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Abstract

Quality uncertainty and high search costs for identifying relevant information from an ocean of information
may prevent customers from making purchases. Recognizing potential negative impacts of this search cost for
quality information and relevant information, firmsbegantoinvestin creating avirtual community that enables
consumers to share their opinions and experiences to reduce quality uncertainty, and in developing recom-
mendation systemsthat hel p customer sidentify goodsin whichthey might haveaninterest. However, not much
is known regarding the effectiveness of these efforts. In this paper, we empirically investigate the impacts of
recommendations and consumer feedbacks on sales based on data gathered from Amazon.com. Our results
indicatethat morerecommendati onsindeed improve salesat Amazon.com; however, consumer ratingsarenot
found to berelated to sales. On the other hand, number of consumer reviewsispositively associated with sales.
We also find that recommendations work better for less-popular books than for more-popular books. Thisis
consistent with the search cost argument: aconsumer’ s search cost for less-popular books may be higher, and
thus they may rely more on recommendations to locate a product of interest.

Keywords. Recommendation system, feedback mechanism, virtual community, digital word-of-mouth, search
costs

I ntroduction

Without doubt, one of the most important impacts of widespread use of the Internet and other information technologies is that
it lowers consumer search costs significantly. Previous literature has noted that the presence of consumer search costs can result
in inefficient allocation of resources because consumers may not get what they like; it may also prevent customers from
purchasing, leading to an inefficient amount of consumption (Stiglitz 1989). Therefore, the reduction in consumer search costs

has important implications on firm strategy and consumer behaviors.

We can broadly distingui sh between three types of search costsduetoimperfect information (Stiglitz 1989). The most commonly
studied search costs are search costsfor product information, in particular, prices and locations of stores. When thereisimperfect
information about prices charged at different stores or when consumers do not know where the (next) seller islocated, or when
it istoo costly to get to the next store, it may result in inefficient consumer search or purchase. In addition to search costs for
pricesand stores, there are also search costsfor quality information, especially for experience goods. Experience goods are goods
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inwhich quality isonly known to customerswhen they have actually experienced them. That is, consumers can not easily deduce
the quality solely from their product or service descriptions. Finally, consumers may also experience search costs (or processing
costs) to identify a product that fits them when products are imperfect substitutes.

Most previousliterature on online markets have focused on the search costsfor pricesand storesand looked at how theavailability
of search and shopping engines reduces consumer search costs and impacts consumer behaviors (Bakos 1997; Brynjolfsson and
Smith 2000). However, the reductions in search costs for prices and stores accentuate search costs for quality information and
search costsfor fit. Indeed, onlinetransactionstypically occur between entitiesthat have never met, thus participants, either seller
or buyer, are especialy vulnerable to opportunistic behaviors (Ba and Pavlou 2002). Quality uncertainty for products can also
be higher for online buyers, relative to buyersin traditional business settings where people may learn about product quality by
“kicking thetires.” In addition, search costsfor fit are also higher in online markets. As noted by Stiglitz (1989), in the absence
of information, products may be viewed as perfect substitutes, but asinformation becomes available, they may becomeimperfect
substitutes, giving rise to search costs (or processing costs) for fit. On the other hand, one can easily get a much larger set of
alternatives in online markets compared to what one can get in offline markets, which again raises consumer search costs for
finding the ideal product. Recognizing that the existence of search costs for quality information and search costs for fit can
continue to hold consumers back, even though consumer search costs for prices and stores are eliminated, firms have adopted a
number of strategies hoping to reduce these two sources of search costs.

Onesuch effort isthe development of onlinefeedback mechanismsor virtual communities. Animportant capability of the Internet
is its bi-directionality, allowing consumers to share their opinions and experiences easily with each other in alarge scale, as
opposed to word-of-mouth from acquaintances in traditional markets (Dellarocas 2003). This digitized word-of-mouth has the
potential to reduce the quality uncertainty associated with a purchase and may become an important source of information for
consumers.

Previousliterature on onlinefeedback mechanismshasmainly focused on the quality information (or uncertainty) associated with
the participants (usually sellers) of atransaction in online markets, especially online auction markets, such aseBay.com (Baand
Pavlou 2002; Houser and Wooders 2000; Lee et al. 2000; Lucking-Reiley et al. 2000; Resnick, et al. 2002). The main questions
studied are how online feedback mechanisms may help build trust between different parties in the online markets, and how
positive or negative ratings on sellers impact the final prices, number of bids received as well as the probability of a sale. For
example, Schubert and Ginsburg (2000) and Ba (2001) discussed how virtual communities can build trust among members and
foster confidencein consumers' purchasing decisions. Baand Pavlou (2002) found that online feedback mechanisms can induce
trust, which in turn can mitigate information asymmetry and as a result generate a price premium for goods sellers. Pavlou and
Gefen (2004) studied how institution-based trust based on online feedback mechanisms, third-party escrow services, and credit
card guarantees may induce trust or reduce consumer-perceived transaction risks with the sellers.

In contrast with prior literature on online feedback mechanisms, which has mainly focused on the quality information associated
with the participants of atransaction, our focusis on the product itself. In redlity, it is perhaps more common for consumers to
exchange information and opinions on products, especially for experience goods, than they do on sellers. By knowing other
consumers’ experiences with a particular product, the quality uncertainty associated with this particular good can be reduced,
which, in turn, can have an impact on consumers’ decision making. On the other hand, to the extent that consumer ratings may
be manipulated by some strategic stakeholders or interest groups, this information may be discounted by potential buyers. We
are interested in understanding whether online feedback mechanisms indeed reduce quality uncertainty and the impact of the
quality information concerning a product on consumer demand.

Firmshaveal soinvestedintechnol ogies, such asrecommendati on systemsand customer profiling techniques, to reduce consumer
search costs for fit by helping them identify their ideal product and reducing possible “misfit costs’ by presenting products they
are more inclined to like. For example, Amazon.com, among others, has been using a recommendation system for afew years.
Working on the principle of collaborative filtering, Amazon.com provides a short list of recommendations on books or CDs to
customers, based on a wealth of information gathered from other customers. These recommendations have the potential of
reducing consumer search costs because consumers may not have to look at abroad range of alternatives before they know what
might fit them. Previousliterature hasrecognized theimportant of recommendation systemsasaway to exploit val uable consumer
information acquired, and asan important personalization tool in online marketplaces (Schubert and Ginsburg 2000; Van deKar,
et. a. 2004); however, to our knowledge, there is no research that has empirically looked at the value of recommendations. Our
interest is to investigate whether recommendations indeed |lead to lower search costs for fit.
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In sum, the goa of this research is to investigate the effectiveness of technology investments on virtual communities and
recommendation systems—specifically, to study the impact of recommendations and consumer feedback on consumer demand.
A relevant study by Chevalier and Mayzlin (2003) examines the effect of consumer reviews on relative sales of books on
Amazon.com and BarnesandNoble.com. However, they do not consider the effect of retailer recommendations, which can
potentially have some impact on consumer demand as well. As aresult, they may not be able to infer any relationship between
differences in consumer reviews and difference in sales because the systematic differences can also be caused by retailer
recommendations. We consider both consumer feedback and retailer recommendations in our study, allowing usto distinguish
between the two effects.

Understanding the impact of online recommendations and consumer feedback has important implications on retailer strategies
and the dynamics of the market. If consumer feedback is found to be a significant driver of sales, then authors, publishers, and
retailers may want to devote more efforts to managing consumer feedback, and can derive valuable information for the
devel opment and marketing of new products, which may otherwise only be obtainable through expensive customer interviews.
In addition, understanding the eff ectiveness of recommendation systems can help shape the future technol ogy strategies of firms.
The effectiveness of recommendation systems may depend on the level of consumer search costs. Recommendations are only
needed when consumer search costs are high. If consumer search costs are low (i.e., they can easily identify a product that fits
them), then firms may not find it worthwhile to invest in recommendation systems or similar technologies.

We gather data from Amazon.com, one of the pioneers in the use of information technology, to study the impact of online
feedback mechanisms and recommendation systems on consumer demand at the Web site. Our results indicate that more
recommendations indeed improve sales at Amazon.com; however, consumer ratings are not found to be related to sales. On the
other hand, number of consumer reviewsis positively associated with sales. We also find that recommendations work especially
well for less-popular books, such astechnical books. Thisis consistent with the search-costs argument. Consumer search costs
for less-popular books may be higher, thus, they may rely on recommendationsto locate a product of interest.

Therest of the paper is organized as follows. In the next section, we present our hypotheses. Data and the model are described
in the third section. The empirical results are shown, followed by the discussions and conclusions.

Hypotheses

We are interested in understanding the effectiveness of consumer feedback and online recommendations—specifically, whether
the availability of consumer feedback and retailer recommendati ons reduces consumer search costs. Wetry to get someinsights
to this research question in the context of booking selling a8 Amazon.com. Amazon.com is considered to be “increasingly
significant asameasure of what’ simportant out there” with itsadvance use of information technology, and readers and publishers
are increasingly relying on Amazon.com as an information source for their purchasing or publishing decisions (Schubert and
Ginsburg 2000).

Does Consumer Feedback Lead to Reduced Search Costs for Quality Information?

If consumer feedback indeed reduces search costs for quality information, then we should observe that consumer feedback has
an impact on sales. Therefore, while consumer search costsfor quality information may not be directly measured, we may obtain
some insight by investigating how consumer feedback affects sales.

Consumer Ratingsvs. Sales

People often refer to others' opinions or experiences before spending on some products, the quality of which they are uncertain.
The feedback from other users can serve as a quality index for a product of interest and thus can potentially reduce the quality
uncertainty faced by a potential customer, and can confer a higher degree of confidence to the customer’s purchasing decision
(Schubert and Ginsburg 2000). Asaresult, thereissome reason to believe that the availability of consumer feedback may reduce
quality uncertainty. When quality uncertainty is reduced, we would observe that consumers are more likely to purchase books
with higher ratings than those with lower ratings, other things being equal.
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On the other hand, as noted by Pavlou and Gefen (2004), feedback mechanisms are likely to be effective only if the participants
perceivethat the feedback provided isan accurate and credible depiction of the marketplace and other buyers' experiences. Thus,
if consumers do not find the ratings trustworthy or meaningful, they will not take these ratings into account in their decision
making. For example, many previousstudieson onlinefeedback systemshavefound that most of theratingsarerelatively positive
(Godes and Mayzlin 2003; Resnick and Zeckhouser 2002), and when there is only little variance across books, consumers may
not find these ratings informative and thus do not factor this into their decision making. Many other factors may also lead to a
situation where consumers do not “believe” so much in the ratings, for example, when there is high variance in the readers

opinions on the same book, or when the ratings represent only a small number of readers’ opinions. Moreover, to the extent that
consumers understand that strategic behaviors may occur, for example, authors and publishers may have high incentives to post
favorite reviews for their book titles, these reviews may be discounted by potentia buyers (Chevalier and Mayzlin 2003).

In addition, since books are essentially differentiated goods and consumer tastes could be very different, a consumer may get a
book regardless of how other customers like or dislike the book, as long as she thinks she will like it. As aresult, reviews may
not have any prominent effect on book sales. In addition, the rating of a certain book can only have an impact when consumers
areactually aware of thisbook. If aconsumer doesn’t know about or browse aparticular book, thentherating of thisbook remains
unknown to this customer, and thus it will have no impact on consumer decision making.

Therefore, we do not posit any specific hypothesis regarding consumer reviews and sales. However, following the conventions
of empirical research, we give the following hypothesis for the purpose of hypothesis testing:

H1: Higher consumer ratings are positively associated with higher sales.

Number s of Reviewsvs. Sales

A high number of reviews may indirectly indicate the momentum of the book in the market since people are usually more
interested in chatting or exchanging opinions on things that are “hot” or popular. More enthusiastic discussions may trigger
consumer interests and drive more sales, thus we expect that higher numbers of reviews are associated with higher sales, after
accounting for other factors. However, since one may also argue that higher number of reviewsisadirect result of higher sales,
we do not attempt to imply any causality between higher number of reviews and higher sales, but that there is a positive
relationship between the number of reviews and sales.

H2: Higher numbers of reviews are positively associated with higher sales.

Number of reviews can also have an impact on consumer search costs. A higher number of reviews may represent objectivity,
and consumers may be more willing to trust the reviews when they represent alarger audience. Therefore, it may be reasonable
to believe that consumers may put more weight on consumer ratings when the ratings are high and the numbers of reviews are
large. Thus, we expect

H3: Higher ratings together with higher number of reviews are positively associated with higher sales.

Do Recommendations Lead to Reduced Search Costs for Fit?

One prominent property of the Internet is that information abounds. Contrary to traditional markets where buyers usually need
to make a decision without knowing all the relevant information because information is difficult to obtain (i.e., search cost for
information is high), such constraint does not exist in online markets. For example, traditionally, when abuyer isinterested in
buying a book on, say, investing, her choice set is usually limited to the book titles a physical bookstore carries. However, in
online markets, one can easily put in akeyword and identify amuch larger set of related books, and may thus get abook that fits
her better. Thislow search costs for information distinguishes the Internet from other channels. However, as stated perfectly by
Herbert Simon, “ aweal th of information createsapoverty of attention.” Thescarceresourceinthisinformation-rich context (e.g.,
the electronic markets) is attention; the large amount of information creates processing problems for individuals, which creates
another source of search costs—search costs for fit.

Recommendation systems are used by firms with the hope of reducing consumer processing costs by helping customers in
narrowing their choice set. Suppose recommendations reduce consumer search costs for fit, then we should observe that
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recommendationsare positively related to sales. Intuitively, it seemsreasonabl eto believethat more recommendationswould lead
to higher sales, since “the more roads lead to acity, the more often this city is bound to be visited.” However, that the city is
more likely to be visited is true only when consumers are just random walking (i.e., they do not have a clear idea about where
tovisit), but if consumersknow which city to visit and how to get there, then it may not matter where other roadslead. Similarly,
we expect that recommendation systemswork only if consumers face high search costs for identifying aproduct they would like
and recommendations indeed reflect the needs of the customers (i.e., they are taken into account when the consumers make
decisions). For example, when consumers have no idea or are uncertain about which book, within a certain domain, to get, they
may find it very helpful to use the recommendations from retailers to form their choice set. In this case, we would expect more
recommendations to be positively associated with sales.

On the other hand, consumers may not consider retailer recommendations when the recommendations do not reflect their needs,
or whentheir search costsand information processing costsaresmall (i.e., consumersknow exactly what they want). For example,
the search costs for bestseller books can be low since customer awareness for these books can be very high, thus consumers
purchase decisions may not be affected by these recommendations. Thus, we have the following hypotheses:

H4: More recommendations are positively associated with higher sales.

H5: More recommendations are not associated with higher sales for more popular books.

Data and M odel

The Data

We developed a data acquisition program with Python 2.3.2, a Web agent programming language, to gather data from the
Amazon.com Web site. We extract relevant information from the Web page on each book in the sample, including ISBN, title,
actual price, savings (i.e., the difference between list price and actual price paid), publisher, published date, number of customer
reviewsfor each book, average customer rating for each book (in afive-star scale),? book subjects, aswell assalesrank. A lower
sales rank corresponds to higher sales volume.

We also derive the number of recommendations each book has received. Amazon.com provides a recommendation book list
prefaced with “ Customers who bought this book also bought” for each book, with collaborative filtering as the underlying
principle. The number of recommendationswas counted based on the information contained in “ Customerswho bought thisbook
also bought”; that is, if another book had the book of interest as an item on the recommended list of “ Customers who bought this
book also bought,” then the recommendation number of the book of interest was increased by one.?

The data was gathered in December 2003. We distinguished three groups of books:. bestsellers, popular books, and less-popular
books. The bestseller group included the 100 bestselling books Amazon provided. A total of 352 books were randomly drawn
from the sal es ranks between 101 and 9,999, which we defined as the popular books. The less-popular bookswere from the sales
rank over 10,000. A total of 241 titleswere randomly generated from this group. Thus, we gathered atotal of 693 different book
titles. We excluded books that were unavailable directly from Amazon due to out-of-print (although they were available in the
secondary market maintained by Amazon), leaving us with 610 different books for our analysis, with 100 from the bestselling
list, 348 from the popular group and 162 from the less-popular group.

"We thank an anonymous reviewer for providing this interesting analogy.
AWhen consumer rating is available for a book, it takes on one of the following values: 1, 1.5, 2, 2.5, 3, 3.5, 4, 4.5, and 5 tars.

*The strategy on how we derive the number of recommendations for each book is omitted here due to space constraints, but is available from
the authors upon request.
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The Model

To study the effects of consumer reviews and recommendations on sales, we fit the following model. The log-transformation is
commonly used in models of this sort in the marketing literature.

In(rank;) = X, + yC, + AR + ¢,

Where rank; is the sales rank of book i at Amazon.com, X; is a set of control variables characterizing book i, including price,
discount, aswell asyear of publication, and book category, while g captures the effects of these variables on sales. Specificaly,
X, =[In(pricei),m

list price

, publish year, ,category;] , with price, denoting the price actually paid (i.e., list price—savings). In

addition, recognizing that not all books have the samelevel of demand, we also include book subject in the regression to capture
possible demand effect for each subject (category;). Weinclude consumer reviewsinformation in C;, including average consumer
review score as well as the number of reviews for book i (i.e., C; = [In(review no.]), with y capturing the effects of consumer
reviews on sales. Number of recommendations book i received is summarized in the variable R = In(no. of recommendations),
and 1 indicates the effect of recommendations on sales. Finally, g capturesthe random error. Our primary interestsarey and A.
Note also that lower ranksindicate higher sales, so anegative estimate implies a positive relationship with sales, while apositive
estimate indicates a negative relationship with sales.

Empirical Results

General Characteristics

Summary statisticsof thekey variablesare presented in Table 1. Note the discount of abook isdefined by % . Theaverage
discount at Amazon.com is 20 percent off, with a mean price of $20 and average savings of $4. Average number of reviewsis
about 96, but there is a huge variance in the number of reviews across books. Recommendation number, on the other hand,

averages 6.
We then look at the extent and content of the consumer feedback as well as the extent of recommendations.

Tables 2 and 3 show the distributions of consumer reviews and ratings. There is high variation in terms of number of reviews
received by each book: whileabout 17 percent of the books receive no reviews, some books can have asmany as several thousand
reviews. Another interesting observation isthat the average consumer ratings of the books are quite high, about 70 percent of the
books receive four stars or higher. This finding is consistent with previous findings that most of the feedback is positive. For
example, Resnick and Zeckhouser (2002), based on the data extracted from eBay, found that only 0.3 percent of the ratings are
negative, while more than 51 percent of the feedback is positive, with no feedback accounted for about 48 percent of the time.
Godes and Mayzlin (2003) also showed that 70 percent of the online conversations about TV shows are positive.

Table 1. Descriptive Statistics

Variable Number of Observations Mean Standard Dev Median
Discount 610 0.20 0.14 0.28
Review no 610 96.01 279.46 17
Price 610 19.92 24.00 13.00
Saving 610 4,28 4.40 4,00
Review grade* 507 4.32 0.59 4.50
Recom no 610 6.18 6.79 4.00

*The summary statistics reported on Review Grade are conditional on books having received at least one review.
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Table 2. Distribution of Consumer Reviews

Percent (no. of

X reviews < x)

0 17%

1 23%

2 25%

17 50%

73 75%
240 90%
731 97.5%
1910 99.5%
4607 100%

Table 3. Distribution of Star Ratings

Star Rating Count Per centage

15 1 0.2%

2 3 0.5%
25 2 0.3%

3 18 3%
35 56 9%

4 117 19%
4.5 183 30%

5 127 21%
N/A 103 17%
Total 610 1.00000

Table 4. Distribution of Number of Recommendations

Per cent (no. of

X recommendations < x)
0 19%

1 34%

4 50%

10 75%

16 90%

23 97.5%

36 100%
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Tableb. Correlation Matrix of the Key Variables

Log Sales Share of L og Recom Log Review
Rank Savings Log Price No No Review Grade
Log saesrank 1.0000 -0.5215 0.2463 -0.2316 -0.4326 0.1215
Discount -0.5215 1.0000 0.1320 0.1699 0.1541 -0.1512
Log price 0.2463 0.1320 1.0000 -0.1594 -0.2629 0.0207
Log recom no -0.2316 0.1699 -0.1594 1.0000 0.0689 0.0939
Log review no -0.4326 0.1541 -0.2629 0.0689 1.0000 -0.2543
Review grade 0.1215 -0.1512 0.0207 0.0939 -0.2543 1.0000

Thedistribution of number of recommendations each book hasreceived at Amazon.comispresentedin Table4. Inall, 19 percent
of the books were never included in the recommendation lists of any other book at Amazon.com, while some books appeared in
the recommendation lists of as many as 36 other books. As mentioned earlier, books are usually recommended by other similar
book titles. For example, achildren’sbook is more likely to be recommended by another children’ sbook, and an 10 textbook is
more likely to recommend another relevant textbook, such as a game theory textbook. So while 36 recommendations seems to
be extremely small compared to the whole universe of books, their impact on consumer decision making could be great when a
consumer tries to decide what book to buy among a small set of similar book titles.

The correlation matrix of the key variables are presented in Table 5. As evident from the table, we do not observe any high
correlations that deserve specia treatments for our regression analysis.

The Impacts of Consumer Feedback and Retailer Recommendations on Sales

We fit the model, as described earlier, to our data gathered from Amazon.com. We include price, discount, year of publication,
and book category as control variables. Note that we categorize booksinto four broad categories: fiction and fantasy, technical,
children’s book, and others. The others category serves as the baseline case.* The variables of interests are consumer ratings,
number of reviews, and number of recommendations. As mentioned earlier, a positive estimate on a variable suggests anegative
relationship with sales, since a higher number with rankings is associated with lower sales.

In the first model (Table 6, model 1), we treat consumer ratings as continuous variables having alinear relationship with sales.
However, this may not be reasonable, and those books with no reviews are treated as missing values and are excluded in the
regression. Thus, we distinguish between different review scores (1, 2, 3, 4, and 5 stars and the case of no review)® in model 2
(Table6, model 2). Overal, theresultsindicate that children’ sbooks are usually associated with higher rankings at Amazon.com
while technical books are associated with lower rankings. This reflects the market demand for these books: the market for
technical books is smaller than the market for children’s book. Also, robust under various models, we find that higher priceis
negatively associated with sales, and discount (in percentage) increases sales, as one would have expected. In addition, newer
books have higher sales than older books.

Asfor the constructs of interests, when consumer ratings are treated as continuous variables (model 1), the resultsindicate that
books that receive more reviews are positively associated with higher sales, lending support to H2. However, consumer ratings
are not observed to be related to sales, which rejects H1. Recommendations, on the other hand, are positively associated with
higher sales, so H4 is supported. Sincemodel 1 excluded books receiving no reviews, some val uable information may be missing
there.

“We also ran regressions with more detailed category types, and the results are pretty much the same.
*We convert x.5 starsto x stars.
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Table6. Statistical Analyses

Term Model 1 Model 2 Model 3
Intercept 63.59*** 57.30*** 56.84***
(22.572) (20.985) (21.049)
Log price 0.83*** 0.52*** 0.53***
(0.174) (0.137) (0.136)
Discount -8.91%** -7.70%** -7.53%**
(0.652) (0.570) (0.572)
PYear -0.03** -0.02** -0.02**
(0.011) (0.012) (0.011)
Log review no -0.43*** -0.42%** -0.51%**
(0.059) (0.058) (0.090)
Log recom no -0.33*** -0.48*** -0.48***
(0.089) (0.082) (0.082)
Book Categories
Children’s book -0.83*** -1.00*** -0.93***
(0.231) (0.214) (0.219)
Fiction and Fantasy -0.16 -0.17 -0.18
(0.158) (0.152) (0.153)
Technical 0.40** 0.51*** 0.48***
(0.188) (0.163) (0.162)
Review grade -0.10 (0.156) — —
Rating [1] — -1.10 (1.570) -0.67 (1.577)
Rating [2] — 0.62 (0.763) 0.61 (0.763)
Rating [3] — -0.27 (0.387) -0.25 (0.396)
Rating [4] — -0.27 (0.358) -0.40 (0.366)
Rating [5] — -0.07 (0.379) -0.23(0.384)
Rating [5]* more reviews — — -0.12 (0.172)
Rating [4]* more reviews — — 0.10(0.186)
Rating [3] or below* more — — -0.11 (0.155)
reviews
Observations 507 610 610
R? 49% 64% 65%

Notes: Dependent variable — log rank. Standard errors in parentheses.
*p<0.1; **p<0.05 ***p < 0.01.

In mode! 2, we distinguish between different review scores (1, 2, 3, 4, and 5 stars and the case of no review available)® and ook
at their relationshipswith sales. Note that the baseline caseiswhen abook hasno review. Consistent with thefindingsin model 1,
the star ratings do not appear to be related to sales. But recommendations, again, have a significant effect on sales. These results
are robust when we use more detailed rating information, i.e. by breaking theratingsto 10 levels, which distinguish 1.5 from 1,
2.5from 2, 3.5 from 3, and 4.5 from 4 stars and include the baseline case: when a book has no review.

6Agai n, we convert X.5 starsto x stars.
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To test hypothesis 3, we distinguish books that receive more reviews (more than the median number of reviews) and books that
receivelessreviews (lessthan the median number of reviews) aswell asdifferent star ratings (5, 4, and below or equal to 3 stars).
Specifically, we are interested in whether a higher star rating together with higher number of reviews is associated with higher
sales. As before, books with no reviews serve as the base case. The results are presented in model 3 of Table 6. The findings on
all of thekey constructsare basically consistent with those from previous model swithout theinteraction effects. I nterestingly and
surprisingly, none of the interaction terms are significant, thus rejecting H3.

One concern with previous analysesis that we treat each book the same, beyond factors already controlled for in the regression.
However, just like producing a music album, some albums are more likely to be a hit and some more likely to be a flop;
unfortunately, it isdifficult to predict which oneisgoing to beahit ex ante. We expect there may also be similar unknown factors
that drive the demand for each book, yet this unknown factor cannot be controlled for or is not known ex ante. To control for this
possible unknown factor and to see whether the effectswill differ systematically with adifferent level of demand, we distinguish
booksinto three groups: bestsellers (group 1), popular books (group 2), and less-popul ar books (group 3), according to their sales
ranks at Amazon.com. The bestseller group included the 100 bestselling books Amazon provided. Booksin group 2 are drawn
from the salesranks between 101 and 9,999, and group 3 from the salesrank over 10,000. With thistreatment, we are comparing
books that have the same level of popularity in the market. We then run the same set of regressions with these groups.

Theresultsare shownin Table 7. Aswe can see from the table, discount continues to play an important rolesin driving sales. As
the discount increases, salesalso increase. Newer books again have ahigher saleslevel. Price continuesto be an important factor
of sales for group 2 and group 3, with higher prices leading to lower sales. However, price becomes insignificant for group 1,
suggesting that price is less an issue for most popular books. As before, number of reviews s positively associated with sales,
althoughitisnot significant for group 2. Interestingly, more recommendations are not necessarily related to saleswhen we break
the analysesin groups. In particular, more recommendations are not effective in driving sales for more popular books (defined
by group 1 and group 2), supporting H5, although it is found to be significantly associated with sales for group 3. Thisis
consi stent with the search cost argument. For booksthat presumably have higher awareness (those more popul ar), consumers may
have better information on whether the books fit them or not, thus, they may rely less on the recommendations. In addition, by
looking at the composition of book categories across groups, we find that group 3 has a higher share of technical books, so this
result may suggest that recommendations may be more effective for technical books.

Interestingly, some star ratings begin to show effects. For group 1, arating of five starsis positively associated with higher sales,
while arating of two starsis negatively related to sales, as one would have expected. However, for group 2, higher ratings have
the“wrong” signs. However, we al so observe that the model does a poor job in fitting group 2; this may indicate that consumers
arelessinfluenced by these external factors commonly believed toinfluence salesfor books at the medium saleslevel. Thisresult
suggeststhat there may be some systematic differencesacrossbookswith different popularity level. While bestsellersmay largely
be driven by the bandwagon effect, books composing group 2 may be books for consumerswith very different tastes and having
abetter ideaabout what they want, and thus not relying on the external factorsto maketheir decisions. However, further research
may be needed to truly understand consumers’ decision making.

Onthe other hand, book categories also have someinteresting results. For example, children’ s books, although morelikely to be
associated with higher sales under the aggregate model, are lesslikely to be placed on the top of the bestseller list. On the other
hand, technical books, within group 2, are morelikely to be associated with higher sales, whilefiction and fantasy types of books
are associated with higher sales among other less-popular books.

What Books Are More Likely to Be Recommended?

We also investigate what books are more likely to be recommended, and the results are presented in Table 8, where a positive
estimate means a positive relationship. The results indicate that books that receive higher star ratings and a higher number of
reviewsare morelikely to be recommended by Amazon. In addition, booksthat have deeper discounts and lower pricesare more
likely toberecommended. Interestingly, weal so find that technical booksarerecommended more, whilefictionsand fantasy types
of books are recommended less. This result may aso imply that consumers are more likely to rely on the retaler's
recommendation for technical books. For fictions and fantasy books, consumers are more likely to have different tastes, and they
may also have a better idea about what types of books or which authors they like the best, resulting in fewer recommendations
on these types of books.
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Table8. What Books AreMore Likely

to Be Recommended?

Term Groupl | Group2 | Group3
Intercept 61.60*** | -550 -14.71 Term Estimate
(22.620) | (11.766) | (24.229) Intercept -4.41
Log price 0.22 0.26* 0.34%** (10.427)
(0.219) (0.139) (0.098) Log price -0.30***
Discount 2.11%*% | -1.23** -1.06* (0.067)
(0.824) | (0.481) (0.602) Discount 1.26%+*
PYear 003+ | 001 0.01 (0.279)
(0.011) | (0.006) (0.012) PYear 0.00
Log review no -0.26*** | -0.01 -0.33*** (0.005)
(0.057) (0.037) (0.100) Log review no 0.06**
Log recom no -0.07 0.03 -0.35%** (0.029)
(0.092) (0.048) (0.119) Book Categories
Book Categories Children’s book -0.09
Children'sbook | 0.37* 0.18 — (0.106)
(0.209) (0.125) Fiction and Fantasy -0.41***
Fiction and -0.23 -0.09 -0.57*** (0.074)
Fantasy (0.171) | (0.082) (0.214) Technical 0.33***
Technical -0.08 -0.20** 0.17 (0.080)
(0.251) | (0.098) (0.132) Rating [1] -0.82
Rating [1] — -0.88 — (0.779)
(0.693) Rating [2] -0.84+*
Rating [2] 127+ | -0.76 0.54 (0.377)
(0.590) | (0.682) (0.479) Rating [3] 0.37*
Rating [3] -0.21 0.30 -0.26 (0.192)
(0.314) | (0.215) (0.254) Rating [4] 0.67***
Rating [4] -0.36 0.39* -0.29 (0.176)
(0.255) | (0.200) (0.210) Rating [5] 0.48**
Rating [5] -0.59%* | 0.47** -0.10 (0.187)
(0.290) | (0.217) (0.172) Observations 610
Observations 100 348 162 R? 22%
R? 31% 6% 47% Notes: Dependent variable— log recom no. Standard errorsin
. ; _ . parentheses.
gl;ﬁhgpmdent variable log rank. Standard errors in *p<0.1: **p < 0.05: ***p < 0,01

*p<0.1; **p < 0.05; ***p < 0,01

Discussion and Conclusions

Previous literature has suggested that search costs may discourage customers from purchasing and may also result in inefficient
allocation of resources because consumers may not get what they like. Thanks to advances in information technol ogies, search
costs for price and product information are greatly reduced, and previous literature has paid much attention to the impacts of
lowered search cost for price and product information. However, consumers may still face quality uncertainty, especialy for
experience goods, which cannot easily be resolved simply by browsing the product information. So even though the search cost
for price and product information has been reduced, the high search cost for quality information may continue to hold consumers
back. Onthe other hand, thelow search cost nature of the Internet al so quickly resultsin an ocean of information, and thiswealth
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of information creates new cost for consumers:. asearch cost (or processing cost) for consumersto locate the rel evant information
or aproduct in which they are interested.

Recognizing possible negative impacts on sales due to the concerns of quality uncertainty and high search costs for relevant
information, firms began to invest in technol ogiesto reduce consumer search costsfor quality information aswell as search costs
to locate relevant information. Two of the most significant efforts are the creation of virtual communities that enable consumers
to share their opinions and experiences, and devel oping recommendation systems that help customersidentify goods that might
be of most interest to them, among a potentially large set of alternatives. We investigate the effectiveness of these technology
investments (i.e., whether they lead to lower consumer search costs for quality information and for fit) and study the impact of
these efforts on sales based on data gathered from Amazon.com.

Our results show that more recommendations are positively associated with sales, and recommendations work particularly well
for less-popular books, such astechnical books. Ontheaother hand, higher recommendationsdo not necessarily lead to higher sales
for more popular books. Thisis consistent with the search cost argument. Consumers may be better aware of the popular books
(i.e., lower degree of quality uncertainty), and thusthey have a better idea about whether or not they will like a particular book.
However, consumer search costs for less-popular books may be higher; thus, they may rely on recommendations to locate a
product in which they areinterested. This result suggests that the effectiveness of the recommendations depends on the amount
of search costs (or processing costs) consumers facein identifying a product they like. Suppose search costs or processing costs
are essentially zero for consumers, and consumers can identify an ideal product with limited costs; then these recommendations
may not be needed. Overall, our results indicate that it is more efficient and effective to develop recommendation systems on
products that have higher consumer search costs.

Number of reviews a book has is aso found to be positively related to sales. Given that people are more likely to exchange
opinions on topicsthat are hot, the number of reviews abook has may capture the momentum of the book in the market. That is,
more enthusiastic discussions may drive sales. However, higher number of reviews can also be adirect result of higher sales, so
one may not imply any causality with the relationship. But thisresult suggeststhat, when sales data is not available, one may use
number of discussionsor reviewsasa potential proxy or instrument for sales. Thishasimportant implicationson future empirical
studies because consumer feedback information is usualy readily available online (through BBS, or a variety of virtua
communities) while true sales and transaction data can be very hard to obtain in online markets.

Interestingly, consumer ratings of the book are not found to be related to sales. There are many possible explanationsfor this. For
one, since books are essentially differentiated goods and consumer tastes could be quite different, they may get abook they like
regardliess of how much other customers like or dislike the book. In addition, since most of the books receive relatively high
ratings, consumers may not find these ratings informative. These ratings may also be discounted by consumers if consumers
believe that these ratings may be manipulated by others. In contrast with our findings, Chevalier and Mayzlin (2003) find a
positive relationship between average ratings and sales. This can be due to the influence of retailer recommendations, which are
not controlled for in their study. However, further work may be needed in order to reconcile the findings.

Thisresearchis one of thefirst studiesto investigate the effectiveness of online recommendations and consumer feedback. Our
analyses based on data from Amazon.com have obtained some insights on whether investments on online feedback mechanisms
and recommendation systems have reduced consumer search costs, and have identified some relationships between
recommendations and sales as well as consumer feedback and sales. Future study may extend this research using a broader or
deeper level of data, such as detailed customer comments, or opinions of some “anchor” readers. We may also use data from a
different context. For example, it will be very interesting to look at goods that are vertically differentiated,” since there could be
a higher impact on sales due to areduction of quality uncertainty for vertically differentiated goods. There are aso open issues
regarding causality; for example, it may beinteresting to study whether a higher number of reviews drives more sales or higher
sales drive more reviews, or if they reinforce each other.

"When people agree on which good is better than which, within the same category, we say these products are vertically differentiated. For
example, people generally agree that a Mercedes car is better than a Y ugo car.
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