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Abstract

Online marketplace providers such as Amazon may also offer own-brand products,
in this way competing with third-party traders on their platform. Moreover they may
exploit nonpublic data on third-party sales to identify opportunities for profit and
design their own products, thus engaging in a form of partial imitation that is exclu-
sive to them. Such an asymmetry in the ability to imitate has led to advocating for
stricter regulation of online platforms in order to limit their ability to exploit nonpublic
data. I propose a dynamic simulation model to study the effects of insider imitation by
a platform provider under product differentiation. Using different parametrizations,
I am able to show how such a market may evolve in time with or without the pres-
ence of insider imitation under different initial conditions. The model also allows to
account for subsequent innovation via imitation (which I refer to as copy-and-be-
copied dynamics), an aspect not considered by previous studies. These results add to
the existing literature and cast further doubts on current regulatory approaches aiming
at limiting data exploitation. Results suggest that the presence of insider imitation
is unlikely to lead to smaller consumer welfare and larger market concentration and
should not be banned on the grounds of standard antitrust concerns.

Keywords Amazon - Digital markets - Imitation - Marketplaces -
Product innovation - Sherlocking

JEL Classification D40 - D82 - D83 - L40 - O3

1 Introduction

Marketplaces that are operated as digital platforms are serving an ever-enlarging share
of trading companies and consumers worldwide. The largest, most famous and most
influential of such platforms is Amazon. According to data reported in Faherty et al.
(2017), yearly e-commerce retail sales in 2016 were 8.1% of total retail sales in the
US and, out of US e-commerce retail sales, the domain Amazon.com alone managed
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about 43% of them. More recent data suggest similar market shares are observed
in recent years. Academics, policymakers and the general public have consequently
been paying increasing attention to online marketplaces in general, and to Amazon in
particular.

As members of the so-called Big Tech companies, some platform providers such
as Amazon and Apple have been put under scrutiny by the antitrust authorities in
the U.S. and in Europe. Recently the European Commission opened a new and more
focused investigation related to the use of data by Amazon, in its duel role as platform
provider and seller of own-brand products on the Amazon marketplace: “On 17 July
2019, the Commission opened a formal investigation to assess whether Amazon’s
use of non-public data from independent retailers selling in its marketplace breached
EU competition rules. On 10 November 2020, the Commission issued a Statement of
Objections outlining its preliminary view that Amazon should not rely on independent
sellers’ business data to calibrate its retail decisions, as this distorts fair competition
on its platform and prevents effective competition” (European Commission 2022). In
order to address these concerns, Amazon has committed “[...] to refrain from using
nonpublic data relating to, or derived from, the activities of independent sellers on
its marketplace, for its retail business that competes with those sellers.[...] Amazon
commits not to use such data for the purposes of selling branded goods as well as its
private label products.”

This novel antitrust approach to online marketplaces deserves specific study. The
use of nonpublic data collected by a platform provider on their platform and their
exploitation to perform insider imitation with own-brand products is the object of
this paper. I argue that the solution agreed with Amazon to cope with the problem
raised by the European Commission in its latest investigation, may be harmful for
consumers and even lead to increased market concentration. I focus on analysing
market outcomes in the form of total consumer welfare and market concentration. The
analysis is driven by the desire to shed light on a very specific policy action, namely the
mentioned investigation by the European Commission opened on 17 July 2019. While
large platform providers such as Amazon may be harming market competition in many
different ways (e.g., by exploiting network externalities or granting privileges to their
own brand products via their internal search engine and interface), I concentrate my
attention solely on their use of private data collected on their own platform and their
exploitation for offering own-brand products.

Anticipating one of the main results stemming from the analysis, my simulations
suggest that under most circumstances, insider imitation does not decrease consumer
welfare. In some specific cases, insider imitation may even improve welfare and this
would mean that preventing it (via regulation or antitrust action) might be welfare-
deteriorating for consumers. The key mechanism here is the fact that, if one postulates
that the platform provider may copy products on its platform, third-party sellers are
able to do the same. Put in other words, a symmetrical condition must hold with
respect to the inability to protect one’s own intellectual property for all participants
to the market: if the platform provider at some point in time copies some products
features, third sellers may copy them from the platform provider in subsequent times.
The latter observation implies that although a platform provider may be able to exploit
a larger information set to inform its product imitation choices, its appropriation of
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the corresponding monopolistic rents will be at some point challenged by third-party
introduction of new products. Such copy-and-be-copied behavior leads to a dynamic
market evolution where the presence of insider imitation may, or may not, be welfare-
deteriorating in the long run, based on whether the displacement effect of third-party
products is stronger than the productivity-inducing effect due to faster product discov-
ery in the next periods. A different way to look at insider imitation is as follows. The
platform provider uses a larger information set compared to any third-party seller. As
such, it gains an advantage in the race to discover the most profitable products. But,
because products may be copied by others, the additional information generated by
insider imitation remains and is used by all market participants, while the first mover
advantage of the platform provider is eroded over time by imitators.

A relatively recent literature focuses on e-commerce platforms. Although some
aspects of such platforms may be modelled as forms of two-sided markets (4 1a Rochet
and Tirole (2006)), some specificities require dedicated analysis. An instance of the
latter is the possibility that the platform provider also enters a market as seller of
own-brand goods, thus competing with other traders on the platform. Etro (2021,
2022) and Hagiu et al. (2022) study the set of incentives faced by a platform provider
and the conditions under which its entry, in the form of vertical integration, may be
welfare-enhancing or deteriorating for consumers, considering that such providers
face a trade-off between the prospect of profit from selling own-brand products and
the loss of commissions paid by displaced competitors. Crawford et al. (2022) offer
an empirical study by collecting data from the Amazon marketplace’s Home and
Kitchen department in Germany between 2016 and 2021. The results in Crawford
et al. (2022) do not seem to provide support to the antitrust actions mentioned earlier.
In the authors’ words: “Our results provide much stronger evidence for internalizing
platform externalities (to the benefits of consumers and third-party merchants alike)
than expropriation of third-party seller sales”. One of the reasons why the literature has
gained interest in studying platforms is related to policy-making. In Gutierrez (2021)
the author presents an empirically estimated model with the aim to better understand
how specific policies restricting Amazon in a way or another, may affect consumers’
welfare and competition on the platform, again obtaining mixed results. The question
whether the use of own brand products to displace competitors may lead to stronger
monopolistic power for the platform provider is highly debated (e.g., see Khan (2016)
and Faherty et al. (2017), both arguing for stricter regulation of the platform providers),
however both theoretical and empirical results from the economic literature are at best
mixed and, so far, do not provide strong support for such policy actions.

The focus in this paper is closest to Madsen and Vellodi (2024). In Madsen and
Vellodi (2024) the authors develop a theoretical model to study the possibility that
a platform provider exploits data generated on the platform, with the aim to detect
those sub-markets where entry has the largest profit potential (a practice that has been
observed on multiple digital platforms and is sometimes referred to as Sherlocking:
Choi et al. (2023)). In this way, the platform provider would engage in a form of
competition that might reap innovation returns and thus reduce subsequent incentive
for firms to innovate their products. The analysis tackles the question of whether
exploitation of this specific use of data should be regulated. A limitation of Madsen
and Vellodi (2024) is that their model assumes one-dimensional product innovations,
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meaning that the platform provider imitates existing products by entirely copying them
(“copycat” imitation), thus ruling out any possibility for partial imitation. I argue here
that a platform provider is able not only to identify existing products that are more
profitable, but also individual product characteristics that may be copied, mixed and
matched to obtain new products that are not already traded on the marketplace. In this
way, I model a form of creative imitation as defined in Kim and Nelson (2000) and
Wang et al. (2023).

The model presented herein differs from Madsen and Vellodi (2024) in several ways.
First, as stated, companies in my model engage in partial imitation rather than in exact
imitations of existing products. Second, innovation is effortless while in Madsen and
Vellodi (2024) it entails some investment in R&D. Third, Madsen and Vellodi (2024)’s
methodological approach is an analytical non-computable model where an individual
third-party seller innovates and is then potentially copied by a platform provider. The
model presented herein is agent based, meaning that a computable model simulates
the interaction between many third-party sellers, consumers and possibly a platform
provider. Thus, my analysis complements the one in Madsen and Vellodi (2024) and
provides an evolutionary perspective on the effects on welfare, market concentration
and rate of innovation that insider (partial/creative) imitation is likely to generate. The
dynamic nature of the model also allows to represent the possibility of an imitator
who imitates the platform provider, thus also accounting for potentially important
effects (in terms of “copy and be copied” dynamics as explained above) that entry of
a platform provider with own products may have on subsequent innovation and that
were not addressed in previous literature.

For illustration purposes, in order to provide the reader with a concrete example
of how partial imitation may be shaped by nonpublic data collected by a platform
provider, in the Appendix I describe the case of cloth hangers. When searching for
cloth hangers on the Amazon.com website, its internal search engine returns several
different products sold by different companies. The array of characteristics defining
each product is large: the material the hanger is made of (wood, plastic, metal...),
its geometry, the color and presence of ornamental design, the possibility to rotate
the hook, presence of clips, additional hooks, anti-slip shapes or coatings, and more.
These individual product characteristics can be mixed and matched together by any
manufacturer, however the platform provider is the only agent gifted with the ability
to data-mine a large number of transactions on their own platform, in order to discover
which characteristics are statistically associated with better market outcomes. While it
is likely that platform providers already use this form of data analysis (Crawford et al.
2022 report that almost 50% of own-brand products by Amazon in their sample were
never offered before by other merchants, thus suggesting that partial innovation is
indeed already an important part of Amazon’s own-product strategy), it is conceivable
that in the near future application of more sophisticated deep learning algorithms will
improve it even more. In particular, the use of artificial intelligence (Al) technologies
may automatize both the recognition of distinct product characteristics (e.g., viaimage
recognition and/or interpreting the text describing each product, a feature that modern
generative Als are already offering) and the subsequent data analysis (by applying
standard econometric techniques or machine learning like Naive Bayesian methods).
It is therefore important to gain proper insight into how insider trading performed
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by platform providers via such data mining may shape competition and consumer
welfare, also with the objective to provide antitrust authorities with a set of tools to
analyse practical cases, and policymakers to design better market regulations.

To this end, I develop an agent-based model that represents product discovery in
an evolutionary way. The model allows to take into account the dynamic nature of
discovery and competition, together with the local nature of interactions between con-
sumers and products (as consumers usually make their purchase decisions based on a
limited number of observed products). Agent-based modelling techniques have some
distinctive advantages and drawbacks when compared to non-computational mod-
elling (Tesfatsion 2003; Tesfatsion and Judd 2006), one of their strengths being the
possibility to represent heterogeneous agents interacting locally in the presence of path
dependencies. My approach draws inspiration from evolutionary theories of innova-
tion (Nelson and Winter 2009; Cantner and Hanusch 2002. As concrete examples of
applying such theoretical framework to the analysis of a specific market, see Cant-
ner (2007) and Cantner et al. (2019)) and from studies that model product spaces to
analyse competition among firms with differentiated products and product innovation
(Dawid 2006; Kiesling et al. 2012). The present model focuses on innovation diffusion
in a product space, in this being close to Ma and Nakamori (2005). Contrary to other
studies (e.g., Yildizoglu (2002) and d’Andria and Savin (2018)) that study market
competition in an evolutionary fashion, I do not explicitly model R&D investment as I
simply assume a common production technology available to all competitors. Product
innovation in the model is the sole outcome of a recombination of product character-
istics and exploration of different bundles of these, the success of which may in time
lead to gaining market shares and to the diffusion of a given bundle of characteristics
via costless imitation. Thus, any gained advantage by a firm is solely driven by a bet-
ter fit of a product to consumers’ preferences and is never due to productivity or cost
advantages.

In the model each period features a random sample of consumers with heteroge-
neous preferences, who are able to observe a limited number of products available
on an online platform. Consumers are characterized by a utility function, made of a
quasilinear function in which a Cobb-Douglas aggregation of two CES functions is
nested. This utility function is very flexible as it is characterized by a set of parame-
ters which allow different consumers to attach not only different importance to each
individual product characteristic, but also different degrees of complementarity or
substitutability to pairs of characteristics. Firms may engage in product innovation by
either experimenting with some entirely random innovation in product characteristics,
or by imitating some characteristics from the best-selling products. The model then
allows, optionally, to assume the existence of one additional firm, which in the fol-
lowing I label as the Platform firm, that may also engage in partial imitation where
such imitation process is informed by data collected on all transactions in the last
simulated period. By using different sets of parameters I am able to study the condi-
tions under which the presence of an Platform firm is eventually associated with lower
welfare, higher market concentration, smaller variety of traded products, and stronger
displacement of competitors’ profit to the benefit of the Platform firm.
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100 D. d’Andria

The model is highly stylized, in the sense that it disregards firm-specific character-
istics. Any seller who participates in the simulate market has the same a priori chances
to discover a product and sells it at the same price as any other competitor would. When
afirmis “large” in the model, it only means that such firm offers a wider range of prod-
uct varieties in this market, and/or that it produces a larger profit or turnover. A firm,
however, in this model can never cross-subsidize products or displace competitors via
price or product bundling strategies, nor can it enjoy any productivity advantage. In
this way, I eliminate a number of potential confounding factors and solely focus on
the combined effects that product innovation via partial imitation, limited information
and the possible existence of an insider imitator produce.

The following sections are as follows. Section?2 introduces the reader to the main
assumptions of the model and illustrates how the simulations work. Different scenarios
are detailed to capture different possible states of the market. Section 3 discusses the
main results by comparing average outcomes across a large number of simulations.
Section4 concludes and draws relevant implications for future research, policymakers
and antitrust practice.

2 The model

The model represents a single market. All products offered are represented by a vector
v of fixed length n of characteristics, each characteristic ranging between zero and one.
To provide an intuitive mapping of this product space to an actual product, consider
the example of a chair. The market for chairs is made of different varieties, where
each product can vary based on materials, design and a number of features (armrests,
amortizers, wheels, etc.). A characteristic in this product space might be, for example,
“durability” ranging from an extremely fragile product (corresponding to a value for
said characteristic of zero) to an extremely robust one thanks to the use of sturdier
materials (corresponding to a value for said characteristic of one).

In summary, the model is simulated, first, by generating a population of consumers
and a population of firms. Then, in each simulation period, some consumers observe
some products and decide whether to buy them. At the end of a period, each firm may
choose to perform product innovation and add a new product to the range offered,
and may discard one unprofitable product. Past events therefore determine if and how
product innovation occurred, the range of products available in the market and, based
on the random matching between few consumers and few products, the information
available to firms in order to make their choices about new products to offer in the
next period.

2.1 Population of agents and initial setup

There is a fixed number of consumers in the model. Each consumer is characterized
by a quasilinear utility function of the form:

U) = (APB'P)%5 1w — p(v) (1
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where W is income (assumed to be the same for all consumers), p(v) is the price
of a product having characteristics v (I use the underlined font to indicate a vector:

v = {vy, ..., v,}), and A and B are two nested CES functions:
A= (CLjav)'r )
B= (S ) 3

with0 <r <1,5s <0,Y ¢;=1and > d; = 1.

Utility is expressed using a novel combination of well-known functional forms: a
parent quasilinear function and, nested into it, a Cobb-Douglas function. Inside the
Cobb-Douglas function, furthermore, are nested two Constant Elasticity of Substitu-
tion (CES) functions named A and B and detailed in Eqgs.2 and 3. Inside Eq.1 the
addendum W — p(v) represents spending money on any other good or service avail-
able in the economy, other than the one traded on the simulated online market. It may
be considered as spending on a Hicksian good with price normalized to one. The use
of a quasilinear function is convenient as changes in utility can be directly translated
into monetary values, which simplifies welfare comparisons.

The second-level functional form in Eq. 1, as stated, is a Cobb-Douglas function in
which two CES functions are nested. The first CES is named A and accepts as argu-
ments individual product characteristics and has an elasticity parameter, such that these
characteristics act as substitutes, meaning that increasing one of e arguments may not
increase utility (nor decrease it). The other CES function, named B, is parametrized
such that its arguments act as complements, therefore increasing the value of one may
increase utility in a faster way (due to the multiplicative effect of its complementary
characteristics). All arguments within A and B are weighted (these weights are indi-
cated as ¢; ans d; in Egs.2 and 3), and these weights are also randomly assigned to
each consumer. This parametrization of the two nested CES functions implies that
the characteristics represented within A act as substitutes, while those in B act as
complements. By randomly assigning characteristics to either A or B and randomly
determining the weights ¢; and d;, the model accommodates a large variety of hetero-
geneous preferences with regard to a product’s features. The two elasticity parameters,
r and s, are also randomly assigned to each consumer from a uniform distribution,
strictly bounded respectively between zero and 1, and between minus infinitum and
zero. The parameter 8 in the Cobb-Douglas function merely acts as a scaling factor:
values of 8 closer to one imply that consumers are more ready to buy an observed
product, in comparison to the choice not to buy and spend money on the Hicksian good
instead. In the simulations, this parameter is always set to 0.5. Overall, this choice of
a functional form obtains a utility function that is continuous, monotonically non-
decreasing in each of its arguments and guarantees that utility is maximized for some
vector of characteristics that is not a corner solution (not one with all characteristics
equal to their maximum possible value, 1).

There is a fixed number of firms. Each firm offers a number of products in the first
simulated period, and this number is randomly drawn from a Pareto distribution with

probability density function:
am®

F0) = @)
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102 D. d’Andria

The parameter o determines the shape of the distribution, particularly the thickness
of its tail. An o = 2, as assumed in the simulations, obtains a very close approxima-
tion of a 20%-80% distribution meaning that the initial number of products per firm
is highly skewed, in this following the widespread observation that in most markets,
suppliers tend to distribute according to an 80-20 rule (which means that about 80%
of the occurrences are in the lowest 20% of the range). The parameter m represents
the smallest possible value that the random variable can take, which in the simula-
tions is set to 3, meaning that firms will start a simulation by offering at least three
different products. Again, each product is defined according to a fixed-length vector
of characteristics v as explained before, in this matching the number of characteristics
entering the utility function in Eq. 1. In the simulations, all vectors v are made of ten
characteristics. Each of them, labelled v, (where therefore v indicates the k-th of the
characteristics in vector v = {vy, ..., v, }) may range from zero to 1. When products are
initially generated, the numerical value assigned to each vy is individually drawn from
a uniform distribution between 0 and 1. Profit for a firm selling L different product

varieties is: .,
T=Y (=Y ) )
=1

k

Thus, ), c(vx) is simply the sum of the individual costs associated to each charac-
teristic in v. Here the production cost of an individual product is determined by its v
characteristics. For each single characteristic v, in v, I assume a quadratic cost func-

tion c(vg) = %f All firms have access to the same production technology. Sale price
is obtained by applying a fixed mark-up ¢ on costs, also assumed to be equal across
all firms, such that the sale price is p; = (1 + ¢) Y, c(vx). Thus, a product offering
better quality in some areas will cost more to produce than a lower-quality one, but it
will also sell for a proportionally higher price.

At the time when the simulation is initialized, a population of consumers is ran-
domly drawn where the values for r, s, the weights ¢; and d; are obtained from the
respective uniform distributions. A population of firms is randomly generated by using
the distribution under Eq.4 to determine the number of products offered in the first
period. Firms are also randomly assigned a type at the beginning, which can be either
“explorer” or “imitator”. The latter attribute only affects how a firm may introduce
new products (while for all other aspects, all firms behave in the same way). Option-
ally the model allows for a third type of innovation, which is exclusive to a Platform
firm (more on this later). In this way, each replication of the simulated scenario is
performed on a different initial set of consumers, firms and offered products. While
consumer preferences will remain fixed throughout all simulated periods, firms will
be able to change their products via innovation (see below).

2.2 Trading
The model is simulated for subsequent periods of time. In each period, a random
sample of consumers is allowed to trade. Each of these consumers is allowed to see

a limited number of products available on the market, which are selected among the
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available ones by applying a ranked search algorithm (more on the latter in Section 2.5).
This limitation on the ability of consumers to compare available products is meant
to represent the fact that, on average, consumers on online marketplaces are found to
spend only few minutes per product search. In the baseline simulations 250 consumers
out of the 1000 initially generated are allowed to trade, and each of them can see at
most 30 products offered on the market. For each observed products, the consumer-
specific utility function under Eq. 1 determines a ranking of products and whether the
most-preferred one will be bought. Note that the quasilinear form given to utility and
the chosen parametrization for the simulations imply that not all consumers will buy a
product, as they will only enter a purchase if the product bearing the largest utility for
them among those observed in the period, offers them a utility gain compared to just
keeping their income (which would ideally be spent on some Hicksian composite good
that is not explicitly modelled in this setting). Also note that the fact that consumers
only evaluate a finite number of products in each period is a crucial element differen-
tiating it from more traditional microeconomic models where consumers observe all
available products at once. Firms are assumed only to bear variable costs (refer again
to Eq.5) and are able to satisfy any number of purchases for any of the L products
they offer. At the end of a simulation period, each firm will have generated a profit
according to Eq. 5.

2.3 Product innovation

At the end of each simulated period, after all trades have occurred, each firm may
innovate. Innovation is stochastic and each firm has the same chances (30% in the
Baseline) to introduce a new product, regardless of their type and performance. By
innovation here I refer to the introduction of a new product, that was previously not
offered on the market. The way in which a firm innovates differs based on their type,
assigned at the beginning of a replication (in my parametrizations, 50% of the firms
belong to one type and 50% to the other). The two types of firms are labelled explorers
and imitators for easier reference.

“Explorers” innovate by adding a randomly mutated product to the array of products
they offered in the last period. The choice for such new product is totally disconnected
from the observed behavior of consumers and competing products. As such, explorers
are meant to represent firms who try to introduce radically new products into the
market. When an explorer innovates, the algorithm proceeds as follows:

1. A random number of characteristics to innovate is determined (between 1 and 4,
out of the 10 characteristics possessed by each product). Each defines a position
in the product vector v (thus, from position 1 to position 10).

2. One of the existing products of this explorer firm is randomly selected.

3. The 1-4 chosen characteristics from step (1), out of the ten contained in vector v,
are substituted with a random draw from the uniform distribution between zero
and 1.

4. The resulting new product is added to the array of products offered by this explorer
firm.
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104 D. d’Andria

Thus, explorers generate new products without using any information from past
trades or present market conditions: They proceed following a trial-and-error strategy,
starting from their own array of products and then randomly exploring new product
directions in the space of all possible product characteristics.

“Imitators”, on the contrary, try to exploit information obtained from the market.
Imitators observe some of the best-performing products and copy ideas from them.
Each imitator randomly chooses one of the products that performed best in the last
period (best-performing here means that these products produced the largest total
profit for the seller), out of the five best-performing products market-wise. Imitators
randomly select a number of characteristics from these products and substitute them
into one of their own products, thus giving birth to a mutated variety that is a hybrid
between an own product and the market best-performing ones. Consequently, “Imita-
tors” engage in a form of partial imitation where they are able to only observe some
of the best-performing products from the last period and, out of them, try to guess
which specific product characteristics are the ones that mostly drive such commercial
success. Their newly introduced products are therefore crossovers between existing
products. More in detail, the algorithm works as follows:

1. A random number of characteristics to imitate is determined (between 1 and 4, out
of the 10 characteristics possessed by each product). Let us call this number N.
Thus, only few aspects of a successful product are injected into another product
of the imitating firm. Imitation therefor never entails 100% copying an existing
product.

2. One of the five best-performing products in the market from last period is randomly
chosen, from which one of its ten characteristics is randomly selected. This is
repeated up to three times more thus obtaining N characteristics to copy from
(each in a different position in the vector v defining a product, and each from any
of the five best-performing products).

3. An existing product from the ones offered in the last period by this imitating firm
is randomly selected.

4. The N copied characteristics are substituted into the latter product (from step (3)).

5. This new product is added to the array of offered products of the imitating firm
starting from the next period.

As stated, both explorers and imitators are allowed to select a random number of
characteristics to mutate, up to a predefined maximum number. It is to note that both
explorers and imitators are unable to understand which characteristics are driving
the success of a product. Therefore, imitators pick some characteristics from best-
performing products without having any understanding whether these are indeed
the ingredient determining the success of the latter. One interesting feature of this
modelling strategy is that imitators are able to imitate from imitators. This dynamic
mechanism is, in this author’s view, of great importance to shed light on the pres-
ence of an insider imitator that may exploit private data for its own imitative process.
Third-party imitators may imitate the Platform firm, among others, thus the presence
of this special agent affects not only its own profitability, but also all other imitators’
subsequent innovations as they over time observe best-performing products and try to
copy from them.
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Insider imitation with... 105

Firms not only may add new products, they may also drop old ones. Firms whose
products were particularly unsuccessful will gradually reduce the range of products
they offer: each period, each firm has a 50% chance to drop one product that earned
no profit in the last period.

2.4 Insider imitation

The model allows for an optional type of firm, which throughout the rest of the paper
is labelled as the “Platform firm”. This special firm innovates in a unique way: it adds
new products as imitators do, with the difference that the mutated characteristics are
driven by an Ordinary Least Squares (OLS) estimation run on the entire market, rather
than randomly selecting characteristics from the best-performing products.

In each period, a firm of type “Platform” is given the same probability to innovate
as explorers and imitators (as stated, this is 30% in the Baseline). If it innovates in a
period, an algorithm is executed which performs the following steps:

1. Observe all trades that happened in the last period; sum up profit generated by
each individual product.

2. Perform an OLS estimation on the model: 7 ~ v{ +...4+v, + v% +...+ v,%. Here
stands for total profit generated by a product in the last period (obtained in previous
step (1)), while v; to v, are the characteristics of that product from vector v (note
that the choice of adding the characteristics also as quadratic terms in the OLS
model is meant to capture internal solutions to the profit optimization problem).
An optimizer is then used to find the theoretical combination of characteristics v*
that would maximize 7, based on the estimated OLS coefficients.

3. Randomly select a product from the five best-performing products on the market;
randomly select N characteristics to mutate (1 to 4 characteristics, as explorers
and imitators do).

4. Modify the N selected characteristics so that they are increased (or decreased)
by a random addendum (randomly chosen from a uniform distribution between
the imitated characteristic’s current value and the theoretical one predicted by
the OLS estimation under previous step (2)). This step is performed in order to
bring characteristics closer to the theoretical value derived from the OLS estimated
coefficients, which would maximize expected profit.

5. Finally, add this new product to the ones offered by the Platform firm in the next
period.

The special advantage given to the Platform firm in the model is that:

1. Compared to explorers, the Platform firm exploits market information. Explorers
generate new products in a totally random and uninformed way.

2. Compared to imitators, the Platform firm is able to exploit more information.
Imitators only know which products performed best in the last period. The Platform
firm also obtains information about correlations (via the OLS approach) between
individual values of characteristics across all traded products and their produced
profit.
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By means of applying OLS to all transactions in a given period, this special firm
engages in a kind of directed search in the space of product characteristics which has
better chances to produce a more profitable product, compared to “imitator” firms. At
the same time, the Platform firm does not engage in the more radical and non-directed
experimentation that “explorer” type firms perform.

Even though the Platform firm is gifted with enhanced insight, its product imitation
is imperfect: information comes from observing recent transactions which involve only
a fraction of existing consumers, thus the Platform firm cannot truly engage in a full-
fledged profit optimization as aggregate demand changes at each iteration. This is the
reason why imitators may improve over the Platform firm’s products by discovering
some bundle of characteristics that is even more profitable in a given period of time.
By the same reasoning, explorers may too discover more profitable bundles, especially
in the early periods of a simulation when the market has not yet converged close to the
most attractive bundles for consumers. This noisiness in obtained information adds up
to the fact that differentiated products and heterogeneous consumer preferences may
be such that multiple profit-maximizing maxima exist and await to be discovered.
These maxima are however always function of current market conditions and depend,
too, on the specific range of products offered by all competitors in a given period. Put
in other words, the profit-maximizing product that could be offered in the market is
state-dependent, and expectations about it are also path-dependent.

It is worth stressing that the Platform firm is able to appropriate rents from its
innovation efforts exactly like all other firms in the market. This means that, based on
the speed at which the main features of its successful new product are subsequently
imitated by other firms (where such speed is determined stochastically in the model),
such rents can last for few or for several simulated periods. This is in line with the
available evidence (refer again to Crawford et al. (2022)), according to which many
own-brand Amazon products are only offered for a limited time while others persist
for several years.

2.5 Ranked search results obtained by consumers

In the base model, the results shown to a consumer are ranked, such that a product
that has been more successful in the last period has higher chances to be observed
by consumers. This is referred to as ranked search algorithm. The latter is meant to
represent consumers who mostly search for a product via a marketplace platform’s
internal search engine, such that products with more and/or better evaluations are
reported more often than products with worse and/or fewer ratings. This form of
ranked search is akin to having a rating system in place, which as observed already
(e.g., in Vellodi (2018)), may act as an additional barrier to entry that may also affect
the success of a new product.

In ranked search scenarios, each consumer always sees a fixed number of products
(30 in the Baseline). Half of these products are randomly selected from all available
products, while the other half is obtained by a weighted random selection, with weights
made equal to the share of profit generated by an individual product over total profit
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in the market. In this way, consumers are more exposed to successful products while
still being able to evaluate a few, less popular products.

It is to note that consumers may land on a product page in a given marketplace
(e.g., the Amazon marketplace) also from the outside of it. A typical example is when a
consumer searches for a product on a search engine (e.g., the Google search engine) and
clicks on a returned suggestion which leads to a product on Amazon. Or, alternatively,
a consumer might use a Web service listing products according to a given criterion
(e.g.: the cheapest products across several marketplaces and direct e-commerce stores;
the products rated highest by a committee, users’ group or certification agency). Thus,
modelling a scenario with ranked search is not always the one bearing the larges
external validity as different marketplaces, and different categories of products for the
same marketplace, may experience heterogeneous modalities of access. For the specific
case of Amazon, available evidence suggests that currently a very large majority
of consumers search for products using the internal search engine of the Amazon
marketplace, which is the reason why ranked search is assumed in the base model. An
optional model specification is simulated for a smaller number of periods (only 50)
to offer a term of comparison and for added robustness of the results. In this optional
model specification, each consumers is shown a fixed number of products (30 as
in the Baseline), chosen completely randomly instead of being assigned probability
weights. The results of these smaller-scale experiments are reported in the Appendix,
Figs.6 and 7.

2.6 Simulations

The simulation model is written and executed using Python 3.11.4 (packaged by
Anaconda). I ran a large number of simulated scenarios: For each set of parameters
defining a scenario, I ran 100 repetitions and took average values of the indicators of
interest for each period.

The number of periods the simulation runs through is kept the same across all
scenarios and was selected as follows. I rely on the following convergence criterion:
stop a simulation run when the sum of welfare in the last 20 periods, X, and the sum
of welfare in the periods from -40 to -20 (were period “zero” is the last period being
simulated), Y are such that (X — Y)/Y < t. This tolerance threshold 7 has been set to
0.01% (one part on 10,000), meaning that a simulation stops when welfare only grows
by extremely small increments, compared to the previous 20 periods. I ran the baseline
scenario 100 times (50 with, and 50 without, the Platform firm) letting the simulation
run until the convergence criterion was met, and obtained that the simulation meets
convergence, on average, on period No. 105, with a standard deviation of about 23.3
(corrected using the Bassel’s correction). Assuming a Normal distribution, about 95%
of the simulations will therefore stop in a period smaller or equal to 152. I set therefore
the parameter for the number of periods to 155 in order to obtain a fixed number of
periods where a very large majority (more than 95%) of the simulations will have
converged.

I refer to the Baseline scenario as one with the parameters listed in Table 1. Most
scenarios are then derived by varying only one or two parameters while keeping all
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Table 1 List of parameters with Baseline values

Parameter name Value Description

no_consumers 1,000 Number of consumers

no_firms 50 Number of firms

no_characteristics 10 Number of product characteristics

periods 155 Number of simulated periods

replications 100 Number of repetitions for each scenario
consumers_no_trading 250 Number of consumers trading in one period
copyfrom_bestn 5 Top n products imitated from
innovation_prob 0.30 Probability that a firm innovates

mark_up 0.10 Price mark-up

max_innovated_chars 4 Max. number of innovated characteristics
min_no_characteristics_inbin 2 Min. number of characteristics in A or B
min_no_prod_amazon 3 Min. number of products for Amazon
min_no_products 3 Min. number of products for each firm
pareto_coeff 2 Coefficient in the Pareto distribution
prob_drop_zeroprofit 0.50 Probability to drop one unprofitable product
products_observed 30 Number of products observed by a consumer
sh_explorers 0.50 Percentage of firms of type Explorer
size_amazon_init 5 Initial number of products offered by Amazon
w 1 Disposable income for each consumer

others fixed.! The most important element in the context of the following analysis is
to derive scenarios with the same set of parameters but differing only because a first
set has no Platform firm, while the second set includes it. In this way, I may shed light
on a number of effects that the presence of an insider imitator such as Amazon may
have on this market.

The Baseline parametrization was obtained from the following rationales. The prob-
ability to innovate was made equal to 30% to match figures published by Eurostat
(items inn_cis12_bas and inn_cis12_spec, for the years 2018-2020 and for all firms
with at least 10 employees) which reported that about 30% of survey respondents to
the Community Innovation Survey introduced at least one product innovation in the
period. Income W was set equal to 1 in order to have, on average, about two thirds of
the consumers who participate to trading buy a product in the very early periods of

1 All of the parameters listed in Table 1 have been subject to a sensitivity analysis, the results of which are
not reported for space reasons. Some tests involved simulations with fewer replications but more periods
(up to 250) in order to ascertain that the results obtained for 155 periods were also representative of longer
time horizons. Other tests changed a single parameter, by increasing it by +50% or decreasing it by -50% in
comparison to baseline values, or changing it by another significant amount (e.g.: doubling or halving the
number of consumers; doubling or halving the number of trading consumers per period; setting the Pareto
coefficient to 3 or 1). The exponent used in the Cobb-Douglas part of the utility function, set at 0.5 in all
the reported simulations, was also tested with values 0.25 and 0.75. The main results reported hereafter,
which are that the presence of a Platform firm does not decrease consumer welfare nor increase market
concentration, were always confirmed in all said tests.
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the simulation and about 90% buyers in the very last periods, given the other Baseline
parameters in Table 1. Firms whose products were particularly unsuccessful will grad-
ually reduce the range of products they offer (each period, each firm has a 50% chance
to drop one product that earned no profit in the last period), however one must stress
that the model assumes a contestable market where new products can be continually
introduced. The latter happens in two ways: by means of innovation, and adding ran-
domly generated products to a firm when this falls below 3 offered products. Because
each product’s production and evaluation are independent from other products from
the same firm (i.e., no cross-subsidization is allowed in the model), the latter may also
be interpreted as entry of new competitors in the market, although no formal entry
and exit are modelled. Innovating firms are allowed to imitate and mutate up to four
characteristics (of the total 10 which define a product). This limitation is meant to
reduce chances that the model gets stuck in a local optimum too early. By having only
few (250), randomly chosen consumers participating to trading in each period and
each allowed to observe only few (30) products to choose from, the model displays
small-world properties as interactions happen locally. For each consumer, any two
product characteristics can either act as complements or as substitutes within their
utility function, with different intensities. This implies that in each period aggregate
demand is different, randomly determined by the specific consumers who participate
to trading. A parameter for the Pareto distribution of 2 determines a slightly differ-
ent distribution of firms than the 80%-20% ratio (again, this is the distribution of the
initial number of offered products by each firm), which is meant to reduce chances
to start many simulations with few, extremely large firms which would reduce per-
formed innovation to unintended levels (because each firm has a chance to innovate
one product in one period, starting with few firms flooding the market with many
products would constrain total innovation performed; this aspect will be addressed by
specific scenarios where I shock the number of initial firms). The parameter labelled
min_noproducts enters the Pareto distribution in Eq.4 as the scaling factor m, which
makes each firm initially offer at least a number of products equal to min_noproducts.

Most of the different simulated scenarios are obtained by changing one key param-
eter only. I simulated a Baseline with 50 firms, then two variations with 100 and 20
firms respectively. Having more firms implies more available products and also more
innovation performed in each period. I ran scenarios where I increase or reduce the
number of products that can be evaluated by a consumer in each period (respectively
15 and 60 products, from the 30 visible products in the Baseline) to represent different
conditions with regard to the ability to compare more products at once and the will-
ingness of the average consumer to commit more time to searching. The probability
that a firm innovates its products is also tested, changing it from 30% in the Baseline
to 15% or 60%. Note that the latter scenarios behave slightly differently from the ones
where the number of firms is modified, because the number of initial products and the
average number of products in the market is not directly affected by the probability to
innovate (although over time, more innovation in the model implies that more products
will be made available).

There are also scenarios that are not obtained by modifying one individual parameter
but rather modifying multiple ones simultaneously or by adding special features to the
model. All simulations are obtained first without, and then with, a Platform firm. The
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ones with the Platform firm, as explained in Section 2.4, have one additional firm that
performs a unique kind of innovation via imitation. The Platform firm always starts a
simulation with 5 products, which is a value between the mean and median number
of initial products assigned by the Pareto distribution in (4) to the other firms. One
special scenario allows the Platform firm to invest in a very large number of products
when initially entering the market (30 products, up from the 5 allowed in the Baseline)
and also I assume that the Platform firm always keeps a larger number (at least 10,
up from 3 in the Baseline) of own products throughout the simulated periods. The
latter is what is referred to in the following as a “Huge Platform” scenario. The Huge
Platform scenario is designed to represent a hypothetical “flood the market” strategy
meant to displace competing products with a large range of own-brand products from
the Platform firm. Note that although the Platform firm may have a dominant position
in the market for retail trade as a whole, the latter does not automatically imply that it
has a dominant position in all of the sub-markets served by its platform (the opposite
is more often observed, as illustrated for example by the empirical investigation in
Crawford et al. (2022)). Therefore, the “Huge Platform” scenario constitutes a special
case and is presented hereafter only to provide insight about possible interactions of
such a dominant position with the kind of mechanism that is the focus of this study.

3 Simulation results

In this section I illustrate some notable results stemming from a large number of
simulations. Most of the results will be reported in graphical form to allow for a more
intuitive interpretation. Because my interest lies in understanding the effects of a firm
performing insider imitation, I mostly compare simulated scenarios that are identical,
save for allowing or not the existence of a Platform firm. My simulated setting allows
me to observe all endogenous variables, both at the market and individual level, in
each simulated period. The following results provide a summary and a bird’s eye
perspective.

As apreliminary note, it must be stressed that even though the Platform firm is given,
information-wise, a superior algorithm to improve its products, it does not necessarily
imply that it will end up being the most profitable firm. For illustration purposes,
Fig. 1 compares side by side two examples taken from individual replications of the
Baseline scenario, where the y-axis is for total profit generated by each of the most
profitable five firms plus the Platform firm. In the first example (graph on the left),
the Platform firm does not enter the top-five (except for short time windows between
periods 60 and 80, and around period 150) and lags behind significantly for most of the
simulated periods. In the second example (graph on the right) the Platform firm rapidly
gains market shares, up to the point when it becomes the leading firm (approximately
between periods No. 10 to 50), before losing ground against competitors in the periods
after 50. In a limited time window between about periods 10 and 45, the Platform firm
is leader with a visible distance from the second-best competitor, but does not manage
to maintain durable leadership until the end of the simulation. A similar behavior to
the graphs in Fig. 1 is observed in all scenarios, as innovation and path-dependencies
make the market always contestable.
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(a) Example 1 (b) Example 2

Fig. 1 Examples of two outcomes under Baseline scenario with the Platform firm. The y-axis reports total

profit - Orange continuous lines are for the Platform firm, while the other five dotted or dashed lines are for
the five best-performing firms

Welfare generated in the market is calculated by summing up, in each period, the
utility obtained by each consumer (either by purchasing a product or not purchasing
anything) plus profit earned by each firm. Figure 2 compares average welfare by plot-
ting it for each scenario and, for each scenario, with or without the presence of the
Platform firm. In each plot shown in Fig. 2 the blue dashed line represents mean values
across 100 scenarios without the Platform firm, and the orange continuous line repre-
sents the same indicator across 100 scenarios with the Platform firm. Results point to
an important conclusion: the presence of a Platform firm does not, per se, imply a loss
in welfare and, under some specific parametrizations, it may even improve it. In the
simulations, the only case where the presence of a Platform firm reduces welfare is the
scenario with reduced probability to innovate (graph (f) in Fig. 2). Simulation results
suggest that the number of firms is not a major factor affecting welfare, as the Platform
firm is always found to improve welfare (albeit with different intensity) with 20, 50 and
100 firms. In the case of 20 firms, welfare with a Platform firm even increases in about
the first half of the simulated periods. When consumers are strongly constrained in
their ability to compare products or when firms (including the Platform firm) innovate
at a slow pace, the welfare-enhancing effect of the Platform firm tends to disappear.
In these simulations because of the assumption of a ranked search algorithm showing
products to consumers, the market converges quickly to few high-value products and
the positive welfare impact of the Platform firm disappears. In a set of alternative sce-
narios where consumers are instead assumed to observe products randomly (without
ranked search features), the presence of a Platform firm more often is able to increase
welfare (refer to Figs.6 and 7 in the Appendix).

Also, as an aside note that because of the way this welfare indicator is built, a
low product variety may mean more products are available which are more similar to
each other, rather than fewer but more diversified products. Figure 5 (in the Appendix)
reports indicators for the variety of products traded on the market, which is measured
as the average standard deviation across all product characteristics and across available
products that are traded at least once in the period. As the most profitable bundles of
characteristics are discovered, firms tend to focus on them via imitation and hence,
large deviations from such bundles become less common. In most tested scenarios the
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Fig.2 Total welfare (average across simulated scenarios) - With a Platform firm (orange continuous lines)
and without it (dashed blue lines)

presence of a Platform firm moderately reduces product variety. It is to note that I do
not consider the case of consumers who derive utility from being able to choose from
alarger range of different products. Therefore, different degrees of variety do not have
any direct effect on welfare.

Figure 3 reports the Herfindal-Hirschman Concentration Index (HHI), which mea-
sures how concentrated the market is based on realized profit. Larger values of the
HHI (closer to 1) indicate more concentrated markets. In light of the recent actions by
antitrust authorities in Europe and the United States, this indicator is useful to shed
light on the expected impact of insider imitation by platform providers on market
concentration. An interesting and perhaps counter-intuitive result from the simulation
analysis is that the presence of a Platform firm may both cause an increase or a reduc-
tion in market concentration. Moreover, in most simulated scenarios we observe a
decrease in market concentration with a Platform firm, the only meaningful exception
being scenarios with many visible products (see graph (e) in Fig.3), which makes
the Platform firm much better at innovating (thanks to its special imitation algorithm)
which, in turn, earns the Platform firm a larger share of total market profit. Also, sce-
narios featuring a smaller probability to innovate or a Huge Platform produce mixed
results with respect to the HHI. These results also imply that the impacts of the Plat-
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Fig. 3 Market concentration - Herfindahl-Hirschman Index (HHI, average across simulated scenarios) -
With a Platform firm (orange continuous lines) and without it (dashed blue lines)

form firm on welfare and on market concentration do not necessary go in the same
direction, as in some scenarios we observe improved welfare coupled with higher
market concentration with a Platform firm, while in others we see improved welfare
coupled with lower market concentration with a Platform firm.

The role of ranked search deserves a specific discussion. With ranked search, as
assumed in all of the base model scenarios whose results are reported in Figs.2 and 3,
the Platform firm has significantly higher chances to reap larger profit in each period
compared to scenarios without ranked search (as in Figs.6 and 7 in the Appendix).
However, profit earned by the Platform firm is still much smaller, on average, than what
the first-earner firm reaps on average. Ranked search benefits all major competitors,
not just the Platform firm. Again, as stated already, with ranked search the presence
of a Platform firm is rarely found to increase market concentration, on the contrary it
may sometimes reduce it.

Figure4 focuses on the comparison of four specific scenarios: Baseline, scenario
with more visible products, scenario with smaller chance to innovate, and the Huge
Platform scenario. The latter three scenario are selected here because they produced
somewhat different results than the generality of other results, either in the form of
reduced welfare or increased HHI when a Platform firm is present. The Baseline
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scenario behaves similarly to all other scenarios which were defined by only chang-
ing one single parameter and is, therefore, representative of a large set of possible
parametrizations. The scenario with 15% probability of innovation is the only sce-
nario that, in the simulations, obtained lower welfare in the presence of a Platform
firm, thus it is relevant to further study it to better understand the possibility of a
welfare-deteriorating effect of the Platform firm’s insider imitation. In Fig.4 total
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profit earned on average by explorers, imitators and the Platform firm are displayed
side by side. Some considerations worth of highlighting are, first, that explorers’ profit
is never significantly affected by the presence of a Platform firm. As the market dis-
covers products that are better suited to consumers’ tastes, the value of completely
random discoveries by explorers falls down. The latter holds true in all the simulated
scenarios and is affected by the presence of a Platform firm only marginally. Second,
the Platform firm subtracts market shares mostly from imitators, almost on a one-
to-one basis. However, even with its more efficient imitation algorithm, the Platform
firm is rarely able to gain a very large share of the imitators’ market, as it on average
manages to produce profit, in the very last simulated periods, that is about 12% to
22% of imitators’ profit, and about 10% to 18% of total profit earned by imitators and
explorers taken together. Combined with the observation that across all simulations,
the Platform firm may or not land in the first market positions based on the specific
dynamic path generated by the interaction between consumers and new products, this
set of results casts doubts on the prior, according to which insider imitation by the
Platform firm may lead to larger market concentration and a leadership position for
the Platform firm. By the same token (compare to previous Fig.2), although in the
scenario with many visible products the Platform firm reaps larger profit away from
imitators, this does not imply a loss in welfare. The reason lies in the ability for the
better imitation algorithm by the Platform firm to discover product characteristics
that are more appealing to consumers which, consequently, raise the average utility
obtained per purchase.

As a concluding remark, I may note that my simulation results are compatible with
empirical results presented in Crawford et al. (2022). In their sample of products sold
on the Amazon marketplace, Crawford et al. (2022) find that almost 50% of the revenue
generated by Amazon products comes from products that no other merchant previously
offered on the marketplace, which is compatible with the argument that platform
providers engage in partial imitation, rather than in copycat imitation where they
would more directly steal market shares from an existing product. Moreover, Crawford
etal. (2022) find that “Amazon entry is associated with mild market expansion, with no
evidence of business stealing” both measured against direct substitutes or against close
substitutes, and both looking at total markets including Amazon sales or at sales from
third party traders only. The latter result, too, coincides with simulations where the
presence of a Platform firm produces an increase in overall trading volumes, although
in my simulations the Platform firm does steal market shares from imitators (though
the latter manage to keep the majority of market shares for themselves).

4 Conclusions

In this paper I study insider imitation in an online market with product differentia-
tion and partial imitation. I showed how the presence of an imitator, who may benefit
from accessing market-wide data not available to competitors, may speed up the rate of
innovation via imitations, without necessarily leading to an increase in market concen-
tration. Consumers on average may benefit from insider imitation as this improves the
average utility they obtain from their purchases. Competing firms who also engage in
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partial imitation benefit and lose simultaneously: on the one hand, part of their market
shares are won by the platform provider, however on the other hand imitators can
imitate the imitator, thus improving their products at a faster rate than otherwise. The
net overall effects of such dynamic simultaneous effects on market outcomes depends
on a number of parameters representing specific market characteristics, controlling for
which I may claim that the most likely effect of insider imitation of the kind examined
here is to increase welfare and reduce market concentration.

The analysis illustrated so far casts doubts on the latest stance of the European
Commission’s antitrust authority as an effective approach to insider imitation on online
marketplaces. I have shown that, under a large range of model parametrizations, the
presence of an insider imitator who uses unpublished data to engage in partial imi-
tation is likely improving welfare or at least, not reducing it. Moreover, in most of
the scenarios, the presence of such insider imitation reduces market concentration.
Forbidding the use of nonpublic data by Amazon, as the recent decision of the Com-
mission implies (see the decision 2023/C 87/0, in particular related to case AT.40462),
may have negative consequences for consumers and might achieve a suboptimal level
of efficiency in market competition. This claim adds up to a number of other studies,
mentioned in the Introduction, which also bring a cautionary word of advice by show-
ing that the causal link between insider imitation, market efficiency and policy actions
is, in the case of online platforms, a complex one.

My analysis has some important limitations which will hopefully be addressed by
future research. The Platform firm in the simulations does not exploit other means that
are generally available to a platform provider, like for instance the ability to manipulate
the way search results are shown to users (self-preferencing), or the ability to offer
complementary services only for selected products (e.g., the Amazon Prime program).
Thus, my results cannot completely rule out that a platform provider engaging in the
type of insider imitation here discussed could displace competitors and reduce welfare.
My claim is that the sole existence of insider imitation by means of data exploitation
is not, per se, reason for concern and, moreover, policy action may end up reducing
consumer’s welfare. Another point deserving further scrutiny is the possibility that
competitors reduce their rate of innovation as the Platform firm acquires market shares.
The available empirical evidence on the Amazon marketplace suggests, indirectly, that
this should not be a major issue as imitation does not happen immediately (thus granting
innovative products some lead time to reap returns) and, at least in the case of Amazon,
the platform provider tends to acquire minority shares of such markets. An extended
model that explicitly takes into account investment decisions might shed light on the
interaction between these different dimensions. Finally, as stated already the utility
function that was assumed to represent consumer preferences is independent from
the variety of products available on the market. An amended model might explore a
different set of preferences and quantitatively estimate whether reductions in product
variety may welfare-dominate the other effects studied here.
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Additional figures.
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Fig.5 Product variety (average across simulated scenarios) - With a Platform firm (orange continuous lines)
and without it (dashed blue lines)

Appendix B

This Appendix reports the results of a search on the Amazon.com Web site for the
string of text “cloth hanger”. This search was performed on 8 November 2023 from a
position based in Germany (I mention this, as it might be the case that the Amazon.com
Web site discriminates products based on the IP address of the user). I only used the
internal search engine of Amazon.com.

Figure 8 shows the products offered by Amazon with its own brand, Amazon Basics.
The first of these three products is made of stainless steel and comes in two colors, the
second is made of wood, while the third is made of plastic and is offered in ten different
colors (the color is made different for the curved element and for the metal hook).
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Compared to all other products found on the same platform, a representative sample
of which is displayed in Figs. 10 and 11 (these, together with those shown in Fig.9,
are the 24 top-rated products from the first two pages returned by the Amazon.com
search engine), one may immediately see that the Amazon-brand products offer a
unique bundle of features. Referring to the metal-made Amazon Basics hanger only, it
features: a metal structure with anti-slippery coating; swivel hook; two clips with anti-
slippery rubber; indenting on the sides of the curved element to allow for the hanging
of thin shoulder straps. While all of these features may be individually found on some
competing products, this specific bundle is unique to Amazon’s. Other products focus
more on aesthetics, price or on different functionalities. The most similar competing
products are: the second-last depicted at the end of Fig. 11 (which however, differently
from Amazon’s own variety, has the curved element made of plastic); and the last
one (which has a different design for the clips with a silicon coating and the use of
biodegradable plastic). Figure9 reports the three best-selling products according to
information returned by the Amazon.com search engine which displays an estimate
for the number of sales in previous month. None of them comes from an Amazon
brand.
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