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Abstract Despite the omnipresent use of recommender sys-
tems in electronic markets, previous research has not analyzed
how consumer preferences affect the accuracy of recommend-
er systems. Markets, however, are characterized by a certain
structure of consumers’ preferences. Consequently, it is not
known in which markets recommender systems perform well.
In this paper, we introduce a microeconomic model that
allows a systematical analysis of different structures of
consumers’ preferences. We develop a model-specific met-
ric to measure the recommendation accuracy. We employ
our model in a simulation to evaluate the impact of the
structure of the consumers’ preferences on the accuracy of
a popular collaborative filtering algorithm. Our study
shows that recommendation accuracy is significantly affected
by the similarity and number of consumer types and the distri-
bution of consumers. The investigation reveals that in certain
markets even random product recommendations outperform
the collaborative filtering algorithm.

Keywords Recommender system . Consumer preferences .

Recommendation accuracy . Collaborative filtering

JEL Classification M2Business economics

Introduction

Recommender systems are widely used today in electronic
markets (Schafer et al. 1999), including Amazon.com
(Linden et al. 2003), MovieLens (Miller et al. 2003), Netflix
(Bennett and Lanning 2007), and YouTube (Davidson et al.
2010). With the wide variety of products in e-commerce, rec-
ommender systems aim at reducing consumers’ search costs
(Resnick and Varian 1997) and facilitating the discovery of
preferred products. Consumers express their preferences (val-
uation of different products) while shopping online by giving
implicit and explicit feedback, e.g., searching for products or
rating products already bought (Jawaheer et al. 2014; Ricci
et al. 2011). Recommender systems collect and use this buy-
ing behavior information to infer consumers’ preferences and
recommend products automatically.

Markets are characterized by a particular structure of con-
sumers’ preferences, which means that consumers’ preferences
are similar in some markets but different in others (Levin et al.
2003). The term structure of consumers’ preferences describes
the model of the consumers’ preferences in a given market. In
this paper, the structure of the consumers’ preferences is rep-
resented by the following features: the number of consumer
types (consumers with identical preferences), the similarity
(commonly preferred products) of consumer types and the
distribution of consumers to the various types.

Collaborative filtering recommender systems suggest
products that are preferred by consumers with similar prefer-
ences (Ekstrand 2010; Jannach et al. 2011). Consequently, the
product recommendations generated by the system depend on
the underlying structure of the consumers’ preferences
(Adomavicius et al. 2011; Felfernig et al. 2007; Hotelling
1929; Tirole 1988). Despite the omnipresent use of recom-
mender systems in electronic markets, there has been no re-
search analyzing the impact of consumer preferences on the
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accuracy of those systems. In particular, it is unknown which
features of the structure of the consumers’ preferences
influence the recommendation accuracy in which way.
Furthermore, the question arises whether particular structures
of consumers’ preferences make recommender systems inef-
fective. Consequently, online retailers do not know in which
markets recommender systems perform well. There is no
model to systematically investigate the impact of consumer
preferences on recommendation accuracy.

This paper introduces a microeconomic model that enables
the evaluation of recommender systems with regard to differ-
ent structures of consumers’ preferences. Consumer prefer-
ence modeling is based on Hotelling’s linear city model
(Hotelling 1929; Tirole 1988). We also develop a model-
specific metric to measure recommendation accuracy. Using
that model, we conducted a simulation to study how the struc-
ture of consumers’ preferences affects recommendation accu-
racy using an established collaborative filtering recommender
system (Desrosiers and Karypis 2011; Jannach et al. 2011). In
particular, we analyze three features that represent the struc-
ture of consumers’ preferences in a market: the similarity and
number of consumer types as well as the distribution of con-
sumers to the various consumer types.

Our study follows amicroeconomic research paradigm.We
do not investigate existing markets; instead, we examine the
general effects of different structures of consumers’ prefer-
ences on the accuracy of recommender systems. Therefore,
we keep our model as simple as possible to focus on the
question whether and to what extent the analyzed features
influence the recommendation accuracy. Our study finds that
the similarity of consumer types has the largest effect.
Recommendation accuracy is high only with a high or low
similarity of consumer types. Moreover, our study finds that
the number of consumer types facilitates a high recommenda-
tion accuracy. As a final result, our investigation shows that
the distribution of consumers to the consumer types affects the
recommendation accuracy only if a single consumer type
comprises the majority of consumers.

The paper is structured as follows: Section 2 presents the
related work and points out the research gap addressed in this
study. Section 3 explains our modeling of consumer prefer-
ences and the collaborative filtering recommender system. In
Section 4 we illustrate the simulation procedure and our model-
specific quality metric. Subsequently, we describe the parame-
terization of our model, explicate the simulation scenarios, and
analyze and discuss the results. Finally, Section 5 summarizes
the paper and points out further research directions.

State of the art and related work

The most important recommendation approaches in literature
and practice are content-based and collaborative filtering

(Adomavicius and Tuzhilin 2005). Content-based filtering
systems recommend products that are similar to those prod-
ucts consumers liked in the past (Jannach et al. 2011; Lops
et al. 2011). Thus, the recommender system needs information
about the similarity of items. A collaborative filtering system
recommends products for a given consumer that were bought
by other consumers with similar buying behavior (Ekstrand
2010; Jannach et al. 2011). In contrast to content-based filter-
ing, the similarity of items is derived implicitly. Collaborative
filtering is the most widely used recommendation approach in
e-commerce (Jannach et al. 2011). Awell-known example for
collaborative filtering is the recommender system of online
retailer Amazon.com (Linden et al. 2003).

Collaborative filtering recommender systems collect and
use consumers’ product ratings to generate product recom-
mendations. In literature, collaborative filtering systems are
categorized into neighborhood-based and model-based
methods (Adomavicius and Tuzhilin 2005; Desrosiers and
Karypis 2011). Model-based recommendation approaches
employ Machine Learning methods to train complex predic-
tive models and calculate individual purchase probabilities
(Desrosiers and Karypis 2011; Su and Khoshgoftaar 2009).
In contrast, the rules for generating product recommendations
are definedmanuallywith neighborhood-based recommendation
approaches (Desrosiers and Karypis 2011). Recommendation
generation is realized using item-based or user-based techniques.
Item-based filtering uses consumers’ product ratings to measure
the similarity of products and recommend products that are sim-
ilar to the products already purchased by a consumer (Jannach
et al. 2011; Sarwar et al. 2001; Su and Khoshgoftaar 2009). In
comparison, user-based filtering uses the product ratings to quan-
tify consumers’ similarities and recommends products that sim-
ilar consumers purchased (Ekstrand 2010; Jannach et al. 2011).
In our paper, we employ the popular user-based collaborative
filtering (Desrosiers and Karypis 2011).

These approaches can be implemented differently, by
selecting different similarity metrics, for example. Numerous
research papers study the configuration and possible exten-
sions of recommender systems to improve prediction accuracy
(Adomavicius and Tuzhilin 2005; Herlocker et al. 1999;
Herlocker et al. 2004). However, the developed artefacts are
usually evaluated for a given application scenario using real
data.1 Therefore, the findings refer to the given data set and the
underlying structure of consumers’ preferences.

Also, there is a growing amount of research investigating
the effects of recommender systems. Several publications in
this research branch address the diversity of sales and, as a
consequence, the impact of recommender systems on the long
tail (Fleder and Hosanagar 2007; Hinz and Eckert 2010; Zhou
et al. 2010).

1 For example, the MovieLens data set is often used for evaluation
(Herlocker et al. 2004).
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However, researchers have not investigated the effect of the
structure of consumers’ preferences on recommendation
accuracy. Nevertheless, a few studies on recommender sys-
tems also deal with consumer preferences. Some publica-
tions that focus on the effects of recommender systems on
sales diversity apply simple models of consumer prefer-
ences (Hervas-Drane 2015; Hinz and Eckert 2010; Wu
et al. 2011). Furthermore, recommender systems that follow
the multi-attribute utility theory (MAUT) use queries to ex-
plicitly collect information about consumers’ preferences
(Pfeiffer and Scholz 2013; Scholz et al. 2015). Finally, several
publications address the inference of preferences from the con-
sumers’ buying behavior (Gemmis et al. 2011; Karatzoglou
and Weimer 2011; Rashid et al. 2002). However, there is no
model that allows a systematic analysis of different structures
of consumers’ preferences and their effects on recommenda-
tion accuracy.

Model

This section describes the modeling of consumer preferences
and explains the collaborative filtering algorithm for generat-
ing recommendations.

Modeling of consumer preferences

As a typical scenario for recommender systems we as-
sume a horizontal product differentiation (Bergemann
and Ozmen 2006; Hervas-Drane 2015; Hinz and
Eckert 2010). Consumer preferences for such a scenario
are modelled in microeconomics Hotelling’s linear city
model (Hotelling 1929; Tirole 1988).

According to this model, we consider a market where ng
different products of a certain product category are offered.
The products i ∈ {1, … , ng} differ in a single characteristic gi.
The products are located at the positions G = (g1, … , gng)
within a one-dimensional differentiation spectrum. The differ-
entiation characteristic is normalized for simplification so the
position of a given product i is defined by gi ϵ [0, 1]. A choc-
olate bar that is differentiated according to the cocoa content
may serve as an example to illustrate horizontal product dif-
ferentiation. The chocolate bar i at position gi = 0 (minimum
cocoa content) corresponds to white chocolate, whereas the
product at gi = 1 is dark chocolate.

Consumers u ∈ {1, … , nc} differ according to their pref-
erences. Consumer preferences describe consumers’ valua-
tions for the products available in the market. The position
of the most preferred product of consumer u within the differ-
entiation spectrum is defined by cu ϵ [0, 1]. For this product,
consumers have their maximum willingness to pay. In our
model, we assume an identical maximum willingness to pay
vmax for all consumers. If product i at position gi does not

correspond to the most preferred product of a consumer u at
position cu, the willingness to pay is reduced with increasing
difference |cu − gi|. Following Hotelling’s linear city
(Hotelling 1929), there is a linear dependency between this
difference and the willingness to pay. Thus, the willingness to
pay v(u, i) of consumer u for the product i is calculated as
follows:

v u; ið Þ ¼ vmax−τ* cu−gij j ð1Þ

Parameter τ is a weighting coefficient that specifies how
consumers assess the distance to their most preferred product.
In our model, we assume that τ is identical for all consumers.
The consumer surplus CS(u, i) of consumer u from buying
product i at price p is defined as:

CS u; ið Þ ¼ v u; ið Þ−p ð2Þ

The consumer’s willingness to pay and the consumer sur-
plus decreases as the distance between the most preferred and
the products offered grows. The preference spectrum of a
given consumer u defines the entire set of products leading
to a positive consumer surplus CS(u, i) > 0. It contains all
products that would be purchased by the consumer u.
Figure 1 uses a hypothetical example to illustrate the model
of consumer preferences.

Furthermore, our model considers different consumer types.
Each member of a given consumer type x ∈ {1, … , nt} has
exactly the same consumer preference. The position of the
most preferred product of consumer type x is denoted by tx.
Parameter hx defines the number of consumers for a given type
x such that the condition ∑xhx ¼ nc holds.

As described above, the objective of this paper is to study
how consumers’ preferences affect the accuracy of a collabo-
rative filtering recommender system. According to our model,
this structure of the consumers’ preferences is defined by the
vector T = (t1, … , tnt), which represents the positions of the
consumer types’ most preferred products, and the vector
H = (h1, … , hnt), which describes the size of the various con-
sumer types. Moreover, the weighting coefficient τ, product
price p, and maximum willingness to pay vmax determine the
length of the preference spectrums and the similarity of con-
sumer types (commonly preferred products). These parame-
ters are also part of the definition of the structure of con-
sumers’ preferences.

Modeling the collaborative filtering recommender system

Our analysis used the popular user-based collaborative filter-
ing system. The implementation of the recommender system
follows Desrosiers and Karypis (2011). As mentioned above,
collaborative filtering is based on consumers’ product ratings.
Given a vector of product ratings Ru = (ru , 1, … , ru , ng) for
each consumer u and a set of ng products, the generation of
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product recommendations proceeds as follows: first, con-
sumers’ similarity is determined. We use the Pearson product-
moment correlation coefficient (Desrosiers and Karypis 2011;
Jannach et al. 2011) to measure the similarity sim(u,w) be-
tween consumer u and consumer w. The rating vectors Ru and
Rw are required for this calculation. Only the ratings of the
products that have already been purchased and rated by both
consumers are considered. Consequently, for generating rec-
ommendations, only those consumers are taken into account
that have common ratings with the consumer concerned. This
group of consumers is referred to as neighbors. The recommen-
dation value rec(u, i) for a product i and consumer u is calcu-
lated as follows (Desrosiers and Karypis 2011):

rec u; ið Þ ¼ Σwsim u;wð Þ*rw;i
Σwjsim u;wð Þj

∀consumers w∈1;…; nc applying to:
u ≠ w and ∃sim u;wð Þ and rw;i > 0

ð3Þ

The recommendation value rec(u, i) is a weighted average
of consumer ratings rw , i, while the similarity sim(u,w) is used
as a weighting factor. Finally, the product with the highest
recommendation value that has not already been purchased
by consumer u is recommended.

Simulation and results

In this section, we examine how the structure of consumers’
preferences affects the accuracy of recommender systems
using a simulation. First, we explain the simulation procedure
and our model-specific quality metric and subsequently

describe the parameterization used. Finally, we introduce the
simulation scenarios and discuss the results.

Simulation procedure and evaluation

Recommender systems are typically used for products such as
books and movies, e.g., on Amazon.com (Linden et al. 2003)
and MovieLens (Miller et al. 2003). In such markets, con-
sumers purchase various products in a given product category.
To analyze such a scenario with multiple purchases, we
employed a round-based simulation implemented in Java.
The consumers are processed in order of their index in each
round l ∈ {1, … , nl}. Each consumer gets a product recom-
mendation in each round according to the algorithm described
in the previous section. The product will be purchased if there
is a consumer surplusCS(u, i) > 0. Subsequent to a purchase, a
product rating correspondent to the achieved consumer sur-
plus is generated. In detail, the rating ru , i =CS(u, i) will be
created if consumer u purchases product i. We assume a du-
rable good that can be purchased only once per consumer.

The rating vectors Ru are initialized with zero for each
consumer u (i.e. ru , i = 0 , ∀ consumers u and products i), since
there are no purchases at the beginning of the simulation.With
user-based collaborative filtering, the recommendation gener-
ation is only possible if at least one neighbor (consumer with
common ratings) exists for a given consumer. Thus, there is a
cold-start problem at the time of initialization (Jannach et al.
2011). Our simulation overcomes this issue by recommending
a randomly chosen product when the collaborative filtering
could not calculate any product recommendations.
Additionally, recommendation generation is not possible if
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all neighbors have purchased exactly the same products. In
this case, the recommended product is also chosen by chance.

We developed the efficiency E as a model-specific metric
to measure recommendation accuracy. The maximum con-
sumer surplus CSmax after nl simulation rounds that is attained
in case of perfect recommendations is used as point of refer-
ence. In this case, in each round, consumers receive the prod-
uct with the highest consumer surplus that has not been pur-
chased by the respective consumer. The products are recom-
mended in descending order of the achievable consumer sur-
plus. Based on this, the efficiency E denotes the quotient of all
achieved consumer surpluses within the simulation and the
total maximum consumer surplus. The calculation is de-
scribed in formula (4), where CSk(u) denotes the achieved
consumer surplus of consumer u in simulation round k.

E ¼
Xnc

u¼1

Xnl

k¼1
CSk uð Þ

nc*CSmax ð4Þ

The efficiency can be any value on the interval [0, 1] and
refers to the percentage of the maximum consumer surplus
that is achieved based on the recommendations of the recom-
mender system. If the consumers always get perfect recom-
mendations according to their preferences and therefore
achieve the maximum consumer surplus, the efficiency
amounts to 1. Otherwise, the efficiency is 0 if only products
outside of the preference spectrum are recommended.

Parameterization

The impact of the structure of consumers’ preferences on rec-
ommendation accuracy of collaborative filtering recommend-
er systems is investigated based on three different scenarios.
Each scenario considers a market setting that comprises ng =
200 products and nc = 200 consumers. The products 1 , … ,
ng are uniformly distributed within the differentiation spec-
trum on the interval [0, 1]. The price of each product amounts
to p = 1 €. The consumers have an identical maximum
willingness to pay vmax = 2 €. The distance between an
offered product and the consumer’s most preferred product
is valued with τ = 4 € . The willingness to pay v(u, i) of a
consumer u varies on the interval [0, 2] depending on the
position of an offered product i. All the products i with a
distance |cu − gi| ≤ (vmax − p)/τ to the most preferred product of
consumer u are located within the preference spectrum. The
consumers’ most preferred products are positioned on the
interval cu ∈ [0.25, 0.75] in our simulation, such that the
preference spectrum of each consumer has exactly the
same length of 2 * (vmax − p)/τ = 0.5.2

Once again, the aim of this study is not the investigation of
existing markets. The parameters p, vmax and τ are chosen in
such a way that the preference spectrum comprises a set of 100
products. This leads to a probability of 50 % that a random
product recommendation is within the preference spectrum of
a given consumer. Consequently, the cold-start problem is
overcome in a few rounds according to our initialization strat-
egy. Furthermore, the chosen parameterization allows an ade-
quate variation of consumer types (100 different consumer
types are possible). The number of simulation rounds is fixed
to nl = 100, so that each consumer buys all the products within
his or her preference spectrum in the case of optimal recom-
mendations. Table 1 summarizes the important parameters of
our model and the parameterization used in the simulation.

We investigate three simulation scenarios. Each scenario
addresses a particular feature of the structure of consumers’
preferences. The simulation scenarios are chosen in such a
way that the effect of each feature can be examined separately.
In detail, we focus on the following three features:

& Similarity of consumer types (Scenario 1)
& Number of consumer types (Scenario 2)
& Distribution of consumers to the consumer types (Scenario 3)

The particular feature is systematically varied in each sce-
nario in order to explore the impact on recommendation accu-
racy. We carry out 30 simulation runs for each feature config-
uration to compensate for potential biases caused by the ran-
dom bootstrapping. The averaged results are used for evalua-
tion and interpretation. The number of replications was deter-
mined experimentally. There was no significant change in the
averaged results with more than 30 replications.

Similarity of consumer types (Scenario 1)

The similarity of consumer types corresponds to the confor-
mity in the tastes of the different consumer types. It is repre-
sented by the intersection of the preference spectrums of the
consumer types. In other words, the similarity refers to the
percentage of products that are commonly preferred by differ-
ent consumer types. Scenario 1 investigates the impact of the
similarity on the example of nt = 2 consumer types with 100
consumers each. Given the parameterization for p, vmax and τ
introduced above, the similarity is modelled by the
distance |t1 − t2| between the most preferred products of the
two consumer types.

For a practical explanation of the similarity of consum-
er types, we again employ the chocolate example. We
assume that chocolate bars vary in the cocoa content from
0 g (gi = 0) to 20 g (gi = 1). Given our parameterization of
p = 1 €, vmax = 2 € and τ = 4 €, the preference spectrum of
each consumer has a length of 0.5 (10 g cocoa content),
meaning that a difference of 5 g cocoa content to the

2 If the most preferred product is positioned at the edge of the differenti-
ation spectrum, the preference spectrum would be smaller. For example,
cu = 0.1 would lead to a length of the preference spectrum of 0.35.
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most preferred chocolate bar is accepted. If the consumer
types are positioned at t1 = 0.375 (7.5 g cocoa content) and
t2 = 0.625 (12.5 g cocoa content), for example, the intersection
of the two preference spectrums is 50 %. In this case, choco-
late bars with a cocoa content from 7.5 g to 12.5 g are accepted
by both consumer types.

In order to analyze how the similarity affects the accuracy
of collaborative filtering, we systematically vary the intersec-
tion of the two consumer types in our simulation. We increase
the intersection from 0% (t1 = 0.25 and t2 = 0.75, i.e. |t1 − t2| =
0.5; distinct preference spectrums of the two consumer types)
to 100% (t1 = t2 = 0.5, i.e. |t1 − t2| = 0; identical consumer pref-
erences) in steps of 4 %. Figure 2 illustrates the intersection of
preference spectrums on the example of an intersection of 0 %
and 60 %. The grey-colored area refers to the intersection.

Figure 3 depicts the efficiency of the recommender system
as a function of the similarity of both consumer types. Our
analysis shows that the similarity has a considerable impact on
the recommendation accuracy of the collaborative filtering
system. The efficiency amounts to nearly 100 %3 in the case
of disjoint preference spectrums (intersection of 0 %). The
efficiency decreases with growing similarity until the mini-
mum efficiency of 10 % is achieved at an intersection of
50 %. If the similarity further increases (intersection between
50 % and 100 %), the efficiency will grow up to nearly 100 %
for identical consumer types.

Irrelevant product recommendations (CS ≤ 0) are possible
if a given consumer has a higher correlation to another con-
sumer type than to its own. Even in this case, the recommen-
dation is irrelevant only if the recommended product, pur-
chased by the other consumer type, is located outside of the
given consumer’s preference spectrum. The U-shaped curve
in Fig. 3 is explained by two competing effects. Generally, the
size of the intersection refers to the number of commonly and
non-commonly preferred products of consumers of different
consumer types. As the intersection and number of commonly
preferred products grow, the probability increases that con-
sumers of different types buy the same products. As a first
effect, a growing intersection increases the probability that a
higher correlation to the wrong consumer type is calculated
and unsuitable products are recommended (CS ≤ 0), reducing
recommendation accuracy. As a second effect, the set of prod-
ucts that are relevant for both consumer types (CS > 0) grows
as the similarity increases. Therefore, an increasing intersec-
tion reduces the probability that a product purchased by an-
other consumer type is located outside of the preference spec-
trum of the given consumer. This effect leads to an increasing
recommendation accuracy as the similarity grows. The first
effect is dominant for intersection rates ≤50 %, while the
second effect is dominant for intersection rates >50 %.
Consequently, the increasing similarity of consumer types
causes in total a U-shaped curve of efficiency.

Another interesting finding is the comparison of the effi-
ciency between the collaborative filtering system and random
product recommendations. The recommendation accuracy

3 The minor gap to an efficiency of 100 % (perfect recommendations) is
caused by the random bootstrapping.

Table 1 Parameters and
parameterization Parameter Explanation Parameterization

gi Position of product i within the differentiation spectrum gi ϵ [0, 1]

cu Position of the most preferred product of consumer u cu ϵ [0.25, 0.75]

vmax Maximum willingness to pay vmax = 2 €

τ Weighting coefficient that specifies how consumers value the distance
|cu − gi| to their most preferred product

τ = 4 €

v(u, i) Willingness to pay of consumer u for product i v(u, i) ϵ [0, 2]

p Product price p = 1 €

CSmax Maximum consumer surplus after nl simulation rounds CSmax = 50

CS(u, i) Consumer surplus of consumer u for product i CS(u, i) ϵ [0, 1]

ru , i Rating of consumer u for product i ru , i ϵ [0, 1]

sim(u,w) Similarity (Pearson product-moment correlation coefficient) between
consumer u and consumer w

sim(u,w) ϵ [0, 1]

rec(u, i) Recommendation value for product i and consumer u rec(u, i) ϵ [0, 1]

E Efficiency of the recommender system E ϵ [0, 1]

tx Position of the most preferred product of consumer type x tx ϵ [0.25, 0.75]

ng Number of products ng = 200

nc Number of consumers nc = 200

nl Number of simulation rounds nl = 100

nt Number of consumer types Depends on the scenario

hx Number of consumers of consumer type x Depends on the scenario
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with randomly chosen products is independent from the sim-
ilarity of consumer types and amounts to 39.1 % (dashed line
in Fig. 3) for the given parameterization. Our study finds that
the efficiency of collaborative filtering is partially lower com-
pared to random recommendations. This shows that in some
markets collaborative filtering performs worse than random
recommendations.

Number of consumer types (Scenario 2)

Scenario 2 examines how the number of consumer types nt
affects recommendation accuracy. We vary the number of
consumer types and therefore the number of consumers per
consumer type in each configuration of this scenario. We con-
sider all the settings that allow an equal distribution of the
consumers to the consumer types so that each type x com-
prises hx = 200/nt consumers. Table 2 shows the configura-
tions we investigate. The two consumer types 1 and nt at the
edge of the differentiation spectrum are always located at the
positions t1 = 0.25 and tnt = 0.75. Any other types are posi-
tioned equidistantly between them. Consequently, the differ-
entiation spectrum is completely covered by the consumers
and the preference spectrum of each consumer comprises
100 products. Therefore, the consumer types are positioned
closer and the intersection of their preference spectrums in-
creases as the number of types grows.

The efficiency of our collaborative filtering recommender
system as a function of the number of consumer types is

plotted in Fig. 4. The analysis demonstrates that recommen-
dation accuracy is also affected by the number of consumer
types. The curve shows that the efficiency decreases at first as
the number of consumer types grows. With nt = 5 consumer
types (hx = 40 consumers per type), we have the minimum
efficiency of 17 % in scenario 2. Subsequently, the efficiency
increases as the number of consumer types grows.

Two competing effects can be observed again: on one
hand, there are more common purchases by consumers of
different types as the number of consumer types grows. This
first effect increases the probability of a higher correlation to
the wrong consumer type and unsuitable product recommen-
dations. On the other hand, the growing number of products
commonly preferred by consumers of adjacent types increases
the probability of relevant product recommendations. This
second effect is dominant for more than five consumer types
in the scenario shown and results in an increasing efficiency
curve. In comparison to the similarity of consumer types, the
efficiency curve as a function of the number of consumer
types is continuously rising for nearly all configurations.

Our analysis in Fig. 4 points out that in each configuration
the collaborative filtering recommender system has a lower
efficiency than random product recommendations. The low
efficiency is caused by the disadvantageous relation between
commonly and non-commonly preferred products of different
consumer types. Figure 5 illustrates the efficiency as a func-
tion of the number of consumer types when the two consumer
types 1 and nt at the edge of the differentiation spectrum are
located at the positions t1 = 0.375 and tnt = 0.625. Hence, the
consumer types are positioned more closely than in the con-
figuration considered in Fig. 4. The efficiency curve shows the
same trend and increases as the number of consumer types
grows. However, the efficiency is on a higher level in general,
so the collaborative filtering algorithm performs better than
random product recommendations.

Distribution of consumers to consumer types (Scenario 3)

The distribution of consumers to consumer types describes the
fractions of consumers that belong to the different consumer
types. According to our model, the distribution of consumers
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is represented by the vector H = (h1, … , hnt). In Scenario 1
and 2 we assumed an equal distribution of consumers to the
consumer types. However, some existing markets such as the
music industry are characterized by the Long Tail (Anderson
2006). That means that the majority of consumers belong to
one consumer type that prefers blockbuster products. Each of
the remaining consumer types prefers niche products and con-
sists of a small fraction of consumers. Scenario 3 investigates
how such a concentration of consumers affects the recommen-
dation accuracy.

The scenario is based on nt = 2 consumer types. Starting
from an equal distribution of the consumers (h1 = h2 = 100),
the consumers of type 2 are redistributed to type 1 stepwise
(increasing consumer concentration). The redistribution is re-
alized in steps of 5% until consumer type 1 comprises 95% of
the consumers (h1 = 190 and h2 = 10). We additionally consid-
er different intersections of the preference spectrums of the
two consumer types (25 %, 50 %, and 75 %) to analyze de-
pendencies between the distribution of consumers and the
similarity of consumer types.

The three curves in Fig. 6 show that the efficiency of the
recommender system is barely affected if consumer type 1
comprises between 50 % and 70 % of the consumers (100 ≤
h1 ≤ 140). Avariance analysis confirms that the distribution of
consumers within this range is statistically insignificant inde-
pendent of the intersection rate (α > 0.1). The concentration of
consumers causes a moderate effect if more than 70 % of the
consumers belong to one consumer type (h1 > 140). The rec-
ommendation accuracy increases with a growing concentra-
tion of consumers for intersection rates of 25 % and 50 %. In
contrast, an intersection of 75 % leads to an opposed curve
shape since the efficiency decreases as the concentration of
consumers grows.

Our study shows that the distribution of consumers to con-
sumer types affects the recommendation accuracy only for a

high concentration of consumers. If the intersection rate is
moderate (25 % and 50 %), an increasing concentration of
consumers improves the efficiency since the probability that
consumers are assigned to the correct consumer type grows. If
the intersection rate is high (75 %), a higher correlation to the
wrong consumer type is more likely as the concentration of
consumers grows, so the number of unsuitable product rec-
ommendations increases. Similar to scenario 2, the overall
level of efficiency strongly depends on the intersection rate.
Therefore, the recommender system performs better than ran-
dom product recommendations for intersection rates of 25 %
and 75 % and worse for an intersection rate of 50 %.

Discussion

In contrast to our model based on Hotelling’s linear city
(Hotelling 1929), existing products typically differ in more
than one characteristic, and consumers cannot be classified to
specific consumer types precisely in real markets. Nevertheless,
customer segmentation approaches in marketing show the prac-
tical relevance of the concept of consumer types (Wedel and
Kamakura 2000). Similarities of consumer types can be deter-
mined based on the set of commonly preferred products also for
multidimensional differentiated products. Compared to our
round-based simulation, real buying processes are non-
deterministic and the number and time of product purchases
differ strongly across consumers. Furthermore, our algorithm
that rates products in the amount of the consumer surplus also
abstracts from reality.

However, our study follows a microeconomic research par-
adigm. We did not investigate existing markets, but instead
addressed the fundamental question of whether the recom-
mendation accuracy is affected by the structure of consumers’
preferences. We aim at a theoretical analysis of the general
effects of different features of the structure of consumers’

Table 2 Configurations to be
investigated in simulation
scenario 2

Number of consumer types nt 4 5 8 10 20 25 40 50 100

Number of consumers per type hx 50 40 25 20 10 8 5 4 2

Fig. 4 Efficiency as a function of the number of consumer types for t1 =
0.25 and tnt = 0.75

Fig. 5 Efficiency as a function of the number of consumer types for t1 =
0.375 and tnt = 0.625
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preferences. For that reason, we intentionally kept our model
as simple as possible.

Our investigation of the three scenarios reveals that the
structure of consumers’ preferences significantly affects rec-
ommendation accuracy. Therefore, online retailers need to
know the underlying consumer preferences. Our theoretical
results motivate empirical studies in future research to judge
the suitability of collaborative filtering recommender systems
in existing markets.

Conclusion

Previous research has not examined the effect of the structure
of consumers’ preferences on the accuracy of recommender
systems. This paper introduced a simulation model that en-
ables the evaluation of recommender systems for different
structures of consumers’ preferences. The consumer prefer-
ences are modelled based on Hotelling’s linear city model.
We developed the efficiency as a model-specific metric to
assess the accuracy of recommender systems. The efficiency
defines which percentage of the consumer surplus achieved by
a perfect recommendation is attained using the recommender
system. We analyze how the structure of consumers’ prefer-
ences affects the efficiency of a widely used collaborative
filtering system by applying our simulation model. In detail,
we investigate three features of the structure of consumers’
preferences: the number and similarity of consumer types as
well as the distribution of consumers to consumer types.

This is the first study to address the fundamental question
of whether recommendation accuracy is affected by the struc-
ture of consumers’ preferences. We answered the research
question using a theoretical analysis and a microeconomic
research paradigm. Our study found that the structure of con-
sumers’ preferences has a considerable effect on the accuracy
of recommender systems. The similarity of consumer types
has the largest effect: starting from distinct consumer types,
the efficiency decreases significantly with growing similarity
until a medium similarity is reached. Subsequently, the effi-
ciency increases as the similarity grows further, so the effi-
ciency is on a very high level for consumer types with nearly

identical preferences. The increasing number of consumer
types generally leads to a growing efficiency. The distribution
of consumers to consumer types has an impact on the recom-
mendation accuracy only for a high concentration of con-
sumers on a particular consumer type. This impact depends
on the similarity of consumer types. The efficiency grows for
low and medium similarity as the concentration of consumers
on a particular consumer type increases. Contrarily, the effi-
ciency decreases with increasing concentration if consumer
types are very similar. In general, the dependency of the
recommendation accuracy on the structure of consumers’
preferences is explained by the impact of the features
considered on the number of commonly and non-commonly
preferred products and the number of irrelevant product rec-
ommendations (products not belonging to a consumer’s pref-
erence spectrum).

Our study’s findings are relevant for practice, especially for
online retailers. Our investigation can help discover whether a
collaborative filtering recommender system is suitable for a
given market. The simulation revealed that even a random
product recommendation outperforms a collaborative filtering
system for certain structures of consumers’ preferences.
Consequently, online retailers need to know consumer prefer-
ences in specific markets to decide if a collaborative filtering
algorithm or an alternative search system (e.g., another type of
a recommender system, product configurator, advanced
search engine) is preferable. Hence, our theoretical results
provide a basis for future empirical studies on the suitability
of collaborative filtering systems.

Moreover, our simulation model is relevant for future
theoretical research. It can be used to analyze how the
structure of consumers’ preferences affects the accuracy
of other types of recommender systems, e.g., item-based
collaborative filtering (Adomavicius and Tuzhilin 2005;
Jannach et al. 2011). Furthermore, it can be used to evaluate
extensions and new features (e.g. introduction of consider-
ation sets, adding randomly chosen products) of existing
recommender systems. In this context, our simulation model
allows a comprehensive evaluation varying the structure of
consumers’ preferences. Finally, since the product price influ-
ences the number of products within consumers’ preference

Fig. 6 Efficiency as a function of the distribution of consumers
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spectrums and the similarity of consumers, our simulation
model can be applied to investigate the optimal pricing
strategy in a market using recommender systems.
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