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The Impact of Search and Recommendation
Systems on Sales in Electronic Commerce
The Internet and related technologies have vastly expanded the number of products that
can be profitably promoted and sold by online retailers. Huge assortments, though, are only
beneficial for consumers if search technologies support them in browsing through the huge
variety of products. In this paper we illustrate that search technologies can lead to
additional consumption and substitution effects depending on the type of search
technology applied. For the case of a video-on-demand portal, we can particularly
recommend focusing on top lists and search tools since they lead to a considerable amount
of additional consumption while recommendation systems lead primarily to substitution.
However, retailers can also benefit from substitution if margins in niches are higher than for
substituted blockbusters.
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1 Introduction

The Internet and related technologies
have vastly expanded the variety of prod-
ucts that can be profitably stocked, pro-
moted and sold by online retailers (Bryn-
jolfsson et al. 2006, pp. 67–71). In ad-
dition, the Internet allows for imple-
menting sales support systems that re-
duce consumers’ search costs. As a result,
online retailers offer considerably more
products in their assortment than retail-
ers in traditional sales channels. While
a typical video rental store offers about
3,000 DVDs (Anderson 2006, p. 23), the
online rental store Netflix e.g. currently
offers 100,000 titles (Netflix 2009). Con-
sequently, niche products gain impor-
tance in online retailing. Thus, Brynjolfs-
son et al. (2003, pp. 1580–1596) report
that books with a sales rank of less than
250,000 on Amazon.com still account for
29.3% of the total sales. Similar sales dis-
tributions can be observed at Netflix and
Rhapsody (Anderson 2006, pp. 1–26 and
p. 132). This trend toward huge assort-
ments is most evident for information

goods, but similar trends can also be ob-
served with regard to physical products,
such as fashion goods (see e.g. otto.de).

Huge assortments, however, are only
beneficial for consumers if their search
for appropriate products is supported by
tools which help them to identify prod-
ucts that fit to their preferences. There-
fore, search and recommendation tools
play a crucial role in e-commerce. In the
following we distinguish between sales
support systems, which customers can
use actively for their search, and recom-
mendation systems that independently
recommend products on the basis of cer-
tain algorithms and data. We present a
detailed classification in Sect. 2.

Search and recommendation systems
can have two different consequences for
sales: First, decreasing search costs can
lead to higher sales based on addi-
tional consumption; second, there can
also be a shift in demand from block-
busters to niche products and vice versa,
so that substitution effects can be ob-
served. These two different consequences
(additional consumption and substitu-
tion) are of high importance for on-
line retailers: While additional consump-
tion always leads to higher sales and
potentially to higher profits, substitu-
tion is only advantageous if a low-
margin product is substituted by a prod-
uct with a higher profit margin. How-
ever, if providers know about margin
differences between products, sales can
systematically be shifted to more prof-
itable products by appropriate search
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and recommendation tools. The ba-
sis for such a sales shift, however, is
precise knowledge about how various
search and recommendation tools affect
sales.

Existing literature has particularly an-
alyzed the impact of lower search costs
in the Internet on retailer prices (Bryn-
jolfsson et al. 2000; Bakos 1997; Ancar-
ani 2002). Recent studies have also fo-
cused on the effects of search technol-
ogy on the sales distribution between
blockbusters and niche products in on-
line markets (Brynjolfsson et al. 2007;
Fleder and Hosanagar 2009). However, it
has not yet been analyzed to what extent
various search and recommendation sys-
tems influence sales distribution in differ-
ent ways nor how they affect total sales.

The aim of this paper is to investigate
the influence of different search cost re-
ducing technologies on demand, thereby
breaking down the change in sales into
additional consumption and substitu-
tion. In doing so, the paper illustrates
to what extent search and recommenda-
tion tools can be used to increase sales.
We describe and classify existing search
and recommendation systems, empiri-
cally analyze their impact on sales and de-
rive recommendations regarding the im-
plementation of search technology for a
video-on-demand (VoD) provider.

The paper is structured as follows:
First, we describe and classify systems
that assist consumers in searching and
selecting appropriate products. Subse-
quently, we illustrate the effect of decreas-
ing search costs on the total sales volume
and the distribution of sales across prod-
ucts. In Sect. 4, we examine the impact
of various sales support systems on sales
of a VoD provider1 based on a Hotelling
model and by using an agent-based sim-
ulation. Here we use real sales and exper-
imental data to calibrate our simulation.
In Sect. 5 we summarize our findings and
conclude with implications for research
and practice.

2 Reduction of Search Costs
Through Sales Support Systems

Search costs are considered as costs that
incur during the search for suitable prod-
ucts. These include explicit costs, e.g.
for reaching a store, or implicit costs
that incur as a result of the time re-
quired for searching the respective item.

Furthermore, opportunity costs emerge.
Search costs also include the evaluation
effort for a product before buying it:
consumers try to determine the qual-
ity of products as well as the degree
of compliance with their preferences on
the basis of available information (Bakos
1997, p. 1678). Search and recommenda-
tion systems aim to reduce these search
costs for consumers. It is of importance
whether search costs are equally reduced
for all products or whether certain prod-
ucts are more favored by the search cost
reduction than others. We use the lat-
ter distinction to classify search and rec-
ommendation systems in Sect. 2.2. In
the next section we first provide a liter-
ature overview on the impact of search
costs.

2.1 Search Costs

Bakos (1997, pp. 1676–1692) already dis-
cussed the potential of decreasing search
costs through the Internet over 10 years
ago. The author argues that search costs
are much lower online than offline as the
competitors are just one click away. De-
creasing search costs are essentially seen
responsible for improving market effi-
ciency, implying a decreasing profit for
the provider at the same time. How-
ever, the expectation of an emerging per-
fect market with one price has not been
met (Clay et al. 2002). A possible rea-
son for this is that even online search
costs are relatively high, as meanwhile
has been frequently documented in lit-
erature: Brynjolfsson et al. (2004) show,
based on ShopBot data, that the average
search costs per product acquisition can
be as high as 6.45 USD. Bajari and Hor-
tacsu (2003) calculate the costs of partic-
ipating in an online auction, consisting
of both search costs and costs incurred
for mental determination of the bid to
be 3.20 USD per bid. A similar study by
Hann and Terwiesch (2003) determined
that search costs can vary across product
categories from 3.54 EUR to 6.08 EUR
per bid.

From microeconomics it is well known
that search costs can have a significant
impact on consumer behavior. Contri-
butions by e.g. Stigler (1961, pp. 213–
225) on the optimal search for infor-
mation show that consumers search for
a longer period if search costs are low
and therefore they potentially find other

products which better match their prefer-
ences. Thus, decreasing search costs can
affect the welfare significantly (Wu et al.
2004). Heterogeneous search costs are
also one way to pursue price discrimina-
tion (Varian 1980; Hinz et al. 2010) as
consumers with a higher willingness to
pay usually have higher search costs (Tel-
lis 1986, pp. 146–160).

All results show that search costs can
have a significant impact on consumer
behavior and thus may also affect the
market. In general, researchers argue on
the grounds of on individual search costs
of a consumer (e.g. Varian 1980; Spann
et al. 2004). Results by Hann and Ter-
wiesch (2003) indicate, however, that
search costs may vary depending on the
product. Some products can be found
more easily as they are e.g. advertised on
the retailer’s homepage, while others are
hard to find.

The effort of search and consequently
the amount of search costs largely depend
on the opportunity costs of the seek-
ers and can be reduced by the provider’s
technology. Therefore, it is not surpris-
ing that there can be considerable dif-
ferences between the providers in terms
of search costs. Thus, Ghose and Gu
(2007, pp. 16–27) show that search costs
vary widely even among online retail-
ers and are significantly lower on Ama-
zon.com than on Barnesandnoble.com.
In addition, search costs can explain dif-
ferences in the sales distribution between
online and traditional offline sales chan-
nels (Brynjolfsson et al. 2007, pp. 16–27).
Brynjolfsson et al. (2007) find evidence
that the sales concentration across prod-
ucts is significantly lower in online chan-
nels than in traditional sales channels,
which means that demand is more evenly
distributed across products on offer.

The last two mentioned papers focus
on product-specific search costs, while
consumer-individual search costs are ne-
glected. We follow this approach. How-
ever, our results are independent of
this assumption. We consider heteroge-
neous search costs for products. There-
fore, search costs can be considered as
product-specific costs that each con-
sumer faces to locate a product.

Sales of a specific product thus essen-
tially represent a function of the con-
sumers’ preferences and their chances to
find this product. Sales support systems
can help consumers by reducing search
costs.

1The provider does not want to be mentioned.
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Fig. 1 Typical query form in online stores

Search technologies can be classified
into two groups (Brynjolfsson et al. 2006,
pp. 69–70): systems in which the con-
sumer actively searches for a product,
and systems which independently rec-
ommend products to the consumer. In
the following we explain the specific
functionality, give examples from busi-
ness practice, and analyze the impact on
product-specific search costs.

2.2 Search Systems

Search costs are typically much higher in
traditional sales channels than in online
sales channels because it takes more time
to browse shelves in a store in order to
obtain an overview of the offered vari-
ety of products. In e-commerce, in con-
trast, the consumer can easily scan huge
assortments with the help of search tech-
nology. Its simplest form are input text
fields (see Fig. 1). There are further de-
velopments, such as “Recommendation
Agent” and “Comparison Matrix” (see
Häubl and Trifts 2000).

It is common to all search systems that
they are actively used by the consumer
and search costs are generally reduced
equally across all products.

2.3 Recommendation Systems

Recommendation systems operate on
the basis of similarity metrics and de-
termine product recommendations that
might be attractive to the specific con-
sumers. These systems analyze the prod-
uct purchases in order to determine sim-
ilarities (Ansari et al. 2000, pp. 363–
375). A distinction is made between the
content-based approach, in which prod-
ucts with similar properties are proposed,
and collaborative filtering (CF), where
similar consumers are searched and

recommendations are made based on
behavioral patterns. Adomavicius and
Tuzhilin (2005, pp. 734–749) present
possible realizations of recommendation
systems in detail, whereas Resnick and
Varian (1997, pp. 56–58) highlight the
economic consequences of recommenda-
tion systems.

As an example for recommendation
systems based on similarities between
products we refer to the example of one
of the tools used by Amazon that recom-
mends purchasing a bundle of two prod-
ucts. On the basis of CF, purchase de-
cisions are compared across consumers
after selecting a product and another
product is recommended to the user by
the words “Customers who bought this
item also bought”. Overall, Amazon uses
at least seven different recommendation
tools (Brynjolfsson et al. 2003, p. 1581).

According to Anderson (2006, pp. 52–
57 and 122–124) recommendation sys-
tems shift demand from blockbusters
away toward niches that better match
consumer preferences. This result was
also confirmed by the study of Fleder
and Hosanagar (2009). This effect of
recommendation systems can be illus-
trated by the following example: Sup-
pose that 90% of all consumers have a
preference e.g. for the book “The Stand”
by Stephen King, while 10% of all con-
sumers prefer the book “Lost Symbol” by
Dan Brown. If a recommendation system
correctly analyses that a consumer be-
longs to the smaller segment and would
prefer the book “Lost Symbol”, then the
system recommends the book “Lost Sym-
bol” and the consumer will tend to buy
this book. In the same situation without
such an intelligent system the consumer
would, based on probabilities, rather re-
ceive the recommendation to buy the

book “The Stand” by Stephen King. Rec-
ommendation systems, therefore, lead to
disproportionately reduced search costs
for niches.

2.4 Hit Lists, Word-of-Mouth, Charts
and Unpersonalized Advertising

However, in online stores also search
technology is used that directs the fo-
cus of attention towards popular prod-
ucts and recommends blockbusters to the
consumer. A familiar example are hit lists
(charts) of the most sold products on
the online providers’ sites, such as mu-
sic charts. In a similar way, unpersonal-
ized advertising is used, which is gener-
ally deployed for products that can expect
a large number of consumers. As a con-
sequence, search costs for blockbusters
are reduced, further supporting the con-
sumption of blockbusters.

Again this can be illustrated by an ex-
ample: Suppose two segments, in which
90% of all consumers in segment 1 have a
preference for the book “The Stand” and
10% of all consumers in segment 2 have a
preference for the book “Lost Symbol”. If
an uninformed consumer from segment
2 meets a consumer from segment 1 who
uncritically recommends the book “The
Stand” to him, the probability increases
that the consumer from segment 2 ac-
tually buys this book although he would
prefer the book “Lost Symbol”. Customer
evaluations at Amazon thus also account
for this positive feedback loop unless it is
clear from the commentary text to which
segment the author belongs.

3 The Influence of Search
and Recommendation Tools
on Sales and the Sales
Distribution of Products

In the following, we explain the effects
of various search and recommendation
tools on sales and the sales distribution
across products. For both search and rec-
ommendation tools we assume a basic
scenario in which the corresponding sys-
tems are not yet implemented. Then we
graphically illustrate the consequences
for sales that may result from the in-
troduction of various search and recom-
mendation systems with the help of sales
distribution functions. A distinction is
made between saturated and unsaturated
markets. A market is called saturated if a
sales maximum is reached. Companies in
saturated markets can only increase sales
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Fig. 2 The influence of
search systems on the total
sales volume and sales
distribution

through product improvements and thus
winning additional market share (Pizam
2005, p. 408). The number of sold prod-
ucts in the market remains constant. In
the following we neglect market share
shifts. We consider the effects of various
search and recommendation systems for
the sales of a monopolistic supplier.

Without the ability to additionally ac-
quire sales of other companies, in sat-
urated markets sales changes are based
on substitution as consumers cannot ex-
tend their sales to additional products as
a result of existing consumption restric-
tions. Consumption restrictions may for
example be budget constraints, time con-
straints, or demand restrictions. The lat-
ter is also summarized by Gossen’s first
law which describes the effect of dimin-
ishing marginal returns. The utility of a
product decreases with an increased vol-
ume of consumption so that even with-
out a budget and/or time restriction a sat-
uration of the individual demand occurs.

In unsaturated markets, on the con-
trary, changes in sales as a result of
search and recommendation tools may
also be based on additional consump-
tion, besides substitution. On the one
hand, there may be substitution as con-
sumers can now extend their search for
suitable products in a cost-effective way.
The latter can lead to products being lo-
calized that are more consistent with the
preferences of the consumer than previ-
ously consumed products (Bakos 1997,
pp. 1678–1684). The ability of search
and recommendation systems to reduce
search costs, however, also allows con-
sumers to find, assess, and finally buy
additional products (Brynjolfsson et al.
2007, p. 2), so that additional consump-
tion occurs. In this case, the purchase of
(additional) products is not hindered by

high search costs. Consumers only search
for further purchases if they expect a pos-
itive consumer surplus (see also Spann et
al. 2004).

In the following we will examine the
influence of both search and recommen-
dation systems in two distinct scenarios:
On the one hand, we outline changes in
sales which are based on 100% additional
consumption; on the other hand, we con-
sider sales changes which are based on
100% substitution. The latter describes
the influence of search and recommen-
dation systems on sales in saturated mar-
kets, whereas we assume the occurrence
of both effects “additional consumption”
and “substitution” in unsaturated mar-
kets.

3.1 Influence of Decreasing Search Costs
Due to Search Systems

Search systems, such as search filters,
equally decrease search costs of all prod-
ucts in relative values. Blockbusters are
usually easier to find (e.g. due to higher
investments in advertising and favorable
product placement) and therefore have
lower search costs. Consequently, the re-
duction of search costs for niche prod-
ucts due to search systems amounts to
higher absolute values compared to that
of blockbusters.

Thus, niches should benefit to a greater
extent from the additional consumption
in an additional consumption scenario
than blockbusters. This scenario is illus-
trated in the left part of Fig. 2. On the
abscissa, the products are plotted in de-
scending order of their sales ranks. On
the ordinate, we find the sales per prod-
uct. The sales distribution function k0 il-
lustrates the sales distribution rate be-
fore the introduction of a search system,

k1 the resulting sales distribution after
the introduction. The described scenario
leads to an increased sales volume for the
provider in each case, so that

r∑

j=1

Salesk0,j <

r∑

j=1

Salesk1,j

holds, where r is the number of products
sold. If only products are sold with a pos-
itive margin, the profit of the provider in-
creases.

In the substitution scenario, demand of
blockbuster products is shifted towards
niches. The reason for this is again that
search costs of niche products benefit
stronger in absolute terms from a relative
search cost reduction. Consumers, who
only decided to buy blockbusters as a re-
sult of high search costs before the in-
troduction of the search system will now
change to niches, if they get a higher con-
sumer surplus with niches. This scenario
is illustrated in the right part of Fig. 2. In
case of mere substitution, the sales vol-
ume remains constant, so that

r∑

j=1

Salesk0,j <

r∑

j=1

Salesk1,j

holds. In case of substitution effects the
introduction of search systems may even
have negative consequences for providers
if the profit margin of the substitutes is
lower than that of the previously sold
products.

In saturated markets, where only sub-
stitution effects dominate, providers can
only benefit from the introduction of
search and recommendation systems if
niche products have a higher margin than
blockbusters.

In unsaturated markets a profitable in-
troduction of a search system for the
supplier is most likely as in addition to
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Fig. 3 The influence of
recommendation systems
on the total sales volume
and sales distribution

substitution there may also be additional
consumption. Even in case of an unfavor-
able shift in demand from products with
higher margins to lower margins, these
negative consequences on the amount of
sales can be offset by additional con-
sumption. However, whether the intro-
duction of a search system is profitable
and if so, to what extent, depends on
the extent to which demand changes are
based on substitution and/or additional
consumption and are dependent on the
underlying differences in the products’
profit margins.

For consumers, the introduction is
beneficial in all cases. They benefit from
an increased consumer surplus, either be-
cause additional needs can be met by ad-
ditional consumption or because prod-
ucts are more in accordance with their
preferences (substitution).

3.2 Influence of Decreasing Search Costs
Due to Recommendation Systems

Improved search technology in the form
of recommendation systems especially
reduce search costs of niche products.

If we assume additional consumption,
recommendation systems generate sup-
plementary sales for niches products.
Consumers can now achieve a positive
consumer surplus with more products in
the niches, and thus buy additional prod-
ucts. The left part of Fig. 3 illustrates this
scenario.

In the substitution scenario mainly
blockbusters, which generally have lower
search costs (e.g. through higher invest-
ments in advertising and cheaper prod-
uct placements), are replaced by niche
products. Consumers, who prefer niche
products but bought blockbusters before
the introduction of the recommendation
system due to high search cost, can now

achieve a higher consumer surplus in the
niches. The right part of Fig. 3 illustrates
this scenario. The increased sales volume
of the niches is at the expense of block-
busters, with the total sales volume re-
maining constant.

Whether recommendation systems are
profitable for the provider again depends
on the differences in the products’ profit
margins and the proportion of additional
consumption and substitution. Providers
in a saturated market can only benefit if
they can achieve a higher margin with
niche products. Providers in unsaturated
markets should benefit from the intro-
duction of these systems as in addition
to substitution also further consumption
may occur.

For consumers, the introduction of a
recommendation system is beneficial in
any case as they can increase their con-
sumer surplus. However, the gain in con-
sumer surplus should be lower than due
to an introduction of search systems since
primarily search costs of niches and not
of all products are reduced.

3.3 Influence of Decreasing Search Costs
Through Hit Lists and Charts

The use of search technology in terms
of hit lists and charts can lead to re-
duced search costs for blockbusters re-
sulting in an increased sales volume for
blockbusters. In this case, the additional
sales of blockbusters can have two conse-
quences: If the additional sales volume is
not at the expense of other products, we
can state pure additional consumption,
as shown in the left part of Fig. 4. How-
ever, if additional sales are driven by a de-
cline in sales for niches, this means sub-
stitution, as illustrated in the right part of
Fig. 4.

As with the introduction of search and
recommendation systems, whether the
implementation of hit lists and charts is
profitable for the provider again depends
on the differences in profit margin in the
case of pure substitution for saturated
markets and also on the share of addi-
tional consumption and substitution for
providers in saturated markets.

For consumers, the introduction is ad-
vantageous again as the customers’ needs
are better met resulting in an increased
consumer surplus.

Section 3.4 summarizes the results.

3.4 Overview of the Influence of Search
and Recommendation Systems

Table 1 provides an overview of the ex-
tent to which the considered search and
recommendation tools influence sales
volume, the demand distribution across
products as well as consumer and pro-
ducer surplus.

While search and recommendation sys-
tems particularly support the demand in
niches, hit lists and charts lead to the op-
posite effect by promoting sales of block-
busters. Our results also show that the in-
troduction of search and recommenda-
tion systems always lead to an increase
in consumer surplus independently of
substitution and additional consump-
tion. Consumers can either satisfy ad-
ditional demand with extra niches or
blockbusters or switch to products that
better match their preferences. Providers
facing a saturated market and therefore
pure substitution can only benefit from
the introduction of search technology if
it enables them to shift sales to products
with higher profit margins than those of
the substituted products. The introduc-
tion of search and recommendation sys-
tems is more promising in unsaturated
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Fig. 4 The influence of hit
lists and charts on their
total sales volume and sales
distribution

Table 1 Overview of the influence of search and recommendation systems

Scenario Target figure Search technology

Search system Recommendation system Hit lists/charts

Additional consumption
(unsaturated markets)

Sales surplus Blockbusters + / +
Niches + + /

Consumer + + +
Producer +a +a +a

Substitution
(esp. saturated markets)

Sales surplus Blockbuster − − +
Niches + + −
Consumer + + +
Producer ? ? ?

aOnly if products with a positive profit margin are sold

markets. In addition to substitution sales
changes may also be based on additional
consumption in such markets. Assum-
ing that only products with a positive
contribution margin are sold, additional
consumption always leads to additional
profit.

In the next chapter, we first present
a microeconomic model that represents
consumers’ search and purchase behav-
ior. Subsequently, we analyze the influ-
ence of different search technologies on
sales of a VoD provider by means of an
agent-based simulation. In doing so, we
illustrate the influence of sales support
systems on total sales and the demand
distribution across products.

We assume an unsaturated market.
This allows us to analyze the potential of
search and recommendation systems in
terms of a shift in demand with underly-
ing substitution effects, but also to draw
conclusions concerning their potential
to generate additional consumption. The
focus of our study on unsaturated mar-
kets is also determined by the available

sales data: to calibrate our model we use
sales data of a VoD provider. The VoD
market, as all markets whose products
are primarily aimed at leisure activities of
consumers, has to be considered as un-
saturated as the consumption can easily
be expanded at the expense of alternative
leisure activities (Kamakura 2009). Al-
though the latter also constitutes a form
of substitution, substitution here occurs
across markets and not within one mar-
ket.

4 Model and Empirical Analysis

4.1 Structure

In the simulation we assume a monop-
olistic provider who does not use search
and recommendation system in an initial
scenario. The provider then implements
several search and recommendation tools
in further scenarios.

The utility for consumers consists of
a deterministic and a stochastic com-
ponent (Thurstone 1927, pp. 273–286)

which reflects the uncertainty about the
utility generated by a product before the
purchase. After the purchase, the stochas-
tic component of the utility decreases
to 0 as the consumer knows its exact
value through consumption. This phe-
nomenon occurs specifically in case of
information goods and is also known
as Arrow’s impossibility theorem (Arrow
1962).

The impact of varying search costs on
demand is represented with the help of
a Hotelling model (Hotelling 1929, pp.
41–57). It is assumed that consumers are
equally positioned between 0 and 1 ac-
cording to their preferences. The hori-
zontally differentiated products on the
market are also uniformly distributed be-
tween 0 and 1. Fig. 5 illustrates the po-
sitioning of products and consumers on
the Hotelling line.

The smaller the gap between product
and the consumer’s position, the more
likely the product complies with the con-
sumer’s preferences. We use the City-
Block model to calculate the distance (Le-
unga and Lau 2004, pp. 518–524). Apart
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Fig. 5 Consumer and product position for horizontally differentiated products

from the distance between product and
consumer, the utility of the product “j”
is reduced by its price, which is as-
sumed to be identical for all products.
It is also assumed that search costs are
homogeneous for all consumers. How-
ever, search costs may vary in dependence
of the product. This takes into account
that niche products involve higher search
costs compared to mass market products.
It is assumed that consumers have knowl-
edge about the amount of search costs
that result from looking for a product.

We consider various purchase occa-
sions. Repeated purchases of the same
product by a consumer are not consid-
ered. This means, the utility of a prod-
uct “j” is zero for consumer “i” after the
purchase of product “j” by consumer “i”.
In order to account for a consumer satu-
ration level, budget constraints, or time
constraints, the utility resulting from
purchasing the product decreases with
the number of previous purchases. It is
assumed that the utility decreases linearly
with an increasing number of purchases.
Formally, a utility function of the follow-
ing form results:

ui,j,t = (a · (1 + z) − p − sj − |ki − qj|
− f (ni,T)) · xi,j,T

(i ∈ I, j ∈ J, t ∈ T) (1)

with: ui,j,t : utility of product j for con-
sumer i in purchase occasion t; a: util-
ity constant; z: stochastic component of
utility, where z ∼ [0;0.1]; sj: search cost
parameter of product j, where sj ∼ 1 −
NV(μ,σ ) · d + b; d: search cost scal-
ing parameter which determines the dif-
ference in search costs across products;
b: search cost parameter, which deter-
mines the minimum amount of search
costs; ki: position of a consumer i with
ki ∼ [0;1]; qj: position of product j with
qj ∼ [0;1]; p: price of the products; xi,j,t :
dummy variable, which is 1 if product j
has not yet been purchased by consumer
i in observation period T; 0 otherwise;
ni,T: number of previous purchases of
consumer i in the observation period T;
f (ni,T): function which reduces the util-
ity with increasing ni,T, here f (ni,T) =
0.1 ∗ ni,T; I: index set of consumers;

J: index set of products; T: index set of
purchase occasions (= observation pe-
riod).

Consumers do not buy more than one
product per purchase occasion and opt
for the product generating the highest
utility. Consumers buy as long as there
are products that generate a positive util-
ity.

Consumers are simulated by agents
who maximize their utility according to
the above described model. Thus, we fol-
low the recommendation of Tesfatsion
(2002, pp. 55–82) stating that markets
can be built up according to the bottom-
up principle particularly well if the indi-
vidual behavior can be accurately mod-
eled. The simulation was developed using
C# within the .NET Framework.

In the simulation, we consider the in-
fluence of both search and recommenda-
tion systems and of hit lists and charts,
and thus account for the influence of
search costs on sales volume: First, we
develop a realistic basic scenario cali-
brated with actual sales data. Afterwards,
we consider four possible scenarios to
analyze the impact of sales support sys-
tems through changing search costs on
demand. Consumers are held constant
across all four scenarios by using com-
mon random numbers (CRN) (see for
example Nelson and Matejcik 1995, pp.
1935–1945), leading to a reduction of
variance on scenarios. A total of 50 repli-
cations are carried out with each draw-
ing new consumers and products from
the above mentioned distributions. The
aim of this study is to identify the con-
sequences of the implementation of sales
support systems on the demand distribu-
tion across products and to break down
demand changes in additional consump-
tion and substitution.

4.2 Calibration of the Simulation

To calibrate our simulation, we draw
on sales data from the leading German
video-on-demand provider from Decem-
ber 2004 until August 2007, who may be
considered as a quasi-monopolist within

that period. In the period under con-
sideration, 1,007,168 sales could be ob-
served. Since there is no contractual rela-
tionship with the consumers, the calcula-
tion of the number of active customers is
not trivial. We make use of an approach
proposed by Reinartz and Kumar (2000,
pp. 17–35) which results in a customer
number of 15,411 for the given period
(about 2 1

2 years). This means that each
customer downloaded about 65 movies
in the entire period, i.e. about 24 movies
per year. The average assortment size is
789 movies. Thus, 15,411 agents are cre-
ated, also being uniformly distributed on
the Hotelling line and thus having het-
erogeneous preferences for the offered
789 movies.

The prices of movies in our dataset are
on a range of 0.49 EUR to 5.99 EUR.
Three out of four prices range between
2.95 EUR and 4 EUR. The average price is
2.91 EUR. Therefore, for the sake of sim-
plicity we assume a price p = 3.00 EUR
for all movies. Based on intensive indus-
try research we assume average costs for
one sold movies of 1.30 EUR for the com-
pany. This includes both streaming costs
(approximately 10% of the total costs) as
well as substantial license costs. Recent
movies are usually more expensive than
older ones, but license costs only vary by
about 5% according to the industry re-
search. Thus, the profit margin per movie
download is 1.70 EUR. Therefore, all pur-
chases generate profit. This means that
additional consumption leads to a direct
increase in profit for the provider.

To exclusively analyze the influence of
different search cost technologies we set
the parameters in our model as follows:
The utility “a” constitutes 5 EUR for each
movie bought and the stochastic com-
ponent “z” causes fluctuation of the ex-
pected benefit by 10% previous to con-
sumption. After the consumption of the
product the random component is re-
moved and the true consumer surplus
is calculated. In addition, the utility per
consumed movie decreases in a linear
manner. In this regard, we assume a de-
cline of 0.10 EUR.

The search costs “sj” for the product “j”
are normally distributed on the Hotelling
line according to the formula

sj =
(

1 −
1

σ ·√2π
· e

(qj−μ)

2σ2

1
σ ·√2π

· e
(0,5−μ)

2σ2

)
· d + b

= (
1 − e

(qj−0,5)

2σ2
) · d + b (j ∈ J) (2)
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Fig. 6 Distribution of
search costs of the movies
as located on the Hotelling
line

where “d” determines the difference in
search costs between niches and block-
busters and “b” yields the minimum
height for the search costs. We calibrate
our model for a basic scenario: In a first
step we calculate sales concentration of
the VoD data based on the Pareto prin-
ciple, which is often referred to as the
80/20 rule. This rule states that only a
small proportion of products (top 20%)
generates the majority of the total sales
(80%). This relationship has first been
observed by Pareto in distributions of
wealth in societies. In recent decades, this
relationship has been found for exam-
ple in population distributions of cities
and also in sales distributions (Brynjolfs-
son et al. 2007, pp. 17–21). Following the
80/20 rule, often the share of the best sell-
ing 20% of the products in total sales is
used as a concentration measure of de-
mand. We follow this approach and de-
termine the share of the most purchased
20% of the products in total sales. The
model’s parameters are defined in a way
that the concentration of sales according
to our model best matches those of the
real data. The parameters d = 0.40 EUR
and b = 0.10 EUR are set so that a con-
sumer has to spend about 0.50 EUR find-
ing niche products (products which are
located from 0 to about 0.3 and about
0.7 to 1 on the Hotelling line), while they
only have to spend 0.10 EUR for search-
ing blockbusters. We derived these val-
ues from an experiment on the platform
of the VoD provider (see Appendix). The
parameters μ and σ are set to μ = 0.5
and σ = 0.08 so that around 20% of the
products on the Hotelling line have lower
search costs than the remaining movies.
Fig. 6 shows the distribution of search
costs on the Hotelling line.

Table 2 Summary of scenarios

Scenario Description

Scenario 1 All: search costs −10%

Scenario 2 Niches can be found more easily: σ + 10% (=0.088)

Scenario 3 Top 100: search costs −10%

Scenario 4 Combination of scenario 1–3

Table 3 Change in the sales concentration across the scenarios

Sales concentration

Basic scenario 80.28%

Scenario 1 (search systems) 76.42%a

Scenario 2 (recommendation systems) 77.02%a

Scenario 3 (hit list etc.) 82.09%a

Scenario 4 (combination of 1–3) 79.14%a

ap < 0.01, N = 50

Subsequently, the search cost are ma-
nipulated in comparison to the presented
basic scenario as follows:

In scenario 1, we consider the intro-
duction or improvement of search sys-
tems (e.g. in the form of search filters).
In this case search costs decrease equally
across all products by 10% compared to
the basic scenario.

Scenario 2 examines the introduction
or improvement of recommendation sys-
tems that favor the finding of niche prod-
ucts. Thus, the distribution of Fig. 6 will
be more flat, while the absolute level of
search costs does not change. To repre-
sent this scenario the standard deviation
of the normal distribution is increased by
10% to 0.088.

Scenario 3 finally describes the intro-
duction or increased use of search tech-
nology which particularly supports the

sale of blockbusters (e.g. in the form
of hit lists). In this scenario, we de-
crease search costs of the top 100 movies
by 10%, while search costs of all other
movies remain the same.

In scenario 4 all improvements are in-
troduced simultaneously.

Table 2 summarizes the scenarios.

4.3 Results

We first consider the most important fig-
ures for the basic scenario. In this case,
the 20% of the best selling products aver-
agely make up 80.28% of the total sales,
which almost exactly corresponds to the
Pareto- or 80/20-rule. The validity of the
Pareto rule can also be observed in the
available sales data.

Table 3 clearly shows that the first
two scenarios reduce sales concentration
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measured as the share of top 20% prod-
ucts in total sales. The results are tested
for significance with an ANOVA (pair-
wise) – all changes are highly signifi-
cant. The concentration decreases in sce-
nario 1 and 2 so that blockbusters loose
in relative importance. This trend has
also been observed by Brynjolfsson et
al. (2007, pp. 17–21) who found that
sales concentration in online sales chan-
nels is lower compared to offline sales
channels and can be significantly differ-
ent from the 80/20 rule. The authors
show that online the top 27.7% prod-
ucts are necessary to generate 80% of to-
tal sales, whereas offline the top 20.1%
products contribute 80% to total sales.
Also Oestreicher-Singer and Sundarara-
jan (2006, pp. 5–12) show that sales dis-
tributions in the Internet do not follow
the 80/20 rule as the top 20% of the
products achieve less than 80% of total
sales. In scenario 3 where search costs for
blockbusters are further reduced by hit
lists, sales concentration increases signif-
icantly and niches relatively loose in im-
portance as expected. Using a combina-
tion of different systems, the concentra-
tion only marginally changes in scenario
4. The different effects of the search and
recommendation systems even out.

In addition to this concentration mea-
sure which reflects the relative impor-
tance, we also examine the change in con-
sumer surplus, profit, and welfare, which
leads to the results illustrated in Table 4.
It becomes clear that all systems increase
the company’s profits. If one considers
only the separate introduction of search
technologies in scenario 1 to 3, it be-
comes clear that the company would ben-
efit the most from a general reduction in
search costs. The introduction of a search
system can increase the profit by up to
2.08%. This is not surprising as in sce-
nario 1 the search costs of all products
have been reduced, while in scenario 2
and 3 only a part of the overall range of
products is affected from the reduction in
search costs. The simultaneous introduc-
tion of all considered search and recom-
mendation systems increases the profit
by 2.80%. Interestingly, the increase in
consumer surplus is greater than that of
the profit. This means that search tech-
nology mainly improves the utility of
consumers, which should indirectly lead
to higher customer satisfaction and cus-
tomer loyalty. All results are significant at
the 1% level. The combination of all sys-
tems leads to an almost perfectly additive

Table 4 Changes compared to the basic scenario

Profit Consumer surplus Welfare

Scenario 1 (search systems) +2.08%a +2.54%a +2.26%a

Scenario 2 (recommender systems) +0.15%a +0.20%a +0.17%a

Scenario 3 (hit list etc.) +0.65%a +1.15%a +0.85%a

Scenario 4 (combination of 1-3) +2.70%a +3.66%a +3.07%a

ap < 0.01, N = 50

Table 5 Change in sales among the top 20% products and the rest compared to
the basic scenario

Top 20% products Rest 80%

Scenario 1 (search systems) −2.81% +25.04%

Scenario 2 (recommender systems) −4.03% +17.42%

Scenario 3 (hit list etc.) +2.98% −6.51%

Scenario 4 (combination of 1-3) +1.27% +11.38%

Table 6 Decomposition of the effects

Substitution Additional sales

Scenario 1 (search systems), change within rest 80% 53.0% 47.0%

Scenario 2 (recommendation systems), change within rest 80% 95.4% 4.6%

Scenario 3 (hit list etc.), change within top 20% 59.5% 40.5%

gain in utility for all market participants.
Interaction effects therefore do not play a
role.

Based on the results of the simula-
tion we can also determine the utility
in monetary terms that can be achieved
through the introduction of improved
search technology for the considered VoD
provider: based on the sales during the
observation period (>1,000,000) a re-
duction of search costs by 10% (scenario
1) would generate an additional contri-
bution margin of 29,677.88 EUR for the
company. At the same time, consumers
would – assuming a willingness to pay of
5 EUR – achieve an additional consumer
surplus of 51,164.13 EUR, which can be
a strategic competitive advantage for the
provider. The company can also use these
figures to estimate the maximum of rea-
sonable investments in improved search
technology.

Considering the changes in sales in de-
tail, it is striking that both search sys-
tems and recommendation systems shift
the demand to the niches, thus block-
busters lose in importance in absolute
terms. Conversely, hit lists and unper-
sonalized advertising lead to the fact that

sales in the niches decrease and block-
busters gain in importance in absolute
terms. The use of all systems increases
the sales of both, blockbusters and niche
products. Table 5 illustrates this change.

These results already indicate that the
decrease in search costs does not only
lead to a shift in consumption, but also to
additional sales. A decomposition of real
additional sales and substitution is useful
to be able to make more accurate state-
ments if the margins for blockbusters and
niche products are different.

Table 6 shows the results of the decom-
position. In the case of scenario 1, the in-
creased sales volume in the niches results
from substitution by 53%, i.e. 53% of the
changed niche sales can be explained by
a corresponding decrease in sales of the
blockbusters. However, there are also ad-
ditional sales in the amount of 47%. In
scenario 2, an even higher percentage of
substitution can be observed. Substitu-
tion may well be desirable if the mar-
gins are higher in the niches than for the
blockbusters. If both margins are equal,
the provider can only benefit from the
additional sales, which make up nearly
5% in scenario 2. In scenario 3 we can
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Abstract
Oliver Hinz, Jochen Eckert

The Impact of Search and
Recommendation Systems on
Sales in Electronic Commerce

The Internet and related technologies
have vastly expanded the variety of
products that can be profitably pro-
moted and sold by online retailers. Fur-
thermore, search and recommendation
tools reduce consumers’ search costs in
the Internet and enable them to extend
their search from a few easily found
best-selling products (blockbusters) to
a large number of less frequently sell-
ing items (niches). As a result, Long
Tail sales distribution patterns emerge
that illustrate an increasing demand in
niches. We show in this article how dif-
ferent classes of search and recommen-
dation tools affect the distribution of
sales across products, total sales, and
consumer surplus. We hereby use an
agent-based simulation which is cal-
ibrated based on real purchase data
of a video-on-demand retailer. We find
that a decrease in search costs through
improved search technology can ei-
ther shift demand from blockbusters to
niches (search filters and recommenda-
tion systems) or from niches to block-
busters (charts and top lists). We break
down demand changes into substitu-
tion and additional consumption and
show that search and recommenda-
tion technologies can lead to substan-
tial profit increases for retailers. We also
illustrate that decreasing search costs
through search and recommendation
technologies always lead to an increase
in consumer surplus, suggesting that
retailers can use these technologies as
competitive advantage.

Keywords: Long tail phenomenon,
Search costs, Search and recommenda-
tion systems, Electronic commerce

observe that the niche products are re-
placed by the blockbusters. The addi-
tional sales of the blockbusters can be at-
tributed to an appropriate substitution
of niches products in 59.5% of all cases.
However, over 40% of the variation is
made up by pure additional sales. This
ultimately explains why advertising for
blockbusters may be useful. Blockbusters
address the preferences of many con-
sumers so that a reduction in search costs
leads to significant additional sales. As
there are additional sales of blockbusters
and niche products in scenario 4, a de-
composition is not possible.

Given our results it can be recom-
mended to the considered companies to
first introduce an improved search func-
tion, for example by (additional) search
filters, and the introduction of a top 100
list. These two features can be imple-
mented very easily and should contribute
to an increase in sales. The decision for or
against the introduction of a recommen-
dation system must be made in detail.
Our results do not consider any differ-
ences in margins. If niche products earn a
higher profit margin, the introduction of
a recommendation system could achieve
not only additional profits through ad-
ditional consumption but also through
substitution. According to the results a
combination of all systems leads to a
nearly additive gain in utility. Positive
synergy effects cannot be observed. How-
ever, there are also no negative interac-
tions between the systems. This could
also explain why Amazon uses a large
number of systems simultaneously.

5 Conclusion and Outlook

In this paper we first presented sev-
eral sales support systems and classi-
fied them according to their influence on
the product-specific search costs. Three
categories result: search systems reduce
the search costs of all products, while
recommendation systems mainly reduce
search costs for the niche products. Hit
lists and unpersonalized advertising fo-
cus on the bestselling products and re-
duce their search costs. The latter, how-
ever, are rather untypical for most of the
online providers. Companies often try to
particularly stimulate niche demands by
search and recommendation systems to
serve the heterogeneous preferences of
consumers as well as possible.

We presented the effects of various
search and recommendation systems on

the sales volume and the sales distribu-
tion and illustrated the two basic im-
plications of search and recommenda-
tion systems: changes in sales may be
based on actual additional sales, lead-
ing to a rise in sales and in the case of
positive margins to a profit increase for
the provider. Apart from additional con-
sumption, search and recommendation
systems may also trigger substitution ef-
fects by only shifting sales and not gen-
erating additional demand. In reality we
can always observe both consequences for
not fully saturated markets, as evidenced
by the results of our simulation. Sub-
stitution may even have negative conse-
quences on the profit of the provider if
high-margin products are substituted by
products with lower gross margin. Possi-
bly even positive earning effects of simul-
taneous additional sales can be overcom-
pensated, resulting in an overall negative
effect. Conversely, providers can also take
advantage of different margins and sup-
port substitution consistently. Sales sup-
port systems can thus be an important
tool for customer control and profit op-
timization. If for example the margins
are higher in the niches, the company
will benefit from the use of recommen-
dation systems not only for direct addi-
tional sales, but also for substitution of
the blockbusters with niche products.

Furthermore, in addition to a direct
increase in profit these systems always
lead to a higher consumer surplus, which
is often even higher than the increase
in profits. For this reason, decreasing
search costs can also be a strategic com-
petitive advantage for the company to
differentiate itself from its competitors.
As the study by Ghose and Gu (2007)
shows, Amazon uses this option consis-
tently as Amazon’s systems ensure that
a customer can find products compar-
atively faster than with the competitor
Barnes & Noble. The introduction of sev-
eral search technologies is highly rec-
ommended. The results of our study
show that largely additive effects on sales,
profit, and consumer surplus arise.

The results of our study are not lim-
ited to our object of analysis. In partic-
ular, the effects of search and recommen-
dation systems on the sales distribution
between blockbusters and niches as well
as the consumer surplus should also be
valid over and above the VoD market.
The results regarding the decomposition
of the changes in sales into additional
consumption and substitution as well as
calculated potential profits are dependent
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on the present market demand structure
(saturated vs. unsaturated) and should be
determined from case to case under con-
sideration of different margins for prod-
ucts.

Particularly interesting for future re-
search projects is the question of whether
the effects of search and recommendation
systems differ across product categories.
Search costs for consumers do not only
consist of costs resulting from the ac-
tual search effort, but also from process-
ing information based on which users as-
sess the product’s quality and its confor-
mity with their preferences (Bakos 1997,
p. 1678). The evaluation of experience
goods (such as movies, music, or books)
is associated to a particularly high level
of uncertainty. The quality and consis-
tency of individual preferences can only
be determined after the purchase. Just a
small number of product characteristics
can be assessed objectively (such as e.g.
the computing power for PCs) to draw
conclusions about the quality and the
correspondence to individual preferences
(Eliashberg et al. 2000, p. 227). It is there-
fore likely that search and recommenda-
tion systems have particular influence on
the sales of experience goods as the rel-
atively high evaluation costs due to high
uncertainty prior to purchase can (as a
part of search costs) be decreased more
than in other product categories, such as
hardware, where products are marked by
objective and, therefore, objectively as-
sessed properties.

We believe that the potential of sales
support systems and the reduction of
search costs are not yet fully exploited by
all companies. For business and informa-
tion systems engineering the opportunity
arises to develop new algorithms and sys-
tems that continuously promote this de-
velopment to achieve benefits for both,
companies and consumers.
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