where customers generally have 

the best opportunity to inspect prior to purchase.  Notably the retail store is also the channel in which 

transactions are most likely to be unobserved (because the firm does not ship these products it collects 

less customer information in these transactions).  If the reviews without transactions are reviews of 
                                                           
3 We omit a handful of reviews for which the customer purchased the item in multiple channels prior to writing the 
review.   
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products purchased in retail stores we would actually expect that these would be more positive (not less 

positive as we observe).  More generally, the differences in the ratings across the different retail 

channels are small.  This makes it unlikely that the low ratings for reviews without a transaction are due 

to customers making unobserved purchases from a specific retail channel.   

We can further investigate whether the low rating effect results from unobserved purchases in retail 

stores by identifying customers who are unlikely to purchase in one of this retailer’s stores.  We do so in 

two ways.  First, we use the customers’ individual purchase histories to exclude any customers who has 

ever purchased in a retail store.  Second, we use the customers address to exclude any customer who 

lives within 400 miles of a retail store.  In Table 8 we compare the average ratings for the reviewers that 

remain. 

Table 8.  Excluding Customers Who Purchase in Stores 

 Without a Prior 
Transaction 

With a Prior 
Transaction 

Difference 

Average rating 4.09 4.33 -0.24**            
(0.02) 

Rating = 1 10.60% 5.21% 5.39%**   
(0.36%) 

Rating = 2 6.17% 5.39% 0.79%*   
(0.36%) 

Rating = 3 8.47% 6.52% 1.95%**   
(0.39%) 

Rating = 4 13.08% 16.86% -3.78%**   
(0.59%) 

Rating = 5 61.67% 66.02% -4.34%**   
(0.75%) 

Sample Size (number of reviews) 4,227 96,385  

The table reports the average product ratings for reviews with and without a prior 
transaction, together with the difference in these averages. The sample excludes all 
customers who have purchased in one of the firm’s retail stores and customers living within 
400 miles of one of the firm’s stores. Standard errors are in parentheses. * Significantly 
different, p<0.05 and ** significantly different, p<0.01. 

 

The pattern of findings almost perfectly replicates the findings in Table 1.   In particular, the average 

rating and the percentage of low ratings (equal to 1) is essentially unchanged when restricting attention 
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to customers who are unlikely to make purchases in the firm’s physical retail stores. We conclude that 

the low rating effect is unlikely to be explained by customers making unobserved purchases at retail 

stores. 

Could the Low Ratings be Due to Differences in the Timing of the Reviews? 

The distribution of dates that reviews were written is slightly different for reviews with and without 

prior transactions.  We summarize these distributions in Figure 2, where we report the average number 

of monthly reviews received by this retailer in the years 2008 through 2011.  For ease of comparison and 

to help protect the identity of the firm both monthly averages are indexed to 100 in 2008.   

Figure 2:  Average Number of Reviews Written Each Month (indexed) 

 

The figure reports the average number of monthly reviews calculated separately 
for reviews with and without a prior transaction. To facilitate comparison and help 
protect the identity of the firm the monthly averages are indexed to 100 in 2008. 

 

A lower proportion of reviews without prior transactions were written in 2010 and 2011 compared to 

reviews with prior transactions.  As a result, the average review date is approximately 3.5 months earlier 

for reviews without prior transactions.  To investigate whether this contributed to the lower product 

ratings we calculated the average ratings for the two sets of reviews in each year.  These average ratings 

are reported in Figure 3. 
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Figure 3:  Average Rating by the Year the Review was Written 

 

The figure reports the average product ratings for reviews with and without a prior 
transaction, grouped according to the year that the review was written.  

 

For both sets of reviews we see that reviews written in 2010 and 2011 actually have lower average 

ratings. This is consistent with research elsewhere in the literature that reviews have become more 

negative over time (Li and Hitt 2008, Godes and Silva 2012, and Moe and Trusov 2011).  However, it is 

the opposite of what we would expect if the low rating effect was due to the timing of the reviews 

written without prior transactions.  To further investigate this explanation we also estimated an OLS 

model with fixed effects to control for the day the review was created.  The low rating effect survived 

and was actually strengthened by these controls for the timing of the review. 

Replicating the Word Count Comparison Using these Controls 

Recall that the Word Count measure is one of the most reliable indicators of deception.  We showed in 

the previous section that reviews without prior transactions tend to have significantly more words in the 

text comments than reviews with prior transactions.  As a robustness check we compared whether this 

difference in the Word Count survives the different approaches used to control for these alternative 

explanations.    The results are summarized in Table 9.  As a basis for comparison we also include the 

initial finding from Table 2. 
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Table 9. Replicating the Word Count Comparison                                                                                                   
When Including Controls for the Alternative Explanations 

 Without a Prior 
Transaction 

With a Prior 
Transaction 

Difference 

Initial Comparison (Table 2) 70.13 52.00 18.13**            
(0.33) 

Within Item 70.12 58.08 12.04**        
(0.73) 

Within Reviewer 69.86 67.52 2.34**           
(0.62) 

Excluding Gift Recipients 86.76 68.50 18.27**        
(0.67) 

Excluding Store Purchasers 70.42 52.05 18.37**        
(0.65) 

    
 Without a Prior 

Transaction 
Missing Item 

Numbers 
 

Word Count 70.13 58.15 11.98**       
(0.84) 

The table reports the average Word Count for the different samples of reviews.  The sample 
sizes are all reported in the previous tables.  Standard errors are in parentheses. 
**Significantly different, p<0.01. 

 

Reviews without prior transactions contain significantly more words than reviews with prior 

transactions, even when they are describing the same item.  The difference in the Word Count also 

remains highly significant (p < 0.01) when we compare reviews written by the same customer.  Notice 

that the magnitude of the difference is considerably smaller when comparing the Word Count within-

reviewer.  However, this is a relatively conservative test as it eliminates all of the between customer 

variation.  The Word Count result also survives restricting the sample to customers who have self-

identified that they personally purchased the item (excluding gift recipients) and when excluding store 

purchasers.  We also see a higher Word Count when comparing reviews without a prior transaction with 

reviews that have missing item numbers. Finally, we calculated whether there was a correlation 

between the date of the review and the Word Count in the review.  There is a significant positive 

correlation (ρ = 0.03, p < 0.01), indicating that reviews written later in time tend to have more words.  

Recall that reviews without prior transactions tend to be written slightly earlier in time.  Therefore the 
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difference in the number of words between reviews with and without prior transactions cannot be 

explained by the timing of those reviews.4

Summary 

    

We have investigated five alternative explanations for why we observe lower ratings on reviews without 

prior transactions.  The evidence suggests that the low rating effect cannot be attributed to item 

differences, reviewer differences, gift recipients, misidentification of the products, or differences in the 

timing of the reviews.  We have also shown that the evidence that reviewers use more words when 

writing reviews without a prior transaction cannot be fully attributed to any of these explanations. 

In the next section we investigate who writes reviews without prior transactions.  In particular, we 

evaluate whether the reviews are contributed by a small number of (rogue) reviewers.  We also discuss 

why a customer might write a review without having purchased the product, and investigate the 

implications for the firm and its customers. 

5. Who Writes Reviews Without Prior Transactions? 

We begin by investigating how many reviewers contributed reviews without prior transactions.  We 

then study which of these reviewers provide reviews with low ratings.  We conclude by comparing the 

demographic characteristics and purchasing histories of these reviewers. 

How Many Reviewers Write Reviews Without Prior Transactions? 

In Table 10 we first aggregate the reviews to the reviewer level and group the reviewers according to 

the number of reviews without prior transactions.  The findings reveal that over 94% of reviewers only 

write reviews when they have prior transactions.  The reviews without prior transactions are written by 

less than 6% of the reviewers.   

Most of the reviews without prior transactions are written by reviewers who write just one of these 

reviews.  It is not the case that the reviews without prior transactions are written by a small number of 

rogue reviewers.  Instead, they are contributed by 12,474 individual reviewers. 

                                                           
4 We also used an OLS model to compare the Word Count in reviews with and without prior transactions when 
using fixed effects to explicitly control for the date that the review was written. The difference in the Word Count 
was even larger when controlling for the timing of the review. 
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We can also ask which reviewers are contributing to the low rating effect?  Even though most of the 

reviews without transactions are written by different individual reviewers, it is still possible that a small 

number of rogue reviewers are contributing to the low rating effect.  In Table 11 we report the average 

rating and proportion of reviews with low ratings when grouping reviewers according to the total 

number of reviews they have written that have no prior transactions. 

Table 10. How Many Reviewers Write Reviews Without Prior Transactions? 

Total Number of 
Reviews Without 
Prior Transactions 

Number of 
Reviewers 

% of all 
Reviewers  

% of all Reviews 
Without Prior 
Transactions 

0 200,731 94.15%  

1 10,993 5.16% 69.76% 

2 951 0.45% 12.07% 

3 249 0.12% 4.74% 

4 103 0.05% 2.61% 

5 56 0.03% 1.78% 

6 28 0.01% 1.07% 

7 24 0.01% 1.07% 

8 10 0.00% 0.51% 

9 11 0.01% 0.63% 

10 or more 49 0.02% 5.77% 

The table groups reviewers according to the number of reviews they have written 
without prior transactions. The unit of analysis is a customer and the sample includes 
all of the reviewers with a qualifying review (we exclude reviews with missing item 
numbers).  

 

Among the reviews without prior transactions, the most negative reviews are written by reviewers who 

wrote just one of these reviews.  The pair-wise correlation between the number of reviews without a 

prior transaction and the ratings on those reviews are 0.035 (average rating, p<0.01) and -0.029 (ratings 

= 1, p<0.01).  We conclude that the low rating effect cannot be attributed to a small number of rogue 

reviewers and instead is due to thousands of individual reviewers. 

Another finding of interest in Table 11 is that for the 11,944 reviewers (10,993 + 951) who wrote a total 

of either 1 or 2 reviews without prior transactions there is no evidence of the low rating effect in 

reviews for which they had previously purchased the item.  When they had a prior purchase these 
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reviewers had the same proportion of low ratings (5.79% and 5.71%) as the 200,731 reviewers who had 

prior transactions for all of their reviews (5.76%).  This further confirms that the effect is unlikely to be 

due to reviewer differences. 

Table 11.  Reviews with Low Ratings 

Number of 
Reviews 

Without Prior 
Transactions 

Average Rating Reviews with Ratings = 1 Sample Size 
(Number of 
Reviewers) 

Without a Prior 
Transaction 

With a Prior 
Transaction 

Without a Prior 
Transaction 

With a Prior 
Transaction 

0  4.32  5.76% 200,731 

1 3.99 4.26 12.09% 5.79% 10,993 

2 4.11 4.28 9.62% 5.71% 951 

3 4.22 4.27 6.29% 4.13% 249 

4 4.20 4.41 8.01% 2.70% 103 

5 4.31 4.28 6.79% 5.12% 56 

6 4.42 4.56 4.76% 0.70% 28 

7 4.49 4.47 3.57% 1.91% 24 

8 4.2 4.47 5.00% 2.78% 10 

9 4.09 4.47 11.11% 4.97% 11 

10 or more 4.46 4.51 4.64% 3.52% 49 

The table groups reviewers according to the number of reviews they have written without prior 
transactions. The unit of analysis is a customer and the sample includes all of the reviewers with a qualifying 
review (we exclude reviews with missing item numbers). 

 

Who Writes Reviews Without Prior Transactions? 

In Table 12 we summarize the reviewers’ purchasing characteristics, together with a series of 

demographic variables.  We compare reviewers who only wrote reviews with prior transactions and 

reviewers who wrote at least one review without a prior transaction.  At the request of the retailer, the 

Age, Estimated Home Value and Estimated Household Income measures are indexed to 100 for 

customers who only wrote reviews with prior transactions. 

Customers who write reviews without prior transactions tend to be younger, there are more children in 

their households, and they are less likely to be married and less likely to have graduate degrees 

(compared to other reviewers who only write reviews with prior transactions).  They also tend to have 

less expensive homes and lower household incomes.  However, they also tend to be higher volume 
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purchasers: they have purchased 30% more items even though they have been customers for a slightly 

shorter period.  The average price they pay is identical to the other reviewers, although this price is 

more likely to be a discounted price.  They also write over twice as many reviews.  

Table 12.  Demographics and Historical Purchasing Characteristics 

 Without a Prior 
Transaction 

With a Prior 
Transaction Difference 

Demographics    
Number of Children 0.59 0.49 0.11%**      

(0.01) 

Married 71.95% 73.30% -1.35%**    
(0.42%) 

Age (years) 93.48 100.00 -6.52**      
(0.26) 

Estimated Home Value ($000s) 97.94 100.00 -2.06*     
(0.97) 

Estimated Household Income ($000s) 98.64 100.00 -1.36*     
(0.56) 

Graduate Degree 29.70% 31.26% 1.56%**     
(0.44%) 

Historical Purchasing    

Number of Reviews 2.96 1.44 1.53**            
(0.02) 

Items Purchased 156.08 119.73 36.35**   
(1.71) 

Average Item Price $40.99 $40.89 $0.11    
($0.16) 

Overall Discount Received 8.76% 7.28% 1.49%**     
(0.08%) 

Discount Frequency 21.59% 17.94% 3.64%**       
0.17%) 

Return Rate 18.15% 15.63% 2.52%**    
(0.17%) 

Years Since First Order 11.70 12.52 0.82**     
(0.06) 

The table reports averages for each measure separately for the samples of reviews with and 
without prior transactions. Standard errors are in parentheses. The sample sizes for the 
historical purchasing measures are 12,474 (no prior transaction) and 200,731 (without a prior 
transaction).  The sample sizes for the demographic measures are up to 15% smaller due to  
missing data for some of these variables * Significantly different, p<0.05 and ** significantly 
different, p<0.01.  
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It is clear that these are valuable customers.  Moreover, these findings suggest that the effect is not due 

to competitors writing negative reviews to strategically lower quality perceptions for the company’s 

products.  If this were the case we might expect the negative reviews to be concentrated among a 

smaller number of rogue reviewers, rather than contributed by thousands of individual reviewers.  We 

would also not expect the negative reviewers to have made so many purchases. 

Explanations for Why Customers Write Reviews Without Prior Transactions 

The data is largely silent on why customers would want to write reviews about products that they have 

never purchased.  We offer two possible explanations, but caution that both of them are of a 

speculative nature. 

First, there is a relationship between the number of items that customers have purchased and the 

reviewers’ product ratings, with higher volume purchasers tending to write more negative reviews.5

We can further investigate the possibility that customers are acting as self-appointed brand managers 

by asking which products they are most likely to write reviews for.  One possibility is that customers are 

most likely to react when they see a product that they did not expect.  For example, if a retailer has 

traditionally sold women’s apparel and begins to sell pet products this may prompt the self-appointed 

brand managers to provide feedback.  We investigate this possibility by calculating the following 

measures: 

  In 

other words, the most loyal customers are the most negative.  This may suggest an explanation for why 

some customers write reviews on products they have not purchased, and why these reviews tend to be 

more negative.  It is possible that these customers are acting as self-appointed brand managers.  They 

are loyal to the brand and want an avenue to provide feedback to the company about how to improve 

its products.  They will even do so on products they have not purchased.  A similar argument could also 

explain why community members contribute to building or zoning decisions in their community, even 

where those decisions do not directly affect the community members.  In local hearings about variances 

for building permits it is not unusual to receive submissions from community members who are not 

directly affected by the proposal.  Like the review process, these hearings provide one of the most 

accessible mechanisms through which the community members can exert influence.  

                                                           
5 The pair-wise correlation between a reviewer’s average product rating and the number of items purchased is 
-0.048 (p < 0.01). 
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Prior Units Index:  The total number of units of this item sold by the firm in the year before the 
date of the review.  At the request of the retailer we index this measure by 
setting the average to 100 for the reviews with a prior transaction. 

Niche Items: Equal to one if Prior Units is in the bottom 10% of items with reviews, and 
equal to zero otherwise. 

Very Niche Items: Equal to one if Prior Units is in the bottom 1% of items with reviews, and equal 
to zero otherwise. 

Product Age: Number of years between the date of the review and the date the item was 
first sold.  

New Item: Equal to one if Product Age is less than 2 years and equal to zero otherwise. 

New Category: Equal to one if the maximum Product Age in the product category is less than 2 
years, and equal to zero otherwise. 

In the Table 13 we report the average of each measure for reviews with and without prior transactions. 

Table 13.  Niche Products and New Products 

 Without a Prior 
Transaction 

With a Prior 
Transaction 

Difference 

Prior Units Index 69.63 100.00 -30.37**            
(1.14) 

Niche Items 24.44% 9.26% 15.18%**     
(0.24%) 

Very Niche Items 8.57% 0.61% 7.95%**      
(0.08%) 

Product Age 3.86 4.75 -0.89%**      
(0.04%) 

New Item 50.79% 44.03% 6.75%**      
(0.41%) 

New Category 1.54% 1.15% 0.39%**      
(0.09%) 

Sample Size (number of reviews) 15,759 310,110  

The table reports averages for each measure separately for the samples of reviews with and without 
prior transactions. Standard errors are in parentheses. ** Significantly different, p<0.01.  

 

The findings reveal large (and highly significant) differences on all of these measures.  Reviews without a 

prior transaction are more likely to be written for items that have been introduced more recently.  They 
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also tend to be niche items with relatively small sales volumes. These findings are all consistent with the 

prediction that customers are more likely to provide feedback on items they had not purchased when 

they see the firm selling a product that they did not expect to see.6

An alternative explanation is that reviewers are simply writing reviews to enhance their social status.

   

7

Self-enhancement may explain why reviewers write reviews for items they have not purchased.  

However, it does not immediately explain why these reviews are more likely to be negative.  One 

possibility is that customers believe that they will be more credible as reviewers if they contribute some 

negative reviews.    

  

This explanation is related to the more general question of why do customers ever write reviews with or 

without prior transactions?  In an attempt to answer this more general question some researchers have 

argued that customers are motivated by self-enhancement.  Self-enhancement is defined as a tendency 

to favor experiences that bolster self-image, and is recognized as one of our most important social 

motivations (Fiske 2001; Sedikides 1993).  Wojnicki and Godes (2008) present empirical support that 

self-enhancement may motivate some customers to generate word-of-mouth (including reviews).  Using 

both experimental and field data they demonstrate that consumers “are not simply communicating 

marketplace information, but also sharing something about themselves as individuals,” (Wojnicki and 

Godes 2008 at page 1). Similar arguments have also been proposed by other researchers, including Feick 

and Price (1987) and Gatignon and Robertson (1986).  

Unlike some other websites, the retailer that provided data for this study does not celebrate its most 

prolific reviewers with titles such as “Elite Reviewers” (Yelp) or “Top Reviewer” (Amazon).  However, it 

does identify reviewers by their chosen pseudonyms.  Moreover, reviewers writing reviews without 

transactions do tend to be more prolific than other reviewers (see Table 12).   Although we have no 

direct evidence that the low rating effect is due to reviewers seeking self-enhancement, it is plausible 

                                                           
6 It is possible that the variation in the number of units sold may simply reflect category differences.   To 
investigate this possibility we used OLS to explicitly control for category fixed effects when using the absence of a 
prior transaction to explain variation in the Prior Units measure.  The findings were very similar to the results for 
the Prior Units Index in Table 13.  In particular, the absence of a prior transaction is strongly associated with items 
that have smaller unit volumes. 
7 For example, a single reviewer at Amazon.com, Harriet Klausner, has contributed over 25,000 book reviews (all 
reportedly unpaid), at a rate of approximately seven a day for a period of over 10 years.   Interestingly, when 
queried about Mrs Klausner together with other examples of unpaid reviewers who acknowledged writing reviews 
for books they had not read, an Amazon spokesperson simply responded: “We do not require people to have 
experienced the product in order to write a review” (Streitfeld 2012). 
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that some of these reviewers may have been motivated to bolster their self-image through 

demonstration of their expertise. 

Implications 

To investigate whether the low rating effect has any impact on either the firm or customers we can 

compare sales before and after the date of the review.  For each review without prior transactions we 

calculate units sold and revenue earned in both a pre-period and a post-period and then compare these 

measures.8

Our focus is on comparing the difference in the change in units and revenue according to the product 

rating in the review.  In particular, we are interested in whether the low ratings in reviews without prior 

transactions are associated with smaller increases (or larger decreases) in units sold and revenue 

earned.  This is a difference-in-difference approach to identification (Bertrand, Duflo and Mullainathan 

2004).  As a result, we do not require that in the absence of the reviews, sales would have been the 

same in the pre and post periods.  Instead the identifying assumption is that in the absence of the 

reviews, the expected change in sales between the pre and post periods would have been the same 

across all of the five product rating levels.   

  We use the same length pre and post periods, and to evaluate robustness vary the lengths 

of these periods to include one month, three months, six months and one year (before and after the 

date of the review).  We omit any item that was introduced or discontinued within these time windows, 

which leads to some variation in the sample sizes for the different length periods.   

In Table 14 we report the pair-wise correlations between the product ratings and the changes in units 

and revenue.  The unit of analysis is an item x review date.  When there are multiple reviews for the 

same item on the same day we use the average of their product ratings.  In Figure 4 we illustrate the 

findings by reporting the average change in revenue between the six month pre and post periods for 

each of the five rating levels.  At the request of the firm we index the results by scaling the average 

change to zero when the product rating is equal to five.    

Across all four time periods there is a consistent positive relationship between the product rating on 

reviews without prior transactions and the change in both units sold and revenue earned.  When the 

rating was more positive there was a larger increase (or a smaller decrease) in sales in the post period.  

                                                           
8 The change in revenue and units from the pre period to the post period are calculated as a percentage of the 
midpoint of the pre period and post period outcomes.   This ensures that the calculation does not introduce an 
asymmetry in the magnitude of increases versus decreases. 
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The effect is stronger the longer the time window, suggesting that not all of the effect is felt 

immediately.   

Table 14.  Ratings on Reviews Without Prior Transactions                                                                                        
and the Change in Units and Revenue 

 Change in             
Units Sold 

Change in 
Revenue Earned 

Sample            
Size 

1 Month 0.0138†     0.0159†  14,274 

3 Months 0.0144†     0.0178*  12,985 

6 Months 0.0211**    0.0255**  10,780 

1 Year 0.0306**  0.0403**   7,810 

The table reports the pair-wise correlation between product ratings on reviews 
without prior transactions and the change in units and revenue. The change in 
units and revenue is calculated using the same length pre and post periods where 
the rows correspond to different length pre and post periods.  The unit of analysis 
is an item x day. †Significantly different, p<0.10, *significantly different, p<0.05 and 
**significantly different, p<0.01. 

 

Figure 4.  Ratings on Reviews Without Prior Transactions                                                                                        
and the Change in Revenue 

 

The figure reports the average change in revenue between six month pre and post 
periods.  We restrict attention to the reviews without prior transactions, and 
distinguish the reviews according to the product ratings.  The change in revenue is 
scaled to zero when the product rating is equal to five.  
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It is possible that this positive relationship reflects the reviewers’ ability to predict future sales.  

However, it is also possible that the reviews are influencing future sales performance.  This would be 

consistent with growing evidence elsewhere in the literature that reviews can affect product sales (see 

for example Chevalier and Mayzlin 2006). It is this second interpretation that suggests that the low 

rating effect may have important implications for the firm and its customers.  In particular, the 

disproportionate number of low ratings may be dissuading customers from buying products they would 

otherwise purchase, and in turn reducing sales for the firm.   

We can estimate the potential impact of the low rating effect on firm sales by calculating the average 

change in sales if the distribution of product ratings was the same for reviews without prior transactions 

as for reviews with prior transactions.  For each review without a prior transaction we estimate that 

revenue is lowered by approximately 0.3% compared to the previous year’s revenue (using the 1-year 

comparison).  Items that have reviews without prior transactions have on average 3.93 of these reviews, 

and so the net impact is a reduction in revenue by approximately 1.1%.  We caution that this estimate 

should be considered tentative as it assumes that the differences in the ratings cause the differences in 

the sales outcomes.  

6. Conclusions  

We have studied customer reviews of private label products sold by a prominent apparel retailer.  Our 

analysis compares the product ratings on reviews for which we observe that the customer has a prior 

transaction for the product and reviews without prior transactions.  The findings reveal that the 5% of 

reviews for which there is no observed prior transaction have significantly lower product ratings than 

the reviews with prior transactions. 

We are able to rule out several alternative explanations for this low rating effect.  The effect does not 

appear to be explained by item differences, reviewer differences, gift recipients, customers 

misidentifying items, unobserved transactions, or differences in the timing of the reviews.  Instead, an 

analysis of the text comments in the reviews reveals that the reviews without prior transactions contain 

linguistic cues that are consistent with at least some of these cues being deceptive.   We caution that 

this should not be interpreted as evidence that all of the reviews without prior transactions are 

deceptive.  The main limitation in our analysis is the absence of direct evidence of deception.  This 

limitation is common to almost all research on deception that does not rely on constructed stimuli.  As 
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with other studies of deception in online reviews, we infer deception from behavioral patterns that 

deviate from behavior that is thought to be truthful. 

We also present evidence that the reviews without prior transactions cannot be attributed solely to a 

small number of rogue reviewers.  These reviews are contributed by 12,474 individual customers.  

Moreover, the low rating effect is particularly prominent among the 11,944 customers who submitted 

just one or two reviews without prior transactions.  These are some of the firm’s most valuable 

customers.  On average they each purchased over 100 products.  We conclude that it is very unlikely 

that the effect is due to agents or employees of competing retailers submitting negative reviews to 

induce substitution to their own products.  Instead the low rating effect appears to be due to actual 

customers engaging in this behavior for their own intrinsic interests.  In this respect, the findings 

represent evidence that the manipulation of product reviews is not limited to strategic behavior by 

competing firms.  Instead, the phenomenon may be far more prevalent than previously thought.   

The paper has several important managerial implications. First, if the deceptive reviews are in part 

caused by customers seeking to enhance their social status then firms may choose to take steps to 

weaken their incentive to do so.  For example, publicly rewarding prolific reviewers with an “elite 

reviewer” status may lead to more deceptive reviews. Firms may also want to stop reporting the 

number of reviews written by each reviewer, or make it more difficult to find all of the reviews written 

by an individual reviewer.   Second, Expedia’s model of only allowing customers who have purchased the 

product to write a review is one approach to resolving the phenomenon that we document.  The firm 

that participated in this study could adopt a similar policy: only allowing reviewers to submit reviews for 

items that they have purchased.  If customers become aware that the phenomenon is as widespread as 

the findings in this paper suggest, then conditioning the acceptance of reviews on a prior purchase may 

become the industry standard.  This has a third important implication.  If in the long-run reviews at a 

website are only considered credible when they are linked to a purchase, this may harm the business 

model of firms that offer reviews without engaging in customer transactions.  For example, these 

findings may raise concerns about the current business model of firms such as Yelp and TripAdvisor.  In 

the future we may see these firms forming relationships with partners who can provide access to 

transaction information.   
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