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Abstract

This paper examines the economic impact of Amazon’s hybrid platform model (selling both first-party and

third-party products) using data from Amazon Italy. We develop a structural model of multiple decisions

made by different players, namely the platform, sellers and buyers. We then estimate the model using data

from Amazon Italy and conduct counterfactual simulations to see the effect of banning hybrid platform model.

Our results indicate large gains in consumer surplus especially for more recent products. Moreover, removing

Amazon as a retailer leads to increased number of offers and lower prices and FBA fees. Our results also

indicate that category-specific characteristics might play a role in determining market outcomes, suggesting

that broad conclusions about hybrid platforms cannot be drawn from analyzing a single product category.

The study contributes empirical evidence to ongoing policy debates about digital platform regulation.
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1 Introduction

Advancement of digitisation has brought about new business models such as e-commerce platforms which

can grow rapidly. Buyer-to-consumer e-commerce revenue in 2025 was around $1, 233.7B in the US and

e898B in Europe in 2025, which correspond to 16.4% and 16% of total revenue in retail industry in the US

and Europe, respectively.1 Many major e-commerce platforms—including Amazon, Zalando, and the Apple

and Google app stores—operate under a hybrid business model in which the platform not only intermediates

transactions as the marketplace operator but also competes downstream by selling products directly. Amazon

is a leading example of this model and holds substantial shares in key markets (37.8% in the United States,

30% in the United Kingdom, and 35% in Germany). The prevalence of dominant hybrid platforms raises

concerns about their implications for competition within the marketplaces they control. This paper examines

these issues using data from Amazon.

Hybrid platforms have long raised concerns about potential distortions to competition that may dis-

advantage both merchants and consumers. Key issues include restricting third-party sellers’ access to end

users, steering demand toward the platform’s own offerings (“self-preferencing”), and exploiting third-party

transaction data to guide the platform’s product and pricing decisions. Reflecting these concerns, regulators

in both the European Union and the United States have opened investigations and pursued legal actions in-

volving major firms such as Amazon, Apple’s App Store, and Google Play. Attention to the issue has further

intensified with the European Commission’s shift toward ex ante regulation under the Digital Markets Act

(DMA) and the Digital Services Act (DSA). Similar concerns have raised in the U.S. Department of Justice’s

antitrust lawsuit against Apple (U.S. and Plaintiff States v. Apple Inc.). As a result, understanding the

competitive effects of hybrid platforms has become increasingly important.

This paper examines the competitive implications of Amazon’s hybrid model—as both marketplace oper-

ator and retailer—on the Amazon Italy platform. We develop and estimate a structural model encompassing

five interrelated decisions: Amazon’s entry as a retailer, its choice of Fulfilled by Amazon (FBA) fees, third-

party sellers’ entry and FBA adoption, sellers’ pricing, and consumer demand. We then use counterfactual

simulations to quantify the welfare effects of Amazon’s retail participation.

Our empirical analysis uses web-scraped data for Amazon Italy from Keepa.com, which provides infor-

mation at the product (Amazon Standard Identification Number, ASIN), offer, and seller levels; we merge

these sources to construct a unified dataset combining product characteristics (e.g., category, brand, dimen-

sions, ratings, rank), platform outcomes (e.g., whether Amazon offers the product, Buy Box ownership, FBA

pick-and-pack fees), and marketplace conditions (e.g., number of offers, seller ratings, shipping costs, and

1See U.S. Census Bureau, Quarterly Retail E-Commerce Sales(published on 10 March 2026). See European E-commerce
Report 2025.
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whether sellers use FBA). The sample is drawn from the top-200 ranked products in five categories (Baby,

Kitchen, Games, Lighting, and Luggage) and corresponds to a cross-section from August 2022. The main

unit of analysis is the product-market at the ASIN level (6,542 ASINs), with outcome variables such as

Amazon’s retail presence, FBA fees, prices, demand proxies, and the number of competing offers measured

per ASIN; offer- and seller-level fields are used to form ASIN-level aggregates (e.g., average seller rating,

average shipping cost, and FBA seller share). Because Keepa does not report sales quantities, we proxy sales

using Amazon’s sales-rank variable and calibrate an approximate rank-to-sales mapping using JungleScout

estimates observed for a subset of products.

Our estimates identify several channels through which Amazon’s retail entry affects market outcomes.

First, Amazon is more likely to enter categories in which third-party sellers face higher shipping costs,

consistent with Anderson and Bedre-Defolie (2021), who predict that platforms may leverage rivals’ cost

disadvantages to expand their own retail activity; a one-unit increase in third-party shipping costs increases

Amazon’s entry probability by about 5%. Amazon also tends to enter markets with higher-quality and higher-

demand products, while being substantially less likely to sell newly introduced items. Second, we find strong

evidence consistent with a “raising rivals’ costs” mechanism through FBA fees (Anderson and Bedre-Defolie

(2021)): when Amazon sells a product itself, FBA fees are nearly 30% higher than the average, even after

controlling for package attributes that influence fulfillment costs. Third, Amazon’s retail participation crowds

out third-party competition: the number of competing offers declines by roughly 1.6 following Amazon’s

entry, and higher FBA fees further discourage third-party entry. Fourth, notwithstanding the FBA fee

and number of offers effects, Amazon’s direct presence intensifies price competition: average prices are about

EUR 2.37 lower when Amazon is a seller. However, increases in FBA fees are more than fully passed through

to consumer prices (pass-through exceeding 100%), which partially offsets this price-reducing effect. Finally,

the demand response to Amazon’s entry varies with product maturity: Amazon’s presence increases demand

for established products but reduces demand for recently listed products, indicating heterogeneous consumer

reactions depending on product recency.

In Section 5, we quantify equilibrium and welfare effects using counterfactuals that (i) remove Amazon’s

retail offer in all markets where it faces at least one third-party rival (“Local Remove”) and (ii) remove Ama-

zon only in subcategories where it is classified as dominant, using predicted Buy Box dominance thresholds

at the 25th, 50th, and 75th percentiles (“Remove if Dominant 25/50/75”). Relative to the baseline pooled

means, Local Remove reduces the average price by €0.267 (from €26.865 to €26.598), reduces the average

FBA fee by €0.520 (from €5.612 to €5.092), and increases the average number of offers by 2.151 (from

5.227 to 7.378). It also produces a large participation/quantity response: mean market share of Amazon

compared to buying elsewhere increases from 0.033% to 0.467%, i.e., up by 0.434 percentage points (about

3



a +1, 310% increase relative to baseline). As a result, under Local Remove, total consumer surplus rises by

e11.3 billion, corresponding a 140% increase compared to the benchmark. The targeted dominance-based

removals deliver the same qualitative pattern as Local Remove—more third-party variety, lower FBA fees,

modest price movements—but with attenuated magnitudes because Amazon is removed from fewer markets;

correspondingly, consumer-surplus gains are largest under Local Remove and smaller under the dominance-

based policies. This is consistent with the extensive-margin (share/participation) channel being the primary

driver of welfare changes. The heterogeneity analysis shows that these gains are concentrated in recently

listed products (for which demand and consumer surplus rise when Amazon is removed), whereas consumer

surplus falls for older products, consistent with Amazon’s offer adding demand value for mature items; by

category, the largest consumer-surplus increases occur in Baby and Games, while Luggage is the exception

where consumer surplus declines under all counterfactuals.

Overall, the findings imply that the main consumer harm from Amazon’s hybrid conduct operates through

suppressed third-party variety, and that targeted restrictions on Amazon’s retail activity in markets where

it is dominant could yield meaningful consumer-surplus gains.

Hybrid platforms have been studied extensively in both theory and empirics, with welfare implications

that depend on the underlying assumptions. Several theoretical papers predict that hybrid operation can

benefit consumers—e.g., under homogeneous preferences—because platform retail entry can intensify com-

petition or improve matching (Zennyo, 2020; Etro, 2021; Hagiu, Teh, and Wright, 2022; Anderson and

Bedre-Defolie, 2021). These pro-consumer results can persist with vertical differentiation (Shopova, 2023) or

asymmetric information (Kang and Muir, 2022). By contrast, Anderson and Bedre-Defolie (2021) show that

when consumer tastes are heterogeneous and product entry is elastic, hybrid platforms may reduce welfare

by discouraging third-party participation and variety. Building on this framework, we estimate a structural

model of hybrid platform behavior and provide empirical evidence on the mechanisms highlighted in the

theoretical literature.

On the empirical side, much of the literature documents Amazon self-preferencing, either via Buy Box

outcomes (Hunold, Laitenberger, and Thébaudin, 2022; Lee and Musolff, 2021; Lam, 2021) or through search

ranking (Farronato, Fradkin, and MacKay, 2023). Structural analyses emphasize that self-preferencing

can raise consumer welfare in the short run while potentially reducing variety (Lee and Musolff, 2021),

and that targeted recommendations may outperform random placement (Lam, 2021). Related work also

suggests that restricting hybrid platforms could harm consumers if it leads the platform to scale back

complementary services such as Prime or FBA (Gutierrez, 2021). More recently, Crawford, Courthoud,

Seibel, and Zuzek (2022) estimate the price effects of Amazon’s retail entry using staggered difference-in-

differences and proprietary Amazon data. In contrast to these approaches, we structurally estimate a unified
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equilibrium model that jointly endogenizes Amazon’s retail entry, FBA fee-setting, third-party entry

and FBA adoption, seller pricing, and consumer demand, allowing us to quantify the net welfare effects

of Amazon’s retail presence while explicitly accounting for the endogeneity of Amazon’s entry decision.

The rest of the paper is structured as follows. In Section 2, we introduce our data and provide some

preliminary analysis. In Section 3, we present our model and describe the structural equations that we

estimate. In Section 4, we present the empirical analyses and results. Section 5 provides the counterfactual

analysis.

2 Data

2.1 Descriptive Statistics

We use web-scraped data from Amazon Italy which is provided by Keepa.com. Keepa.com provides

data in several different levels, more precisely, product level which is identified by the Amazon Standard

Identification Number (ASIN), offer level and seller level. For our purposes, we merged data from all these

sources. Product data provides information, such as rank, average rank in the last 90 and 180 days, lowest

current price of a new item, price of Amazon if Amazon sells the product, lowest price of a Fulfilled by

Amazon (FBA) seller, FBA fees for the given product (pick and pack fees), dimension of the product, the

product’s brand, number of offers, etc., on top 200 ranked products from the five categories we have chosen.

Using Keepa.com API, we collected seller data and matched the seller ID to each product, to exploit seller

characteristics. Seller data has information on seller ID, seller name, seller rating and rating count and an

indicator showing if seller is FBA or not. Moreover, we collect data on what other products a seller sells as

well as historical price and rating data of the seller for the given product in our data. Finally, we collect

offer data using Keepa API. Offer data provides information on sellers for each product, as well as details

such as price, shipping cost - if available, if Amazon also offers the item, and the condition of the item, for

instance if it is new, or used.

One drawback of working with web-scraped data is the lack of sales information. Keepa data only provides

the rank variable which basically ranks the products according to their sales value. For instance, if a product

is ranked 1 in kitchen category, it means that it is the most sold product in that category. Junglescout.com

gives an estimate of sales for given rank in a given category in real time. As our data is from August 2022,

we needed the estimate for that month and with Junglescout extension we were able to get that information

for products in category in our dataset. After collecting sales data, we fit a linear model of log sales to log

rank and use it to estimate the log sales of the products in our data.
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Table 1 below presents the summary statistics of our main variables at the ASIN level. Amazon offers

42% of the products in our data.2 Average price is EUR28, with a minimum of 2 cents and maximum of

EUR155. When we consider average price of Amazon’s offer, it is slightly higher at the value of EUR29.88

with minimum EUR0.99 and maximum EUR162, however, we do not observe the price of Amazon offer for

all products in our dataset. There are on average 4.55 offers per product and average product rating is 4.45,

which is calculated using 11.7 thousand product reviews on average. Sellers in our data set have an average

rating of 74 (over 100) and on average they offer 19 other products.

Table 1: Summary statistics of main variables ASIN level
Variable No. obs Mean Std. dev. Min Max
Amazon offers 6,542 0.42 0.49 0 1
BuyBox Amazon 6,542 0.30 0.46 0 1
Lowest New Price 6,542 28.21 22.83 .2 154.9
Amazon price 2,149 29.88 28.80 0.99 162.03
Sales rank 6,542 94.08 61.54 1 529
Prime 6,542 0.28 0.45 0 1
FBAFees 6,031 5.61 2.37 3 18.67
No. offers 6,542 4.55 10.96 1 114
Prod. rating 5,825 4.45 0.23 1 5
No. prod. reviews 5,825 11742.77 20117.07 1 133228
Av. seller rating 6,542 74.36 28.00 0 100
Av. shipping cost 6,542 1.72 2.935 -0.005 57.77
New 6,542 0.57 0.50 0 1

Figure 1 below show the distribution of categories in our data. The dominant category is kitchen which

makes 40% of the observations. For the rest of the categories, their presence changes between 10% (lighting)

and 20% (luggage). In the data, each product also belongs to a subcategory. For instance, the product

Chicco Wellness Slow Flow Bottle is in the subcategory of ”glass baby bottle” and in the product cateogry

of ”Baby”. Figure 2 shows the mean number of distinct products (ASIN) across subcategories for each

category. On average games subcategories contain only around 8 distinct products whereas this numbers

goes up to 37 for luggage. If one considers the number of ASIN products in a given subcategory as a measure

of heterogeneity, we can conclude that subcategories in luggage are the most heterogenous groups whilst

those in games are the most homogenous.

Another thing that varies across five categories we study is Amazon’s presence as a seller and as the

BuyBox seller. Figure 3 shows that Amazon offers most products (83%) in the games category where it also

appears to be the buybox seller (67%) most. It is followed by baby products and kitchen with 56% and 36%

as a seller, and 45% and 25% as the Buybox seller, respectively. Figure 4 shows that FBA fees also vary

across the categories we study.

2Only 127 (1.94%) of the products offered in our data are Amazon Basics brand. Of these 127, 125 are in kitchen category
and 2 are in lighting. So for the rest of products sold by Amazon, Amazon is acting as a retailer.
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3 Model

We model a platform which enables interactions between buyers and sellers. We want to quantify the

effects of the platform’s entry to a product market as a retailer on its seller fees (e.g., for fulfillment services),

on entry of third-party sellers, final prices and variety in the market. To do this we develop a structural

model of multiple decisions made by different players in the following timing. First, the platform decides

whether to enter the market as a seller of a product and sets its seller fee for fulfillment services. Second,

sellers decide whether to list their product on the platform (entry decision of sellers) and if so, they choose
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whether to use the platform’s fulfillment services and set their product price. Finally, consumers decide

whether to buy a product on the platform. Given that we have data on Amazon marketplace, Amazon is

the platform and the fulfillment services correspond to fulfilled by Amazon (FBA) services.

Entry decision of Amazon We model the Amazon’s entry decision, that is, whether to sell product j as

a retailer, using discrete choice model with Logit errors:

Pr(AmazonOffersj) =
exp(x′

A,jβA)

1 + exp(x′
A,jβA)
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where xA,j = {Rank drop,Recent,Shipping cost,Product rating,Controls} is a vector of variables that affect

this decision and we have data on.3 Rank drop shows any drop in sales rank of the product in the last

180 days, and so captures any positive shock to the demand of the product, given that lower ranks indicate

higher demand. Recent is a dummy variable indicating whether the length of time that the product is listed

on Amazon is below the median length of all listings.4 Shipping cost shows the average cost of shipping the

product by third-party sellers. We use this variable to measure the cost effectiveness of third-party sellers

in shipping: Higher Shipping cost implies that the third-party sellers of that product become less efficient.

Anderson and Bedre-Defolie (2021) predicts that when the third-party products become less efficient relative

to the platform’s first-party product, this induces the platform to sell more first-party products (more entry

by Amazon as a retailer). Thus, we expect Shipping cost to have a positive affect on the Amazon entry

decision. Product rating is the average rating for the product and captures its quality measured by ratings

(varies from 1 to 5, where a higher rate indicates a better product). We also include category dummies and

interactions of category dummies and Recent in Controls to control for category specific effects on Amazon’s

entry decision and disentangle those category specific effects for recent products. One would expect Amazon

to have informational advantage on the performance of recent products since it holds the data on their

demand. We want to investigate whether this informational advantage generate more entry by Amazon as

a retailer in the categories of recent products.

Amazon’s choice of its FBA fee We assume that Amazon sets the FBA fee of each product by maxi-

mizing its profits from FBA services:

max
FBAfeej

ΠFBA,j = (FBAfeej −MCFBA,j) ·QFBA,j

where QFBA,j is the total demand for FBA services by the sellers of product j. The first-order condition

characterizes the equilibrium FBA fee as a function of the marginal cost and the semi-price elasticity of FBA

demand:

FBAfeej = MCFBA,j +
QFBA,j

−∂QFBA,j/∂FBAFeej

We do not observe the marginal cost of FBA services and so we model it using the variables that likely affect

Amazon’s marginal cost of FBA services:

MCFBA,j = θFAmazonOffersj + x′
F,jβF + wF,j

3Add references which used similar RHS variables
4Our data shows since when each product has been listed on Amazon. We calculate the median of the existence length of

all listings and define a dummy variable indicating whether the product’s existence length is below the median or not
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where AmazonOffersj is the dummy indicating whether Amazon sells this product as a retailer and its

coefficient θF captures the effect of raising the FBA fee on the profit of Amazon’s own product: a higher

FBA fee increases the marginal cost of third-party sellers and so makes them less efficient competitors against

the Amazon’s own products (“raising rivals’ cost”). We therefore expect θF to be positive capturing this

effect as an opportunity cost of lowering the FBA fee. The vector xF,j = {Log Pack.Weight, Log Pack. Dim.,

Prime, Amazon Mass, High Quality Product, Controls} includes the variables that may affect the marginal

cost of FBA services. Amazon Mass is measured by the inverse of the number of offers and captures the

degree of Amazon’s presence in a given product market. High Quality Product is a dummy variable equal to

one if the product’s rating is in the top 25th percentile. Controls includes category dummies and interactions

of category dummies and Recent. wF,j is an i.i.d. error term.

Replacing the equation for the marginal cost in the optimality condition, we re-write the FBA fee equation

as:

FBAFeej =
QFBA,j

−∂QFBA,j/∂FBAFeej
+ θFAmazonOffersj + x′

F,jβF + wF,j

3.1 Entry decision of sellers

We observe the total number of sellers but we do not observe any seller specific variable which might

affect their entry decision. Hence, we use a linear model for the entry decision of the sellers.

The equation we estimate is:

No.Offersj = θOAmazonOffersj + τOFBAFeej + x′
O,jβO + wO,j

where xO,j = {Product Rating,Recent, Controls} is a vector of variables that may affect the entry

decision of sellers. wO,j is an i.i.d. error term.

3.2 FBA decision of sellers

We model the decision of a given product’s sellers on whether to use fulfillment services of Amazon (FBA)

or not as a continuous variable since we have data on the share of FBA sellers, and, for some products, this

could be equal to 0 or 1. We therefore cannot use a discrete choice model a la Berry (1994) given that the 0’s

and 1’s prevents invertibility. We model the sellers’ FBA decision as a linear regression, where we estimate

it using 2SLS:

sFBA,j = αSFFBAfeej + x′
SF,jβSF + wSF,j
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where xSF,j = {Avr. Seller Rating, Large Sellers, Seller Offers, Log Pack. Weight, Log Pack. Dim.,Prime,

Controls} is a vector of variables which could effect sellers’ decision to use Amazon’s fulfillment services.

Avr. Seller Rating is the average rating of the sellers who sell the product. Large Sellers is a dummy showing

if the sellers of the product are on average “large”, that is, the average number of distinct products sold

by the sellers is between 75th and 90th percentile over all products. Seller Offers is the average number of

offers of the sellers (of the product). Log Pack. Weight and Log Pack. Dim are log of the weight and the

dimension of the package of the product, respectively. Prime is a dummy showing whether the product is

prime eligible. As in the previous equation Controls includes category dummies and interactions of category

dummies and Recent. wSF,j is an error term.

3.3 Seller Pricing

A representative seller takes the demand for product j as given and sets a price maximizing its profit:

max
pj

Πj = (pj −mcj)Qj .

where Qj = Msj denotes the demand for product j as function of product j’s market share sj and total

market size M . The first-order condition gives the optimal price as a function of the marginal cost and the

semi-price elasticity of demand:

pj = mcj +
Qj

−∂Qj/∂pj
.

As we do not observe the seller’s marginal cost mcj , we model it as a function of observable variables that

may affect the marginal cost:

mcj = θPAmazonOffersj + γNo.Offersj + τFFBAFeesj + x′
P,jβP + wP,j

where the vector xP,j = {Shipping Cost,High Quality Product, Large Sellers, Prime,Controls} includes

variables that may affect the marginal cost of a seller. As before, Controls include category dummies and

interactions of category dummies with Recent. wP,j is an i.i.d. error term.

Replacing the marginal cost equation in the seller’s optimality condition gives the pricing equation:

pj =
Qj

−∂Qj/∂pj
+ θPAmazonOffersj + γNo.Offersj + τFFBAFeesj + x′

P,jβP + wP,j
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3.4 Consumer Demand

We model buyers’ consumption decision as a choice of whether to buy a given product on Amazon or not.

They choose the option that maximizes their utility. Under a random utility framework with logit-distributed

errors, demand is given by:

ln(sj)− ln(so) = −αP pricej + θDAmazonOffersj + x′
D,jβD + wD,j

where sj is the market share of product j sold on Amazon, so is the outside option which includes buying the

product elsewhere or not buying it at all. The vector xD,j = { Recent, Recent Amazon, Average Seller Rating,

Weighted Product Rating, Prime, LogReviews, Warehouse, Scam Offer, Small Sellers, Package dimension,

Controls} includes the variables that may affect the demand. Recent Amazon is an interaction of Amazon

Offers and Recent. It measures the difference in demand for a recent product when it is also offered by

Amazon. Weighted Product Rating is the product rating weighted by the number of reviews. Log Reviews is

the log of the total number of reviews. Warehouse is the percentage of offers which has a “warehouse deal”,

that is, whether the product is sold at a discount because it was returned, open-box or warehouse-damaged.

Scam offer is the percentage of offers which are labeled as “scam” by Keepa. Small Sellers is a dummy

showing if the sellers offering the product are on average small, that is, whether the average number of

distinct products sold by the sellers lies below the 25th percentile. Package dimension is the dimension of

the package in cm3/100. Controls includes category dummies and interactions of category dummies and

Recent. wD,j is an i.i.d. error term.

4 Estimation Results

We estimate Amazon’s entry equation by maximum likelihood and the remaining equations by two-stage

least squares (2SLS), following the sequential order: Amazon’s entry, sellers’ entry, sellers’ FBA decision,

FBA fee, demand, and price. Because the estimated coefficients from the FBA decision and demand equations

enter as generated regressors in the FBA fee and pricing equations, standard errors from the sequential

estimation procedure are not analytically straightforward; we therefore compute them by bootstrap with

200 replications.5 We instrument each endogenous variable with the exogenous variables excluded from the

5Even though we use predicted values for log demand, we do not correct the standard errors for three reasons. First, and
most importantly, the Jungle Scout sample used to estimate the rank-sales relationship and our main estimation sample are
independent, so any first-stage estimation error is uncorrelated with the regressors in our main equations. Second, the predicted
log sales enter only as a dependent variable; measurement error in the dependent variable does not bias coefficient estimates
and, if anything, inflates the residual variance, making our standard errors larger and our inference conservative relative to the
case where true sales are observed. Third, the R2 values from the first-step estimation are high, ranging from 77% to 84%
across categories, indicating that the prediction error is small in practical terms.
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respective equation. For each 2SLS regression, we verify instrument validity using the Sargan-Hansen test

of overidentifying restrictions and assess instrument relevance using the Sanderson and Windmeijer (2016)

first-stage F-statistics, which account for the presence of multiple endogenous regressors in each equation.

All equations pass both tests.

Estimations results are presented in Tables 2 to 7.

Entry decision of Amazon Table 2 reports the coefficient estimates of Amazon’s entry model, while Table

3 presents the corresponding marginal effects. Product Rating and Recent have significant and economically

meaningful effects on Amazon’s entry decision. The probability that Amazon offers the product as a retailer

increases by 19% if the product’s rating increases by one unit. Amazon’s entry probability decreases by 22% if

the product is recently introduced. A higher third-party seller costs—measured by the average shipping cost

of the sellers— increases the probability of Amazon’s entry by nearly 5%. This result supports the prediction

of Anderson and Bedre-Defolie (2021) and quantifies its economic impact. Finally, Amazon is more likely to

enter markets experiencing increasing demand, as captured by Rank Drop, although the magnitude of this

effect is economically small.

Table 2: Estimation of Amazon Entry

Coef. Std. Err. z P

Rank Drop 0.002917 0.000274 10.65 0.000
Recent -1.301985 0.280086 -4.65 0.000
Shipping cost 0.283772 0.014961 18.97 0.000
Product Rating 1.113142 0.147557 7.54 0.000

Two-sided z tests; P reports P> |z|. Dependent variable is Amazon Offer

Table 3: Estimation of Amazon Entry - Marginal Effects

dy/dx Std. Err. z P

Rank Drop .000502 .0000458 10.99 0.000
Recent -0.224358 .04797 -4.68 0.000
Shipping Cost .048899 .0022823 21.43 0.000
Product Rating .191817 .0250152 7.67 0.000

Entry decision of sellers Table 4 reports the estimates for sellers’ entry, proxied by the number of offers.

Amazon’s presence is associated with fewer third-party offers: the coefficient on Amazon Offer is 1.56 and
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statistically significant at the 10% level, implying that when Amazon offers the product, the expected number

of offers is about 1.6 lower, holding other covariates fixed. Higher FBA fees significantly reduce entry (by

3), consistent with platform costs discouraging participation. In contrast, Product Rating has a large and

highly significant positive effect, indicating greater seller entry for higher-quality products. Finally, Recent

is not statistically significant, suggesting no clear difference in entry between recent and older products in

this specification.

Table 4: Estimation of No. Offers

Coef. Std. Err. z P

Amazon Offer -1.559426 .8564217 -1.82 0.069
FBAFees -3.196683 .6332774 -5.05 0.000
Product Rating 8.842015 .9100221 9.72 0.000
Recent -1.555275 1.050749 -1.48 0.139

Two-sided z tests; P reports P> |z|. Dependent variable is NoOffers, Robust Standard errors.

FBA decision of sellers Table 5 reports estimates for the determinants of the FBA seller share (bounded

between 0 and 1). FBA usage is higher for heavier and larger products, consistent with the idea that sellers

shift fulfillment and logistics burdens to Amazon when handling, storage, and shipping are more costly.

Because pack weight and dimensions enter in logs, the coefficients map percentage changes in package size

into percentage-point (pp) changes in FBA take-up: a 10% increase in package weight and package dimensions

is associated with increases of about 0.4038 × 0.10 ≈ 4.0 pp and 0.4721 × 0.10 ≈ 4.7 pp in the FBA seller

share, respectively. FBA fees have a large and negative association with take-up: a EUR1 increase in FBA

fees reduces the FBA seller share by about 0.596 (i.e., 59.6 pp), holding other covariates fixed. Higher

average seller ratings are also associated with greater FBA usage. The relationship with seller scale is mixed:

the coefficient on Seller Offers is negative, suggesting that sellers listing more products are less reliant on

FBA, while the Large Sellers indicator (75th–90th percentile of offers) is positive, implying higher FBA

usage among this upper segment relative to otherwise comparable sellers. Finally, Prime eligibility is not

statistically significant once the other determinants of FBA use are controlled for. The Italian Antitrust

Authority fined Amazon for bundling its Prime and FBA services on December 9, 2021.6 The investigation

and the decision might have resulted in Amazon unbundling these services during the period of our data

(August 2022), in particular, because Amazon should have reacted by taking some preemptive measures, such

as, lowering the use of these bundles before the actual decision is made. Actually, during the case Amazon

introduced in 2021 Seller Fulfilled Prime (SFP) program that allows sellers to use their own fulfillment

6See The Italian Antitrust Authority (AGCM) Case No: A528.
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services and can still qualify for Prime. These preemptive measures might be the reasons that we do not

find a positive and significant association between the sellers prime and FBA decisions.

Table 5: Estimation of Seller’s FBA Decision

Coef. Std. Err. z P

FBAFees -.5960468 .0512497 -11.63 0.000
Avg. Seller Rating .0050949 .002088 2.44 0.015
Large Sellers .080805 .0240664 3.36 0.001
Seller Offers -.0019866 .000356 -5.58 0.000
Log Pack. Weight .4038016 .0384787 10.49 0.000
Log Pack. Dim. .4721166 .0441702 10.69 0.000
Prime -.0606288 .0383867 -1.58 0.114

Two-sided z tests; P reports P> |z|. Dependent variable is FBA seller share, Robust Standard errors.

Amazon’s choice of FBA fee Table 6 reports the estimation results for the FBA fee equation. In our

data, FBA fees correspond to pick-and-pack charges, which are expected to depend primarily on product

characteristics and, in principle, to be independent of whether Amazon offers the product itself. Consistent

with this institutional structure, FBA fees increase significantly with product weight and dimensions: A

10% increase in the package weight, increase the FBA fee by about 7.4 cents and a 10% increase in package

dimension increase the FBA fee by 7.7 cents. However, we also find a positive and statistically significant

association between Amazon offering the product and FBA fees: FBA fees are on average EUR 1.67 higher

when Amazon is also an active seller. This effect is economically significant as it corresponds to nearly 30%

of the average FBA fee. Hence, we document support for raising rivals’ cost effect when Amazon sets the

FBA fees of its rivals. Fees are slightly lower for high-quality products, while Prime eligibility and Amazon

mass have no statistically significant effect on FBA fees. As our data is coming from Amazon Italy and

Amazon Italy had been bundling the FBA services with Prime, it is not surprising that the effect of Prime

is insignificant - even our data is coming from a year later of Italian Competition Authority’s decision.

Table 6: Estimation of FBA Fee Determination

Coef. Std. Err. z P

Amazon Offer 1.670028 .4284147 3.90 0.000
Log Pack. Weight .7367544 .0349787 21.06 0.000
Log Pack. Dim. .7741505 .0357117 21.68 0.000
Prime .1707455 .2516911 0.68 0.498
Amazon Mass -.287426 .329557 -0.87 0.383
High Quality Prod. -.2064869 .1049246 -1.97 0.049

Two-sided z tests; P reports P> |z|. Dependent variable is FBA cost, Robust Standard errors.
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Demand of buyers. Table 7 reports the logit demand estimates using log(sj)− log(s0) as the dependent

variable. The price coefficient is negative and statistically significant (−0.0548), and implies a mean own-price

elasticity of −1.549, indicating moderately elastic demand.

Amazon Offer enters positively and significantly (4.367), while the interaction Recent Amazon is large and

negative (−9.539). Hence, the Amazon-offer effect is strongly positive for non-recent products but reverses

for recent products: the implied net effect for recent listings is 4.367 − 9.539 = −5.172. Recent itself is

positive and significant, consistent with higher baseline demand for newer listings. This means that Amazon

being a seller of a product increases the demand and this increase is driven by products that have been

listed longer than the median listing length. Actually, for recent products, being sold by Amazon implies

a reduction in demand. This illustrates that Amazon’s brand effect on demand is positive for non-recent

products and negative for recent products.

Among other covariates, Log Review is positive and significant while Avr. Seller Rating enters negatively

and is statistically significant, and Weighted Product Rating is not significant. Small Sellers is positive

and significant, suggesting higher demand in markets with a larger presence of small sellers, conditional

on other controls. Warehouse is negative and significant, consistent with lower demand in markets with a

higher prevalence of warehouse/resale offers. The coefficient on Scam offer is negative but not statistically

significant. Finally, Package dim is positive and significant, while Prime is not statistically distinguishable

from zero after controlling for other variables that affect demand. In particular, the estimation of seller

pricing shows that sellers raise the price of the product by 18 euros on average when the product is Prime.

Hence, demand does not change directly by the product being prime, however it is affected indirectly by

adjustments of other endogenous variables.

Table 7: Estimation of Demand

Coef. Std. Err. z P

Amazon Offer 4.366936 .7884564 5.54 0.000
Recent Amazon -9.538675 1.089807 -8.75 0.000
Price -.0548304 .0167744 -3.27 0.001
Avr. Seller Rating -.0251941 .0043172 -5.84 0.000
Weighted Prod. Rating -.0010122 .0124308 -0.08 0.935
Prime .0178389 .3753336 0.05 0.962
Log Review .1598002 .0270837 5.90 0.000
Recent 3.749379 .5945942 6.31 0.000
Warehouse -2.327741 .5015158 -4.64 0.000
Scam offer -.6334048 .5642762 -1.12 0.262
Small Sellers .3382963 .0902077 3.75 0.000
Package dim .0143889 .0065207 2.21 0.027

Two-sided z tests; P reports P> |z|. Dependent variable is demand, Robust Standard errors.
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Sellers pricing Table 8 reports estimates from the sellers’ pricing equation. Prices are lower when Amazon

also offers the product: the coefficient on Amazon Offer is −2.37 (significant at the 5% level), indicating that

products face about 2.4 euros lower prices when Amazon is present, consistent with stronger competitive

pressure. In contrast, FBA fees (our measure of platform fees), shipping costs, and the number of competing

offers are all positively and significantly associated with prices. In particular a 1 euro-increase in the FBA

fees implies an average increase of 7 euros on the price of the product. This implies more than 100% of

pass-through of the FBA fee increase on the consumer price. A 1 euro-increase in shipping cost raises price

by about 65 euro cents, implying partial pass-through (around 65%). Surprisingly, the number of offers is

positively associated with the seller price, even if one might expect a higher number of offers to reduce prices

through competition. Such a relationship need not hold on online platforms due to search frictions, limited

consumer attention, and platform design features that shape effective competition; see ?. We do not find

a significant effect of the seller scope (measured by the number of different products a sellers sells) on its

price. Finally, Prime eligibility is associated with substantially higher prices, consistent with a premium for

faster delivery and/or higher service quality. The remaining controls are not statistically significant.

Table 8: Estimation of Sellers’ Pricing

Coef. Std. Err. z P

Amazon Offer -2.373651 1.059997 -2.24 0.025
No. Offers 1.230565 .2055091 5.99 0.000
FBAFees 7.186183 .1654454 43.44 0.000
Shipping Cost .648565 .1260724 5.14 0.000
High Quality Prod. -.8383789 .7119408 -1.18 0.239
Large Sellers .541433 .6497 0.83 0.405
Prime 18.01252 3.00829 5.99 0.000

Two-sided z tests; P reports P> |z|. Dependent variable is Cost, Robust Standard errors.

Summary: Our estimation results show that Amazon selling a product in the market (Amazon entry)

has different effects. First, it raises FBA fees set by Amazon. Second, it lowers the average price set by

third-party sellers. Third, it reduces the number of offers of that product (variety). Finally, it increases

the demand and this increase is driven fron non-recent products. The increased FBA fees and lowered

product variety would indicate a negative effect on consumers by raising sellers’ prices and lowering variety

(as predicted by Anderson and Bedre-Defolie (2021)). However, the seller price estimation documents that

the average price is lower when Amazon is a seller and the demand estimation indicates a higher demand for

products when Amazon is a seller. In our estimations, we control for Amazon’s endogenous entry decision

and so account for potential selection effects, that is, Amazon entering product markets with higher demand
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(e.g., higher product ratings) and higher third-party shipping costs (higher cost advantage of Amazon).

Thus, documented price effects are not driven from this selection.

Based on these results, we cannot conclude that Amazon’s entry lowers the average price and increase

demand without solving for the full equilibrium. We need to solve a system of four equations where Amazon’s

entry is used as an explanatory variable to calculate the net effect of Amazon entry on outcome variables

(FBA fees, price, demand, and number of offers). In the next section we do simulations to quantify the

impact of removing Amazon from the market as a seller on these variables.

5 Counterfactual Simulations

We model a per–product equilibrium in four endogenous objects: Amazon’s FBA fee (F ), number of

offers (r), seller price (p), and consumer demand (share) s = D/M , each of which depends on whether

Amazon offers the product as a retailer or not. We first solve the system as given to create the benchmark

values of equilibrium FBA Fees, price, demand and number of offers. We then simulate 4 counterfactual

scenarios. In the first scenario, Local Remove we removed Amazon from all of the markets it is present except

if it is the only seller of the product, i.e. we removed Amazon from the markets where he is competing with

at least one third-party seller. This can be considered as banning the hybrid platform in those markets where

Amazon products face some competition by third-party sellers. However, the policy does not have to be black

and white. Hence, we simulate other three scenarios to investigate whether Amazon is abusing its dominant

position.We construct a dominance measure defined as the probability that Amazon captures the BuyBox

when it sells within a subcategory. Using this measure, we simulate the removal of Amazon from markets

in which its dominance probability exceeds the 25th, 50th, and 75th percentiles. These counterfactuals

are our second, third and fourth scenarios, Remove if Dominant 25, Remove if Dominant 50 and Remove if

Dominant 75, respectively. In each counterfactual we calculate the equilibrium values at the product (ASIN)

level for the FBA Fee, price, the number of offers, and demand (market shares). Moreover, we calculate

consumer surplus under each scenario. Below, we report the mean values over markets. We also present the

results for recent and non-recent items and for each category, separately.

Table 9: Scenario means (pooled specification)

Scenario Price p̄ Offers r̄ FBA fee F̄ Mean share s̄
Baseline 26.865 5.227 5.612 0.000331
Local Remove 26.598 7.378 5.092 0.004666
Leave if Dominant 25 26.620 7.154 5.146 0.003897
Leave if Dominant 50 26.727 6.256 5.363 0.002087
Leave if Dominant 75 26.805 5.678 5.503 0.001086

Notes: Means are across markets.
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Table 9 summarizes how equilibrium outcomes change when Amazon is removed either broadly or only

from markets in which it is classified as dominant. The largest effects arise in the extreme counterfactual,

Local Remove. In this scenario, average prices fall only slightly (from 26.87 to 26.60), while the number of

offers rises sharply (from 5.23 to 7.38). The change in price is the net of two countervailing effects of removing

Amazon: 1. The reduction in FBA fee which in turn lowering the product price, 2. The increase in seller

price due to the reduction in competitive pressure by removing Amazon. The average FBA fee declines (from

5.61 to 5.09). This in turn increases entry by third-party sellers. As a result of the increased variety demand

(measured by market share increases significantly from 0.00033 to 0.00467) increases by stealing share from

the outside option. The three “Remove if Dominant” scenarios generate changes in the same direction, but

with attenuated magnitudes: as the definition of dominance becomes less expansive, the predicted increases

in the number of offers and demand — and the decline in FBA fees — become progressively smaller, while

price effects remain modest throughout.

Table 10 reports the associated welfare implications. Consumer surplus increases in every counterfactual,

with the largest gains again occurring under Local Remove. Importantly, the welfare gains are driven

primarily by the expansion in equilibrium quantities (i.e., the higher predicted demand/market share),

rather than by large price reductions: prices move little across scenarios, whereas total consumer surplus

rises dramatically. This pattern indicates that the main channel through which these counterfactuals raise

welfare is an extensive-margin increase in purchases, consistent with the large changes in market share and

seller entry shown in Table 9.

Table 10: Consumer surplus (overall)

Scenario CSpc mean ∆CSpc mean CS total ∆ CS total

Baseline 0.0060 0 8.07 0
Local Remove 0.0907 0.0847 121.09 113.03
Leave if Dominant 25 0.0761 0.0700 101.57 93.51
Leave if Dominant 50 0.0390 0.0330 52.07 44.00
Leave if Dominant 75 0.0202 0.0142 27.03 18.96

All consumer surplus values are expressed in units of 108. ∆CS is computed relative to the Baseline within each category. CSpc is

money-metric consumer surplus per potential consumer (per market), (1/|α|) ln(1 + eV ); totals multiply by market size and sum
across markets.

5.1 Heterogeneity

Using the estimated the coefficients of Amazon entry as a retailer in recent vs non-recent product markets

we compute counterfactual outcomes separately for recent and non-recent (old) products. We also allow for

heterogeneity across product categories, motivated by the descriptive evidence we found in our preliminary

analysis that Amazon offering a product might have heterogeneous effects in different categories.

Table 11 reports mean changes in market demand (share), price, number of offers, and FBA fee for old
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versus recent products. The results indicate that the aggregate uplift in market share following the removal

of Amazon offers is driven by recent products: removing Amazon increases demand in markets for recent

products, whereas for old products demand falls when Amazon is removed. This pattern is consistent with

consumers valuing Amazon’s offer for older items, but reacting negatively to Amazon’s offer for recent items.

Across both recency groups, prices decline and FBA fees fall, indicating broadly similar price/fee responses

even though demand responses differ. The number of offers increases for both groups, with a larger increase

for old products than for recent products. These demand shifts translate directly into welfare: Table 12

shows that consumer surplus decreases for old products but increases for recent products, consistent with

consumer surplus movements being primarily driven by changes in demand rather than by the comparatively

modest changes in prices.

Table 13 reports consumer surplus by category and scenario (in ×108 units). The effects of removing

Amazon vary substantially across categories. The largest consumer-surplus gains are concentrated in Baby

and Games across all scenarios. Consumer surplus also increases in Kitchen and Lighting, though the

magnitudes are smaller than in the former categories. Luggage is the exception: consumer surplus falls in

every scenario, with the largest decline (though economically small) under Local Remove and smaller (but

still negative) changes under the dominance-based removals.

Table 11: Mean values by Old vs. Recent

Share s̄ Price p̄ Offers r̄ FBA fee F̄
Scenario Old Recent Old Recent Old Recent Old Recent

Baseline 0.000298 0.000357 29.206 25.013 5.785 4.785 5.806 5.460
Local Remove 0.000153 0.008238 28.745 24.899 8.513 6.479 5.145 5.050
Leave if Dominant 25 0.000165 0.006850 28.783 24.909 8.292 6.254 5.198 5.104
Leave if Dominant 50 0.000267 0.003527 29.021 24.912 6.871 5.769 5.543 5.221
Leave if Dominant 75 0.000287 0.001717 29.114 24.977 6.329 5.162 5.674 5.368

Table 12: Consumer surplus by OLD vs RECENT

Scenario CSpc mean CS total
OLD RECENT OLD RECENT

Baseline 0.0054 0.0065 3.21 4.86
Local Remove 0.0028 0.1603 1.65 119.44
Leave if Dominant 25 0.0030 0.1339 1.78 99.80
Leave if Dominant 50 0.0049 0.0660 2.87 49.19
Leave if Dominant 75 0.0052 0.0321 3.09 23.93

Notes: “RECENT” is defined as being listed less than the median time of all listings, “OLD” otherwise. All total consumer surplus
values are expressed in units of 108.
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Table 13: Consumer Surplus by Category and Scenario (×108)

Baseline Local Remove Leave if Dom. 25 Leave if Dom. 50 Leave if Dom. 75
Category CS CS ∆CS CS ∆CS CS ∆CS CS ∆CS

Baby 0.60 23.53 22.93 22.62 22.02 11.60 11.00 4.28 3.68
Games 0.73 58.56 57.82 50.61 49.88 22.96 22.23 12.60 11.86
Kitchen 4.79 31.55 26.76 21.53 16.73 15.54 10.75 8.19 3.40
Lighting 0.20 5.95 5.75 5.30 5.11 0.24 0.04 0.24 0.04
Luggage 1.74 1.51 -0.23 1.51 -0.23 1.72 -0.02 1.72 -0.02

Notes: All consumer surplus values are expressed in units of 108. ∆CS is computed relative to the Baseline within each category.
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