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Abstract

Classical search theory predicts that price dispersion for homogeneous goods should
be independent of a product’s base price, assuming search costs are constant. Yet
empirical studies consistently reveal that price dispersion increases with product price—a
contradiction known as the "Price Dispersion Puzzle". This thesis investigates this
phenomenon in the context of the German online electronics market, where digital
transparency should actually minimize search frictions. Leveraging a self-built web-
scraping infrastructure, over 5 million price quotes for approximately 170,000 electronic
products from a major price comparison platform have been collected. The analysis
proceeds in three stages. First, a robust positive relationship between mean prices
and price dispersion across and within product categories is documented, confirming
the existence of the Price Dispersion Puzzle at scale. Second, consumer search costs
are estimated from observed price distributions using a game-theoretic mixed-strategy
equilibrium framework. Third, it is demonstrated that these inferred search costs increase
systematically with product prices. Importantly, this systematic increase in search costs
provides large-scale empirical support for the behavioral theory of "Relative Thinking,"
wherein consumers evaluate potential savings in relative rather than absolute terms. The
findings suggest that Relative Thinking can partially explain the emergence of the Price
Dispersion Puzzle, even in markets characterized by low technological search frictions.
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Kurzfassung

Die klassische Suchtheorie prognostiziert, dass die Preisdispersion bei homogenen Gütern
unabhängig vom Durchschnittspreis eines Produkts sein sollte, sofern die Suchkosten
konstant sind. Empirische Studien zeigen jedoch durchgehend, dass die Preisdispersion
mit dem Produktpreis zunimmt – ein Widerspruch, der als „Price Dispersion Puzzle“
bekannt ist. Diese Arbeit untersucht dieses Phänomen im Kontext des deutschen Online-
Marktes für Elektronikprodukte, in dem digitale Transparenz Suchfriktionen eigentlich
minimieren sollte. Mithilfe einer selbst entwickelten Web-Scraping-Infrastruktur wurden
über 5 Millionen Preisangebote für rund 170.000 elektronische Produkte von einer großen
Preisvergleichsplattform erhoben. Die Analyse erfolgt in drei Schritten. Erstens wird
ein robuster positiver Zusammenhang zwischen Durchschnittspreisen und Preisdispersion
innerhalb und zwischen Produktkategorien dokumentiert, was die Existenz des Price Dis-
persion Puzzle in bestätigt. Zweitens werden die Suchkosten der Konsument:innen anhand
beobachteter Preisverteilungen unter Verwendung eines spieltheoretischen Modells mit
gemischten Strategien geschätzt. Drittens wird gezeigt, dass diese geschätzten Suchkosten
systematisch mit dem Produktpreis ansteigen. Entscheidend ist, dass dieser systematische
Anstieg der Suchkosten groß angelegte empirische Evidenz für die verhaltensökonomische
Theorie des „Relativen Denkens“ liefert, wonach Konsument:innen potenzielle Einspar-
ungen relativ zum Basispreis und nicht in absoluten Beträgen bewerten. Die Ergebnisse
legen nahe, dass Relatives Denken die Entstehung des Price Dispersion Puzzle zumindest
teilweise erklären kann – selbst in Märkten, die durch geringe technologische Suchfriktionen
gekennzeichnet sind.
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1. Introduction

In classical economic theory, particularly within the framework of search models developed
by Stigler (1961)[38], price dispersion in markets for homogeneous goods is attributed to
imperfect information. A central theoretical prediction emerging from these models is
that the absolute level of price dispersion should remain independent of the product’s
mean price. In other words, if search costs are constant across goods, then price dispersion
should not systematically increase with the base price.

This prediction seems especially plausible in the context of digital markets. With
price and product information readily accessible through search engines and comparison
websites, the internet was expected to dramatically lower consumer search costs. As a
result, many anticipated that online markets would become highly competitive, leading to
more uniform pricing for identical goods. However, this expectation has not been borne
out in practice. Despite the ease of obtaining price information online, substantial price
dispersion persists. For example, Gorodnichenko et al. (2018)[18], using a large dataset
of online prices across various consumer markets, find that the average ratio between the
highest and lowest price for the same product is 1.65 in the United States and 1.52 in the
United Kingdom.

Moreover, empirical research across numerous digital product categories from books and
electronics to prescription drugs consistently documents a positive correlation between a
product’s mean price and its price dispersion (e.g., Baye et al., 2004[7]; Sorensen, 2000[36];
Xing, 2010[43]). This pattern, known as the "Price Dispersion Puzzle" (Azar, 2013[6]),
challenges the predictions of standard search models and suggests the need for a more
nuanced understanding of consumer search behavior in online markets.

One promising explanation for this puzzle is rooted in behavioral economics: consumers
may not evaluate absolute price differences in isolation but rather respond to the relative
magnitude of savings. This phenomenon is known as Relative Thinking (Azar, 2007[4];
2011[5]). Under this behavioral lens, a $5 saving matters more when purchasing a $25 item
than a $1,000 product, despite the identical absolute gain. This suggests that consumers
have increasing search costs as the total price rises which might partially explain the
Price Dispersion Puzzle.
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1. Introduction

Using a novel dataset of over five million online price observations across approximately
170,000 electronic products, this work pursues three objectives. First, it examines whether
the Price Dispersion Puzzle can be observed at scale in German digital electronics markets.
Second, it estimates effective consumer search costs by applying a game-theoretic model
to a given price distribution. Third, it tests the hypothesis that search costs themselves
scale with product price, thereby providing empirical evidence for the presence of Relative
Thinking in digital consumer behavior.

Two main findings emerge from this thesis. First, price dispersion increases substantially
with rising mean prices. Its magnitude varies after analyzing for category heterogeneity.
Second, estimated search costs also rise with the average product price, consistent with
the theory of Relative Thinking. While the estimation relies on a game-theoretical model
with strong assumptions, the results align well with findings from alternative search cost
estimation methods and experimental outcomes.

The thesis is structured as follows: It begins with a review of the relevant literature on
price dispersion, search cost estimation methods and Relative Thinking. This is followed
by a detailed description of the dataset. Next, I apply various established measures of
price dispersion to examine whether the Price Dispersion Puzzle is present in the data.
That is, whether price dispersion increases with mean price. The subsequent section
introduces the estimation procedure for consumer search costs, which are then estimated
across different product groups. Building on this, I test whether search costs themselves
rise with mean prices, providing empirical evidence on the presence of Relative Thinking.
The thesis concludes with a discussion that situates the findings within the broader
literature, addresses limitations, and considers alternative explanations.
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2. Related Literature

The following chapter synthesizes the most relevant theoretical and empirical contributions,
structured around three closely connected research areas. First, the literature on price
dispersion examines why identical goods are sold at different prices and seeks to uncover the
underlying mechanisms, such as market structure, firm strategy, and consumer behavior.
Second, research on search cost estimation explores how these costs can be inferred from
observed price distributions, typically within the framework of formal theoretical models.
Finally, the literature on relative thinking and context effects offers complementary insights,
often through experimental methods, by investigating how consumers’ perceptions and
comparisons influence their willingness to search and pay—thereby affecting observed
price variation. Together, these fields form the theoretical and empirical foundation for
the questions addressed in this thesis.

2.1. Price Dispersion

Theoretical Foundations

The theoretical literature on price dispersion originates with Stigler (1961)[38], who
was among the first to highlight that substantial price differences can persist even for
homogeneous goods. Analyzing car and coal prices from 1959, he found considerable
variation: car prices ranged from $2,350 to $2,515, while anthracite coal prices varied
between $15.46 and $18.49 per unit. Stigler attributed this dispersion not only to service-
related differences but also to consumers’ limited access to information, introducing
the idea that search costs play a fundamental role in shaping price variation. This
insight was further formalized in the Diamond Paradox (Diamond, 1971)[14], which
demonstrated that even minimal search costs could eliminate price competition entirely.
In Diamond’s model, if obtaining additional price quotes is costly, consumers may settle
for the first observed price, enabling all firms to charge the monopoly price in equilibrium.
This paradox triggered a wave of theoretical responses seeking to explain how price
dispersion could persist under more realistic conditions. One such response came from
Salop and Stiglitz (1977)[32], who introduced consumer heterogeneity into the model.

3



2. Related Literature

They distinguished between informed and uninformed consumers, showing that firms
exploit this asymmetry by offering lower prices (“bargains”) to informed shoppers while
charging higher (“rip-off”) prices to those lacking information. This differentiation leads
to price dispersion as an equilibrium outcome. Varian (1980)[41] built on this idea but
shifted focus to the temporal dimension of pricing. His model also incorporates informed
and uninformed consumers, but he demonstrates that firms optimally employ a mixed
strategy over time where they periodically lower prices to attract informed consumers
and raising them at other times to profit from the uninformed. This intertemporal
price discrimination leads to persistent price variation, even among identical firms. The
emergence of formal search-theoretic models further advanced the understanding of price
dispersion. A key distinction in this literature is between non-sequential (fixed-sample)
and sequential search. Burdett and Judd (1983)[10] developed a non-sequential model
in which consumers decide in advance how many price quotes to obtain, choosing the
lowest among them. Even with identical firms and consumers, price dispersion arises
endogenously from the costly nature of search. Stahl (1989)[37], in contrast, introduced a
sequential search framework where consumers decide after each price whether to continue
searching or to buy. By incorporating heterogeneity in search costs, assuming some
consumers face no costs while others do, Stahl showed that the degree of competition and
resulting price dispersion depends on the proportion of low-cost searchers. As the share
of informed consumers increases, firms face more pressure to lower prices, leading to a
narrower price distribution. Together, these foundational models establish a coherent
theoretical basis for understanding price dispersion in markets with search frictions. They
show that even in environments with identical products and many sellers, variation in
consumer behavior and search technology can sustain persistent pricing differences.

Empirical Findings

Following the development of foundational theoretical models, empirical research has
focused on measuring the extent of price dispersion and identifying its main drivers. A
central distinction in this context is between online and offline markets, as key factors,
especially search costs, differ substantially across these settings (Ratchford et al., 2022)[31].
An early empirical contribution by Pratt et al. (1979)[30] used data from the Boston
telephone directory to examine prices in nearly competitive markets such as bicycles,
peanuts, liquor, and pet grooming. Regressing the log of the standard deviation on the log
of the mean price yielded a coefficient of 0.892, indicating that doubling the average price
increases the standard deviation by roughly 86% (20.892 ≈ 1.86). The authors suggested
that, beyond search costs, lower purchase frequency for more expensive goods could reduce
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2.1. Price Dispersion

the incentive to search, contributing to higher dispersion. Building on this, Sorensen
(2000)[36] tested one of Stigler’s (1961)[38] hypotheses where repeat buyers conduct more
effective searches. Using a large dataset from the U.S. pharmaceutical market, he showed
that price ranges for frequently purchased maintenance drugs were about 30% lower
than for one-time-use prescriptions. This supports the idea that consumers are more
likely to search when the benefits of recurring cost savings are greater. Kaplan and
Menzio (2015)[22] analyzed over 300 million transactions from 50,000 U.S. households
between 2004 and 2009. They found that the distribution of prices is typically symmetric
and leptokurtic, with standard deviations for homogeneous goods ranging from 19% to
36%. Using a decomposition method, they showed that only 10% of price variation is
attributable to differences in store expensiveness. The remaining variation is evenly split
between within-store price fluctuations and differences in average prices across equally
expensive stores. A significant share of this unexplained variation between 35% and
55% is attributed to search frictions, highlighting their central role in sustaining price
dispersion.

Focusing on online markets, Gorodnichenko et al. (2018)[18] examined around 50,000
price observations from the UK and the US (2010–2012), collected via a large price
comparison website. Despite low search costs for consumers and low menu costs for
firms, they documented substantial price dispersion—14.9 log-points in the UK and 17.5
in the US. Seller fixed effects accounted for 25–30% of dispersion in the US and about
40% in the UK. Explanations for these findings emerge from Aparicio et al. (2024)[3],
who compared price dispersion for groceries in online and offline U.S. markets using
scanner data. Contrary to expectations and earlier studies (e.g., Brynjolfsson & Smith,
2000)[9], they observed higher dispersion online, which they attribute to algorithmic
pricing strategies enabling discrimination across time, location, and retailers. Zhuang et
al. (2018)[44] further explain elevated online price dispersion by highlighting increased
consumer risk and retailer type. In particular, they find that as the number of pure
online retailers grows, so does price dispersion. Importantly, studies on consumer search
behavior in online markets suggest that search frictions are still present even though search
costs should be low compared to offline markets. De Los Santos (2018)[13] exploited
web browsing data from consumers in the online book market. They find that 75% of
consumers visit at most one online retailer before conducting a transaction. In the market
of MP3-Players consumers search on average for two-three price quotas before engaging in
a transaction (Santos et al., 2017)[34]. This indicates that limited search-effort is present
contrary to the prediction that digital transparency removes search frictions.
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2. Related Literature

2.2. Search Cost Estimation

In the empirical literature on consumer search, several estimation approaches have been
developed to quantify search costs using observed market data. These methods aim to
explain the presence of price dispersion with the predictions of search models. Nonetheless,
they differ in terms of assumptions, data requirements, and modeling flexibility.

A pioneering contribution comes from Hong and Shum (2006)[19], who propose a
method for estimating search cost distributions using only price data. Focusing on
homogeneous goods and building on the Burdett and Judd (1983)[10] framework, they
exploit the equilibrium implications of price distributions under both sequential- and
non-sequential search. Their methodology identifies “critical” search cost cutoffs by linking
each observed price to the share of consumers who search a given number of firms. This
approach provides a foundation for estimating search costs without observing consumer
behavior or quantities. However, it relies on the assumption that all firms are symmetric
and that consumers either search sequentially or draw a fixed number of price quotes
non-sequentially. Building on this, Moraga-González and Wildenbeest (2008)[28] propose
a maximum likelihood estimation (MLE) approach for non-sequential search that improves
numerical efficiency. Like Hong and Shum, they use price data only but integrate firm
heterogeneity more flexibly by modeling search equilibria explicitly and allowing the
data to inform the search cost distribution. This approach is particularly tractable for
symmetric oligopoly markets. To improve flexibility, Moraga-González et al. (2013)[27]
propose a semi-nonparametric (SNP) method that pools data from multiple articles with
a common search technology. This approach enables robust identification of the full search
cost distribution and uses flexible polynomial approximations that outperform earlier
spline-based methods, which are usually prone to over- and underfitting. See chapter 5 for
further explanations. Sanches et al. (2018)[33] introduce a minimum distance estimator
that uses price distribution restrictions to identify search cost quantiles via non-linear
least squares. It is simple, computationally efficient, and extendable to a sieve framework,
making it practical when full structural models are infeasible.

As opposed to the analysis of homogenous goods, a parallel development in the literature
incorporates differentiated product markets and consumer heterogeneity more explicitly.
Hortacsu and Syverson (2004)[20] apply a structural model to mutual funds, where search
and vertical differentiation coexist. They require both price and quantity data and
assume consumers make discrete choices over product attributes and fees. Later work by
Wildenbeest (2011)[42] and Lin and Wildenbeest (2020)[26] further integrates vertical
and horizontal differentiation in estimating search costs, showing that ignoring quality
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2.3. Relative Thinking

heterogeneity can lead to significant overestimation of search frictions.
Finally, recent advances exploit consumer behavior data, such as browsing histories.

De los Santos (2018)[13], Koulayev (2014)[25], and Kim et al. (2010)[24] model search
using direct observations of which firm consumers visit and in what order. These models
accommodate directed and sequential search, endogenous search set formation, and
preference heterogeneity. While powerful, they require detailed behavioral data and often
rely on strong assumptions about consumer rationality and expectations.

Overall, empirical methods for estimating search costs have evolved considerably. From
early price-based equilibrium models to sophisticated structural and behavioral approaches.
Hong and Shum (2006)[19] provided the crucial steppingstone by demonstrating how
search costs could be inferred from price distributions alone. Subsequent work has
expanded these ideas into more flexible, computationally efficient, and behaviorally rich
frameworks suitable for both homogeneous and differentiated product markets.

2.3. Relative Thinking

Whereas search cost estimation methods attempt to estimate search costs for a given
set of market data, the literature on relative thinking typically seeks to infer search cost
differences across price levels using experimental settings. One of the most prominent
examples is Thaler’s (1980)[39] TV-calculator experiment: consumers exert greater effort
to save $5 on a $25 calculator than on a $500 TV. Another foundational study is by
Tversky and Kahneman (1981)[40]. In their experiment, participants were asked whether
they would drive 20 minutes to another store to save $5 on a purchase. The context was
varied: under one condition, the item’s price was low (e.g., $15); in another, it was high
(e.g., $125). The study found that a majority were willing to make the trip to save $5 on
the cheaper item, but far fewer would do so for the more expensive one.

Some authors, such as Azar (2007)[4], attempted to formalize this idea by developing
a model in which consumers consistently consider relative price differences alongside
absolute ones, even in contexts where only absolute prices should influence rational
decision-making. Later, Azar (2011)[5] showed that some individuals are entirely guided
by relative price differences (“full relative thinking”), while others also account for absolute
price differences (“partial relative thinking”).

A more recent controlled experiment was conducted by Karle et al. (2025)[23]. In this
study, participants were fully informed about the true price distribution of 100 items.
To access one additional price quote, they had to enter a 16-digit code requiring 60–85
seconds of effort, serving as a proxy for search costs. To measure relative thinking, the
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2. Related Literature

researchers kept the search effort constant but varied the price range. They found that
search costs increased with the price scale; this effect was more pronounced among AMT
workers than among students.

Similarly, Somerville (2022)[35] demonstrated in an experimental setting that consumers
become less sensitive to prices as the overall scale increases, making them more likely
to engage in a purchase. Bushong et al. (2021)[11] also showed that people judge price
differences not only by their absolute size but also by how large they appear relative to
the entire choice set. A price difference feels substantial when all other prices are within
a similar range, but less so when the price range is broad.
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3. Data

This chapter introduces the dataset used to empirically investigate the Price Dispersion
Puzzle in the German digital electronics market. It outlines how the data was collected,
what it comprises, and how it was processed. Given the central role of price comparisons
and consumer search behavior in this study, careful attention is paid to the structure and
composition of the sample, the characteristics of retailers, and the steps taken to prepare
the data for the subsequent econometric analysis.

3.1. Source

The data was collected using a large-scale web scraping application developed in Python
with the Selenium library. The target source was Idealo.de, one of the most popular
price comparison platforms in Germany with over 30 million monthly visitors. Idealo
was selected due to its extensive coverage, featuring over 50,000 retailers and 400 million
price offers (Idealo, 2025)[21], making it a representative source across various industries.
Scraping Idealo.de instead of Idealo.at or Idealo.fr ensures that only products available in
the German market are included. This guarantees that the analysis is conducted at the
national level and is not biased by retailers from Austria or France, for example, who
may systematically offer different prices due to variations in VAT or transportation fees.

3.2. Sample

The dataset is limited to electronic articles from the German digital market. It comprises
170,633 unique products, each associated with multiple price observations, resulting in a
total of 5,664,221 price quotes. To reduce noise and potential bias, prices above the 99.9th
percentile have been excluded. This upper range includes outliers such as professional
sound systems used for music and festival events, which can cost over €200,000 and
are typically purchased by firms rather than individual consumers. These products also
exhibit low standard deviation due to their infrequent availability in online retail shops.

9



3. Data

Figure 3.1: Category Structure

Excluding them helps avoid distortions in the analysis of price dispersion and consumer
search costs. Following the literature on search models, which suggests that consumer
search behavior varies by product type, the data is categorized into nine main groups and
274 subcategories (see Figure 2.1). Although the TV & Satellite category represents a
relatively small share of the total sample, its absolute size remains sufficient. Specifically,
it accounts for approximately 4% of the dataset, corresponding to around 6,800 articles
and 225,000 price observations Table 2.1 provides an overview of key descriptive statistics,

Table 3.1: Descriptive Statistics

which remain largely consistent whether prices include delivery costs or not. Idealo also
allows consumers to rate retailers within specific subcategories. In addition to total
delivery time, the dataset includes information on refund days, which indicate the period
during which a consumer can return a product to the retailer free of charge.

However, data on delivery and refund days is only available for approximately half
of the sample. To examine how price levels differ across categories, Figure 3.2 provides

10



3.3. Shops

Figure 3.2: Price distributions by category

additional insights.

3.3. Shops

The dataset includes price information from 14,233 different retailers. However, most of
these shops list prices for no more than 50 distinct articles (see Table 3.2).

Table 3.2: Available prices per shop

To ensure data quality, the final dataset used in the main analysis includes only retailers
that exceed a minimum threshold of total price quotes. This restriction is necessary
because Idealo cannot fully guarantee that its platform is free from fake shops and from
their associated manipulated prices. Importantly, fake shops have a strong incentive to
post numerous low-priced offers to increase their visibility and attract more customers
to their own websites. By flooding the platform with artificially low prices across many

11



3. Data

products, they can appear more competitive than legitimate retailers. However, it is
expected that Idealo is more likely to detect and remove such fraudulent shops if their
number of listed prices becomes excessively large. Therefore, setting a minimum activity
threshold helps strike a balance between including a broad range of retailers and filtering
out potentially unreliable data. This restriction does not significantly reduce the overall
dataset size, as shops with more than 500 price quotes still account for 83.8% of all
available observations. Additionally, focusing on more active retailers improves the
estimation of e-tailer-specific effects in the hedonic pricing model. For some price quotes,
data on available payment and delivery methods is also included. These are summarized
in Table 3.3. Payment and delivery services can serve as indicators of available buyer
protection. Including them helps account for differences in payment security in the search
cost analysis.

Table 3.3: Payment methods and delivery services

12



3.4. Sample Construction

3.4. Sample Construction

During the search cost estimation procedure, different subsamples are employed to mitigate
potential sample selection biases that may arise, for example, when only price observations
with complete covariate information are used. In addition, conducting a robust store
fixed-effects regression requires a substantial number of observations per shop. To address
these issues, a series of restrictions is introduced. Alongside the full sample containing all
available prices, the following three restricted subsamples are considered:

Restriction 1: Only price points for which all covariates are available.

Restriction 2: R1 + only shops with at least 500 price points.

Restriction 3: R1 + R2 + only articles for which at least 30–40 prices are available.

Shops that no longer meet the requirement of Restriction 2 after applying Restriction 3
are removed from the sample corresponding to Restriction 3.

13





4. Price Dispersion Puzzle

This subchapter analyzes the presence of the Price Dispersion Puzzle in the available
dataset. Hence, several measures of price dispersion are compared. In addition to testing
different sample specifications, the estimates are also examined for heterogeneity across
product categories.

4.1. Price Dispersion Analysis

Before analyzing how search costs behave in the data, the first goal is to assess whether the
Price Dispersion Puzzle is present in the scraped dataset. To this end, several measures
from the price dispersion literature are employed to examine whether an increase in mean
price leads to greater price variation for a given article. One of the standard measures is
the standard deviation (see, e.g., Kaplan & Menzio, 2015[22]; Zhuang et al., 2018[44]).
The use of log-transformed values of both the standard deviation and the mean price
is also common in price dispersion analyses (e.g., Pan et al., 2002[29]). Additionally,
Zhuang et al. (2018)[44] propose the price range as an alternative measure of dispersion
(see also Brynjolfsson & Smith, 2000[9]). Furthermore, relative measures such as the
coefficient of variation are considered, particularly in the context of price differences for
homogeneous goods (Gorodnichenko et al., 2018[18]; Kaplan & Menzio, 2015[22]). The
following regressions are used to illustrate how price dispersion responds to increases in
the (log) mean price of an article:

SDi = β0 + β1 · Mean Pricei + εi (4.1)

log(SDi) = β0 + β1 · log(Mean Pricei) + εi (4.2)

log(rangei) = β0 + β1 · Mean Pricei + εi (4.3)

CVi = β0 + β1 · Mean Pricei + εi (4.4)

These regressions are applied not only to the full dataset for illustration, but also to
various subsets defined by Restriction (1) - (3), which are relevant for the subsequent
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search cost estimation. This approach ensures that any positive relationship between
absolute price dispersion and mean price is robust and not driven by the specific sample
construction. Table 4.1 provides an overview of how different dispersion measures respond
when the (log) mean price increases. Columns (1), (3), (5), and (7) are based on the
full sample, whereas the remaining columns use the subset defined by Restriction (1).
The imposed restriction leads to a noticeable difference in the regression of standard
deviation on mean price: in the full sample, a 1€ increase in mean price is associated
with an average increase of 0.097€ in the standard deviation. Under Restriction (1),
the same price increase results in only a 0.058€ increase, on average. However, for the
remaining dispersion measures, the effects are similar in magnitude. A 1% increase in
mean price leads, on average, to a 0.79–0.82% increase in the log-standard deviation
and a 0.78–0.82% increase in the total log-price range. Interestingly, the coefficient of
variation (CV) remains fairly stable: there is only a very small negative effect, which is
statistically significant due to the large sample size. Nonetheless, when comparing model
predictions for a 10 € product and a 500€ product, the respective CVs would be 17.14%
(17.17 + (−0.003) · 10 = 17.14) and 15.67% (17.17 + (−0.003) · 500 = 15.67) according to
the model based on the full sample.

Table 4.1: Price dispersion analysis for full sample and restr. (1)

If larger absolute price dispersion is partly driven by the effects of relative thinking,
then an approximately constant CV would support the idea that consumers irrationally
consider only relative savings rather than absolute ones. Since the search cost estimation
is based on the subset defined by Restriction (3), Table 4.2 presents the results for the
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price dispersion measures under Restriction (2) and Restriction (3).

Table 4.2: Price dispersion analysis for restr. (2) and restr. (3)

Note that only a small fraction of the total articles available remain after imposing
the restrictions under Restriction (3). Nevertheless, 4.300 articles still constitute of
approximately 150 000 price observations. Comparing the measures under Restriction (3)
in columns (2), (4), (6) and (8) is very similar to its full sample counterpart in Table 4.1.

4.2. Category Heterogeneity

Since the increase in absolute price dispersion may vary across categories, the relation-
ship between the price dispersion measures and the (log) mean price is analyzed while
accounting for heterogeneous effects. Therefore, interaction terms between the (log) mean
price and product categories are included. The following regression will be estimated:

4.2.1. Model

PD Measurei =

9∑︂
i=1

β
(cat.)
i +

19∑︂
i=10

β
(cat.)
i ·MeanPricei · categoryi + εi (4.5)

Note that for the standard deviation and the coefficient of variation as dependent variables,
the linear version of Mean Pricei is used. When the logarithm of the standard deviation
or the range is considered, Mean Pricei is also log-transformed.
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Cat. is an index for the nine main categories (see Figure 3.1) available, i.e.,

cat. ∈ {Computer, . . . , TV & Satellite},

For the sake of clarity, no reference category is omitted in this regression. Instead, there is
an individual intercept for each category and a corresponding estimate for the interaction
term.

4.2.2. Results

Table 4.3: Category heterogeneity for SD and CV

Columns (1)–(3) in Table 4.3 use the standard deviation (SD), and Columns (4)–(6)
use the coefficient of variation (CV) as the dependent variable. The explanatory variable
is the mean price in linear form. For each price dispersion measure, the regressions are
estimated using the full sample as well as the subsets defined by Restriction (1) and (3).
Heterogeneous effects are quite substantial: in the full sample, the estimated effects range
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from 0.056 to 0.168. Under Restriction (3), which is the sample used for the search cost
estimation, the variation across categories is even more pronounced, with coefficients
ranging from 0.043 to 0.206. Restriction (1) yields somewhat lower estimates and less
heterogeneity, between 0.026 and 0.087. In contrast to the average-effect analysis in the
previous section, the inclusion of category-level heterogeneity reveals that results are
sensitive to the imposed sample restrictions. Nevertheless, the effects for the CV remain
largely stable, and under Restriction (3), some category-specific coefficients even become
statistically insignificant.

Next, in Table 4.4, the log-standard deviation and the log-range are used as dependent
variables, with the log-mean price serving as the explanatory variable. The corresponding
results are reported in Table 4.4. Columns (1)–(3) and (4)–(6) present the results for the
respective dependent variables under different sample restrictions. Within each group,
the left column is based on the full sample, the middle column on Restriction (1), and
the right column on Restriction (3).

Table 4.4: Category heterogeneity for ln SD and ln Range

The log-transformation of the variables results in lower overall heterogeneity across
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categories. Under the full sample, as shown in Column (1), a 1% increase in mean
price leads to a 0.739–0.871% increase in the standard deviation. Restriction (1) and
Restriction (3) show slightly more variation in their estimates, ranging from 0.735–0.952%
and 0.752–1.081%, respectively (see Columns (2) and (3), Table 4.4). Similarly, the
log-range as a measure of price dispersion yields effects of comparable magnitude in the
full sample (Column 4) and under Restriction (1) (Column 5). However, under Restriction
(3) (Column 6), the estimated coefficients vary more widely, ranging from 0.74% to 1.125%.
To illustrate the magnitude of this difference: consider a product with a mean price of
€100 and a standard deviation of €20. If the mean price increases by 20%, a category
with an elasticity of 1.125 would see its dispersion rise to €24.86 (a 24.3% increase),
whereas a category with an elasticity of 0.74 would only see it rise to €22.84 (a 14.2%
increase).
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5. Search Cost Analysis

The previous chapter confirmed that price dispersion increases with mean prices, challen-
ging the predictions of standard search models with fixed search costs. In this chapter, a
game-theoretic model is introduced that allows search costs to be inferred from observed
price distributions. The estimation procedure is first illustrated using a single article
group, and then applied across multiple groups to test whether estimated search costs
systematically increase with average prices - proving the presence of Relative Thinking.
Additionally, a hedonic pricing regression is used to control for product characteristics,
and the search cost estimation is repeated on its residuals to ensure robustness.

5.1. Setup

To estimate consumer search costs in a market for homogeneous goods, this thesis applies
the semi-nonparametric (SNP) method developed by Moraga-González, Sándor and
Wildenbeest (2013)[27]. Unlike earlier approaches (e.g., Hong and Shum, 2006[19]), which
estimate search cost distributions on a market-by-market basis, this SNP-approach allows
for the pooling of price data from similar products within the same market, as long as
they share the same underlying search technology. While consumers in different markets
may vary in their valuations, firm costs, and number of competitors, their search behavior
is assumed to follow a common cost distribution. This pooling facilitates a more granular
estimation of search cost cut-off points, leading to greater precision in recovering the full
cumulative distribution function (CDF) of consumer search costs.

5.1.1. Theoretical Model

The model builds on the non-sequential search framework of Burdett and Judd (1983)[10]
and its extension by Hong and Shum (2006)[19], which introduces heterogeneous search
costs across consumers. There are K firms, each producing a homogeneous product at
unit cost r. A continuum of consumers (normalized to unit mass) each wishes to purchase
at most one unit. Consumers face search costs when observing prices but are allowed to
observe the first price for free, consistent with most of the literature.
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5. Search Cost Analysis

Each consumer has a privately known search cost c, drawn from a continuous, atomless
distribution G(c) with density g(c). A consumer who observes k prices incurs a total cost
of (k − 1)c. The maximum price any consumer is willing to pay is v. After observing k

prices, a consumer purchases from the firm offering the lowest observed price. Firms and
consumers engage in a simultaneous move game. Each firm sets a pricing strategy Fi,
which is a distribution over prices. In equilibrium, firms choose prices to maximize profits
given the pricing strategies of competitors and consumers’ search behavior. Symmetric
mixed-strategy equilibria are of interest here. The most important equilibrium conditions
are as follows:

1. Firms best respond to each other’s strategies.

2. Firms are indifferent across all prices in the support of F , implying constant expected
profit across this support where µk is the share of consumers searching for k prices:

(p− r)
K∑︂
k=1

kµk(1− F (p))k−1 = µ1(v − r)

3. Consumers optimize search: Each consumer chooses a number k ∈ {1, . . . ,K} that
maximizes expected utility where E[p(1:k)] is the expected minimum price if the
consumer searches for k different prices:

k(c) = argmax
k

[︁
v − E[p(1:k)]− (k − 1)c

]︁
A mixed-strategy equilibrium arises when some consumers search only one firm (thus

firms can charge high prices), while others search multiple firms (imposing competitive
pressure). This mix avoids both monopoly pricing and Bertrand undercutting.

5.1.2. Estimating Search Costs

To estimate the distribution G(c), a series of intermediary steps is required:

• Cutoff values ck are defined such that consumers are indifferent between searching
k vs. k + 1 firms and E[p(1:k)] will be computed based on the empirical CDF:

ck = E[p(1:k)]− E[p(1:k+1)]
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• The share of consumers µk searching k firms is given by:

µ1 = 1−G(c1)

µk = G(ck−1)−G(ck), for k = 2, . . . ,K

Instead of estimating G(c) by interpolating across cutoff values, this approach employs
semi-nonparametric (SNP) maximum likelihood estimation following Gallant and Nychka
(1987)[17]. This method allows for a flexible approximation of the density g(c) while
pooling data across similar articles.

• Search cost density is approximated using a Hermite polynomial expansion

g(c; γ, σ,θ) =

∑︁N
i=0 θiui(c)(︂∑︁N
i=0 θ

2
i

)︂1/2
with the transformation c = exp(γ + σx). This transformation, where x is a standard

random variable, follows the SNP estimator framework of Fenton and Gallant (1996)[16].
It ensures positivity of the search cost distribution and aligns with the parametric form
used in their original density specification. The θi are weights applied to the basis functions
ui, and the parameter vector (γ, σ, θ1, . . . , θN ) is estimated via maximum likelihood. So
the task is to find the set of parameters which is able to describe the price density given
the presence of search costs the best.

The price density given its search cost for an article m is derived by the equilibrium
conditions mentioned in 5.1.1 and is defined as:

fm(pi | g) =
∑︁Km

k=1 kµ
m
k (1− Fm(pi | g))k−1

(pi − rm)
∑︁Km

k=1 k(k − 1)µm
k (1− Fm(pi | g))k−2

Since this approach estimates the relevant parameters using information not from a
single article but from a group of articles that share the same search cost technology, the
log-likelihood is constructed using all pooled data:

L(g | p1, . . . , pM ) =
1

M

M∑︂
m=1

(︄
1

Km

Km∑︂
i=1

log fm(pi | g)

)︄
To determine the optimal number of SNP terms N , the Integrated Squared Error

(ISE) is minimized via cross-validation, following the approach of Coppejans and Gallant
(2002)[12]. This method balances the flexibility of the approximation against the risk of
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5. Search Cost Analysis

overfitting. Additionally, the Conditional Kolmogorov (CK) test developed by Andrews
(1997)[2] is used to assess how well the price density is captured by the current model
parameters. After estimating the model for various values of N , the search cost estimates
corresponding to the best CK/ISE combination are selected.

5.1.3. Example

Before computing the search cost density and its respective moments, three key observa-
tions from Moraga-González et al. (2013)[27] application example must be emphasized:
(1) They use ten different products in their article pool, (2) market size heteroscedasticity
is limited, with approximately 30 to 40 prices per article, and (3) the articles lie within a
similar price regime.

These criteria have also been applied to the dataset used in this thesis. Since the
aim is to test whether search costs increase with rising mean prices, several groups were
constructed that satisfy the three conditions mentioned above. Unlike the original authors,
this thesis does not have access to product-specific characteristics to enforce similarity in
pricing (condition 3). However, since products with similar features typically fall within a
comparable price range, a quantile-based price ranking is used as a proxy. The number of
quantiles is determined by the number of articles available within each product category.
For example, if a category contains 50 articles, it is divided into five quantiles to ensure
each group contains ten articles. Applying this procedure to the dataset results in 306
distinct groups.

Unlike Moraga-González et al. (2013)[27], who illustrate their method using memory
chips, this thesis presents a custom application example based on a group of ten CPU
processors priced above €200 which can be found in Table 4.1. For each processor,
between 30 and 40 different price quotations are available. The analysis is based on prices
including transportation fees, as these represent the final costs relevant to consumers
when making purchasing decisions. The presence of significant price dispersion implies
that the savings between a fully informed consumer and one who searches only once are
non-negligible.

Next, the relevant parameters for the search cost distribution are estimated. As in
Moraga-González et al. (2013)[27], it is not possible to determine a priori how many SNP
parameters (denoted N) should be included in the search cost density function. Therefore,
the density is estimated for various values of N . For each value, the log-likelihood (LL)
is computed, alongside the two model-fit measures: the Integrated Squared Error (ISE)
and the Conditional Kolmogorov (CK) statistic. The CK statistic, following Andrews
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5.1. Setup

Table 5.1: Descriptives for CPU processors

(1997)[2], tests the null hypothesis that the model is correctly specified, conditional on the
estimated SNP parameters and observed market covariates. A low CK statistic implies
better model fit, as it increases the likelihood of maintaining the null hypothesis. The
results are presented in Table 4.2.

Table 5.2: SNP-estimates for CPU processors example

Due to increasing computational burden—especially for larger N—the analysis is limited
to values of N up to 25. The SNP specification yielding the lowest CK statistic (and
typically also the lowest ISE) is chosen as the best-fitting model. For this CPU processor
group, the CK statistic decreases steadily up to around N=20, after which it levels off.
The best fit is observed at N=23, and thus, the corresponding search cost PDF and CDF,
along with the distributional moment estimates, are computed based on this specification.
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Figure 4.1 shows the estimated PDF and CDF of the search cost distribution.

(a) Cumulative distribution function (b) Probability density function

Figure 5.1: G(c) and g(c) of search costs distribution

Following the estimation of SNP parameters, the distribution’s moment conditions are
derived. Consistent with Moraga-González et al. (2013)[27], the moments are calculated
up to the 95th percentile to mitigate distortions due to extreme tail behavior often present
in flexible SNP estimators. This threshold choice is validated by testing the method
on the original authors’ data. For the CPU processor group analyzed here, the mean
search cost is approximately €5.85, with a standard deviation of €5.33. The median
consumer exhibits a search cost of around €4.24. Importantly, although CK statistics
may be similar across nearby SNP specifications, the resulting moment estimates can still
differ considerably. While median estimates remain relatively stable, the mean search
cost varies between €4.37 and €8.11 for models estimated with N ∈ [5, 25].

5.2. Relative Thinking

To illustrate the presence of relative thinking, the goal is to show that an increase with
mean price also leads to higher search cost moments. Hence, as in the described example,
the search cost estimates will be calculated to a larger group of article pools to check
wether an increase in the mean price of the group leads to larger search cost estimates.
Besides the search cost mean, the median and standard deviation are also taken into
account. Price dispersion doesn’t only occur due to search frictions. As mentioned earlier
in the literature overview, determinants such as payment risk, shop expensiveness or
delivery conditions can play a crucial role in pricing. Therefore, a hedonic pricing equation
can be used to control for these factors. After that, the residuals of this regression will be
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extracted and used to estimate the search costs again.

5.2.1. Hedonic Pricing Equation

To ensure reliable estimation of shop fixed effects and minimize incidental parameter
bias, the sample is restricted to shops with at least 500 price observations Restriction (2).
Next, the dataset gets restricted to articles that have between 30–40 price observations
(Restriction (3)) to enable a good model-fit. This filtering process reduced the sample to
146,480 observations covering 118 shops and 4272 articles. The hedonic pricing regression
that is run looks as follows:

pricei = β0 + β1 · pagei + β2 · deliverydaysi + β3 · refunddaysi
+ β4 · numratingsi + β5 · shopratingi

+

20∑︂
j=1

γj · paymentij +
15∑︂
k=1

δk · deliveryik

+ φi · shopnamei + εi (5.1)

The regression consists of all scrapable information that was accessible on the price
comparison website. The dependent variable price refers to the price including delivery
costs for a given article. Page is a numeric variable indicating on which page number
within a subcategory an article appears. Since articles are ordered by popularity, those
on the first page are more popular than those on subsequent pages. The effects of
popularity on pricing and price dispersion have been extensively studied in the economic
literature (see e.g., Baye et al.(2004)[7] or Pan et al. (2002)[29]). Next, deliverydays
indicates how many days an article takes to arrive if ordered at the scraping point in time.
Refunddays describes the number of days a customer is allowed to return a product to the
retailer free of charge. Visitors on Idealo can rate shops within each category. The total
number of ratings and the average shop rating are captured by numratings and shoprating,
respectively. Several payment methods are included as dummy variables, since each
method offers a different level of security for the customer. For example, payments via
Mastercard or Visa offer comprehensive buyer protection, while methods like immediate
transfer or payment in advance are considered less secure. Including payment method
dummies helps mitigate the influence of payment risk on prices. To account for delivery
convenience—and to some extent payment-related risk—a dummy for different delivery
services is also included. Since some services are less popular, they may be perceived as
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riskier by consumers. Lastly, the variable shopname controls for shop-specific effects such
as reputation, branding, or customer service.
To estimate search costs while controlling for the covariates described above, only the
residuals from regression 4.1 are relevant. For readers interested in the results of this
regression, the corresponding results are represented in figure A1 in the appendix. Columns
(1) and (2) are based on sample restriction (1), while columns (3) and (4) correspond
to restriction (3). After including shop fixed effects, most estimates for payment and
delivery services are dropped due to perfect multicollinearity.

5.2.2. Results

To illustrate relative thinking, several pooled article groups are constructed in the same
manner as described in the example in 5.1.3. For each group, the average price and the
search cost moments are determined. If relative thinking is present, then an increase in
the average price should be associated with a larger search cost mean/median. Hence,
the following regressions will be estimated:

log(SC Meani) = β0 + β1 · log(MeanPricei) + εi (5.2)

log(SC Mediani) = β0 + β1 · log(MeanPricei) + εi (5.3)

SC Mean reflects the overall search cost average of an article group i. MeanPrice is the
respective price average of i. The results for the effects on the mean can be seen in table
5.3.

Column (1) uses the full sample, where each product typically has between 30 and
40 price observations. Columns (2) to (4) rely on subsamples defined by Restriction
(3). Column (2), like Column (1), analyzes raw prices and serves as a robustness check
to address potential sample selection bias—specifically, whether the subset of price
observations with complete covariate information differs systematically from those with
missing covariates. Column (3) is based on residuals from an OLS regression, while
Column (4) uses residuals from a fixed-effects regression.

Consistent with the theory of relative thinking, Columns (1) to (3) support the hypo-
thesis that search cost estimates increase with the average price level. Based on Column
(2), a 1% increase in the average price is associated with a 0.35% increase in the estimated
mean search cost. This effect is similar in magnitude when using the full sample in Column
(1). Even after controlling for observables and estimating search costs from the residuals
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Table 5.3: Relative Thinking - Search cost mean

in Columns (3), a significant positive relationship between mean search costs and average
market price persists, though the magnitude of the effect is smaller. This attenuation
is theoretically plausible: accounting for store-level heterogeneity reduces the expected
gains from search for consumers. Consequently, to explain observed price differences,
consumers would engage in more extensive search, leading to lower estimated search costs.
Finally, when controlling for shop fixed effects in Column (4), the relationship becomes
statistically insignificant. This is expected, as including store fixed effects removes all
between-store variation, leaving only within-store variation. Next, the same analysis is
conducted on the median of search cost estimates. The results are stated in table 5.4:

Table 5.4: Relative Thinking - Search cost median
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The column specifications are the same as in table 5.3. Similar as in the analysis for
the search cost mean, a positive and significant relationships for the sample specifications
(1) – (3) can be found. The strength of the relative thinking effect is similar for (1) and
(2) compared to table 5.3. As opposed to the search cost mean, the median is less affected
than the mean after estimating the search costs for the residuals of the OLS-case (compare
(3) in table 5.3 and table 5.4). Also, the results for the residuals of the fixed-effects
regression are insignificant in this case as well.

Finally, to observe how search cost heterogeneity in consumer search behavior changes
if the price varies, the standard deviation of the search cost estimates has also been
extracted and used as a dependent variable in the following regression:

log(SearchCostSDi) = β0 + β1 · log(MeanPricei) + εi (5.4)

SearchCostSD describes the corresponding search cost standard deviation in a an article
group. In table 5.5, besides an increase in the search cost mean and median, search cost
heterogeneity also seems to increase.

Table 5.5: Search cost heterogeneity

A 1% increase in the mean price of an article group, increases the standard deviation
of search costs by 0.31–0.36 % if no covariates are considered on average. If residuals
from an OLS regression are utilized, a 1% increase in average price increases search cost
standard deviation by 0.2%. For the residuals of a fixed-effects regression there are no
significant findings. Therefore, not only do larger average prices lead to higher search cost
means and medians, but they do also affect the corresponding search cost uncertainty.
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Literature Comparison

This thesis aimed to understand how an increase in absolute price dispersion, accompanying
a rise in mean prices, can be partially explained by a behavioral bias known as relative
thinking, where consumers tend to exhibit higher search costs as the price scale increases.
First, it was demonstrated that the German digital market for electronics is characterized
by substantial and rising price dispersion. Across all sample specifications, absolute price
dispersion measures are positively correlated with the respective mean price. Estimates
from the two log-log models yield coefficients of approximately 0.8. This is notably similar
to the early findings of Pratt et al. (1979)[30], who reported an estimate of 0.89 for
the relationship between log standard deviation and log mean price despite analyzing
prices from brick-and-mortar stores and across content-wise different product categories
(e.g., bicycles or liquor). Similarly, Pan et al. (2001)[29] found estimates around 0.9 for
both log-log regressions after analyzing 6,739 price quotes for 581 products from 105
e-tailers. The lin-lin model using the standard deviation as the price dispersion measure
produced estimates ranging from 0.54 to 0.97. These values are substantially larger
than the estimate reported by Sorensen (2000)[36] for prescription drugs, which was
0.18. However, Sorensen used wholesale costs as the dependent variable and controlled
for purchase frequency, whereas this thesis focuses on final consumer prices, including
transportation fees, and does not account for purchase frequency due to data limitations.
In contrast, Aalto-Setälä (2003)[1] found a coefficient of 0.81 when analyzing grocery
store prices in Finland, which aligns closely with the findings of this thesis.

Comparing search cost estimates across the literature is not a straightforward task.
Methodologies vary widely within the field, making it difficult to draw direct comparisons.
For example, if one were to apply another search cost estimation techniques to the data
used in this thesis the resulting estimates would likely differ. Nonetheless, it is notable that
average search cost estimates tend to increase when more expensive goods are analyzed

Figure 6.1 presents various search cost estimates found in the economic literature.
While the number of recent academic studies quantifying search costs is limited, the figure
provides suggestive evidence of a general pattern. The red line in the figure represents the
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(a) Comparison (b) Overview
Figure 6.1: Search cost estimates comparison

estimated degree of relative thinking derived from Figure 5.3. This highlights that, within
the literature, higher perceived search costs are often associated with products of higher
prices. Interestingly, this pattern is further supported by experimental studies on relative
thinking. Although the parameter estimated in this thesis, which is based on a log-log
regression, cannot be directly compared in magnitude to experimental estimates, the
behavioral implications are aligned. For instance, Karle et al. (2025)[23] model consumer
utility using a perceived price function discounted by the price range: vrt(p, F ) = p

(b−a)ρ ,
where ρ = 0 implies no relative thinking. They show that ρ is not statistically different
from 1, indicating the presence of relative thinking. Similarly, Sommerville (2022)[35]
finds that when both the mean price and price range increase, consumers spend on average
17% more due to reduced search effort. Both Karle et al. and Sommerville artificially
increased the price scale in their experimental designs to isolate the effect of relative
thinking—a setup that mirrors the empirical pattern observed in this thesis (see the
log(range)–log(mean price) regressions in Tables 4.1 and 4.2). While the methods used
to identify relative thinking and estimate search costs differ across studies, a consistent
pattern emerges: consumers tend to rely more on relative rather than absolute measures
when making decisions which leads to inflated search costs

Limitations

Obviously, inferring search costs just from a given price distribution only works if strong
assumptions are imposed. One of the main assumptions is the underlying search strategy in
which consumers engage in. Search cost estimates can differ substantially when sequential
search is assumed as opposed to non-sequential search. Given the online context, it is
very likely that consumers engage in non-sequential search since they could simply copy
the article name from a given price quota and search for additional price alternatives
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while opening separate tabs. However, the model also assumes that consumers obtain
a random price quota from the given price distribution F. As Lin Wildenbeest (2020)
already pointed out, consumers usually engage in directed search. This is a prominent
way of searching where some firms are more dominant than others. Baye et al. (2016)
explain that firms engage in search engine optimization (SEO). This affects the appeared
order of firms after searching for a certain good. Consumers would then search for higher
ranked firms first after retrieving additional price quotas from less present firms. Since
this thesis has no access to click-stream data, one could account for the fact of directed
search and the presence of SEO if this data is available.

Next, it is important to note that the data is only available for a single time period.
Therefore, it is not possible to empirically verify whether firms actually set prices according
to a mixed-strategy. However, facilitated by the low menu cost nature of digital markets,
some studies have been able to show that firms do follow mixed-strategy pricing. For
example, Moraga-González and Wildenbeest (2008) demonstrated this in the memory
chip market, Lewis (2008) in the gasoline market, and Wildenbeest (2011) in supermarket
product pricing. Importantly, the theoretical model assumes a symmetric equilibrium in
which each firm draws prices from the same distribution. In reality, however, firms differ,
for instance in reputation, reliability, or payment security, which likely allows some of
them to draw from a higher segment of that distribution. This heterogeneity violates the
symmetry assumption and can bias the respective search cost estimates and ultimately
the magnitude of relative thinking.

Additionally, the data was collected during the Christmas season, a period typically
characterized by promotional activity and discount pricing. This may have unique implic-
ations for the observed levels of price dispersion and further challenges the assumption of
symmetric mixed-strategy pricing. Some firms may engage more aggressively in discount-
ing than others, leading to asymmetric pricing behavior that deviates from theoretical
assumption of firms setting prices symmetrically. To account for heterogeneity in firm
characteristics, a hedonic pricing regression was used to control for observable differences
across sellers. The resulting search cost estimates were attenuated, and the previously
observed positive correlation between average prices and search costs, i.e. relative thinking,
weakened. This suggests that part of the relationship was driven by systematic differences
between firms. Applying a fixed-effects specification went one step further by controlling
for all observed and unobserved store characteristics. As a result, the correlation between
mean prices and search cost estimates vanished. This outcome makes sense: fixed effects
absorb all between-store variation, and the residuals used to estimate search costs now
reflect only within-store price variation across products. Since relative thinking primarily
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operates through cross-store price comparisons, i.e., consumers reacting to higher prices
across different sellers, this behavioral mechanism is effectively shut down when only
within-store variation is retained.

Alternative Explanations

Important to note is that relative thinking is only one potential source which could explain
the higher search cost estimates. Several rational explanations have been proposed in the
literature to account for why search costs tend to be high and increase with the price
level.

One explanation is that firms may deliberately complicate the search for prices, making
it more difficult for consumers to identify the best option (Ellison and Ellison, 2009)[15].
Additionally, consumers may underestimate the potential benefits of search and con-
sequently exert insufficient effort in comparing alternatives. High-value products, such as
energy contracts or insurance plans, often exhibit greater complexity, which can increase
the cognitive burden of comparison.

In other cases, larger purchases may raise trust-related concerns, leading some consumers
to avoid lower-priced options despite equivalent stated quality and service levels. Finally,
it is possible that individuals purchasing more expensive goods systematically face higher
search costs due to greater opportunity costs of time, as they may have higher income
levels. However, one could also argue that wealthier individuals are, on average, more
educated, more efficient in searching, and more likely to use price comparison tools (Karle
et al., 2025[23]).

Beyond that, some authors suggest that purchase frequency helps explain the price
dispersion puzzle. Expensive products are, on average, bought less frequently, which
makes consumers less experienced and less familiar with the price distribution thus giving
firms greater price-setting power. However, Sorensen (2000)[36] shows that in the market
for prescription drugs, even after controlling for purchase frequency, price dispersion
remains larger as prices increase.
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Although digital markets are characterized by low search costs, empirical research using
clickstream data has shown that consumers’ willingness to obtain additional price quotes
is limited (De Los Santos, 2012[13]; Bronnenberg et al., 2016[8]). Furthermore, both the
search cost estimation and experimental literature suggest that estimated search costs
increase as the price scale rises. Since price dispersion also tends to rise substantially
with the base price, higher search costs—driven by the behavioral bias known as Relative
Thinking—may partially explain the so-called Price Dispersion Puzzle.

The main findings of this thesis are as follows: First, price dispersion measures increase
significantly in the German digital electronics market. Second, based on the applied
search cost estimation procedure, search costs also tend to increase with higher base
prices. These results suggest the presence of Relative Thinking in consumer behavior.
However, given the strong assumptions necessary to derive search cost estimates solely
from observed price distributions, the absolute magnitude of these estimates should be
interpreted with caution. Nevertheless, when considered in relation with prior literature
on search cost estimation and experimental evidence on Relative Thinking, there is a
robust pattern indicating that search costs indeed rise with the price level.

These findings carry important implications for consumer behavior. Given that the
average net hourly wage in Germany ranges between €15–20, searching for better prices
is a low-effort strategy to achieve substantial savings. Consumers should be made aware
of the Relative Thinking bias and be especially encouraged to invest additional search
effort for higher-priced goods, where the potential for absolute savings increases due to
higher price dispersion. Moreover, using price comparison websites to access multiple
price quotes simultaneously is strongly recommended.

Future research could enhance the precision of search cost estimates by incorporating
clickstream data, which allows modeling of search behavior in vertically differentiated
or directed search environments. This would enable relaxation of some of the stronger
assumptions currently required. Additionally, if consumer-level data can be matched with
browsing behavior, it may be possible to uncover the extent of heterogeneity in search
costs which helps to determine whether empirical estimates reflect actual cognitive effort
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or rather misspecified beliefs. Finally, this thesis also shows that price dispersion varies
significantly across product categories. This suggests that, even in digital markets, search
behavior could be category-specific. Alternatively, other explanations beyond search costs
may be necessary to fully account for the different rise in price dispersion.
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