An investigation into the antecedents of prepurchase online search
By: Jingguo Wang, Zhiyong Yang, and E. Deanne Brocato
Wang, Jingguo, Zhiyong Yang, and Deanne Brocato (2018), “An Investigation into the
Antecedents of Prepurchase Online Search,” Information & Management, 55(3), 285–293.
https://doi.org/10.1016/j.im.2017.08.001

This work is licensed under a Creative Commons Attribution-NonCommercialNoDerivatives 4.0 International License.
Abstract:
This study investigates what influences consumers' extent of online search (i.e., the number of
relevant web stores visited) before a purchase. A dataset containing website visitation and
transaction activities from a panel of US consumers is used to test the hypotheses developed in
the study. The results indicate a diminishing effect of competitive density on the extent of search,
and the use of advanced information technologies induces more searches. Consumers also search
more for experience products than for search products in contrast to the prediction in the
nonelectronic market. Furthermore, online purchase experience increases, while product-specific
experience reduces, prepurchase search.
Keywords: online prepurchase search | competitive density | online experience |
experience/search product | price comparison websites | Markov Chain Monte Carlo (MCMC)
Article:
1. Introduction
Information search precedes many decisions [1]. The purpose of prepurchase search is to collect
information for better purchase decisions [2], [3], [4], [5]. In the search process, consumers visit
different stores to look for products with desired qualities and compare sellers offering similar
products at competitive prices to decide what, when, and from whom to purchase [4].
Understanding how consumers conduct their search before purchases is a critical component of
marketing strategies [6]. Effective marketing communications at this stage can significantly
influence consumers’ decision and bring extra revenue to a firm.
Acknowledging the importance of prepurchase search, researchers have for decades studied
consumers’ information search prior to a purchase in a brick-and-mortar setting (or the
nonelectronic market). These studies have focused mainly on two theoretical
approaches [7], [8], [9]. The first is the economics approach that focuses on the costs and
benefits of searches [10]. The basic premise of this approach is that consumer information search
is driven by the tradeoff between the expected benefits and the expected cost of searches [11].
Consumers stop searching when the potential benefit to be gained from continuing cannot offset
the potential cost. The other approach to understanding prepurchase search is based on the

psychological paradigm, which considers that the rationality of individuals is bounded [12], and
consumers do not have the mental capacity to process information that will lead optimal decision
at all times [13]. As a result, consumers settle with a satisficing product with a limited amount of
search [12].
With the development of the Internet and the maturation of the electronic market, more
consumers make purchases and seek relevant product/service information online [14], [15].
According to Morrison [16], 81% of American shoppers engage in online search prior to making
a purchase. Compared to brick-and-mortar stores, an online platform drastically increases the
amount of information available to consumers [17] and lowers information acquisition
costs [18]. In addition, as the Internet is capable of providing a “virtual experience” that can
potentially convert experience attributes to search attributes, the gap between search products
(e.g., furniture) and experience products (e.g., music) may be diminished [18].
Extending previous research in the nonelectronic market [4], [16], [17] and integrating both the
economics approach and the psychological paradigm, this study investigates the key determining
factors of online prepurchase search. Specifically, we focus on four well-acknowledged
predictors of prepurchase search, namely market environment, use of decision aids tool, product
type, and consumer experience. We consider that to make a better purchase decision online,
consumers search and locate web stores of interest and acquire meaningful information regarding
products and web stores (e.g., specification lists, consumer feedback, and/or multimedia
presentations). This process requires a considerable amount of cognitive effort, which, in turn,
affects consumers’ extent of search. To deal with this information overload, consumers may rely
on advanced information access technologies and decision aid tools to improve search efficiency
and reduce search cost. In addition, consumers may possess different search motivations for
different products because the potential search payoff could be greater for some products than for
others (e.g., experience product vs. search product). Further, individual characteristics such as
online purchase experience and product specific experience can directly affect the cognitive cost
involved in the search and therefore influence the extent of external search.
The extent of external search has been the most prevalent indicator of consumers’ search
activities [1], [3], [5], [19]. Measures of the extent of external search in prior studies
investigating traditional brick-and-mortar stores typically used a variety of self-reported items
(e.g., number of information sources used, number of types of information sought, number of
alternatives considered, and time spent on the purchase decision) [1], [20]. Because data are
often collected many months after consumers completed a purchase, the validity of such
measurements is often reduced due to selective retention and failure to remember the search [1].
To overcome these issues, the present study uses a disaggregated dataset of website visitation
and transaction activities collected in 2004 by ComScore to investigate these antecedents. With
the availability of website visitation and transaction logs, this study captures the extent of
external search using the number of online stores consumers actually visited prior to completing
a transaction for a particular product.
The contributions of the study are twofold. First, it is among the first to show that an online
platform does not automatically increase consumers’ prepurchase search; rather, the number of
relevant websites visited for a purchase is contingent upon both economic and psychological

antecedents. Previous researchers [4], [16], [17] have linked these key antecedents to the extent
of prepurchase search in the nonelectronic market. However, the impact of these factors
on search behavior in electronic market has not been examined. Furthermore, a simultaneous
examination of both economic and psychological aspects of the antecedents advances our
understanding of the relative importance of these antecedents in influencing online search.
Second, prior studies have mainly examined consumers’ search behavior for a given store over
time [21] or within a given store session [2], [22]. How consumers search across stores has
received less attention. This study concentrates on competition among web stores for visits made
by customers [3], [5]. A holistic investigation into the extent that consumers search among online
retailers before making a purchase allows us to better understand the nature of online consumer
behavior and the competition that exists in electronic environments [2], [3], [5], [23], [24].
The paper is organized as follows. Section 2 presents a theoretical background and develops
research hypotheses. Section 3 describes the dataset and measures. Section 4 presents the
empirical models, estimation method, and a summary of the results. Finally, Section 5 discusses
the implications and conclusions of the study.
2. A Conceptual model of online prepurchase search
2.1. Theoretical background
Search behavior is a function of both personal characteristics and task attributes [1]. The
theoretical foundations of external information search in the nonelectronic market can be
summarized in two broad perspectives: economic and psychological [19], [25].
The economic approach of information search uses a cost-benefit framework. The framework is
developed from the economic objective of utility maximization, with its origin rooted in
Stigler’s [10] seminal work. It implies that informed consumers, with a product in mind, search
for the lowest price by trading off the expected cost and benefit and that they continue to acquire
and process information until the marginal cost of acquiring that information exceeds the
expected value of additional information [26]. The cost-benefit framework is well accepted and
has been widely used to explain the extent of consumer information search in the traditional
nonelectronic market. A general pattern has emerged from this framework where cost-related
factors—such as the effort or time needed to acquire and process information—reduce the extent
of search. Consistent with this argument, previous research in the field of information systems
illustrates that the use of advanced information access technology and decision aids significantly
reduces cognitive effort in decision-making [27], [28], which in turn, would induce more search.
The effects of market environment can also be observed in relation to the general pattern
predicted by the cost-benefit (with regards to both economic and psychological cost and benefit)
framework. As the number of competitors in a product market increases, the more variety and
larger amount of information available; hence, the benefit of search may increase [20], [29].
Extending Stigler’s model, Nelson [30], [31] considers that consumers need to not only find
price information but also assess product quality. These two attributes differ in levels of
certainty. For example, price can be known with certainty prior to a purchase, while quality is
only fully known after a purchase and some period of usage [30], [31]. Because it is more

difficult for consumers to obtain information about product quality than about price prior to
purchase, Nelson [30], [31] further classifies products into two categories: search and experience
products. He argues that the behavior of information search for these two types of products may
vary because of the level of uncertainty. For search products (e.g., a laptop), consumers can fully
assess the quality prior to purchase with some certainty through the information (e.g., CPU
configuration and size of hard disk) obtained from other sources. For experience products (e.g.,
video games), however, consumers are not able to evaluate the quality with certainty until they
have tried the product or have utilized external information (e.g., other consumers’
testimonials) [32] to make quality inferences.
The psychological approach of information search investigates consumers’ motivation and
capability of information processing. As cognitive misers, consumers have a limited cognitive
capacity for information processing [33] and thus frequently rely on simple, time-efficient
strategies to make decisions and evaluate information. To achieve various goals, consumers
search for information both internally and externally [34], [35]. The extent of their external
search is determined by how much they have already known and how much they would like to
know about the products/services, as constrained by their cognitive capacity to process
information [19]. Consumer knowledge is the interface connecting internal and external search
and facilitates the interpretation of new external information [25]. As Newman and
Staelin [29] suggest, experience leads to incremental knowledge that may be used in future
internal searches.
Rather than behaving myopically, consumers may consider a current search to be an investment
in product knowledge for future purchases and/or use their knowledge gained from previous
searches or purchase experiences to guide their current search [36]. Putrevu and
Ratchford [37] and Urbany et al. [36] introduce the concept of “human capital” to capture
consumer knowledge accumulated over time. It is defined as “the stock of information and
knowledge obtained in the past that makes the consumer more productive in the current
period” [37]. Human capital includes two major components: information capital (i.e.,
knowledge about market/product such as price range and attributes of a product class) and
knowledge capital (i.e., knowledge about how to search). These two components influence
search differently: while knowledge capital makes consumers more efficient in terms of locating
and processing information and thus facilitates a more extensive search [37], [38], information
capital can reduce external search, given that it decreases the expected benefit of external
information [36], [37].
The economic and psychological approaches to search are complementary rather than
competitive theoretical foundations [6], [19]. Synthesizing prior literature on search, this study
proposes four aspects of factors to the extent of online prepurchase search and simultaneously
examines their effects, including online market environment (competitive density), information
access technologies, potential search payoff (search vs. experience products), and consumer
online experience.
2.2. Hypothesis development

2.2.1. Online market environment
One of the most important online market environment factors is competitive density, which
refers to the number of web stores that are competing in a product category (e.g., printers or
laptops) [13]. Competitive density is high in fragmented markets (e.g., printer) where a large
number of sellers compete in the marketplace (e.g., there are more than 100 printer
manufacturers, see https://en.wikipedia.org/wiki/List_of_printer_companies), as compared to
concentrated markets (e.g., the laptop market) where a low number of sellers compete [13]. High
competitive density increases the likelihood that more alternatives will match consumers’ needs,
resulting in a larger consideration set to consumers. A larger consideration set induces more
search [20], and consumers may visit more online stores for a product when the competitive
density of that product market is high.
Although there are good reasons to expect that competitive density will promote online
prepurchase search, the effect of competitive density on online prepurchase search may not be
linear. Pirolli [39] presents an analysis of the degree of search for two-star Paris hotels conducted
through a popular hotel website. The analysis focuses on the relationship between price savings
and information search. It shows a diminishing returns curve, where additional savings (i.e., the
difference between the observed minimum price found so far and the first price encountered)
decrease as one scans additional listings. This implies that the expected value of continuing to
search diminishes as the extent of search goes up. Pirolli [39] posits that such an analysis can be
applied to the diminishing returns of searching for the maximum value (as opposed to the
minimum price), as might occur in searching for the best product. Similar diminishing returns
curves are also observed in the studies on medical information seeking. Bhavnani et
al. [40], [41], for example, found that very few pages contain all melanoma risk concepts
identified by experts, with many containing only one of these concepts. It was found that a user
was expected to find all expert-identified melanoma risk facts within 25 page visits, and thus,
search beyond the 25 pages would not have much additional value. Taken together, the forgoing
discussion suggests that the impact of competitive density on search follows a function of
diminishing return. Formally, we propose,
H1. Competitive density increases search, but there is a diminishing effect of competitive
density on the number of web stores that consumers visit for a purchase.
2.2.2. Information access technologies
When performing an online search, how accessible the information is to the consumers and the
format of the information (i.e., information accessibility) will significantly affect their search
cost [34]. In general, consumers will have lower search costs and process more information if
accessibility is high [42]. We consider that Internet connection speed and price comparison
websites affect information accessibility, consequently affecting the extent of search.
Internet connection speed has long been viewed as one of the most important factors affecting
consumers’ search cost [47], [48], with those having slower Internet connection bearing higher
search cost. The slower the connection speed is, the longer the time it takes for a Web client
machine to receive and display a data file submitted by a Web server after that file is requested

by the client. Partially because of this, download delays impede the development and use of
Internet applications such as multimedia for B2C commerce and become a key bottleneck to the
functioning of e-commerce [43]. According to Zona Research [44], approximately 30% of users
abandon the retrieval process if the time to retrieve a web page goes beyond 8 s. In a similar
vein, Galletta et al. [45] found that longer download time decreases satisfaction with the site,
reduces intention to return, and causes fewer number of tasks to be completed. As a result, there
has been considerable emphasis on optimizing resource utilization to improve websites’ response
time [46]. Thus we propose,
H2. Consumers having faster Internet connection search more web stores for a purchase.
We further expect that the use of price comparison websites increases prepurchase search of a
product, i.e., the number of stores consumers examine before placing an order for that product. A
price comparison website is a site that allows consumers to search for prices and product
characteristics from numerous competing web stores with one-click access. More often
consumers use price comparison (or comparison-shopping) websites such as BizRate
(http://www.bizrate.com) and NextTag (http://www.nextag.com) for their purchases [47]. Taking
queries from consumers, it returns the results directly from web stores and typically presents
them in a consolidated and compact table format. It allows consumers to compare the
characteristics of available products and click through directly to their chosen web stores. Price
comparison websites can reduce the information overload faced by consumers and alleviate the
required cognitive effort of gathering and screening vast amounts of product information
available on the web [48], [49]. Such decision aids extend decision makers’ cognitive capacities
so that they can analyze the problems in greater depth and scope [50], [51]. Therefore, we
propose,
H3. Consumers using price comparison websites search more web stores for a purchase. 1
2.2.3. Search products versus experience products
Building on the economics of information search, Nelson [30], [31] classifies products into
search and experience products according to consumers’ ability to obtain product quality
information before purchase. Search products (e.g., laptops) are defined as those dominated by
product attributes for which full information can be acquired prior to purchase, whereas
experience products (e.g., video games) are dominated by the attributes that cannot be known
until purchase and use of the product or for which information search is more costly and/or
difficult than direct product experience. Nelson [30], [31] suggests that consumers will undertake
more extensive search for search products than for experience products in the nonelectronic
market because of the high cost and/or inability to obtain the valuable information for experience
products prior to use.
A competing hypothesis is that the use of price comparison websites may actually reduce, rather than increase,
prepurchase search because a price comparison website can help consumers to locate a store with the best price from
which they can make a purchase. This reasoning assumes that consumers view the web stores and their products
listed by the price comparison website as identical. However, in real-life, web stores are typically asymmetric, even
if these web stores are competing in homogeneous product markets. They may differ in many aspects such as
customer services, website interface, and performance. As a result, we believe that price comparison websites help
consumers identify relevant websites for further exploration and therefore increase online prepurchase search.
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Contradictory to this view, we argue that consumers engage in more online search for experience
products than for search products because of the following two reasons. First, because of the
advancement of information technology and the Internet, there is rich experiential information
available online for experience products. Online stores utilize consumer feedback/reviews and
multimedia presentations (e.g., photos, sound tracks, and video clips), and such “virtual
experience” technologies enable consumers to easily learn from the experiences of others and
gather product information that is often difficult to obtain in offline settings [18], [52], [53].
Second, because the quality of experience products is more uncertain and difficult to be
evaluated than that of search products [30], [31], higher perceived risk is often related to
experience products than to search products. Notably, our reasoning is consistent with the
literature on product type and perceived risk. Murray [54], for example, finds that the more
importance consumers placed on direct experience, the higher is the perceived risk because of
the unavailability of search attribute information. Mitra et al. [8] further show that perceived risk
increases along a continuum from search to experience products. However, information search is
an effective means of risk reduction, and higher perceived risk leads to more search [55], [56].
Therefore, we propose,
H4. Consumers search fewer web stores for a search product than for an experience
product.
2.2.4. Consumer online experience
As they search web stores to obtain relevant product and shopping information for a purchase,
consumers may also use information stored in memory [20]. Two components of consumer
online experience are considered in this study: (1) Internet purchase experience reflected by the
number of purchases a consumer has made over the Internet and (2) product-specific experience
indicated by whether a consumer has a recent online purchase within a target product category.
We thus propose competing hypotheses (H5a vs. H5b and H6a vs. H6b) regarding the effect of
consumer online experience on the number of web stores searched.
On the one hand, we argue that both types of experience increase consumers’ online search. With
more online purchases, consumers’ skills and knowledge in online search could be improved,
leading to the use of better search strategies and being more effective to locate the needed
information [38], [57]. Such expertise enhances consumers’ ability to find appropriate websites
and locate the necessary information to aid their purchase decision. Consistent with this
argument, previous research shows that expertise in online search reduces effort and time in
completing search tasks and yields greater number of correct results [57]. In terms of prior
experience with the product category, it may improve consumers’ ability to analyze, elaborate
on, and remember product information [58]. Thus, online experience improves consumers’
efficiency of search, thereby facilitating a more extensive search [38]. Therefore, we propose
that,
H5a. Consumers having more Internet purchase experience search more web stores for a
purchase.

H6a. Consumers having product-specific experience search more web stores for a
purchase.
On the other hand, with high online experience, consumers may be able to formulate better
search strategies without engaging in the process of trial-and-error, therefore quickly locating the
relevant websites without extensive external search. Furthermore, consumers with high online
experience may be more likely to retrieve relevant information from their memory (e.g., from
which websites to buy). This may be especially true for consumers with high product-specific
experience. For example, if a consumer made a recent purchase in a product category, he or she
could have related product information accumulated from previous search activities (e.g., where
to find the product, attributes used to evaluate the product, or the price range of the product). The
consumer can use the information already stored in memory and conduct an information search
internally [55]. If internally retrievable information and externally available information are
interchangeable in helping a consumer make a purchase decision, then the more information
obtained from searches for previous relevant purchases, the less is the need of external search for
the current purchase [20]. Prior studies in the nonelectronics market suggest that the purchase
and the use of a product result in learning, which later influences consumers’ buying
behavior [29]. Consumers can rely on relevant information in memory from the previous
purchase, reducing the need for external search. Therefore we propose,
H5b. Consumers having more Internet purchase experience search less web stores for a
purchase.
H6b. Consumers having product-specific experience search fewer web stores for a
purchase.
3. Data
To investigate the proposed hypotheses, this study used the 2004 ComScore Web-Behavior
Panel. The dataset contains the website visitation and transaction information of 50,000
households (chosen at random from residents of all 50 states in the United States and the United
States territories) made in 2004. For each website visitation, the dataset lists the visited Web
domain name and the date/time of the visitation. For each purchase transaction, the dataset
includes the name and category of the product purchased, the domain where the order was
placed, and the time stamp of the transaction. The dataset also contains household-level
demographic information, including household income, highest education level for any member
of the household, age of the eldest of the household, household size, and the presence of children
(Yes or No). The dataset has been used in a number of prior studies in understanding consumers’
online behavior [2], [59]. The dataset is pertinent to this study for the following reasons. First,
the markets of electronic commences in 2004 were still fragmented. B2C platforms such as
Amazon, or C2C platforms such as eBay did not emerge as the dominating players at that time.
Second, because electronic commerce was relatively new in 2004, this gives us an opportunity to
observe the variation of customer online experience, Internet connection, and the use of price
comparison. Finally, we do not believe the nature of consumers’ search and online purchases has
changed much since this time as it is quite consistent and stable regarding how a website is
constructed through the hyperlinks and HTML pages.

This study focused on modeling transactions related to electronic consumer products occurring in
July and August 2004 for four reasons. First, by selecting the transactions in these two months,
the systematic differences in prepurchase search that might occur during the end-of-the-year
holiday season was avoided [2]. Second, focusing on a relatively short time window also enables
us to minimize the possible impact of new entries [60]. Third, using the transactions in these two
months (instead of the entire year) allows us to develop meaningful measures for the important
variables hypothesized in the conceptual model (such as competitive density, Internet purchase
experience, and product-specific experience) based on the behavioral data recorded in preceding
months (January to June). Fourth, we chose electronic consumer products for this study because
of the varying degree of competition among the selected product categories and a relatively large
number of transaction occurrences (as shown in Table 1).
Table 1. Descriptive Statistics of Product Categories.

Product
Number of
Mean of Web
Std of Web
Competitive Sales Percent of
Category ID
Product Name
Transactions Store Visitations Store Visitations Density
Top Four Stores
7
Home Appliances
32
3.03
2.47
32
59.22%
25
Desktop Computers
7
2.86
2.54
16
91.07%
26
Laptop Computers
2
2.50
2.12
20
84.97%
Handhelds, PDAs, and
8
2.88
1.64
15
75.59%
27
Portable Devices
Printers, Monitors, and
48
3.60
3.42
49
45.23%
28
Peripherals
Computer Software (X
81
2.16
1.61
35
70.79%
29
Pc Games)
Other Computer
75
3.13
2.24
62
48.53%
30
Supplies
Audio and Video
40
3.58
2.54
40
38.94%
31
Equipment
Cameras and
19
2.89
1.52
42
44.11%
32
Equipment
Mobile Phones and
145
1.52
0.99
18
79.57%
33
Plans
Other Electronics and
44
3.70
2.93
57
36.66%
34
Supplies
36
Console Video Games
38
2.42
1.60
33
60.31%
Video Game Consoles
13
2.54
2.93
23
67.25%
37
and Accessories
Total
552
–
–
–
–

3.1. Dependent variable
To measure the extent of online prepurchase search for a transaction (or a purchase), the number
of web stores that was visited by the consumer in the prepurchase search window (defined as
15 days preceding the purchase date) was used. Consumers’ visitations to those stores with
product offerings in the targeted product category (based on their transaction history) were
counted. We chose the 15-day prepurchase search window following prior research relying on
behavioral data [2], [3], [5], which suggests that online prepurchase search for a product
typically happens within 15 days before a purchase. In addition, within a time span of 15 days,

very few people make more than one purchase in the same product category [13]. Consistent
with this reasoning and in line with previous studies, only few panelists (<1%) in the dataset
were found to make two or more purchases for products in the same category during the 15-day
period, and these transactions were dropped from the analysis because of the overlapping of
search windows. The final sample includes 552 transactions, with a total of 1435 web store
visitations (including those visitations resulting in transactions) associated with these
transactions. On average, consumers searched 2.6 web stores per transaction. Fig. 1 shows the
distribution of the number of web stores searched for a purchase in our sample.

Fig. 1. The Distribution of the Number of Web Stores Searched for a Purchase.
Table 1 lists the breakdown of transactions by product categories. The definition of product
category ID and product name follows ComScore, and each transaction represents a single
purchased item. Table 1 also presents the mean and the standard deviation of web stores visited
for a purchase in different product categories.
3.2. Independent variables
We measured the competitive density of a product category (denoted as COMP) by the number
of web stores that offered products within the product category. The measure was derived on the
basis of the transactions that occurred in the first 6 months of 2004 in the dataset. Table
1 presents competitive density for each category and shows the percentage of sales revenue by
the top four stores (which was calculated on the basis of all transactions that occurred in 2004)
for each category. Biggadike [61] categorizes markets into three groups on the basis of the
percentage of sales revenue made by the top four firms in a market: concentrated (the percentage
is equal to or greater than 75%), moderate (the percentage is between 55% and 75%), and
fragmented (the percentage is equal to or below 55%). Following this approach, four product
categories (IDs = 25, 26, 27, and 33) are in the concentrated market, five (IDs = 28, 30, 31, 32,
and 34) in the fragmented market, and four (IDs = 7, 29, 36, and 37) in the moderate market. The
product categories lie on a continuum with some product categories shifted toward a
concentrated market and others toward a fragmented market. As expected [13], competitive
density is high in fragmented markets and low in concentrated markets.
A consumer’s Internet purchase experience (denoted as INTN) was measured by the number of
transactions the household had in 2004 prior to the focal one. A binary variable (denoted as
PROD) was used to capture a consumer’s product-specific experience: it is 1 if the household
had purchased the same product category in the preceding months before the focal transaction

and 0 otherwise. Both INTN and PROD were derived on the basis of the transaction history of
consumers in the dataset.
A binary variable, SRCH, was used to indicate whether the purchased product in a transaction is
a search product or an experience product (1 = search; 0 = experience). Following prior
studies [7], [31], [62], [63], [64], product categories 7, 27, 29, 31, 32, and 36 were classified as
experience products and the rest as search products.
Consumers’ Internet connection speed (HCON; a binary variable, with dial-up = 0, and
broadband = 1) was collected directly from the ComScore data. A binary code (PRCM) was used
to indicate whether a consumer visited a price comparison website or not (1 = Yes; 0 = No) in
the search window based on the consumer visitation activities in the dataset. A list of price
comparison websites for electronic consumer product was identified on the basis of the Google
Directory of Price Comparison Websites. The descriptive statistics of these main variables and
their correlation coefficients are summarized in Table 2.
Table 2. Descriptive statistics of the main variables and their correlation coefficients (n = 552).
COMP
INTN
PROD
SRCH
HCON
PRCM

Mean
36.60
0.63
0.23
0.52
0.41
0.62

Std. Dev.
15.73
2.34
0.42
0.50
0.49
0.48

COMP
1.00

INTN
0.00
1.00

PROD
−0.13
0.50
1.00

SRCH
0.68
−0.05
−0.19
1.00

HCON
0.15
0.05
−0.02
0.11
1.00

PRCM
0.07
0.03
−0.01
0.09
0.16
1.00

Household demographics in the dataset—including household income (HINC), highest education
level for any member of the household (HEDU), age of the eldest of the household (HAGE),
household size (HSIZ), and the presence of children (HCHI)—were included as control variables
in the model.
4. Empirical model and estimation results
4.1. Empirical model
Following Johnson et al. [3], we considered that the expected benefit of continuing search for a
purchase and the probability of soliciting information from an additional site decrease as the
number of web stores visited increases. We may model the probability that a consumer searches
an yth site as a decrement of the probability of visiting the (y − 1)th site:
Pr[𝑌𝑌 = 𝑦𝑦] =

(𝑦𝑦 − 1)𝜃𝜃
Pr[𝑌𝑌 = 𝑦𝑦 − 1]
𝑦𝑦

(1)

where y = 2,3,…., and θ is a measure of a consumer’s unobserved propensity of search for a
transaction (0 < θ < 1). The relationship results in a logarithmic distribution for the number of
unique web stores searched before making a purchase [65]:

1

Pr[𝑌𝑌 = 𝑦𝑦] =

𝑎𝑎𝜃𝜃 𝑦𝑦
𝑦𝑦

(2)

where y = 1, 2,3,…., and 𝑎𝑎 = − ln(1−𝜃𝜃). We considered a consumer’s search propensity (θ) varies
across transactions and is a function of the set of independent variables. Given that it is
constrained to be between 0 and 1, we first applied a logistic transformation on θ:
𝑒𝑒 𝜃𝜃∗
𝜃𝜃 =
1 + 𝑒𝑒 𝜃𝜃∗

(3)

𝜃𝜃 ∗ = 𝛽𝛽0 + 𝛽𝛽1 ∗ log(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶) + 𝛽𝛽2 ∗ 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 + 𝛽𝛽3 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝛽𝛽4 ∗ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝛽𝛽5 ∗ 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼
+ 𝛽𝛽6 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝛽𝛽7 ∗ 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 + 𝛽𝛽8 ∗ 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 + 𝛽𝛽9 ∗ 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 + 𝛽𝛽10 ∗ 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻
+ 𝛽𝛽11 ∗ 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 + 𝜀𝜀

(4)

And then we modeled

ε is an error term used to capture unobserved heterogeneity. βi (i = 0,1,…,11) is a set of
coefficients, and σε is the standard deviation of error term whose distribution is to be estimated.
4.2. Estimation method and results
Because of the complexity of the model, we estimated the coefficients by using the Markov
Chain Monte Carlo (MCMC) method to obtain their distributions. MCMC essentially draws
samples from the desired distributions by running a cleverly constructed Markov chain for a long
time and then forms sample averages to approximate expectations (see [66] for a detailed
discussion on MCMC). In our estimation, we use uninformative but proper priors for the model.
Particularly, we specified
𝛽𝛽𝑖𝑖 ~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(0,100), 𝑖𝑖 = 0,1, … ,11
𝜎𝜎𝜀𝜀 ~𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔(1,1)

Following standard practices, we simulated multiple chains. Each chain had 12,000 iterations,
and the first 6000 were discarded as an initial burn-in. We monitored and plotted the traces of
each model parameters for all chains to confirm the adequacy of convergence of the model. All
plots showed convergence. The Gelman-Rubin convergence statistic [67] also demonstrated
evidence of sufficient convergence.
We used deviance information criteria (DIC) [68] to compare alternative models. DIC is
calculated by adding pD, a measure of the effective number of parameters in a model, to the
posterior mean deviance, a Bayesian measure of fit or adequacy. DIC is intended as a
generalization of Akaike’s information criterion (AIC). In the same spirit as AIC, the minimum
DIC estimates the model that will make the best short-term predictions (refer to [68] for a full
discussion on DIC).

Table 3 summarizes the estimated coefficients, along with their 90% and 95% confidence
intervals calculated on the basis of the MCMC simulations. To test the diminishing effect of
competitive density on the extent of search, the natural log form of competitive density was
included in the regression as one of the independent variables. We had a significant positive
coefficient (log(COMP): b = 0.98, p < 0.05). We tested an alternative specification in which we
used COMP instead of log(COMP) as the independent variable. We found that the DIC of the
model changed from 1756 to 1770, indicating that using log(COMP) provides a better fit than
using COMP. Therefore, H1 is supported.
Table 3. Estimation Results with the Logarithmic Model.
Coefficients
Intercept
log(COMP)
HCON
PRCM
SRCH
INTN(*10−2)
PROD
HINC
HEDU
HAGE
HSIZ
HCHI
σε

Mean
−3.17
0.98
0.33
1.01
−0.35
0.86
−0.43
0.09
−0.01
−0.03
0.03
0.28
0.15

Standard
Deviation
0.74
0.15
0.19
0.19
0.18
0.42
0.24
0.06
0.09
0.04
0.09
0.23
0.06

2.50%
−4.89
0.76
−0.06
0.63
−0.73
0.09
−0.88
−0.02
−0.19
−0.11
−0.14
−0.17
0.06

5.00%
−4.62
0.78
0.01
0.69
−0.67
0.21
−0.81
0.00
−0.15
−0.10
−0.12
−0.10
0.06

Median
−3.02
0.94
0.34
1.02
−0.35
0.83
−0.43
0.09
−0.02
−0.03
0.03
0.29
0.13

95.00%
−2.28
1.25
0.64
1.31
−0.05
1.59
−0.03
0.20
0.12
0.04
0.18
0.66
0.27

97.50%
−2.22
1.27
0.70
1.38
0.00
1.73
0.05
0.22
0.15
0.05
0.21
0.71
0.28

The results also indicate that consumers who have broadband connection visit more web stores
(HCON: b = 0.33, p < 0.10), marginally supporting H2. Consistent with H3, consumers who use
price comparison sites visit more stores (PRCM: b = 1.01, p < 0.05). Supporting H4, we found
that consumers tend to search fewer web stores for search products than they do for experience
products (PROD: b = −0.35, p < 0.05). The results further show a positive significant
relationship for Internet purchase experience (INTN(10−2): b = 0.86, p < 0.05) but a negative
coefficient for product-specific experience (PROD: b = −0.43, p < 0.05). Thus, H5a and H6b are
supported but not H5b and H6a. We did not find significant effects of any of the household
demographic variables.
4.3. Robustness check
As an alternative specification to Eq. (1), we may model the probability that an individual
searches an yth site as a decrement of the probability of visiting the (y −1)th site:
Pr[𝑌𝑌 = 𝑦𝑦] =

𝜆𝜆
Pr[𝑌𝑌 = 𝑦𝑦 − 1]
𝑦𝑦

(5)

where y = 2,3,…., and λ is a parameter to reflect a consumer’s search propensity (λ > 0). With the
relationship, we have a zero-truncated Poisson distribution for the number of unique web stores
visited for a purchase [65]:
(6)

1
𝑒𝑒 −𝜆𝜆 𝜆𝜆𝑦𝑦
𝑃𝑃[𝑌𝑌 = 𝑦𝑦] =
1 − 𝑒𝑒 −𝜆𝜆 𝑦𝑦!

To capture the change of search propensity, we modeled

𝜃𝜃 ∗ = 𝛾𝛾0 + 𝛾𝛾1 ∗ log(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶) + 𝛾𝛾2 ∗ 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 + 𝛾𝛾3 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝛾𝛾4 ∗ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝛾𝛾5 ∗ 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 + 𝛾𝛾6 (7)
∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝛾𝛾7 ∗ 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 + 𝛾𝛾8 ∗ 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 + 𝛾𝛾9 ∗ 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 + 𝛾𝛾10 ∗ 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 + 𝛾𝛾11
∗ 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 + 𝜈𝜈
𝜈𝜈~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(0, 𝜎𝜎𝜈𝜈 )

ν is an error term used to capture unobserved heterogeneity. γi (i = 0,1,…,11) is a set of
coefficients, and σv is the standard deviation of the error term whose distributions are to be
estimated. We used log transformation of λ as the dependent variable to ensure its positivity. We
estimated the model by using the MCMC method with uninformative but proper priors:
𝛾𝛾𝑖𝑖 ~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(0,100), 𝑖𝑖 = 0,1, … ,11
𝜎𝜎𝜈𝜈 ~𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔(1,1)

Table 4 summarizes the estimation results. As we can see, the results of hypothesis testing are
consistent with those in Table 3. The DIC of the model does not significantly change when
compared to that for the logarithmic model in the previous section.
Table 4. Estimation Results with the Poisson Model.
Variable
Intercept
log(COMP)
HCON
PRCM
SRCH
INTN(*10−2)
PROD
HINC
HEDU
HAGE
HSIZ
HCHI
συ

Mean
−2.72
0.68
0.21
0.77
−0.30
0.21
−0.24
0.05
0.00
0.00
0.03
0.17
0.63

Standard
Deviation
0.18
0.06
0.09
0.09
0.08
0.11
0.13
0.03
0.04
0.02
0.05
0.12
0.05

5. Discussion and implications

2.50%
−3.15
0.59
0.04
0.58
−0.46
−0.02
−0.49
0.00
−0.09
−0.04
−0.05
−0.07
0.54

5.00%
−3.11
0.60
0.06
0.61
−0.44
0.03
−0.45
0.00
−0.06
−0.03
−0.04
−0.03
0.55

Median
−2.71
0.67
0.21
0.78
−0.30
0.21
−0.24
0.05
0.00
0.00
0.04
0.17
0.62

95.00%
−2.44
0.78
0.38
0.92
−0.15
0.39
−0.04
0.09
0.07
0.03
0.11
0.37
0.71

97.50%
−2.44
0.79
0.41
0.95
−0.13
0.43
0.00
0.11
0.08
0.03
0.12
0.42
0.73

Extending prior studies on consumer online search and grounded in theories on information
search and information systems, our study demonstrates that the extent of online prepurchase
search is affected by both economic factors (online market environment, information access
technologies, and product type) and psychological factors (consumer online experience).
Several key findings were found. First, competitive density increases search, but there is a
diminishing effect on consumers’ online prepurchase search. Consumers search more online
stores before making a purchase when there are more competitors in the product market.
However, the impact of competitive density on search follows a diminishing returns curve.
Second, the use of advanced information technologies (such as high-speed Internet connection
and price comparison websites) induces more searches. These two technologies reduce search
cost and allow searches to be performed with ease. Third, product characteristics
influence search behavior, with consumers visiting more web stores for experience products than
for search products. This pattern is in contrast to Neilson’s prediction on the extent of search in
the nonelectronic market. The online environment provides more information on experience
products as compared to the traditional brick-and-mortar store. Finally, our study differentiates
two types of online experience—online purchase experience and product specific experience—
and shows that these two types of experience have different effects on the extent of online
prepurchase search: online purchase experience increases search, whereas product-specific
experience reduces search.
Though it is believed that the Internet has reduced consumers’ search cost, previous research
using aggregated data shows that the use of online prepurchase search is surprisingly limited. For
example, on the basis of the 1997–98 click-stream data collected by ComScore, Johnson et
al. [3] found that, on average, households visit only 1.2 book sites, 1.3 CD sites, and 1.8 travel
sites before making a purchase in an active month. Similarly, Adamic and Huberman [69] report
that the top 1% of sites on the Web capture 50% of all visits, indicating that shoppers limit their
searches to a few popular sites. Our study suggests that the low level of search found in previous
studies may be because of the infancy of electronic markets, where competitive density of the
investigated product categories was low and most consumers only had low-speed Internet
connections (i.e., dial-up). In addition, as suggested in prior studies [3], our results also indicate
that the low-level use of price comparison websites and the low percentage of consumers that
have extensive Internet purchase experience lead to the low level of search.
This research is among the first to integrate economic and psychological perspectives to
understand the key antecedents that affect consumers’ extent of online prepurchase search.
Although previous research has linked these factors to the extent of prepurchase search in the
nonelectronic market, these factors are examined sporadically in different studies. We do not
know whether their effects may be diluted at the presence of other factors. The present research
resolves this issue by simultaneously examining these variables in the same model, which allows
a deeper understanding of the relative importance of these factors. Our finding shows that
economic factors and psychological factors are not substitutes; rather, they are complementary,
as shown by the significant effects of all four focal factors in the model.
Furthermore, several other implications can be derived from this study. First, the diminishing
effect of competitive density on the extent of search indicates that the number of competitors in a

market intensifies market competition. However, competition intensity of a market does not
linearly increase with the number of competitors. When the number of competitors in a market
reaches a certain threshold, competition intensity may be maximized (e.g., reaching a perfect
competition status) and additional competitors may not further increase competition intensity.
Thus, in a concentrated market, a new entry could impose a significant impact on incumbents,
while this may not be the case in a fragmented market. Armed with this information, managers of
firms in a concentrated market should focus on developing customer retention programs (e.g.,
loyalty programs) to enhance their relationships with target consumers as an effective strategy to
compete with new entries. In contrast, executives of companies in a fragmented market should
center on customer acquisition (vs. retention) programs because new entries may impose less
severe threats to them. More promotional budgets should be allocated for discounts, coupons,
and free trials as effective strategies to attract new customers.
Second, our results also indicate that consumers with more online purchase experience or using
advanced information technologies may be less loyal to a web store. Thus, online retailers should
keep track of the preferences or shopping habits of such customers and attract them with
behavioral targeting techniques and appealing store design that fits with their characteristics [70].
It might also be profitable for marketers to utilize the interactive nature of the Web to facilitate
communications with consumers, by either providing “virtual advisors” or offering customer
testimonials in a nonintrusive way. Customers with previous purchase experience in the product
category tend to exhibit more loyal behavior. To acquire such customers, it is important for
online retailers to reach them through targeted advertising [71] (such as personalized emails and
smart banners) as they are less likely to search for information.
Third, we also find that consumers show different levels of online prepurchase search for
different types of products in such a way that they tend to visit more web stores for experience
products than for search products. Therefore, it is important for a web store to develop different
marketing strategies for different types of products [72]. For experience products, it may be
important to reduce consumers’ risk perception and increase stickiness by providing such
experiential information as consumer feedback and virtual tours. For example, Marissol-Coralia
Hotel in Guadeloupe offers prospective or visiting clients a 10-min tour guided by the
experienced front-line employees showcasing the features and services available at the hotel.
This process is successful in reducing consumers’ evaluation difficulty by providing an
experimental information reference point [73]. Similar strategies are used in the interactive home
shopping channel as well, where online marketers are trying to facilitate consumers’ decisionmaking by offering them electronic aides in real estate hunting.
We acknowledge that there are several limitations in this study. First, our variables and measures
are constrained by this particular dataset. Other individual differences not examined in this study
(e.g., self-efficacy in search, situational involvement, and desire for optimal decision) may be
investigated in the future through survey or lab experiments regarding their impact on online
search. Second, while it was believed that increased search indicates intensified competition,
what mitigates the impact of search and helps gain competitive advantages for a web store is
another direction for future studies. Third, in this study, visitations to the websites that do not sell
products (such as product review communities or the websites of manufacturing companies)
were not counted as part of search. Though such websites do not directly compete with web

stores for customers, they may provide important information for consumers. Visitation behavior
to such websites for a purchase should be explored in future research.
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