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Abstract

We examine how product ratings are interpreted in the presence of heterogeneous prefer-
ences among both raters and consumers. Raters with altruistic motives should rate for the
benefit of future consumers, however an ambiguity arises when preferences are heteroge-
neous. Multiple equilibria exist in which ratings may reflect the preferences of raters or the
preferences of future consumers. In an online experiment, we examine how ratings are se-
lected by raters and interpreted by consumers, and how information about rater preferences
or product attributes can influence equilibrium selection. We find that raters tend to rate
based on their own preferences and that consumers largely anticipate this behavior.
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Ratings with Heterogeneous Preferences Lafky & Ng

1 Introduction

We rely on the experiences of others to make many decisions. Increasingly, we learn about

those experiences via consumer-based ratings, which influence a wide variety of decisions such

as where we eat, what medical care we receive and which toys we buy our children (Chevalier and

Mayzlin, 2006; Floyd et al., 2014). Consumers use ratings to make more informed consumption

decisions, but only if they are able to correctly interpret what a rating represents (Luca, 2016).

This is a relatively simple task if all consumers share similar preferences; however, in many

cases different consumers can have very different tastes for the same product. Heterogeneous

preferences create an important ambiguity: Whose preference does a rating reflect?

Understanding the role of heterogeneous preferences is important for interpreting how effective

rating systems are at improving consumer decision-making and, indirectly, sales. Easily com-

prehensible ratings are more useful, and ratings with ambiguous interpretations run the risk of

misleading consumers or being ignored entirely. In addition to improving consumer decision-

making, clarifying the relationship between ratings and preferences also provides important

guidance for the design of rating systems.

One illustration of the ambiguity arising from heterogeneous preferences can be seen in consumer

ratings for hotels, a market where ratings are influential, yet consumers can have starkly different

preferences from one another (Kalnaovakul et al., 2025; Ye et al., 2009). Some consumers

prioritize location, such as ease of access from the airport or proximity to conference venues.

Others are less concerned with location and focus instead on the experience within the hotel,

such as the cleanliness of their room. Given these diverse preferences, how does a consumer

rate the hotel at the end of their stay?1 How much does a traveler concerned primarily with

location also account for room cleanliness when rating? In general, do raters rate based on their

own preferences, or do they consider the preferences of others?

Ratings are used in a variety of contexts that provide consumers with other sources of informa-

tion about products or about raters themselves (Chen et al., 2021; Englmaier et al., 2018; Jin

and Kato, 2006). In many settings consumers can directly observe some of a product’s attributes

prior to purchase, decreasing not only the consumer’s uncertainty of the product’s quality, but

1Some platforms address this issue via multidimensional ratings, in which consumers rate each attribute individ-
ually (Chen et al., 2018; Schneider et al., 2021). Despite some advantages, multidimensional systems are not
widely adopted.
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also potentially diminishing the ambiguity of what a rating represents. Returning to the case of

hotels, location is an easily verifiable attribute, while cleanliness cannot be observed in advance.

Since consumers can already observe a hotel’s location, there is no need for raters to repeat that

information, allowing them instead to focus on only the unknown attribute, cleanliness. Rating

over just the unknown attribute makes consumers better off, but only if raters and consumers

can coordinate on that convention. Although evaluating the unknown attribute is most benefi-

cial to consumers, it may nonetheless be more natural to evaluate the product as a whole, and

it is not clear which of these norms occurs in practice.

In addition to learning specific product attributes, in some settings consumers have, or are able

to infer, information about a rater’s preferences (Forman et al., 2008). For example, many

written reviews accompanying ratings will describe specific attributes the rater cares about,

such as “Hotel staff were very responsive.” or “I chose this hotel because of the view.” On

many ratings platforms, such as Google reviews or Amazon, it is also possible for consumers to

view a rater’s profile, allowing them to see how the rater has evaluated other products in the

past. Regardless of the source, shared information about rater preferences may decrease the

ambiguity of what a rating represents, as a rater who is known to prioritize one attribute (e.g.

location) may be more likely to rate based on that attribute.

We analyze these different ratings environments via a simple theoretical model and online ex-

periment, demonstrating how ratings are created and interpreted in the presence of heteroge-

neous preferences. We first build a framework to describe an environment in which raters and

consumers have heterogeneous preferences over a product with multiple dimensions of quality.

This environment allows for a wide range of intended meanings among raters and interpretations

among consumers, reflecting the ambiguity described above. We examine a setting in which

raters are motivated only by an altruistic desire to help consumers optimally select products,

providing a best-case scenario for informative communication, thereby allowing us to isolate the

role of heterogeneous preferences in ratings.

We then implement an online experiment to test how raters and consumers actually resolve this

ambiguity. In our experiment, we contrast a baseline setting in which consumers observe only

ratings, against other treatments that provide information about rater preferences and product

attributes, examining the impact on rater and consumer interpretations of ratings. Our key

result, which applies across all treatments, is that raters heavily favor their own preferences
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when leaving a rating, and consumer interpretations of ratings are largely consistent with raters.

In other words, the ambiguity arising in the presence of heterogeneous preferences is resolved

by raters and consumers both focusing on raters’ preferences.

When consumers are informed of raters’ preferences alongside each rating, consumer sensitivity

to ratings hinges upon having the same preference as the rater; consumers who share prefer-

ences with the rater become more sensitive to ratings, while those with different preferences

become less sensitive. When we instead allow consumers to directly observe one of the prod-

uct’s attributes, rater behavior does not change. Raters continue to describe the entire product,

contrary to the prediction that mutually known attributes should be ignored.

One key implication of our results is that, because consumer-based ratings tend to be created

based on the rater’s preferences, accounting for rater preferences may be an undervalued com-

ponent of effective rating systems. Rating platforms might algorithmically adjust ratings based

on rater preferences, or make it easier for consumers to learn rater preferences.

Rating systems vary across environments, and no single model can capture the rich set of

behaviors exhibited by raters and buyers. Our environment necessarily prioritizes some aspects

at the expense of others. While rating systems typically aggregate feedback from multiple raters

for a broad consumer base, we isolate individual-level motivations by focusing on a dyadic

interaction between a single rater and a single buyer. This approach examines how a rater

conveys information absent the strategic complexities of a dynamic environment. Furthermore,

we assume consumers share ordinal preferences within product attributes but differ in the

relative weights they assign to those attributes.

We examine altruistically-motivated ratings in order to focus on the challenge of coordinating

the meaning of ratings when there are perfectly aligned interests between raters and consumers.

Social preferences have been well-documented to drive rating behavior, however they are by

no means the only motivation for rating (Cabral and Li, 2015; Fradkin and Holtz, 2023; Hoyer

and van Straaten, 2022). The actual structure of ratings can also vary considerably from one

platform to another, such as binary “thumbs up / thumbs down” to 1-to-5 stars or 7-point

Likert scales. Despite this, research shows that consumers tend to rate in a largely binary

manner regardless of the rating scale, reflecting only positive or negative sentiment (Cabral and

Hortacsu, 2010; Dellarocas and Wood, 2008; Livingston, 2005; Nosko and Tadelis, 2015). Some

rating systems also allow for multidimensional ratings, in which raters are asked to leave ratings
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on each of a number of pre-specified categories. In principle, such a system can potentially

alleviate many of the concerns we address here, however the evidence on their benefit relative

to single-dimension systems is mixed, and single-dimension systems remain extremely popular in

practice (Competition and Markets Authority (UK), 2017). Our theoretical framework assumes

a single-dimensional rating scale, but otherwise imposes minimal requirements on the structure

of ratings, while our experiment uses the more familiar 5-star scale.

The rest of the paper is structured as follows. Section 2 discusses the related literature and our

contribution to it. We describe our theoretical model in Section 3, and our experimental design

and hypotheses in Section 4. Section 5 discusses the results of our experiment and Section 6

concludes.

2 Related Literature

Much of the literature on online ratings and reviews focuses on implications for firm pricing

and consumer purchasing decisions (Cabral and Hortacsu, 2010; Carnehl et al., 2024; Dellarocas

et al., 2007; Li et al., 2020; Luca and Reshef, 2021; Mayzlin et al., 2014). Evidence from online

marketplaces (Cai et al., 2014; Jin and Kato, 2006) and in the laboratory (Bolton et al., 2004;

Halliday and Lafky, 2019) have shown that ratings increase trust between sellers and buyers. In

particular, in a field experiment Aziz et al. (2023) study artificially inflated ratings, finding this

leads to less user participation and more market concentration. Differently, we experiment with

the types of peripheral information consumers can obtain and how this affects their decision

making. Whereas Forman et al. (2008) finds that reviewer identity can improve trust on a

platform, we aim to understand how heterogeneity in preferences affects how raters generate

and consumers interpret ratings.

An extensive empirical literature has examined when and how raters choose to rate. In practice,

many consumers never rate, with Fradkin and Holtz (2023) showing 24% of stays are rated on

Airbnb, Hui et al. (2024) find 65% of transactions receive feedback on eBay, while Li and

Xiao (2014) show between 10% and 33% of buyers rate in a lab experiment. Hence, focusing

on a subset of motivations to rate, we expect a similarly low percentage of individuals rate.

Unsurprisingly, when buyers do rate, quality has been shown to be an important driver of

ratings (Hui et al., 2023; Li et al., 2020; Proserpio et al., 2018; Zhang et al., 2012). This is the

focus of most of the theoretical literature which abstracts from the decision to rate by taking
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ratings as a given and modeling ratings as increasing in quality (Cabral, 2000; Tadelis, 1999).

Other factors such as reference prices (Gesche, 2022), hidden fees (Chiles, 2021), social distance

(Masterov et al., 2015), and power distance (Gao et al., 2018) have also been shown to influence

rating decisions.

A growing empirical literature suggests social preferences motivate the decision to provide rat-

ings (Bolton et al., 2013; Chakraborty et al., 2022; Chen et al., 2010; Fradkin et al., 2021; Qiao

et al., 2020). Some experiments have more precisely shown that altruism is one such social pref-

erence (Hoyer and van Straaten, 2022; Lafky, 2014). Crucially, altruism provides an intrinsic

incentive for raters to accurately inform other consumers regarding product quality. We focus

on such preferences in an environment with heterogeneous preferences. Since ratings are a pub-

lic good, like these experiments, we connect well to the broader literature suggesting altruism as

an important motivation for public goods contributions (see Bowles and Polania-Reyes (2012)

for a survey).

Identical product listings have been shown to obtain different ratings across different rating

systems and contexts (Bohren et al., 2025; Chevalier and Mayzlin, 2006; Schneider et al., 2021;

Zhang et al., 2012). Different ratings across multiple platforms can pose a problem when

comparing products across websites. Chevalier and Mayzlin (2006) attribute this difference to

buyer-self-selection onto platforms, Zhang et al. (2012) suggest cultural differences affect how

people rate, while Schneider et al. (2021) argue multi-dimensional ratings affect the choice of

ratings. Bayerl et al. (2025) suggest that there may be systematic differences in how men and

women evaluate products, even when their underlying preferences are the same. Most similar

to our environment, Bohren et al. (2025) examine ratings under vertically and horizontally

differentiated preferences, showing the welfare impact when platforms introduce mechanisms

to filter and aggregate ratings. Our results contribute to this discussion by suggesting that

subtle differences in the information provided about raters can lead to different ratings across

platforms.

3 Motivating Model

We sketch a simple two-player, two-stage sequential model in which a consumer derives utility

both from their own consumption and from the welfare of a future consumer. Our focus is

to understand the individual choices raters and consumers make when interacting, rather than
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explaining aggregate, market-scale outcomes, which can vary with the size and composition of

the market. To fix terminology, we refer to the consumer generating ratings as the “rater” and

a future consumer using those ratings as the “consumer.”

Our baseline environment is deliberately simple, minimizing information frictions to allow us

to focus on the ambiguity of ratings caused by heterogeneous preferences. To this end, our

assumption of altruistic raters provides a best-case scenario for informativeness over product

quality, giving us an environment in which the rater desires only to provide the consumer with

useful information.

The timing of the game follows: the rater consumes a product and learns the product’s quality.

The rater then chooses whether to rate the product. The consumer learns the rating, if it was

created, and then chooses whether to buy the product or not.

The product has two attributes X and Y, the realizations of which are x and y, independently

drawn from a commonly known distribution.2 The price of the product p is fixed across periods.

We make minimal assumptions about the structure of ratings, requiring only that there are

at least two possible ratings, allowing the rater to recommend for or against the product.3

Both the rater and consumer have the same ordinal preferences within each product attribute,

however, the relative preferences between attributes may be different.4 Each player has an

independently drawn weight αi ∈ [0, 1] where i ∈ {r, c} indicates the rater or the consumer.

The weight represents a player’s preference for attribute X and attribute Y respectively, such

that consumption utility is given by αix+ (1− αi)y − p.

Consumption is the only source of utility for the consumer, giving αcx + (1 − αc)y − p if they

consume the product, and 0 otherwise. The rater, however, also has intrinsic concern for the

consumer’s welfare, represented by a weight κ ≥ 0. Although the rater and consumer have

potentially different preferences over their own consumption of the product, κ means they are

in perfect alignment over wanting to maximize the consumer’s welfare. Despite the rater’s

concern for the consumer, the act of rating may nonetheless be burdensome due to the time

and effort required, which we model as a cost of rating, e > 0. The rater’s utility can therefore

2Note that, while it is a common theoretical assumption to have common knowledge of preference distributions,
in practice each rater may have different priors. Different raters could have more or less accurate information
about the distribution, but for the sake of simplicity we assume that all players have an identical and correct
understanding.

3In our experiment we use the familiar 1-5 rating scale, however many other systems are possible.
4Higher values of x and y positively affect their utility, but may not do so equally for the rater and the consumer.
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be written as:

αrx+ (1− αr)y − p+ 1consumer buys · κuc − 1rater rates · e

where uc is the rater’s expectation of the consumer’s utility from consuming the product.5 While

the rater also enjoys consumption utility, that utility depends only on the product’s quality and

is not affected by the consumer’s actions. Therefore, the consumption component of the rater’s

utility does not directly influence their rating decision, and when analyzing rating behavior we

need only focus on the altruistically derived component:

1consumer buys · κuc − 1rater rates · e.

Intuitively, the rater is made better or worse off proportional to the consumer’s welfare, less the

cost of rating. As a result, the rater has an incentive to rate positively if they want to induce

the consumer to buy, or negatively if they want the consumer to avoid making an undesirable

purchase. Note that, even if e is just a small nuisance cost, it captures a crucial aspect of

real-world rating systems, where most people choose to never rate. In other words, the cost

serves as a filter for raters who have an altruistic concern for consumers. This will be especially

important when we test behavior experimentally, and want to examine only those raters who

would actually take the time to rate.6

4 Experimental Design

Our experiment comprises two parts, and was conducted using the oTree software (Chen et al.,

2016) on Prolific. A total of 502 subjects were recruited from a representative sample of the

US population. Each subject read a series of instructions, completed a comprehension quiz,

and then played 20 rounds of the experiment. Subjects were paid a show up fee of $3.00

USD, and were able to earn bonus payments in tokens, with each token worth $0.50 USD.

The average subject took just above 13 minutes to complete the experiment and received a

total payment (show up fee and bonus) of $6.37 USD. There were minimal differences in the

instructions between treatments, which are highlighted in Appendix B. Within each treatment,

5Although the rater cares about the consumer’s welfare with or without a purchase, if the consumer does not
make a purchase their utility is zero and is therefore omitted from the expression.

6In practice, many raters may have κ = 0, as the large majority of consumers in the field never leave ratings,
implying that ratings tend to be generated by a heavily selected group of consumers (Fradkin and Holtz, 2023;
Hui et al., 2024).
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the structure of the experiment was common knowledge, with all subjects receiving identical

instructions describing both roles. Importantly, our comprehension quiz required subjects to

not only demonstrate understanding of their own payoff structure, but also to correctly assess

the likelihood that other subjects would have different payoff structures. Our experiment was

not pre-registered.7

Each treatment took place in two phases. In the first phase, subjects were recruited to play

the role of raters who rated randomly generated products. After collecting all first-phase data,

a new group of subjects, excluding those who participated in the first phase, was recruited for

the second phase to act as consumers who viewed ratings generated in the first phase. In each

phase, subjects participated in 20 rounds of decision making. At the beginning of the 20 rounds,

each subject was randomly assigned a preference for X (X-type) or Y (Y-type). This preference

was fixed for all rounds.

Raters. In each of the 20 rounds, subjects in the rater role were asked to evaluate a two-

dimensional product referred to in the instructions as a “prize.” The product was composed of

two values, X and Y, and both values were drawn from a discrete uniform distribution, U{1, 10}.

Subjects who were assigned a preference for X valued the prize as 1×x+0.1×y, while subjects

who were assigned a preference for Y valued the same prize as 0.1×x+1× y.8 Raters were not

explicitly incentivized to be altruistic, relying instead on their own intrinsic altruistic concern

for subjects playing the role of the consumer. Raters were informed of the consumer’s task, and

that consumers would also be randomly assigned to be either X- or Y-type. Raters were also

told what information consumers would know prior to making their own decisions, which varied

by treatment as described below. We chose weights of 1 and 0.1 to represent highly divergent

preferences, driven almost exclusively by a single attribute. This stark contrast in weighting

makes the difference in preferences obvious to subjects, and allows us to isolate whether ratings

differ by rater type.

Each round began with a prize being randomly generated for each rater. The rater learned

the values of x and y, then rated the prize on a scale of 1 to 5, where 1 was stated to be the

worst rating, and 5 the best. We use a 1-5 scale due to it being commonplace in the field and

therefore natural for our subjects. Additionally, although our theory includes prices for raters,

7This project was started in 2021. Pre-registration has become the norm since then.
8Our experimental weights sum to 1.1, in contrast to our theory where weights summed to exactly 1. This was
done to make the environment easier for subjects to understand, and is simply a normalization equivalent to a
theoretical weighting of 1/11 and 10/11.
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the price a rater pays does not affect their rating decision. To focus our experiment on how

raters evaluate products, we abstract away from the rater’s purchase decision and treat prices

paid by raters as a sunk cost.

After rating the prize, raters were given the choice to share their rating with consumers for a

small fee of 0.1 tokens ($0.05 USD). The fee reflects the opportunity cost of rating and ensures

that ratings are only sent if raters have at least a minimal concern for consumers, thereby

filtering out individuals who are indifferent between rating and not. This design reflects the

empirical evidence on ratings, showing that many consumers do not rate (Fradkin and Holtz,

2023; Hui et al., 2024). By imposing a cost rather than explicitly including the payoff of

consumers in the rater’s utility, any rating sent must be motivated by the intrinsic altruism of

subjects. At the end of the 20 rounds, one round was randomly selected and the value of the

prize from that round, less any cost of sending a rating in that round, was paid to the rater.

Consumers. Like raters, each consumer was assigned to be X-type or Y-type, valuing the

prize at 1×x+0.1× y or 0.1×x+1× y respectively. Consumers learned about the rater’s task

and that rater types were randomly assigned. Consumers were further split into two groups.

The first group of consumers were shown only prizes for which raters had sent ratings. This

group is the primary source of data for our analysis of consumer behavior. A second group

of consumers saw only prizes for which ratings were not sent. This group was not used in

our analysis, but was necessary to ensure raters knew unrated products would still be seen by

consumers. Because our interest is in how consumers interpret ratings, we recruited twice as

many subjects into the group with rated products than into the group with unrated products.

Consumers knew in advance which group they belonged to, but they were not informed of the

existence of the other group.

Each consumer played 20 rounds, and in each round was presented with a different prize.

These prizes were sampled without replacement for each consumer, but with replacement across

consumers. In other words, no consumer could draw the same prize more than once, however

multiple consumers were able to draw the same prize.

Each consumer next indicated a willingness to pay (WTP) for that round’s prize via a Becker-

DeGroot-Marschak (BDM) mechanism (Becker et al., 1964) similar to Healy (2018). Consumers

were given a series of questions asking them to choose between the prize or an increasing number

of tokens, and then indicated the question at which they would begin to choose tokens over the
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prize. The choices ranged between 0.1 and 11.0 tokens in increments of 0.1.

At the end of each round, consumers were told the realized values x and y. At the end of the 20

rounds, one round was randomly selected and their decision on one randomly selected question

from that round’s BDM was paid to the consumer.

Treatments. The experiment implements a 2 × 2 design, where information is varied over

two dimensions. We first modify the information provided to the consumer about the rater’s

preferences. In Pref(erence) treatments, consumers learn the rater’s type, and hence which of

the two values the rater preferred (x or y), prior to stating their WTP. Conversely, in no-Pref

treatments, they never learn the preferences of the rater.

We next modify the information provided to the consumer about the product’s attributes. In

Attr(ibute) treatments, consumers directly observe the realization of one attribute, x, prior to

indicating their willingness to pay. Conversely, in no-Attr treatments, consumers do not directly

observe any information about product quality. Note that revealing only x in Attr treatments

is intentionally asymmetric, resulting in some consumers (X-types) having consistently better

information than others (Y-types).

All combinations of our treatment variables give us four treatments: (i) None, where consumers

learn nothing about rater preferences or product quality; (ii) Pref, where consumers learn which

of the two dimensions the rater preferred but nothing about product quality; (iii) Attr, where

consumers do not learn rater preferences but do learn the value of x; (iv)Both, where consumers

learn both rater preferences and the value x takes. The four treatments are summarized in

Table 1.

Table 1: Summary of treatments

Product Information
No Yes

Rater No (i) None (iii) Attr
Preferences Yes (ii) Pref (iv) Both

Notes: Information available to consumers in each treatment.

Hypotheses

We now restate our research question in terms of experimental outcomes. Our first three

hypotheses focus on how raters might choose to rate: either evaluating the product based on

their own preferences or considering the preferences of others. Our final two hypotheses address
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how consumers interpret those ratings.

Our first hypothesis addresses the choice of ratings in our baseline None treatment, where

ratings are the only information available to consumers. This first step examines whether

raters evaluate products based on their own preferences or some preference-invariant standard.

If raters use a standard that is independent of their own tastes, then their ratings should be

invariant to their own type. In other words, we would observe no systematic variation in ratings

for different types of raters and no systematic difference in the influence of the more-preferred

or less-preferred attributes when selecting a rating. Alternatively, if raters evaluate based on

their own preferences, we would see divergent ratings emerge across different rater types, with

a rater’s preferred attribute having more influence on their choice of rating.

Hypothesis 1. In the baseline None treatment, ratings are not sensitive to the preferences of

the rater.

Notice that hypothesis 1 makes no prediction as to the exact mapping between product quality

and ratings, but is simply a restriction against that mapping being preference-dependent; indeed,

our research is motivated by the observation that ratings can be interpreted in multiple ways.

We next consider how raters might choose ratings within different information environments.

Our second hypothesis addresses how sharing information about rater preferences might help

resolve the ambiguity in ratings arising from heterogeneous preferences. Once rater preferences

are made public, they serve as shared information for both raters and consumers, giving a

possible means of coordinating a shared interpretation for ratings. For example, if a rater is

known to have a preference for a comfortable bed, it is more likely for a consumer to interpret

a rating as reflecting bed comfort, and less so room service. Hence, we hypothesize that raters

are more likely to rate according to their own preferences when those preferences are common

knowledge.

Hypothesis 2. Ratings are more sensitive to the rater’s preferred attribute than to their less

preferred attribute in the Pref treatments.

We next consider the treatments in which one product attribute is public knowledge. Since the

consumer already knows the quality of this attribute, the rater could more precisely describe

the product by ignoring the known dimension and rating solely based on the unknown one. In

other words, in the Attr treatment, the inclusion of the x component in the rating provides no
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incremental information beyond what would be captured by rating y alone. A rater seeking

to maximize the usefulness of their rating should therefore focus exclusively on the unknown

attribute y regardless of their own preferences over x and y. This leads to our third hypothesis:

Hypothesis 3. Ratings are not affected by the revealed attribute in the Attr treatments.

Our last two hypotheses focus on how consumers interpret ratings in each of the information

environments, beginning with the Pref treatments where rater preferences are known. Following

Hypothesis 2 above, if consumers anticipate that ratings primarily reflect the rater’s preferred

attribute, then the rating’s usefulness depends on whether the consumer shares those prefer-

ences. Consequently, consumers who share the rater’s preferences become significantly better

informed about the product attribute they care most about, leading to a greater impact on

their willingness to pay. Conversely, for consumers with different preferences, the rating leaves

them comparatively poorly informed about their preferred attribute, resulting in a willingness

to pay that is less sensitive to the rater’s feedback.

Hypothesis 4. In the Pref treatments, willingness to pay is more sensitive to ratings when

consumers and raters share the same preferences than when they do not.

Returning to the Attr treatments, recall that consumers directly observe the value of attribute

x. Because X-type consumers prefer this attribute, they already possess most of the information

regarding their potential value from the product. Y-type consumers, however, observe relatively

little information about their own value for the product. Consequently, Y-type consumers have

more to learn from ratings than X-type consumers, leading their willingness to pay to be more

sensitive to rater feedback. This leads to our final hypothesis.

Hypothesis 5. In the Attr treatments, the willingness to pay of Y-type consumers is more

sensitive to ratings than that of X-type consumers.

5 Results

Our analysis proceeds by first studying how raters select ratings for different products, then

examining how consumers interpret those ratings. Table 2 provides summary statistics for the

experiment, with mean values reported at the decision level. A total of 502 subjects each

completed 20 rounds. For each treatment, 50 subjects were raters, 50 were consumers who saw
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ratings, and 25 were consumers who received no ratings.9 Mean ratings were similar across all

four treatments, ranging from 3.16 in the Pref treatment to 3.27 in the Both treatment. The

frequency with which ratings were sent was low and variable across treatments, ranging from

20% in the Attr treatment to 35% in the Both treatment. This is consistent with previous

findings.10 Better ratings were slightly more likely to be sent, as the mean sent rating ranged

from 3.57 in the Pref treatment to 3.86 in the None treatment. We report the statistical

significance of treatment means in Table 6 in the appendix, however our primary goal is to

understand the relationships between quality, preferences, ratings and WTP, rather than their

mean treatment values.

We see modest time trends in behavior across rounds, suggesting limited evidence of learning,

similar to Garvin and Kagel (1994). Choice of rating, decision to send, and willingness to pay

all show trends across rounds, however the magnitude of these changes is quite small. Figures 5,

6 and 7 in Appendix A and the round coefficient reported in Tables 3 and 4 below demonstrate

these trends.

Although the treatments without ratings were only conducted to ensure that raters were not

potentially misled about their ratings being viewed by other subjects, we do find that consumer

willingness to pay was slightly higher with ratings than without. When consumers saw no rat-

ings, their mean willingness to pay ranged from 49.42 in the Both treatment to 54.05 in the

Pref treatment. Consumer mean willingness to pay was larger in all treatments where they saw

ratings, ranging from 54.65 in the None treatment to 61.00 in the Both treatment. To under-

stand how ratings are interpreted with heterogeneous preferences under different information

environments, we restrict the remainder of our analysis of consumers to those who saw ratings.

5.1 Rater Behavior

We examine rater behavior first in terms of how raters selected their ratings and then whether

they decided to send those ratings to consumers. Figure 1 shows a strong monotonic relationship

between the rater’s preferred product attribute and their choice of rating, while the influence

of their less preferred attribute is minimal. Figure 4 in Appendix A likewise shows a similar

relationship between overall value of the prize to the rater and choice of rating.

9A power analysis using a standard deviation of 1.70 (Lafky, 2014) and one-star change in rating as an effect size
gives a sample size of 46 subjects per treatment. Due to a logistical mistake made during recruiting, 51 (rather
than 50) subjects were recruited as raters in None and Pref treatments.

10In lab experiments, Li and Xiao (2014) show buyers rate between 10% and 33% of the time when ratings are
costly, Lafky (2014) show 30%-45% of buyers never rate.
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Table 2: Summary statistics

Treatments None Pref Attr Both

Raters

Rating 3.25 3.16 3.26 3.27
(1.38) (1.35) (1.30) (1.33)

Sent rating 3.87 3.57 3.59 3.84
(1.21) (1.41) (1.45) (1.27)

% sent 23 28 20 35
Subjects 51 51 50 50

Consumers (with ratings)

WTP 54.65 54.39 60.40 61.00
(29.54) (31.77) (32.54) (27.96)

x 5.09 6.84 6.80 6.54
(3.18) (2.92) (2.36) (2.90)

y 6.73 5.76 5.71 6.06
(2.68) (2.75) (2.71) (2.47)

Subjects 50 50 50 50

Consumers (without ratings)

WTP 52.46 54.05 52.49 49.42
(28.33) (27.90) (32.41) (30.50)

x 5.60 6.77 5.81 5.16
(2.90) (2.88) (2.91) (2.62)

y 5.65 5.84 5.50 5.33
(2.78) (2.83) (2.76) (2.51)

Subjects 25 25 25 25

Notes: Mean values with standard deviations in parentheses. Rating is the rating chosen by the rater, independent
of whether it was sent. Sent rating is the average rating sent. Subjects is the total number of subjects who
participated in each treatment. % sent is the percentage of all ratings that were sent. WTP is the consumer’s
stated willingness to pay for the product. x and y are the two quality dimensions for the product.
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We estimate a random effects panel model accounting for subject and round heterogeneity.

Table 3 reports panel regression results for rater behavior, with columns 1-3 using Tobit models,

while column 4 uses an LPM model. Column 1 shows the effects on rating choice in the full

sample, while column 2 focuses on the sample restricted to sent ratings.11 The variable ownvalue

describes the quality level for the rater’s preferred attribute (x for X-type raters, y for Y-type

raters) while the variable othervalue captures the rater’s less-preferred attribute (y for X-type

raters, x for Y-type raters). We include dummies pref and attr as treatment variables, where

pref takes the value 1 in treatments when the preference of raters is public information, and

attr takes the value 1 in treatments when the quality of attribute x was public information. We

also interact ownvalue and othervalue with each of the treatment dummies to examine whether

raters evaluated each of the attributes differently across treatments.

Figure 1: Product Attributes and Ratings
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Notes: The average value of the product’s attribute to the rater for sent ratings.

In all treatments, there is a large and highly significant effect of ownvalue on the choice of

rating, alongside a much smaller effect of othervalue. The small effect of othervalue is only

significant for the full sample of chosen ratings, and is insignificant when conditioning upon

11We repeat the analysis for only unsent ratings in Appendix A Table 7 and find results are very similar to those
in column 1. Figure 3 in Appendix A also illustrates the modest differences between sent and unsent ratings.
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only sent ratings. Together, these effects suggest that raters’ decisions are primarily motivated

by their preferred attribute (ownvalue) and show little concern for their less-preferred attribute

(othervalue). In other words, raters rated almost exclusively based on their own preferences,

rejecting Hypothesis 1. The interaction of pref with ownvalue and othervalue shows this effect

is stronger in the Pref treatments, when raters knew that their own preferences were visible to

consumers, consistent with Hypothesis 2.

The interaction of attr with ownvalue and othervalue leads to no statistically significant effects,

at first seeming to suggest that raters did not rate differently between the Attr treatments

and baseline. However, recall that our prediction is that ratings in the Attr treatments reflect

the quality of the unknown product attribute, which is independent of the rater’s preferences.

To test our predictions for the Attr treatments, we need to examine the relationship between

choice of rating and the x and y, rather than ownvalue and othervalue. Specifically, raters

should ignore the commonly known x, and rate solely based on the unknown y.

Column 3 of Table 3 shows how the choice of rating depends upon the x and y with and without

information about the attribute x. There are no significant effects from interacting Attr with

x or y, in contrast to our predictions from Hypothesis 3. Raters appear to be insensitive to the

fact that consumers in the Attr treatments already have information about the attribute x, and

instead rate based on their own experience with the product.

Although our research question does not address gender specifically, for robustness we examine

whether our results are sensitive to gender differences, similar to Bayerl et al. (2025). Tables 8

and 9 in Appendix A report broadly similar results after controlling for gender.12 Our primary

results, based only on sent ratings, are qualitatively unchanged with the inclusion of gender.

We observe some modest difference in rating behavior when analyzing all ratings (both sent and

unsent), with ratings generated by females being less sensitive to othervalue. Nonetheless, the

magnitude of ownvalue remains much larger, indicating that all raters are still predominantly

rating based on their own preferences. In our subsequent analysis on consumer behavior, we

also do not find any difference in behavior based on gender.

Our experimental design separates out the rating decision from the sending decision which

12We do not have gender data for 17 out of 502 subjects; all of the remaining 485 subjects indicated either
male or female. We did not originally collect gender information, and our analysis on the role of gender was
conducted significantly after the completion of our experiment. By the time we collected gender information
for this analysis, 17 subjects had been removed from the platform.
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means that we observe both the “pure” relationship between product quality and ratings if

there was no cost of rating, as well as the relationship conditional upon raters paying that cost.

The former is in some sense a more universal measure of how raters would evaluate products

if they were required to do so, while the second represents the ratings actually generated and

used by future consumers. With this in mind, as the last piece of our rater analysis we also

examine the decision to send a rating. Regression results in Column 4 of Table 3 show that, in

all treatments, raters are significantly more likely to send a rating for larger values of ownvalue.

This aligns with our previous result that raters focus on communicating information about their

own experiences.

5.2 Consumer Behavior

Figure 2: Consumer WTP
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Notes: Mean WTP for consumers observing each rating, across treatments.

The second step in our analysis is to understand how consumers interpret ratings, and specif-

ically how sensitive consumer willingness to pay is to observed ratings. Figure 2 shows the

relationship between WTP and observed ratings in each treatment, while Table 4 reports panel

regression results on consumer WTP decisions. Column 1 of Table 4 reports results across all

treatments, where we see a positive effect of ratings on WTP, indicating that consumers do be-
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Table 3: Rater decisions

(1) (2) (3) (4)
Choice of Rating (Tobit) Choice to Send (LPM)

All Ratings Sent Ratings Sent Ratings All Ratings

Ownvalue 0.47∗∗∗ 0.44∗∗∗ 0.022∗∗∗

(0.030) (0.067) (0.0055)

Othervalue 0.069∗∗ 0.061 0.0071∗

(0.028) (0.050) (0.0040)

x 0.37∗∗∗

(0.065)

y 0.28∗∗∗

(0.063)

Pref 0.12 -1.01∗ 0.053
(0.23) (0.52) (0.055)

Attr 0.24 0.56 0.90 0.028
(0.23) (0.52) (0.66) (0.053)

Pref × ownvalue 0.048 0.18∗∗ 0.016∗∗

(0.034) (0.070) (0.0078)

Pref × othervalue -0.074∗∗ -0.012 -0.0073
(0.031) (0.053) (0.0052)

Attr × ownvalue -0.021 0.0010 0.0063
(0.034) (0.072) (0.0074)

Attr × othervalue -0.0052 -0.076 -0.0066
(0.031) (0.052) (0.0053)

Attr × x -0.12
(0.087)

Attr × y -0.014
(0.095)

Round -0.014∗∗∗ -0.024∗∗ -0.019∗ -0.0018∗

(0.0041) (0.0010) (0.011) (0.0011)

Constant 0.46∗∗ 1.13∗∗ 0.53 0.058
(0.22) (0.52) (0.54) (0.039)

Observations 4040 1071 1071 4040

Standard errors in parentheses
∗
p < 0.10, ∗∗

p < 0.05, ∗∗∗
p < 0.01

Notes: The dependent variables in columns 1-3 are the rater’s choice of rating. Ownvalue is the quality level for
the rater’s preferred attribute. Othervalue is the quality level for the rater’s less-preferred attribute. x and y

are the two quality levels independent of the rater’s preferences. Pref is a dummy variable taking the value of 1
in the Pref treatments and 0 otherwise. Attr is a dummy variable taking the value of 1 in the Attr treatments
and 0 otherwise. Column 1 uses all ratings, while columns 2 and 3 are restricted to sent ratings. The dependent
variable in column 4 is an indicator for whether a rating was sent. Columns 1-3 use Tobit specifications, while
column 4 uses a linear probability model. Block-bootstrapped standard errors clustered at the subject level based
on 2000 replications.
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Table 4: Consumer decisions

(1) (2) (3)
Willingness to Pay All Ratings Pref treatment Attr treatment

Rating 0.93∗∗∗ 0.25∗∗∗ 0.59∗∗∗

(0.10) (0.089) (0.13)

Pref 0.95∗∗

(0.43)

Attr 0.75∗

(0.44)

Pref × rating -0.26∗∗

(0.12)

Attr × rating -0.13
(0.11)

Sametype -2.37∗∗∗

(0.48)

Sametype × rating 0.73∗∗∗

(0.13)

Ctypex 1.66∗∗∗

(0.57)

Ctypex × rating -0.19
(0.15)

x 0.39∗∗∗

(0.082)

x × rating -0.012
(0.016)

Round 0.032∗∗∗ 0.039∗∗∗ 0.029∗∗

(0.0077) (0.011) (0.011)

Constant 1.80∗∗∗ 4.20∗∗∗ 0.63
(0.34) (0.38) (0.56)

Observations 4000 2000 2000

Standard errors in parentheses
∗
p < 0.10, ∗∗

p < 0.05, ∗∗∗
p < 0.01

Notes: OLS results for consumer WTP. Column 1 shows results for all consumers, column 2 for consumers in the
Pref treatments, column 3 for consumers in the Attr treatments. Rating is a continuous variable for the observed
rating. Pref is a dummy variable taking the value of 1 in the Pref treatments and 0 otherwise. Attr is a dummy
variable taking the value of 1 in the Attr treatments and 0 otherwise. Sametype is a dummy variable taking the
value of 1 if the rater and consumer had the same preference over x and y, and 0 otherwise. Ctypex is a dummy
variable taking the value of 1 if the consumer preferred x over y. Block-bootstrapped standard errors clustered
at the subject level based on 2000 replications.

19



Ratings with Heterogeneous Preferences Lafky & Ng

lieve that higher rated products are more valuable. We also find that ratings are less influential

when rater preferences are public information, but there is no similar effect when x is common

knowledge.

In order to test our specific predictions for the Pref and Attr treatments, we restrict columns

2 and 3 of Table 4 to only the Pref and Attr treatments, respectively. The dummy variable

sametype takes the value 1 if the consumer has the same preferences as their matched rater, and

0 if their preferences are different. Likewise, the variable ctypex takes the value 1 for X-type

consumers and 0 for Y-type consumers.

Recall the prediction from Hypothesis 4 is that in the Pref treatment, consumers who share

the same preference as their rater should be more sensitive to the rating they observe. We

test this in column 2 of Table 4 by interacting sametype with rating, and find that WTP is

more sensitive to ratings when the consumer has the same preferences as the rater. This result,

combined with our earlier findings that raters rate based on their own preferences, suggests

that both raters and consumers expect publicly known preferences to serve as a focal point for

ratings. This serves as a partial answer to our research question, suggesting that knowledge of

rater preferences can help to resolve the ambiguity resulting from heterogeneous preferences.

Our prediction in the Attr treatments is that consumers who prefer the known dimension, x,

will be less sensitive to ratings than those who prefer the unknown attribute, y. We test this

in column 3 of Table 4 by interacting ctypex with rating. Consumers who preferred x had a

higher WTP on average, however we see no significant effect from interacting either consumer

preferences or x with ratings, indicating there was no difference in terms of how consumers

with different preferences interpreted ratings. This is contrary to our prediction, however it is

consistent with the observed behavior of raters who similarly do not adjust their ratings based

on publicly visible information about the product. We conclude that both raters and consumers

expect ratings to reflect the whole product, even when some attributes are publicly known.

Although our research question is fundamentally about the impact ratings have on WTP, as the

last step to our analysis we also ask how accurately that WTP tracks with the underlying value

of the products consumers receive. We do so by comparing a consumer’s true valuation for a

product to their stated WTP, taking the absolute value of the difference between the two as a

measure of the “error” with which consumers interpret a rating. Specifically, we calculate the

value of the product given its realized attributes and the consumer’s preference weights, and
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then take the difference between that value and the consumer’s stated WTP, or |value−WTP |.

We take the absolute value of the difference because there is equal harm from over-pricing or

under-pricing a product when using the BDM.13 Results are shown in the first row of Table 5.

The WTP error ranges from 2.01 in the Both treatment to 3.07 in the Pref treatment, though

only the Both treatment is significantly different from the None treatment. In percentage

terms, WTP errors ranged from approximately 18% to 27% of the maximum possible value of

the product.

Our measure of WTP error also allows us to construct a rough gauge of consumer welfare. Due

to the structure of our experiment, realized subject earnings are a noisy measure of consumer

welfare, in that they depend upon the realized draw from each BDM, in addition to the stated

WTP and the value of the prize. We therefore measure consumer welfare as the true value of

the prize to the consumer, minus their WTP error as described above. Specifically, we calculate

consumer welfare as value − |WTP − value|. Realized welfare across treatments is shown in

the second row of Table 5. Relative to the None treatment, welfare is significantly higher in the

Attr and Both treatments when consumers can directly observe part of the product’s quality.

Otherwise we see no significant differences across treatments.

Table 5: Consumer outcomes

Treatments None Pref Attr Both

WTP error 2.83 3.07 2.40 2.01∗∗∗

(0.12) (0.20) (0.25) (0.19)
Welfare 3.72 3.79 4.57∗∗ 4.88∗∗∗

(0.19) (0.24) (0.32) (0.20)

Notes: Average consumer outcomes by treatment. WTP error is the absolute value of the difference between the
subject’s stated WTP and their true value for the product. Welfare is that value minus the WTP error. Standard
errors in parentheses. Significance levels are for differences relative to the None treatment and are reported at
the 10%, 5% and 1% levels by ∗, ∗∗ and ∗∗∗ respectively.

5.3 Summary of Results

We summarize all of our results in three main findings. First, raters tend to provide ratings based

on their own tastes, contrary to our prediction that ratings are independent of rater preference.

Second, when raters’ preferences are public information, both raters and consumers interpret

ratings as a reflection of rater preferences. Third, making some of a product’s attributes publicly

observable does not change the interpretation of ratings among raters or consumers, contrary

13Figure 8 in the appendix shows these unsigned differences alongside the signed differences between WTP and
value.
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to our predictions that ratings should only reflect unrevealed product quality. Overall, we find

that rater and consumer interpretations of ratings are broadly consistent with one another in

the presence of heterogeneous preferences.

6 Conclusion

Through the experience of others, ratings help consumers to learn about the quality of products

prior to purchase. A rich existing literature has examined the generation and interpretation

of ratings, typically focused on the motivation to rate products and the impact ratings have

on consumer choices. Our results show how raters and consumers interpret ratings when they

may disagree with one another as to what product characteristics are most important, and how

that interpretation changes as additional information about rater preferences or product quality

becomes available.

Regardless of other information available to consumers, raters tend to rate products based

on their own preferences and consumers largely anticipate this behavior from raters. When

consumers are informed of raters’ preferences, we find ratings even more closely reflect those

preferences. Consumers anticipate that raters will increase the focus on their own preferences,

resulting in consumers becoming more sensitive to ratings if they share the same preferences

as the rater, and less sensitive if their preferences differ. This suggests it may be beneficial to

design rating systems which make rater preferences visible to consumers.

Providing consumers with partial information about a product’s quality increases consumer

willingness to pay, but does not change the meaning of ratings for raters or consumers. The

increase in willingness to pay is not surprising, because consumers are mechanically better

informed about products, regardless of any ratings. What is surprising is how access to this

information does not change the meaning of ratings; although maximally informative ratings

should avoid providing redundant information, raters do not change the way they select ratings

based on whether product information is available to consumers. In other words, raters appear to

continue rating the “whole product” rather than behaving strategically to maximize information

transfer.

Our results provide insights into how heterogeneous preferences influence ratings, and how

contextual information can affect the way ratings are interpreted. Given that raters tend to rate

based on their own preferences and deprioritize the diverse preferences of others, our findings
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suggest that designers of rating systems should be mindful of the information consumers have

about rater preferences. We also suggest that the information available in a ratings environment

can change the way ratings are interpreted, as the information on each platform creates distinct

contexts by which users interpret ratings. One possible implication is to caution against the

comparability of ratings or reputations across different platforms, such as in Dellarocas et al.

(2006). Another consideration, that our experiment does not directly address, is the language

used to elicit ratings. For example, framing a rating as a recommendation to future consumers

may cause a rater to be more attentive to the preferences of others.

This paper provides an initial examination of how ratings are generated under preference het-

erogeneity, leaving many avenues to expand upon our findings. Our environment is intentionally

parsimonious, allowing us to better isolate the role of individual preferences in the creation and

interpretation of ratings. We focus on a single-dimensional system without written feedback;

while such designs are common in practice, many platforms also incorporate multidimensional

scores or qualitative reviews to reduce ambiguity. This simple setting provides a clearer baseline

for understanding how preferences drive rating behavior, serving as a foundation from which

more complex environments can be examined. While the extent to which our results generalize

remains an area for future research, our findings highlight a fundamental observation that may

transcend specific system designs: raters do not always account for the diverse preferences of

others when evaluating products.

Further research should examine other forms and contexts for heterogeneous preferences, such

as how rating interpretations change when preferences are heterogeneous over both vertical

and horizontal dimensions, or whether the framing with which ratings are requested impacts

rater behavior. Likewise, it would be valuable to examine whether our results are affected by

consumers having access to aggregated ratings. Especially valuable would be an extension of

our approach to studying the explicit role of written reviews, examining the degree to which

raters focus on their own preferences when they have complete freedom to write arbitrarily

detailed descriptions of products.
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A Additional results

Table 6: Treatment mean comparisons

Treatments Pref Attr Both

Rating < > >

Sent rating < < <

WTP (with ratings) < >
∗

>
∗∗

WTP (without ratings) > > <

Notes: Statistical significance of difference in means between ratings, sent ratings, and WTP (with and without
ratings) of each treatment relative to the baseline None treatment. Significance levels are reported at the 10%,
5% and 1% levels by ∗, ∗∗ and ∗∗∗ respectively. For example, >∗ in the third row indicates that the mean WTP
of each subject in the Attr treatment is greater than the mean WTP in the None treatment, and this difference
is significant at the 10% level.

Figure 3: Product Attributes and Ratings (Unsent Ratings)
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Notes: The average value of the product’s attribute to the rater for unsent ratings.
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Figure 4: Rating by rater valuation
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Notes: The average rating sent given the total value of the prize to the rater.

Figure 5: Ratings sent over time
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Figure 6: Send probability over time
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Notes: The average send probability over time.

Figure 7: Consumer WTP over time
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Notes: The average WTP of consumers over time.
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Table 7: Rater decisions (unsent ratings)

(1) (2)
Choice of Rating (Tobit)

Unsent ratings Unsent ratings

Ownvalue 0.47∗∗∗

(0.032)

Othervalue 0.061∗∗

(0.027)

x 0.25∗∗∗

(0.036)

y 0.25∗∗∗

(0.034)

Pref 0.37
(0.23)

Attr 0.26 0.15
(0.23) (0.26)

Pref × ownvalue -0.0049
(0.036)

Pref × othervalue -0.078∗∗

(0.031)

Attr × ownvalue -0.038
(0.035)

Attr × othervalue 0.010
(0.032)

Attr × x -0.0065
(0.048)

Attr × y -0.010
(0.050)

Round -0.011∗∗∗ -0.013∗∗∗

(0.0040) (0.0049)

Constant 0.41∗ 0.48∗∗

(0.23) (0.21)

Observations 2969 2969

Standard errors in parentheses
∗
p < 0.10, ∗∗

p < 0.05, ∗∗∗
p < 0.01

Notes: The dependent variables in columns 1-2 are the rater’s choice of rating. Ownvalue is the quality level for
the rater’s preferred attribute. Othervalue is the quality level for the rater’s less-preferred attribute. x and y

are the two quality levels independent of the rater’s preferences. Pref is a dummy variable taking the value of 1
in the Pref treatments and 0 otherwise. Attr is a dummy variable taking the value of 1 in the Attr treatments
and 0 otherwise. The analyses are restricted to unsent ratings and use Tobit specifications. Block-bootstrapped
standard errors clustered at the subject level based on 2000 replications.
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Table 8: Rater decisions (with gender)

(1) (2) (3) (4)
Choice of Rating (Tobit) Choice to Send (LPM)

All Ratings Sent Ratings Sent Ratings All Ratings

Ownvalue 0.47∗∗∗ 0.37∗∗∗ 0.029∗∗∗

(0.049) (0.089) (0.0079)

Othervalue 0.12∗∗∗ 0.15∗ 0.0029
(0.045) (0.090) (0.0069)

x 0.40∗∗∗

(0.11)

y 0.41∗∗∗

(0.085)

Pref -0.28 -2.07∗∗∗ 0.102
(0.35) (0.76) (0.098)

Attr 0.64∗ 0.94 1.10 0.049
(0.38) (0.83) (1.08) (0.090)

Pref × ownvalue 0.084 0.26∗∗ 0.0099
(0.060) (0.11) (0.011)

Pref × othervalue -0.039 0.061 -0.0017
(0.047) (0.096) (0.0091)

Attr × ownvalue -0.089 -0.074 -0.011
(0.060) (0.11) (0.011)

Attr × othervalue -0.031 -0.16∗ -0.0063
(0.048) (0.093) (0.0089)

Attr × x -0.15
(0.14)

Attr × y -0.14
(0.13)

Round -0.0077 -0.026∗ -0.013 -0.0023
(0.0063) (0.015) (0.018) (0.0016)

Female 0.37 -0.53 0.78 -0.31
(0.46) (1.03) (1.10) (0.082)

Female ×

Ownvalue 0.0093 0.11 -0.012
(0.062) (0.13) (0.011)

Othervalue -0.088 -0.14 0.0071
(0.057) (0.11) (0.0085)

x -0.011
(0.14)

y -0.22∗

(0.12)

Pref 0.53 1.50 -0.1003
(0.46) (1.05) (0.12)

Attr -0.59 -0.50 -0.18 -0.025
(0.48) (1.09) (1.35) (0.11)

Pref × ownvalue -0.054 -0.12 0.014
(0.072) (0.14) (0.015)

Pref × othervalue -0.042 -0.11 -0.0067
(0.060) (0.11) (0.011)

Attr × ownvalue 0.11 0.12 0.027∗

(0.072) (0.15) (0.015)

Attr × othervalue 0.030 0.11 -0.00057
(0.062) (0.11) (0.011)

Attr × x 0.019
(0.19)

Attr × y 0.20
(0.18)

Round -0.011 0.0063 -0.0082 0.0015
(0.0085) (0.020) (0.022) (0.0020)

Constant 0.23 1.42∗ -0.078 0.072
(0.37) (0.80) (0.93) (0.061)

Observations 3940 1032 1032 3940

Standard errors in parentheses
∗

p < 0.10, ∗∗
p < 0.05, ∗∗∗

p < 0.01

Notes: The dependent variables in columns 1-3 are the rater’s choice of rating. Ownvalue is the quality level for the rater’s preferred attribute.
Othervalue is the quality level for the rater’s less-preferred attribute. x and y are the two quality levels independent of the rater’s preferences.
Pref is a dummy variable taking the value of 1 in the Pref treatments and 0 otherwise. Attr is a dummy variable taking the value of 1 in the
Attr treatments and 0 otherwise. Female is a dummy variable for subjects with the gender Female. Column 1 uses all ratings, while columns
2 and 3 are restricted to sent ratings. The dependent variable in column 4 is an indicator for whether a rating was sent. Columns 1-3 use
Tobit specifications, while column 4 uses a linear probability model. Block-bootstrapped standard errors clustered at the subject level based
on 2000 replications.

33



Ratings with Heterogeneous Preferences Lafky & Ng

Table 9: Consumer WTP (with gender)

(1) (2) (3)
Willingness to Pay All Ratings Pref treatment Attr treatment

Rating 0.78∗∗∗ 0.27∗∗ 0.63∗∗∗

(0.16) (0.12) (0.15)

Pref 0.58
(0.64)

Attr 0.51
(0.64)

Pref × rating -0.11
(0.17)

Attr × rating -0.15
(0.17)

Sametype -2.37∗∗∗

(0.71)

Sametype × rating 0.71∗∗∗

(0.18)

Ctypex 1.01
(0.82)

Ctypex × rating -0.091
(0.20)

x 0.43∗∗∗

(0.11)

x × rating -0.038∗

(0.020)

Round 0.031∗∗ 0.031∗ 0.028
(0.012) (0.017) (0.018)

Female -1.07 0.10 -0.38
(0.80) (0.75) (1.21)

Female ×

Rating 0.25 -0.070 -0.11
(0.23) (0.17) (0.28)

Pref 0.62
(0.94)

Attr 0.40
(0.90)

Pref × rating -0.27
(0.25)

Attr × rating 0.078
(0.24)

Sametype -0.28
(0.98)

Sametype × rating 0.031
(0.26)

Ctypex 1.44
(1.19)

Ctypex × rating -0.18
(0.30)

x -0.077
(0.17)

x × rating 0.052
(0.034)

Round 0.0013 0.016 -0.0018
(0.017) (0.022) (0.023)

Constant 2.41∗∗∗ 4.18∗∗∗ 0.82
(0.57) (0.53) (0.60)

Observations 3780 1980 1980

Standard errors in parentheses
∗

p < 0.10, ∗∗
p < 0.05, ∗∗∗

p < 0.01

Notes: OLS results for consumer WTP. Column 1 shows results for all consumers, column 2 for consumers in the Pref treatments, column 3
for consumers in the Attr treatments. Rating is a continuous variable for the observed rating. Pref is a dummy variable taking the value of
1 in the Pref treatments and 0 otherwise. Attr is a dummy variable taking the value of 1 in the Attr treatments and 0 otherwise. Sametype

is a dummy variable taking the value of 1 if the rater and consumer had the same preference over x and y, and 0 otherwise. Ctypex is a
dummy variable taking the value of 1 if the consumer preferred x over y. Female is a dummy variable for subjects with the gender Female.
Block-bootstrapped standard errors clustered at the subject level based on 2000 replications.
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Figure 8: Consumer WTP error
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Notes: Mean error in consumer WTP, defined as the difference between a consumer’s value for the product and
their WTP. Signed error reflects the difference between product value to the individual consumer and WTP, and
unsigned error reflects the absolute value of that difference.
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B Experiment Instructions
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Figure 9: Consent Form
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B.2 Raters

B.2.1 Instructions���������	��
��
���������������������������
��������������������������������
������������ �!����������������������
������
���������������������������"�����"�������������� #�������$������������%���������������������
�������"����&���������������� �'�������������������"����������"�������������������
�������������������������
�����%�����"�������������������
���������"�������������������
������������������������������������������������� '��������������"����&��&�����������()�������
���������������
������������ *������������	��
��
��������������������
������������������������ ���!�"!�
��
���!��"
���
�"�"# �$
 ����"�!%������ ��" ����&
'���
%��������&�"!������$��$��'�"��"!��(�����"!��
�����"� �������� ��"�&
'�"#��)���"#��
�%����"�������
"��!�"!�
�����
�"�!�'�" ����!%��
�%�!�'�"����!%����*��+!�!%���"�����!%��������&�"!���"�����!%��(�����"� ������$���
"��&��� ����!��������
�&�"!��
%��!�'�" �����
�"����"�!%
!����"���
"���"���!%
!����"������ �������"�!�
���������������!��&�"���������"
���
�&�"!�,������ �-��!���������	��
��
��������������
������
��������������
��������������������������������� �
�������!"�#
�����������������������������������$����%���%�"�&��
������
����������������'()�%���%���
��������������� ��������'()�%���%��
���������������!"�#
���������������������*�
����
��
�"#
�������������������������
�+�������+�%��������������������%����������%���
�����������"�&���
����������� ��
���������%��,����������������-� �������-�(" "�&�������������
������������!���
���������%��,���������������-�(" �������-� ".�������%�������������������,���������%������
��������/������"�#
��������������
��%���������������
����"0��,�
���1�/�  ! !  !
Figure 10: Rater’s Instructions (i)
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Figure 11: Rater’s Instructions (ii)
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Figure 12: Rater’s Instructions (iii)
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B.2.2 Actions

Round 1
You are type 2. Your weights are:

In this round, the prize is made up of:

The value of this prize for a type 1 participant is 10.3 tokens.

The value of this prize for a type 2 participant is 4.0 tokens.

Next

w 0.1

w 1

1

2

X 10

X 3

1

2

Powered by oTree

Debug info

Restart as new participant

vars_for_template

type 2

value1 10.3

value2 4.0

weight1 0.1

weight2 1

Round 1
You are type 2. Your weights are:

In this round, the prize is made up of:

The value of this prize for a type 1 participant is 10.3 tokens.

The value of this prize for a type 2 participant is 4.0 tokens.

How do you rate this prize?

1 2 3 4 5

Previous Next

w 0.1

w 1

1

2

X 10

X 3

1

2

Powered by oTree

Debug info

Restart as new participant

vars_for_template

type 2

value1 10.3

value2 4.0

Round 1
You are type 2. Your weights are:

In this round, the prize is made up of:

The value of this prize for a type 1 participant is 10.3 tokens.

The value of this prize for a type 2 participant is 4.0 tokens.

Do you wish to pay 0.10 tokens to share your rating and type with future participants?

Yes

No

Previous Submit

w 0.1

w 1

1

2

X 10

X 3

1

2

Powered by oTree

Debug info

Restart as new participant

vars_for_template

type 2

value1 10.3

Figure 13: Rater’s Actions
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Figure 15: Consumer’s Instructions (ii)
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Figure 16: Consumer’s Instructions (iii)
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Figure 17: Consumer’s Instructions (iv)
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Figure 18: Consumer’s Instructions (v)
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Figure 19: Consumer’s Actions (i)
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Figure 20: Consumer’s Actions (ii)
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Figure 21: Earnings Screen
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