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Abstract$$

Although many researchers in Information Systems and Marketing have studied the effect of product 

reviews on sales, few have looked at their effect on product returns. We hypothesize that product reviews 

affect the quality of purchase decisions, and, hence, the probability of the eventual return of the purchased 

products. We elaborate this hypothesis by developing an analytical model that shows how changes in the 

valence and precision of such information affect the purchase and return probabilities of risk-averse, but 

rational, consumers. We empirically validate the predictions of our theory using a transaction level data 

set from a multi-channel, multi-brand specialty retailer operating in North America. We find that higher 

average online ratings, the availability of a higher volume of reviews, and a higher percentage of reviews 

that have been voted as ‘helpful’ by peers, are all associated with a lower probability of returns, after 

controlling for customer, product and channel-related factors. These results are largely consistent with the 

predictions of our theoretical model, and suggest that online reviews indeed help consumers make better 

purchase decisions. We conclude with the implications of our findings for consumers, managers, and 

academics. 
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1 Introduction$$$

According to a recent Wall Street Journal article, one out of every three purchases at online retailers is 

returned (Banjo 2013). The problem is worse for certain categories of products, such as fashion goods, for 

which more than 50% of online purchases could be returned (Martinez 2009). Product returns cost 

manufacturers and retailers over $100 billion annually, or 3.8% of their revenue.1 Despite these costs, 

most retailers continue to offer consumers the option to return products, to induce them to make 

purchases in the presence of uncertainty. At the same time, the high cost of returns has prompted retailers 

to provide customers as much useful information as possible (via new technologies, such as zoom 

features, color swatches, alternative photos, etc.) to help them make informed purchase decisions and 

avoid returns. It has been shown that such technologies can reduce product returns (De et al. 2013). In this 

paper we study the effect of another very important source of information on product returns, namely, 

online product reviews.  

A large literature in Information Systems and Marketing has established the influence of product 

reviews on sales. However, most sales are not final. Despite industry claims that product reviews lead to 

fewer returns,2 to the best of our knowledge, this question has not been addressed in academic research. 

We fill this gap by offering what we believe is the first academic study of the impact of product reviews 

on product returns. 

                                                        

1 These costs include the costs of processing a returned product such as unpacking, checking, repacking and 

restocking as well as the refund costs. Additional costs, such as shipping costs and costs associated with products 

returned in used condition, can also occur. 
2 See, for example, the marketing literature of leading ratings and reviews solution provider BazaarVoice 

(http://www.bazaarvoice.com/industries/) and sponsored case studies such as “PETCO Slashes Return Rates with 

BazaarVoice Ratings & Reviews” (http://www.businesswire.com/news/home/20070626005416/en/PETCO-Slashes-Return-

Rates-Bazaarvoice-Ratings-Reviews) 
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We adopt an information-theoretic perspective and view product reviews as signals of product 

quality and fit. We develop an analytical model that shows how changes in the valence and precision of 

such information affect the purchase and return probabilities of risk-averse, but rational, consumers. Our 

model analyzes settings where consumers interpret the information contained in reviews correctly, as well 

as incorrectly, and derives distinct predictions for each. We empirically test the predictions of our 

theoretical model using a transaction level data set from a multi-channel, multi-brand specialty retailer 

operating in North America. Our empirical results are consistent with the predictions of our theoretical 

model in a setting where consumers correctly interpret the valence and precision of online reviews. 

Specifically, we find that higher ratings valence, higher review volume, and the presence of reviews that 

have been voted as ‘helpful’ by customers, are all associated with more purchases and a lower probability 

of return, after controlling for a variety of customer, product and channel-related factors. The richness of 

our data set allows us to derive several secondary results that shed additional light into the contribution of 

information that consumers obtain about products (by browsing and searching the retailer’s ecommerce 

site) on purchases and returns.  

Our study provides evidence that product reviews lead to better purchase decisions, i.e. to fewer 

regrets. This point is important, because several researchers (for example, Hu et al. 2009; Mayzlin et al. 

2012) have pointed out that some product reviews are biased and potentially fake and have speculated that 

such irregularities might confuse or mislead consumers. Our findings suggest that, for the most part, the 

information contained in online reviews does not mislead consumers, in the sense that products that have 

higher average ratings and more and ‘better quality’ reviews (e.g. reviews designated as ‘helpful’ by other 

consumers), are both purchased more and returned less. 

We proceed as follows: after a description of related work (Section 2), we develop an analytical 

model based on which we offer theoretical predictions on the impact of reviews on purchases and returns 

(Section 3). In the empirical section, we describe the data set and outline how the variables map onto the 

key constructs related to our propositions (Section 4). Next, we propose our econometric model, present 
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our key findings, and offer validation checks confirming the robustness of the findings (Section 5).  We 

conclude the paper with a summary of findings and a discussion of implications for practitioners and 

academics (Section 6). 

2 Related$Work$

There are two streams of literature that are relevant to our research focus. The first stream examines 

product reviews whereas the second investigates product returns.   

Over the past decade, the literatures of Information Systems and Marketing have devoted a lot of 

attention to the study of online product reviews (see for example, Dellarocas (2003) and Li and Hitt 

(2008)). Several studies have examined the relationship between online reviews and sales. For example, 

in an online experiment, Senecal and Nantel (2004) find that participants who consulted product 

recommendations selected these products twice as often as those who did not consult recommendations. 

Chevalier and Mayzlin (2006) find that online consumer ratings significantly influence product sales in 

the market for books and that customers actually read review text in addition to the reviews’ summary 

statistics. More recently, Luca (2011) finds that a one star increase in a restaurant’s Yelp rating led to 5-

9% increase in revenues.  

Other studies have looked more deeply into the impact of different characteristics of the review 

on sales. Dhanasobhon et al. (2007) find that more helpful reviews and highlighted reviews have a 

stronger impact on sales than other reviews do. Zhu and Zhang (2010) find that the impact of reviews on 

sales is stronger for less popular products and for customers who have greater Internet experience. 

Forman et al. (2008) find that reviews containing identity-descriptive information about their authors tend 

be both more influential in impacting sales as well as more frequently voted as helpful by their readers.  

(Archak et al. 2011) demonstrate that the text of reviews impacts sales above and beyond the 

corresponding numerical rating.  
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The wealth of positive results on how reviews impact sales is accompanied by a relative dearth of 

results on whether reviews lead to good purchase decisions. In fact, several authors have looked at 

sources of bias (Dellarocas and Wood 2008, Li and Hitt 2008, Hu et al. 2009) and fraud (Dellarocas 2006, 

Mayzlin 2006, Hu et al. 2012, Mayzlin et al. 2012) in online reviews and have speculated that such 

irregularities might confuse and mislead consumers. Looking at how reviews affect both purchases and 

returns allows us to examine the extent to which such concerns manifest themselves in practice. 

There is, similarly, a large marketing literature on product returns. Return policies and marketing 

actions of the firm have been shown to be used as information influencing the pre-purchase phase 

(Petersen and Kumar 2009, Shah et al. 2012). Research shows that many consumers value more lenient 

return policies in the purchase consideration phase and returns have been shown to increase overall sales 

(Wood 2001). At the time of purchase, there are a number of marketing mix decisions and product-

specific variables that have been shown to affect returns. For example, Hess and Mayhew (1997) suggest 

that return rates vary across product categories with some having return rates as high as 25% (e.g., shoes) 

while others have virtually no returns (e.g., socks).  From a marketing mix perspective, products 

purchased at lower prices (Anderson et al. 2009) and while on promotion (Petersen and Kumar 2009) are 

less likely to be returned due to the perceived value in such purchase situations. Within a multi-channel 

context, retailers will need to consider the cross-channel impact of purchases of multi-channel shopping 

e.g., purchases in an offline store that might be returned in an online store (Ofek et al. 2011). Collectively, 

these papers suggest that when drawing inferences on expected demand, it is important to consider both 

customer purchase behavior as well as return behavior to allow for an assessment of the net impact on 

revenues (Anderson et al. 2009).   

Despite the continued interest in both product returns and product reviews, we are unaware of any 

study that looks into the impact of online reviews on product returns. This is a significant gap in the 

literature because online reviews have been a primary source of information for the products in e-

commerce sites for over two decades now. 
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3 Theoretical$Framework$

3.1 A$Model$of$Purchases$and$Product$Returns$$

In this section, we develop an analytical model that examines how purchase and return probabilities are 

changed by the information that the consumer obtains about the product by browsing the retailer’s 

ecommerce site, visiting the retailer’s store and, of course, reading reviews about the product online. Our 

model produces a set of theoretical predictions that guide our empirical analysis in Section 5.  

We assume that customers are rational, but risk-averse, even though our modeling specification is 

general enough to include risk-neutral customers as a special case. Our analysis examines the impact of 

four constructs of interest on purchase and return probabilities: (1) valence of quality information, (2) 

precision of quality information, (3) uncertainty of fit, (4) return costs.  

Formally, we consider a customer i  who is contemplating whether to purchase an item j . Once 

the customer purchases, she has the option to keep or return the item. We assume an exponential utility 

function αα )/(1=)( zezU −− , 0≥α  that allows us to model risk-averse customers and also converges 

to risk-neutral behavior ( zzU =)( ) as α  goes to zero. The customer’s ex-ante beliefs are given by:  
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 In the above expressions, ijy  denotes the customer’s beliefs about product quality, ij!  represents the fit 

of product j  to consumer i ’s taste, and 0!ijr  are the costs of returning the product. Term ij!  is a 
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standard, normally distributed, econometric error term that is known to the customer before purchase, but 

remains unknown to the econometrician. Its precision is normalized to one.3 

We assume that product quality is unknown to the customer before purchase. Customers have 

normally distributed prior beliefs about product quality with mean ijµ  and precision ij! . During the path-

to-purchase, each customer obtains a signal of quality ijx  whose precision we denote by ijρ . This signal 

abstracts all the information that the consumer obtains about the product by browsing the retailer’s 

ecommerce site, visiting the retailer’s store and, of course, reading reviews about the product online. We 

assume that signal ijx  follows a normal distribution that is centered at the product’s true quality. Using 

elementary probability theory it can then be shown that the consumer’s posterior beliefs ijy  about 

product quality are normally distributed with mean ( ) ( )ijijijijijij x !"!µ" ++ /  and precision ijij !" + . 

The fit term ij!  models the fact that almost all items have subjective dimensions whose appeal 

differs from one customer to another. Prior to purchase ij!  is unknown but customers know that it is 

normally distributed with zero mean and precision ij! . Note that the precision of the fit variable depends 

on both on the customer and the product. Some products have inherently more subjective qualities than 

other. Similarly, some customers are more uncertain about their own taste or needs.  

Finally, we assume that return costs ijr  are known to the customer before purchase. 

According to the above assumptions, from the perspective of a consumer contemplating a 

purchase, ijijijkeepij yz !" ++=|  is the sum of two independently distributed normal random variables4 

                                                        

3 The above specification does not explicitly include the disutility of product cost. We assume that it is factored into

ijy . 

4 Recall that ij!  is known to the consumer and is, therefore, not a random variable from her perspective. 
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and is, thus, also normally distributed with mean ( ) ( ) ijijijijijijijij xm !"#"µ# +++ /=  and variance 

ijijijijs !"# 1/)1/(=2 ++ . 

3.1.1 Purchases$

The customer’s expected utility from purchasing an item can be written as:  

 )(][)(]|[= || returnPrUEkeepPrkeepUEU returnijkeepijij +  (2) 

Customers will return the product if and only if ijreturnijkeepij rzz !=< || . Customer i ’s expected 

probability of return is thus simply:  
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Substituting into (2) yields:  
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 0)>),,((=)( ijijijij srmUProrderPr  

We define H as a function of ijmz =  as follows:  
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and observe that function H  has a negative lower bound ( )1 ijr
e

!
" , a positive upper bound (1) and 

increases monotonically with z . This implies that H  has a unique root ),( ijij sr! , such that 

0=),),,(( ijijijij srsrH ! . Note that ),( ijij sr!  is the value of ijm  that makes the customer indifferent 

between purchasing and not purchasing. A purchase occurs iff 

( ) ( ) ),(>/= ijijijijijijijijijij srxm !"#$#µ$ +++ . Therefore:  
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 The following result then holds:5 

Proposition 1.  If the purchase probability is given by equation (4) the following properties hold:   

1. A higher quality signal (in terms of its valence) increases the purchase probability.  

2. If consumers are sufficently risk averse and return costs are suffiently high, a more precise 

quality signal increases the purchase probability; otherwise the impact of higher precision 

depends on the signal’s valence: it increases purchase probability when signal valence is high 

and reduces it when valence is low.  

3. If consumers are sufficiently risk averse, higher uncertainty about fit decreases the purchase 

probability; otherwise it increases it. 

                                                        

5 The proofs of all the propositions are provided in Appendix A. 
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4. Higher return costs reduce the purchase probability.  

Some aspects of the above results merit further discussion. In Part 3 we find that higher 

uncertainty about fit induces risk-neutral consumers to purchase more. This appears counter-intuitive at 

first, but can be understood once we observe that the option of returns is setting a lower bound on the 

potential losses from buying a product. Therefore, if returns are possible, higher uncertainty about fit 

increases the potential upside of buying the product more than it increases the downside, making it more 

likely that a risk-neutral buyer will purchase. This effect is reversed once we assume substantial risk 

aversion, i.e. a sufficiently concave utility function, where the disutility of a product return is high and the 

impact of higher quality on utility is limited. The latter behavior is closer to intuition under the common 

assumption of a risk averse consumer. 

The drivers of Part 4 are similar. In the case of risk-neutral consumers, a more precise high 

valence signal (more precisely, a signal whose valence is higher than prior beliefs) increases posterior 

beliefs, making consumers more intent on buying, whereas a more precise low valence signal decreases 

posterior beliefs, making consumers less intent on buying. Once we introduce risk aversion, however, if 

return costs are sufficiently high, the risk-reduction effects of a more precise signal dominate its posterior 

belief influence effects. We then find that higher precision increases purchase intention even in the case 

of low valence signals. 

3.1.2 Product$Returns$

Equation (3) gives the probability of return for a given ij!  (known to the customer before 

purchase, unobservable by the econometrician). This is the ex-ante probability of return of a given 

customer i  at a given purchase instance. The ex-post probability of product returns, as observed by the 

econometrician, is the expected probability of returns, conditional on having made a purchase, for all 

possible values of ij! :  



12 
 

 
)(

)(
=)|(=

purchasePr
purchasereturnPr

purchasereturnPrRij

!  

Denote ( ) ( )ijijijijijijijijijijijij xsrxr !"!µ"#$!% ++& /),(=),,,( . Recall, from (4), that purchases happen 

iff ),,,(> ijijijijij xr !"##  and it is  

( ) !
"

#$%
%
&

'
(
(
)

*
#

+

+
$

),,,(
)(=),,,(=),(=)(

ijijijxijrijijijijijij
ijij

ijijijij dxrsr
x

purchasePr
+,-

--.+,-/
,0
,µ0

 

The ex-ante consumer beliefs regarding the probability of a return are given by (3). If we assume that 

these beliefs are correct, we obtain:  
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 where ( ) ( ) !"#"µ# +++ ijijijijijijij xm /=  . 

Comparative statics yield the following result: 

Proposition 2. If the probability of product returns is given by equation (5) the following properties hold:   

1. A higher quality signal reduces the probability of product returns.  

2. If return costs are sufficiently high, a more precise quality signal reduces the probability of 

product returns.  

3. Lower uncertainty about fit reduces the probability of product returns.  

4. Higher return costs reduce the probability of product returns.  

Interestingly, the above results hold for both risk neutral and risk averse customers. 
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3.1.3 Consequences$of$Incorrect$Signal$Interpretation$

The preceding analysis assumes that customers correctly interpret the precision and valence of the 

various signals that are available to them. In practice, this is not always the case. Claims about a product 

made on a website might be overblown. Reviews might be biased (Hu et al. 2009) or  fake (Mayzlin et al. 

2012). Consumers do not always perceive these irregularities before purchase (Hu et al. 2012). The 

following result can be shown: 

Proposition 3. The following properties hold:   

1. If customers erroneously assign higher valence to a quality signal, both purchase and return 

probabilites increase (relative to the case where consumers correctly interpret the signal). 

2. When return costs are sufficiently high and customers are sufficiently risk averse, if they 

erroneously assign higher precision to a quality signal, both purchase and return probabilities 

increase (relative to the case where consumers correctly interpret the signal).  

Proposition 3 offers a way to empirically detect whether consumers overestimate the valence and/or 

precision information contained in online reviews and other pre-purchase signals: if signal attributes that 

are commonly associated with higher valence/precision lead to both higher purchases and higher returns 

then this constitutes evidence of misleading information (or of wrong interpretation of this information by 

consumers). 

3.2 Operationalization$of$Constructs$$

We next describe how the four key constructs of (1) valence of quality information, (2) precision 

of quality information, (3) uncertainty of fit, and (4) return costs that formed the basis for the propositions 

developed above, can be operationalized in our empirical context. 
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3.2.1 Valence$of$Quality$Information$$

We hypothesize that the valence of consumer product reviews or the average rating of the 

product serves as a signal of underlying product quality. This is especially the case for experience 

products such as clothing that can be difficult for consumers to evaluate prior to purchase (Senecal and 

Nantel 2004). A number of studies (see Section 2) have established the positive impact of average ratings 

on sales but no related result exists with respect to product returns. Overall, based on Propositions 1.1 and 

2.1, we expect that, if consumers correctly interpret the information that is contained in product ratings, 

higher average ratings will be associated with an increase in the probability of purchase and a decrease in 

the probability of product return. $

3.2.2 Precision$of$Quality$Information$

An increase in the precision of quality information acquired by consumers can have a significant 

impact on their purchase decisions as well as post-purchase outcome of returns (Duan et al. 2008). In the 

context of our study, several review and consumer activity attributes can plausibly play a role in affecting 

information precision: 

a) We posit that a higher volume of consumer reviews provides a more precise signal about the product. 

This can be seen using a consumer that updates the belief in a Bayesian manner using each review as 

a random variable indicating quality signal. When the prior is Gaussian, and each random variable is 

drawn from a Gaussian distribution, the precision of the posterior distribution increases with the sum 

of the precision of the random variables. In other words, an increase in information through volume 

of reviews available could lead to increased consumer trust (Chen et al. 2004). More available 

information about the product quality from volume of customer reviews should lead to better 

purchase decisions by customers (Zhu and Zhang 2010), lowering the probability of return. 

Moreover, from a signaling perspective, the perceived risk and potential post-purchase regret 

associated with the purchase of a product with uncertain quality is likely to be lower since the sheer 

volume of reviews serves as a social cue.  
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b) Dispersion or variation in ratings indicates disagreement of consumers about the product quality.  

We hypothesize that higher ratings dispersion lowers the information precision that reviews provide 

(Qiu et al. 2012). According to Propositions 1.2 and 2.2 we expect that this leads to a lower purchase 

probability and to a higher probability of product returns. 

c) We postulate that reviews that are considered helpful by consumers, e.g., “helpful” reviews on 

Amazon.com, are of better quality and thereby offer information of higher precision. Endorsement by 

peers serves to enhance the quality and quantity of review contribution (Moon and Sproull 2008). 

This in turn provides a more precise signal of quality which encourages trust, lower uncertainty, and 

even allows providers to command economic premiums (Resnick et al. 2000, Pavlou and Gefen 2004, 

Forman et al. 2008, Ghose et al. 2008).  Given these favorable attributes, we expect that reviews with 

a higher positive endorsement from consumers on the helpfulness dimension represent more refined 

signals of product quality and, again based on Propositions 1.2 and 2.2, increase purchase probability 

and decrease product return probability. 

d) Finally, we conjecture that repeated browsing of the same product and searching activity of the 

consumer prior to the purchase provides information that increases the precision of the pertinent 

quality signals. Our key argument is that the number of repeated browses of the same product gives 

the consumer the opportunity to pay attention to additional product information that could lower the 

level of uncertainty of the customer. Similarly, keyword search activities usually indicate that the 

customer is actively looking for precise information about specific products and is therefore more 

certain about what she needs to purchase. Following Propositions 1.2 and 2.2, we therefore expect 

that repeated browsing of the same product and search behavior increases information precision, 

resulting in an increase in purchase probability and a decrease in return probability.  

3.2.3 Uncertainty$about$the$product$fit$

Product fit uncertainty is essentially the degree to which a consumer cannot assess whether a product’s 

attributes represent a match for her preference (Kwark et al. 2014). We hypothesize that extensive website 
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browsing of different products on the path to purchase is associated with consumers who are uncertain 

and hesitant about what they want.  Based on Propositions 1.3 and 2.3, we expect that the greater the 

number of times a consumer browsed different products at the website of the retailer, the lower the 

purchase probability and the higher the product return probability. 

3.2.4 Return$Costs$

 The costs associated with returns play a significant role from a consumer’s perspective. The costs are 

likely to vary across products and consumers. Certain types of products are systematically more likely to 

be returned than other types, based on such costs. We expect that products purchased in categories that 

tend to be bulkier, such as furniture, to be returned less often than smaller items, such as clothing. A 

second variable that captures the effect of return costs is the distance of the customer from the store – we 

posit that, the greater the distance, the higher are the return costs for the customer, and, hence, the lower 

the purchase as well as return probability. Based on Propositions 1.4 and 2.4, we expect that, an increase 

in return costs lowers the probability of purchase as well as the probability of product returns. 

Table 1 summarizes how the four constructs that form the basis for our theoretical development of 

propositions map onto empirical constructs.  
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Constructs and Variables Hypothesized effect on 

Purchase Probability  

Hypothesized effect on 

Return Probability* 

1. Valence of Quality Information  – Propositions 1.1 and 2.1 

Average rating + - 

2. Precision of Quality Information – Propositions 1.2 and 2.2 

Volume of reviews + - 

Standard deviation of rating - + 

Helpful reviews + - 

# of repeated browses of same product + - 

# of keyword searches + - 

3. Uncertainty about product fit – Propositions 1.3 and 2.3 

Number of different products browsed - + 

4. Return Costs – Propositions 1.4 and 2.4  

Distance of the customer - + 

Category effects (e.g., furniture) - + 

*under the assumption of correct information/consumer interpretation. 

Table 1 Categorization of Variables 

4 Data$

4.1 Data$set$description$

We empirically validate the predictions of our theoretical model using a transaction level data set from a 

multi-channel multi-brand specialty retailer operating in North America.6 This is a specialty retailer, like 

                                                        

6  We are grateful to Wharton Customer Analytics Initiative for making this data set available 

(http://www.wharton.upenn.edu/wcai/) 
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Gap, whose products are sold only through the company-owned stores. We focus on the two largest 

brands of the company. The first brand, Brand A, sells women’s apparel, accessories, and decorative 

home items, targeting primarily women in their early 30s. The second, Brand B, is the flagship brand of 

the retailer that sells trendy apparels and accessories for men & women as well as some home furniture. 

Brand B targets a wider segment of female customers. The two brands are managed largely 

independently. They have separate websites and hundreds of brick-and-mortar stores across the U.S.A. 

and Canada. 

The data set was collected over a period of two years from July 2010 to June 2012. It consists of 

information about products, product reviews, customers, purchases, and a rich set of customer touch-point 

data including consumer-level browsing and searching activity on the retailer’s website. Product 

information includes category, description, and individual ratings & reviews with timestamp. The 

company allows website visitors to indicate whether they found a review to be helpful. In addition, the 

company designates a fraction of the reviewers as top-reviewers based on their review contribution. This 

is displayed as a badge next to each product review that these top-reviewers write. Helpful votes and 

reviewer badges were also collected. 

Our data set includes 14,000 randomly selected customers from each brand. The customer data 

includes age, gender, zip code, and distances to the nearest store for each brand. In addition, we have a 

record of the products customers browsed and online searches they performed with timestamps. All 

purchases and returns made by customers in the data set, whether offline or online, are recorded as well. 

Such transaction data include the items purchased, price paid, promotions applied, purchase location, and 

whether the purchase was returned. Each promotional email sent to each of these customers was recorded 

with timestamps as well. Table 2 presents some key descriptive statistics of the two brands. We use the 

subset of consumers for whom all the demographic variables are present. We exclude transactions that 

have taken place in the last month of the data collection window. This allows each purchase enough time 
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for it to be returned. According to the data provider, almost all product returns take place within one 

month of purchase.  

Brand A B 
# of customers (overlapping set, total of 28K) 24K 27K 
# of products 29K 32K 
# of products with reviews 17K 23K 
# of reviews 129K 115K 
Average ratings of products 4.21 4.07 
# of product views  3.4M 3.5M 
# of searches  39K 133K 
# of purchases  417K 303K 
# of returns  80K 34K 
# of emails received by customers 3.4M 5.4M 

Table 2 Data description 

Using this data set we operationalize the constructs in the manner described in Section 3.2. Table 3 

provides the detailed definition of the variables we used. 

 

4.2$$ Visual$evidence$of$effect$of$different$factors$on$product$return$

Before describing the econometric model we show a few plots that visually depict how returns vary by 

product categories, hassle cost of return, and product reviews.  

 Figure 1a shows the fraction of purchases returned in each category of products. We can see that 

the return rate is very different across categories. Although on average about 11% purchases get returned, 

clothes, for which fit is important, are returned much more often (14%) than accessories (8%) and 

furniture (5%), which could be more inconvenient to return.  

Figure 1b plots the average fractions of products returned by customers who live at a certain 

distance from the store. The four bars of the figure correspond to the quartiles of the distance distribution. 

This figure shows that the probability of the product return decreases with the customer’s distance from 

the nearest store. This is likely because the hassle associated with returning a product is higher when a 

consumer is far from the store. This could make returning the products less likely for such customers. 
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Variable Names Description 
return The dependent variable: was the purchase returned? 
Review variables (time-variant) 

nreviews Number of reviews (in 100s) available for the product at the time of 
purchase 

av_rating Average rating of the product at the time of purchase 
sdev_rating Standard deviation of the ratings 
helpful_reviews Fraction of reviews that are deemed helpful by consumers 
from top reviewers Fraction of reviews that are from (firm-designated) "top reviewers" 
length Average number of words in reviews for product 
Context (time-variant) 
holiday Was product purchased during a week leading up to a holiday? 
in-store Was product purchased in a physical store? 
price Price paid in USD 

Popularity Number of times (in 100s) the product has been purchased by all the 
consumers  divided by the days the product has been sold 

Consumer activity prior to purchase (time-variant) 

repeated browses Number of times the consumer browsed the product in the 2 weeks 
leading up to the purchase 

# products browsed Number of distinct products browsed by the consumer in the 2 weeks 
leading up to the purchase 

# keyword searches Number of keyword searches the consumer performed in the 2 weeks 
leading up to the purchase 

recency Negative of the number of days since the last purchase made by the 
user 

Marketing variables (time-variant) 

emails Number of emails delivered to the customer in the 2 weeks leading up 
to the purchase 

promo Was a promotion applied to this purchase? 
Product Information (time-invariant) 

Category The category of the product; one of: Accessories, Clothing, Home-
and-Furniture, Misc 

Consumer variables (time-invariant) 
frequency (per year) Number of products purchased per year 
Age > 36 Is the consumer over the age 36 (median age)? 
Male  Is the consumer Male? 

distance The distance of the consumer's home from the nearest store of the 
purchased brand 

online_shopper Did the consumer make more than half of his/her purchases online? 

Table 3 Variable definitions 
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Figure 1c shows the fraction of purchases returned against the average ratings of each product. 

Like Figure 1b, the four bars of the figure correspond to the quartiles of the ratings distribution. We 

observe that returns decline as average ratings increase.   

  

Figure 1 Impact of different factors of product returns. 

Finally, in Figure 1d we plot for each product the fraction of the purchases that are returned 

against the total number of reviews the product has. The straight line is a simple linear model fit to the 

data. The solid curve is a non-parametric regression line using penalized regression splines (Fox and 

(d) Return rate by review volume (c) Return rate by average rating 

(b) Return rate by distance from store (a) Return rate by product category 
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Weisberg 2010). We can see a decreasing trend of the fraction returned as the number of reviews on the 

product increases.  

A number of factors beyond the three shown here, such as product quality, popularity, price, etc., affect 

the probability of return. To get a precise estimate of the effect of variables of interest controlling for all 

these other factors we need a more complete econometric model incorporating all the relevant variables. 

5 Empirical$Analysis$

5.1 Econometric$Model$and$Main$Results$$

To isolate the direct impact of product reviews on a consumer’s decision, we first analyze only those 

purchases where the consumer has browsed the product online before purchase. A logistic regression 

model with the variables defined in Table 3 could be used. However, the estimated model would be based 

on only the purchased products. If there are factors that affect the purchase, but, not captured in variables 

outlined in Table 3, a simple logistic regression could lead to biased estimates. Therefore, we build and 

estimate a 2-stage Probit model of both the purchase and the return decision (Heckman 1979). 

The first stage (selection equation) models each purchase. It is estimated based on the sample of 

products browsed by each user. All the variables in Table 3 were used except in-store, price, and promo 

because these variables are only available if a purchase took place. On the other hand, the emails variable 

was used only in the purchase equation to impose exclusion restriction and aid in identification7 (De et al. 

                                                        

7 Without a variable in the selection equation that is not present in the outcome equation, the identification is driven 

by the assumption of Normal error in the selection equation, rendering the results less convincing (Wooldridge, J. 

(2008). Introductory Econometrics: A Modern Approach, Cengage Learning: 562.)  
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2013). The last day of browsing for a given (user, product) pair was used to compute the time-variant 

variables. The purchase equation is the following: 

! !" ! ! ! !" !! ! !

!

! ! ! !  

where, ! !"  is a binary variable indicating whether the consumer !  purchased the product ! . ! !" !!  is the ! 'th 

explanatory variable. !  is the probit error term for the purchase model. 

If ! !! ! ! , the return decision (outcome equation) is given by 

! !" ! ! ! !" !! ! !

!

! ! ! !  

where, ! !"  is a binary variable indicating whether the consumer !  returned product ! . ! !" !!  are the 

explanatory variables as defined in Table 3. !  is the probit error term for the return model. 

The results of the two-stage model are presented in Table 4.  

 

5.2 Discussion$of$Key$Findings$

We organize the discussion of our findings around the constructs of valence and precision of quality 

information, uncertainty of fit, return costs, and control variables.    

5.2.1 Valence$and$Precision$of$Quality$Information$

Starting with the valence of quality information, we find that products with higher average ratings are 

more likely to be purchased and less likely to be returned. This finding supports Propositions 1.1 and 2.1. 

Although our study design does not allow us to claim causality between average ratings and purchases, 

our results confirm that the valence of consumer product reviews serves as a proxy signal for underlying 

product quality. They contribute to the literature because they show that, despite the points raised about 
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the potential bias and inauthenticity of some online reviews (see Section 2), higher average ratings lead to 

fewer returns, which is consistent with consumer perceptions of average ratings being an affine 

transformation of actual quality. 

 Effect on Purchase    Effect on Return 
Intercept -2.38700 (0.01988) ***    1.29300 (0.15700) *** 
nreviews 0.01614 (0.00088) ***    -0.01711 (0.00201) *** 
av_rating 0.10530 (0.00364) ***    -0.13930 (0.00916) *** 
sdev_rating -0.02352 (0.00491) ***    0.03425 (0.01224) ** 
helpful_reviews 0.10700 (0.00789) ***    -0.18600 (0.01959) *** 
from top reviewers 0.03091 (0.00887) ***    0.16450 (0.02387) *** 
length  -0.00063 (0.00010) ***    0.00257 (0.00026) *** 
in-store  

 
    -0.17680 (0.01739) *** 

price  
 

    0.00217 (0.00011) *** 
Holiday -0.02046 (0.00577) ***    0.00219 (0.01409)  
Popularity 0.01432 (0.00017) ***    -0.00462 (0.00106) *** 
repeated browses 0.10410 (0.00046) ***    -0.06302 (0.00532) *** 
# products browsed -0.00188 (0.00003) ***    0.00222 (0.00008) *** 
# keyword searches 0.00317 (0.00042) ***    -0.00512 (0.00106) *** 
recency -0.00020 (0.00003) ***    0.00070 (0.00008) *** 
emails 0.00804 (0.00028) ***     

 
 

Promo  
 

    0.03778 (0.01358) ** 
accessories (baseline category)  

 
     

 
 

clothing 0.01682 (0.00526) **    0.07169 (0.01339) *** 
home item or furniture -0.06292 (0.06918) 

    -0.61420 (0.33670) . 
frequency (per year) 0.00242 (0.00002) ***    -0.00180 (0.00013) *** 
Age > 36 0.05716 (0.00453) ***    -0.03719 (0.01147) ** 
Male 0.01054 (0.00858) 

    -0.18680 (0.02610) *** 
distance -0.00007 (0.00001) ***    -0.00011 (0.00005) * 
online shopper -0.03474 (0.00489) ***    -0.15390 (0.01695) *** 
      
AIC : 393112      
Based on      
903734 (user, browsed-products)  45972 purchases    8091 returns 

Table 4 Two-stage model of purchase and return. Significance codes are 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1. 

 The volume of reviews available at the time of purchase, which ought to increase the precision of 

quality information, has a significant negative effect on the probability of return, even after controlling for 

product quality through average rating. This supports the expectation that, the more information 

customers have at the time of purchase, the lower will be the probability of return. Consistent with this 
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reasoning, we find that in-store purchases, where the consumer has more opportunity to examine the 

product and get more information about quality, have a negative effect on the probability of return.  

Converting the coefficients of our Probit model (Table 4) to changes in probabilities of return,8 

we find that, for every additional 100 reviews available on a product, the probability of return reduces by 

3% (relative to the base probability of return). For comparison of effect sizes, a one-point increase in 

average rating (e.g., from 3 to 4 points) reduces the probability of return by 26%. Purchases made in a 

physical store result in returns that are 33% lower, relative to purchases made online.  

Although more reviews reduce the probability of return, the dispersion among reviews, measured 

by the standard deviation of ratings, increases the probability of return. Converting the pertinent 

coefficient in Table 4, we find that a 10% increase in dispersion increases the probability of return by 

almost 4%. This suggests that a lack of clear information about product quality can lead to incorrect 

purchase decisions that result in product returns. The effect of ratings volume and standard deviation on 

purchases is the opposite: More reviews provide more information and increase the probability of 

purchase. Products with high dispersion in reviews, have unclear signal of quality, therefore, are less 

likely to get purchased.  Overall, our findings on volume and dispersion of reviews lend support to 

propositions 1.2 and 2.2 under the assumption of risk-averse consumers who correctly interpret the 

precision of available information. 

It is worth noting that the effects of review length, or the number of words in the review, are 

similar to those of the dispersion variable – lengthier reviews correlate with fewer purchases and more 

                                                        

8 In a Probit model the probability change due to one unit increase in the value of a variable depends on the values of 

the other explanatory variables (Wooldridge, J. (2008). Introductory Econometrics: A Modern Approach, Cengage 

Learning: 536.) For one unit increase in each explanatory variable, we measured the change in probability for each 

data record and then obtained averages across data records. This is reported as the change in the probability of 

return.  
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returns. While lengthy reviews may reflect a higher reviewer involvement with the purchased product, 

they may also indicate complex products for which there is higher residual uncertainty. 

The two variables that indicate the quality of reviews, helpful_reviews and from top reviewer, 

have an interesting impact on product returns. Both variables have a positive effect on the probability of 

purchase. However, whereas products with reviews that are deemed helpful by other consumers are less 

likely to be returned, products with reviews from company-designated top reviewers, are associated with 

a higher probability of return. A 10% increase in “helpful” reviews is associated with a 2% decrease in 

probability of return while a 10% increase in reviews from the “top-reviewers” is associated with 0.8% 

increase in the probability of return. These contrasting results suggest that, while customers are likely 

correctly assigning higher precision to helpful reviews, as judged by their peers, they seem to 

overestimate the precision of quality information associated with reviews written by ‘top reviewers’, as 

judged by the retailer; perhaps these reviews are not, in fact, of higher quality. Propositions 3.1 and 3.2 

then would predict the empirically obtained results (higher purchases and higher returns). 

Finally, we turn to the results on repeated browsing of the same product and searching behavior 

of the consumer prior to a purchase, viewing these as additional variables that improve precision of 

quality information. We previously conjectured that the number of times that the consumer browses a 

product prior to purchase provides additional product information that could lower the level of uncertainty 

of the customer (e.g. because the consumer notices more details about the product on each visit). 

Similarly, keyword search activities usually indicate that the customer is actively looking for information 

about specific products and is more certain about what she needs to purchase. Confirming the roles of 

repeated browsing of the purchased product and the number of keyword searches in providing 

information that improves the precision of quality information, we find that their effect is positive on 

purchase and negative on product returns. From the retailers’ perspective, enhancing and facilitating the 

consumers’ browsing and searching at their website represents a win-win outcome given their effects on 

purchases and returns.  
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Collectively, we find strong support for propositions 1.2 and 2.2 in that the volume of reviews, 

agreement among reviewers (i.e. lack of dispersion), helpfulness of reviews, number of repeated browses, 

and keyword searches all improve the precision of quality signals and hence increase purchase probability 

and lower return probability. Our findings further corroborate Propositions 3.1 and 3.2, predicting that if 

customers erroneously assign higher valence or precision to a quality signal both purchase and return 

probabilities increase. 

5.2.2 Uncertainty$about$the$product$fit$

As noted earlier, the number of different products that a consumer browses when contemplating a 

purchase, can be interpreted as the level of uncertainty of the customer regarding fit. The effect of the 

number of products browsed is negative on purchase and positive on product return, i.e., the more 

products consumers browse before purchase, the less likely they are to buy any particular product, which 

could be understood as a simple probability result. But, when they purchase a product after that, they are 

more likely to return it. These findings support propositions 1.3 and 2.3. Our results suggest that, while 

repeated browses of the same product improve precision of quality information, browsing a number of 

different products simply serves as a proxy for the inherent uncertainty of fit for a consumer which is not 

alleviated by examining myriad different product offerings at the retailer’s website.   

5.2.3 Return$Costs$

We next turn to the effect of return costs on purchase and return probabilities. As noted earlier, we expect 

that different product categories have different probabilities of return. Indeed, we find that products with 

higher cost of return (furniture, home items) are associated with a lower probability of return. The latent 

cost of return is also apparent in the effect of distance from the store on product returns: it is significant 

and negative. So, the farther the customer is from the store the lower is the probability of return. These 

findings are consistent with propositions 1.4 and 2.4 on the impact of return costs on purchases and 

returns.  
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5.2.4 Control$Variables:$Marketing$and$Customer$Variables$$

Finally, we turn to the effects on control variables. Examining the effect of price we find that more 

expensive items have a higher probability of being returned. For such products the monetary value of the 

return could justify incurring the cost associated with the hassle of returning the products (Petersen and 

Kumar 2009). For purchases where the customer had received email marketing in the two weeks before 

the purchase, there is a higher probability of purchase. Popular products are more likely to be purchased 

but do not have higher return probability. Turning to customer variables, we find that recency, or the 

elapsed time since a customer’s last purchase, decreases purchase probability and increases return 

probability, whereas frequency, or the number of products purchased by the customer in the year, has 

opposite effects for both outcomes. The finding that frequent shoppers return products less often suggests 

that they are more certain about fit and preferences than infrequent shoppers. Finally, we find that males 

have lower return probability than females and that online shoppers have lower purchase and return 

probabilities than offline shoppers. These two findings may simply reflect the retailer’s primary target 

segment: females who prefer to shop at physical retail stores. The males and online shoppers may be less 

engaged with the brands. 

5.3 Robustness$checks$

5.3.1 Control$for$unobserved$consumer$and$product$heterogeneity$

The proposed 2-stage Probit model controls for the potential sample selection issues by modeling the 

purchases and the return equations. However, it does not control for customer- or product-level 

heterogeneity. To confirm that the results are not driven by customer and product-specific unobserved 

characteristics we estimate a set of alternate models including customer- and product-specific intercepts. 

As our data set is a random selection from the entire population (provided by the data provider) 

the random effects model can be used, which is more efficient than the fixed effects model (Wooldridge 

2008). Using the purchases records used in Section 5.1 we estimate three logistic regression models of 
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product returns. The first includes a customer-specific random intercept, the second includes a product-

specific random intercept, and the third includes both customer- and product-specific random intercepts. 

The estimates are shown in Table 5. The results are consistent with results discussed in Section 5.2.  

Additional robustness checks with fixed effects show qualitatively similar results. The results are 

presented in Appendix C.1. 

 Customer random effect  Product random effect  Customer & product effects 
Intercept -2.01354 (0.13597) ***  -1.12572 (0.11807) ***  -1.57952 (0.13230) *** 
nreviews -0.01111 (0.00605) .  -0.01759 (0.00662) **  -0.01026 (0.00662)  
av_rating -0.20943 (0.02447) ***  -0.17196 (0.02176) ***  -0.19071 (0.02414) *** 
sdev_rating 0.06263 (0.03246) .  0.05346 (0.02898) .  0.06318 (0.03206) * 
helpful_reviews -0.15553 (0.05302) **  -0.27367 (0.04776) ***  -0.14490 (0.05267) ** 
from top reviewers 0.31199 (0.05726) ***  0.39339 (0.05076) ***  0.27298 (0.05693) *** 
length  0.00444 (0.00063) ***  0.00456 (0.00057) ***  0.00386 (0.00063) *** 
in-store -0.58773 (0.04228) ***  -0.46305 (0.03429) ***  -0.56959 (0.04112) *** 
price 0.00618 (0.00034) ***  0.00504 (0.00029) ***  0.00563 (0.00033) *** 
Holiday -0.02602 (0.03852)    -0.02889 (0.03321)    -0.02570 (0.03793)  
Popularity 0.00390 (0.00220) .  0.00398 (0.00216) .  0.00372 (0.00219) . 
repeated browses -0.04388 (0.00841) ***  -0.00354 (0.00683)    -0.04302 (0.00830) *** 
# products browsed 0.00164 (0.00029) ***  0.00264 (0.00018) ***  0.00145 (0.00028) *** 
# keyword searches -0.00529 (0.00320) .  -0.00615 (0.00243) *  -0.00508 (0.00317)  
recency 0.00116 (0.00025) ***  0.00166 (0.00020) ***  0.00084 (0.00024) *** 
Promo 0.07980 (0.03996) *  0.11088 (0.03229) ***  0.06250 (0.03892)  
accessories (baseline)     

 
 

 
    

clothing 0.18484 (0.03231) ***  
 
 

 
    

home item or furniture -2.09813 (1.05460) *         
frequency (per year) 

   
 -0.00044 (0.00018) *     

Age > 36 
   

 0.00083 (0.02615)       
Male 

   
 -0.50974 (0.06081) ***     

distance 
   

 -0.00042 (0.00013) **     
online shopper 

   
 -0.42625 (0.03079) ***     

      
AIC:  37258  40816  37375 

Based on 45972 purchases 
8091 returns     

Table 5 The estimates controlling for customer-specific and product-specific random effects. Significance codes are 0 

‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1. 
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5.3.2 Using$all$purchases$

In our primary analysis, for each consumer we use only the products the consumer browsed before 

purchasing. The objective of using this subset was to sharply focus on the most direct link between 

product reviews and consumers’ purchase/return decision. However, it reduces the amount of data we can 

use. In the next set of estimations we analyze the returns of all the products purchased, not just those of 

the products browsed by the users. In addition to generalizing beyond the narrow set or purchases in the 

primary analysis, the larger sample size provides us enough statistical power to analyze the two brands 

separately. The comparison of the two results across the brands gives more insight into the 

generalizability of the findings. We present the results of the analysis controlling for the both customer-

and product-specific unobserved heterogeneity in Table 6. The remaining results are presented in 

Appendix C.2. 

 Brand A and B pooled  Brand A  Brand B 
Intercept -2.15100 (0.06433) ***  -1.82500 (0.08312) ***  -2.54900 (0.10650) *** 
nreviews -0.08674 (0.02823) **  -0.10140 (0.03680) **  -0.08337 (0.04411) . 
av_rating -0.16150 (0.01113) ***  -0.18910 (0.01414) ***  -0.13340 (0.01854) *** 
sdev_rating 0.08296 (0.01439) ***  0.10270 (0.01810) ***  0.00769 (0.02476)  
helpful_reviews 0.01093 (0.02323) 

 
 0.08441 (0.02866) **  -0.01648 (0.04160)  

from top reviewers 0.20100 (0.02535) ***  0.19120 (0.02956) ***  -0.07814 (0.05538)  
length  0.00332 (0.00030) ***  0.00259 (0.00034) ***  0.00343 (0.00060) *** 
in-store -0.57530 (0.02431) ***  -0.56470 (0.03058) ***  -0.62810 (0.04314) *** 
price 0.00970 (0.00017) ***  0.00854 (0.00018) ***  0.01479 (0.00057) *** 
Holiday -0.04628 (0.01517) **  -0.05872 (0.01719) ***  -0.02233 (0.03385)  
Popularity 0.01576 (0.00143) ***  0.01618 (0.00167) ***  0.01846 (0.00283) *** 
repeated browses -0.02798 (0.00809) ***  -0.02504 (0.00867) **  -0.05703 (0.02119) ** 
# products browsed 0.00125 (0.00020) ***  0.00102 (0.00023) ***  0.00208 (0.00049) *** 
# keyword searches 0.00008 (0.00201) 

 
 -0.00028 (0.00250) 

 
 0.00109 (0.00359)  

recency 0.00001 (0.00000) ***  0.00001 (0.00000) *  0.00000 (0.00000)  
Promo 0.03192 (0.03116) 

 
 0.10110 (0.04068) *  -0.01386 (0.05057)  

            
AIC 212156  159772  52018 
Based on 414452 purchases 

55754 returns  257953 purchases 
42452 returns  156499 purchases 

13302 returns 
Table 6 Results using all the purchases, not just those made after browsing the products. Significance codes are 0 ‘***’ 

0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1.  
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The effects of our main variables of interest, such as, number of reviews, standard deviation of 

the reviews, and the number of products browsed remain qualitatively similar to the results we obtain 

from the main analysis. The only effect that departs significantly from the previous results is the effect of 

helpful reviews. For Brand A, when we control for the customer- or customer- and product-specific 

unobserved heterogeneity we obtain a positive effect of helpfulness of the review on return.  

5.3.3 Split$sample$analysis$of$‘Good’$and$‘Bad’$products$

Proposition 1.2 suggests that, if consumers are not very risk averse, more and better reviews 

might have differential impact on purchases of products of different qualities: more and better information 

about good products might increase sales, whereas more and better information about bad products might 

decrease sales. To check whether our baseline results (according to which more and better reviews 

increase sales and decrease returns) generalize to products of different qualities, we re-estimated the 2-

stage model using products in different quartiles. The results using the top (ratings > 4.53) and bottom 

(ratings !  3.83) quartile products are presented in Table 7. The results using the products in the two 

middle quartiles are qualitatively similar, hence omitted here. 

The effect of reviews volume on returns of good products is negative and significant. The effect 

on returns of bad products, although negative, is not significant. The effects on purchase of both good and 

bad products are positive and significant, suggesting that additional information from the reviews lead to 

higher sales and lower returns for both good and bad products. These results are consistent with the 

predictions of our analytical model for risk-averse consumers. 

One interesting difference from the earlier results is the effect of dispersion on the purchase and 

return of very high quality (top quartile) products. Dispersion in rating has a positive effect on the 

purchases of such products and a negative effect on their return. This could be because for highly-rated 

products a collection of reviews with some variety and disagreement could provide the consumer more 

diagnostic information to assess quality and fit and may also appear to be more genuine than a collection 
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of straight 5-star ratings. In a somewhat different context, Aggarwal et al. (2012) have, similarly, found 

that the presence of some negative posts in firm-sponsored employee blogs have a positive impact on the 

readership and impact of these blogs, because readers deem such blogs to be more honest. 

We find that the effect of all other primary variables of interest (number of reviews, helpful 

reviews, reviews from top reviewers, consumers’ browsing and searching behavior) are qualitatively 

similar to what is observed in the primary analysis in Section 5.2. They are also consistent across the 

products of high and low ratings. An alternative analysis by splitting products at the median rating rather 

than quartiles leads to qualitatively similar results with higher significance—due to the larger data set. 

These results offer evidence that the found effects generalize to products of different quality 

levels and also suggest (per Proposition 1) that consumers are substantially risk-averse.
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 Bad products (rating !  3.83)  Good products (rating > 4.53)  

 Effect on Purchase  Effect on Return  Effect on Purchase  Effect on Return  

Intercept -2.32500 (0.03115) ***   1.42242 (0.30153) ***   -2.80100 (0.12740) ***   0.02967 (0.57927)   

nreviews 0.05035 (0.01182) ***   -0.04178 (0.03266) 
 

 0.03384 (0.00226) ***   -0.03303 (0.00844) ***   
av_rating 0.07304 (0.00654) ***   -0.06639 (0.01553) ***   0.18490 (0.02522) ***   -0.13802 (0.08293) .  
sdev_rating -0.03087 (0.00807) ***   0.01506 (0.01931) 

 
 0.11200 (0.01858) ***   -0.07160 (0.06043)   

helpful_reviews 0.12210 (0.01720) ***   -0.25155 (0.04122) ***   0.07955 (0.01438) ***   -0.17929 (0.04633) ***   
from top reviewers 0.06258 (0.01895) ***   0.09306 (0.04893) .  0.01718 (0.01641)   0.16968 (0.05070) ***   
length  -0.00043 (0.00021) *   0.00121 (0.00050) *   -0.00097 (0.00018) ***   0.00382 (0.00056) ***   

in-store  
 

  -0.14991 (0.03654) ***       -0.21446 (0.03754) ***   
price  

 
  0.00243 (0.00029) ***       0.00226 (0.00014) ***   

Holiday -0.04320 (0.01289) ***   0.00419 (0.03069)   -0.02044 (0.01140) .  0.01545 (0.03554)   
Popularity 0.04372 (0.00135) ***   -0.02270 (0.00487) ***   0.04459 (0.00083) ***   -0.00027 (0.00381)   

repeated browses 0.11720 (0.00262) ***   -0.07372 (0.01267) ***   0.10900 (0.00117) ***   -0.01652 (0.01376)   
# products browsed -0.00230 (0.00008) ***   0.00249 (0.00019) ***   -0.00182 (0.00006) ***   0.00186 (0.00024) ***   
# keyword searches 0.00460 (0.00102) ***   -0.00391 (0.00236) .  0.00134 (0.00090)   -0.00302 (0.00278)   
recency -0.00023 (0.00006) ***   0.00078 (0.00018) ***   -0.00039 (0.00005) ***   0.00050 (0.00017) **   
emails 0.00752 (0.00062) ***     

 
 0.00821 (0.00052) ***       

Promo  
 

  0.01960 (0.02708) 
 

     0.04479 (0.03372)   

accessories (baseline category) 
 
 

 
 

 
 

 
         

clothing -0.04208 (0.01193) ***   0.12675 (0.02822) ***   0.04399 (0.01107) ***   0.07879 (0.03374) *   
home item or furniture 

 
 

 
 

 
 

 
 -0.05843 (0.07988)   -0.68397 (0.47016)   

frequency (per year) 0.00243 (0.00004) ***   -0.00178 (0.00027) ***   0.00248 (0.00003) ***   -0.00117 (0.00034) ***   
Age > 36 0.03807 (0.01007) ***   -0.04782 (0.02343) *   0.05346 (0.00875) ***   -0.00619 (0.02839)   
Male? 0.01505 (0.01872) 

 
 -0.19765 (0.05699) ***   0.01422 (0.01633)   -0.32546 (0.06157) ***   

distance -0.00003 (0.00003) 
 

 -0.00031 (0.00015) *   -0.00012 (0.00003) ***   -0.00034 (0.00015) *   
online shopper -0.00519 (0.01074) 

 
 -0.14133 (0.03250) ***   -0.01592 (0.00944) .  -0.24008 (0.03373) ***   

AIC 78909  106477  
Based on 235164 (user, browsed-product) pairs  225342 (user, browsed-product) pairs  
 8598 purchases, 1736 returns  13236 purchases, 1860 returns  

Table 7 Split sample analyses of products with the first and the fourth quartile by rating . Significance codes are 0 Ô***Õ 0.001 Ô**Õ 0.01 Ô*Õ 0.05 Ô.Õ 0.1 Ô Õ 1.
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The effect of online reviews on sales has been widely studied while their effect on product returns 

has not yet been explored in the literature. This paper offers an analytical model and utilizes a multi-

brand, multi-channel longitudinal data set, encompassing various customer touch points, to study the 

effect of online product reviews and online customer activity on the returns of a purchased product for the 

first time. We organize our main findings on purchases and returns below: 

¥ The valence of consumer product reviews serves as a valid signal for underlying product quality; 

products with higher average ratings have higher purchase and lower return probability.  

¥ The number of reviews available at the time of purchase is positively associated with the precision of 

product quality information available to consumers and has a significant positive effect on purchase 

probability and a negative effect on the probability of return. While more reviews provide more 

precise information on quality, products that exhibit high ratings dispersion, provide a less clear 

signal of quality, therefore, are less likely to get purchased and are more likely to be returned.  

¥ Helpful reviews and reviews from top reviewers, have interesting impacts on the product returns. 

While customers are likely correctly assigning higher precision to helpful reviews (as judged by their 

peers) in that they lead to an increase in purchase probability and a decrease in return probability, 

they appear to overestimate the information contained in reviews written by Ôtop reviewers,Õ as 

designated by the retailer. For the latter set of reviews, there is in fact an increase in return probability 

plausibly due to an over-estimation of the valence and precision of information contained therein. 

¥ Our results offer novel insights into the impact of online consumer behavior activity of searching and 

browsing. Repeated browsing of the purchased product and the number of keyword searches serve to 
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provide information that improves precision of the signal of product quality and their effect is positive 

on purchase and negative on the return.  

¥ In contrast, online browsing of a variety of different products appears to indicate a consumerÕs 

uncertainty of fit  and is, in fact, associated with increased product returns.   

¥ Return costs influence purchase and return probabilities. Furniture has lower return probabilities 

relative to clothing given the hassle costs associated with their return. Customers at a greater distance 

from the store have a lower probability of return.  

!"# $%&'()*+(,-./

Our study has implications for academics, practitioners and consumers. For academics, we contribute 

to an enhanced understanding of purchase and return behavior by incorporating for the first time the 

effects of online information provision in the form of reviews and their characteristics, online consumer 

searching and browsing, as well as the impact of return costs. Although there have been quite a few recent 

studies that have examined the impact of reviews and online search on sales, to the best of our knowledge, 

no one has yet studied these richer relationships described above.   For our theoretical contributions, we 

develop an analytical model to examine the impact of four constructs: (1) valence of quality information, 

(2) precision of quality information, (3) uncertainty of fit, (4) return costs, to offer new theoretical 

predictions on their effects on purchases and product returns.  Using a large and unique retailer 

transaction data set, we contribute new empirical findings that substantiate the insights from the analytical 

model. Our analysis is also at a finer level than before Ð at the product level for each consumer, rather 

than at the consumer level. 

Our study also contributes to the discourse about the reliability and usefulness of online review 

information for consumers. As previously discussed (see Sections 1 and 2) researchers have identified 

several irregularities in the patterns of review provision, ranging from reporting bias to outright 

manipulation of reviews by firms. It has been speculated that such irregularities may mislead consumers 
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who rely on online reviews to make purchases. Our study is the first to look at the impact of reviews on 

both purchases and returns, and thus allows us to infer whether consumers regret purchase decisions 

made, at least partly, on the influence of product reviews, Interestingly, our results suggest that higher 

valence and volume of reviews, as well as the presence of more reviews that were judged to be ÔhelpfulÕ 

by peers, not only lead to more purchases, but also to fewer returns. Therefore, at least in the context of 

our empirical study, reviews appear to offer reliable and helpful product quality information.  

For practitioners, the findings in this paper are important because they underscore the importance 

of provision of online product reviews to consumers.  Our results on two types of ÔhelpfulÕ reviews, peer-

designated vs. company-designated, suggest that retailers should consider the use of additional diagnostic 

information such as their influential effects on purchases and returns in designating top reviewers.  With 

respect to search and browsing, our key finding (that more online information gathering by consumers is 

beneficial in terms of both boosting purchases and lowering returns) has implications for the retailer in the 

provision and maintenance of extensive online product information in conjunction with reviews. 

Furthermore, a takeaway is that retailers should actively encourage consumers to share their experiences 

with products via online consumer reviews by leveraging appropriate incentives and rewards. Overall, 

proactive product information provision strategies by retailers could enhance their strategic 

competitiveness and represent a win-win outcome given their effects on boosting purchases and lowering 

return costs. 
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To see why this is true, observe that, for sufficiently large ! , it is:  
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which, together with the monotonicity of H, implies that, for large ! , the root ),( ijij sr!  that satisfies 

0=),),,(( ijijijij srsrH !  is also positive. 

The monotonicity properties of (4) are identical to the monotonicity properties of the simpler 

function  
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Partial differentiation of !  yields the following results:  

    1.  A higher quality signal valence ijx  increases the probability of an order.  
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    2.  The impact of higher quality signal precision ij!  is more complex and depends on the 

degree of customer risk aversion. It is:  
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The above expression is negative, except when the signal valence ijx  is sufficiently higher than the prior 

beliefs ijµ . This means that, if customers are not very risk averse, if they receive a signal that is higher 

than their prior expectations, the more precise the signal, the higher their purchase intention. On the other 

hand, if they receive a signal that is lower than their prior expectations, the more precise the signal, the 

lower their purchase intention. For large ! :  
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is positive for sufficiently large return costs .ijr   

    3.  The impact of changing a customerÕs uncertainty about fit (i.e. the precision ij!  of the fit 

signal ij! ) also depends on the degree of customer risk aversion.  
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 for large ! . The reader should keep in mind that 

higher precision ij!  implies lower uncertainty about fit.  

4.  Higher return costs reduce the probability of an order:  
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We rewrite (5) as  
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Differentiating with respect to any of the variables contained in vector z  gives:  
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 Partial differentiation of ),( !zw  with respect to each variable of vector z  gives:  
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 requires that ijijijijijij mxsr !!! )(2> 2 µ" , i.e., that return costs are sufficiently high. 

Observing that !"=),,,( ijijijij xr #$%  the results obtained in the proof of Proposition 1 readily 

imply that, for small ! :  
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From (8), (9) and (10) we can infer that 0<
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The above analysis does not provide firm conclusions about the impact of signal valence ijx  on 

returns. However, we observe that (6) can be rewritten as:  
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is independent of .ijx  This implies that increases in ijx  do not affect the values of )(!"  that get 

integrated in equation (11) but, because 0<
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, simply shift the probability density that these values 

are multiplied by to compute the expected value, to the right. We assume that ijµ  and ijx  are sufficiently 

high, so that 0)( !z" . Recall that the normal density function is monotonically increasing for negative 

values of !  and attains its maximum at 0=! , and )))(,(( !! +" zzw  is also monotonically increasing 

with ! . Thus, shifting the distribution to the right implies that the center of mass of the distribution is 

multiplied with higher values of )))(,(( !! +" zzw . This is graphically illustrated in Figure A.1. But 
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this, in turn implies that, as ijx  grows and )(z!  declines, the expected value 
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 grows and ijR  declines. 

 

  

(a) Baseline case. (b) As ijx  grows, threshold )(z!  declines, shifting )(!"  to the right. 

 

Figure  A.1: As ijx  grows, the center of mass of distribution )(!"  maps to higher values of 

)))(,(( !! +" zzw . This results in a higher expected value. 
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This is so because, as shown in Proposition 1, 
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 is increasing with !  and is less than or equal 
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similarly, 0
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. This means that ))(,( !! +zzw  is monotonically increasing with ijij !" ,  for 

all values of ijx . Therefore, all values of )(!"  that get integrated in equation (11) are increasing with 

ijij !" , . In that case, when 0<
)(
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#
 (resp. 0<
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#
) the arguments made in the preceding paragraph 

can be used to show that as ij!  (resp. )ij!  grows and )(z!  declines, the expected value 
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All results of Proposition 1 are based on ex-ante customer beliefs, whether these are accurate or 

not. Therefore, as Proposition 1 shows, higher perceived quality signal valence and (if customers are 

sufficiently risk averse and return costs sufficiently high) higher perceived precision increases their 

purchase probability. In the proof of Proposition 2 we show that, in both cases, the threshold 

),,,( ijijijij xr !"#  above which a purchase takes place, is reduced. Let us now assume that customer 

beliefs are erroneous. Specifically, let us assume that customer beliefs about valence and precision 

change, whereas the actual valence and precision do not. In such a setting, we rewrite equation (6) that 

give the observed return probability as follows:  
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The perceived signal attributes are denoted, as before, by vector z , whereas the actual attributes are now 

denoted by a different vector z! . The situation we are interested in modeling is one where z  

(perceptions) change, whereas z! (reality) does not. In that case, the derivative (7) simplifies to:  
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As discussed in the proof of Proposition 2, it is 
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Variable Names Range 
Summary statistics 

(min, median, mean, max) of the continuous variables 
% of units with 1, for the dummy variables 

 Browsed and then purchased All purchases 

Purchased {0,1}  59805 purchased out of the  
1177648 browsed instance 

 
414452 purchased 

return {0,1}  10342 returned  
Review variables (time-variant)  
nreviews {0,1,É, ! }  0, 0.05, 0.26, 70 0, 0.04, 0.13, 6.47 
av_rating 1Ñ 5 1, 4.21, 4.11, 5 1, 4.35, 4.25, 5 
sdev_rating " 0 0, 0.64, 0.62, 2.83 0, 0.58, 0.56, 2.83 
helpful_reviews 0Ñ 1 0, 0.56, 0.58, 1 0, 0.5, 0.52, 1 
from top reviewers 0Ñ 1 0, 0.22, 0.27, 1 0, 0.25, 0.29, 1 
length {0,1,É, ! }  1, 63.25, 77.47, 420 1, 61.15, 62.51, 391 
Context (time-variant)  
Holiday {0,1}  19% 21.3% 
in-store  {0,1}  43.6% 85.6% 
Price > 0 0, 38, 49.4, 5000 0, 29.97, 42.41, 5000 
Popularity (Units 
sold per day) 

"  1 0, 0.0024, 0.26, 570 0.00003, 0.0018, 1.97, 100 

Consumer activity prior to purchase (time-variant)  
repeated browses {0,1,É, ! }  1, 1, 1.33, 124 0, 0, 0.096, 80 
# products browsed {0,1,É, ! }  1, 38, 64, 1170 0, 0, 14.62, 988 
# keyword searches {0,1,É, ! }  0, 0, 1.6, 273 0, 0, 0.51, 200 
Recency { -! , É, -2,-1} -685, -24, -53, -1 -685, -96, -1601, -1 
Marketing variables (time-variant)   
Emails {0,1,É, ! }  0, 9, 9.7, 85 0, 10, 12.69, 130 
Promo {0,1}  30.2%  6.2% 
Product Information (time -invariant)  

Category 

Accessories  
Clothes 
Home & Furniture 
Misc 

67.6% 
32% 
0.4% 
 

32.3% 
64.0% 
3.6% 
0.1% 

Consumer variables (time-invariant)  
frequency (per year)  0, 12.5, 20.8, 2667 0, 10.8, 18, 643 
Age > 36 {0,1}  46.5% 51.5% 
Male {0,1}  11.2% 10.4% 
Distance " 0 0, 7.19, 30.70, 5676 0, 6, 23, 5675 
online_shopper {0,1}  29.2% 14.9% 

Table 8 Variable summary statistics 
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Variable Names Purchase Equation  Return Equation 
nreviews 1.02 1.02 
av_rating 1.24 1.32 
sdev_rating 1.29 1.38 
helpful_reviews 1.11 1.12 
from top reviewers 1.11 1.16 
length  1.13 1.24 
in-store 

 
1.58 

price 
 

1.14 
Holiday 1.01 1.02 
Popularity 1.00 1.01 
repeated browses 1.06 1.13 
# products browsed 1.25 1.43 
# keyword searches 1.08 1.14 
recency 1.10 1.14 
emails 1.11 

 Promo 
 

1.31 
frequency (per year) 1.18 1.30 
Age > 36 1.02 1.04 
Male 1.05 1.03 
distance 1.02 1.02 
online shopper 1.09 1.23 

Table 9 Variance Inflation Factors (VIF)  for the equations of the two-stage model 

!  "##$%$&'()*+&,-.%'/..*01/02.*

!34 5$6/#*/77/0%.*+/.-)%.*&7*,+&8./#*9+&#-0%.*

The assumption in the random effects model is that the group-specific unobservable effects are 

uncorrelated with the rest of the explanatory variables. When these assumptions canÕt be made, one can 

use the group-specific fixed effects. To address any concern that our results could be influenced by 

potentially incorrect assumptions we estimate two separate models with one with customer-specific and 

the second with product-specific fixed effects. The results are presented in Table 10. The direction of the 

effects is consistent with the results presented in Section 5.2. However, as often is the case, some of the 

variables have lower statistical significance when we include the fixed effects. The lower significance can 
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be explained in part by observing that the fixed effects model requires that we use only those consumers 

and products that have variability in their dependent variable. So, the resulting usable data set is smaller 

than what we could use with the random effects model. 

 
 User fixed effect  Product fixed effect 
nreviews -0.00687 (0.00684)    -0.00799 (0.01128)   
av_rating -0.24255 (0.02721) ***   -0.19991 (0.03075) ***  
sdev_rating 0.06720 (0.03584) .  0.01746 (0.03984)   
helpful_reviews -0.03322 (0.05811)    -0.20341 (0.06710) **  
from top reviewers 0.20696 (0.06296) **   0.21819 (0.07315) **  
length  0.00310 (0.00070) ***   0.00341 (0.00081) ***  
in-store -0.83189 (0.04873) ***   -0.61832 (0.04084) ***  
Price 0.00697 (0.00042) ***   0.00364 (0.00037) ***  
Holiday -0.01012 (0.04218)    -0.05553 (0.03899)  
Popularity 0.00367 (0.00222) .  0.00576 (0.00308) . 
repeated browses -0.05421 (0.00880) ***   -0.01018 (0.00776) 

 # products browsed 0.00127 (0.00031) ***   0.00274 (0.00021) ***  
# keyword searches -0.00410 (0.00336)   -0.00310 (0.00267) 

 Recency -0.00010 (0.00037)    0.00158 (0.00023) ***  
Promo -0.04486 (0.04633)    0.14350 (0.03809) ***  
accessories        
Clothing 0.15955 (0.03482) ***      
home item or furniture -2.28436 (1.13076) *      
frequency (per year) 

   
 -0.00071 (0.00020) ***  

Age > 36 
   

 -0.03952 (0.03008)  
Male? 

   
 -0.48717 (0.07118) ***  

Distance 
   

 -0.00054 (0.00015) ***  
online shopper 

   
 -0.47214 (0.03536) ***  

AIC :  105641  112140 

Based on 45972 purchases 
8091 returns   

Table 10 The estimates controlling for the customer-specific and the product-specific fixed effects. Significance codes are 

0 Ô***Õ 0.001 Ô**Õ 0.01 Ô*Õ 0.05 Ô.Õ 0.1 Ô Õ 1. 
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 Brand A and B pooled  Brand A  Brand B 
nreviews -0.16130 (0.02444) ***   -0.22070 (0.03201) ***   -0.09836 (0.03945) *  
av_rating -0.16220 (0.01109) ***   -0.18580 (0.01409) ***   -0.14090 (0.01956) ***  
sdev_rating 0.02989 (0.01459) *   0.02063 (0.01854) 

 
 0.00261 (0.02604)   

helpful_reviews 0.09331 (0.02307) ***   0.16760 (0.02842) ***   0.04515 (0.04392)   
from top reviewers 0.07785 (0.02533) **   0.04708 (0.02978)   -0.16000 (0.05826) **  
length  0.00150 (0.00030) ***   0.00050 (0.00035)   0.00205 (0.00065) **  
in-store -0.68730 (0.02673) ***   -0.66530 (0.03333) ***   -0.76570 (0.05208) ***  
price 0.00963 (0.00018) ***   0.00850 (0.00019) ***   0.01878 (0.00067) ***  
Holiday -0.03437 (0.01570) *   -0.04993 (0.01783) **   0.00157 (0.03745)   
Popularity 0.01514 (0.00147) ***   0.01478 (0.00172) ***   0.01801 (0.00304) ***  
repeated browses -0.01517 (0.00773) *   -0.01637 (0.00831) *   -0.00803 (0.02271)   
# products browsed 0.00105 (0.00021) ***   0.00082 (0.00024) ***   0.00138 (0.00054) *  
# keyword searches -0.00081 (0.00204)    -0.00118 (0.00256)    0.00184 (0.00371)   
recency 0.00000 (0.00000)    0.00000 (0.00000) 

 
 -0.00001 (0.00000) . 

Promo -0.02066 (0.03320)    0.05380 (0.04288)   -0.09741 (0.05775) . 
accessories            
clothing 0.36720 (0.02002) ***   0.35220 (0.02512) ***   0.39340 (0.03635) ***  
home item or furniture -0.48900 (0.02912) ***   -0.59990 (0.03408) ***   -0.55130 (0.07269) ***  
misc 0.39430 (0.12670) **   0.43240 (0.13220) **   -0.48650 (0.77670)   
      
AIC 226378  542279  226391 
Based on 414452 purchases 

55754 returns 
 257953 purchases 
42452 returns 

 156499 purchases 
13302 returns 

Table 11 Customer-specific fixed effects results using all the purchases, not just those made after browsing the products. 

Significance codes are 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1. 
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 Brand A and B pooled  Brand A  Brand B 
nreviews -0.08157 (0.03176) *  -0.05076 (0.03927) 

 
 -0.16190 (0.05464) ** 

av_rating -0.15860 (0.01211) ***  -0.16410 (0.01454) ***  -0.13050 (0.02240) *** 
sdev_rating 0.06097 (0.01517) ***  0.08981 (0.01814) ***  -0.02308 (0.02835)   
helpful_reviews 0.02319 (0.02544)    0.04382 (0.02962) 

 
 -0.03104 (0.05044)   

from top reviewers 0.10880 (0.02780) ***  0.15190 (0.03072) ***  -0.06617 (0.06823)   
length  0.00374 (0.00032) ***  0.00381 (0.00036) ***  0.00311 (0.00075) *** 
in-store -0.65200 (0.02197) ***  -0.62200 (0.02667) ***  -0.72100 (0.04023) *** 
price 0.00630 (0.00016) ***  0.00600 (0.00017) ***  0.01040 (0.00061) *** 
Holiday -0.04597 (0.01365) ***  -0.05828 (0.01520) ***  -0.00495 (0.03131)   
Popularity 0.01523 (0.00134) ***  0.01446 (0.00153) ***  0.01723 (0.00283) *** 
repeated browses -0.00664 (0.00736)    0.00074 (0.00773)    -0.05541 (0.02087) ** 
# products browsed 0.00333 (0.00013) ***  0.00344 (0.00014) ***  0.00367 (0.00037) *** 
# keyword searches 0.00467 (0.00160) **  0.00237 (0.00193) 

 
 0.00653 (0.00312) * 

recency 0.00004 (0.00000) ***  0.00004 (0.00000) ***  0.00002 (0.00000) *** 
Promo 0.10010 (0.02779) ***  0.15700 (0.03555) ***  -0.01401 (0.04475)   
frequency (per year) 0.00049 (0.00008) ***  0.00042 (0.00008) ***  0.00078 (0.00025) ** 
Age > 36 0.04168 (0.01133) ***  0.12750 (0.01282) ***  -0.30170 (0.02549) *** 
Male? -0.11080 (0.02628) ***  -0.07158 (0.03316) *  -0.17020 (0.04334) *** 
distance -0.00170 (0.00017) ***  -0.00177 (0.00020) ***  -0.00132 (0.00027) *** 
online shopper -0.53610 (0.02331) ***  -0.74870 (0.03027) ***  -0.20860 (0.03763) *** 
      
AIC 250373  601572  250389 
Based on 414452 purchases 

55754 returns  257953 purchases 
42452 returns  156499 purchases 

13302 returns 

Table 12 Product-specific fixed effects results using all the purchases, not just those made after browsing the 

products. Significance codes are 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1.  


