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Abstract. We conduct a market experiment with the opportunity for sellers to send a nonbinding

advertisement of their product quality, and examine the effects of including a reputation aggrega-

tion system for sellers in these markets. In order to closely match the setting of real life markets, we

conduct a laboratory experiment designed to emulate an online marketplace. We find substantial

efficiency gains from the addition of the ratings system, but not enough to obtain fully efficient

market outcomes. These efficiency gains come primarily through a decrease in false advertising

behavior by the sellers, as they compete to build reputations, raising the overall levels of trust in

the market. We structurally examine the formation of reputations by the sellers (with and without

ratings) and the effect of these reputations on the decisions of buyers and sellers in the market.

Using a bipartite network of transaction data, we quantify the effects of ratings in encouraging

trustworthiness and supporting diverse, connected, and high quality markets.
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1. Introduction

Many market-exchange environments are characterized by experience goods – goods for which

the true quality to the purchaser can only be determined with certainty after the transaction is

completed. In some circumstances, there may exist formal institutions (e.g. a court system that en-

forces complete contracts such as warranties or escrow agreements) that can allow a seller to commit

to a product quality. In the absence of such commitment institutions, some observers view experi-

ence good markets pessimistically (including, notably, Akerlof (1982)). This is because sellers have

cheap-talk incentives to over-promise the quality of the delivered good. Experience goods markets

persist in abundance, despite this pessimism, even in environments lacking enforceable contracts

and warranties. Thus, the analysis of these markets has increasingly turned to issues concerning

non-formally structured institutional and cultural concepts, such as as reputation-building, trust,

social structure, and internalized moral values of fairness and honesty (see, e.g. Granovetter, 1985;

Zak and Jensen, 2010).

In this paper we examine the effects of including a reputation mechanism in online markets

on key outcomes, including product quality, prevalence of false advertising, market structure, and

diverse patterns of trust between buyers and sellers. We begin by conducting a market experiment

with the opportunity for sellers to send a nonbinding advertisement of their product quality. In

order to closely match the setting of real life markets, we create an online trading environment

in which sellers are given unique identifiers. Ideally, a fixed seller identifier should allow them to

build a reputation for delivering high-quality to the market, increasing the efficiency relative to the

competitive equilibrium. Previous results have shown, however, that fixed identifiers alone, even

with repeated interactions, are not sufficient to support efficient market outcomes in markets with

ambiguous endpoints.

The age of internet markets has seen a mechanism introduced to prevent the market’s collapse

to sub-optimal competitive “lemons” equilibria; the ability for buyers to rate their experience with

a specific seller has become ubiquitous in internet marketplaces. We introduce this feature to our

experimental marketplace through a typical “five-star” rating system. We find that, although market

reputation building mechanisms are still not capable of reaching the fully efficient outcome, they do

introduce substantial efficiency gains which are realized almost entirely by the buyers. We develop

an empirical model which seeks to explain the marginal effects of a high-quality sale on the seller’s
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reputation, in terms of their average rating. In order to measure the effects of the reputation system

on market structure, trust, and the diversity of connectivity between buyers and sellers, we model

the market for high quality goods as a network between buyers and sellers in which a good sold

defines a link between a seller and a buyer. In this case, the buying and selling of goods defines a

network formation process for the bipartite network, providing a window into the effects of ratings

systems on market behavior through structural change.

Our results shed light on the role of social embeddedness in the institutions that have evolved to

improve trust and counter information friction in markets. The embeddedness argument stems from

Granovetter (1985), who noted that “...economists have recognized that some degree of trust must be

assumed [in order for markets] to operate, since institutional arrangements alone could not entirely

stem force or fraud.” Additionally, our findings reinforce the notion that markets are economizers of

information (Smith, 1982; Al-Ubaydli et al., forthcoming), but by stressing the non-price component

of competition – namely understanding how advertising reputation through a rating system signals

a seller’s quality,1 and how this impacts market structure.

The remainder of this paper will proceed as follows; Section 2 motivates the problem by sum-

marizing relevant literature in the areas of experience goods, and gift exchange, and the role of

trust and reputation systems in these markets. Section 3 presents the experimental implementation,

designed to test the effects of the rating system on market structure and efficiency. In Section 4,

we lay out a number of predictions of how the reputation system will affect the market, based on a

graph-theoretic characterization of the market setting. In Section 5 we conduct structural estimation

and analysis of the market using the metrics developed in the previous section. Finally, Section 6

concludes.

2. Background and Relevant Literature

The study of information frictions in markets has a rich history in economics, dating back to its

theoretical foundations by Akerlof (1970). In particular, experimental research in this environment

has largely forked into two disjoint areas, with theoretical predictions and empirical observations

that often appear, on the surface, to be at odds with each other.

2.1. The Moral Hazard Puzzle: Lemons Market or Gift Exchange? The first of these

subfields, in keeping with the tradition of this earliest work by Akerlof (1970), has focused on these

1Thanks to an anonymous referee for suggesting this language
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phenomena in markets for experience goods (such as the automotive market). This line of research

sprouted from the seminal experimental work (Lynch et al., 1986, 1991), which served to inform

early policy by the Federal Trade Commission aimed at consumer protection in such markets. The

findings of this early work largely agrees with the theoretical predictions of Akerlof (1970), in finding

that cooperation is difficult to maintain in the absence of warranties.

A closely related strand of literature has studied the impact of advertising in markets for experi-

ence goods, where the true value of the good is only revealed after purchase. When advertisement

is costly it can, in certain cases, act as a credible signal of seller quality (Nelson, 1974). In the

setting we study, there is a direct mechanism for costless advertisement of product quality but

“advertisement” for the trustworthiness of the seller must be done through the costly process of

repeated delivery of high quality goods at low prices. This makes reputation a more credible signal

of product quality. Nelson (1974) was also early to recognize the impact of extended social distance

on the reliability of information; noting that “The most obvious source of assistance that consumers

have is the recommendation of relatives and friends and consumer magazines. It seems reasonable

to suppose that for experience goods consumers believe these recommendations constitute better

information than advertising.”

The literature has since evolved toward other considerations, such as trust, reciprocity, and social

embeddedness (Granovetter, 1985; McCloskey, 2010; Choi and Storr, 2020), that can play a role in

determining market outcomes.2 From the perspective of institutional design, much focus has turned

to mechanisms like reputation systems (e.g. Bolton et al., 2005; Choi and Storr, 2019), that have

evolved naturally as a way to harness these social tendencies and use them to push markets toward

cooperative outcomes.

The parallel literature on gift exchange, sprouting from theoretical developments (Akerlof, 1982,

1984), followed by experimental work beginning with Fehr et al. (1993), focuses on a similar problem

in labor markets. In stark contrast to the results found for experience goods, these gift-exchange

experiments seldom converged to the low-efficiency market-clearing competitive equilibria. This

phenomenon has been the subject of much subsequent study in economics; for example, Fehr et al.

(1998) provides evidence that reciprocity plays a large role in gift exchange outcomes. In a field

2While more contemporary, these concerns stem from insights that were foundational to economic thought, dating

back to The Theory of Moral Sentiments (Smith, 1822).
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experiment, Falk (2007) found gift exchange to be an effective method of soliciting charitable do-

nations. Both Gneezy and List (2006) and Kube et al. (2012) tested gift exchange in real labor

markets, and consistently found evidence of reciprocal gift exchange as a mechanism for supporting

efficient outcomes. However, Gneezy and List (2006) found these deviations from the competitive

outcome to be transient rather than persistent.

For some time, researchers interested in this broad class of inquiry have been perplexed by the

seeming inconsistency between the quite pessimistic results of lemons market experiments (e.g.

Lynch et al. (1986)) and the much more optimistic results for the possibility of efficient outcomes

in terms of “unenforced warranties” of action in the gift-exchange literature. Indeed, Fehr and Falk

(2008) note that “in the context of our [i.e. the gift-exchange literature] experiments, the analogous

[to Lynch et al. (1986)] result would be that workers would almost always choose [the lowest pos-

sible effort] and that firms pay wages that are very close to corresponding competitive equilibrium

wage. Where does this remarkable difference between our results and the Lynch, et al. . . results

come from?” The authors proceed to list several possibilities, including differences in excess sup-

ply/excess demand, the possibility (or not) of incurring economic losses3, and the granularity of the

quality choices.4 For example, Rigdon (2002) changed the design so that losses to the “firm” are

technically possible, but sets the parameters in a way which mitigates this possibility. Healy (2007)

and Brandts and Charness (2004) also change the wage-payoff equation, but in the context of other

design modifications; Charness et al. (2004) found evidence that the optimistic gift exchange results

are remarkably sensitive to the presence of a detailed payoff table for subjects. With the following

work we hope to continue in the exploration of the boundaries which define the disparate results

between the two literatures.

2.2. Reputation Systems. The importance of feedback systems on online markets has been a

popular issue of study among economists, due in part to its ubiquity in contemporary market plat-

forms. To this end, a large number of studies, both experimental and empirical, of the effectiveness

of reputation feedback mechanisms have been performed to study their properties. These studies

have taken place both in the lab (Keser, 2003; Bolton et al., 2004, 2005; Wibral, 2015), and the field

(Houser and Wooders, 2006; Resnick et al., 2006; Jin and Kato, 2006; Nosko and Tadelis, 2015).

3No economic losses were possible in the traditional gift exchange experiments, but they are possible in Lynch et al.

(1986).
4Quality in Lynch et al. (1986) is dichotomous; effort in gift exchange experiments is typically more granular.
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Bar-Isaac and Tadelis (2008) provides a comprehensive review of reputation concerns, and arguments

for how seller reputation can offset the moral hazard problem by increasing informational efficiency.

Likewise, Tadelis (2016) presents a review of reputation system design in platform markets, the

positives and the negatives of its design features.

In another relevant study, Bolton et al. (2004) investigated the effectiveness of online reputation

systems using a different experimental design. Their design consisted of variations in a partner

matching process, followed by a market game along with – as a treatment – a reputation system

which perfectly displayed the past behavior of the matched seller. This design closely resembled

a classic trust game, as opposed to more traditional market designs. Their results emphasized the

importance of the market’s social embeddedness, as put forth by Granovetter (1985). That is,

theoretically a “perfect” reputation aggregation system should allow buyers to achieve the same

outcome through indirect reciprocity as could be achieved in an environment with fixed partners

through direct reciprocity. However, Bolton et al. (2004) found that the source of information also

plays a crucial role in how it is processed by the buyer. Although the addition of a reputation system

increased efficiency relative to the market with random rematching, gains from the introduction of

the feedback system were not sufficient for the market to reach the same levels of efficiency that

could be achieved in a repeated fixed-partner interaction.

Indeed, the results found in Bolton et al. (2004) resemble those found in Lynch et al. (1986) on

the introduction of a “public announcement”. Our unique market experiment design is capable of

simultaneously reconciling these two results with each other, and establishing the robustness of these

results to certain changes in the market environment such as higher trading frequency and potential

imperfections in the feedback system introduced by human error and subjectivity in ratings.

Both Bolton et al. (2005) and Seinen and Schram (2006) conducted reciprocal “helping” exper-

iments and found that automatically- calculated helping histories, to different degrees, encouraged

cooperation (although not necessarily in every treatment condition). Keser (2003) reports an in-

crease in efficiency in trust games with the introduction of reputation management mechanisms.

Wibral (2015) demonstrated that these reputation systems in trust games performed better when

they are structured so that sellers could not strategically change their identities. Recently, Keser and

Späth (2020) has shown how biases inherent to the aggregation method, such as “one-sided” systems

that do not allow negative feedback, can create losses in efficiency. This is further supported by Choi

and Storr (2019), which explains how reputation systems evolve to harness rent-seeking behavior,
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and use it to push markets toward cooperative outcomes, and later Choi and Storr (2021), which

provides experimental evidence supporting the hypothesis that reputation formation and learning

through market interaction can be most effective as a means of discovering whom not to trust.

In recent work by Magnusson (2020), data from Amazon is used to examine the price premium

for sellers with 5-star ratings versus those with lower 4.5-star ratings. To the author’s surprise, they

find a persistent negative premium as the market gets larger, implying that the highest-rated sellers

can actually receive lower prices on the margin. Our results suggest a concrete driving force behind

this seemingly perplexing result – ratings are determined primarily by surplus value to the buyer,

rather than solely by the quality of the good. This suggests an inverse causal relationship between

prices and ratings to what might be expected; price is a significant factor in determining rating,

which means that sellers who offer lower prices receive better ratings, resulting in the appearance of

a negative price premium.

Previously, Huck et al. (2016) has found experimental evidence of the importance of price in

determining seller reputation, who also stress the important role of a reputation system as a mech-

anism to stimulate trust. Differently from our work, the environment they studied did not allow for

costless advertisement of product quality. They found that the focus of buyers on price alone led

to efficiency losses in the market. By introducing costless product quality advertisement, we allow

buyers to focus on the advertised surplus, rather than advertised price alone. This distinction allows

separate markets to emerge for high and low quality goods leading to efficiency gains, and allows us

to examine the role of honesty in determining seller reputations and market outcomes.

Another relevant question is the role of honesty in determining reputation, and its role in support-

ing efficient markets. For example, Pigors and Rockenbach (2016) investigates how the transparency

of honest behavior can give firms a competitive edge, when consumers are dishonesty-averse. While

we do not find much evidence of dishonesty aversion, we do find that honest sellers maintain higher

reputations. These reputations are driven by the increased surplus value to buyers provided by

honest behavior, which feeds back into their reputation and gives them a competitive advantage.

Bohnet and Huck (2004) found experimental evidence that direct and indirect reputation systems

increased both trust and honesty in an environment with changing institutions. In Bandyopadhyay

(2013), a theoretical model of market interaction is developed that relates product quality and rep-

utation with honesty, trust, and market concentration. They find that thick markets are associated

with high levels of trust and honesty. Their result is intuitive; producing high quality goods is only
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worthwhile if buyers can trust that they are legitimate, and the level of trust in the marketplace

is a function of the honesty of the sellers. This means that thick markets with active buyers are

associated with the honest provision of higher quality goods, relative to thinner markets with less

trust.

A number of our results can be seen as related to the Alchian-Allen effect (Alchian and Allen,

1964), sometimes called the “third law of demand” or “shipping the good apples out.” This law

postulates that in a market with high- and low-quality substitute goods, the addition of a fixed

transaction cost disproportionately lowers the relative price of the high-quality good. When intro-

ducing a rating system lowers the cost of building and advertising a reputation, this should then

have the effect of raising the relative prices of high-quality goods; in other words, preventing the

collapse of the market to the lemons outcome. Considering the structure of these reputation building

incentives, and particularly how advertising the simple average rating gives competitive advantage

in reputation advertising to sellers who have already earned high ratings, this effect can explain

some of our later results; in particular, the selection of honest sellers out of the market for lemons

entirely.

2.3. Applications for Real-World Markets. The massive migration of consumers to online peer-

to-peer markets in the digital age is cause for a renewed interest in consumer protection economics

(Einav et al., 2016). While the gold-standard in consumer protection is the warranty (Lynch et al.,

1986), these may not always be feasible. For example, they may be prohibitively expensive (Palfrey

and Romer, 1983) and may encourage two-sided moral hazard in markets for experience goods, in

which consumers abuse or neglect the product in order to take advantage of the sellers commitment

to take on the cost of repair or replacement. Other measures such as escrow systems can also fall

short in practice (Hu et al., 2004; Farronato et al., 2020). Thus, the burden of promoting trust

and efficiency in many market platforms can come down to the ability to effectively aggregate and

disseminate information about sellers’ reputations.

The results of this paper will provide recommendations for the broader question of the effectiveness

of reputation feedback systems in online market platforms. In particular, our results will provide

evidence that inclusion of a buyer feedback system in markets for experience goods – in which

warranties may be difficult or impossible to implement – can lead to robust efficiency gains.
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Previous results have found some evidence that reputation improves efficiency, but would not be

enough to support “fully” efficient outcomes. There have been many investigations of various mani-

festations of ratings systems which agree; Greif (1989) documents in extensive detail the institutions

that allowed Maghribi traders in the 11th century to develop reputations. Houser and Wooders

(2006) examined field data from eBay and found that ratings were useful, but they noted that eBay

allows for more extensive customer feedback than simple ratings.

Other early works have considered the effects of advertising on prices in markets for experience

goods. An example is Benham (1972), which looks at the effect of advertising restrictions on the

price of eyeglasses and optometry. They find that restrictions on advertising make it harder for new

firms to establish reputations, and increase the opportunities for price discrimination. They find

that advertising leads to price increases, but that consumer surplus is recovered through an increase

in knowledge about the market. Subsequently, Glazer (1981) harnesses variation in advertising

opportunities, generated by a 1979 New York City newspaper strike with differential impacts across

boroughs, to identify the effect of advertising on food prices. They find that the strike increased the

prices of certain food types whose prices are heavily advertised, and in areas that were highly affected.

They also find, however, that changes in the prices are transient and disappear as consumers learn

more about their true distribution. Milyo and Waldfogel (1999) uses the 1996 “44 Liquormart” case –

in which the US Supreme Court overturned a longstanding ban on advertising of alcoholic beverages

in Rhode Island – to identify the effects of advertising on prices in the market for liquor. In this

causal framework, they fail to identify any effect of advertising on the prices charged in the market.

However, they do find evidence that advertising has an effect on the structure of the market; stores

that are able to successfully advertise a reputation for offering low prices attracting more consumers

than firms who do not advertise. Later, in a field experiment, Hilger et al. (2011) studied the

advertisement and building of reputation (through expert reviews) in the market for wine, and

found that reliable reputation information can significantly increase demand for experience goods.

Many models of reputation building in markets with ambiguous endpoints rely on an assumption

that a seller commits to a quality level at the beginning of their interaction with a buyer, and

maintains that quality through the duration of the buyer-seller relationship. Such an assumption,

however, should be made with extreme caution. This is due to the phenomenon that ambiguous

endpoints and a decreasing marginal impact of reputation adjustment as sellers accumulate large

numbers of ratings can lead to an increasing incentive for sellers to switch from high to low quality.
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This is supported further by the finding of Jin and Kato (2006), in which the authors conduct a

field experiment of baseball card sellers on eBay, and find that a sellers reputation is not necessarily

an indicator of high future quality. Our results, somewhat surprisingly, will show an apparent

overweighting of the value of maintaining a high reputation by sellers, which leads to a tendency for

reputable sellers to continue offering high-quality products, even in spite of their increasing incentive

to scam buyers.5

There is a large literature verifying the presence of the Alchian-Allen effect in real world markets,

primarily using the example of transportation costs rather than reputation building. For example,

Hummels and Skiba (2004) analyzed transportation and shipping data for a large number of goods,

and found strong evidence that the fixed costs of tariffs leads to a relative decrease in demand for

high-quality goods. The hypothesis has also been applied and verified in the markets for other

experience goods, such as lobsters (Cowen and Tabarrok, 1995), gasoline (Lawson et al., 2006;

Widyastuti and Hartono, 2019), coffee (Miljkovic and Gómez, 2019), marijuana (Lawson and Nesbit,

2013), automobiles (Resiandini, 2014), and even sporting events (Cobb and Olberding, 2010).

Lemons-type issues may exist even in settings when warranties are more feasible; for example,

Iizuka (2012) pointed out a similar market failure in the Japanese pharmaceutical market. They

showed that the ability of physicians in Japan to profit from medication prescriptions led to a similar

problem of moral hazard in the market for legal prescription drugs. That is, they show how profit-

seeking physicians have the incentive to over-prescribe brand-name medications relative to their

cheaper but equally effective generic alternatives; even when warranties are enforceable, a familiar

incentive problem can arise with sellers who have the incentive to sell the same quality good for a

higher price. Our results suggest that some form of reputation feedback system should be effective

at mitigating this incentive.

Using our unique dataset, we conduct an examination of the decision processes used by both buyers

and sellers in a market for experience goods with ambiguous endpoints, and the effect of including

a simple reputation feedback system reminiscent of those used in real-world online markets. We

5A classic example of a market with an ambiguous endpoint and is that for illicit drugs. For obvious reasons, warranties
are not enforceable in such markets; the seller decision is thus characterized by a familiar tradeoff. That is, the seller

must choose between whether to deliver a high quality good in effort to build and maintain a profitable long-term
relationship with the buyer, or to take advantage of the new buyer by selling a poor quality good at a high price and
risk the buyer moving to a new seller. This tradeoff was first noted in the economics literature by Galenianos et al.

(2012), and extended by Galenianos and Gavazza (2017). Indeed, illicit market platforms have unanimously adopted
reputation systems, and these have been largely successful in preventing common buyer exploitation strategies by

sellers (Espinosa, 2019).
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also provide evidence that the apparent negative price premium associated with high ratings may

be caused in part by the role of price in determining ratings. Finally, we analyze the networks of

trust that form between buyers and sellers to study the effectiveness of the information spreading

and its effects in supporting diverse, high quality transactions.

3. Experimental Design

Market sessions consisted of a set of 6 sellers and 8 buyers. These buyers and sellers interacted and

exchanged goods in order to earn Experimental Currency Units (ECUs), which were redeemed at the

end of the experiment at an exchange rate of 150 ECUs to 1 US Dollar. Sellers had constant per-unit

production costs of 120 ECUs per high quality good and 20 ECUs per good for low quality units.

Buyers had decreasing marginal redemption values. The resulting supply and demand configuration,

which we call the “demand-overhang”, is displayed in Figure 1.6 Units traded are experience goods,

where the sellers could advertise one quality but deliver the same or a different quality, with the

result revealed privately unit-by-unit just after purchase. Subjects did not rotate types and sellers

were publicly identified by a letter {A, B, . . . , F}, which were also fixed throughout the experiment.

Transactions associated with a Seller were identified with that Seller’s ID letter.

These parameters of the experimental markets were chosen to be faithful to the setting used in

classic lemons market experiments. Indeed, data from the baseline “No Ratings” sessions for this

paper were used in the Dunkle et al. (2022) robustness study of Lynch et al. (1986).

3.1. Core Experimental Design. For the experimental sessions, we used an “open book” market,

programmed in zTree Fischbacher (2007). In this market, sellers could post up to two offers at any

time during the market period, and at any price (above their marginal cost) at any time during the

period. A single market period lasted 120 seconds. During this time, they could also watch the offers

of other sellers and observe whether their own early units sold. These offers could be advertised

and delivered at one of two possible quality levels – the low quality “Regular” and the high quality

“Super”. Sellers were informed that the advertised value of a good did not have to be the same as

its actual value.

Buyers had the option to accept any offers that were open and have not yet been accepted at

any point during the period. Offers posted could not be withdrawn by the sellers, or returned by

the buyers after they were accepted. There was no price improvement rule. Screen shots of the

6Figure 1 is recreated from Dunkle et al. (2022)
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Figure 1. The “Demand-Overhang” Supply and Demand Configuration

trading mechanism are included in the subject instructions, which can be found in Appendix A.

We recruited subjects from the XS/FS database at Florida State University, which is managed by

the ORSEE subject recruitment system (Greiner, 2004). No subjects were brought back for any

“experienced” sessions.

While the opportunity for buyers to lose money was an important feature, we had to carefully

design a bankruptcy rule that would ensure buyers can still earn at least their show-up fee. We

included a detailed feature consisting of a 375 ECU initial balance, a 50 ECU balance addition in

each period, and an explicit bankruptcy rule. In this rule any buyer with a negative balance at the

end of the experiment would receive only the “show up fee” of $10.00.7

For our “ambiguous endpoint” design, we implemented a system which we called deliberate am-

biguity. The subjects were told that an ending period was chosen in advance, but that it would not

be revealed to them until the conclusion of the session. They were told, however, that it would be

at least six periods. The actual number of periods was nine. This number was indeed chosen in

7Out of 96 buyers, only one went bankrupt.
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advance using a constant continuation probability, and was not tied to performance. In order to

establish and maintain credibility with the subject population, an envelope was placed on the white

board at the front of the room with the ending period written in it. Subjects were informed of this

envelope and that it would be opened at the end of the experiment, revealing the actual number

of periods that they had experienced. In this way, subjects could be made ambiguous about the

exact length of the experiment without introducing some potential subject level uncertainty about

whether the experiment length would depend on their actions in some untold manner.

3.2. Ratings Treatment. Prior work in experimental markets (Lynch et al., 1986; Bolton et al.,

2004) has suggested that a typical ratings or reputation feedback system should be effective in

supporting efficiency in the market, although not to the fullest extent. In order to observe how

behavior in this market changes when reputation feedback is introduced we included an updated

institution for public announcement and seller feedback which has emerged in experience-goods

markets, namely a buyer-driven “five-star” rating system. These types of feedback systems are

ubiquitous in online markets as mechanisms for reputation aggregation.

In the ratings treatment, at the end of each period, buyers could rate each of their transactions

between one (a poor experience) and five (an excellent experience). The ratings were averaged and

accumulated for all sellers, and across all periods, with the resulting average rating announced at

the end of each market stage and displayed on the market screen throughout the subsequent period.

We conducted a total of 12 sessions, six with ratings and six without. A copy of the instructions

(“Ratings” version) is included as Appendix A.

4. Predictions

Due to the deliberately ambiguous endpoint design, formal game-theoretic models of reputation in

either finite-known-end-point models (for example, Selten (1978) or Kreps et al. (1982)) or infinitely

repeated models are difficult to apply directly. However, the models of Akerlof (1970) and Klein and

Leffler (1981) provide useful insight. Due particularly to the similarities between our design with

Lynch et al. (1986), we anticipate behavior resembling the “lemons” family of environments. Based

upon these results, our first hypothesis is:
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Hypothesis 1. Reputation and brand names in a market for experience goods are not sufficient

devices to support efficient market operation even in the case of repeat purchases, given a world of

ambiguous end-points.

Bolton et al. (2004) conducted market experiments with built-in seller feedback mechanisms and

also found that providing feedback on sellers’ behavior can increase efficiency. They remarked

that both trust and trustworthiness were underprovided due to a failure of buyers to internalize

the externalities that they generate. Notably, these experimental markets consisted of interactions

between matched partners and with a known length, in contrast to our open-book posted offer and

ambiguous end-point market design. They found substantial end-point effects and results reminiscent

of the Kreps et al. (1982) model of reputation building in finitely repeated games – sellers were willing

to “play along” and maintain a strong reputation for a while, but eventually began to defect and

attempt to use this reputation to take advantage of buyers.

Based on this reasoning, we present the following hypotheses about the introduction of ratings

systems:

Hypothesis 2. The introduction of ratings to the market increases efficiency relative to markets

without a feedback mechanism.

4.1. Measuring the Spread of Information: Markets as Networks. In this section, we adopt

a network paradigm to analyze the spread of information through the market, and develop some

intuitive metrics to describe this spread based on features of the observed networks.

Networks provide an ideal analytical environment with which to study the spread of information.

In his original formulation of embeddedness, Granovetter (1985) emphasised “the role of concrete

personal relations and structures (or ‘networks’) of such relations in generating trust and discouraging

malfeasance.” The core idea behind this analysis is that as information propagates through the

community, buyers who hear positive feedback from others may then be more likely to act on this

information by buying from similar sellers. Buyers who have more trust in the market are more

willing to experiment, leading to a diverse and connected network structure. While we might expect

fixed seller identifiers alone to allow for sellers to accrue some type of reputation, this should be

associated with highly decentralized and bilateral networks of trust, developing through individual

personal experience and repeated interaction with specific sellers. If a ratings system, on the other

hand, can effectively spread information about sellers’ behavior through the community, it should
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promote diverse and connected networks of trust in the market for high-quality goods. This has a

direct impact on the efficiency of these markets, because diverse patterns of trust generate incentives

for sellers to continue providing high quality goods. This diversity leads to overall increases in trust

and efficiency, and the ability of a platform to encourage this trust cements its institutional value.

Another facet of the embeddedness approach is that the source of information matters. Our

results agree with the argument that individuals favor private information to information with a

larger social distance (Granovetter, 1985; Bolton et al., 2004). In Granovetter’s words, “we settle

for such generalized information when nothing better is available, but ordinarily we seek better

information. Better than the statement that someone is known to be reliable is information from a

trusted informant that he has dealt with that individual and found him so. Even better is information

from one’s own past dealings with that person.” By decomposing the network we show that the

presence of a feedback system boosts the overall levels of trust in the market, evidenced by buyers

who are more active and more willing to experiment with new sellers. Enabled by this new trust,

increased activity in turn stimulates a change of behavior on the supply side, encouraging a new

avenue for competition that results in aggregate product quality improvements and prevents the

“collapse” to lemons market outcomes.

In particular, this approach highlights the value of using the networks that form between buyers

and sellers to measure trust in a market. Networks and social capital are a popular choice for

measuring trust and trustworthiness (Glaeser et al., 2000; Karlan, 2005; Riyanto and Jonathan,

2018; Choi et al., 2020), but to the best of our knowledge, this paradigm has yet to be applied

to the bipartite networks that form between buyers and sellers in a market (Bi et al., 2021). The

approach is particularly powerful in this setting given that many of the most natural measures of

trust and trustworthiness that we can construct correspond naturally with commonly used indicators

of market concentration and segregation. This provides a convenient link between the concepts of

networks and markets. Specifically, we model long-term market outcomes as a bipartite network

between buyers and sellers, in which a link between a buyer and seller represents the sale of a good,

use these to measure information spread and decentralization, and examine treatment effects on

these measures.

While, theoretically, a fixed seller identifier alone should be sufficient to establish some repu-

tational efficiency, in the lab this feature has not held up as a realistic mechanism for reputation

building. On the other hand, standard rating-based seller reputation systems are riddled with their
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Figure 2. Example outcomes in two markets for high-quality goods

own biases and inefficiencies (Keser and Späth, 2020; Nosko and Tadelis, 2015), which are inherent

in the intricacies of their design. Given this, it is not clear exactly to what extent we should expect

seller reputation systems to be effective in spreading various types of useful information.

We will use this bipartite network model to study the properties of the networks that emerge in

various conditions; in particular to develop measures of their (de-)centralization and concentration.8

This is not without precedent; markets and networks are closely related environments, and the

mathematics used to describe them is inescapably intertwined (see, e.g. Easley et al. (2010) for

an overview and Bi et al. (2021) for an example of the bipartite network approach). By modelling

market outcomes as bipartite graphs (networks), and analyzing their features across platforms and

treatment conditions, we can use the mathematical tools of graph theory to study the information

sharing features enabled by different reputation systems, and analyze to which extent standard

reputation systems are effective in spreading valuable information and trust through the market.

We can model outcomes in each market as a bipartite (multi)graph9 G = (N = (S,B), E) of

transaction relationships. In this framework, S is the set of sellers, with sellers indexed by i ∈

8In the sense of, e.g. Peivandi and Vohra (2021).
9A multigraph refers to a graph (network) in which there can be multiple edges (links) between dyads (pairs of

nodes). Such a graph is called bipartite if its nodes can be separated into two distinct groups, so that all links are
between groups and there are no links between nodes in the same group. A two-sided market will naturally satisfy

this restriction as long as there are no nodes which simultaneously act as both a seller and buyer.
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{1, 2, . . . , n} where n is the number of sellers in the market), B are the buyers (indexed by j ∈

{1, 2, . . . ,m}), and E ⊂ S ×B, is a set of edges or links, representing a number of goods sold from a

seller to a buyer. These links are coupled with positive integer weights wij ∈ Z+, representing the

number of goods sold between this pair, and the resulting data structure is called a multigraph. In

addition, we will separate different markets into different layers of the graph by including links only

to represent certain “types” of good. We are left with transaction graphs to describe the market

for (truthfully advertised) high-quality goods GH , a graph of falsely advertised high-quality goods

(which are actually low-quality) GF , and GL, the market for truthfully advertised low-quality goods.

We can use the structure of these bipartite graph structures to gain understanding of how in-

formation design can build trust and drive centralization in the market platform. Figure 2 shows

examples of these bipartite graphs for each treatment: no ratings (but fixed seller ID’s) and with

ratings. Specifically, we are interested in how information externalities generated by the rating sys-

tem affect features of the markets. We will examine the effects of the treatment on a number of

metrics generated by these bipartite graphs.

The first, and most straightforward measure is the network degree. This is simply the number

of goods sold in the market, or the number of edges in each graph. Mathematically, for a graph

G, the degree is given by d(G) =
∑

(i,j)∈E wij . If the simple rating system is effective at promoting

efficient market outcomes, we should expect the treatment to have a positive effect on the number

of high-quality goods that are successfully sold in the market.

Furthermore, if the feedback system is successful in allowing buyers to discriminate between sellers

based on their reputation for delivering truthfully advertised goods to the market, we may expect to

observe fewer transactions in the market for low-quality goods which are advertised as high-quality.

The reasoning here is straightforward; if buyers use feedback to inform the rest of the market about

which sellers are falsely advertising, then others should be able to use this information to avoid

buying falsely advertised goods. On the other side of the market, sellers who understand the value

of having a high rating will compete for reputation by offering high-quality goods and advertising

them truthfully. This leads to our third hypothesis, regarding the effect of the rating system on the

prevalence of false advertising behavior:

Hypothesis 3. The introduction of five-star ratings in the treatment decreases the frequency of

transactions involving “lemons” – low-quality goods that are falsely advertised as high-quality.
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We can further dissect this hypothesis by harnessing the structure of trading relationships; using

the patterns that form between buyers and sellers to identify different measures of trust in the

market. In the absence of a feedback mechanism, the only mechanism for reputation formation

is through the development of strong pairwise (dyadic) relationships between buyers and sellers.

Buyers can rely only on their own private information through repeated interaction with a seller and

thus experimentation with new sellers can be costly, especially if buyers are risk averse. This can

lead to markets that are fragmented into bilateral buyer-seller pairs, and which discourage diverse

interaction. Further, the depth of options made available by a central platform cannot translate

to value on the demand side, because experimentation is risky. When buyers are discouraged from

experimenting with different sellers, an unscrupulous seller can take advantage of the permanence of

their relationship by lowering product quality. In other words, buyers have private information about

sellers’ behavior, based only on their own personal experiences with those sellers, but there is no way

for the buyers to share this information with other buyers. Feedback systems introduce a mechanism

by which buyers can publicly identify which sellers have historically behaved well or, perhaps more

importantly, have behaved poorly. This should reduce the perceived risk and search costs associated

with exploring new sellers, leading to buyers who are more willing to spread their purchases across

sellers and a more centralized market for high-quality goods. Our next hypothesis concerns the

ability of the rating system to reduce the perceived search costs associated with experimentation,

leading to the promotion of diversely connected and central markets:

Hypothesis 4. The market for truthfully advertised high-quality goods is more “platform-centric”

with the rating system than without; reputation concerns encourage balanced and diverse patterns of

connectivity between buyers and sellers.

Because the benefits of reputation aggregation systems are thought to come primarily through

buyers learning who not to trust, we are also particularly interested in what will happen on the

“lemons” side of the market (beyond a simple decrease in frequency.) For example, if the threat of

acquiring bad reputation discourages some reputation-focused sellers from ever participating in false-

advertising behavior, there should be fewer overall sellers participating in this market at all – leading

to a high concentration on the supply side of the market for lemons. This may be explained by the

Alchian-Allen effect; since the rating displayed is a simple average over all periods, a seller who has
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already attained a good reputation has a competitive advantage in maintaining it, discouraging them

from participating in the dishonest lemons market. This forms the basis for our next hypothesis:

Hypothesis 5. The reputation system allows for higher seller centralization in the market for falsely

advertised goods.

On the demand side, if buyers are able to successfully use the rating system to spread information

about which sellers are falsely advertising, then there should be a higher buyer centralization in the

market for lemons. In other words, if a buyer has a bad experience with a seller who is falsely

advertising, they can use the rating system to share information with the other buyers about which

sellers are behaving poorly, and help them avoid making the same mistakes. If buyers are successfully

using the rating system to this end, this should lead to fewer overall buyers participating in the

market for lemons, and thus a higher concentration on the demand side. On the flip side, restricted

supply may lead to a public goods problem in which buyers fail to accurately spread information,

because reduced search costs to other buyers may lead to increased competition for interaction with

the honest sellers. This makes it costly to effectively share information about their experience for

sellers. Our final hypothesis examines this connection, by seeking structural changes on the demand

side in the market for lemons. In other words, we hypothesize that buyers will overcome the public

goods problem to successfully share information about which sellers are performing poorly:

Hypothesis 6. The reputation system leads to higher buyer centralization in the market for falsely

advertised goods.

We can measure these outcomes using traditional measures of market centralization, that are

easily expressed in the network framework. For example, the Herfindahl-Hirschmann Index (HHI)

for sellers is given by:

(1) CS(G) =
∑
i∈S

(∑
j∈B:(i,j)∈E wij∑

(k,j)∈E wkj

)2

.

This measures “balance” in the number of firms selling this good. This type of balance and concentra-

tion can also be measured on the demand side for buyers (again based on the Herfindahl-Hirschmann

Index):

(2) CB(G) =
∑
i∈B

(∑
j∈S:(i,j)∈E wij∑

(k,j)∈E wkj

)2

.



20 SOLIMINE AND ISAAC

These indices measure balance in the degree of each type of individual in the market. They take a

high value if a small set of individuals makes up a large portion of the market transactions, and a

low value otherwise.

More advanced graph metrics can be used to describe centralization and patterns of interaction

in these markets. If the feedback system is effective in spreading information about the behavior of

sellers, then it is easier for buyers to find sellers who are selling valuable goods. On the flip side, it

should also be easier for buyers to realize which sellers are falsely advertising, and avoid those sellers.

We adopt two metrics to describe the centrality of markets in each platform. The first, denoted C is

based on the Herfindahl-Hirschmann index (HHI), adapted to measure dyadic centralization rather

than market concentration among sellers. This is given by:

(3) CD(G) =
∑

(i,j)∈E

(
wij∑

(i,j)∈E wij

)2

This is a straightforward measure of dyadic concentration in the bipartite transaction multigraph

– if all transactions in a given market are focused entirely over a single buyer-seller link, then

wij =
∑

(i,j) wij and thus CB = CS = CD = 1. On the other hand, if the platform is effective at

promoting information spread, then link weights should be more evenly distributed across dyads.

This leads to a lower estimate of CD, which represents a more centralized market. A similar measure

would be the entropy of the distribution of link weights. The formula for this would be:

(4) Hw(G) = −
∑

(i,j)∈E

(
wij∑

(k,l)∈E wkl

)
log

(
wij∑

(k,l)∈E wkl

)

Dyadic centralization allows us to examine how strong individual relationships develop, devaluing

the platform by discouraging exploration and interaction with a diverse set of sellers. On the other

hand, a global measure of centralization allows us to determine whether a small set of influential

nodes emerges on either the buyer or seller side. The measure we will use to quantify this uniformity

is the graph’s Von Neumann entropy. This approach views the graph of transaction outcomes as a

quantum density operator, and measures its energy. This energy corresponds with a global measure

of connectivity, uniformity, and balance in the network, and bounds the entropy of the degree

distribution (Simmons et al., 2018).

The Von Neumann entropy (often referred to as the Von-Neumann Theil index) is constructed

based on the entropy of the eigenvalues of the graph’s associated Laplacian matrix. For the full
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construction, see Appendix C. This index serves as a convenient measure of its centralization in terms

of mixture, balance, and connectivity. High values indicate a market that is balanced, connected,

and diverse, while markets that are fragmented into a small number of bilateral relationships will

have lower entropy.

We will refer to markets with high entropy as being “platform-centric”; high entropy illustrates

that the platform adds value to the market by encouraging balanced participation, and preventing

buyer-seller pairs from splitting off into bilateral trading partnerships. In particular, eigenvalues

of the Laplacian matrix represent the algebraic connectivity, because the eigenvalue 0 occurs with

algebraic multiplicity equal to the number of separate connected components in the graph. Thus a

fragmented, disconnected market will correspond to a network of market outcomes with low Von-

Neumann entropy, while a connected, regular, and balanced market will yield a higher entropy.

5. Results

We report on the results of 12 groups (one market per session). Graphs depicting behavior in all

12 market sessions are contained in Appendix A.10 The figures display actual delivered item quality.

An “x” indicates a good delivered as high quality. An “o” indicates a delivered low quality good.

A “∗” indicates a high quality good that did not sell. A diamond indicates a low quality good that

did not sell. The dashed line is at the price 185, which is the maximum price above which a buyer is

guaranteed to lose money on a low quality purchase. We have developed the following two summary

indices. First, “Efficient Provision” is the number of offers in each session that are high quality

divided by 108 (the maximum number of trades in 9 periods). The second is “Reputation Offers”

which is, for each session, the proportion of units advertised as high quality which were correctly

advertised (regardless of whether or not that unit sold). In an efficient competitive equilibrium,

those numbers would be 1.00. Table 1 lists the indices for all six no-ratings sessions.

Result 1. We found strong support for Hypothesis 1. In the “No Ratings” setting, “brand names”

or fixed seller identifier in a market for experience goods are not sufficient devices to support efficient

market operation, even in the case of repeat purchases.

These same indices can be calculated for the six “Ratings” sessions, in Table 2. Clearly, even

with the possibility of ratings, these markets fell far short of the efficient competitive equilibrium.

10Note that Panel (A) in Figures 5-10 are similar to those presented in Dunkle et al. (2022).
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Session Efficient Provision Reputation Offers
NR 1 0.45 0.58
NR 2 0.01 0.02
NR 3 0.23 0.55
NR 4 0.31 0.50
NR 5 0.19 0.38
NR 6 0.14 0.27

Average “No Ratings” 0.2 0.38

Table 1. Efficiency and Reputation in “No Ratings” Treatments

Session Efficient Provision Reputation Offers
R 1 0.19 0.50
R 2 0.47 0.63
R 3 0.48 0.68
R 4 0.47 0.59
R 5 0.46 0.68
R 6 0.43 0.71

Average “Ratings” 0.42 0.63

Table 2. Efficiency and Reputation in “Ratings” Treatments

We compare the two indices across both treatments and report that a one-tailed Mann-Whitney

ranked-sum test between the “No-Ratings” and the “Ratings” condition yields a p-value of 0.018

(for the efficient provision index) and a p-value of 0.008 (for the reputation delivery index). Thus,

we offer the following conclusion regarding Hypothesis 2.

Result 2. Consistent with Hypothesis 2, a simple rating system increased efficiency in a market for

experience goods (although it was not sufficient to support fully efficient market outcomes).

Markets with the seller ratings are indeed capable of maintaining a significantly more efficient

operation than those without. Further, efficiency gains are realized almost entirely by buyers, and

regression results indicate that this result could indeed be driven by a failure of buyers to fully

internalize the reputation information provided by a seller’s rating. Another way to consider this

hypothesis is by examining the distributional effects of the markets and of the treatments. Table 3

presents the average per-period trading profits for buyers and sellers in each of the two treatments.

As a calibration, two competitive equilibrium predictions are also noted. These are the predicted

earnings if the competitive equilibrium is obtained in a market of only high quality goods, and the

corresponding figure for a market of entirely low quality goods.
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Treatment Buyers Sellers Total
No Ratings 50.33 1723.44 1733.77

Ratings 349.91 1733.76 2083.67
CE – High Quality Only 240.00 2160.00 2400.00
CE – Low Quality Only 120.00 870.00 990.00

Table 3. Total per period profits for buyers and sellers in each treatment, and the
Competitive Equilibrium (CE) levels in each independent market.

Even when counting only each session as one observation, the average per-period profits for buyers

is statistically different (two-tailed Chi-squared test) from that of the sellers with p = 0.02. The

difference in profits for the sellers is not statistically significant at any meaningful level (p = .98).

From this perspective, we find that the efficiency enhancing influences of the ratings system accrues

almost entirely to the buyers’ benefit.

5.1. More Quality or More “Reputation Builders”? The previous result of increased delivery

of high quality goods could have been driven by one (or both) of two possible changes in seller

behavior. First, it is possible that a large number of sellers began to deliver some more goods as

high quality, although not necessarily over a long stretch of the session. Alternatively, it is possible

that there were, with ratings, some sellers who become true “reputation sellers,” that is, advertising

and delivering high quality for long stretches throughout the experiment. To investigate this, we

offer Figure 3, which is a histogram, by seller, of the number of high quality goods delivered in each

of the “Ratings” and “No-Ratings” treatments.

One thing to notice is the dramatic drop in the number of sellers who never deliver a high quality

good (from 19 of 36 without ratings to 5 of 36 with ratings). This is consistent with the aggregate

results presented above. But what could we look for to define a “reputation seller”? Given that

subjects knew that the experiment might end as soon as period six, one logical definition might be

any seller who delivered 12 or more high quality goods, that is, they must have offered a sequence of

high quality goods extending past period 5. Using this definition, one can observe that with ratings,

the number of this type of “reputation sellers” did increase moderately with ratings, from 4 of 36

to 9 of 36 sellers. The p-value on this difference from a one-tailed Chi-squared test is 0.06 without

the Yates correction, and p = .11 with the Yates correction. It appears, therefore, that ratings have

an effect of incentivizing many sellers into attempting to build reputations for at least a modest

period of time, and a smaller effect of inducing some sellers into developing an extended string of

high quality deliveries.
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Figure 3. Seller frequencies for delivering high quality “Supers”.

5.2. Explaining Ratings and Reputation. What factors influence the rating a buyer assigns to a

specific transaction? An initial response from both anecdotal evidence in the field and the literature

cited earlier would be that buyers assign higher ratings to sellers who more frequently promise and

deliver higher quality goods. Figure 4 is a rough first cut at that relationship, and one can see that

ways in which this simple rule of thumb both does and does not do a good job. In Figure 4, each

ordered pair of (number of high quality goods delivered, final rating) is plotted. The line denotes

the mean final rating for each value of number of high quality goods delivered. A quadratic best-fit

line is overlayed as a dashed line in order to highlight the apparent concavity of the relationship

between the two variables – it appears that there is more going on here than reputation simply as

a linear function of the frequency of high-quality good delivery.

Notice that over the lower range of the scale, one can see a clear positive association between

the number of high quality goods delivered (personal reputation) and final rating. But that upward

trend appears to stall out at around seven units delivered; there is no obvious pattern between

number of high quality goods delivered and final average ratings beyond the middle peak. In fact,

the only seller to receive a perfect “5.0” rating delivered only seven goods as high quality, whereas

another seller who delivered 18 out of 18 goods as high quality received a rating of only just above
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Figure 4. The Nonlinear Relationship Between Quality and Reputation

a “3”. What else could be going on here beyond just whether the sellers deliver high quality goods?

An obvious candidate is how profitable the transaction is to the buyer. This profitability, however,

is driven not only by the quality of the product, but also by its price. It may even be the case

that a seller’s past reputation might play a role in the rating they receive for a good they sold.

We postulate the following regression model to explain empirically the rating based on a buyer’s

experience with the good, conditional on its purchase.

(5) Rki,j = β0 +β1π
k
i +β2

(
T k ×Hk

)
+β3

(
T k × Lk

)
+β4

[(
1− T k

)
× Lk

]
+β5R̄

t
j +β6N

k +γt+ εk

In this model, the marginal reputation (rating) assigned to a seller j by sale of a certain good k to

buyer i in period t, is determined by: the buyer’s surplus value or profit from purchasing the good,

an interaction term between a dummy variable T k for whether good k was advertised truthfully and

the delivered good was a high quality Hk, an interaction term which describes goods which were

advertised truthfully as low quality Lk, and an interaction which describes the situation in which

goods were falsely advertised as high quality but delivered as low quality. To avoid colinearity in the

regressors, we omit the term which describes a situation in which the good is truthfully advertised

and delivered as low quality. Nk is a dummy variable which indicates whether the buyer lost money



26 SOLIMINE AND ISAAC

(received a negative payoff) from the purchase of good k – either due to buying a good that was

priced higher than their valuation or a good that was falsely advertised as high quality at a high

price. In addition to these regressors, we account for the fact that a buyer might base their rating

decision in part on the seller’s observed rating in the current period by including a lagged term for

seller j’s average rating (reputation) at the start of the current period t. The final terms represent

fixed effects γt for the current period t and the canonical idiosyncratic error term εk. Because the

ratings outcome variable Rkij takes discrete values between 1 and 5, we estimate the model as an

ordered probit.

The results from a linear regression estimation are shown in Table 4. The left column displays

a specification with a simple dichotomous dummy variable indicating whether the seller truthfully

reported the quality of the item. The right column breaks down the type of misreporting represented

as in (5), with “truthfully advertised as low quality” as the omitted category. A few interesting

conclusions flow from these estimations. First, buyers raise ratings both when their buyer surplus

from the purchase is larger and when the seller representation is truthful. Looking at the standard

errors, however, it appears that the more robust of the two effects is that of buyer surplus. Notice

that having a large buyer surplus will typically be dependent both on an accurate representation

from the seller and on the seller offering a relative low price. In other words, it appears that,

conditional on buyer surplus, accurate representation of quality has less independent heft.

Thus, a seller who in fact delivers a high quality good when so advertised but who charges a price

so high that the buyer received little buyer surplus is less likely to receive a “five star” rating than a

seller who truthfully represents quality and charges a lower price. This result could help to explain

the negative premium puzzle documented in Amazon data by Magnusson (2020); in our markets,

offering lower prices is key to obtaining high ratings. Thus higher ratings will indicate a seller who

tends to offer lower prices.

The second interesting result is the strong persistence effect of reputation. A seller with a higher

overall cumulative reputation is more likely to receive a high rating on a transaction, even holding

constant buyer surplus and false advertisement. One interpretation of this persistence result is that

it is direct evidence of a type of reputation building in progress. Because reputation is aggregated

by a simple average (as typically used in practice), ratings obtained in earlier periods will already

necessarily play an important role in determining the average rating throughout the session. This

is compounded by the persistence effect.
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Table 4. Explaining Ratings and Reputation Building (Ordered Probit)

(1) (2) (3) (4)
Rating Rating Rating Rating

Buyer Surplus Value 0.00917∗∗∗ 0.00840∗∗∗ 0.0102∗∗∗ 0.0101∗∗∗

(0.00193) (0.00218) (0.00350) (0.00378)

Buyer Lost Money -0.890∗∗∗ -0.867∗∗∗ -0.575∗∗∗ -0.561∗∗

(0.215) (0.247) (0.215) (0.244)

Seller Average Rating 0.241∗∗∗ 0.246∗∗∗ 0.240∗∗∗ 0.242∗∗∗

(0.0811) (0.0795) (0.0673) (0.0629)

Truthful Advertisement -0.0209 0.109
(0.212) (0.263)

High Quality 0.173 0.0130
(Truthfully Advertised) (0.185) (0.138)

High Quality 0.220 -0.0324
(Falsely Advertised as Low) (0.390) (0.384)

Low Quality -0.00273 -0.147
(Falsely Advertised as High) (0.282) (0.352)

Period Dummies Yes Yes Yes Yes

Session Dummies Yes Yes Yes Yes

Cut 1 0.209 0.0983
(0.276) (0.366)

Cut 2 0.545 0.434
(0.293) (0.342)

Cut 3 0.979 0.869
(0.347) (0.351)

Cut 4 1.569 1.458
(0.415) (0.379)

N 551 551 551 551
∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01

Robust standard errors in parentheses, clustered for 47 buyers

The regression in column 2 of Table 4 shows the effect of each potential delivery outcome on rating

assigned by the buyer, relative to the omitted “reputation building” situation in which a seller

“surprises” the buyer by delivering a high quality good advertised as low quality. Interestingly,

results show that truthful delivery of a high quality good is better for reputation building than

surprising the buyer with a good worth more than expected.
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5.3. Effects of Reputation on Price and Sale Probability. In order to dissect sellers’ offer

prices, we construct additional regressors designed to describe reputation. These are the percentage

of possible high quality goods sold by the individual seller as well as the percentage of high quality

goods sold by the market. Any seller can sell up to two high quality goods per round, so this

regressor is constructed as # of high quality goods sold by a seller
2∗(Period−1) . Additionally, we construct a regressor

for the reputation of the entire market.11 Similar to the individual reputation, this measure is

simply the number of high quality goods delivered in the market, divided by how many would have

been sold in a perfectly efficient market (twelve per period). We then conduct estimations of these

parameters. The results of these estimations, for goods offered as high quality, can be found in Table

5. We also conducted these regressions on goods offered as low quality, results of which can be found

in Appendix B.

Our reasoning here is straightforward; we aim to discover, from the sellers’ perspective, what

the best price is that they believe they could offer a good at, conditional on their reputation. We

find a strong negative coefficient associated with the magnitude of a seller’s rating, reflecting a

negative rating premium. This coefficient, while surprising at first glance, could conceivably be

explained by the Alchian-Allen effect (Alchian and Allen, 1964); since rating is accrued as a simple

average over periods, it is relatively less costly for high-rated sellers to maintain a high reputation by

offering lower prices, than it is for sellers who already have some bad reviews. This reduces the fixed

costs of advertising a reputation for high-rated sellers, and provides them a competitive advantage

in maintaining their high rating by offering lower prices. Dishonest sellers who have received a

lower rating will find it more difficult to recover, reducing the marginal impact of a lower price on

their rating in the next round. This discourages dishonest sellers from attempting to recover their

reputation by making it more costly, splitting honest and dishonest sellers into the markets for high-

quality goods and lemons, respectively. This self selection provides further theoretical justification

for increasing seller centralization in the market for lemons, postulated in hypotheses 5, as sellers who

obtain low ratings early on have diminished incentive to ever participate in high-quality markets.

Further, it is clear that ratings do not completely take over for prior notions of reputation. That

is, sellers who sell many high quality goods command significantly higher prices in the market even

when controlling for rating. Sellers do not appear, however, to place much weight on the market

reputation when setting their prices, nor do they appear to bias the price of an actual high quality

11Analogous to the market reputation of Lynch et al. (1986).
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Table 5. Prices of Goods Offered as High Quality

(1) (2) (3) (4)
Price (Advertised High Quality)

Treatment × Seller Rating -12.62∗∗∗ -12.48∗∗∗ -9.779∗∗ -9.637∗∗

(3.635) (3.612) (4.439) (4.401)

% of Possible High Quality Goods 28.62∗∗∗ 28.39∗∗∗ 30.78∗∗ 30.74∗∗

(Seller) (10.66) (10.57) (12.099) (12.02)

% of Possible High Quality Goods -48.61 -35.48 -17.27 -16.41
(Market) (32.58) (29.94) (27.19) (26.61)

Actual Quality 4.568 4.570 3.111 2.877
(5.473) (5.568) (5.815) (5.832)

Treatment – – 25.89 25.45
(16.927) (16.819)

Constant – – – 234.5∗∗∗

(8.470)

Period Fixed Effects Yes – Yes –

Session Fixed Effects Yes Yes – –

N 676 676 676 676
∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01

Robust standard errors in parentheses, clustered for 68 sellers

“Treatment” refers to a dummy variable indicator of the ratings treatment

good (as opposed to a low quality good advertised as high quality) in any substantial or noteworthy

manner.

Coefficient estimates appear to be similar in sign and magnitude when controlling for both session

and period-level fixed effects. In regressions that do not include session fixed effects, we also include

a treatment dummy. This acts to shift the mean effect of seller rating, in order to yield a better

understanding of how the addition of a ratings system affects prices. When considering the treatment

dummy, it becomes clear that sellers with a low rating offer higher prices than in the baseline “No

Ratings” sessions, while sellers with a rating above three stars end up offering lower prices.

One of the benefits of our computerized market is that, contrary to a pen-and-paper double auction

design, we are able to capture not only the prices of goods which sell, but also information about

goods which buyers choose not to purchase. We hope that this will uncover some interesting new
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Table 6. Impacts of Price and Reputation on Probability of Purchase

(1) (2) (3) (4)
Probability of Purchase Probability of Purchase

(Advertised High Quality) (Advertised Low Quality)

Probit LPM Probit LPM

Price -0.0138∗∗∗ -0.00102∗∗ -0.0271∗∗∗ -0.00152∗∗∗

(0.00201) (0.000356) (0.00612) (0.000445)

Treatment × Seller Average Rating 0.486 0.0177 0.617∗ -0.0132
(0.343) (0.0134) (0.357) (0.0178)

Seller Reputation 1.792∗∗∗ 0.192∗∗∗ 1.123 0.0755
(% of Possible High Quality Goods) (0.594) (0.0394) (0.957) (0.0508)

Market Reputation 1.614∗∗∗ 0.403∗∗ 0.229 -0.0535
(% of Possible High Quality Goods) (0.572) (0.169) (0.736) (0.0585)

Treatment × Seller Reputation -0.233 -0.151∗∗∗ 7.632∗∗∗ -0.00451
(0.974) (0.0399) (2.908) (0.0798)

Treatment × Market Reputation -2.405 -0.384∗∗ -5.554∗∗∗ 0.156∗

(2.060) (0.184) (1.527) (0.0791)

Treatment 0.733 0.215∗∗ 1.382∗∗ 0.0162
(0.561) (0.0781) (0.586) (0.0441)

Period Fixed Effects Yes Yes Yes Yes

N 676 676 476 476

Standard errors in parentheses, clustered at the session level

“Treatment” refers to a dummy variable indicator of the ratings treatment.

information about what is driving persistence in ratings. In order to analyze this effect, we conduct

regressions of the probability of a good’s sale in the market on some features of that good, including

the seller’s reputation. Probit results show which variables are significant in determining whether a

good would sell, but in order to interpret the sign and magnitude of the resulting coefficients we also

estimate the regression as a linear probability model (LPM). Results of this analysis can be found

in Table 6.

Not surprisingly, we found price to be the foremost point on which buyers discriminate between

which goods to buy and which to avoid. Original notions of reputation, both at the individual

seller and market level, appear to contribute significantly to a buyers’ decision of whether or not
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to purchase a good. We also find that the seller rating and treatment indicator variables lack

significance in determining whether goods advertised as high quality would sell in the market. This

finding is consistent with the results of Bolton et al. (2004); buyers fail to fully internalize the

information that they are given about other people’s experiences, and rather overweight their own

experience with the sellers and the market.

This suggests a type of asymmetry in expectations between the buyers and sellers. That is, the

presence of ratings encourages well-regarded sellers to continue offering low prices in expectation

that it will lead to a higher probability of their goods selling in the market. Meanwhile, the buyers

do not appear to place significant weight on seller rating when choosing which good to purchase, but

do appear to discriminate between goods advertised as high quality from sellers with a history of

delivering high quality goods and those without, as well as the history of the entire market to deliver

high quality. Notably, because we have found a significant effect of the treatment on the number of

high-quality goods that sell, this gives an avenue through which the treatment affects behavior on

the demand side; ratings increase buyers’ overall trust in the market through this market reputation,

leading them to be more willing to purchase goods from a diverse set of sellers.

5.4. Market Structure and Centralization. Our results support the first two hypotheses re-

garding market structure. Evidence shows that the reputation feedback mechanism is successful

in helping platforms produce high quality markets that are more balanced and mixed. All statis-

tical tests and p-values in this section are based on a two-tailed nonparametric Mann-Whitney U

(Wilcoxon Rank Sum) test. Results obtained using this method are robust to dropping the anoma-

lous session NR6 (in which only one high-quality good was sold).

Result 3. Ratings cause a significant (p < 0.05) decrease in the frequency of false advertisements.

This result shows that a portion of the efficiency gains for buyers in markets with ratings is driven

by a decrease in false advertising behavior by the sellers. Our earlier structural analysis suggests

that this decrease in false advertising behavior is driven primarily by a competition among sellers

to obtain high reputation.

Result 4. We find strong evidence (p < 0.01) that the market for high-quality goods is more

platform-centric (as measured by the Von-Neumann entropy) in the presence of ratings than in

their absence.
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Table 7. Markets for High Quality Goods GH

Session Degree Dyadic HHI Dyadic Entropy VN Entropy Seller HHI Buyer HHI
d(GH) CD(GH) HD(GH) HV N (GH) CS(GH) CB(GH)

NR 1 25 0.1008 2.4670 1.9421 0.2192 0.2992
NR 2 49 0.1229 2.2946 1.8621 0.3103 0.2062
NR 3 15 0.3244 1.5066 1.2674 0.4400 0.4844
NR 4 21 0.1202 2.2025 1.6444 0.6372 0.1837
NR 5 33 0.1882 1.9469 1.5071 0.3829 0.3315
NR 6 1 1.0000 0.0000 0.0000 1.0000 1.0000
R 1 46 0.0662 2.9092 2.1231 0.2609 0.2004
R 2 50 0.0536 3.0593 2.2555 0.2424 0.1656
R 3 51 0.0481 3.1569 2.3133 0.2241 0.1380
R 4 52 0.0518 3.1278 2.3170 0.1952 0.1649
R 5 51 0.0673 2.9067 2.1998 0.2595 0.1711
R 6 21 0.1519 2.1365 1.6899 0.3787 0.2426
U 4.5∗∗ 3∗∗ 3∗∗ 2∗∗∗ 6∗ 3∗∗

Significance levels determined by a two-tailed nonparametric Mann-Whitney U test.
∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01

Table 8. Markets for Falsely Advertised Low Quality Goods GF

Session Degree Dyadic HHI Dyadic Entropy VN Entropy Seller HHI Buyer HHI
d(GL) CD(GL) HD(GL) HV N (GL) CS(GL) CB(GL)

NR 1 20 0.1050 2.4151 1.9517 0.2900 0.2150
NR 2 26 0.0828 2.5579 1.8507 0.3402 0.2219
NR 3 34 0.0830 2.6901 2.0413 0.3166 0.2093
NR 4 35 0.0661 2.8521 2.0945 0.3306 0.1494
NR 5 30 0.0778 2.6906 1.9571 0.3889 0.1733
NR 6 37 0.0577 3.1189 2.2878 0.2009 0.1702
R 1 18 0.0802 2.5823 1.9572 0.3765 0.1790
R 2 23 0.0813 2.6078 1.9451 0.3989 0.2060
R 3 23 0.0699 2.7511 2.1127 0.3081 0.1569
R 4 22 0.0950 2.5001 1.9885 0.3471 0.2066
R 5 27 0.0727 2.7243 2.0222 0.3690 0.1495
R 6 17 0.1972 1.7582 1.4697 0.5571 0.2526
U 5∗∗ 15 13 15 7∗ 17

Significance levels determined by a two-tailed nonparametric Mann-Whitney U test.
∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01

An increased level of platform-centricity in markets with ratings points to a high value of ratings

systems to the value of the platform. Markets with ratings are more diverse and connected than

those without, and encourage regular and balanced participation.

Result 5. We find evidence (p < 0.10) of an increase in seller centralization in the market for

falsely advertised goods due to the introduction of ratings.
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This indicates that fewer sellers participate in false-advertising behavior to a significant degree.

Results of the structural estimation suggest that this is not driven by high-rating sellers exploiting

their position. Rather, it appears to be driven entirely by low-rating sellers who capitalize on the

buyers’ failure to internalize reputation information provided by the rating system.

While the ratings system generates a net reduction in the frequency of false advertisements,

this particular mechanism (which is frequently utilized in practice) does not appear effective to

any substantial degree in increasing the rate at which buyers learn which sellers are selling falsely

advertised goods. While buyers do eventually learn to avoid problem sellers (see, e.g. the results

shown in Figure 6 for the most salient example), ratings have no apparent effect on the speed with

which buyers learn about the behavior of individual sellers. In fact, there are several cases both with

and without ratings (see, e.g. Figures 10 and 16) in which buyers do not purchase certain goods

that are, in fact, truthfully advertised as high quality.

Result 6. There is no substantive change in the market structure of the market for falsely advertised

goods, beyond the observed changes in seller behavior (i.e. a reduction in the quantity of these false

advertisements and a mild increase in seller centralization).

Contrary to what we might expect, buyers’ behavior does not appear to change substantially after

the introduction of the rating system. Rather, efficiency gains and changes in market structure are

driven almost entirely by changes in the behavior of sellers competing for reputation.

6. Discussion

We have implemented a unique experimental market setting with various pathways for sellers

to build credibility and reputation, and provided estimations of market processes involved in these

sessions. Adding the ratings makes the markets more efficient, accruing significant gains to the

buyers without affecting the profits of the sellers. However, even ratings and reputation building are

not sufficient devices to yield full efficiency.

We conducted a number of regressions to track the relationships among offers, purchases, prices,

and reputation. One such estimation showed that the development of a high rating for a seller

through the sale of a good was substantially dependent upon the size of the surplus that accrued

to the buyer through that good. It is important to remember that buyer surplus is dependent on a

favorable price/quality match (i.e. truthful advertising of quality and price). Somewhat surprisingly,
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when controlling for the surplus effect, the independent effect of truthful representation was not

strong. Another important result is that there appears to be a significant persistence in ratings;

sellers who have already earned a high rating are likely to be rated higher by the buyers of their

goods, even when controlling for the surplus effect and truthful advertisement of the good.

With a posted offer market, we could model the effect of prior market outcomes on offered seller

price for units advertised as high quality. A measure of past individual “reputation” (proportion

of possible units actually offered as high quality by the seller) was highly predictive of the price

offered by a seller. The equivalent measure of market reputation, however, did not provide robust

predictions (the sign on the coefficient was actually negative with large standard errors). Controlling

for these two definitions of reputation, when a seller was in a ratings regime, a seller with higher

past ratings appears to post lower prices for goods offered as high quality. We conjecture that the

mechanism is that “reputation” sellers learn that ratings are responsive to buyer surplus (which

has both a quality and a price dimension), and that sellers with high legacy ratings are attempting

to maintain those ratings in part by offering units at lower prices. Is it possible that highly-rated

sellers’ attempts to maintain their favorability with buyers through continued lower prices is itself

an indication of reputation-building at work? In addition, could this be viewed as a type of a gift

exchange phenomenon involving “reputation” sellers, even in these markets that on aggregate are

not producing anywhere near fully-efficient market outcomes?

The arguments above depend on our estimates of the purchasing decision of buyers for units

advertised as high quality. Indeed, a lower price for the item and a higher seller’s individual reputa-

tion (as defined above) are important predictors of the probability of a decision to purchase a good

which is advertised as high quality. Furthermore, the “Market” reputation appears to be important

to buyers. Again controlling for these two effects, the independent influence of seller rating is not

significant.

We conduct statistical tests by constructing bipartite networks from market outcomes. Using a

number of measures of (de)centralization, fragmentation, connectivity, and market diversity, we find

that the rating system had a significant positive effect on market diversity on the platform in the

market for high-quality goods. That is, it reduces the buyers’ incentives to continue buying from the

same seller, and encourages substitution between these sellers. Examining the market for low-quality

goods that are falsely advertised shows very little change in market structure, beyond a reduction in

the overall number of goods sold of this type. There is weak evidence of a change in seller behavior,
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shown as a decrease in Herfindahl index for sellers. However, buyers do not appear to be successful

in using the ratings system to discriminate between sellers based on which are falsely advertising.

Our findings point to the role of reputation systems in promoting welfare in online markets by

increasing trust and trustworthiness. We have found evidence that the presence of a rating system

alone substantially improves efficiency. While this increase in efficiency does not appear to be driven

by the newfound ability of buyers to discriminate between trustworthy and dishonest sellers, a

decomposition of the networks of trust that form between buyers and sellers shows that efficiency

gains are driven by a drastic improvements of the honesty of sellers competing for reputations.

Competition for reputation is driven primarily by pricing, as sellers maintain these reputations by

offering better deals and truthfully advertising transactions. Structural analysis shows that buyers

in the treatment sessions do not actually have strong preferences over seller reputation. However,

their behavior changes as a function of improvements in trustworthiness. This increase in trust is

evidenced by a willingness of buyers to experiment with new sellers, as opposed to relying only on

their own previous positive interactions with specific individuals. This newfound trust results in

high-quality markets that are more connected and diverse than otherwise, with balanced interaction

between both sides of the market. The other by-product of this experimentation is that buyers

no longer become “stuck” interacting with a predatory seller, simply because it is too risky to try

someone else. The end result is improvements in welfare for consumers that do not negatively impact

profits on the supply side.

Thus, a paradoxical theme runs through these results. When added as a treatment, seller rat-

ings significantly increase the efficiency of these markets, as well as buyer profits. This is due to

both a changing of seller behavior in anticipation of reputation building, and a change in buyer

behavior leaning toward experimentation with new sellers. In our statistical estimations, however,

seller ratings – an information channel which relies on indirect reciprocity – do not appear to carry

statistically independent weight in determining the probability that a good is purchased by a buyer

at a given price when compared to the seller’s history of producing high quality units – an infor-

mation channel which relies more heavily on direct reciprocity, and which is available in all of the

experimental sessions. Specifically, although there is a central tendency for buyers to change their

behavior and place more weight on ratings than on seller history (as expected), estimates of this

effect are noisy, indicating a failure by many buyers to properly internalize the information provided

by seller ratings in their discrimination between goods offered by different sellers. This suggests that
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the existence of the ratings, the ratings themselves, the three decisions of the seller – which type

to offer, which type to advertise, and what price to post – along with the purchase decisions of the

buyers, are interacting in a more complex and evolving manner than perhaps previously thought.

This area is ripe for future research into the specific conditions that lend themselves to market

failure, and the features that evolve in these markets to promote morality and trust, counter pressures

to collapse, and support efficient outcomes. Beyond seller feedback, it is likely that features such

as ambiguous endpoints, excess demand, and the ability of buyers to lose money on a transaction,

play an outsize role in the inability of markets in the baseline to support efficiency. In labor markets

for example, which are commonly modeled using gift exchange, it has been typically reasonable to

assume excess supply. Recent anecdotal evidence on labor shortages, however, might indicate a

reversal of this trend in certain industries (Kwok, 2022).

Turning now to our treatment (the ratings) there are a multitude of interesting institutional per-

turbations associated with reputational feedback whose contributions to trust and efficiency in online

markets are worthy of further investigation. For example, a common feature of seller feedback sys-

tems in practice, which may impact sellers incentives to remain trustworthy, is a decay factor on the

average rating that is presented to buyers. In platform markets such as Amazon.com,12 buyers are

typically presented with an aggregate rating that is heavily biased toward more recent experiences,

rather than a simple average. This mechanism may play some role in promoting trustworthiness

by removing some of the incentive for sellers to capitalize on an established high rating by behav-

ing dishonestly, particularly in markets with known or ambiguous endpoints. Other markets have

included two-sided ratings, in which the buyer receives a rating from a seller after a transaction.

Many ratings platforms now offer buyers the option of posting a natural language review of the

seller. Both in the field and in our design, such reviews could allow buyers to distinguish between

the quality performance of the seller (whether the product was of the quality that was advertised)

from the price offered by the seller, both of which would be difficult to distinguish when collapsing

the full buyer experience into a single number. Other common practices that have evolved in online

markets with ratings systems are multidimensional ratings – in which users can provide feedback

on different factors of their experience with the seller.13 Because price and buyer surplus play an

outsize role in determining eventual seller ratings – relative to the honesty of their transactions – the

12https://sellercentral.amazon.com/gp/help/external/help.html?itemID=97692EVY8H3CZY9, July 12, 2022
13https://www.ebay.com/help/buying/resolving-issues-sellers/seller-ratings?id=4023, July 13, 2022

https://sellercentral.amazon.com/gp/help/external/help.html?itemID=97692EVY8H3CZY9
https://www.ebay.com/help/buying/resolving-issues-sellers/seller-ratings?id=4023
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ability of markets to generate and provide more detailed information, spanning multiple dimensions

and using natural language feedback, could substantially aid buyers in targeting their purchases

toward honest sellers. Subsequently, this would introduce larger status rents for honesty on the

supply side. With these specific market mechanisms in mind, there is a clear direction forward for

research into institutional design that promotes efficiency, and trustworthy behavior in markets that

may otherwise be prone to collapse.
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Appendix A. Individual Session Results

Figure 5. Baseline, No Ratings 1
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Figure 6. Baseline, No Ratings 2
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Figure 7. Baseline, No Ratings 3
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Figure 8. Baseline, No Ratings 4
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Figure 9. Baseline, No Ratings 5
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Figure 10. Baseline, No Ratings 6
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Figure 11. Treatment, Ratings 1
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Figure 12. Treatment, Ratings 2
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Figure 13. Treatment, Ratings 3
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Figure 14. Treatment, Ratings 4
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Figure 15. Treatment, Ratings 5
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Figure 16. Treatment, Ratings 6
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Appendix B. Price Regressions for Low Quality Goods

Table 9. Goods Offered as Low Quality

(1) (2) (3) (4)
Price (Advertised Low Quality)

Seller Rating -22.20 -22.02 -24.90 -24.80
(6.551) (5.978) (5.184) (4.925)

% of Possible High Quality Goods -41.37 -41.79 -30.13 -30.23
(Seller) (22.36) (22.45) (21.62) (21.95)

% of Possible High Quality Goods 13.56 18.31 23.62 24.10
(Market) (81.08) (74.79) (32.62) (32.16)

Actual Quality of the Good 33.79 33.73 47.03 46.73
(7.290) (6.885) (10.56) (10.44)

Treatment – – 69.44 68.94
(18.36) (17.49)

Constant – – – 163.7
(8.234)

Period Fixed Effects Yes – Yes –

Session Fixed Effects Yes Yes – –

N 476 476 476 476

Standard errors in parentheses, clustered at the session level
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Appendix C. Construction of the Von-Neumann Entropy

To construct Von-Neumann entropy, we first define the (n+m)× (n+m) adjacency matrix A of

the bipartite graph as:

(6) A =

 0 I>

I 0


Where I is the n × m incidence matrix with Iij = wij if (i, j) ∈ E , and Iij = 0 otherwise.

The weighted Laplacian of this graph is the matrix L = ∆ − A, where ∆ is the diagonal matrix of

degrees, with ∆kk =
∑
l∈{1,...,n+m}Akl. L is diagonally dominant by construction and thus has only

nonnegative eigenvalues (with at least one equal to 0).

Normalizing the Laplacian by its trace (L̄ = 1
tr(L)L) guarantees that its eigenvalues will be between

0 and 1. 14

Let Λ(G) be the spectrum of L̄, and λk ∈ Λ(G) the individual eigenvalues. Then the Von Neumann

entropy of the graph is given by:

(7) HV N (G) = −
∑

λk∈Λ(G):λl 6=0

λk log λk

Appendix D. Experimental Instructions

14Because this normalized Laplacian is Hermitian with trace 1, it can be viewed as a density operator for a quantum

system. This allows for a convenient interpretation of the entropy as the disorder of the associated system.



General 
 
This is an experiment in the economics of market decision making under 
uncertainty. The instructions are simple and if you follow them carefully, you 
might earn a considerable amount of money, which will be paid to you as a 
check at the conclusion of this experiment. 
 
In this experiment we are assigning each of you to the role of Buyer or Seller 
for a series of trading periods. If you are chosen to be a Buyer or Seller, you will 
remain so for the entire experiment. 
  
The type of currency used in this market are Experimental Currency Units 
(ECUs). All trading will be done in ECUs. Each ECU is worth 2/3 US cent to 
you. At the end of the experiment your ECUs will be converted to dollars at this 
rate, and you will be paid in dollars. Note that the more ECUs you earn, the 
more dollars you earn. 
 
Specific Instructions to Sellers 
 
During each market period, you are free to sell up to two items (per seller) to the 
market (which may be purchased by any buyer). You have three decisions to 
make: 1 ) What quality grade to make each item: Regular quality or Super 
quality. You will see that it will cost you more to make a Super than a Regular. 
2 ) You must determine what quality to advertise each item to the buyers: 
Regular or Super.  You need not advertise the actual quality. That is, you may 
choose to produce a Regular and advertise it as a Super or as a Regular; you 
may choose to produce a Super and advertise it as a Super or a Regular. 3 ) You 
must choose a price to offer each item for sale. 
 
Your profit is the price paid for the item sold minus its production cost 
(determined by its quality, Super or Regular).  

 
Suppose, hypothetically, the production cost of your first item sold in a period is 
125 and the production cost of your second item sold in a period is 175. 
Suppose you sold the first item at 275 and the second at 250, your profits are: 

Sales Price – Production Cost = Profit 
        275 - 125 =    150 
        250 - 175 =      75 
        TOTAL          225 



 
 

Sellers, you do NOT pay a production cost for items that you offer for sale but 
which are not purchased by the buyers. 
  
Specific Instructions to Buyers 
 
During each market period you are free to purchase up to 3 items from the 
market from any seller(s). 
 
The value of an item depends on its quality grade. There are two quality grades 
in the market, Regular and Super, and the value of a Super is greater than the 
value of a Regular. 
 
At the time you buy an item, you will know the price you paid and you will 
know the item’s advertised quality. At the time of purchase, you will not 
know its true quality. You will be informed of the true quality of an item 
immediately after purchasing it. 
 
Your profit is the redemption value of the purchased item (determined by its 
quality, Super or Regular) minus its price. Because it is possible for you to lose 
money on a transaction, in addition to these earnings you are given 375 ECUs 
at the start of the experiment and 50 ECUs in every subsequent period to 
cushion your earnings and losses.  

 
Suppose, hypothetically, the redemption value of your first Regular is 400 and 
the redemption value of your first Super is 600. If you buy two items at 500, one 
is Regular and one is Super, your profits are: 

Redemption Value - Purchase Price = Profit 
        400 - 500 =   -100 
        600 - 500 =    100 
        TOTAL            0 
 

Market Organization 
 
This market consists of six sellers and eight buyers. The roles of Seller and 
Buyer are randomly assigned to participants. Once a participant has been 
assigned a role, they will remain in the role for the duration of the experimental 



session. Sellers can offer, at most, two items a period. Buyers can purchase up 
to three items a period.  
 
Before any transactions can occur between buyers and sellers, sellers must first 
make offers to the market. In doing so, a seller must select three things: 1 ) the 
true quality of the item being offered for sale; 2 ) the quality to advertise for the 
item; and 3 ) the price to be charged for the item. The picture below depicts a 
sample seller screen. (Prices, advertised qualities, and delivered qualities are 
chosen arbitrarily for this example and are not intended to be instructive in any 
way). 
 
 
 
 

Seller Screen 

 
 
 
Sellers: To offer an item for sale, you must first enter the price in the blue box 
labeled “Offer Price”. You then choose a quality to advertise (super or regular) 
using the first set of radio buttons. Then choose the actual quality you intend to 
offer, using the second set of radio buttons. (These buttons remind you that 
sellers’ production costs depend on the actual, not the advertised quality). 



Remember, the advertised quality and actual quality of an item do NOT 
need to be the same. 
To finalize the offer, a seller should click the red “Create Offer” button, located 
at the bottom of the screen. Once you’ve done that, your offer will be displayed 
in the “Open Offers” window on the right side of the screen, beside offers from 
other sellers in the market. Buyers may then choose whether to accept your 
offer. When your offer is accepted, you’ll see it be removed from the “Open 
Offers” window and reappear in the “Your Sales This Round” window beneath 
it. In this window you will find information about each of your transactions, 
including your profit. 
 
As a reminder, you are charged your production costs only on items you sell. In 
other words, if you offer an item for sale and there are no takers, you do not pay 
the production cost for that item. Remember, seller profits on traded items are 
equal to 
 

(sales price) – (actual cost of production). 
 
Sellers make price, advertised quality, and actual quality decisions one item at a 
time, and can do so throughout the 150 seconds of the period. The price, 
advertised quality, and actual quality are all allowed to differ from one item to 
another. An offer, once made, cannot be withdrawn. Sellers are permitted to 
make at most two offers to the market in a period. 
 
Once offers have been made and appear in the market, buyers can make 
purchase decisions. 
 
Seller and Buyer decisions occur in real time; that is, one buyer might be 
making a purchase decision at the same that a seller is posting a new item for 
sale. 
 
You can see how buyers go through the process of purchasing items by looking 
at the sample Buyer Screen below. (Again, all prices and qualities filling in 
blanks in this sample are chosen arbitrarily and are not intended to be 
instructive). 
 



Buyer Screen 

 
 
Buyers: You will see the following information at the top right of the screen:  
 
Offer #:  The order in which the offer came to the market (note that each offer 
is for only a single item). 
 
The Price at which the item is offered for sale. 
 
The Advertised Quality of the item (“Regular” or “Super”). 
 
And, the Seller ID. The seller ID is a letter from (A, B, … , F). It is specific to 
one seller during the experiment. A Seller’s ID does not change from period to 
period. That is, the actual person in this room who is, for example, Seller C in 
Period 1 will be denoted as Seller C throughout all of the periods today. 
 
The large box on the left side of the screen is the area in which you make 
purchases. On the first line you will see your account balance. Below that is a 
blue box. If you wish to accept an offer in the “Open Offers” area, you enter the 
associated Offer # (1,2,3, …..) and then click on the red “Accept Offer” button 
near the bottom of the screen. As soon as you successfully accept an offer, a 
transaction record is made and you will have purchased that item. Upon 
accepting an offer you will be told the price you paid, the item’s advertised 



quality, the item’s actual quality, your profit from the item, and the ID of the 
Seller who sold it to you. This information will appear in the “Your Purchases 
This Round” window at the bottom of the right side of the screen. 
 
Recall that if the actual quality is a “Regular” your trading profit for that item 
will be determined by the associated redemption value for a “Regular”. If the 
actual quality is a “Super,” your trading profit for that item will be determined 
by the associated redemption value for a “Super”. This is regardless of the 
Advertised Quality of the item. 
 
Recall that buyer profits are equal to  
 

(redemption value) – (sales price) 
 

for each item purchased. The redemption value depends on the actual, delivered 
quality of the item purchased (NOT upon the advertised quality). You will be 
able to find your redemption values on a separate sheet of paper that we will 
distribute in a few minutes. These values are important for you to look at 
because if you purchase an item for more than your redemption value for 
that item you will lose money on that purchase. 
 
If a buyer’s account balance goes negative, it is possible that buyer can regain a 
positive balance because they receive 50 ECUs per period and/or if they make 
later profitable trades. If a buyer ends the experiment with a negative account 
balance, that buyer will simply be paid the show-up fee.  
 
Number of Periods 
 
Before we began today’s experiment, we determined how many periods we 
wanted to complete. You will not know the total number of periods in advance; 
however, we can tell you that the minimum number of periods we are going to 
attempt to complete is six periods. To insure for you that we chose the final 
period number in advance and that it has nothing to do with your decisions 
today, we have written that number in the envelope being shown to you now. 
This envelope will remain in front of you, and we will open it for inspection at 
the end of the experiment. 
 
 
 



 
 
Advertisements  
 
A reminder, sellers are not required to advertise the actual quality to buyers. Put 
differently, in this experiment, items are produced by Sellers either as a Regular 
or as a Super. Therefore, Sellers may do any of the following: 

1 ) Advertise that they are selling a Regular and deliver a Super.  
2 ) Advertise that they are selling a Super and deliver a Regular.  
3 ) Advertise that they are selling a Regular and deliver a Regular 
4 ) Advertise that they are selling a Super and deliver a Super 
 

As soon as a transaction is complete, the buyer will be informed of the actual 
quality of the item purchased. 
 
Ratings 
 
At the end of each trading period buyers will be given the opportunity to rate 
each item they purchased during that period. 
  
Ratings are given on a 5-point scale, 1 being “high dissatisfaction” and 5 being 
“high satisfaction”. Alternatively, you can think of this as a star rating system 
between 1 and 5 stars indicating how satisfied you are with each item, with 1 
being “low satisfaction” and 5 being “high satisfaction.” 
 
Ratings are voluntary. A buyer is free not to submit any ratings. If you do not 
wish to rate a purchase, simply don’t select any of the radio buttons under that 
purchase number. 
 
Buyers will see how profitable each item was for them as they rate it. This 
means a buyer will see something akin to “Transaction X from Seller Y yielded 
a profit of 50”. The buyer will also be given the advertisement and delivery 
quality information. The buyer will then will be given the opportunity to rate the 
transaction from 1 to 5.  
 
Ratings will be aggregated together and averaged for each seller and will be 
made visible for all participants during the following trading periods. 
Each seller’s rating will then be updated for the next trading period to include 
the newest ratings. 



 
  
 
Getting Ready 
 
In order to help make sure you understand the instructions, before the actual 
experiment begins we will proceed through a “practice” phase that includes four 
“practice rounds” and a few preparatory questions. Please note that the earnings 
in the practice rounds are hypothetical and do NOT count towards your final 
earnings.  
 
For the practice rounds, players will be divided evenly into buyers and sellers. 
First you will proceed through two rounds in one role – either as a buyer or as a 
seller. After these two rounds you will be asked a few questions to ensure you 
understand the role you practiced. Then, you will switch roles and complete two 
practice rounds in the other role.  
 
At the end of the four practice rounds, you will be asked some questions about 
your second role and some questions about the organization of the market. You 
will not be able to proceed to the actual market until you have correctly 
answered all questions. 
 
At any time, during the practice rounds, the preparation questions, or the actual 
experiment, if you have any questions about the rules of how the markets 
operate, please feel free to ask us. 
  



Item Sold in a Period 
 

Regular Item Produced Super Item Produced 

1st 

 
20 120 

2nd 
 

20 120 

 
Production Costs for Each Seller 

 
 

_________________________________________- 
 
 

Item Purchased in a Period Regular Item Purchased Super Item Purchased 
1st 
 

180 330 

2nd 
 

165 300 

3rd 
 

150 270 

 
Redemption Values for Each Buyer 
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