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1 Introduction

Bilateral bargaining is one of the oldest and most common forms of trade. Nations

negotiate trade deals, arms control, and climate change mitigation; legislators engage

in horse-trading to built coalitions and pass legislation; business people haggle over

contracts from corporate acquisitions to labor agreements; lawyers wrangle settlements

both civil and criminal, and private individuals bargain over wages, real estate, and

the allocation of household chores. Bargaining determines the allocation of surplus in

these settings, as well as the likelihood of breakdown—the latter with real economic

and human costs. Therefore, understanding how people bargain, and the institutions,

norms, and practices that facilitate efficiency in bargaining, is a question of first-order

importance.

Over the past sixty years, a large literature in economics has examined various

aspects of bargaining in theory and in laboratory experiments, but little evidence has

been presented about how people bargain in the field, and how negotiated prices

actually form in real-world negotiations. The theoretical literature typically assumes

a particular information structure and extensive form of the game, while bargaining

in real-world settings tends to be less structured. The advent of online marketplaces

provides a new opportunity to study negotiations in a setting where the extensive form

of the game is similar to those studied in the theoretical and experimental literature,

but with the advantage of being a setting where real-live participants are negotiating

and where the data collection is on a massive scale. In this paper, we utilize data

on millions of bargaining transactions on the eBay.com “Best Offer” platform, where

sellers offer items at a listed price and invite buyers to engage in alternating, sequential-

offer bargaining, very much in the spirit of Rubinstein (1982). Within this setting, we

document a variety of facts on how bargaining proceeds and how prices form and

the forces that play a role in this process. We find evidence consistent with broad

economic theory and also document evidence suggesting that behavioral factors based

on equitable norms play a significant role in bargaining outcomes.

Our data come from eBay’s Best Offer platform. While more widely known for its

sales of goods through auctions or a fixed price, eBay has also offered sales through

alternating-offer bargaining for over a decade, and now almost ten percent of eBay

transaction volume occurs through bargaining. The mechanism allows each player in a
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given buyer-seller pair to make up to three offers each. Given the sheer volume of trade

on eBay and the simple extensive form of the game, the Best Offer platform provides a

useful setting for studying price formation in sequential bargaining situations.1 The

bargaining in this setting is only over a single dimension (price), making it more

straightforward to analyze than many other bargaining settings (such as procurement

contracts; Bajari et al. 2009), while still yielding the benefit of being a real-world setting.

Furthermore, the data allows us to link buyers and sellers over time.

This dataset is, to our knowledge, the largest offer-level negotiations dataset to be

analyzed in the literature. In cooperation with eBay, we have anonymized the dataset

and have been given clearance to make it publicly available for research purposes. We

hope that it will further fuel the recent surge of empirical work studying bargaining in

economics and stimulate additional work in the area, both empirical and theoretical.

Section 2 summarizes recent papers in the growing empirical literature on bargaining.

Section 3 describes background on the Best Offer platform and the data that is generated

by it.

Section 4 documents how patterns observed in the data relate to rational game-

theoretic theories of bargaining. We provide a breakdown of how bargaining sequences

unfold in practice and the frequency with which different responses and outcomes

occur. We find that are there typically few back-and-forth offers between a given

bargaining pair, which is consistent with complete-information, common-priors models

of bargaining, such as the classical Rubinstein (1982) model. However, the fact that some

delay in agreement is observed is consistent with models of heterogeneous priors (Yildiz

2003) or incomplete information (Rubinstein 1985; Admati and Perry 1987; Cramton

1992). And the observation that bargaining very frequently ends in disagreement is

consistent with the presence of incomplete information and bargaining costs. We show

that the character of bargaining is different when players bargain over expensive versus

1Fudenberg et al. (1985) explained that the “thorny issue” arising in much of the bargaining literature
is that the researcher does not actually know the extensive form of real-world bargaining scenarios. For
example, a street vendor bargaining over price might state an offer, watch the facial reaction of the buyer,
and immediately state a lower price without waiting for a spoken response by the buyer. It is unclear
whether this situation should be modeled with alternating offers, one-sided offers, a concession game, or
any number of possible options. In the situation we study, the extensive form is much clearer: buyers and
sellers participate in an alternating-offer bargaining game through eBay’s platform, and never interact
with one another except through this platform.
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inexpensive products, in a way that is consistent with fixed costs of bargaining playing

a role.

We also find that prices form very quickly, although not instantaneously, and final

prices tend to be well within the interior of initial offers. We find that, for used goods,

variation in the features of the bargaining sequence—namely, whether the bargaining is

successful, the number of offers made in the bargaining sequence, and the final price—

can be explained more by heterogeneity in the participating buyer than by heterogeneity

in the seller or in the product itself. With new goods, on the other hand, variance in the

outcomes of bargaining is better explained by heterogeneity in the products.

We also find that buyers who are more patient (as measured by their ex-post choice

of shipping speed) tend to obtain lower prices in the bargaining. Buyers who are more

experienced in bargaining on this platform (as measured by the number of previous

best offer negotiations the buyer has participated in) also tend to achieve lower final

prices, and experienced sellers achieve higher final prices. These results are consistent

with common models of bargaining in which patience or other measures of a player’s

bargaining power affect outcomes (Rubinstein 1982, 1985; Watson 1998), and also

consistent with laboratory evidence (Rapoport et al. 1995) and survey data (Scott Morton

et al. 2011), but, to our knowledge, had not been previously confirmed with data from

actual bargaining outcomes.

In Section 5 we explore aspects of non-standard, or “behavioral” bargaining models

by examining the phenomenon documented throughout the experimental and theoreti-

cal behavioral literature that market participants care about fairness, and often favor a

split-the-difference strategy in bargaining (Roth and Malouf 1979; Binmore et al. 1985;

Bolton 1991; Bolton and Ockenfels 2000; Charness and Rabin 2002; Andreoni and Bern-

heim 2009). We demonstrate that a player often makes offers lying halfway between the

player’s own previous offer and the opponent’s previous offer. We further demonstrate

that such split-the-difference offers have a higher likelihood of being accepted.

While similar results have been documented among laboratory participants, to the

best of our knowledge, these are the first results of which we are aware documenting

such findings in a real-world setting. The large scale of our data and the variation across

several measures of heterogeneity help paint a useful picture of sequential bargaining

in the real world, and confirm some of the most basic insights of bargaining theory.
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2 Recent Empirical Work on Bargaining

Until recently, there was limited empirical work corresponding to the sprawling theoret-

ical literature on bargaining in economics. That work was mostly confined to the study

of labor negotiations and strikes (see, e.g., Cramton and Tracy 2003). The past five years,

however, experienced a burst of empirical studies of bargaining due to two concurrent

events: first, the development of tractable empirical models of bargaining for the study

of price-setting, and second, the increasing availability of data on bargaining outcomes.

Here we offer a map of current empirical work on bargaining based on the underlying

theory.

A commonly applied model of bargaining for empirical work is the cooperative

game theory concept of Nash bargaining, where players choose a price that maximizes

the joint product of their surplus, weighted by the player’s bargaining power weights.2

These models are tractable and offer unique solutions, making them extremely useful

for empirical work. This is particularly true in settings where the only observable

information from a bargaining process is the final price and only for instances when

the negotiating parties reach agreement. Early structural work on bargaining made

these assumptions to make otherwise unwieldy settings tractable, such as Elyakime

et al. (1997).

Horn and Wolinsky (1988) extended the Nash bargaining solution to model ver-

tical firm-to-firm pricing. Their model softened the take-it-or-leave it assumption of

traditional models of vertical relations, but required a restrictive assumption on dis-

agreement payoffs: that we not incorporate the outside option of bargaining with other

parties. This assumption has become known as “Nash-in-Nash,” and noncooperative

underpinnings for this model are explored in Collard-Wexler et al. (2014). The useful-

nesses of the Horn and Wolinsky (1988) model was first exploited in Crawford and

Yurukoglu (2012), who studied the cable industry and demonstrated the importance of

accounting for bargaining in vertical relationships firms when evaluating downstream

retail bundling. Subsequently, the method has been applied to study insurance networks

(Ho and Lee, 2017), bargaining over medical devices (Grennan, 2013), hospital mergers

2Nash (1950) introduced a parsimonious set of axioms that resulted in a solution with these properties.
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(Gowrisankaran et al., 2015), and vertical mergers in cable programming (Crawford

et al., 2015), to cite a few leading examples in this growing literature.3

Nash bargaining and Nash-in-Nash bargaining, while yielding tractability, neither

explain nor accommodate bargaining breakdown, and the latter framework requires

restrictions on the formulation of disagreement payoffs. This second limitation has

sparked interests in a number of extensions, currently underway, that seek to add an

element of strategic exclusion following the “outside option principle” of Binmore et al.

(1989) (see, for example, Ghili (2016) and Ho and Lee (2016)).

Merlo and Tang (2012) also focus on complete-information settings, but study

stochastic bargaining games in which the size of the surplus may be unknown to

the players. The authors discuss identification and estimation strategies in these settings

and develop an identification strategy for stochastic bargaining games. In later work,

Merlo and Tang (2016) propose and estimate a complete-information model with hetero-

geneous priors, applying their framework to medical malpractice suits. As emphasized

in the theory literature, models of heterogeneous priors can offer explanations of delay

or breakdown that cannot be explained by traditional Nash bargaining.

Unlike the tractability of the Nash bargaining framework non-cooperative game

theory models of bargaining, which depend on explicit procedures and incorporate in-

complete information, are often plagued by multiple equilibria and unclear predictions.

In this domain, the goal of empirical work has typically been to learn about bargaining,

rather than to impose a model of bargaining to learn about an applied question.

In this vein, several papers have studied bargaining using structural approaches.

Ambrus et al. (2016) estimated a one-sided incomplete-information model highlighting a

signaling role for delay by exploiting exogenous variation in the time to counteroffers in

ransom negotiations with Mediterranean pirates. Silveira (2012) studied identification

of asymmetric information models of bargaining to study sentencing guidelines in

pre-trial negotiations. Keniston (2011) nested alternating, sequential-offers bargaining

in a empirical dynamic games framework, using field experimental data from India

to study the welfare implications of transacting through bargaining versus through

posted prices. Allen et al. (2014) presented a search model with bargaining to study

3The Nash-in-Nash framework requires assumptions on the formation of disagreement payoffs that
several recent papers seek to relax, adding an element of strategic exclusion following the “outside option
principle” of Binmore et al. (1989) (see Ghili 2016 and Ho and Lee 2016).
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the welfare loss due to negotiation frictions in oligopoly markets. Larsen (2014) and

Larsen and Zhang (2017) estimated primitives of two-sided incomplete information

bargaining games while remaining agnostic about the bargaining protocol and used

these primitives to study bargaining efficiency and equity.

Several recent papers have also documented insights from reduced-form analyses

in several bargaining settings. Scott Morton et al. (2011) documented the significance

of search costs and incomplete information in the market for new cars. Grennan and

Swanson (2016) studied the effect of price transparency on bargaining marketplaces,

testing predictions of a model of incomplete information. Bagwell et al. (2014) docu-

mented a number of data patterns from negotiated trade agreements. As in our setting,

the authors also observe back-and-forth bargaining actions in their data.

Finally, there is also a large set of theoretical models that append a “pre-game” to the

bargaining protocol. These augmented games can be used to formalize notions of pre-

commitment a lá Schelling (Crawford, 1982), or to capture a role for communication. The

role of communication in bargaining is particularly difficult because it is “cheap talk,”

however there is theoretical and empirical evidence to suggest it may be important

(Farrell and Gibbons, 1989; Radner and Schotter, 1989; Crawford, 1990; Cabral and

Sákovics, 1995; Valley et al., 2002). This is a promising and yet still largely untapped

area for empirical work. One recent paper addressing these issues is Backus et al. (2016),

which documents the use of round numbers as a cheap-talk signal in bargaining.

3 eBay’s Best Offer Mechanism: Facts and Data

eBay is one of the world’s largest online marketplace for consumer-to-consumer transac-

tions. It began in 1995 using second-price-like auctions as the sole format for transacting

on its platform. The site eventually allowed users the option of selling goods through

a single posted fixed-price. In 2005, the site began to allow sellers to sell through an

alternating-offer protocol referred to as “Best Offer.” This feature can be enabled (at

no cost) by the seller at the creation of the listing, and is only available for fixed-price

listings—there is no equivalent mechanism for auctions.
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Goods offered for sale under the Best Offer format are listed as “accepts Best Offer”

in eBay search results.4 Throughout, we refer to these postings as Best Offer listings. A

buyer viewing a Best Offer listing sees similar information to a buyer viewing a fixed

price listing (referred to as a “Buy It Now” (BIN) listing), including the auction title,

seller id and feedback score, at least one picture of the item, and any other information

about the item that the seller decides to display.5 The buyer sees the BIN price, as in a

standard fixed price listing, but also sees an additional option, a button labeled “Make

Offer”. Selecting the Make Offer button allows the buyer to send an offer to the seller.

As such, we treat the BIN price as the seller’s first offer to any buyer who wished to

bargain.

Upon receiving this offer, the seller may accept the offer, make a counteroffer, or

decline the offer (without making a counteroffer in return). If the seller makes a

counteroffer, the buyer then can accept, decline, or counter in response. Play continues

until either party accepts or until the buyer declines. If the seller declines, the buyer may

still respond with a counteroffer or can, at any time, purchase at the BIN price. Each

party is limited to three offers (not including the listing price), and each offer expires 48

hours after being placed. We will refer to a sequence of back-and-forth offers —i.e. a

given buyer and seller pair bargaining over a given item — as a thread.

The Best Offer platform is currently a fast-growing sales format on eBay. Figure 2

shows the growth of this format relative to auctions and fixed price listings over the

past ten years. In 2005, when the format was first rolled out, only a tiny fraction of

listings were Best Offer listings, less than 1% of all eBay transactions occurred through

a buyer actually placing an offer (rather than accepting the Buy It Now price). By 2012,

that fraction had grown to just under 9%.

Figure 3 displays the percent of transactions that took place through Best Offer

for each major sales category from 2005–2015. The left panel demonstrates that the

proportion of listings that enable the Best Offer feature is higher in categories with

more idiosyncratic or one-of-a-kind inventory, such as vehicles, business and indus-

trial equipment, and collectibles. Categories with more well-defined, frequently sold

products, such as media products or electronics, have a smaller fraction of listings

4Potential buyers may filter search results to display only those listings that accept offers.
5Throughout, we will use the term “buyer” to refer to the user interested in potentially buying the

item whether or not the transaction actually occurs.
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Figure 1: Best Offer User Interface

Notes: This figure depicts the “view item” page for a listing with Best Offer enabled. The potential buyer
may click on “Buy it Now” to purchase the painting at the listed price of $746.40—or they may click on
“Make Offer” and be prompted to propose a price.

with the Best Offer feature enabled. The right panel displays, for each category, the

ratio of the average BIN price for Best-Offer-enabled listing to the average BIN price

for non-Best-Offer-enabled listings. In nearly every category, the ratio is far greater

than one, suggesting that Best-Offer-enabled listings have a much higher list price than

non-Best-Offer-enabled listings. Furthermore, some categories, such as business and

industrial or collectibles, appear both to have a high fraction of bargaining-enabled

listings and a particularly high list price for those cases where Best Offer is enabled.

To form our primary dataset, we obtain internal eBay data from all single-unit

listings created in May 31,2012 – June 1, 2013 from the US eBay site. This dataset,

anonymized to remove all identifiable information, consistutes the dataset we have

arranged to have released publicly for research purposes. For the analysis in this paper,

we also restrict attention to listings with BIN prices between $.99 and $1,000.00, and

eliminate listings with apparent data errors (e.g., cases where we could not locate the
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Figure 2: Growth of Best Offer

Notes: This figure depicts the percentage of Gross Market Value made up by three mechanisms on the
eBay platform—Best Offer, auctions, and fixed price listings—from 2005 to 2015, computed from internal
eBay data. The tabulation for fixed price listings includes Best Offer sales. The tabulation for Best Offer
includes only listings that were bargained; it does not include Best Offer-enabled listings that sold at the
listing price.

original offer corresponding to a counteroffer). Details on our sample construction

criteria appear in Appendix A.

Our final dataset contains approximately 25.4 million bargaining threads (defined as

a listing-buyer pair) spread across 88.3 million listings, involving 1.2 million buyers and

4.7 million sellers. Table 1 presents descriptive statistics for this sample. The average list

price (BIN) is $95, and the average sale price is 83% of the list price. Sales include BIN

choices as well—conditional on bargaining occurring, the average sale prices comes

down to 73% of the list price. We note that almost 80% of listings never receive an offer

and do not sell. 54.8% of listings are for used goods, and 26.3% of listings have the BIN

price revised at some point by the seller during the listing life.

Table 1 also includes detailed information on market participants. While there are

many one-time sellers, the market is skewed towards experienced sellers. Indeed, most

of the sales in our dataset are made by a relatively small fraction of the sellers. The

population of buyers is skewed, but less so: on average, buyers in our sample are
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Figure 3: Percent BO Transactions and Ratio of BIN for BO/non-BO by Category
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Notes: Left panel displays, for a number of categories, the proportion of listings with Best Offer enabled.
Right panel computes, for each category, the ratio of the average BIN price for Best-Offer-enabled listing
to the average BIN price for non-Best-Offer-enabled listings.

observed in 5 bargaining threads and make 3 purchases. Finally, at the thread level,

Table 1 shows that most bargaining threads are short (only 1.6 offers, on average, where

the first offer is always made by the buyer), and surprisingly likely to be successful. On

average, buyers offer 61% of the list price and bargaining is ultimately successful 45%

of the time.

4 Observed Behavior and Standard Bargaining Theories

In this section, we analyze a number of features of the data to which standard game

theoretic models of bargaining would speak. First, note that Table 1 showed that there

typically very few back-and-forth offers between a given bargaining pair (1.6 offers on

average). This is consistent with many complete-information, common-priors models

of bargaining, in which each party knows the other’s willingness to pay and all other

features of the game, and both parties agree on the likelihood of each party winning

a certain split of the surplus, and thus there is no reason for bargaining to last more

than one round. For example, in the canonical model of Rubinstein (1982), the unique

subgame perfect equilibrium is for the initial offer to be such that the player responding
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Table 1: Descriptive Statistics

Mean Std. Dev. Min Max
Listing-Level Data
Listing Price 94.6 164 .01 1,000
Used .548 .498 0 1
Revised .263 .44 0 1
Sold .215 .411 0 1
Sold by Best Offer .132 .338 0 1
Recieved an Offer .206 .405 0 1
Sale Price 69.7 119 .01 1,000
Sale Price / List Price .832 .175 .00099 1
Bargained Price 74.1 121 .99 1,000
Bargained Price / List Price .727 .146 .00099 1
No. Listings 88,388,220
Seller-Level Data
Feedback Number 781 4,753 -3 2,432,576
Feedpack Postitive Percent 99.4 5.3 0 100
No. Listings 73.8 1,941 1 1,084,794
No. Sales 15.9 158 0 66,989
No. Sales 9.72 101 0 56,480
No. Sellers 1,197,419
Buyer-Level Data
No. Bargaining Threads 5.12 17.9 1 5,697
No. Offers 8.48 30 1 7,823
No. Purchases 3.21 9.27 1 4,095
No. Bargained Purchases 2.47 7.39 0 3,329
No. Buyers 4,701,455
Thread-Level Data
No. Offers 1.66 .942 1 6
Agreement Reached .454 .498 0 1
First Buyer Offer 86.6 126 0 1,000
First Buyer Offer / List Price .608 .193 0 1
No. Threads 25,458,516

Notes: This table presents summary statistics for the main dataset. Note that indicator “Used” (for used
vs. new status of item) is only available for 60,709,655 listings, and feedback variables are only available
for 1,145,426 sellers. See text for a discussion of exclusion criteria and, in particular, Appendix ??.

this offer immediately accepts. However, the fact that some delay does occur in this

data would not be explained by such a model. Alternative models, such as models with

heterogeneous priors (e.g. Yildiz 2003) can yield delay in some cases. Delay can also
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be a result of incomplete information, as demonstrated by Admati and Perry (1987),

Cramton (1992), and others.

Table 1 also showed that bargaining did not always end in agreement. More than half

of threads ended without any trade taking place. This is also consistent with the presence

of incomplete information, and with bargaining costs. Myerson and Satterthwaite (1983)

demonstrated that, in the presence of two-sided incomplete information, where there is

uncertainty about whether gains from trade exist, any bilateral trade mechanism will

yield some inefficiency—i.e. some cases where the buyer indeed values the good more

than the seller but the parties fail to agree on a price.

The structure of eBay’s Best Offer bargaining is almost identical to a 3 stage Ru-

binstein sequential-bargaining game. We illustrate the back-and-forth patterns in the

bargaining data that correspond to the game in Figure 4 in a familiar game tree form.

Square boxes represent the identity of the player (B = buyer, S = seller). At the right of

each box, we display the number of observations that reach the node. Below each node

are edges representing the player’s decision to accept (A), decline (D), or counter (C).

Each edge shows the percent of observations passing through that edge corresponding

to a given action being chosen. We will denote periods of the game with t = 0, 1, ..., 7,

where the t = 0 represents the seller’s choice of the BIN price, t = 1 represents the

period of the buyer’s first offer, t = 2 represents the period of the seller’s first response,

etc.

As Figure 4 demonstrates, sellers frequently decline the initial offer (41% of the time),

to which buyers respond by countering 37% of the time. Sellers accept the initial offer

30% of the time and provide a counteroffer 29% of the time. In cases in which the seller

did not decline either of the first two offers, sellers who receive the opportunity to make

a second or third counteroffer at t = 4 or t = 6 are likely to do so, making offers with

greater than 47% probability. Buyers, on the other hand, appear less likely to make later

counteroffers. A primary goal of our descriptive analysis will be to study these patterns

in detail and explore how the bargaining environment (such as characteristics of the

good or characteristics of the participants) impacts these patterns.
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Figure 4: Bargaining Sequence Patterns
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Notes: This figure summarizes the offer-level data in terms of the “game tree” of bargaining. See text for
detailed discussion.
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4.1 Bargaining Costs

Given the variety of product categories on eBay, one might expect to see substantial

heterogeneity in the expected outcomes. One way to frame this heterogeneity is in

terms of the listing price. Figures 5 and 6 present smoothed plots of expected outcomes

against the listing price for our sample. To construct these plots, we employed a

stratified subsampling approach discussed in Appendix B. The distribution of listing

prices is presented in Panel (A) of Figure 5, where we see that the vast majority of listings

fall in the $.99 to $100 range. While average first offers are decreasing throughout the

range (Panel (B)), bargained prices are initially rising and then fall (Panel (C)), and the

slope of the expected sale prices flips from negative to positive and back again (Panel

(D)). Figure 6 provides some insight into this pattern. For very cheap items, more buyers

exercise the BIN option and forego bargaining (Panels (B) and (C)). Moreover, sellers

who do receive offers on cheaper items tend to accept them immediately (Panel (D)).

We interpret the consumer’s BIN vs. BO choice as informative about the costs of

bargaining. Rubinstein (1982) proposed two models of bargaining costs: one in which

the surplus at stake is discounted exponentially, as if the primary cost of bargaining

were delayed consumption, and a second, in which there is a fixed cost of making offers.

In the first case bargaining costs scale up with the value of the transaction, while in

the latter they are fixed. Assuming higher list prices represent settings with a larger

surplus on the table, our data is consistent with the second hypothesis—that when

the listing price is greater and the amount of surplus to be negotiated is large, parties

are more willing to engage in the back and forth of negotiation; and when the listing

price is low and there is little surplus on the table, bargaining power tends to sit with

whomever is making the current offer. This model of costs is also consistent with casual

empiricism: bargaining in street markets is less frequent in developed economies with

higher incomes—it is in some sense an inferior good—but bargaining remains prevalent

among high-value transactions, e.g. salary negotiations, plea bargaining, terms of a

merger, and trade deals; or even high-ticket consumer transactions, such as cars, large

appliances, or homes.
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Figure 5: Bargaining Outcomes by Listing Price
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Notes: Panel (A) depicts a histogram of the listing prices for the full sample of listings. The remaining
panels depict LOWESS plots of the outcome variables in terms of the listing price. In panel (B) the
variable of interest is the sale price, conditional on sale; in panel (C) it is the bargained price, conditional
on sale and the buyer not executing the BIN option, and in panel (D) we are interested in the mean first
offer of bargaining threads.

4.2 Heterogeneity: Players or Products?

We now turn the question of whether variance in bargaining outcomes is more a

feature of who is bargaining or of what is being bargained over. The outcomes we

examine are whether or not the bargaining pair comes to an agreement, how many

periods the bargaining takes, and what price the players agree on when they do agree.

The bargaining literature provides a number of possible explanation for why player

heterogeneity may matter in explaining these outcomes: players may differ in their

levels of patience, experience, or other measures of bargaining power/ability, or may

differ in their valuations for the good. We also see the literature as establishing a role for

heterogeneity in the items being bargained over, as markets for different items may be

characterized by varying degrees of asymmetric information, for example. We explore

these issues by regressing outcomes on buyer fixed effects, seller fixed effects, and
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Figure 6: More Bargaining Outcomes by Listing Price

(a) Probability of Sale
(b) Probability of Bargained

Sale Conditional on Sale

(c) Probability of Offer
(d) Probability First Offer

Accepted

(e) Number of Threads (f) Number of Offers per Thread

Notes: These panels depict LOWESS plots of bargaining outcomes in terms of the listing price. Panel (A)
concerns the probability of sale for all listings; panel (B) restricts attention to successful listings, and plots
the likelihood that the price was bargained (as opposed to a buyer executing the Buy-it-Now option);
panel (C) concerns the empirical likelihood of receiving any offer; panel (D) concerns the likelihood
that, conditional on such an offer arriving, it is immediately accepted; panel (E) concerns the number of
bargaining threads per listing, and finally panel (F) measures the number of offers associated with each
thread, not including the listing price as an offer.

product fixed effects in three separate regressions and reporting the R-squared and

adjusted R-squared.
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For this exercise, we limit to a sample in which we observed catalog product identi-

fiers, where each product identifier represents a distinct product SKU that can be linked

to third-party catalogs to which eBay subscribes. These products are narrowly defined,

matching a product available at retail stores, such as: “Microsoft Xbox One, 500 GB

Black Console,” “Chanel No.5 3.4oz, Women’s Eau de Parfum,” and “The Sopranos -

The Complete Series (DVD, 2009).” We also construct a flag for the condition of the item

as being new or used. For each product-identifier-by-condition cell, we compute what

we refer to as a reference price (as in Einav et al. (2015)), which is the average price of

sold fixed price listings of the same product and condition over the time frame of our

sample that did not have the Best Offer option enabled, limiting to product-identifier-

by-condition cells with at least 20 such transactions. Therefore, these reference prices are

computed entirely outside of our sample, as our sample consists of Best-Offer-enabled

listings. For each thread in our bargaining data, we compute a normalized price by

dividing the final sales price (when a sale occurred) by the reference price for that

product.

While it has the advantage of offering a reference price for the value of a product,

the construction of this sample imposes an opaque form of selection. It rules out one-

of-a-kind listings, and in this way may differ substantially from our main sample. In

Appendix A we replicate Table 1 for this sample and discuss the differences.

The results are displayed in Table 2, separately for new and used items. For each

of the three outcomes—normalized price, a dummy for whether the bargaining thread

ended in agreement, and the number of offers—we find that buyer fixed effects explain

more of the variation in the outcome than do seller fixed effects or product fixed effects.

This may be unsurprising, as there are many more buyer fixed effects. When we look

at the adjusted R2 values, the story is rather more subtle. For new products, product

identity is substantially more relevant for predicting prices, but not for used ones—

this is intuitive, as used products introduce heterogeneity poorly captured by product

identifiers. In terms of the probability that a bargaining thread is successful or the

number of offers, the buyer fixed effects are also favored. We take this as evidence

that, except in the case of new products where there is a clear outside option for both

parties, buyer characteristics are of first-order importance for understanding bargaining

outcomes.
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4.3 Coasian Dynamics and Price Convergence

We next examine patterns of price convergence (or non-convergence) over the duration

of the bargaining sequence. A large portion of the theoretical bargaining literature (see,

for example, Fudenberg et al. (1985) or Gul et al. (1986)) has focused on models that

produce Coasian dynamics, with high-value buyers and low-value sellers agreeing

earlier in a bargaining game than low-value buyers or high-value sellers, leading to

a gradual increase in buyer offers and gradual decrease in sellers offers during the

bargaining sequence.

In each panel of Figures 7 and 8 we plot, on the vertical axis, the average amount of

the offer and, on the horizontal axis, the period of the game in which the offer is made,

with the t = 0 offer representing the list (BIN) price. In each figure, panels on the left

include sequences ending in agreement and panels on the right include those ending in

disagreement. We analyze separately those sequences that ended in period 4− 7, where

sequences ending in even periods ended with the seller accepting or declining, and

those ending in odd periods ended with the buyer accepting or declining. Each panel

also displays the average change in offer price the seller makes from one offer to the

next, averaged across all periods of the game, and similarly for the buyer. In creating

these figures, we treat periods in which a seller declines a buyer offer and the buyer

follows up with an additional counteroffer as periods in which the seller did not decline

but rather countered at her most recent offer (or at the list price in the case where the list

price is the most recent price stated by the seller).

Each panel of Figures 7 and 8 displays a clear pattern of buyer offers increasing and

seller offers decreasing, consistent with Coasian dynamics. Several other interesting

patterns also emerge. Panel (A) of Figure 7 demonstrates that, in games that ended in

period 4 with the seller accepting, on average, the game proceeded as follows: the list

price was approximately $120; the buyer then countered at about $75; the seller then

countered at -$13.50 less than the list price; the buyer then countered at $11.76 above

his previous offer; the seller then accepted. In panel (B), the same pattern of (seller

list price, buyer counter, seller counter, buyer counter) ended with the seller declining.

In contrast to panel (A), however, the overall price level in panel (B) is much higher

(the list price is about $200 on average), the gap between buyer offers and seller offers

is larger, the seller’s per-offer change in price is much lower (-$5.76), and the buyer’s
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Figure 7: Price Convergence Over the Duration of Bargaining (t = 4, 5)

(a) End at t = 4, seller accepts

Seller per-offer change: -13.5

Buyer per-offer change: 11.76
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(b) End at t = 4, seller declines

Seller per-offer change: -5.76

Buyer per-offer change: 14.58
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(c) End at t = 5 buyer accepts

Seller per-offer change: -13.76

Buyer per-offer change: 13.67
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(d) End at t = 5, buyer declines

Seller per-offer change: -15.36

Buyer per-offer change: 15.11

0
50

10
0

15
0

20
0

O
ffe

r a
m

ou
nt

0 1 2 3 4

per-offer change in price was higher ($14.58). This suggests that bargaining games in

which the seller budges very little early on are likely to end in disagreement, in spite of

the buyer conceeding to an even greater degree.

A comparison of panels (C) and (D) of Figure 7 shows that the gap between buyer

and seller offers is larger in panel (D) (where the buyer declines the seller’s last offer)

than in panel (C) (where the buyer accepts). However, the per-offer change in buyer

and seller prices appear very similar in both panels. Figure 8 displays similar patterns,

with games ending in period 6 with the seller accepting (panel A) showing a greater

degree of price convergence (and in a particular a greater degree of seller concession)

than those ending in the same period with the seller declining (panel B); and games

ending in period 7 with the buyer accepting (panel C) appearing similar to those ending

in the same period with the buyer declining (panel D).
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Figure 8: Price Convergence Over the Duration of Bargaining (t = 6, 7)

(a) End at t = 6, seller accepts

Seller per-offer change: -6.69

Buyer per-offer change: 11.11
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(b) End at t = 6, seller declines

Seller per-offer change: -2.19

Buyer per-offer change: 12.56
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(c) End at t = 7 buyer accepts

Seller per-offer change: -11.06

Buyer per-offer change: 13.38
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(d) End at t = 7, buyer declines

Seller per-offer change: -11.64

Buyer per-offer change: 13.6
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4.4 Bargaining Power

An additional feature of many theoretical models of bargaining is that players with

more bargaining power obtain a greater share of the surplus. This bargaining power is

captured differently in different contexts. In some models, such as Rubinstein (1982)

and Rubinstein (1985), bargaining power is explicitly represented by a player’s pa-

tience (discount factor). In other bargaining models, in particular many recent models

applied in empirical research in bargaining settings (e.g. Crawford and Yurukoglu

2012; Grennan 2013), bargaining power is instead a reduced-form feature of the model

rather than an underlying primitive, with a direct correspondence to the share of the

surplus the player would receive in a static Nash bargaining game, where both players

agree to maximize the total surplus weighted by the bargaining power weights (see

Binmore et al. 1986). In these models, bargaining power can represent concepts such as

a bargaining party’s negotiation skill or experience.

Starting with patience, we use a simple, yet novel approach to identify buyers who

may have a greater degree of patience than others. In particular, we identify patient

buyers as those who, ex-post (after the bargaining ended), chose the slowest shipping

option when multiple options were available. Namely, at checkout, a buyer often

can choose between several shipping options, where faster shipping costs more that

slower shipping. Hence, by revealed preference, a buyer who chooses a slower shipping

method reveals that they are willing to wait rather than spend more money, and is

thus more patient than a buyer who opts for faster shipping at a higher price. Turning

to experience, we measure experienced buyers and sellers using their accumulated

bargaining experience as shown in Table 1.

Table 3 shows the results of regressing the bargained outcome on our measures of

buyer patience and both parties’ experience. For this analysis, we again rely on the

subsample of the data used in creating Table 2, for which we can compute a reference

price for each good. (See Appendix A for a discussion of, and summary statistics for,

that sample.) As in Table 2, we treat new and used products separately. Our depen-

dent variable in each of the regressions in Table 3 is the final price from a bargaining

transaction in which agreement occurred, divided by the reference price for that item.

We find that more patient buyers tend to have lower final prices in bargaining,

consistent with the theoretical models. We also find that more experienced buyers
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tend to obtain lower prices and more experienced sellers tend to obtain higher prices.

However, buyer experience has no statistically significant effect for negotiations over

new products. This is consistent with our findings in Table 2, where buyer fixed effects

played little role in explaining price outcomes for new products. We expected to find

this result because new items have a better defined market price and hence, there is

little scope for bargaining.

5 Observed Behavior and “Split-the-Difference” Offers

We now turn to players’ choices of counteroffers to previously made offers. In particular,

we are interested in how the offer in period t relates to the offers in periods s < t.

Throughout this section we will use the following notation. As above, let t = 0, 1, ..., 7

represent the different periods of the bargaining game. We use the term “player t”

to refer to the player whose turn it is in period t (so player t is the seller for even t

and the buyer for odd t). At t = 0, the seller chooses a Buy It Now price, which we

denote p0. Any offer made at period t will be denoted pt. Thus, p1 is the buyer’s first

offer, p2 is the seller’s first counteroffer, etc. Let γ1 = p1/p0, and, for t = 2, 3, ..., 6, let

γt ∈ [0, 1] be the weight such that pt = γt pt−1 + (1− γt)pt−2. Therefore, γt represents

the weight that player t places upon the opponent’s previous offer, and 1− γt represents

the weight the player places on his or her own previous offer. Note that by definition,

p1 = γ1p0 + (1− γ1)0, so we can think of the buyer’s “previous” offer when he makes

his first offer as his bliss point of paying nothing for the good.

Figure 9 displays histograms of these offer weights for the bargaining threads

observed in the data. For simplicity, for this figure, we limit to threads with back-and-

forth sequences corresponding to the left side of the game tree displayed in Figure 4;

that is, we focus on threads with a series of offers and counteroffers, while ignoring

threads in which the seller declines but the buyer continues to make additional offers.

Panel (A) plots a histogram of γ1, Panel (B) plots a histgram of γ2, limiting to those

threads in the data in which a period-2 offer was made, and so on.

Several interesting patterns are evident in this analysis. We note first that offers

skew away from concession (γt skews towards zero) with the exception of the first

offer that skews towards the BIN price. Second, some common mass points emerge,
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in particular, offers that are halfway between the previous two offers, or “split-the-

difference” counteroffers. The pattern even holds for buyers’ first offers, where the

modal initial offer is half of the BIN. The mid-point offer is also the modal offer for the

first seller counter. In subsequent seller counters, the modal offer gives zero or nearly

zero weight to the opponent’s most recent offer, and second only to this choice is again

the split-the-difference point.

This pattern is consistent with previously documented laboratory evidence and

behavioral economic theory (Roth and Malouf 1979; Binmore et al. 1985; Bolton 1991;

Bolton and Ockenfels 2000; Charness and Rabin 2002; Andreoni and Bernheim 2009),

in which market participants may care about notions of fairness and may favor a split-

the-difference strategy in negotiations. Interestingly, however, the split-the-difference

pattern we observe is not a pattern of splitting surplus between the two parties, as the

surplus is not necessarily known to the players given the presence of incomplete infor-

mation about opponent valuations. Rather, here, the split-the-difference phenomenon

we observe regards splitting the two most recent offers, regardless of how those offers

relate to surplus.

In Table 4, we explore how these offer weights relate to bargaining power as mea-

sured by buyer and seller experience. We run regressions of each stage’s weight on

a measure of experience, the log of total prior bargaining threads.6 In general, we

find that buyers concede more to more experienced sellers and concede less if they

themselves are more experienced. The reverse is true for sellers, with two exceptions to

this pattern: the first is in the effect of seller experience on γ1, the buyer’s initial offer,

which we expect is an artifact of selection because the seller sets the initial listing price.

The second is in the effect of seller experience on γ6, the final seller offer. We suspect

this is positive because experienced sellers are more likely to be aware that this is the

final offer, and are therefore more generous.

We now explore how a player’s choice of offer, as measured by the weight, γt, relates

to later outcomes in the bargaining game. We create a measure for whether the offer

is a ‘split’ offer by creating an indicator that is equal to one if γt is equal to 0.5 (after

being rounded to the nearest hundredth) for each t ∈ 1, 2, 3, 4, 5, 6. We find that about

6The coefficients of the linear-log regressions can therefore be interpreted as the effect on the proportion
conceded (γ).
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Figure 9: Where Current Offer Lies Relative to Previous Offers
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Notes: Each panel displays a histogram of offer weights defining how the current offer relates to
the previous offers, where γ1 = p1/p0, and, for t = 2, 3, ..., 6, γt is such that
pt = γt pt−1 + (1− γt)pt−2.
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7 percent of offers are split offers by this definition.7 We then regress an indicator for

whether each offer is accepted on this split indicator and the underlying γt. Results are

shown in Table 5. We find that split offers are between 4 and 15 percent more likely to be

accepted. We supplement this approach with a more flexible fit of γt and plot fractional

polynomial fits of acceptance and γt in Figure 10. As can be seen, the underlying

relationship between γt and acceptance is positive and split offers are substantially

more likely to be accepted.

6 Conclusion

In this paper we analyze a novel dataset of bilateral bargaining used by millions of

users in a live ecosystem. We document a number of facts consistent with rational

theories of bargaining behavior, including small but positive amounts of delay, frequent

disagreement, and correlations between measures of bargaining power and bargaining

outcomes.

We also find evidence consistent with behavioral phenomena documented previ-

ously in experimental settings, in particular that players appear to favor offers that

split the difference between the two most recent offers, and that such offers tend to be

successful.

We believe that the rich data we used herein, which has been made publicly available,

offers opportunities to explore the ways in which people bargain, and can help shed

light on what determines bargaining outcomes in the real world.

7Broader definitions of split, by rounding γt to the nearest five hundredths or nearest tenth yield 9
percent and 14 percent split rates, respectively.
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Figure 10: Probability of Split Offer Accepted
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(c) γ3, where p3 = γ3 p2 + (1− γ3)p1
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(e) γ5, where p5 = γ5 p4 + (1− γ5)p3
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(f) γ6, where p6 = γ6 p5 + (1− γ6)p4
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Notes: This figure displays a local polynomial fit of the probability of an offer being accepted
regressed on the offer weight, γt, and on an indicator for whether γt is approximately equal to
0.5. From left to right, top to bottom, the panels display results for γt, where t ranges from 1 to 6.
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Appendices

Starting with our original sample of approximately 92 million Best Offer listings, we

imposed a handful of sample restrictions. Note that all sample restrictions are imposed

at the listing level. That is, even if the sample restriction pertains to characteristics

of an offer, we removed all listing that are associated with any offer that violates the

restriction. In total, this leaves us with a sample of 82 million listings.

The sample restrictions are as follows:

Restrictions on Listing Attributes

(L1) Listing price at or below $1000.

(L2) In the event of a sale, the sale price is at or below the listing price.

Restrictions on Thread Attributes

(T1) All offers are at or below the listing price.

(T2) Neither the buyer nor the seller makes more than three offers.

(T3) For all offers with a status of “countered,” a counter-offer exists in the dataset.

(T4) For all offers accepted, there are no subsequent offers in the thread.

The quantitative significance of these sample restrictions is described in Table A-1.

Restriction (L1), the largest, is an arbitrary restriction to simplify the analysis and the

graphics and excludes approximately 10% of our sample. The second listing-level

restriction, (L2), binds rarely, for only 42 thousand listings. It is possible that it happens

because the sellers have agreed to bundle other products or services with the sale,

however this is abnormal and inconsistent with eBay guidelines for communication in

Best Offer bargaining.

Among the thread-level restrictions, (T1) is the most significant, affecting approxi-

mately 335 thousand listings. We suspect that it happens when an offer is made and the

seller subsequently revises her price downward. In that case we only observe the final

listing price, not the standing listing price that the buyer saw when makeing the offer.
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Indeed, we see from Table 1 that about 26% of listings have their price adjusted at some

point.

In addition to imposing this restriction on our sample, we check to make sure that all

of our results are robust to excluding listings that were ever revised (results available on

request). Restrictions (T2) - (T4) are rarely binding, and we do not have an explanation

for them besides data processing errors.

A Reference Price Sample

Here we offer an analogue of Table 1 describing the subsample of listings for which we

are able to construct reference prices. A reference price is defined as a price outcome for

a listing with an identical title and item condition identifier (e.g., new vs. used). We

restrict attention to cases where the reference set has at least twenty elements.

The advantage of this subsample is that we have some evidence on the expected

outcome price, so we can think about whether the buyer got a “deal.” However, this

comes at the cost of a somewhat opaque sample construction. By ruling out one-of-a-

kind listings, for which no reference price will exist, it biases the sample towards the

kinds of listings for which we expect relatively less bargaining.

Consistent with this intuition, we see that these listings are substantially more likely

to sell (47% as compared to 22%), but that there is less “room to bargain.” Sale prices

are substantially closer to list prices (91% as compared to 83%), and bargaining threads

are substantially less likely to succeed (25% as compared to 45%). However, we still

find that just over half of listings that sell in this sample are bargained (.227/.435 yields

52%).

B Stratified Subsampling for Figures 5 and 6

Figures 5 and 6 were constructed as LOWESS plots. To make this feasible, given the

large sample size of the dataset, we subsampled. As Panel (A) of Figure 5 makes clear,

however, stratification is required to obtain an adequate sample of listings at prices

above $100. Therefore we sampled 70,000 listings from 20 bins, each $50 in length
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Figure A-1: Subsample Histograms

(a) Histogram with 20 Bins
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(b) Histogram with 100 Bins
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(inclusive on the upper extreme). Figure A-1 presents two histograms to document the

subsampling: Panel (A) is a histogram with a bin width that reflects the stratification

strategy, and Panel (B) has 100 bins of length $10. The regular peaks in Panel B reflect

the prevalence of round numbers (since our bins are constructed to be inclusive on the

upper extreme). The increasing use of round numbers at higher prices may be affecting

sale price outcomes from Figure 5, consistent with Backus et al. (2016).
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Table 2: Explaining Heterogeneity in Bargaining Outcomes

Dependent Variable: Normalized Price

(1) (2) (3) (4) (5) (6)

R2 .8948 .598 .5938 .8389 .5203 .4553
Adj. R2 .3714 .3719 .3652 .4563 .3551 .3187

No. FE 104,437 45,154 45,181 230,908 84,046 65,763
N 125,429 125,429 125,429 328,119 328,119 328,119

Condition New New New Used Used Used
Fixed Effects Buyer Seller Product Buyer Seller Product

Dependent Variable: Sold

(1) (2) (3) (4) (5) (6)

R2 .5878 .3398 .2895 .5039 .2604 .1885
Adj. R2 .2856 .2177 .1759 .2357 .171 .1254

No. FE 160,709 59,278 52,348 349,321 107,363 71,867
N 379,896 379,896 379,896 995,490 995,490 995,490

Condition New New New Used Used Used
Fixed Effects Buyer Seller Product Buyer Seller Product

Dependent Variable: No. Offers

(1) (2) (3) (4) (5) (6)

R2 .5113 .2672 .1702 .44 .2191 .09192
Adj. R2 .1529 .1317 .03753 .1372 .1247 .02126

No. FE 160,709 59,278 52,348 349,321 107,363 71,867
N 379,896 379,896 379,896 995,490 995,490 995,490

Condition New New New Used Used Used
Fixed Effects Buyer Seller Product Buyer Seller Product

Notes: This table presents R2 and adjusted R2 coefficients from regressions of three dependent variables—
normalized prices conditional on sale (see text for a discussion of the construction of reference prices),
a dummy for whether the thread ends in a sale, and the number of offers—where we vary both the
condition of the item and the inclusion of buyer, seller, and product fixed effects.
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Table 3: Bargaining Power and Prices

(1) (2) (3) (4) (5) (6)
Slowest Shipping 0.0197 0.0313 -0.0596∗∗∗ -0.0569∗∗∗

(0.0410) (0.0411) (0.0150) (0.0146)

Log Seller Experience 0.0928∗∗∗ 0.0930∗∗∗ -0.00497 -0.00464
(0.0202) (0.0202) (0.00423) (0.00424)

Log Buyer Experience 0.0480∗ 0.0481∗ -0.0283∗∗ -0.0296∗∗

(0.0200) (0.0200) (0.00992) (0.00987)

Log Seller Experience * Log Buyer Experience -0.0102 -0.0102 0.000609 0.000871
(0.00541) (0.00541) (0.00161) (0.00159)

Constant 1.186∗∗∗ 0.726∗∗∗ 0.711∗∗∗ 1.182∗∗∗ 1.253∗∗∗ 1.275∗∗∗

(0.0298) (0.0722) (0.0772) (0.0109) (0.0265) (0.0271)
Condition NEW NEW NEW USED USED USED
R2 0.0000180 0.00447 0.00452 0.000410 0.000922 0.00129

Notes: This table presents results from regressions where the dependent variable is the normalized price
(see text for a discussion of the construction of reference prices) and the regressors are buyer and seller
attributes. Sample size for NEW columns is 37,020 and for USED items is 12,079. Robust standard errors
are presented in parentheses.

Table 4: Offer Weights and Experience

(1) (2) (3) (4) (5) (6)
γ 1 γ 2 γ 3 γ 4 γ 5 γ 6

Log of Buyer Experience -0.0104∗∗∗ 0.00282∗∗∗ -0.0121∗∗∗ 0.00252∗∗∗ -0.00292∗∗∗ 0.00340∗∗∗

(0.0000225) (0.0000455) (0.0000869) (0.000139) (0.000257) (0.000368)

Log of Seller Experience -0.00353∗∗∗ -0.00445∗∗∗ 0.00188∗∗∗ -0.00363∗∗∗ 0.00204∗∗∗ 0.00109∗∗∗

(0.0000156) (0.0000322) (0.0000632) (0.000101) (0.000190) (0.000276)

Constant 0.667∗∗∗ 0.446∗∗∗ 0.424∗∗∗ 0.257∗∗∗ 0.325∗∗∗ 0.182∗∗∗

(0.000123) (0.000250) (0.000503) (0.000807) (0.00155) (0.00220)
Observations 24695728 6741903 1679447 731893 217156 101771

Notes: This table presents results from regressions where the dependent variable is γt (see text for a
discussion of the construction of this variable) and the independent variables are measures of buyer and
seller experience. Note that buyers make offers when t is odd, and sellers make offers when t is even. The
number of observations changes across columns (becomes smaller) because fewer observations reached
later periods of bargaining.
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Table 5: Probability of Split Offer Accepted

(1) (2) (3) (4) (5) (6)
Pr(Accept) Pr(Accept) Pr(Accept) Pr(Accept) Pr(Accept) Pr(Accept)

Split 0.0205∗∗∗ 0.0537∗∗∗ 0.112∗∗∗ 0.129∗∗∗ 0.136∗∗∗ 0.144∗∗∗

(0.000360) (0.000455) (0.000878) (0.00139) (0.00251) (0.00469)

γ i 0.860∗∗∗ 0.545∗∗∗ 0.811∗∗∗ 0.365∗∗∗ 0.660∗∗∗ 0.438∗∗∗

(0.000445) (0.000653) (0.00156) (0.00177) (0.00381) (0.00545)

Constant -0.191∗∗∗ -0.0590∗∗∗ -0.0125∗∗∗ 0.104∗∗∗ 0.0879∗∗∗ 0.203∗∗∗

(0.000290) (0.000309) (0.000670) (0.000571) (0.00142) (0.00147)
Observations 26364399 6947242 1869233 1068173 288352 162564
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Notes: This table displays the results from a linear regression of the probability of an offer being
accepted regressed on the offer weight, γt, and on an indicator for whether γt is approximately
equal to 0.5. Columns 1 through 6 display results for γt for t = 1, ..., 6.

Table A-1: Summary of Sample Restrictions

No. Violations Fraction of Listings

T1 9,547,987 0.0971
T2 42,524 0.000433
L1 386,096 0.00393
L2 - buyer 3,529 0.0000359
L2 - seller 0 0
L3 1,453 0.0000148
L4 1,111 0.0000113
No. Listings Before 98,307,281
No. Listings After 88,388,220
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Table A-2: Descriptive Statistics

Mean Std. Dev. Min Max
Listing-Level Data
Listing Price 100 162 .99 1,000
Used .719 .45 0 1
Revised .233 .423 0 1
Sold .467 .499 0 1
Sold by Best Offer .224 .417 0 1
Recieved an Offer .427 .495 0 1
Sale Price 111 158 .99 1,000
Sale Price / List Price .91 .127 .00099 1
Bargained Price 122 161 .99 1,000
Bargained Price / List Price .813 .124 .00099 1
No. Listings 2,047,079
Seller-Level Data
Feedback Number 766 4,588 -2 829,193
Feedpack Postitive Percent 99.3 4.84 0 100
No. Listings 9.05 120 1 26,132
No. Sales 4.23 42.6 0 9,415
No. Sales 2.02 18 0 4,078
No. Sellers 226,237
Buyer-Level Data
No. Bargaining Threads 7.96 29.5 1 4,734
No. Offers 13.4 48 1 7,229
No. Purchases 1.49 4.1 1 1,059
No. Bargained Purchases 1.07 2.46 0 408
No. Buyers 427,935
Thread-Level Data
No. Offers 1.7 .959 1 6
Agreement Reached .25 .433 0 1
First Buyer Offer 152 166 0 1,000
First Buyer Offer / List Price .681 .188 0 1
No. Threads 1,815,601

Notes: This table presents summary statistics for the subsample of our data for which we have reference
prices. Note that indicator “Used” (for used vs. new status of item) is only available for 2,044,419 listings,
and feedback variables are only available for 218,739 sellers. See text for a discussion of exclusion criteria
and, in particular, Appendix ??.
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