il..l-l-lllﬁlllill.l-ill e

MIT Business @MIT

MIT Sloan School of Management

Sloan Working Paper 4206-01
eBusiness@M | T Working Paper 101

October 2001

CONSUMER DECISION-MAKING
AT AN INTERNET SHOPBOT

Michael D. Smith, Erik Brynjolfsson

This paper is available through the Center for
eBusiness@MIT web site at the following URL:

http://ebusi ness.mit.edu/research/papers.html

This paper aso can be downloaded without charge from the
Socia Science Research Network Electronic Paper Collection:
http://papers.ssrn.com/abstrat=290334


http://papers.ssrn.com/abstrat=290334
http://ebusiness.mit.edu/research/papers.html

Consumer Decision-making
at an Internet Shopbot

Michael D. Smith and Erik Brynjolfsson”

ThisVerson: July 23, 2001

Acknowledgements: We thank David Genesove, Austan Goolsbeg, |I-Horn Hann, John D.C. Little,
Thomas Mdone, Allen Montgomery, Nancy Rose, Catherine Wolfram, Richard Zeckhauser, Robert
Zeithammer, two reviewers and seminar participants at Boston University, Carnegie-Mdlon Universty,
The Universty of Chicago, Indiana University, the University of Maryland, MIT, the Universty of
Michigan, the Univerdty of Texas a Augtin, Stanford University, The Wharton School, the NBER E-
Commerce Project, the Brookings conference on “Measuring E-Commerce’ (Brookings Indtitution,
September 24, 1999), and the Workshop on Information Systems and Economics (December 11,
1999) for vauable comments on this research. We thank Christoph Janz and Christopher Muenchhoff
of EvenBetter.com for generoudy collecting the data necessary to conduct this research and for
providing valuable ingght into the shopbot market. Thomas Cheng and Frederic Mahoue provided
excellent research assistance. The Center for eBusiness@MIT provided generous financial support
under agrant from FHeet Bank.

H. John Heinz 111 School of Public Policy and Management, Carnege Mdlon University; emall:
mds@cmu.edu; web: http:/AMmww.heinz.cmu.edu/~mds

Soan School of Management, Massachusetts Indtitute of Technology; emall: erikb@mit.edu; web:
http://ebus nessmit.edu/erik



Consumer Decision-making
at an Internet Shopbot

ABSTRACT

Internet shopbots compare prices and service levels at competing retailers, creating alaboratory for
anayzing consumer choice. We andyze 20,268 shopbot consumers who sdlect various books from 33
retailers over 69 days for atotal of 1,512,856 observed offers. Although each retailer offersa
homogeneous product, we find that brand is an important determinant of consumer choice. Consumers
use brand as a proxy for retailer credibility in non-contractible aspects of the product and service
bundle, such as shipping rdiagbility. Our results dso suggest that consumers are sengtive to how tota
priceis alocated between the item price, shipping price, and tax.



I ntroduction

Shopbots are Internet- based services that provide “one-click” access to price and product
information from numerous competing retailers. In so doing, they reduce buyer search cogts for
product and price information by at least 30-fold compared to tel ephone-based shopping and
even more compared to physicaly visting the retallers (Brynjolfsson and Smith [20004]).
Shaopbots collect and display information on avariety of product characterigtics, list summary
information for both wel- and lesser-known retailers, and typicdly rank the retailers based on a
characteristic of interest to the shopper such as price or shipping time. The resulting comparison
tables reved agreat ded of variation across retailersin rdative price levels, deivery times, and
product availability.

These shopbots provide researchers with an opportunity to observe customer choice behavior
as consumers evaluate the listed dternatives and click on a particular product offer. Consumer
choice behavior can then be anayzed using econometric models to reveal how consumers
respond to different aspects of the product bundle, such as price, brand and shipping time. For
example, how important is retailer brand in determining customer choice? Is brand more
important for some types of consumers and for some types of decisions than for others? How
do consumers react to the alocation of total price to different components such astax or

shipping cost?

We address these questions through pand data gathered from an Internet shopbot in the market
for books. We use these data to study how customers responded to the presence of brand both
in aggregate and then by anadlyzing how consumers respond differently to contractible agpects of
the product bundle versus non-contractible aspects such as promised ddlivery times.

Our approach to anayzing dectronic markets complements recent empirical studies that
examine Internet pricing behavior from the perspective of efficiency (Bailey [1998];
Brynjolfsson and Smith [20004]; Ellison and Ellison, [2001)), retailer differentiation (Clay,



Krishnan, Wolff [2001]), and price discrimination (Clemons, Hann, and Hitt [1998]). While
these studies are able to andyze competitive strategies across retailers and markets, they
provide only second-order evidence of consumer behavior in eectronic markets. In contrast,
the current paper and a companion paper (Brynjolfsson and Smith [2000b]), directly analyze
customer behavior by using the shopbot as alaboratory of sorts where consumers respond to

heterogeneous offers from avariety of retalers.

Our data show that shopbot customers, who might be considered among the most price
sengtive consumers on the Internet, respond very strongly to well-known, heavily branded
retallers. While there have been predictions that the Internet would “ commodify” many
industries and reduce the role of differentiation, our results show that branding can be important
even for homogeneous goods such as books. Not al consumers vaue brands equdly, however.
Wefind that that branding is especialy important for consumers who care about nor-
contractible aspects of the product bundle. In particular, consumers who care about shipping
times are epecidly likely to prefer well-known brands, potentialy because promised shipping
times are difficult to enforce. We dso find that customers respond strongly to the ordind ranking
of offersin the price comparison table (as opposed to the absolute price) and that customers
appear to be more sengitive to changes in sales tax and shipping cost than they are to changesin
item price, even when the totd price they must pay is unaffected.

The remainder of this paper is organized in three parts. Section Il summarizes the datawe
collect and the empirica models we use to analyze our data. Section 111 presents our main

results. We summarize our findingsin Section V.

[l. Data and M ethods

Our analysis uses pand data collected from book consumers a EvenBetter, a prominent
Internet shopbot.! An important advantage of our setting is that consumers using this service first
identify the specific book they are interested in purchasing, which narrows their sdlection to a
unique and physicaly homogeneous product. The physical characteristics of abook from



Amazon are indistinguishable from those of abook sent by A1 books, dthough other aspects of
the overdl product bundle, such as shipping times can and do differ.

Once the book is chosen, consumers provides their country and state so that local currency and
local taxes can be calculated correctly. After the consumer initiates a search, EvenBetter queries
pricesfor this selection in red time from 33 different book retailers, which collectively account
for the vast mgority of books sold online. Because this information is queried in red time
directly from the retallers, the information displayed by EvenBetter’ s comparison tables are the

same as those obtained by vigting retalers Sites directly.

Based on the information returned, EvenBetter provides consumers with alist of product offers.
Each offer includes separate fields for the total price, item price, shipping cost, sdes tax,
delivery time, shipping time, and shipping service (e.g., Figure 1). By default, the table is sorted
in ascending order on total price but the consumer can sort the table based on any of the other
eight columns if they desire. Consumers view these tables and make an observable choice by
clicking on an offer. By clicking on an offer, the consumer is taken directly to the retailers web
gte where they can findize their purchase. Where consumers click on multiple offersin asearch

(16% of the time), we use the offer they click on last as an indication of their fina choice.

Figure 1. Sample Screen from EvenBetter.com
Insert Figure 1 Approximately Here

Our data include the information shown to the consumer in the offer comparison table, the
consumer’ s cookie number, and the consumer’ s behavior (whether they sort on a column other
than total price and their last click). In addition we derive two other variables of interest to
consumers. Firdt, we derive avariable for the time it takes the retailer to get the book from their
digtributor, which we refer to as the acquidtion time. The acquisition time is the difference
between the ddlivery time and the shipping time shown in Figure 1. Second we derive avariable
we cal weighted sdles tax, which takes into account locality taxesin addition to Sate saes tax.
While EvenBetter.com customers are only shown state sdes tax, many customers will dso have

to pay locdity taxes on some purchases made over the Internet. To control for the possibility



that customers are taking these locality taxes into account when making their purchases, we
multiply the state sales tax shown to the consumers by the relevant locality taxes weighted by
Internet population in 1999.2 The data we gather is described in Table | and summary Statistics
are presented in Table 1.

Tablel: Shopbot Data Collected
Insert Table!l Approximately Here

We obtained data for the period from August 25 to November 1, 1999. In this paper, we focus
on the subset of the sample that 1) includes U.S.-based consumers (75.4% of sessions), 2) lead
to at least one click-through by the consumers (26.3% of remaining sessions) and 3) return
more than one retailer (99.9% of remaining sessons). The resulting data set reflects searches by
20,268 distinct consumers, including 7,498 repest visitors. These consumers conducted a total
of 39,635 search sessons returning 1,512,856 digtinct retailer offerings including multiple offers
from someretailers.

Tablell: Summary Data Statistics
Insert Tablell Approximately Here

Two important attributes of these data are readily observed. Firdt, there isahigh degree of price
dispersion across homogeneous books in the offer sets: on average, the lowest priced offer is
33% ($16.54) less than the mean price in the offer set for a given book title. In asense, this
datistic overestimates disperson since it includes both shipping price and item price. However,
consdered aone, item price aso exhibits a ggnificant amount of digperson. The difference
between the lowest item price and the mean item price averages 28% ($11.03). While such a
large difference in prices among homogeneous goods may seem surprising, thisleve of
dispersion is comparable to Brynjolfsson and Smith ([2000a] p. 575) who gathered prices
directly from a collection of Internet and conventiona book retailers between 1998-1999.

Second, amgority of the consumersin our sample do not choose the lowest priced offer.
Among consumers who do not choose the lowest priced offer, the average selected offer is

$6.79 (20.4%) higher than the lowest priced offer in the sesson. Certainly part of this difference



is rdated to differences in shipping time. Consstent with this, we find that 15% of the consumers
in our sample sdlect an upgraded shipping method within their retailer sdlection.® However, we
aso find that 27% of the customersin our sample choose an offer that is drictly dominated in
terms of both price and ddivery time for agiven title. Furthermore, 45% of customers who
choose a grictly dominated offer choose an offer from Amazon, Barnes & Noble, or Borders.

This compares to 27% of consumers who sdect these retailers in the entire data sample.

Both the high leves of price digperson and the willingness of consumers to bypass the lowest
cost retailers suggests that customers perceive some differences among retailer branding or
sarvice qudity that make at least some of them willing to pay a premium for an otherwise
homogenous product

We use the multinomid logit and nested logit modesto systematicaly andlyze this possibility.
These modds have gained wide-spread use in avariety of choice settings (e.g., McFadden
[1974], Guadagni and Little [1983], Bent Akiva and Lerman [1985], Bucklin and Gupta
[1992], Berry [1994], Fader and Hardie [1996], Guadagni and Little [1998], Fershtman and
Ganda [1998]) and make a useful reference modd for our analysis given the manner in which
shopbot datais shown to consumers. Both models have consumers choosing the offer with the
largest latent utility index from a choice set of offers. The latent utility index conagts of a
systemétic (x§b ) and astochastic (e, ) component:

(1) Uit =Xﬂ:b +eit

The systematic component is linear combination of the product’s attributes (x¢,) and the
consumer’ s preferences for those attributes (b ) for each offer t in each sesson i. In our setting,

the stochastic component reflects both unobserved taste variation across consumers and

mesasurement error in evauating offers asis common in the literature.

The multinomid logit model assumes that these errors are independent across offersin a choice
set. The nested logit modd relaxes this assumption and alows for the specification of smilar



groups of offers such that error independence is maintained within these nests, but not
necessaxily across different nests. The independence assumption might be violated in our data
when comparing wel-known retailers (i.e. Amazon, Barnes & Noble, and Borders) with lesser-
known retailers. It coud aso be violated when comparing shipping options & different retailers.
Because of this, we use anested logit model, shown in Figure 2, with atop-leve nest of the
choice between well-known and generic retailers, amid-level nest of the choice between
retailers, and alower level nest of the choice between shipping options for each retailer (e.g.,
express, priority, and bookrate shipping).

Figure 2: Nested L ogit Decision Model
Insert Figure 2 Approximately Here

In interpreting our results from these models, it isimportant to note that we observe click-
throughs and not purchasesin our data. Because of this our model s reflect those factors that
drivetraffic to a gte, not necessarily those that drive sales. However, in related research
(Brynjolfsson and Smith [2000b]) we find that the factors thet drive traffic are also reatively
unbiased predictors of sales at the retaler leve. Thisfinding increases the vdidity of inferences
in thisregard. Nonethel ess, a conservative interpretation our approach isasamodd of click-
throughs, not of sales per se.

In addition, our analysisis, by necessity, redtricted to consumers who choose to use this
particular shopbot. Thus, our logit modd predictions are conditioned on a consumer choosing to
use EvenBetter.com. While conditioning in thisway does not bias the logit results, they should
be interpreted as applying to a salf- sdlected set of consumerswho are likdly to differ
systematicaly from other Internet shoppers. In particular, it seems likely that the cusomersin
our sample are more price sendtive and less brand sengitive than a broader set of Internet

consumers (or consumersin generd, for that matter).



[11.  Empirical Results

[11(i) Customer Response to Retailer Brand

Wefirst analyze how customers respond to brand at this Internet shopbot. Table 111 shows our
results usng amultinomia logit modd where customer choice arises from eements of price,
elements of ddivery time, the position of the offer in the price comparison table, and retailer
fixed effects. Weinclude retaler fixed effectsin two ways. In specification three we include a
sangle dummy variable (“wdl-known retailer”) for whether the retailer was Amazon, Barnes &
Noble, or Borders. In specification four we include separate dummy variables for each of these
three retailers. Specification five adds variables for the position of the offer in the table.
Specification Sx adds dummy variables for dl retailers with more than 3% of the last click

throughs in the sample.

Tablelll: Models of Retailer Brand Choice
Insert Tablelll Approximately Here

These reaults illugtrate severa important facts about customer behavior at this Internet shopbot.
Firgt, customers are very senditive to price. Thisis reflected in the magnitude and significance of

the price coefficient in the regresson.

Second, and smilarly, we note that customers respond very strongly to the position of an offer
in atable. This can be seen in pecifications five and sx. Offers with the firgt listed price and
those that appear in the first screen of offers are strongly preferred to other offers further down
the comparison table. Thisis consstent with the very high sensitivity to the price rank of retailers
found by Ellison and Ellison [2001] when they examined the market for commodity memory

modules sold via a price search engine.

Third, our results show that customers adso strongly prefer offers from well-known retailers
(Amazon, Barnes & Noble, and Borders) even after controlling for observable product
differences such as price and delivery time. Within these retailers, cusomers have a strong

preference for offers from Amazon over its two closest rivals as reflected in the second



specification of the mode. Thus, while it has been widdly speculated thet the Internet, and
comparison-shopping agentsin particular, would undermine the role of brands (see e.g. Kuttner
[1998]), we find astrong role for brands in our andysis, even for a homogeneous product like a

certain book being sold by different retailers.

We can quantify the importance of brand since the coefficients are factor weightsin alatent
utility index. Thus, using equation (1) one can caculae the decrease in item price that would be
required to offset the presence of retailer brand:

@ DRy =202

ITEM
Using this specification, we find thet offers from well-known retailers have a $1.72 price
advantage (.332/.193) over generic retallers. Further looking at the individua well-known
retailers we find that Amazon has a $2.49 price advantage over generic retailers and about a
$1.30 price advantage over its two closest rivals, Barnes and Noble and Borders.

Fourth, usng asmilar caculation to equation (2), we find that customers are gpproximately
twice as sensitive to changes in shipping price and sales tax as they are to changesin item price.”
The sengitivity of consumersto how totd pricesis dlocated among componentsis puzzling —
one might reasonably expect that a penny labeled “tax” or “shipping” would have the same
disutility as apenny alocated to “item price.” However, prospect theory (Kahneman and
Tversky [1979]) suggests a variety of reasons that consumers might attach sgnificance to the
way prices are labeled such as a perception of unfair pricing policies (Kahneman, Knetsch and
Thaler [1986]) or using different reference points to compare shipping and item prices (Thaler
[1985]). In addition, there is a growing marketing literature showing that customers may
respond differently depending on how prices are dlocated among the different dements of a
“partitioned price’ (e.g., Morwitz, Greenleaf, and Johnson [1998]). As we wrote up these
results, we had a discussion with Jeff Wilke, Senior Vice Presdent at Amazon, about this
seeming paradox. He told us “It’s no anomay. We ve been noticing some of the same things

among our customers. Watch our website.”® One week later, on June 20, 2001, Amazon began



an experiment in which it offered free shipping, raising the item prices of some books to
compensate. Shortly thereafter, BarnesAndNoble.com aso provided a free shipping option and
their Presdent Marie Toulantis was quoted as saying they’ d been contemplating the change for
several months (Miles [2001]).

The desire of consumers to select retailers who don't charge sales tax has some commonality
with Goolshee [2000] who finds that customers are more likely to make purchases over the
Internet if they live in areas with high state and loca sdestax rates. However, our result seems
to suggest that customers are much more sensitive to $0.01 of sdestax than they are to $0.01
of item price even though both vaues have the same effect on the total price.

While there are theories which might explain this behavior, as noted above, it isaso posshle
that these results are driven by the restrictive eadticity structure imposed by the multinomid logit
modd (ak.a the Independence of Irrelevant Alternatives assumption). This could impact our
mode ether on the basis of correlation across Smilar retallers or correation across shipping
options within a particular retaller. We use the nested logit to address this possibility by nesting
on the choice of well-known versus “generic’ retailers, the choice of a specific retailer within
these nests, and on the choice of shipping options within a particular retailer nest. Our results are
shown in TablesIV-VI.

Table 1V modes a consumer’ s choice between wdll-known and generic retalers. In this
regression we control for which retailer category has the lowest price (“Min. Totd Price by
Retailer Category”) and which retailer category is able to get the book from their distributor in
the shortest amount of time (“Min. Acquisition Time by Retailer Category”).? We dso indude a
dummy varigble for the retailer category with the best price and adummy varigble for the well-
known retailer category.

TableV: Nested Logit Level 1 —Choice of Well-Known versus“ Generic’ Retailers
Insert Table 1V Approximately Here

TablesV and Table VI mode the choice among retailers and the choice of shipping options
within retallers respectively. We model the choice of retallers as arising from item price,



acquistion time, deivery N/A, sdlestax, pogtion in table for the best offer from the retailer, and
retailler dummy varigbles. As above, we include dummy variables for dl retailers with more than
a 3% share of choices. Table VI modds the choice of shipping options as arising from pogition
in the comparison table and dummy variables for shipping options.”

TableV: Nested Logit Level 2— Choice of Retailer
Insert TableV Approximately Here

Our resuts with regard to brand, position in table, and sengtivity to tax are consstent with our
results above. Customers strongly prefer well-known retailers in the top-leve nest and, within
the set of well-known retallers, customers prefer offers from Amazon.com to offers from itstwo
closest rivas. We explore this result in more detail in the next section. In the second and third
level nedts, customers respond strongly to position in the comparison tables. Further, in the
second level nests, customers are till gpproximately twice as sendtive to changesin sdlestax as

they are to changesin item price, as observed above.

TableVI: Nested Logit Level 3— Choice of Retailer Shipping Options
Insert Table VI Approximately Here

However, we are unable to smultaneoudy control for the Il A problem and analyze shipping
price sengtivity. In the lower level nests, it isimpossble to include a separate shipping price
variable in addition to shipping option dummy variables because shipping prices do not vary
within retailers over time or across offersin our sample. It dso isimpossible to smultaneoudy
include shipping price and shipping time varigbles in place of the shipping option dummy
variables because of collinearity in these variables within retailer offer sets® Ladlly, it is
impossible to identify shipping sengtivity from the coefficients on the shipping option dummy
variables since they are defined with respect to other shipping options within aretaller nest and

relative prices for these shipping options tend to co-vary across retailers.

Because of this, our results with regard to shipping price sengitivity should be seen as suggestive
only. While the persistence of the sdes tax result and the smilarity in results between the non

10



nested and nested specifications are encouraging for the non-nested results, the question of
customer sengtivity to partitioned prices on the Internet warrants further confirmatory study.

[11(ii) Contractible and Non-contractible Product Characteristics

Branding is sometimes consdered an aid to consumer search, helping customers find a vendor
for agiven product. Thisrationdeislargey diminated in the shopbot setting. Nonetheless, there
are avaiety of possble reasons why branding would remain important to consumers choices
even when better prices and ddiver times are plainly listed and just amouse click away a
competing retailers. One candidate possibility is that customers care not only about the product
they are buying, in this case the book, but also about service quality. In the shopbot setting, the
product is, by construction, entirely homogeneous across retailers — books are uniquely
identified by their ISBN, and once ddivered, are indistinguishable across retallers. However, the
sarvice qudity may differ. For indance, some retailers may ship more rgpidly and religbly than
others, or have asimpler ordering process, or be more willing to accept returns. Consumers
might reasonably pay a premium for such services. Furthermore, while retailers may promise
high levelsof qudity, such promises are not easy to enforce. Branding can serve asasignd, or
bond, that consumers can use to identify retailers with higher service qudity. An implication of
this hypothesisis that customers who care more about non-contractible aspects of the product
bundle should aso put more weight on the brand of the retailer.

Contractible agpects of the product bundle include aspects where consumers have clear
avenues of recourse if the retailer does not deliver what they had promised such asthe
characterigtics of the physical product or the product’s price. Other aspects of the product
bundle, such as delivery time, are non-contractible. It is difficult, if not impossible, to force the
retallersto deliver a product within the time frame quoted to the consumer, and if abook arrives
too late for a child's birthday party or an important presentation, even afull refund of the
purchase price may be little consolation. In the presence of non-contractible product

characteristics, economic theory predicts that consumerswill use aretailer’ s brand name as a
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proxy for credibility in fulfilling promises on noncontractible aspects of the product bundle (e.g.,
Wernerfelt [1988]).

To investigate empiricaly how consumers respond to non-contractible aspects of the product
bundle we assume that consumers who sort the offer comparison tables based on € ements of
shipping time (e.g., shipping service, shipping time, and totd ddlivery time) are more sengitive to
accuracy in delivery time than consumers who accept the default sorting (total price).? Wethen
compare the responses of these two sets of consumers to relevant aspects of the product
bundle (Table V11).

Table VII: Sorting Based on Shipping versus Price
Insert Table VIl Approximately Here

The selected comparison variablesinclude the differentia response of consumers who sort on
shipping columns to the product’ sitem price, shipping price, average ddivery time, and a
dummy variable identifying whether the product is sold by awel-known retailer. These
variables were chosen using alikelihood ratio test to compare the restricted mode (in Table
VI11) to an unredtricted model where dl variables are dlowed to vary between consumers who
sort on shipping and consumers who sort on price. The likdlihood ratio test failed to rgject
(p<.05) the null hypothesisthat there is (jointly) no difference in the response of the two groups
of consumers to the tax variable and ddlivery N/A.

Our results show that consumers who care about accuracy in delivery time are, not surprisngly,
less sengtive to item price and shipping price and more senditive to average ddlivery time.
Strikingly, these consumers are dso more than four times more sengtive to the presence of
brand in an offer than consumers who sort in price. These results confirm the economic intuition
above. Consumers who care about noncontractible aspects of the product bundle appear to

use retailer brand as aproxy for credibility.

We can dso compare additional subsamples of the data to address related questions about the
role of brands. Isreliance on brand lower for consumers who use the shopbot heavily? These

consumers may be the vanguard of an Internet-savvy generation of shoppers, and presumably
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are most knowledgeable of how to find retallers on the Internet. It is dso possible that frequent
book purchasers are more likely to be sengtive to quality service as afunction of their
moativation for making the frequent purchases. To analyze this we classify cookie numbers that
appear only once in our 69-day sample as representing “infrequent visitors’ and cookie
numbers that gppear multiple times in our sample as representing “frequent visitors.” We present
multinomid logit mode results for these two groups of consumersin Table VIII.

TableVIIl: Comparison of Frequent and Infrequent Vistors
Insert Table VIII Approximately Here

Because each model has a unique and unidentified scale parameter we are unable to directly
compare coefficients across model specifications (Swait and Louviere [1993]). However, it is
possible to compare coefficients across mode runs after normadizing to acommon varigble
within each specification. Normdizing in this manner cancels the scale parameter and provides a

common basis for comparison. In our case, we normdize each coefficient in Table IX asfollows

© o= Dz - Do
mb b

wherej isitem price and s={frequent visitors, infrequent visitors}. Thus, asin equation (1)

we express esch coefficient in terms of its dollar value impact on a consumer’s evauation of the

product bundle. Our results from this normdization are shown in Table 1X and the resulting

standard errors (s, /./n; ) are listed in parentheses.

Table I X: Comparison of Frequent and Infrequent Visitors, Normalized by Item Price
Insert Table X Approximately Here

In each case, we test the null hypothesis that the normdized coefficients are equd using the

standard t-test for m, =m, with s, and s, unknownand s , * s, . Under thistest, we

rglect the null hypothesis for average ddlivery time and the presence of brand at p=0.05, finding
ingtead that frequent visitors are more sendtive to average delivery time and the presence of
brand. We fall to rgect the null hypothesis for the normaized coefficients on shipping price, tax,

13



and delivery “N/A.” Consumer response to these coefficientsis satisticaly the same for
frequent and infrequent viditors. One possible explanation for thisfinding is that frequent
purchasers are more sengtive to dements of service qudity and thisis reflected in using brand
asaproxy for this noncontractible eement of the product. We dso note that this finding does
not support the conventiona wisdom that regular users of shopbots will, over time, rely on

brand lessin their purchase behavior.

V. Conclusions

Internet shopbots provide a setting for consumer choice that closdly resembles the idedlized
setting commonly assumed in common choice models. By evauating data from such a setting we
are able to assess the importance of pricing and branding strategiesin the Internet bookselling

market.

We find that shopbot customersin our data care a great deal about the brand of the retailer
sling the books and in particular, they strongly prefer offers from wel-known retailers —
Amazon, Barnes & Noble, and Borders — even though they are fully informed of product
prices and characteristics from other competing retailers. Further, customers prefer offers from
Amazon to offers from Amazon'stwo closest rivas, Barnes & Noble and Borders. These
results are dl the more striking when one considers that shopbot customers are likely to be

among the most price sendtive customers on the Internet.

One possible explanation for this result, supported by our data, is that consumers use brand
name asasgnd of reiability in service qudity for non-contractible aspects of the product
bundle such as shipping. These results may derive from service qudity differentiation,
asymmetric market information regarding qudity, or cognitive lock-in among consumers. While
books are a rdatively well-specified, homogeneous commodity, the fact that branding is
important even here suggests that the branding will be even more important in Internet markets
for less homogeneous goods and services, especidly when they have important noncontractible
characterigtics.
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Our results dso suggest that customers are more sensitive to price changes in salestax and
shipping price than they are to changes in item price. That customers may respond differently to
amargina increase in the tota price of abook depending on how that increase is allocated
among the dements of totd price is consstent with recent pricing experiments conducted by
magor online booksdllers.

Finaly, for academic researchers, our results demondrate the feasibility of using Internet
shopping data to better understand consumer behavior in eectronic markets. While earlier work
(Brynjolfsson and Smith [2000a)]) reveded asurprisngly large amount of price disperson
across Internet retailers of homogeneous goods, the current paper shows how shopbot data
endbles us to pecificdly identify the drivers of this digpersion: differentiated branding and
service qudity. Even as we are able to better understand the high levels of price dispersion,
other research questions emerge. Future research in this regard may be able to extend these
results to better understand how web site direct and shopbot consumers respond to partitioned
pricesincluding shipping, tax and other codts, to evauate the cognitive processing codts of
shopbot consumers, and to empiricaly anayze the application of persondized pricing Strategies

to shopbot consumers.
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Figure 1. Sample Screen from EvenBetter.com
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Searching stores to gather prices “rour results will be available in: Binding: Diskette, General | Hardcover | Paperback | ISBM: 1558513027
40 zac, List Price [shipping costs not included): US3 39.95
Click on one offer (1st column) to proceed to the respective shop!
Displaying Tap Ten offers:
. Item . US Sales Shipping Shipping Shipping
Total Price Shop Price Discount Tax Costs Time Service
us% 32.46 Kingbooks, corn, USA, Wi Ust 29,96 2 5% us$ 0.00 us$ 2.50 14 days USPS Book Rate 16 days
|_|S$ 33.01 Kingbooks, com, USA, WA Ust 29,96 259 us# 0.00 Us# 3,935 3-7 days Standard Shipping 5-9 days
Us%$ 35.96 iBookstreet.com, USA, CA Ug$ 35 96 10% Usg 0,00 Uug4$ 0,00 3-14 days USPS Parcel Post £-21 days
uUsS$ 27.70 |41 Books, Usa, NI US4 33,75 16% Us$ 0,00 | US$ 2.95 | 4-6 days UPS Ground 9-11 days
|_|S$ 37.83 barnesandnoble.cam, USA, MI/HY WA us$ 31,96 20% us$ 1,92 us$ 3,95 -6 days .S, Postal Service 5-9 days
us% 37.91 Kingbooks. carn, USA, WA Ust 29,96 2 5% us$ 0.00 us$ 7.95 2 days 2nd Day Air 4 days
|_|S$ 41.74 Al Books, USA, M1 ust 33,75 169 us$ 0.00 ust 7.99 2 days FedEx 2 Day 7 days
US4 41.74 |AL Books, USA, M) us$ 33,75 169 Us$ 0,00 us$ 7.99 3 days UPS 3rd Day Seledc 2 days
us$ 41.83 barnesandnoble.corm, USA, MM VA Ust 31,96 2 0% usg 1,92 ust 7.95 2-3 days FedEx Second Day 4-6 days
|_|S$ 41.91 1Bookstreet.com, USA, CA Us# 35,96 10% us# 0.00 Us# 5.95 4-6 days UPS Ground F-13 days
Displaying offers 11 - 48;
. Item . Us Sales Shipping Shipping Delivery
Total Price Shop TR Discount Tax Costs Tine e
US% 42.91 |1Bookstrest.com, USA, CA usf 35.96 109 us$ 0,00 Us# 6,95 2-3 days 5-10 days __j
-
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SEM AN

18



Figure 2: Nested L ogit Decision M odel

Choice of Well-Known or “Generic” Retailer

Weéll-Known Retailers “Generic” Retailers

Choice of Retailer

Choice of Shipping Option
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Tablel: Shopbot Data Collected

Offer Data

Total Price Item Price plus Shipping Cost plus Sales Tax

Item Price The pricefor theitem

Shipping Price The price for shipping

State Sales Tax Salestax (if applicable)

Weighted Sales Tax State sales tax plus city/county taxes weighted by Internet population (1998)

Retailer Retailer Name (used to create dummy variablesfor each retailer)

Shipping Time Average of the minimum and maximum shipping range quoted by retailer

Acquisition Time Average of the minimum and maximum acquisition range quoted by retailer

Delivery Time Shipping Time plus Acquisition Time

Shipping Method Dummy variables for shipping alternatives offered by retailer

Ddivery NA =1if retailer can’t quote an acquisition time (time to get book from distributor)

First Offer Dummy variable for thefirst offer listed in the price comparison table

First Screen Dummy variable for whether offer appearsin thefirst screen (10 offers)
Session Data

Date/Time Date and time search occurred

ISBN ISBN number of book searched for (used to cal culate book type)

Sort Column I dentifies which column the consumer sorted on (default istotal price)

Consumer Data

Cookie Number

Unique identifier for consumers who leave their cookies on

CookiesOn

=1 if the consumer leaves cookies on (97.1% of customers |eave cookies on)

Choice Data

Last Click-Through

=1 if the consumer’ slast click through was on this offer
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Tablell: Summary Data Statistics

Variable Observations  Mean  Std. Dev.” Min Max
Total Price” 1,512,856 4811 1051 89 9,483.39
Item Price 1,512,856 38.06 6.29 50 9,447.25
Shipping Cost 1,512,856 9.81 6.96 0 67.04
State Sales Tax 1,512,856 24 44 0 57159
Weighted Sales Tax 1,512,856 .28 52 0 630.72
Shipping Time 1,512,856 5.55 6.80 1 56
Acquisition Time 1,512,856 429 737 0 385
Délivery Time 1,512,856 9.85 1045 1 59
Ddlivery NA 1,512,856 A - 0 1

* Standard Deviation in thistableis calcul ated as the average across all sessions of the
standard deviation of the variable within each session.

** | ist prices on booksin our sample rangein price from $0.99 (June B. Jones and the
Stinky Smelly Bus) to $8,800 (The 34 volume Dictionary of Art).
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Tablelll: Modes of Retailer Brand Choice

1 2 3 4 5 6
Item Price -.183(.001) -192(.001) -193(.001) -194(001) -.039(.001) -.043(.001)
Shipping Price -.344 (.002) -363(.002 -367(002 -369(002) -.089(002) -.103(.002)
Weighted Tax -.357 (.011) -381(012) -361(012) -357(012) -.067(010) -.060(.011)
Deivery Time -018(.001) -018(.001) -019(001) -.035(001) -.027(.001)
Delivery N/A -449(014) -361(015 -364(015 -394(016) -397(.022)
First Offer 2.25 (.014) 2.21(.014)
First Screen 2.32(.022) 2.27(.023)
“Well-Known” .332 (.014)
Amazon A483(0200 1.05(.022) 792 (.029)
BarnesandNoble 193 (.023) 590 (.025) .369 (.031)
Borders .270 (.020) 403 (.022) 110 (.029)
A1Books -.044 (.030)
Kingbooks -.496 (.028)
1Bookstreet -.464 (.034)
Alphacraze .034 (.031)
Alphabetstreet -.792 (.038)
Shopping.com -.446 (.034)
Fat Brain -.438(.038)
Classbook 203 (.043)
Books.com -.761 (.034)
Other Retailers 0 0 0 0 0 0
Log Likelihood -98,765 -97,962 -97,821 -97,642 -79,316 -78529
Adjusted U? 2785 2842 .2852 .2865 .3832 .3892

* Standard Errors listed in parenthesis. Italicized results are insignificant at p<.05. Adjusted U? = 1-(LL (*)-# of
variables)/LL(0) (Ben-Akiva L erman 1985, p. 167). N=39,635 sessions.
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TablelV: Nested Logit Level 1 — Choice of Well-Known versus*” Generic’ Retailers

Variable

Coefficient

Min. Total Price by Retailer Category
Min. Acquisition Time by Retailer Category

-036 (.003)
-007 (.002)

Lowest Priced Retailer Category

1.519 (.030)

WEéll-Known Retailer
“Generic” Retailer

643 (.048)
0

Log Likelihood
Adjusted U?

-8,508
.2879

* Standard Errors are listed in parenthesis. All results are

significant at p<0.01. n=39,654 sessions.
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TableV: Nested Logit Level 2— Choice of Retailer

Well-Known Generic
Retailers Retailers

Price

Item Price -.050 (.005) -.047 (.002)

Weighted Sales Tax -.093 (.029) -.082 (.020)
Position in Table

First Offer 1.859 (.068) 2.233(.019)

First Screen 1.311(.079) 2.146 (.043)
Acquisition Time

Acquisition Time -.019 (.002) -.019 (.002)

Delivery NA -217 (.073) -.261 (.031)
Retailer Brand

Amazon.com 755 (.043)

Barnes & Noble .335(.042)

Borders 0

A1Books 778 (.046)

Kingbooks .068 (.042)

1Bookstreet 512 (.046)

AlphaCraze 651 (.041)

AlphabetStreet -1.440 (.051)

Shopping.com 196 (.043)

Fat Brain 453 (.051)

Classhook.com 776 (.055)

Books.com -.659 (.051)
Log Likelihood -6,353 -27,060
Adjusted U? .1698 4640

* Standard Errors are listed in parenthesis. Italicized results are
insignificant at p<0.05. (Branded Retailer n=4,023, Unbranded

Retailers n=11,480)
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TableVI: Nested Logit Level 3— Choice of Retailer Shipping Options

Amazon Barnes & Borders
Noble

Positionin Table

First Offer 946 (.205) 1.129(.158) .897 (.103)

First Screen 827 (.121) 982 (.143) .981 (.120)
Shipping Option

Next Day Delivery -2.848 (.116) -2.616 (.119) -2.187 (.109)

2 Day Dedlivery -2.145 (.082) -1.979 (.086) -1.774 (.082)

Priority (3-7 day) Delivery 0 0 0
Log Likelihood -1,280 -1,144 -1,849
Adjusted U? 6312 5982 5427

* Standard Errors are listed in parenthesis. All results are significant at p<0.01. (Amazon
n=3,426, Barnes & Noble n=2,942, Borders n=4,321)
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Table VII: Sorting Based on Shipping versusPrice

Coefficients
Item Price -194 (.001)
Shipping Price -.370(.002)
Weighted Sales Tax -.361 (.012)
Ddlivery Time -.018 (.001)
Delivery N/A -.364 (.015)
“Well-Known” Retailers .321(.014)
Differential Coefficients for consumerswho sort on shipping
Sort on Shipping * Item Price .080 (.014)
Sort on Shipping * Shipping Price .298 (.019)
Sort on Shipping * Délivery Time -.054 (.0112)
Sort on Shipping * “Well-Known” Retailers .969 (.222)

* Standard Errorslisted in parenthesis. All results are significant at

p<.05. N=39,535 sessions (39,422 sessions sort on total price or item
price, 126 sessions sort on shipping time, delivery time, or shipping
service).
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TableVII1: Comparison of Frequent and Infrequent Vigtors

Frequent Infrequent

Visitors Visitors
Item Price -.179(.002) -.228 (.003)
Shipping Price -.343 (.003) -423 (.004)
Weighted Tax -422 (.017) -473 (.025)
Average Delivery Time -.018 (.001) -.019 (.001)
Delivery “N/A” -.330(.018) -.448 (.026)
“Big 3" Retailers .344 (.017) .260 (.024)

* Standard Errorslisted in parenthesis. All results are significant
at p<.01. N=26,390 sessions.
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Table I X: Comparison of Frequent and Infrequent Visitors, Normalized by Item Price

Frequent Infrequent

Visitors Visitors

Shipping Price/ltem Price -1.911 (.024) -1.853 (.030)
Tax/Item Price -2.355 (.095) -2073(.111)
Avg. Déelivery Time/ltem Price -.101 (.004) -.083 (.005)
Delivery “N/A”/Item Price -1.840 (.101) -1.960 (.117)
“Big 3" Retailers/ltem Price 1.916 (.097) 1.136 (.108)

* Standard Errorslisted in parenthesis. All results are significant at
p<.01. N=26,316 for frequent visitors and 13,213 for infrequent visitors.
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Endnotes;

1 On May 19, 2000 EvenBetter.com was acquired by Deal Time.com and now operates under
their domain name.

2 We thank Austan Goolsbee for providing these data.

3 E.g., in our sample, 11% of Amazon.com'’s customers choose their 1-2 day ddlivery service
(at ahigher price) ingtead of their 3-7 day standard mail service.

* As noted above, EvenBetter customers are shown state sales tax only in the offer comparison
tables. To account for the possibility that customers are including locdity taxesin their
comparison of offers, our salestax dataincludes applicable city and locality taxes weighted by
the number of Internet usersin each city/locdlity area at the end of 1998. Including state sdes
tax alone would strengthen our results.

® Jeff Wilke, persona communication during interview in San Jose Cdifornia, June 12, 2001.

® We use acquisition time instead of ddlivery time because acouisition time is fixed within
retailers and because not dl retailers offer express shipping. Including ddivery time ingtead of
acquistion time has avery smdl affect on our coefficients and would not change our mgjor
results. Asnoted in Table 1, acquisition timeisthetime it will take for the retailer to get the
book from their digtributor and shipping timeis the time to ship the book to the consumer once
it has been obtained from the digtributor. Delivery timeisthe sum of acquisition time and
shipping time.

’ For smplicity, Table 6 only displays results for the three well-known retailers. Results for

other 30 retailers are very smilar to those shown.
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8 Across retailers there is enough variation in shipping times and prices to separately identify
these variables.

° We note that few customers take the time to sort of shipping variables. It may be that few
customers care about shipping service. It is aso possible that some customers who care about
shipping leave the table sorted on totd price. If this were the case it would mute differences

between the two groups and our results would be an underestimate of the true effect.
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