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Abstract

Online marketplaces rely on opaque ranking algorithms that steer consumers’

choices. We study how transparency about such algorithms a↵ects consumer

behavior on Amazon’s marketplace, focusing on the Buy Box—the feature that

preselects a default seller for most products. We conduct an online (framed)

field experiment with Italian Amazon users, varying the amount of information

provided about the Buy Box to study resulting changes in consumer search and

deal selection. Informing consumers increases their willingness to inspect alter-

natives and reduces reliance on the default deal, without increasing search time

or e↵ort. At the end of the experiment, most participants hold critical views of

the Buy Box mechanism and are willing to pay a fee to opt out of it in favor of a

customized selection service. Our results highlight how a limited understanding

of platform algorithms reinforces consumer inertia and demonstrate that simple

information interventions can improve welfare without altering platform design.
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1 Introduction

How does algorithmic transparency a↵ect consumers’ purchasing decisions on digital

marketplaces? Online platforms such as Amazon increasingly rely on ranking algo-

rithms that determine which sellers and products users see first, thereby shaping con-

sumer behavior and market outcomes (Athey and Ellison, 2011). Yet, little is known

about whether consumers understand these algorithmic mechanisms or how greater

transparency might influence their reliance on them. This paper’s key contribution is

to provide causal evidence on how information about algorithmic preselection a↵ects

consumers’ search and purchasing behavior.

Using a framed field experiment with real Italian Amazon users, we test whether

increasing transparency about the functioning of Amazon’s Buy Box—the algorithmic

feature that automatically selects a default seller for most products—alters consumers’

search patterns and deal selection choices. The Buy Box represents an ideal setting to

study how consumers interact with algorithmic intermediation. When multiple sellers

list the same product, Amazon’s proprietary algorithm selects one as the default seller,

and its o↵er is displayed most prominently on the product page and automatically

preselected for purchase. Consumers cannot customize how the default selection is op-

erated, nor filter or personalize results on o↵ers by other sellers, which are relegated to

a secondary webpage. Hence, consumers can essentially either rely on the algorith-

mic selection or opt out, engaging in an extended search process. This design feature

has been estimated to channel the vast majority of sales on Amazon, both in the EU

and the US. Regulators have expressed concerns that such opaque mechanisms may

reinforce consumer inertia and enable the platform to privilege its own retail business

and/or ancillary product services.

The design of our experimental intervention is guided by a theoretical framework

that formalizes the consumer’s search (and selection) problem in the presence of algo-

rithmic pre-selection. What we model is a very specific moment of consumers’ experi-

ence on the Amazon marketplace, where they usually face a series of nested decisions:

the process starts with the identification of their product of interest, often after a

generic query on the website’s homepage or a search engine, and ends with the ulti-

mate choice of the deal that specifies purchasing terms. We focus on this final step,

in which the consumer has already identified her product of interest and is left with

choosing her preferred deal. This choice determines which seller will provide her with

the desired product, as well as what price, shipping, and other conditions will be imple-

mented upon purchasing. In particular, we are interested in understanding what drives

the consumer’s propensity to select the Buy Box deal over other alternatives. Accord-

ingly, we model consumers’ purchasing choice process as a series of binary choices, in

which consumers compare each of the other deals o↵ered by competing sellers with

the Buy Box deal. In this context, information about the Buy-Box deal is free and
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immediately available, while acquiring information on the deals o↵ered by other sellers

requires some e↵ort, such that opting for the Buy Box deal can save a considerable

amount of time. We model the consumer’s propensity to rely on the Buy Box as a

function of: (1) her individual search cost, and (2) her trust in the platform and in

the Buy Box algorithm, which a↵ects her perception of the quality of the Buy Box

pre-selection, hence of its time-saving service.

Our framed field experiment involves real Italian Amazon users, who are engaged,

at the core of the experimental procedure, in an e-shopping task on the real Amazon.it

marketplace. After a few questions about their demographics, e-shopping habits, and

experience with the Amazon e-commerce platform, participants are randomly assigned

to one of our three information treatments (between-subjects design). All three condi-

tions provide some generic information on the Amazon.it platform, yet each contains a

di↵erential amount of information on the Buy Box mechanism: in the Baseline treat-

ment, no information on the Buy Box is provided; in the Partial Information treatment,

we inform participants that the Buy Box contains information only on the one spe-

cific deal pre-selected by Amazon’s algorithm, and about the possibility to inspect

alternatives, which are displayed (one-click-away) on the secondary page containing

all available listings; in the the Full Information treatment, on top of the latter in-

formation, participants also learn that Amazon’s Buy Box algorithm is not public,

and what are supposed to be the main selection criteria according to the tech giant’s

self-declarations.

After the information intervention, all participants proceed to the e-shopping task.

They access the Amazon.it e-commerce platform through a parallel browser page gov-

erned by us, which guides them through a series of pre-selected steps and allows us

to track and scrape in real-time some relevant information on what they see and do

on the pages they visit. At the core of the task, they land on a product page and are

asked to add to their cart what they consider the best deal for the product, given an

exogenously set budget. They know that a randomly selected subset of all participants

will receive the product in-kind, according to all terms and conditions embedded in

the selected deal, together with a cash transfer equal to the amount of the budget

(eventually) saved. After the e-shopping task, we debrief all participants on what the

Buy Box is and elicit self-reported measures of their literacy and reliance on it before

the experiment, together with their current evaluation and willingness to rely on it in

the future. Through a follow-up survey, disseminated a few weeks after the main data

collection, we gather information about participants’ behavior and (updated) beliefs

about the Buy Box, together with an incentivized measure of their willingness to pay

for its pre-selection service.

We have four key findings. First, without any information intervention, most con-

sumers rely on the default option given by the Buy Box, rarely inspecting alternative
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o↵ers, even when cheaper options are available; this result aligns with regulatory find-

ings on the relevance of the Buy Box in other European countries based on sales data,

and is coherent with participants’ low self-reported literacy of its functioning. Second,

providing transparent information about how the algorithm selects the default deal

(Full Information treatment) substantially reduces this reliance: consumers become

more likely to inspect alternative deals and to opt out of the default option. Thanks to

our ability to characterize users’ behavior by observing both their search and selection

choices, we learn that most of this e↵ect is driven by the induced change in their search

behavior: conditional on inspecting all available options, the Boy Box deal is selected

only half the times; the probability to select the Buy Box deal is also significantly

lower among those who inspect a restricted set of alternatives, who divert their choices

towards, on average, cheaper deals. Third, consumers who opt out of the Buy Box deal

do not spend more time or e↵ort to finalize their deal selection. Fourth, after partic-

ipating in the experiment and being debriefed on what the Buy Box is, the majority

of participants hold a negative view of it, irrespective of treatment assignment. Most

argue that it fails to always give prominence to what they believe to be the best deal

available. This evidence is not driven by experimenter demand e↵ects and persists over

time. In the follow-up survey, most participants still hold a negative view of the Buy

Box and, on average, would be willing to pay a fee of approximately 4% of the product

price for a customized deal selection tailored to their preferences, di↵erent from the

default one operated by Amazon’s Buy Box algorithm.

The novel contribution of these results is threefold. First, we quantify the role

of Amazon’s Buy Box in steering consumers’ decisions, relying on firsthand data col-

lected through a rigorous experimental investigation in the field, which allows us to

separately identify consumers’ search and deal selection choices. This confirms reg-

ulatory claims by the European Commission (EC, 2022) and the US Federal Trade

Commission (FTC, 2023). It also complements the recent evidence obtained via struc-

tural estimation from sales data (Lee and Musol↵, 2025), which is conditional on a set

of assumptions on consumers’ sophistication, and subject to data constraints in the

identification of deals actually shown to consumers at each point in time (and their

ranking). Second, we test causally how consumers’ behavior, and hence the Buy Box’s

steering potential, is a↵ected by consumers’ informational endowment on how such

algorithmic preselection is operated. Di↵erent from the literature studying default ef-

fects (Madrian and Shea, 2001; Johnson and Goldstein, 2003), we do not manipulate

consumers’ choice setting: platform design characteristics, determining how the de-

fault option is selected and shown to consumers, as well as opting-out procedures, are

held fixed. By changing only the amount of information consumers have on how the

default option is determined, we explicitly focus on how (the lack of) such information

shapes consumers’ evaluation and willingness to rely on algorithmic recommendations,
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underscoring the role of information asymmetries between platforms and users, and

their welfare consequences. Third, we isolate through which channels the information

provision a↵ects consumers’ deal selection, distinguishing between direct and indirect

e↵ects, mediated by changes in their willingness to engage in a more thoughtful search

of alternative non-default options.

The results of this paper highlight that even among experienced Amazon users,

there is little awareness about the functioning of the Buy Box, and that a simple

information provision intervention can a↵ect consumers’ search and selection behavior,

with positive welfare consequences. Thanks to the novelty of our experimental design

and the richness of the field data collected, we can isolate and quantify the e↵ect

of information provision, and identify through which channels information provision

interventions operate, advancing our knowledge of consumer behavior in algorithmically

shaped digital environments. The relevance of our findings goes beyond purely scientific

interest and signals room for non-invasive regulatory interventions to discipline how

platforms should provide more transparent information on how their ranking algorithms

work.

Related Literature. This paper speaks to several strands of the literature. First,

we relate to the broad literature on consumer search from economics and marketing

(Honka and Chintagunta, 2017; Santos et al., 2012; Jolivet and Turon, 2019; Abaluck

et al., 2020), which investigates the importance of consumers’ preferences and infor-

mation acquisition or processing costs. We build on the findings from this literature

to derive the simple theoretical framework that guides the design of our experimental

investigation.

Second, we contribute to the literature examining how search results’ prominence

on platforms can influence consumer choices, welfare, and e-commerce sales, both in the

absence and in the presence of personalized rankings or recommendations (Armstrong

et al., 2009; Ghose et al., 2014; Armstrong, 2017; Ursu, 2018; Derakhshan et al., 2022;

Heidhues et al., 2023; Donnelly et al., 2024; Compiani et al., 2024). Di↵erent from

these works, we are not interested in quantifying the role and the consequences of

the algorithmically-driven mechanisms that influence results’ prominence. Instead, we

investigate consumers’ interaction with and knowledge of such mechanisms, exploring

the causal e↵ect of providing more transparent information about their functioning.

Third, we relate to the growing body of work from the industrial organization

literature that focuses on the case of Amazon to study price competition and con-

sumer search on online marketplaces (Crawford et al., 2022; Tai Lam, 2023; Gutiérrez,

2021), including research on self-preferencing practices and steering (Zhu and Liu, 2018;

Farronato et al., 2023; Chen and Tsai, 2023; Waldfogel, 2024; Li, 2025; Dubé, 2024;

Farronato et al., 2025; de Corniere et al., 2025; Hartzell and Haupt, 2025) and on the
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e↵ects of the Buy Box (Raval, 2022; Hunold et al., 2022; Lee and Musol↵, 2025). We

complement this literature, by studying the role of the Buy Box on Amazon’s market-

place, with a new consumer-centered perspective. Most closely related to our work is

the paper by Lee and Musol↵ (2025), where they estimate a structural model using

Amazon sales data to capture the e↵ects of Amazon’s Buy Box on consumer choices,

seller pricing, and entry. On the supply side, their findings highlight that the Buy Box

selection is very sensitive to competitive pricing, yet skewed towards Amazon’s o↵ers.

On the demand side, their model distinguishes between sophisticated consumers, who

always compare all available options before finalizing their choice, and naive ones, who

always opt for the Buy Box option without even inspecting alternatives: their struc-

tural estimates are consistent with 95% of consumers belonging to the latter category,

leaving substantial opportunities for demand steering. Di↵erent from Lee and Musol↵

(2025), we rely on field data on consumers’ complete set of options, search behavior,

and deal choices to study how consumers interact with the Buy Box. Our data allows

us to derive consumers’ categorization ex-post, conditional on observed behavior, and

to quantify the causal e↵ects of providing (more) information on the Buy Box function-

ing on consumers’ choices, exploiting the (induced) exogenous variation in consumers’

literacy driven by our treatments.

Lastly, we contribute, also methodologically, to the empirical literature relying on

field data collection to study consumers’ behavior on e-commerce platforms. Some

of these papers implement experimental designs in purely field settings to isolate the

causal e↵ect of providing some specific pieces of information on sellers – e.g. qual-

ity – (Jin and Kato, 2006; Resnick et al., 2006; Cui et al., 2019) on platforms like

eBay or Amazon. Other papers exploit natural experiments or collaborations with

platform owners (Dinerstein et al., 2018; Fang et al., 2024) to investigate the e↵ect

of platform design changes, shaping consumers’ experience, on purchasing choices and

market outcomes. Most recently, and similarly to our empirical approach, some papers

scraped data on consumers’ behavior over time, through browser extension tools that

were programmed by the researchers and deliberately downloaded and installed by re-

cruited platform users on their devices (Allcott et al., 2025; Farronato et al., 2025).

The closest to our setting is the paper by Farronato et al. (2025): their browser exten-

sion manipulates Amazon brands’ visibility among search results to study the e↵ect

of their removal on consumers’ welfare, looking at changes in users’ organic browsing

patterns and choices in incentivized tasks with some pre-selected products. Di↵erent

from them, we focus on a distinct feature of Amazon’s platform (the Buy Box) and

don’t manipulate Amazon’s platform design across treatment conditions. Instead, we

only vary the content of the information provided to users, with the ultimate objective

to causally isolate whether informing users about the Buy Box functioning a↵ects their

search and deal selection choices.
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2 Amazon’s Buy Box

Many digital platforms operate as two-sided markets, facilitating the matching between

sellers and buyers. The Amazon case is particularly interesting, both from a scientific

and policy point of view, because of the dual role the tech giant plays on its platform,

where it both controls the rules of the game and participates as a player: Amazon

shapes buyers and sellers’ interactions, through its platform’s design choices, and op-

erates as a seller itself, leveraging its gatekeeper power and the information collected

on both sides of the market.

On Amazon, just like on other online platforms, many platform features are gov-

erned by ranking algorithms, which determine, for example, whether and how some

products and sellers are shown to consumers after a query. In this paper, we focus on

a very specific algorithmic-driven feature of Amazon’s marketplace: the Buy Box.
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�

(a) “Pure” marketplace.
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�

(b) Amazon’s dual role.

Figure 1: The marketplace. Panel (a): Amazon matches consumers and sellers, one of
which is prominently featured (boxed seller 2 in the example). Panel (b): Amazon is
also a seller on its own marketplace, possibly self-selected for the Buy Box.

The Buy Box represents an appealing shortcut for customers. After having searched

and identified their product of interest, they can directly proceed to checkout by clicking

on the “add-to-cart” button contained in the box located in the upper-right corner

of the product page.1 By clicking, they automatically agree to purchase from the

“default” seller placed in the Buy Box. When multiple sellers list the same product,

Amazon’s proprietary algorithm determines who wins this prominent position, while

all other sellers are relegated to a secondary webpage. Consumers cannot filter results,

personalize their search, or customize the default selection.

The Buy Box algorithm represents an extreme case of ranking algorithms, where the

selection process operated by the algorithm leads to a binary winning-losing outcome.

Since the rules behind its functioning are neither observable nor decodable, fears of

matching ine�ciencies arise should the algorithm fail to always give prominence to the

best deals, hence leading consumers to second-order choices. Especially if consumers

lack appropriate information on how this selection is operated, which could lead them

1See Figure 11 in Appendix C for a concrete visual example.
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to underestimate the value of searching for other-than-default deals, by overestimating

the algorithm’s ability to identify the best deal for them.

The criticality of this design choice was also recognized by the European Com-

mission (2020), which has examined “whether the criteria that Amazon sets to select

the winner of the Buy Box lead to preferential treatment of Amazon’s retail business

and/or ancillary product services”.2

A few empirical papers, mostly from the computer science literature, have sought

to unravel the factors that drive the selection of the Buy Box winner, governed by

Amazon’s proprietary algorithm (Chen et al., 2016b; Chen, 2017; Duch-Brown and

Gomez-Losada, 2019; Gomez-Losada et al., 2022). These studies rely on a reverse

engineering approach. They model the probability of being selected as the Buy Box

winner as a function of available deals’ characteristics, usually obtained through data

scraping, and treat it as a prediction problem. Results indicate that sellers relying

on sophisticated algorithmic pricing are more likely to secure this prominent position,

and that competitive pricing and customer feedback/ratings are the most relevant

predictors. However, the combination of these factors cannot fully explain the Buy

Box winning probability, substantiating the concerns related to a lack of transparency.

Available evidence suggests that the Buy Box plays a crucial role in buyers’ and

sellers’ interactions, channeling the vast majority of purchases, despite some geograph-

ical variation. In Europe, the European Commission (EC, 2022) claims that “based on

2017-2019 sales data provided by Amazon for its German and French websites, sales

made directly through the Featured O↵er accounted for [70-80] to [80-90]% of the over-

all sales”. In the US, this figure is reported to be even bigger, with the Federal Trade

Commission (FTC, 2023) arguing that “nearly 98% of Amazon sales are made through

the Buy Box”. The use of ranking algorithms to steer consumers towards a specific

deal in the presence of homogeneous products is not rare, especially in the context of

price comparison websites or “web aggregators”.3 However, the case of Amazon and

its Buy Box is undoubtedly the most interesting because of the vast and unparalleled

volume of sales.4

2European Commission. “Antitrust: Commission sends Statement of Objections to Amazon for
the use of non-public independent seller data and opens second investigation into its e-commerce
business practices” Press release (Brussels, 10 November 2020). On July 7, 2022, Amazon sent a
commitment proposal to the European Commission concerning marketplace seller data and fair access
to Buy Box and Prime. These commitments do not apply to Italy, where remedies regarding the
Italian marketplace were already required by the Italian Competition Authority in 2021, Press release
(Brussels, 14 July 2022, - see also https://ec.europa.eu/commission/presscorner/detail/en/
ip_22_4522).

3For example, the price comparison websites for accommodation services Trivago adopts a fairly
similar platform design choice, where one deal is given special prominence and no full information on
all, or at least a consistent number of alternative deals is shown on the same page (see Figures 12-14
in Appendix C for concrete visual examples on Trivago and other aggregator websites).

4The Amazon.com marketplace net sales revenues in 2023 totaled nearly 138.943 million U.S.
dollars, excluding income from subscription services and provisions for third-party sales and fulfillment
(Annual report - ECDB analysis, 2023).
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3 Theoretical framework

To study how consumers interact with Amazon’s Buy Box and react to information

disclosed about the Buy Box functioning, we model consumers’ purchasing choice envi-

ronment in a stylized way based on Jolivet and Turon (2019). In reality, Amazon users

make a series of nested decisions before they finalize their purchase on the platform:

the process starts from the identification of their product/variety of interest among

all alternative options displayed after a product query is launched on the website’s

homepage, and ends with the final choice over the preferred deal, which determines

what seller, price, shipping terms, and other conditions will be implemented after the

purchase. In this paper, we deliberately focus only on consumers’ final “best deal”

selection problem, which comes after they have identified their desired product. Since

we are interested in understanding what drives consumers’ propensity to select the Buy

Box deal, we model the “best deal” selection process of consumers as a binary choice

in which consumers compare the other deals o↵ered by competing sellers with the Buy

Box deal. In this context, acquiring information on the deals o↵ered by other sellers is

costly and opting for the Buy Box deal saves a considerable amount of time.

Model. Consider n sellers, indexed by i 2 {1, ..., n}, listing a homogeneous product

on the Amazon marketplace. Each seller posts a price pi and is endowed with a qual-

ity index qi which summarizes its records in terms of reviews, percentage of positive

feedback and stars. We assume a very simple form for the consumers’ utility function:

when buying the product from seller i at price pi, consumers get a net utility ui = qi–pi,

which is the same for all consumers. Since the Buy Box algorithm places a unique seller

in a prominent position, the Buy Box seller on the first page is i = 1 by convention

and the utility consumers get from purchasing the product from the Buy Box seller is

u1 = q1–p1.

One-dimensional heterogeneity of consumers. In the simplest form of the model, we

assume that when consumers explore the second page showing all other sellers listing

the product, they incur in a consumer specific search cost ✓ (i.e. e↵ort, time). The

parameter ✓ is drawn from the interval [✓, ✓̄] according to a density function f(✓) with

associated cumulative distribution function F (✓). The mass of consumers is normalized

to one without loss of generality. The type ✓⇤, which is indi↵erent between purchasing

the product from the Buy Box seller and searching for the best possible deal considering
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also all the other o↵ers on the second page, satisfies:

q1 � p1 = �✓ + E[max{qi � pi}] (1)

where max{qi–pi} is a compact way of writing max{q1–p1, ..., qn–pn, 0}. Solving for ✓⇤

we find that all types above the threshold would purchase from the Buy Box. The

market shares of interest depend on the distribution of types ✓, so that the share of

consumers buying from the Buy Box seller is equal to �BB = 1� F (✓⇤).

✓ > E[max{qi � pi}]� (q1 � p1) = ✓⇤ (2)

Two dimensional heterogeneity of consumers. Allowing consumers to have di↵erent

beliefs on how the Buy Box algorithm is e↵ective in selecting the best deal for them

or, more in general, to have di↵erent levels of “trust” in the Buy Box, we introduce a

second layer of heterogeneity. Consumers have therefore a two-dimensional type (✓, �),

where � identifies consumers’ trust in the platform and, more precisely, measures the

belief that the Buy Box algorithm proposes the best and unbiased purchasing advice

for them. The utility consumers get from purchasing from the Buy Box seller now

writes u1 = �q1–p1.5 Solving for ✓⇤, we get:

✓(�) > E[max{qi � pi}]� (�q1 � p1) = ✓⇤ (3)

where � 2 [0,+1] and @✓(�)/@� < 0. Given qualities and prices, lower trust (�  1)

is associated with a greater share of consumers opting out of the Buy Box (�BB =

1� F (✓(�)⇤).

4 Experimental Design

Our online framed field experiment combines the following main features. First, we

collect individual-level data on the search and deal selection behavior of real (Italian)

Amazon users. Second, we observe consumers’ behavior on the real Amazon.it market-

place, without any manipulation to the current design of the platform and its Buy Box

feature, hence holding fixed incentives for sellers competing for prominence. Third,

this data is collected in a controlled environment, that is, we don’t observe consumers’

everyday behavior on the e-commerce platform, but within our experimental proce-

dure. This primarily allows us to manipulate the amount of information disclosed to

consumers about the functioning of the Buy Box, before they engage in any e-shopping

activity, and to control what type of products and budgets participants face across the

di↵erent treatment conditions. In addition, this also permits us to elicit additional

5Whenever � = 1 for all consumers the model boils down to the one dimensional case.
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self-reported information about consumers’ characteristics and habits, and to measure

their perceptions. Lastly, we complement this evidence with a follow-up questionnaire

designed to assess whether the information provision e↵ects last over time.

The experiment is programmed in oTree (Chen et al., 2016a) and run entirely on-

line, through a series of asynchronous sessions, where participants always follow the

same path of actions in the same order, irrespective of treatment assignment.

Figure 2 presents the experimental flow: the experiment is composed of three manda-

tory parts, followed by a fourth non-compulsory part and lastly a short follow-up

questionnaire, distributed a few weeks after the main experimental data collection.

Part 1
oTree

Part 2
Amazon.it

Part 3
oTree

Part 4
oTree

End

End

Follow-up

Figure 2: Experimental flow.

In Part 1, participants are asked to self-report a few personal and demographic

information, and to answer a series of questions concerning their usual online activities

(e.g. e-shopping on other platforms/websites, use of social media, etc.), including their

habits and experience on the Amazon marketplace.

In Part 2, we first elicit prior beliefs about some characteristics of Amazon’s market-

place; for participants in other than the Baseline condition, we also measure awareness

of how the e-commerce works on the sellers’ side.6 After the elicitation is over, we

6Specifically, we investigate how often participants in the Partial [Full] Information treatment
believe that best-selling products are listed by multiple sellers [Amazon itself as a seller].
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provide treatment-specific information about the topics they have been asked about,

plus some additional information on either Amazon’s marketplace in general, to par-

ticipants in the Baseline, or on the features and functioning of the Buy Box, to the

others. Lastly, once the information provision is over, participants engage in the core

activity of the experiment: the e-shopping task on the real Amazon marketplace. After

receiving the instructions, participants are redirected to Amazon’s webpage through

our in-house web-tracking software, which allows us to keep track of their actions on

the platform. Upon launch, the software prompts the opening of a small window

containing an interactive recap of the instructions, and a (new) browser page, where

participants navigate a pre-determined set of webpages within Amazon’s e-commerce

platform:7 after logging in with their personal Amazon credentials, participants land

on the product page, and are asked to select what they believe to be the best deal for

the product, given an exogenously set budget. The task is over once the preferred deal

is added to their personal cart.

In Part 3, participants are asked to answer a last set of questions, mostly concerning

their search and shopping habits on Amazon’s marketplace, and their evaluation and

satisfaction with the current platform design and the Buy Box. In addition, they also

answer a few questions aimed at verifying their recollection of the information provided

before the e-shopping task, to check for inattention and manipulation e↵ectiveness.

Part 4 is non-mandatory: after Part 3 is over, participants can choose to either leave

or continue to the last part of the experiment. Before deciding, they are informed about

the activity they would engage in and of the possibility of accruing some additional

small earnings based on their choices. If they opt in, participants are presented a stan-

dard counting-zero task (Abeler et al., 2011) and given up to 10 additional minutes

to play, under a small-stakes piece-rate incentives system. They receive 20 Euro cents

for each correctly solved table, and after the first three minutes of play, they are again

given the choice to leave or continue playing for up to an additional seven minutes.8

Follow-up. After a few weeks, the same participants are invited to answer a short

follow-up questionnaire and paid a small fixed fee upon completion. The question-

naire asks about their experience on Amazon’s marketplace since their participation

in the main experiment, and about their (updated) perception of the Buy Box. To

7We developed the web-tracking and monitoring tool in partnership with the external company
Deltologic. Participants are provided with instructions on how to download and launch the software
before taking part in the e-shopping activity and reminded to eliminate it from their devices at the very
end of the experiment. The software captures and stores only a limited subset of all the information
displayed on participants’ parallel browser screens, which is used exclusively for scientific purposes,
as clearly stated in the Informed Consent form. No sensitive personal information is retained, log-in
credentials are not recorded, and the tracking activity stops as the e-shopping activity is over, when
the parallel browser automatically closes. The software only works on the desktop version of the
website. Participants can proceed with the experiment only if they access the provided link through
a desktop or laptop computer and have downloaded the latest version of Chrome.

8These earnings add up to the fixed participation fee and the eventual e-shopping task rewards.

12



measure information retention and possible interferences, participants are also asked

recall questions on the information provided during the main experiment, and whether

they individually searched and acquired additional information on the Buy Box.

They are also presented with an incentivized willingness to pay (WTP) task, which

allows us to measure how much participants would be willing to pay for a personalized

deal selection service, as opposed to the default deal selection provided by Amazon’s

Buy Box algorithm. First, we elicit participants’ preferences on how they would cus-

tomize the Buy Box algorithm if they could. Second, as we did for the main experiment,

we preselect a few retail Electronics products and randomly assign participants to one

of them. Third, we show participants their assigned product and inform them that a

randomly selected sample will receive the product in-kind as an additional reward for

their participation.9 At this point, we ask them to decide, should they be selected for

the reward, if they would prefer us to select for them the Buy Box winning deal or

the deal that would best match their interest, to be identified through a customized

procedure tailored to their stated preferences. Such customization service comes at a

small cost: we rely on an iterative multiple price list elicitation à la Becker-DeGroot-

Marschak for di↵erent levels of cost; in the first question, this cost is equal to 5% of the

product price, and subsequent cost options increase or decrease the cost stepwise, until

the WTP is placed in intervals that go from (-1, 0] to [10, 1), with 1% increases.

Sample. We recruit Amazon users partnering with the external recruiting company

Bilendi. We implement a stratified sampling strategy over age groups, gender and

geographical location, to have a higher degree of heterogeneity and collect data from

a sample that does not markedly di↵er from the actual Amazon users’ population in

Italy over these dimensions.10 As the main eligibility criterion, we restrict our sample

to active users, defined as users having an Amazon account, either Prime or standard,

at least three months old.11

Information Provision. Our main treatment dimension relates to the amount of

information provided about Amazon’s platform design features and, specifically, about

9Only 1 in every 25 participants in the Follow-Up is randomly selected to receive the assigned
product as an additional in-kind reward.

10Statistics on Amazon users’ population in Italy: Gender distribution = Women (48%), Men
(52%); Age brackets = 18-24 (9%), 25-34 (18%), 35-44 (18%), 45-54 (21%), 55+(34%); Geo-location
= North (43%), Center (20%), South (37%).
Source: PrimeDay Shoppers (YouGov x Statista 2022):
https://www.statista.com/statistics/1047043/amazon-primeday-shoppers-by-gender-in-italy/
https://www.statista.com/statistics/1047068/amazon-primeday-shoppers-by-gender-in-italy/
https://www.statista.com/statistics/1047073/amazon-prime-day-shoppers-by-macro-area-in-italy/

11In order to proceed to the e-shopping task, participants are required to log in on Amazon.it with
their credentials and as a first step they land on the page containing their membership details: this
allows us to check the existence of their account, and to collect information on whether they have a
Standard or Prime account and, eventually, their membership cost.
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the Buy Box mechanism. As shown in Table 1, moving from the baseline scenario,

in which only unrelated information about Amazon’s marketplace numbers and facts

is provided, we have two other treatment conditions, where we progressively provide

participants with an increasing amount of information about Amazon’s platform design

features. More in detail, in the Baseline treatment (T0) we only provide general infor-

mation on the characteristics and relevance of the Amazon marketplace in Italy, with

no mention of the role or functioning of the Buy Box mechanism. In the partial infor-

mation treatment (T1), in addition to little information on the Amazon marketplace

in Italy, we provide some information about Amazon’s platform design features and

the role and functioning of the Buy Box: Participants find out about the possibility to

learn, at the cost of an additional click, about other o↵ers; other o↵ers include those

made by all the other sellers listing the product, which may better suit participants’

specific needs and tastes, since the Buy Box winner does not necessarily correspond

to the deal with the lowest price or with the highest rankings (Chen et al., 2016b).

Lastly, in the full information treatment (T2), we provide participants with the same

information provided in T1, but we additionally mention policy concerns arising from

the lack of transparency in the mechanism behind the Buy Box and potential conflicts

of interest of Amazon, which acts on its own platform as a competing seller itself.

Participants are evenly randomized across the three treatment conditions, and each

participant is exposed to one information condition only (between-subjects design).

T0 T1 T2
Baseline Partial information Full information

- Relevance of Amazon.it
- Facts & figures on Amazon.it
- Info on other e-commerce
platforms in Italy

- Relevance of Amazon.it
- Info on AMZ platform design
& Buy Box functioning

- Relevance of Amazon.it
- Info on AMZ platform design
& Buy Box functioning

- Lack of Buy Box
transparency

Table 1: Summary of information provision contents across treatments.

Products. To increase control, we preselect which products our participants face

during the e-shopping task. Each participant is exposed to one product, and the same

products are used across the three treatment conditions. To reduce noise and increase

non-monetary incentives, we restrict our empirical exercise to Electronics best-sellers

and inform our participants during the recruitment that by taking part in the ex-

periment, they might have the chance to receive a retail electronics product as an

additional in-kind reward. We focus on electronics products because they are easily

resalable, which makes the products generally appealing to a more heterogeneous pool

of individuals, and because they are among the most popular items on the Amazon
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marketplace.12 To select target products, in the week preceding the data collection, we

monitor the Amazon Italy best-selling products in the retail Electronics category rely-

ing on the Keepa.com website.13 We acknowledge that the intensity of our information

treatments may vary along product-specific dimensions that can a↵ect how consumers

value the selection operated by the current Buy Box and the opportunity cost of check-

ing outside options. For this reason, we select our products, ensuring some variation

over two main dimensions: price and number of competing sellers listing the product.

We identify products satisfying our heterogeneity conditions after implementing

some additional “stability” criteria that help us select products whose relevance on the

platform and characterization over the two dimensions of interest is stable over time

and, hence, is likely not to be subject to abrupt changes over a time window in which

data collection sessions are run. To this aim, we restrict our attention to relatively pop-

ular products (with at least 100 reviews), with a number of competing sellers n � 3

and whose presence in the best-sellers’ group is stable over the week.

Incentives. Participants are paid a fixed fee for completing all mandatory parts.

Upon invitation, participants are listed a few exemplary retail electronics products

and informed that they might be eligible to receive one of such products as an addi-

tional in-kind reward for their participation. During the experiment, when they receive

the instructions for the e-shopping task, they learn that the exact product they might

receive is the one they will be shown during the task. Approximately 4% of partici-

pants are randomly selected to receive the product: if selected, participants receive the

product according to their personal deal selection,14 plus a cash transfer equal to the

amount of budget saved (if any).15

Main outcomes of interest. Our main interest lies in consumers’ search and pur-

chase behavior on the platform. To analyze how these two dimensions of behavior

are a↵ected by our treatment manipulations, we will rely on the data collected during

the incentivized e-shopping task (Part 2), from the moment participants landed on

the product page through the parallel browser, until they finalized their preferred deal

12During Amazon Prime Days 2017 in Italy, 57% of users purchased at least one item in the retail
Electronics category, which includes consumer and other electronics, smartphones and tablets, smart
home devices, photo and video cameras, and televisions (Statista). More generally, while Shoes, Cloth-
ing and Electronics represent the top three categories of interest for shoppers searching for products
online in Italy, consumers use digital channels to mainly purchase products belonging to the Electron-
ics category. In 2021, 81% of Italian shoppers searched for shoes, while 72% looked for electronics.
However, only 36% of consumers ultimately purchased shoes online, whereas 44% of users bought
an electronic product (Source: https://www.statista.com/global-consumer-survey). Chen et al.
(2016b) confirms that this category is the most popular one, also on the US Amazon marketplace.

13For more details on products’ selection see Appendix A.
14We implement participants’ choices based on the indication provided through the best deal selec-

tion (seller identity, price, product condition, shipping terms and times, etc.).
15In the experiment, participants have no outside option: they have to select their preferred deal

among those available and cannot choose to refrain from selecting one to save the whole budget.
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selection, which we use as a proxy for their purchase behavior. In addition, we will

also analyze: participants’ self-reported measures of evaluation of the Buy Box, prior

literacy on the functioning of the algorithm, past reliance on its default selection, and

willingness to rely on it in the future. These measures are elicited at the end of the

e-shopping task (Part 3). For some of these measures, we will also analyze how partic-

ipants’ responses evolve over time, looking at self-reported measures collected through

the follow-up survey.

Main hypotheses. Through the experimental data, we can observe consumers’ be-

havior and test the e↵ect of our information treatments, which are designed to manip-

ulate both consumers’ perceived search cost and reliance on the selection operated by

the Buy Box algorithm.

Based on previous evidence and on how we expect our information provision will a↵ect

consumers, we aim to test the following main hypotheses:

H0: In the “Baseline” most consumers (at least 50%) go through the Buy Box for

their purchases. We expect to replicate the percentage of Buy Box users reported

by previous studies: e.g. Chen et al. (2016b) report that more than 80% of sales

on Amazon.com go through the Buy Box.

H1: “Partial Information” provision in T1 increases consumers’ willingness to engage

in the search for out-of Buy Box deals, and/or reduces Buy Box oriented purchase

choices, compared to Baseline (T1 vs. T0). We expect that the information

provided, increasing consumers’ knowledge on the wider menu of sellers’ options

available just one-click-away and on the possibility to find a better deal, would

reduce consumers’ marginal cost of search.

H2: “Full Information” provision in T2 increases consumers’ willingness to engage in

the search for out-of Buy Box deals, and/or reduces Buy Box oriented purchase

choices, compared to Baseline (T2 vs. T0). We expect that the information

provided would negatively a↵ect consumers’ trust in the platform and, therefore,

the perceived utility from the Buy Box deal.

H3: “Full Information” e↵ect is stronger than “Partial Information” e↵ect. We

expect T2 to lead to stronger treatment e↵ects than T1 on the outcomes of

interest: T2 vs. T0 > T1 vs. T0.

Heterogeneous Treatment E↵ects. The main heterogeneity analyses of interest cover

the following moderators: (i) product price/durability; (ii) product market’s level of

competition, measured through the number of active sellers - other than the Buy Box

seller - listing the product on Amazon; (iii) participants’ individual-specific search costs,

proxied by willingness to engage in the low-pay time-consuming non mandatory e↵ort

16



task; (iv) participants’ individual-specific ex-ante satisfaction with Amazon recommen-

dations, proxied by self-reported information on personal experience and e-shopping

habits on the platform.

With respect to the first two moderators, we expect treatment e↵ects to be stronger

for products characterized by: (i) higher price/durability (" p), holding fixed the level

of competition; assuming consumers’ search e↵ort is positively correlated to the intrin-

sic value of the product, we expect consumers’ incentives to inspect other purchasing

options beyond the Buy Box to be higher, the higher the price/durability of the prod-

uct; (ii) lower level of competition (# n), holding fixed the price/durability of the

product; assuming consumers’ search e↵ort is increasing in the number of alternative

options, outside of the Buy Box, to be evaluated, we expect consumers’ opportunity

cost of engaging in search to be lower, as the task becomes faster and easier, requiring

a lower cognitive burden.

With respect to the last two moderators, we expect treatment e↵ects to be stronger :

(iii) the lower individual search costs (# sc), holding constant other product-specific

factors and trust; assuming consumers’ search e↵ort is negatively correlated to indi-

vidual search cost, we expect consumers’ incentives to engage in the search for other,

possibly better-fitting, purchasing options beyond the Buy Box to be higher when

their cost of time is lower; (iv) the less extreme individual ex-ante reliance on Amazon

(# t), holding fixed the other product-specific factors and individual search cost; assum-

ing consumers’ responsiveness to our information provision is negatively correlated to

the distance between individuals’ ex-ante trust priors and ’induced’ trust levels (after

information-led updating) we expect consumers’ incentives to engage in search and/or

to opt-out of the Buy Box o↵er to be lower when they are polarized on extreme ex-ante

levels of trust, especially if extremely positive (which would require a notable updating

e↵ort).

Pre-registration and implementation. The study was approved by the Bocconi

University Ethics Committee on May 9, 2023 (SA000607). We pre-registered on the

Open Science Framework Registry the main experiment on May 10, 2023 (doi:x2tzu),

and the follow-up questionnaire on August 17, 2023 (doi:3me7v). The main data col-

lection was administered over di↵erent waves, which took place between May 11, 2023

and December 29, 2023. Participants were equally divided across the three information

treatments. The final sample counts observations from N=363 Amazon users.16

16See Appendix B for details on the data cleaning procedures. We pre-registered to collect observa-
tions on the behavior of N = 750 Amazon users, equally divided across information treatments. We
further planned to implement, within each information condition, equal exposure to di↵erent types of
products, to ensure we had a balanced number of products with low/high price and low/high number
of total competing deals across treatment conditions. Due to unforeseeable technical issues, causing
our scraping routine to fail over some steps of the e-shopping task and challenging a safe retrieval of
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5 Results

Recruited Amazon users. The socio-demographic characteristics of recruited par-

ticipants broadly align with those of the target population: almost equally balanced

over gender, a median age of 40 with central age groups (25-54) being the most largely

represented, and most participants residing in the Northern and Southern regions.17

The majority of participants are employed at the time of the data collection, and have

at least a high-school degree.

All recruited participants are active Amazon users, with some experience with the

e-commerce platform, and electronic products’ purchasing in particular. They all re-

port having had their Amazon account for at least one year, roughly 2/3 are Amazon

Prime users, and most of those have had their Prime membership active for years. In

terms of frequency of use, roughly the entire sample reports having used Amazon’s

e-commerce services at least once over the previous three months, with more than half

of the sample declaring an average of more than 2 orders per month. In terms of most

frequently bought product categories, the modal answer is by large that of Electronics,

followed first by the broad category of home, gardening and pet products, and second

by music, books, movies and videogames. Once they identified their product of interest

on Amazon, roughly 1 out of 5 participants immediately checks out the product: the

majority adds the product to the their cart (54%) or Wishlist (16%) to finalize the

purchase later; among non instantaneous buyers, most wait at least a few days before

they eventually purchase the product of interest, but less than a week.

Zooming out of Amazon, the vast majority of participants also relies on other plat-

forms and channels when searching and/or purchasing products online, with eBay and

Subito.it (one of the main Italian platforms for second-hand products) emerging as

the second most popular. When searching for products online, most (84%) cross-check

di↵erent websites and platforms before finalizing the purchase and tend to invest more

time searching when the product is expensive, they believe a more accurate search

could get them a better deal, and they are buying the product for the very first time;

when asked to rate what deal characteristics they weigh the most during the search,

the vast majority ranks the deal price first, followed by previous users’ reviews.

the information, we had to perform data cleaning operations resulting in a drop of the final count of
observations from N=776 users to N=363.
For consistency, we show results on all outcomes of interest on the same sample (N=363), including
all users for which we can safely retrieve information on Buy Box winning deals and all their actions
over the di↵erent steps of the e-shopping procedure. As robustness, in Sub-section D.1 of the the
Appendix, we replicate the analyses concerning participants’ search behavior also on a larger sample,
including all observations for which at least data on search decisions and Buy Box winning deal(s) is
available (504 participants). Results are qualitatively unchanged.

17Gender distribution: Male: 47%, Female: 53%; Age brackets = 18-24 (6%), 25-34 (27%), 35-44
(29%), 45-54 (24%), 55+(14%); Geo-location = North (55%), Center (11%), South (34%).
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Satisfaction with Amazon. We measure participants’ satisfaction with Amazon

services before they are exposed to the information provision and e-shopping task. We

assess satisfaction on a scale from 1 ”Not at all” to 10 ”Completely” with di↵erent

aspects and services provided by the e-commerce platform. On average, they all report

high evaluations for products’ quality (8.5), Amazon’s services and customer care (8.9),

and the amount and quality of information provided on the deal before a purchase is

finalized (8.3) — including price, shipping, and return terms. To build a proxy for

participants’ satisfaction with Amazon’s algorithmic recommendations while avoiding

to explicitly mention the Buy Box to avoid priming, we measure participants’ satis-

faction with two other forms of algorithmic recommendation: badges signaling specific

features when in the stage of scouting which specific product or variety to purchase

after a generic query, and frequently bought together advices shown when browsing

the product page of a related product, at the bottom. While satisfaction with the

first type of recommendations is still quite high (8), participants appear less satisfied

with Amazon’s recommendations on frequently bought together products, reporting on

average lower and more heterogeneous evaluations (6.7).

Information provision: Attention and Recall. Before being exposed to the infor-

mation provision, respondents are asked to report their prior beliefs on some character-

istics of Amazon’s marketplace in Italy. After the e-shopping task is over, we measure

participants’ recall of the information provided: for all recall questions, we measure a

positive shift towards correct answers compared to the answers provided to the same

questions during the priors’ elicitation phase, suggesting participants actively read and

paid attention to the information provided.18 We further check participants’ attention

immediately after the information provision, testing — for participants exposed to the

Partial and Full Information treatment — their retention and comprehension of the

information provided about the functioning of the Buy Box. In both treatments, the

modal answer is the correct one, with a higher share of correct answers in the Full

Information treatment.19

18The percentage of correct answers to the first recall (multiple-choice question) on the amount of
Amazon.it revenues from the e-commerce, which is common across all treatment conditions, is 88%,
compared to a correct answers’ rate of 35% when the same question was asked before the information
intervention. Similarly, the share of correct answers to the additional multiple-choice recall question
asked in the Baseline — concerning the percentage of Italians engaging in online shopping activities
— is equal to 71%, compared to an initial correct answers’ rate of 45%. In the Partial and Full
information treatments, the additional recall question we ask is a numerical-input question concerning,
respectively, the relevance of multiple sellers and Amazon itself among the Electronics best-selling
products’ listings: in both cases, the mean and median answers get closer to the true values in the
recall questions, compared to initial answers. In general, participants tend to overestimate both the
share of products listed by multiple sellers, and for which Amazon operates itself active as a seller.

19Note that when answering this (unanticipated) attention check question, participants didn’t have
the chance to go back to the information provision sheet.
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Search Environment. The characteristics of the search environment vary with the

products participants are exposed to, which are equally randomized across treatment

conditions.

Since our focus is on how consumers interact with the Buy Box, we only select

products displaying the Buy Box feature. In some cases, more than one deal is shown

inside the Buy Box, with the additional deal being displayed in a smaller shaded area

at the bottom of the Buy Box, just below the main winning deal.20 We denote the main

deal shown in the Buy Box — the Buy Box winner — as BB1, and the second-most

prominent deal shown at the bottom of the Buy Box as BB2. Given our selection of

products, roughly half the participants saw two deals in the Buy Box while engaging

in the e-shopping task, as shown in Table 2, and in almost all cases the second deal

(BB2) corresponded to a used deal.21

In addition to the Buy Box, most product pages shown to our participants also con-

tained an additional feature: scrolling down on the right-end side of the page, a preview

of a small selection of up to three alternative deals was provided.22 This preview is

contained in a box denoted “Compare O↵ers on Amazon” (COA), positioned slightly

below the Buy Box. This feature was available, in our sample, in roughly 82% of the

cases and the number of deals shown in the preview varied between 1 (4%), 2 (24%)

and 3 (54%).23

All participants, during the e-shopping task, are given a budget tailored to the price

of the product they had been assigned. Budgets range between 25 and 165 Euros, with

an average (median) budget of 68 (60) Euros. We define a product as expensive if its

associated budget is above the median budget. In our sample, opting out of the Buy

Box winning deal could lead to cheaper deals in the vast majority of cases (83%), with

possible budget savings of around 6.6 Euros on average. If we restrict our attention to

New deals only, the chances of encountering cheaper deals by opting out of the Buy

Box are still substantial but decrease to approximately 36%, with an average amount

of budget savings around 1.3 Euros.24

The number of competing deals listed for each product ranged between 2 and 35, with

20See Figure 15 in Appendix C for a concrete visual example.
21Note that the main Buy Box winner (BB1) always corresponds to a new deal in our sample, which

is also generally the case for all products for which at least one new deal is listed on the platform.
22See Figure 16 in Appendix C for a concrete visual example of how the product page looks like

when this additional feature is present.
23As a result of the randomization across treatment conditions, the distribution of products, in

terms of number of deals shown both in the Buy Box and COA preview section, is balanced.
24The distribution product budgets and cases in which savings are possible, considering all available

deals and restricting to new deals only, are overall balanced across treatment conditions; the only ex-
ception is a significantly lower (at 1% level) probability to get out-BB1 savings in the Full Information
treatment compared to the Baseline, when considering the full set of available deals (both new and
used condition).
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Table 2: Descriptive Statistics: Search Environment

Overall Baseline Partial Full

Information Information

BB1 only 172 53 57 62

BB1 & BB2 191 51 68 72

— BB2 is used deal 96% 94% 100% 93%

n. COA deals = 0 64 15 24 25

n. COA deals = 1 15 4 4 7

n. COA deals = 2 88 28 28 32

n. COA deals = 3 196 57 69 70

Budget⇤ (e) 68 ( 60) 72 ( 60) 62 ( 45) 70 ( 60)

[ 25; 165] [ 25; 165] [ 30; 165] [ 25; 165]

Out-BB1 savings (% Yes; e) 83%, 6.6 88%, 6.5 87%, 6.8 77%, 6.5

— Subset of new deals only 36%, 1.3 41%, 1.5 34%, 1.3 34%, 1.2

Number of deals⇤ 16 ( 15) 17 ( 20) 16 ( 15) 16 ( 12)

[ 2; 35] [ 2; 35] [ 2; 35] [ 2; 35]

Used deals available (% YES) 76% 77% 80% 72%

— Share of used deals over total 24% 25% 26% 21%

Observations 363 104 125 134

Notes. ⇤ Mean values; median values in parentheses; minimum and maximum values in squared
brackets. † for each product, only all possible deals in the budget are considered.

an average (median) number of total deals per product equal to 16 (15). We consider

a product to have a high number of competing deals if the overall number of available

deals is above the median. In most of the cases (76%), used deals are also available

and they sum up to roughly 1/4 of all listed deals for the product.25

5.1 Literacy of the Buy Box.

After the e-shopping task, we ask participants to self-report their literacy on the func-

tioning of the Buy Box, and their reliance on it for past purchases. To ensure all

participants have the same shared understanding of what the Buy Box is, irrespective

of treatment assignment, we debrief all with some neutral information at the end of

the e-shopping task. The content of this information is equivalent to what participants

in the Partial Information treatment are exposed to before the task. All questions

explicitly ask participants to report their experience prior to their participation in our

study, and no significant treatment di↵erences are detected.

25The distribution of cases in which used deals are available, and the share of used deals over the
total, is balanced across treatment conditions.
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Table 3: Descriptive Statistics: Buy Box Literacy and Prior Use

Overall Baseline Partial Info Full Info Test

No Literacy 10% 9% 13% 9% 0.39

Partial Literacy 44% 47% 42% 43% 0.53

Full Literacy 46% 44% 46% 48% 0.23

Observations 363 104 125 134

Notes. Test values refer to Chi-square statistics from a non-parametric Kruskal-Wallis test, whose
null hypothesis is that samples from di↵erent treatments are from the same population.

As shown in Table 3, only 10% of the participants report having no prior knowledge

of the Buy Box functioning (algorithmic selection criteria) and the possibility to inspect

alternative deals before finalizing their purchase. Almost half of the sample claims full

prior knowledge, and the remaining, almost equally sizeable, part reports somewhat

partial knowledge. Among those, the majority believed the default deal highlighted by

the platform as the Buy Box winner always corresponded to the one o↵ering the best

price (24%) or shipping terms (12%), as detailed in Figure 3 (Left panel).26 In terms

of past reliance on the Buy Box, overall more than half of participants declare they

have predominantly relied on the Buy Box for their past purchases on Amazon, and in

most cases knowing of alternatives (see Figure 3, Right panel).27

Figure 3: Buy Box Literacy and Prior Use

Notes. Pooled sample of participants across all treatment conditions.

5.2 Search behavior

To analyze search behavior and evaluate the impact of information provision treat-

ments, we rely on di↵erent metrics about participants’ search patterns collected during

26Looking at the distribution of answers across treatment conditions no major significant di↵erences
arise.

27Looking at the distribution of answers across treatment conditions no major significant di↵erences
arise, except for a higher share of participants answering ’Never’ in the Baseline treatment compared
to the Partial and Full information treatment — significant at the 10% and 5% level, respectively.
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the e-shopping task. Specifically, we primarily look at the choice to inspect deals out-

side the main product page by accessing the separate window showing the complete list

of other deals available. In addition, to proxy search e↵ort, we analyze how much time

our participants spent finalizing their best deal selection and the number of scrolls.

Table 4: Search behavior across treatment conditions.

Probability to inspect Time spent N. of scrolls

the secondary page to finalize on product page

Partial Information 0.037 0.045 -2.485 -6.603 -0.113 -0.060

(0.045) (0.043) (18.993) (19.645) (0.720) (0.707)

Full Information 0.183*** 0.170*** 39.347 38.716 1.037 0.999

(0.051) (0.049) (29.969) (28.044) (0.788) (0.752)

Constant 0.115*** 0.125 132.317*** 61.072 5.769*** 4.682

(0.031) (0.199) (13.852) (116.403) (0.502) (3.042)

Observations 363 363 363 363 363 363

R2 0.041 0.154 0.008 0.055 0.008 0.051

Controls No Yes No Yes No Yes

Notes. One observation is one participant, we include participants assigned to all treatment condi-
tions, pooled. (1-2) Linear Probability Model estimates; the dependent variable is a binary indicator
equal to 1 when the participant decides to inspect the secondary page listing alternative deals other
than the subset of those shown in the main product page. (3-6): OLS estimates; the dependent
variables are continuous measures of (3-4) the amount of time spent, in seconds, and (5-6) the
number of scrolls performed on the product page, before reaching the cart stage. Controls include:
product characteristics (indicators for expensive products and products with a high number of deals
available, and the total number of deals shown on the main product page); Buy Box deal char-
acteristics (indicators for Amazon’s presence, absence of instant shipping, fulfillment by Amazon,
and a continuous measure of percentage price di↵erence wrt the cheapest deal available); individ-
ual characteristics (indicators for Prime status, fast purchasing style, low satisfaction with Amazon
recommendations, high Buy Box literacy, low cost of time, plus standard socio-demographic traits
— including gender, income, age, education and employment status). Robust standard errors in
parentheses. Significance levels: ⇤p < 0.10,⇤⇤ p < 0.05,⇤⇤⇤ p < 0.01.

Baseline. Looking at incentivized choice data from Baseline treatment, in which no

information about the Buy Box functioning is provided, we observe that almost 90%

of participants do not inspect the secondary page with additional deals. On average,

participants spend slightly more than two minutes to complete the core part of the

e-shopping task, scrolling over the product page approximately 6 times.

Information provision causal e↵ect. Comparing incentivized choice data from

all three treatment conditions, we observe that, overall, the share of participants who

choose to extend their search and inspect the secondary page with the other deals is
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only slightly (and not significantly) higher than in the Baseline under the Partial In-

formation treatment. Instead, when Full Information is provided, this share increases

substantially to 30% (see Table 11).

Following our pre-registered hypotheses, we further test whether the e↵ect of our in-

formation provision is heterogeneous over four main dimensions: (i) the product price;

(ii) the number of competing deals available for the same product; (iii) individual search

cost, and (iv) ex-ante satisfaction with Amazon’s recommendations. The former two

dimensions relate to product characteristics, which we have exogenously varied, ensur-

ing the same products are shown across the three treatment conditions. As predicted,

the treatment e↵ect is stronger for expensive products, and products for which a lower

number of competing deals is displayed (see Figure 4, Panel A).28 The other two di-

mensions relate to individual-specific traits. To measure individual search costs, we

rely on participants’ incentivized choices in the counting zero task presented in the last

part of the experiment.29 Participants’ cost of time is proxied by their willingness to

engage in (and stick to) this tedious and low-paid task: we consider them to have a

‘Low cost of time’ if they decide to engage in the counting-zero task for more than

three minutes. We gauge participants’ ex-ante position concerning Amazon’s recom-

mendations through their self-reported answers, elicited before the e-shopping task and

the information provision: we consider them to have a low appreciation of Amazon’s

recommendations (‘Low AMZrec liking’) if their rating of Amazon’s recommendations

through badges and Frequently Bought Together advices is below the median (equal

to 7.5, on a 1-10 scale). As predicted, the treatment e↵ect is stronger for participants

with a low cost of time, and low ex-ante satisfaction with Amazon recommendations

(see Figure 4, Panel B).

The other metrics we rely on to evaluate search behavior reveal no further stark,

nor economically relevant, treatment di↵erences: similarly to the Baseline, on average,

the time spent on the product page ranges between 2-3 minutes, and the number of

scrolls between 5 and 6, in all treatments, as shown in Table 11. Interestingly, this

suggests that the change in participants’ propensity to inspect a wider set of deals,

triggered by our information intervention, does not come at the cost of more time and

e↵ort.

All results on treatment e↵ects are qualitatively unchanged if we control for product

and individual characteristics.

Search decision. Introducing product features and individual characteristics as con-

trols in the analysis allows us to draw some exploratory conclusions on their role in

28We define products as ‘expensive’ if their price is above the median price (60 Euros) and with a
‘high number of deals’ if the number of available deals for the product is above the median (15). See
Table 2 for more details on the distribution.

29See Section 4 for more details on the design of the task.
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Figure 4: Heterogeneous treatment e↵ects on the propensity to inspect the secondary
page.

Baseline # Expensive product

Partial Info # Cheap product

Partial Info # Expensive product

Full Info # Cheap product

Full Info # Expensive product

Constant
(Baseline # Cheap product)

-.2 0 .2 .4

Baseline # High n. deals

Partial Info # Low n. deals

Partial Info # High n. deals

Full Info # Low n. deals

Full Info # High n. deals

Constant
(Baseline # Low n. deals)

-.2 -.1 0 .1 .2 .3

Panel A. Heterogeneity by product characteristics.

Baseline # High cost of time

Partial Info # Low cost of time

Partial Info # High cost of time

Full Info # Low cost of time

Full Info # High cost of time

Constant
(Baseline # Low cost of time)

-.1 0 .1 .2 .3 .4

Baseline # High AMZrec liking

Partial Info # Low AMZrec liking

Partial Info # High AMZrec liking

Full Info # Low AMZrec liking

Full Info # High AMZrec liking

Constant
(Baseline # Low AMZrec liking)

-.4 -.2 0 .2 .4

Panel B. Heterogeneity by individual characteristics.
Notes. Linear Probability Model estimated coe�cients (and constant term). The dependent
variable is a binary indicator equal to 1 when the participant decides to inspect the secondary

page listing alternative deals not visible on the main product page.

participants’ search decisions. Results reported in Table 12 show that, in this peculiar

search context, where Amazon users land once they have already identified what they

are interested in purchasing, product characteristics don’t exert any significant e↵ect.

On the contrary, individual characteristics do play a significant role.30 The decision to

extend the search to inspect the other deals not shown on the main product page is

strongly and positively associated with (ex-ante) low satisfaction with Amazon’s rec-

ommendations, and high literacy on the Buy Box functioning. It also emerges that the

probability of searching for other deals decreases with participants’ age and active em-

ployment status. No other significant patterns emerge, except for a reasonable negative

association between the amount of time needed to finalize a purchase and participants’

age and self-reported tendency to immediately proceed to check out for products of

interest.

To analyze search behavior and evaluate the impact of information provision treat-

ments, we rely on di↵erent metrics about participants’ search patterns collected during

30As robustness, in Sub-section D.1 of the Appendix, we replicate this analysis on the extended
sample of 504 participants, including all observations for which at least data on search decisions and
Buy Box winning deal(s) is available. Results are qualitatively unchanged.
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the e-shopping task. Specifically, we primarily look at the choice to inspect deals out-

side the main product page by accessing the separate window showing the complete list

of other deals available. In addition, to proxy search e↵ort, we analyze how much time

our participants spent finalizing their best deal selection and the number of scrolls.

5.3 Deal selection

To analyze deal selection behavior and evaluate if information provision interventions

ultimately a↵ect participants’ welfare by altering their intentions on which deals to

purchase, we rely on data describing participants’ selection decisions from di↵erent

angles.

Our primary outcome of interest is how frequently Buy Box winning deals are se-

lected, across di↵erent treatments. Given the features of the search environment our

participants have been exposed to, we can distinguish three main cases, that is whether

participants opted for: the Buy Box winning deal (BB1), one of the deals shown on

the main product page but di↵erent from BB1 — either the second-most prominent

deal shown at the bottom of the Buy Box (BB2) or one of the deals highlighted in the

“Compare O↵ers on Amazon” (COA) preview, when these features are available —

or one of the other deals that can be inspected only by accessing the secondary page

containing all the listings (OTHER).

Combining this information with participants’ search decisions gives us a more

detailed picture of their behavior. On the one hand, we can measure how often par-

ticipants choose the Buy Box winner after inspecting the full list of deals compared

to when they only consider the limited set visible on the main product page. On the

other hand, we can observe which alternative deals participants turn to when they

opt out of the Buy Box winner, conditional on whether they restricted their search to

the main page or extended it to the full list. By characterizing participants’ course of

action on the platform, we can distinguish the direct e↵ects of information provision on

deal selection from the indirect ones, which operate through an increased propensity

to extend the search to deals outside the main product page.

Baseline. Table 5 reveals that in the absence of any information provision, more

than 90% of the participants opt for the Buy Box winning deal (BB1), and most of

those who opt out of this option pick one of the alternative deals listed in the secondary

page (OTHER).

Conditioning on whether participants inspected the secondary page or not, we ob-

serve that when they don’t, almost the totality of participants selects the Buy Box

winner (almost 98%, see Figure 5)with other deals on the main page playing a minor

and insignificant role. When participants choose, instead, to inspect the secondary

page, the probability BB1 is selected drops to approximately 50%, while the probabil-

26



ity that one of the deals shown in the secondary page is selected significantly increases

(41.7%).

Information provision causal e↵ect. Comparing the incentivized choice data from

all three treatment conditions, we observe that - overall - the share of participants who

choose to select the BB1 deal decreases significantly, with respect to the Baseline, only

under the Full Information treatment. At the same time, the selection of deals dis-

played on the main product page other than the Buy Box winner increases; this leads

to both a significant and sizeable increase in the probability that one of the COA deals

is selected, and a significant yet smaller increase in the probability that the BB2 deal

is selected (see Table 5).

The analysis of participants’ search behavior (see Subsection 5.2) has highlighted

that our Full Information treatment has a strong first-order e↵ect on participants’

propensity to inspect the secondary page listing other deals available. It becomes then

crucial to understand whether the information provision intervention a↵ects partici-

pants’ deal selection behavior solely through this channel, that is by increasing the

width of participants’ consideration set, or not. In principle, other than this indirect

e↵ect on selection mediated by a change in extended search propensity, the information

provision could also alter the way participants select deals once they have determined

the size of their consideration set.

Interestingly, we observe that within the set of participants who choose to inspect

the full list of deals available, deal selection choices are not statistically di↵erent across

treatment conditions. On the contrary, when we look at participants who restrict

their search only to the set of deals visible on the main product page, we observe

that exposure to the Full Information treatment triggers a direct negative e↵ect on

the probability the Buy Box winner is selected, compensated by a corresponding pos-

itive e↵ect on the propensity to select one of the other deals displayed on the main

product page di↵erent from the Buy Box winner — e.g. BB2 or COA deal (see Figure

5). Under the Full Information treatment, the latter two direct e↵ects sum up to the

main (indirect) e↵ect mediated by the increase in participants’ willingness to extend

their search, resulting in the sizeable reduction in BB1 selection trends observed overall.
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Table 5: Deal selection across treatment conditions.

BB1 deal Not-BB1 deal on main page OTHER deal on

Overall BB2 deal COA deal secondary page

Partial Information -0.019 0.040 0.009 0.031 -0.016

(0.037) (0.030) (0.009) (0.029) (0.026)

Full Information -0.177*** 0.139*** 0.041** 0.098*** 0.049

(0.046) (0.039) (0.018) (0.035) (0.033)

Constant (Baseline) 0.923*** 0.032* 0.000 0.032* 0.048**

(0.026) (0.018) (0.000) (0.018) (0.021)

Observations 363 329 329 329 363

R2 0.051 0.039 0.017 0.023 0.014

Notes. One observation is one participant, we include participants assigned to all treatment con-
ditions. Linear Probability Model estimates; the dependent variable is a binary indicator equal to
1 when the participant selects (1) the BB1 deal, (2) one of the deals visible on the main product
page, other than BB1, (3) the BB2 deal, (4) one of the COA deals, (5) one of the OTHER deals
visible only by inspecting the secondary page. Robust standard errors in parentheses. Models (2-4)
are estimated on the restricted sample of N=329 participants for whom alternative deals other than
BB1 where visible on the main product page. Significance levels: ⇤p < 0.10,⇤⇤ p < 0.05,⇤⇤⇤ p < 0.01.

Figure 5: Deal selection across treatment conditions, by secondary page inspection.
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Panel A. Selection: BB1 deal (Left) and Not-BB1 deal on the main page (Right).
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Full Info # Inspection
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Panel B. Selection: OTHER deal on the secondary page.

Notes. Linear Probability Model estimated coe�cients (and constant term). The dependent variable
is a binary indicator equal to 1 when the participant decides to select the BB1 deal (Panel A - Left),
one of the deals visible on the main product page other than BB1 (Panel A - Right), one of the
OTHER deals visible only by inspecting the secondary page (Panel B).
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Table 6: Selected deal characteristics across treatment conditions.

Used Price Shipping Amazon is Fulfilled

Condition Time Cost seller by Amazon

Panel A. Overall (N=363)

Partial Information 0.007 -0.151 0.447 0.053 -0.044 0.008

(0.015) (0.380) (1.455) (0.079) (0.034) (0.035)

Full Information 0.037 -0.810* 1.457 0.032 -0.060 -0.001

(0.022) (0.460) (3.473) (0.095) (0.036) (0.040)

Panel B. Subset: secondary page not inspected (N=292)

Partial Information 0.007 -0.387 0.480 0.000 -0.044 0.004

(0.010) (0.325) (1.974) (0.000) (0.036) (0.042)

Full Information 0.043** -1.517** -1.120 0.010 -0.053 0.009

(0.020) (0.701) (2.979) (0.010) (0.043) (0.059)

Panel C. Subset: secondary page inspected (N=71)

Partial Information 0.059 3.221 -0.233 0.213 -0.096 0.069

(0.109) (2.641) (9.980) (0.921) (0.181) (0.195)

Full Information 0.015 2.819 9.787 -0.083 -0.177 -0.010

(0.125) (1.862) (13.884) (0.670) (0.175) (0.143)

Notes. One observation is one participant, we include participants assigned to all treatment con-
ditions. Column 1, 5-6: Linear Probability Model estimates; the dependent variable is a binary
indicator equal to 1 when the participant selects and adds to cart (1) a used deal, (5) a deal sold
by Amazon as a seller, and (6) a deal fulfilled by Amazon. Columns 2-4: OLS estimates; the
dependent variable is (2) a continuous measure of the selected deal’s price, in Euros; (3) the av-
erage estimated shipping time in hours, and (4) and the shipping cost in Euros. To control for
product-specific e↵ects and heterogeneity, product indicators are included in all regressions and
standard errors, reported in parentheses, are clustered at the product level. Significance levels:
⇤p < 0.10,⇤⇤ p < 0.05,⇤⇤⇤ p < 0.01.

Selected deal characteristics. Overall, selected deal characteristics reveal no strongly

significant di↵erences across treatment conditions, as shown in Table 6. However, co-

herently with previous results on deal selection behavior, we observe di↵erent patterns

within the two subsets of participants who extend their search beyond the main prod-

uct page and not. Among participants whose search is restricted to listings on the main

product page only, we observe a significant treatment e↵ect under the Full Informa-

tion condition: participants tend to select Used products more often and, on average,

cheaper deals, compared to the Baseline.31

This evidence is further corroborated by reduced form estimates of participants’

deal selection choice, reported in Table 10 in Appendix D. Leveraging our ability to

31We do not look at whether treatment conditions a↵ect the ratings of sellers associated to selected
deals because this information is only accessible in the secondary page, irrespective of whether a deal
is visible on the main product page or not.
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observe the characteristics of all deals inspected by our participants, we estimate a

conditional logit model where, for each participant, the probability of selecting a given

deal from her observed consideration set is a function of deals’ attributes. These in-

clude price and positioning at the top of the Buy Box, along with shipping time and

cost, information about the product condition, and whether fulfillment by Amazon is

available. Estimated coe�cients capture how an attribute changes the probability a

deal is selected relative to others in the same set. Results on the interaction between

treatment indicators and the main features of interest - price and prominent position-

ing - confirm that our information intervention reduces the weight of being located at

the top of the Buy Box, and increases the sensitivity to price. In particular, we ob-

serve that participants who extend their search beyond the main product page exert,

on average, higher price sensitivity, yet the estimated weight of price is not statisti-

cally di↵erent across treatments. On the contrary, those who restrict their search to

main product page only, exhibit lower sensitivity to price on average, yet significant

treatment di↵erences emerge.

5.4 Consumers’ evaluation of the Buy Box

At the end of the e-shopping task, we elicit consumers’ evaluation of the Buy Box

through some (unincentivized) self-reported questions.32 Table 7 shows that, overall,

the majority of participants reveal a negative view of the Buy Box: despite some

descriptive di↵erences, we observe no significant treatment e↵ects and the modal reason

why participants express a negative view is the criticism on how the Buy Box algorithm

fails to always give prominence to — what they believe to be — the best deal. Roughly

half of the participants report they will search for deals out of the Buy Box more often

before finalizing their purchase in the future and, again, no strong statistical di↵erences

emerge across treatments.

When asked about what features of the Buy Box algorithm they would improve,

almost half of the participants report they would prefer a Buy Box that clearly indicates

the reason a specific deal has been picked as the Buy Box winner (e.g. best price,

reviews, etc.), in line with the major criticism expressed on its current design; second

to this, roughly one-third of participants signal they would like the other deals, not in

the Buy Box, to be granted more visibility. Only 1 out of 10 thinks the current Buy

Box design needs no improvement.

To measure the scope for experimenter demand e↵ects, we also ask participants

32Note that before answering these post-experimental questions, to make sure all participants knew
what we refer to as the Buy Box, we provide all participants with some information about its function-
ing, which is content-equivalent to the information provided to participants in the Partial Information
treatment before the e-shopping task. As a result, what we measure here is the overall result of
participants’ experience and reaction to information provision, which took place either only after or
both before and after the e-shopping task.
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what view they think the researchers conducting the study hold on Amazon. The

majority believe the researchers have a neutral view of Amazon (45%), with the second-

most popular answer being that the researchers hold a ‘positive’ view (33%). Only less

than 5% perceive that the researchers have a ‘negative’ view of Amazon.

Table 7: Self-reported evaluations after the e-shopping task

Overall Baseline Partial Info Full Info Test

Negative view on the Buy-Box 0.63 [0.48] 0.70 [0.46] 0.62 [0.49] 0.60 [0.49] 1.80

Will search more out of Buy-Box 0.53 [0.50] 0.46 [0.50] 0.58 [0.49] 0.54 [0.50] 2.57

Researchers’ view of Amazon

- Positive 33% 32% 34% 32% 0.07

- Negative 4% 3% 5% 5% 0.10

- Ambiguous 18% 19% 18% 18% 0.03

- Neutral 45% 46% 43% 45% 0.15

Observations 363 104 125 134

Notes. Mean values; standard deviation in squared brackets. Test values refer to Chi-square statis-
tics from a non-parametric Kruskal-Wallis test, whose null hypothesis is that samples from di↵erent
treatments are from the same population.

Figure 6: Self-reported evaluation of the Buy Box after the e-shopping task
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5.5 Follow-Up

Through the follow-up questionnaire, disseminated to the same participants a few

weeks after the main experiment, we collect information about participants’ behavior

and updated beliefs on the platform. A total of 266 participants complete the Follow-

Up study.

Follow-up results show that the e↵ects of our information provision intervention are
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not short-lived. The vast majority of participants still hold a negative evaluation of

the Buy Box, with no statistically significant di↵erences across treatments; a within-

subject test on how participants’ perceptions changed over time reveals that, especially

for participants exposed to the Full Information treatment, perceptions about the Buy

Box eventually became even more negative. Consistently, a relevant share of partici-

pants declare to have searched for deals out of the Buy Box more than before, after

their participation in the main study. This is true across all treatment conditions,

despite participants’ actual e↵orts to inspect out of Buy Box deals being lower than

their intentions (as declared at the end of the main experiment).

We also asked participants if they found the information we provided about the Buy

Box and the functioning of its algorithm useful: out of a 1-10 scale, the average evalu-

ation provided by our participants was 7.86.

To further evaluate participants’ updated perception of the Buy Box, we asked

them whether they found that the Buy Box winning deal corresponded to the best

deal available, thinking of the searches they engaged in after their participation in the

main experiment. On average, roughly 40% of participants state that the Buy Box

winning deal was not the best deal available.

When exposed to the incentivized willingness to pay task (WTP),33 participants

report being willing to pay, on average, an amount of around 4% of the product price

for a customized deal selection, as opposed to the one operated by the default Ama-

zon’s Buy Box algorithm (Table 8).

We also asked participants if, after taking part in the main experiment, they

searched for additional information regarding the Buy Box, or more generally, the

Amazon e-commerce platform. To check if this could have potentially interfered with

our information provision, we also asked them to state to what extent the newly ac-

quired information aligned with what we provided. Roughly 47% of the participants

declared they searched for additional information. Among those, most report that the

additional information found was either completely or at least partially coherent with

the information we provided.

33See Section 4 for more details on the design of the task.
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Table 8: Self-reported evaluations of the Buy Box in the Follow-Up

Overall Baseline Partial Info Full Info

Negative view on the Buy-Box 0.74 [0.74] 0.76 [0.43] 0.69 [0.46] 0.77 [0.43]

Main Experiment 0.64 [0.48] 0.69 [0.47] 0.61 [0.49] 0.63 [0.48]

Test on di↵erence [Main vs. FU] 0.008 ( 224) 0.467 ( 51) 0.144 ( 83) 0.028 ( 90)

Searched more out of Buy-Box 0.37 [0.48] 0.26 [0.44] 0.47 [0.50] 0.36 [0.48]

Main Experiment 0.50 [0.50] 0.36 [0.36] 0.55 [0.50] 0.54 [0.50]

Test on di↵erence [Main vs. FU] 0.008 ( 240) 0.108 ( 58) 0.106 ( 88) 0.000 ( 94)

Buy-Box information useful [1;10] 7.86 [1.55] 7.75 [1.56] 7.91 [1.56] 7.88 [1.54]

Buy-Box not best deal 0.42 [0.49] 0.43 [0.50] 0.46 [0.50] 0.37 [0.48]

WTP for customized selection 4.22 [3.72] 4.48 [3.78] 3.96 [3.69] 4.24 [3.75]

Observations 266 68 94 104

Notes. Mean values; standard deviation in squared brackets. Tests on di↵erence [Main vs. FU]: we
report the p-values of the non-parametric Wilcoxon signed-rank test between participants’ answers
in the Follow-up and main experiment; the test sample corresponds to the subset of participants
who report an answer di↵erent from ‘I don’t know’ in both occasions, whose size is reported in
parentheses. Statistics from the “Main Experiment”, as a reference, are obtained from the same
restricted sample used for the within-test. WTP for customized selection: participants’ willingness to
pay for a customized preference-based deal selection vs. Buy-Box winner default; values are expressed
as percentages of the product price.
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6 Conclusion

In this paper, we focus on consumers and investigate how they interact with a specific

algorithm-driven feature that shapes the design of Amazon’s marketplace: the Buy

Box.

Our objective is to respond to a fast-growing regulatory demand to investigate the

functioning of algorithms and shed light on human-algorithm interaction.

We find that more than half of the recruited Amazon users lack full knowledge of

the Buy Box mechanism and hold a negative view of it, primarily criticizing the absence

of transparent indications of why a given deal is assigned to such a prominent posi-

tion. Our novel granular data on users’ search and deal selection on the platform allow

us to validate this self-reported information, and to obtain a more detailed picture of

consumers’ behavior on the platform, so far only proxied via sales data. Coherently

with self-reported information, and to some extent with regulatory findings, we observe

that — in the absence of any information provision — more than 90% of users opt for

the Buy Box winning deal. Most of these users rely on this prominent deal without

even extending their search to the secondary page listing all deals available, and pay

very little attention to the few alternative deals displayed on the main page, di↵erent

from the Buy Box winner. Among the few who conduct a more attentive and extended

search, the probability of selecting the Buy Box winner drops to 50%.

Consistent with this evidence of low Buy Box literacy and tendency to search atten-

tively, we find that providing information about the Buy Box functioning changes both

search and deal selection decisions. First and foremost, providing information boosts

the propensity to search, causing users to inspect a larger set of deals before making

their ultimate selection choice. Similarly to when no additional information is pro-

vided, those who inspect a larger set of options tend to rely on the Buy Box less,

which leads to a reduced tendency to select the Buy Box winner. Second, providing

information reduces the tendency to select the Buy Box winner also among those who

restrict their search only to the deals displayed on the main product page, possibly

through an increased salience mechanism. As a result of this latter e↵ect, used and

cheaper deals are selected more often, with no collateral negative e↵ects on users’ wel-

fare in terms of increased search e↵orts, measured in terms of time needed to finalize

the selection. Interestingly, our rich individual-level data reveal that, in this pecu-

liar search environment — reached by consumers once they have already identified

their product of interest — individual characteristics play a crucial role. Factors like

pre-existing literacy of the Buy Box and satisfaction with Amazon’s recommendations

largely outperform search environment and product characteristics as predictors for

users’ decisions.

Through our follow-up, we can verify that the e↵ect of informing consumers has

lasting e↵ects on their search behavior and attitude towards this peculiar platform
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design feature.

The novel contribution of these results is to shed light on whether and how trans-

parent information provision can a↵ect consumers’ behavior in digital settings where

platform design is governed by algorithms. Through a rigoruous experimental inves-

tigation conducted in the field, we are able to collect rich data on actual consumers’

behavior on the platform, holding fixed the current platform design structure and al-

gorithm functioning. This allows us to both isolate the causal e↵ect of information

provision on consumers’ reliance on algorithmic recommendations and to identify the

channels through which our information intervention impacts their behavior.

The relevance of our findings goes beyond purely scientific interest and contributes

to informing policy-makers on how to design a more e↵ective regulation of algorithms

and digital platforms, to tackle the issue of consumer protection. Consumer protection

is a first-order policy concern, and our findings can help understand how to implement

measures to foster transparency and consumer awareness in online marketplaces. Our

results show that thoughtful yet soft interventions like the one we rely on in the ex-

periment can prove e↵ective and long-lasting, on top of being less intrusive and more

viable for the regulator than other remedies such as platforms’ design changes, which

might also have direct and immediate e↵ect on sellers’ strategies and competition -

possibly leading to unexpected and unanticipated market outcomes.
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Appendix

A Product selection

We download data about the 10000 best selling products from the “Electronic” cate-

gory. This is the maximum number of products that the Keepa.com interface allows

to download for a specific category. We replicate the download procedure for several

days, so to have one observation per calendar day, and we create an (unbalanced)

panel dataset with the most popular products. Given that we explicitly focus on sta-

ble products, we drop listings that exit (and eventually re-enter) from the market due

to stock-outs, so to create a balanced panel dataset from which we extrapolate the

products of interest for the experiment.

First, we exclude products priced below a value that is twice the basic fixed par-

ticipation fee (i.e. p � 20AC): too cheap items could induce participants to divert their

attention from the main task, and we want the price to be a salient part of the exper-

iment. Second, we keep only relatively popular products, namely those with at least

100 reviews. Thirdly, to avoid design changes in the product pages to be scraped, we

focus on markets with at least three active competitors. Suppose instead that only two

sellers are active. If so, the platform could show the preferred seller in the Buy Box,

but at the same time the second one – being alone - would not be truly relegated to a

less prominent secondary page. That seller would be displayed just below the Buy Box,

making the comparison quite straightforward for the consumer. As we are interested

in situations in which other options are not available at a glance in the consumers’

consideration set, we consider at least n � 3. Only then, we split the resulting set

of products along the dimensions of interest (i.e. low vs high price and low vs high

number of competing sellers). Finally, from each one of the four resulting subsets of

products, we randomly extract one product among the most popular ones.
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Figure 7: Price of the best selling items in the Electronics category (Source: Keepa.
com).

B Data cleaning

Step 0. After the end of data collection procedures, the raw dataset counts 10656

observations (776 participants).34 This dataset includes observations referred to all

participants who reached the final stage of the e-shopping task and for which the

quality check of the data collection algorithm does not fail.

Step 1: Buy Box Information.

The data. The identification of the Buy Box winning deal(s) happens when par-

ticipants load the product page [TabB]. Information on winning deals’ characteristics

(including seller identity,35 deal price, condition, and sub-condition) plus the ranking,

when multiple winning deals are present. As a backup measure, the same information

is recorded, with a short time delay, after participants terminate the e-shopping task

[TabE]. Through SP (Selling Partner) API, the information on all available deals’ char-

acteristics is stored, and the deal(s) identified as Buy Box winner(s) are flagged. The

identification is based only on the seller identity, the condition, and the sub-condition

of the deal(s): all deals in the list with matching characteristics are marked as Buy

34The number of total observations in the dataset corresponds to the product between the number of
participants and the number of entries per each participant; each entry (row in the dataset) corresponds
to a deal available for the product shown, hence the number of entries per participant may vary across
products and time. The initial dataset counts 10767 observations (781 participants), from which we
remove 111 observations (5 participants) for which the quality check of the data collection algorithm
fails.

35We refer to the alphanumeric unique identifier of each seller (ASIN) and not its respective name,
as displayed on-screen to users.
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Figure 8: Ratings (i.e. number of stars: 1-5) of the best selling items in the Electronics
category (Source: Keepa.com).

Figure 9: Number of reviews left by consumers ( Source: Keepa.com).
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Figure 10: Number of active sellers o↵ering a new product (Source: Keepa.com).

Box winner(s),36 and no ranking information is provided when multiple winning deals

are present.

Data cleaning. We retain all observations for which the identification of Buy Box

winning deal(s) is successful through the primary information source [TabB].37 This

includes 9715 observations [666 participants] for which complete information on both

Buy Box winning deals is obtained from the primary source, and an additional 63 ob-

servations [13 participants] for which all information is taken from the primary source

except the deal price, which is retrieved from the backup source. Furthermore, we

exclude observations for which just one deal with “Used” condition is identified as the

only Buy Box winner, despite the availability of “New” deals in the list, which sig-

nals that the identification of Buy Box winning deals partially failed: this results in

dropping 1007 observations (79 participants).38 To ensure we can fully retrieve all the

additional information concerning the Buy Box winning deals (e.g. shipping terms,

reputation, size, etc.), which is only contained in the list encompassing all available

deals [TabE], we check whether winning deals are included in such list, adjusting for

36Before imputation, some data cleaning operations are needed to reduce the number of deals flagged
as Buy Box winners in the presence of duplicates in terms of seller identity and deals’ condition and
sub-condition. Buy Box winning deals’ ranking is imputed based on deals’ condition and price:
“New(er)” and cheaper deals are ranked first.

37We exclude: 84 observations (3 participants) for which no price information for the first winning
deal is available from the primary source and no univocal imputation can be performed through
the backup source; 694 observations (90 participants) for which no information is available from the
primary source; 100 observations (4 participants) for which no information on the Buy Box winning
deals is available from either source. After this stage, the dataset counts a total of 9778 observations
(679 participants).

38The dataset now counts 8771 observations (600 participants).
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minor price di↵erences in (due to the fact that the information contained in this list

is stored with some delay with respect to the moment the product page information is

loaded and stored).39 We drop 569 + 80 observations (45 + 7 participants) for whom

this check fails, signaling the retrieval of information on all deals available is incom-

plete. As a final quality check, we drop 540 observations (51 participants) for which

the information on the amount of time spent on the product page is not recorded.

After all these operations, the dataset counts a total of 7662 observations (504

participants).

Step 2: Selected deal Information.

The data. The identification of which deal participants select happens at two dif-

ferent points in time. First, when the participants click on the “Add to cart” button

immediately before leaving the main product page [TabB]. Second, at the very last

step of the e-shopping procedure, when participants are asked to load their “Cart”

information page before terminating the activity [TabG]. In the first case, information

on the seller identity, as well as the price, condition, and sub-condition of the selected

deal, is stored.40 In the second case, only the selected deal price information and seller

identity information is stored.41 We primarily rely on the information stored from the

product page. This information is more complete and more closely reflects what is seen

by participants when they choose. We rely on the information stored subsequently as

a secondary source whenever the same information is not available from the primary

source. As a backup measure, just like for the Buy Box winning deals, selected deals

are also identified, with a short time delay, after participants terminate the e-shopping

39This imputation involves: 941 (942) observations (43 [40] participants) for which no duplicates the
first [second] Buy Box winning deal are detected in the list in terms of deal’s condition, sub-condition
and seller identity yet minor price di↵erences are present, hence the price recorded at the moment
the product page is loaded is imputed; 69 [83] observations (6 [3] participants) for which at least one
duplicate of the first [second] Buy Box winning deal is detected in the list in terms of deal’s condition,
sub-condition and seller identity, hence the price recorded in the moment the product page is loaded
is imputed to the corresponding deal in the list with the smallest price di↵erence.

40Since the identification of some of these characteristics sometimes fails for various technical rea-
sons, related – for example – to page visualization (e.g. the presence of a “Prime” badge often prevents
retrieving information on the identity of the seller in charge of the selected deal), we maximize the
number of observations [participants] for which a full identification of the selected deal is possible by
retrieving, if needed, the partial information that is missing from the list of all available deals. This
imputation is feasible only when, based on the partial information available, it is possible to univo-
cally pin down which of all deals listed corresponds to the selected deal. Through this procedure, we
retrieve full information on the selected deal for 52 observations (6 participants) for which the seller
identity information was missing and on 106 observations (6 participants) for which the deal price
information was missing. As a result, full information on participants’ selected deal is available for
3605 observations (208 participants).

41Also in this case, we leverage the list of all available deals to retrieve missing information on
participants’ selected deal. In particular, we impute information on seller identity for 3723 observations
(223 participants). As a result, we have complete information on selected deals’ price and seller identity
for 5230 observations (327 participants). Out of these, we retrieve full information – including also
the selected deal condition and sub-condition – for 5123 observations (323 participants).
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task [TabE], through a flag that identifies the selected deal among all deals available

stored in the list.

Data cleaning. . We retain all observations for which we can identify which deal

participants added to cart relying on the information stored either through the primary

or secondary information source. Specifically, we identify the selected deal based on

the information available from the primary source [TabB] for 3605 observations (208

participants). Furthermore, we identify the selected deal based on the information from

the secondary source [TabG] for additional 2295 observations (157 participants).42 In

this last case, only two characteristics of the selected deal are stored - price and seller

identity - and the information regarding the deal condition and sub-condition is re-

trieved from the list including all available deals’ characteristics [TabE].43 To ensure

this imputation is reliable, we include only observations for which the identification

from the secondary source [TabG], in terms of seller identity and price deal, matches

the information stored also in the back-up source [TabE]. As for Buy Box winning

deals, we check whether all deals identified as added to cart are contained in the list

of all deals available for each product and participant [TabE], adjusting for small price

di↵erences (due to the fact that the information contained in this list is stored with

some delay with respect to the moment the product and cart pages are loaded and the

42We restrict this imputation to observations for which the information extracted from the secondary
source coincides with the information stored in the back-up source.

43We perform a small imputation to address a minor anomaly emerged during the testing phase
and regarding sellers listing multiple deals, with di↵erent conditions (and possibly sub-conditions), for
the same product. When a deal listed by one of these sellers is added to cart, the secondary source
[TabG] correctly identifies the identity of the seller but might fail to distinguish which of the multiple
deals listed by this seller is actually selected by the participant, imputing automatically the selection
to the best new o↵er listed by the identified seller. This anomaly, in a few cases, lead to obvious
misclassifications, which we correct for. This happens when the seller added to cart lists the second
Buy Box winning deal but not the first one, which has a lower price than the best new o↵er listed by
the seller added to cart, and participants have not inspected the other deals listed on the additional
page: the best new o↵er listed by the seller added to cart is marked is mistakenly added to cart.
We correct for this misclassification by marking the second Buy Box winning deal as added to cart;
in our data, this correction a↵ects 33 observations (2 participants). We do not perform additional
corrections, yet other cases might also lead to biased added-to-cart deal identification. First, cases
when the seller added to cart lists the second Buy Box winning deal but not the first, and participants
inspected the other deals listed on the additional page: the best new o↵er listed by the seller added
to cart is identified as the selected deal, yet participants could have opted for the second Buy Box
winning deal; in our data, this situation a↵ects 62 observations (4 participants) and could possibly
lead to an over-estimation of the frequency non Buy Box winning deals are selected. Second, cases
when the seller added to cart lists both deals shown in the Buy Box, and – irrespective of whether
other deals listed on the additional page are inspected - the best new o↵er listed by the seller added
to cart is identified as the selected deal, yet participants could have opted for the second Buy Box
winning deal; in our data, this situation a↵ects 66 observations (2 participants), and could possible
inflate the count of times the first Buy Box winner is selected, contrary to the previous case. The
last, and least, problematic case refers to when the seller added to cart lists the first Buy Box winning
deal but not the second one (when present), and participants inspected the other deals listed on the
additional page: the first Buy Box winner is identified as the selected deal, yet participants could
have, in principle, also opted for the second Buy Box winning deal; in our data, this situation a↵ects
58 observations (4 participants), and could possibly lead to an over-estimation of the frequency Buy
Box winning deals are selected.
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information on deals added to cart is saved ). We drop 50 observations (2 participants)

for which this check fails, signaling the list of all deals available is incomplete.

After all these operations, the final dataset counts 5850 observations [363 partici-

pants] in total.
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C Additional Figures

Figure 11: Location of the Buy Box (light blue) and button to access the secondary
page with alternative deals (dark blue) on the main product page: Amazon (Aug 24,
2022).
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Figure 12: Other examples of ’extreme’ forms of ranking algorithms: Trivago (Oct 10,
2024).
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Figure 13: Other examples of ’extreme’ forms of ranking algorithms: Kayak (Dec 12,
2024).
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Figure 14: Other examples of ’extreme’ forms of ranking algorithms: Skyscanner (Dec
12, 2024).
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Figure 15: Positioning of the ’second’ Buy Box winning deal (BB2) on the product
page.

Figure 16: Positioning of the ’Compare O↵ers on Amazon’ (COA) box on the product
page.
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Figure 17: Self-reported evaluation of the Buy Box in the Follow-Up: drivers

Panel a. Panel b.

Notes. Panel a: Reasons why the Buy Box algorithm is positively or negatively evaluated; Panel b:

Features of the Buy Box algorithm consumers would improve.
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D Additional Tables
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Table 9: Search behavior across treatment conditions — Control variables estimates.

Probability to inspect Time spent N. of scrolls

the secondary page to finalize on product page

N. deals main page -0.003 7.869 0.350

(0.022) (7.593) (0.267)

Expensive product (Y/N) -0.039 -4.427 -0.673

(0.047) (24.600) (0.758)

High n. deals (Y/N) 0.034 21.041 0.197

(0.055) (22.767) (0.800)

Buy Box: Contains AMZ (Y/N) 0.061 45.183 0.929

(0.065) (30.510) (0.949)

Buy Box: No instant shipping (Y/N) 0.043 -62.940 -1.731

(0.115) (89.267) (1.920)

Buy Box: Fulfilled by AMZ (Y/N) -0.051 -49.933 -1.528

(0.114) (91.190) (1.987)

Buy Box: Price gain wrt cheapest 0.294 10.258 -1.874

(0.225) (102.260) (3.029)

Prime user (Y/N) 0.054 -28.938 -0.257

(0.043) (29.699) (0.713)

Instant buyer (Y/N) -0.039 -42.055** -0.356

(0.045) (18.631) (0.722)

Low AMZrec liking (Y/N) 0.150*** -15.246 0.401

(0.044) (20.191) (0.677)

High BB literacy (Y/N) 0.120*** -11.994 0.333

(0.042) (21.059) (0.670)

Low cost of time (Y/N) 0.038 23.357 0.878

(0.041) (18.559) (0.619)

Female -0.026 34.019 1.101*

(0.042) (21.725) (0.645)

Income quantile -0.000* -0.018 0.001

(0.000) (0.027) (0.001)

Age -0.004** 2.582*** 0.034

(0.002) (0.788) (0.028)

Education 0.024 -2.034 0.006

(0.030) (16.847) (0.422)

Employed (Y/N) -0.094** -16.799 -1.437

(0.047) (24.009) (0.908)

Notes. Treatment e↵ects are estimated but not reported. Controls include: product characteristics
(indicators for expensive products and products with a high number of deals available, and the total
number of deals shown on the main product page); Buy Box deal characteristics (indicators for
Amazon’s presence, absence of instant shipping, fulfillment by Amazon, and a continuous measure
of percentage price di↵erence wrt the cheapest deal available); individual characteristics (indicators
for Prime status, fast purchasing style, low satisfaction with Amazon recommendations, high Buy
Box literacy, low cost of time, plus standard socio-demographic traits — including gender, income,
age, education and employment status).
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Table 10: Deal selection choice estimation

Overall Consideration set:

Main page Main + Other

deals deals

BB1 · Baseline 2.939*** 6.028*** 1.233

(0.416) (0.871) (0.800)

BB1 · Partial Information 2.626*** 2.945*** 1.896***

(0.356) (0.494) (0.592)

BB1 · Full Information 1.590*** 2.242*** 0.744**

(0.253) (0.398) (0.370)

Price · Baseline -0.079** 0.220*** -0.086*

(0.039) (0.054) (0.050)

Price · Partial Information -0.180*** -0.153*** -0.235***

(0.045) (0.054) (0.086)

Price · Full Information -0.185*** -0.204*** -0.185***

(0.045) (0.056) (0.058)

Shipping Time 0.002 0.003 0.001

(0.002) (0.010) (0.002)

Shipping Cost -0.070 -0.121 -0.129

(0.070) (0.168) (0.082)

Sold by Amazon 0.693 1.366* 0.334

(0.478) (0.744) (0.613)

Used -5.715*** -5.407** -6.279***

(1.839) (2.375) (2.314)

Used · Condition 0.789** 0.561 0.982**

(0.360) (0.512) (0.423)

Fulfilled by Amazon 0.399 0.173 0.447

(0.446) (0.752) (0.544)

Observations 1947 993 954

Pseudo-R2 0.631 0.778 0.430

Log-Likelihood -188.719 -75.225 -98.049

Price elasticity -10.231*** -6.546*** -13.501***

Notes. One observation is a deal inspected by a participant. We include only observations on
deals actually inspected by participants, pooling observations from all treatment conditions. We
restrict the sample to participants whose consideration set, defined by the sum of all inspected
deals, is greater than one (N=309). Conditional Logit estimates; the dependent variable is a binary
indicator equal to 1 for the deal selected by the participant, and 0 for all other deals the participant
had in her consideration set. Deal attributes include: a binary indicator equal to 1 if the deal was the
Buy Box winner, a continuous measure of price, a continuous measure of average shipping time and
cost, binary indicators for whether the deal is sold or fulfilled by Amazon, a binary indicator equal
to 1 if the product condition associated to the deal is used, and a categorical variable measuring
the condition quality (1=Acceptable, 2=Good, 3=Very Good, 4=Like New). Significance levels:
⇤p < 0.10,⇤⇤ p < 0.05,⇤⇤⇤ p < 0.01.
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D.1 Robustness: Extended dataset on search behavior

Table 11: Search behavior across treatment conditions.

Probability to inspect Time spent N. of scrolls

the secondary page to finalize on product page

Partial Information 0.076** 0.065* -20.394 -18.780 -0.447 -0.417

(0.038) (0.035) (17.206) (17.492) (0.627) (0.635)

Full Information 0.162*** 0.152*** 20.054 26.042 -0.115 -0.045

(0.041) (0.039) (26.030) (24.297) (0.654) (0.636)

Constant 0.097*** 0.193 147.065*** 137.368 6.279*** 5.690**

(0.024) (0.162) (13.591) (103.144) (0.449) (2.716)

Observations 504 504 504 504 504 504

R2 0.029 0.135 0.006 0.063 0.001 0.029

Controls No Yes No Yes No Yes

Notes. One observation is one participant, we include participants assigned to all treatment condi-
tions, pooled. (1-2) Linear Probability Model estimates; the dependent variable is a binary indicator
equal to 1 when the participant decides to inspect the secondary page listing alternative deals other
than the subset of those shown in the main product page. (3-6): OLS estimates; the dependent
variables are continuous measures of (3-4) the amount of time spent, in seconds, and (5-6) the
number of scrolls performed on the product page, before reaching the cart stage. Controls include:
product characteristics (indicators for expensive products and products with a high number of deals
available, and the total number of deals shown on the main product page); Buy Box deal char-
acteristics (indicators for Amazon’s presence, absence of instant shipping, fulfillment by Amazon,
and a continuous measure of percentage price di↵erence wrt the cheapest deal available); individ-
ual characteristics (indicators for Prime status, fast purchasing style, low satisfaction with Amazon
recommendations, high Buy Box literacy, low cost of time, plus standard socio-demographic traits
— including gender, income, age, education and employment status). Robust standard errors in
parentheses. Significance levels: ⇤p < 0.10,⇤⇤ p < 0.05,⇤⇤⇤ p < 0.01.
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Table 12: Search behavior across treatment conditions — Control variables estimates.

Probability to inspect Time spent N. of scrolls

the secondary page to finalize on product page

Expensive product -0.038 -13.645 -0.411

(0.039) (21.830) (0.654)

High n. deals 0.029 -4.813 -0.169

(0.045) (20.703) (0.683)

N. deals main page -0.002 -1.707 0.162

(0.017) (7.973) (0.232)

Buy Box: Contains AMZ 0.032 61.428** 0.816

(0.050) (28.708) (0.815)

Buy Box: No instant shipping 0.015 -64.325 -1.704

(0.095) (82.508) (1.797)

Buy Box: Fulfilled by AMZ -0.060 -55.253 -1.207

(0.094) (83.698) (1.825)

Buy Box: Price gain wrt cheapest 0.284* -19.165 -1.650

(0.166) (86.082) (2.340)

Prime user 0.018 -24.770 -0.496

(0.037) (24.217) (0.582)

Instant buyer -0.026 -32.485* -0.273

(0.038) (19.136) (0.607)

Low AMZrec liking 0.125*** -12.750 0.607

(0.035) (18.262) (0.555)

High BB literacy 0.129*** -11.008 0.268

(0.035) (18.725) (0.554)

Low cost of time 0.020 15.194 0.153

(0.034) (17.493) (0.517)

Female -0.023 2.055 0.629

(0.035) (19.289) (0.534)

Income -0.000*** 0.011 0.001

(0.000) (0.030) (0.001)

Age -0.005*** 2.727*** 0.035

(0.001) (0.749) (0.024)

Education 0.021 5.168 0.111

(0.025) (14.970) (0.347)

Employed -0.060 -47.892* -0.921

(0.039) (25.535) (0.720)

Notes. Treatment e↵ects are estimated but not reported. Controls include: product characteristics
(indicators for expensive products and products with a high number of deals available, and the total
number of deals shown on the main product page); Buy Box deal characteristics (indicators for
Amazon’s presence, absence of instant shipping, fulfillment by Amazon, and a continuous measure
of percentage price di↵erence wrt the cheapest deal available); individual characteristics (indicators
for Prime status, fast purchasing style, low satisfaction with Amazon recommendations, high Buy
Box literacy, low cost of time, plus standard socio-demographic traits — including gender, income,
age, education and employment status).
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