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Abstract

Online marketplaces use rating systems to promote the dis-
covery of high-quality products. However, these systems also
lead to high variance in producers’ economic outcomes: a
new producer who sells high-quality items, may unluckily re-
ceive a low rating early, severely impacting their future popu-
larity. We investigate the design of rating systems that balance
the goals of identifying high-quality products (“efficiency”)
and minimizing the variance in outcomes of producers of sim-
ilar quality (individual “producer fairness”).
We show that there is a trade-off between these two goals:
rating systems that promote efficiency are necessarily less in-
dividually fair to producers. We introduce prior-weighted rat-
ing systems as an approach to managing this trade-off. Infor-
mally, the system we propose sets a system-wide prior for
the quality of an incoming product; subsequently, the sys-
tem updates that prior to a posterior for each product’s qual-
ity based on user-generated ratings over time. We show the-
oretically that in markets where products accrue reviews at
an equal rate, the strength of the rating system’s prior de-
termines the operating point on the identified trade-off: the
stronger the prior, the more the marketplace discounts early
ratings data (increasing individual fairness), but the slower
the platform is in learning about true item quality (so effi-
ciency suffers). We further analyze this trade-off in a respon-
sive market where customers make decisions based on his-
torical ratings. Through calibrated simulations in 19 differ-
ent real-world datasets sourced from large online platforms,
we show that the choice of prior strength mediates the same
efficiency-consistency trade-off in this setting. Overall, we
demonstrate that by tuning the prior as a design choice in
a prior-weighted rating system, platforms can be intentional
about the balance between efficiency and producer fairness.

1 Introduction
Rating systems that capture user (consumer) feedback, such
as thumbs-up or five-star ratings, are central to online plat-
forms. These ratings influence consumer choices, which in
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turn drive creator (producer) outcomes ranging from viral-
ity to economic opportunity. Given the consequential nature
of these rating systems on platforms and on producers, are
there better—and worse—ways to design them? We study
the impact of the design of these rating systems on pro-
ducers’ welfare. Conditional on item quality, ratings and re-
views may be noisy or depend on factors outside the pro-
ducer’s control (Salganik, Dodds, and Watts 2006). This
variance in ratings translates into a substantial variance in
producer experiences on platforms, especially early on in
a producer’s tenure: for example, on eBay, a seller’s first
negative rating is associated with a substantial drop in that
seller’s growth rate on the platform (Cabral and Hortacsu
2010). Neglecting this variance in producers’ economic ex-
perience is detrimental to the market: in online labor mar-
ketplaces, many highly effective workers are underutilized
simply due to a lack of previous experience on the platform
(Pallais 2014). We view this variance in producer outcomes
as a form of individual producer unfairness: conditional on
true producer quality, outcomes may differ substantially be-
tween producers. On the other hand, platforms try to simul-
taneously learn about products considered to be high quality
by consumers, to match consumers to as many high-quality
products as possible. We refer to this goal of optimizing for
consumer experience as efficiency.

The preceding discussion suggests that a trade-off ex-
ists between consumer experience (efficiency) and producer
variance (unfairness). One intuitive way to think about this
trade-off is to broadly think of rating systems as Bayesian
updaters: The estimated quality for a product in the sys-
tem is the platform’s posterior estimate of the quality given
the historical user ratings. In this view, the choice of prior
strength has a first-order impact on both the experience of
consumers and the variance in producer outcomes. A high
prior strength leads to smaller posterior updates, making it
difficult for user reviews to affect the rating. This minimizes
the influence noisy ratings have on outcomes for producers
of similar true quality, but makes products with few reviews
all look similar, regardless of their actual quality. On the
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other hand, a zero prior strength yields a posterior estimate
that is the simple sample mean of user reviews. This helps
higher-quality products quickly achieve more visibility, but
the noisy procedure of review generation induces high vari-
ance in producer experiences.

This view captures the dynamics of rating systems used in
production by many large online platforms. Most platforms
that choose to publicly disclose their ratings aggregation
method simply calculate the sample mean of reviews that
are deemed sufficiently recent or trustworthy, such as in the
case of Uber (Uber 2024), Yelp (Zukin 2024), and Etsy (Etsy
2024), which is analagous to setting the prior strength of the
distribution in our Bayesian updater to zero. Other platforms
are cognizant of issues such as reputation inflation, and take
a weighted average of a product’s sample mean rating with a
fixed value (usually the average rating across all products).
This method, known as Dirichlet ratings (Zhang et al. 2011),
was formerly used by IMDb’s movie rating system (IMDb
2019) and is currently used by MyAnimeList (MyAnimeList
2024), and is equivalent to the higher prior strength case in
our Bayesian updater. An overview of the rating systems of
some common online platforms is found in Appendix D.

Thus, whether they know it or not, many platforms have
implicitly made a choice about how much they value con-
sumer experience over producer fairness, with the majority
of platforms today choosing to set that strength to zero and
use the sample mean. We argue that platforms should be in-
tentional about design choices like these, given the impor-
tance of providing high-quality experiences to consumers
and of giving fair treatment to producers. We show that plat-
forms control this efficiency-fairness trade-off through their
choice of system design; i.e., the prior strength they use im-
plements their “operating point” with respect to this trade-
off. As a consequence, our work suggests that characterizing
these operating points is of first-order importance to plat-
form design.

In this paper, we formalize our Bayesian metaphor by
defining and analyzing a family of prior-weighted rating
systems, where a platform’s rating system calculates the es-
timated quality of each product on the platform as per the
Bayesian updater described above. We frame selecting the
Bayesian prior in this in this system as a design choice, de-
termining how changing this prior influences consumer effi-
ciency and producer fairness using both theoretical analysis
and calibrated simulations using extensive real ratings data.

We first analyze a stylized fixed model in which all prod-
ucts accumulate ratings at a uniform rate. We characterize
the efficiency-fairness trade-off as a bias-variance trade-off
on the mean squared error of product quality estimation; we
theoretically prove that the prior strength determines the op-
erating point on the trade-off curve.

We then consider a responsive model, where higher-
quality products receive more attention over time. We for-
malize the efficiency-fairness trade-off using standard con-
sumer and producer welfare metrics: efficiency depends on
whether consumers receive high-quality items, and fairness
on whether products of the same underlying true quality re-
ceive similar attention.

We run calibrated simulations using data from 19 datasets

taken from real-world online marketplaces (Gao et al. 2022;
Wan and McAuley 2018; Wan et al. 2019; Hou et al. 2024).
In both models, we find that the prior strength determines
the platform’s operating point on this trade-off curve, and
that this finding is robust across datasets and model details;
as an example, Figure 1 demonstrates how this trade-off con-
sistently arises in the responsive setting when we run simu-
lations on ratings data from the book-recommendation site
Goodreads.
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1Figure 1: Producer unfairness versus consumer inefficiency
Pareto curve, parameterized by prior strength, for respon-
sive model experiments with Goodreads ratings. The prior
strength determines the trade-off between fairness and ef-
ficiency. Different colors represent different Goodreads
datasets, which are stratified by book genre. An in-depth ex-
planation of the fairness and efficiency metrics is given in
Section 2.3, while the experimental setup that generated this
particular graph is given in Appendix E.

Across these evaluations, we observe that even a minor
modification from the sample mean status quo can make the
system much fairer for producers. In our responsive model,
there are datasets for which moving from a “sample mean”
rating system that places zero weight on a prior to one that
places minimal weight in the prior reduces producer un-
fairness by 30% while only decreasing match efficiency by
10%. Many platforms today have implicitly made an ex-
treme choice for their prior weight by using the sample mean
of ratings. Thus, between the extremes of using the sample
mean and ignoring user ratings completely, there lay designs
that largely distinguish products by their true quality while
still empirically producing fair outcomes on the market.

2 Model and Data
We first describe our model and formally define prior-
weighted rating systems within our model. We then intro-
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duce the two model variants we analyze: the fixed model
assumes that all products accrue ratings at the same rate,
and changing the prior does not impact how the collection
of user-generated feedback evolves, while the responsive
model relaxes this assumption by modeling consumers as
noisily seeking the best product on the market. We define
metrics for producer fairness and efficiency for each model.
Though the model detailed here assumes a ratings system
with binary reviews, our model extends readily to ordinal
reviews as well (see Appendix E).

2.1 Model Primitives
Our modeling framework is as follows.

Products. There is a universe of products V . Product v ∈
V has unobserved true quality qv , where 0 ≤ qv ≤ 1.

Binary ratings that accumulate over time. Products ac-
cumulate ratings over time, as users interact with and rate
products. To capture this phenomenon, we assume the mar-
ket operates over discrete time periods t, and products can
receive ratings at each time period. We assume these ratings
are binary, i.e., 0 or 1.

Crucially, the true quality of a product should impact the
rating received; we suppose that a rating for product v is
Bernoulli(qv), independent of all other randomness in the
system. Since ratings accumulate, we use S(v, T ) to denote
the set of binary ratings that product v ∈ V has received
after T timesteps have elapsed.

We assume binary ratings as a simplification for ease of
exposition; our results qualitatively extend to other settings,
as we demonstrate in Appendix E. We note that this choice
captures how many platforms elicit ratings (e.g., in any plat-
form that uses a thumbs-up/thumbs-down system); in other
platforms with more than two options, ratings often follow a
“J-curve” where users mostly only use the extreme options
(Hu, Zhang, and Pavlou 2009). In Appendix G, we demon-
strate that our results hold even when we assume users’ dis-
tribution over ratings is centered or even right-skewed.

Prior-Weighted Rating System. In a prior-weighted rat-
ing system, the prior distribution is a design choice of the
platform. The system operates by estimating a posterior dis-
tribution of the estimated true quality for each product, given
the prior and the received ratings on that product.

We primarily consider rating systems where the prior rep-
resents a Beta distribution.1 Then, in this setting, the plat-
form chooses the prior Beta distribution parameters (α̂, β̂).2

We will refer to α̂ + β̂ as the prior strength, as it indicates
how strongly the prior is concentrated around its mean (and
how many ratings will be needed to “overwhelm”) the prior.

After a product receives a rating, the platform updates its
estimation posterior distribution for its true quality. In our

1This choice is natural, given that ratings are assumed to be
Bernoulli. The Beta distribution is the conjugate prior for Bernoulli
data, i.e., with this choice of prior, the posterior distribution re-
mains a Beta distribution but with different parameters.

2In a Beta(α, β) distribution, the mean is α
α+β

; the higher that
α+β are, the more concentrated the distribution around the mean.
A common interpretation of the parameters is that α+β is the num-
ber of trials (coin flips), and α represents the number of successes.

Beta-Bernoulli setting, this posterior distribution for product
v at timestep t is a Beta distribution with parameters

α = α̂+R(v, t),

β = β̂ + (|S(v, t)| −R(v, t)),

where R(v, t) ∼ Binomial(t, qv) is the number of positive
ratings received by the item so far (and so |S(v, t)|−R(v, t)
is the number of negative ratings). We can compute the pos-
terior mean estimated quality for product v at timestep t as:

q̂α̂,β̂(v, t) =
α̂+R(v, t)

α̂+ β̂ + |S(v, t)|
. (1)

The platform impacts the operation of a prior-weighted
rating system only through the prior choice, determined here
by α̂ and β̂. There are two aspects of this choice: the shape
of the prior, and its strength relative to observed ratings in
determining the posterior. In our analysis, we fix the prior
shape by relying on market-level data, in a manner inspired
by empirical Bayesian statistical methods (Robbins 1964).
Our analysis shows that the strength of the prior then medi-
ates the tradeoff between efficiency and producer fairness.

Formally, to reason about a prior’s strength, we fix a prior
shape (α̃, β̃), then set (α̂, β̂) = (ηα̃, ηβ̃) for some prior
strength η ≥ 0, providing us with a single-parameter lever
to adjust the strength of the prior. We elaborate on how we
calibrate the prior shape in Section 3.2. Note in particular
that if η = 0, then the platform simply implements sample
averaging to compute the estimated quality of an item.

2.2 Fixed and Responsive Models
We study two models for how customers may interact with
items, and items accumulate ratings over time. We begin
with a fixed model in which the products receive ratings at
the same rate, regardless of their past ratings. We then study
a (more realistic) responsive model in which products with
higher estimated ratings receive ratings more often.

Fixed model. In the fixed setting, all products stay in the
market for the entire time horizon, and each product v ∈ V
accumulates one rating at each timestep t. In this model, the
platform eventually accurately learns the true quality of all
products, but has noisy estimates for each finite time t.

Responsive model. The responsive model differs from
the fixed model in two ways: (1) items enter and exit the
marketplace over time; (2) items are more likely to receive
ratings if they have a higher estimated quality in the rating
system. These changes in the responsive model capture se-
lection effects (Acemoglu et al. 2022), in which consumers
may react to previous ratings, more often choosing to inter-
act with (and thus rate) items with more positive ratings in
the past; these effects are not present in the fixed model.

At each timestep t, only a subset M(t) ⊆ V of the prod-
ucts is available for purchase. A single consumer chooses
a single product v(t) to purchase and provides a rating on
that product, and at the end of the timestep, each product
v ∈ M(t) exits the marketplace with some uniform, ex-
ogenous probability and is replaced by another product not
currently in the market. The customer choice will depend
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on historical ratings for each available item. In our analy-
sis in Section 4, we will instantiate consumers as Thompson
samplers, as well as those that sample uniformly from the k
items with the highest estimated ratings.

2.3 Efficiency and Producer Fairness Metrics
We now develop metrics that capture the two qualitative ob-
jectives described above: efficiency, and producer fairness.
Informally, efficiency is measured by whether or not the rat-
ing system is successfully identifying high-quality products.
Individual producer fairness is measured by whether prod-
ucts of similar true quality are treated similarly.

Metrics in fixed setting. In the fixed model, we focus
primarily on an accuracy measure: the mean-squared error
(MSE) of the estimated quality in predicting true quality,
defined at timestep t as

MSE(q̂ηα̃,ηβ̃) =

∑
v∈V (q̂ηα̃,ηβ̃(v, t)− qv)

2

|V |
. (2)

Why MSE? Via the bias-variance decomposition, mean-
squared error encodes a metric for efficiency and a metric
for producer unfairness. For product v with true quality qv:

E[(q̂ηα̃,ηβ̃(v, t)− qv)
2|qv] =

(
E[q̂ηα̃,ηβ̃(v, t)|qv]− qv

)2
+ Var[q̂ηα̃,ηβ̃(v, t)|qv].

(3)

When conditioned on a product with given true quality
qv , the variance component of the MSE (second component
on the right-hand side) represents an objective for producer
fairness, as the estimator should ideally estimate products
of similar true quality similarly, even if that estimated qual-
ity is biased. The bias component of MSE is correlated with
consumer efficiency; in particular, a rating system that con-
sistently underrates high-quality products or overrates low-
quality ones will lead to poor consumer experiences.

Metrics in responsive setting. In the responsive setting,
because consumers choose (and rate) higher rated items at
higher probabilities, we base our metrics directly off of how
often products are selected. We define lv to be the lifespan
of a product v in the responsive model. The selection rate
of a product v as the fraction of times that it was rated (and
thus the fraction of times the product was purchased) during
its lifespan, SR(v) := |S(v, t)|/lv .

Efficiency. Formally, to measure efficiency, we use total
expected regret compared to the best item in the marketplace
at each time step:

E

[
T∑

t=1

max
v∈M(t)

{qv} − qv(t)

]
. (4)

Low regret corresponds to high selection rates for high
quality products, while ensuring sufficient exploration of
low quality products. In real markets, this arises naturally
from rating products according to the sample mean, mean-
ing lower prior weights should increase efficiency.

Fairness. To capture variance conditional on quality, our
chosen fairness metric is the standard deviation in selec-
tion rate given true quality. This individual fairness notion
is conditional on quality: items of similar quality ought to
be picked at similar rates. Let σ̂(U) be the sample standard
deviation computed on a set of real-valued numbers U . For a
fixed true quality q, the individual (un)fairness metric is the
standard deviation in selection rate conditioned on an item
being of that true quality:

σ̂ ({SR(v)|qv = q}) . (5)

To get a marketplace-level metric of producer unfairness,
we take the expectation of eq. (5) over true qualities q.

We do not use a statistical measure as in the fixed set-
ting for two reasons: (1) The responsive model allows for
more direct capture of real-world welfare metrics, and (2)
as products are sampled adaptively, quality estimation will
inherently be negatively biased (Nie et al. 2018), making
mean-squared prediction error a poor metric.

2.4 Datasets
As a part of the empirics of our paper, we run calibrated
simulations on a total of 19 real-world datasets.

The dataset we rely primarily on is KuaiRec (Gao et al.
2022).3 KuaiRec provides a dense matrix of user-item inter-
actions on a large video-sharing platform where every user
has a watchtime percentage for every video, allowing us to
base our simulations on data that is free of selection bias.
To convert watchtime into a binary rating, we assume a user
liked a video if they watched 40% or more of it, then took the
mean like ratio of each product v to calculate its true quality
qv . We choose this threshold because it yields a left-tailed
true quality distribution with a mean quality of 0.79, which
resembles a typical market with ratings inflation (Garg and
Johari 2021; Horton and Golden 2015). (We study the ro-
bustness with respect to this threshold in Appendix G.)

In the responsive setting, besides KuaiRec, we also run
our simulations using ordinal (non-binary) data taken from
18 datasets containing rating data from the online book-
recommendation platform Goodreads (Wan et al. 2019; Wan
and McAuley 2018), as well as Amazon.com (Hou et al.
2024). Appendix E explains in more detail how we used
these datasets in our experiments.

3 The Efficiency-Fairness Tradeoff in the
Fixed Model

We first analyze the fixed model, in which all products ac-
crue ratings at the same rate. This fixed model illustrates our
main ideas in a simple setting. We analyze the trade-off in
producer fairness and efficiency through the lens of a famil-
iar objective in machine learning: minimizing mean-squared
error (MSE) in predicting true product quality. We show the-
oretically that an efficiency-fairness trade-off is ensured in
this setting as a consequence of the bias-variance decompo-
sition of MSE in eq. (3). We then illustrate our theoretical
results through calibrated simulation.

3Licensed under the Creative Commons Attribution Share
Alike 4.0 International License

1142



3.1 Theoretical Analysis
We present two theorems that characterize the efficiency-
fairness trade-off in our fixed model, where efficiency and
fairness are defined through the bias-variance decomposi-
tion of mean-squared prediction error as given in Equation
3; proofs of both theorems are available in Appendix A.
The first theorem establishes that as the prior strength η in-
creases, efficiency decreases but fairness increases:

Theorem 3.1. Suppose we have a prior-weighted rating sys-
tem in the fixed setting with prior parameters (ηα̃, ηβ̃). Fix
product v with true quality qv and consider quality estima-
tion after t timesteps.

Then, as η ≥ 0 increases, (1) squared bias(
E[q̂ηα̃,ηβ̃(v, t)|qv]− qv

)2
is nondecreasing; (2) vari-

ance Var[q̂ηα̃,ηβ̃(v, t)|qv] is strictly decreasing in η.

Theorem 3.1 establishes the trade-off between fairness
and efficiency. As the prior strength of a prior-weighted rat-
ing system increases, it is less likely for two identical prod-
ucts to be rated differently, reducing variance while increas-
ing estimation bias.

The above theorem characterizes error for a given quality
level qv as prior strength changes. We are also interested in
how the true quality of the product influences the efficiency
and fairness metric, i.e., how the platform estimates quality
for different true quality levels. An ideal statistical estimator
for quality should have low MSE across all quality levels.
Our next theorem characterizes how efficiency and unfair-
ness vary with true product quality:

Theorem 3.2. Suppose we have a prior-weighted rating sys-
tem in the fixed setting with prior parameters (ηα̃, ηβ̃). Con-
sider quality estimation after t timesteps.

Then, as a function of true product quality, squared bias(
E[q̂ηα̃,ηβ̃(v, t)|qv]− qv

)2
is convex with a global mini-

mum at α̃
α̃+β̃

, while variance Var[q̂ηα̃,ηβ̃(v, t)|qv] is concave
with a global maximum at 1/2.

Theorem 3.2 illustrates which products would be favored
by increasing η; in the sample mean setting where η = 0 and
the unfairness objective is high, producers of middling true
quality have the most variance. This is due to the variance
for Bernoulli distributions being highest when the mean is
around 1/2. As η increases, the estimated quality of products
not close to α̃

α̃+β̃
becomes systematically biased, as the prior

moves estimated quality of items toward the prior mean.
Thus, products above this value systematically are under-
estimated, and products below this value are over-estimated,
reducing efficiency. Note that if the prior mean α̃

α̃+β̃
is cali-

brated (via a method such as empirical Bayes, which we use
in our application below), then this value will correspond to
the average product quality.

A key takeaway of this theorem is that the efficiency and
producer unfairness metrics as a function of product quality
have different shapes; as changes in η prioritize one metric
over the other, different groups of producers will benefit in
terms of both efficiency and fairness.

3.2 Empirical Setup
We simulate an idealized marketplace using the KuaiRec
dataset, using these simulations to illustrate our fixed model
theory. In the next section, we will reuse this framework
to simulate the responsive model, evaluating how different
prior-weighted rating systems might perform in a setting
closer to practice. A supplement to our paper containing
code, and step-by-step instructions on replicating our exper-
iments, is attached in the submission.

Model calibration. To pick a prior shape (α̃, β̃), we make
use of the empirical Bayes (EB) method (Robbins 1964),
which provides an approach for computing an estimate of
prior parameters across a population. We perform a 60-40
train-test split on the products in the our dataset. We use all
available ratings data for products in the training set to cali-
brate (α̃, β̃) using EB. The remaining 1,331 products (in the
test set) are the universe of products V on which the simu-
lation is run. We are interested in investigating how ratings
in the marketplace change over time, so our marketplace is
simulated over time; we fix a finite time horizon T , and at
each timestep t, either draw one review for all v ∈ V in the
fixed model, or draw one review for the specific v ∈ V cho-
sen by the consumer at timestep t in the responsive model.

Fixed model parameters. We set a time horizon of T =
50, and run our simulations for four different values of
η ∈ {0, 1, 10, 1000}. The first two η values correspond to
prior-weighted rating systems under the sample mean esti-
mator and the baseline empirical Bayes (EB) estimator re-
spectively. η = 10 corresponds to a setting where the prior
is difficult to overcome in early timesteps, but eventually is
shifted significantly by ratings data. η = 1000 corresponds
to a setting where the posterior is essentially equal to the
prior throughout the entire simulation, i.e., ratings data is
ignored. We ran all of our experiments (for both the fixed
and responsive models) on an internally-provided comput-
ing cluster, where the compute power required for our simu-
lations was negligible.

3.3 Empirical Results for Fixed Model
Illustrating the efficiency-fairness trade-off across differ-
ent values of η. Overall, our simulations illustrate the theo-
retical results. Figure 2 plots the estimation MSE as a func-
tion of producer true quality, for different levels of η and
number of timesteps elapsed t. Note the shift from concavity
to convexity as η increases – the system shifts from where
producer unfairness is the primary contributor to MSE to
one in which consumer inefficiency is the main contribu-
tor. Figure 9 in Appendix B shows the same phenomenon in
estimated versus true quality; low values of η induce high
variance in estimation, while high values of η induce a sys-
tematic bias into the rating system that underestimates high-
quality products and overestimates low-quality ones. Fur-
ther, by varying prior strength, we can recover both the sam-
ple mean estimator where ratings are determined entirely by
user reviews, and a “static” estimator where no amount of
data will change a market’s initial assessment of an item.
The market designer can thus interpolate between these two
extremes by adjusting η, adjusting the efficiency and pro-
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Figure 2: Lineplot representing MSE of different quality es-
timators in the fixed setting, stratified on true product qual-
ity. With few ratings, lower-decile products incur higher
MSE with the EB estimator but higher-decile products incur
higher error with the sample mean estimator. Note that as η
increases, the MSE as a function of quality goes from con-
cave, indicating error predominantly comes from variance,
to convex, indicating error comes predominantly from bias.

ducer fairness induced by their rating system. Supplemen-
tal visualizations showing how varying η impacts aggregate
MSE across all products are shown in Appendix B.

No value of η is ideal for all products. Our theory and
simulations for the fixed model also reveal that there is no
estimator in our design space that performs best for all prod-
uct quality levels in settings with low numbers of reviews;
setting low values of η ensures that high-quality and low-
quality products are accurately identified and treated as such,
but induces variance in estimation on products of medium
quality. On the other hand, high values of η ensure accu-
rate estimation only for products with true qualities close to
α̃

α̃+β̃
. This suggests that an “ideal” design that maximizes

efficiency and producer fairness cannot be obtained in the
fixed model; improving outcomes on one group of products
must inherently hurt outcomes for another group.

4 Responsive Model
We now analyze the responsive model described in Section
2. This model adds two practical aspects of real-world mar-
kets: (1) products stochastically enter and exit, leading to a
marketplace where the product offerings change over time
and in which the platform is always learning about new
products; (2) consumers are more likely to purchase items
that have previously received higher ratings. Our responsive
model thus resembles a multi-armed bandit with dynami-
cally changing arms and a fixed sampling algorithm, where
the market designer influences the information seen by the
sampling algorithm. This section is organized as follows. We

first outline how we implement simulations for the respon-
sive model, and then investigate how tuning prior strength
affects the producer fairness and match quality metrics. We
conclude with a discussion of results, and compare our sim-
ulation outcomes with those from the fixed model.

4.1 Responsive Model Implementation
Here, we describe our simulation implementation of the re-
sponsive model. (Note that, as discussed in Section 2.3, the
changes in the responsive setting make quality estimation
inherently biased, complicating the theory developed in the
fixed setting; Appendix C demonstrates the dependency of
bias and variance on the exact dynamics of the sampling
algorithm used for consumer choice in this setting.) An
overview of the responsive model’s design and metrics for
efficiency and fairness are provided in Section 2.

Users adaptively choose products on the market. At
each timestep t, a subset of the products M(t) ⊆ V is avail-
able for purchase. A single user interacts with a single item
at each timestep, making their choice as a function of past
ratings. In particular, in the main text, we model this user as
a Thompson sampler that utilizes the posterior quality distri-
bution for each item. That is, for each v ∈ M(t), the con-
sumer draws a sample xv ∼ Beta(α̂+R(v, t), β̂+|S(v, t)|−
R(v, t)), and then chooses and rates the product v(t) that
maximizes xv .4 Thompson sampling is a well-studied algo-
rithm for trading off between exploitation and exploration
in multi-armed bandit problems (Russo et al. 2018). Prior
work has also argued that it serves as a reasonable approx-
imation of real-world consumer choice; for example, Krafft
et al. (2021) demonstrate that when individual human de-
cisions are aggregated together in consumer financial mar-
kets, the behavior is remarkably close to that of a distributed
Thompson sampling setting.

Although we present our results for Thompson sampling
in the main text, we also consider other models to ensure ro-
bustness. In particular, in Appendix F, we consider variants
in which the consumer choice method varies in its effective-
ness at selecting the best-quality product in the market.

Rating posterior update. As before, the chosen product
v(t) ∈ M(t) receives feedback drawn from a distribution
based on its true quality. In the main text, we primarily con-
sider binary ratings drawn from a Bernoulli(qv(t)) distribu-
tion. Using the binary feedback, the Beta distribution asso-
ciated with it is updated accordingly. We further consider
ordinal ratings drawn from a Multinomial distribution, up-
dating a Dirichlet prior, in Appendix E.

Dynamic product entry and exit. Products enter and exit
the marketplace over time, to reflect reality in which real
platforms are always in “cold start” with some new prod-
ucts. After an item is chosen and rated at each timestep, each
product in the market v ∈ M(t) independently has some ex-
ogenous probability ρ of leaving, and being replaced by a
product not in M(t). Let L(t) be the set of products that exit
the market at time t; a set of products of size |L(t)| is drawn
uniformly at random without replacement from V \ M(t)
to replace the products in L(t). When a product enters the

4With ties broken uniformly at random.
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marketplace, it is treated as a new product with zero ratings,
even if it had previously been in the market.

Marketplace calibration. We use the same 60-40 prod-
uct train-test split as in the fixed model simulations, using
the training set to calibrate the EB prior as before, and set
the market size |M(t)| to be 5 for all timesteps, with a re-
placement probability of ρ = 0.01, meaning products will,
on average, receive 100 reviews before exiting the market.
Because not every product will be in the market at the same
time, and only one product is bought at each timestep, we
set a time horizon of T = 5,000,000 to make sure enough
reviews are generated for each product. For computational
efficiency, we further pare down the number of products in
the test set: we generate V by resampling 25 products, tak-
ing from the test set the xth percentile products by quality,
where x ∈ {0, 4, 8, 12, 16...96}.

Prior strength η. Our focus is on investigating how the
prior strength impacts outcomes. We run simulations with a
range η ∈ {0, 1, 10, 50, 100, 500, 1000}.5 η = 0 and η = 1
correspond to the sample mean and empirical Bayes (EB)
estimator respectively, and η = 1000 corresponds to ratings
having little impact on estimated quality. The remaining val-
ues interpolate between these extremes.

4.2 Empirical Results for Responsive Model
We run simulations across 19 datasets and several customer
choice models. For ease of exposition, in the main text we
primarily focus on the KuaiRec dataset and prior shape cal-
ibrations from the fixed setting, detailed in Section 3.2. In
Appendix E, we demonstrate what happens when we run our
simulations on ordinal ratings data rather than binary ratings
by trying 18 different datasets from ratings data collected
from Goodreads and Amazon. Appendix F showcases re-
sults from making the consumer choice model, described in
the next paragraph, less sensitive to estimated product qual-
ity, and Appendix G details empirical results when the un-
derlying quality distribution of the dataset changes. We find
that the results are robust to various real-world settings.

Prior strength trades off average quality of product
sampled with consistency of outcomes for products. As
with the fixed model, our results show trade-offs in producer
fairness and match quality by varying η (Figures 1 and 3).
With the sample mean estimator, regret (our measure of ef-
ficiency) is minimized, but the variance in the percentage of
the time a product is purchased while in the market (pro-
ducer unfairness) is extremely high. Increasing η improves
the consistency of producer outcomes, but strictly increases
regret, with η = 1000 giving maximal aggregate producer
fairness while greatly decreasing overall match quality, al-
most tripling the total regret. We further note that one can
substantially reduce producer variance (unfairness) without
substantial losses in efficiency, by moving from η = 0 to
η = 1 or η = 10. As before, by changing a single parameter
in the ratings design, a market designer can interpolate be-
tween a market that solely optimizes for consumer efficiency

5A Beta(0,0) distribution is not well-defined; in actuality, for
the η = 0 case, we set η to 0.001. For ease of exposition, we round
down and refer to this case as the η = 0 case.
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1Figure 3: Scatterplot of average standard deviation in se-
lection rate versus total expected regret for responsive set-
ting with the KuaiRec dataset for different prior strengths η.
Here, η = 0 represents the sample mean estimator, η = 1
represents the empirical Bayes (EB) estimator. Increasing η
improves the consistency of producer outcomes, but strictly
increases regret.

to one that solely optimizes for producer fairness.
Improving producer fairness for high-quality prod-

ucts decreases overall match quality. Next, we disaggre-
gate producer fairness across true product quality. Figure 4
demonstrates how the variance in outcomes is distributed
across true quality quartiles for different prior strengths.
When η is 0 or 1 (low prior strength), the mean selection rate
for low-quality products is consistently low. On the other
hand, high-quality products are on average picked more, but
there is substantial variance in the selection rate (high unfair-
ness). As η increases, high-quality products are more consis-
tently sampled (lower variance), but so are products of other
qualities, and the selection rate is similar across products.

We further investigate the analog to Theorems 3.1 and 3.2:
how bias and variance vary with the choice of prior. We sep-
arate out products by true quality decile, then, within each
decile, compute variance in selection rate as our surrogate
variance measure. For a measure of bias, for each η value
and each decile, we take the squared difference of the selec-
tion rate in that decile with the selection rate of that decile
in the sample mean (η = 0) setting. Figure 5 shows the re-
sults of these calculations; we find that our theoretical re-
sults conceptually hold in the responsive setting. Variance is
concave in true quality and decreases as η increases, while
bias is convex in true quality and increases as η increases.
These results indicate that as in the fixed setting, low values
of η cause high producer unfairness for good products, while
high values of η are inefficient because they overly promote
lower-quality products. Across both settings, making sure all
products receive similar outcomes as each other comes at a
cost of also sustaining low-quality items – as, with a small
number of ratings, many low- and high-quality items seem
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Figure 4: Violin plot of selection rate for products in the
responsive setting with KuaiRec, faceted by prior strength
η and stratified on true quality quartile. White dots repre-
sent the mean selection rate for each group. At low values of
η, low-quality products consistently get low exposure while
high-quality products are popular in expectation, but have
high variance in outcome. At high values of η, all products
are consistently purchased at the same rates.
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Figure 5: Lineplot of variance in selection rate and squared
difference in selection rate from the sample mean for the
responsive setting with KuaiRec, stratified by true quality
decile of product. Variance in selection rate is concave and
decreases at all levels as prior strength η increases, while the
squared difference in selection rate is convex and becomes
more pronounced as η increases.
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1Figure 6: Lineplot for the responsive model with KuaiRec
showing expected future selection rate for products in the
highest true quality quartile after 4 buys, conditioned on how
many of the first 4 buys were likes, plotted for several values
of prior strength η. At low values of η, products that received
more likes early have a much higher mean selection rate than
products that received more dislikes early, despite all prod-
ucts in this quartile having similar quality; at high values of
η, this difference vanishes.

identical to the platform and users.
However, there is a key difference caused by the shift

to the responsive model; variance is now highest for high-
quality products, especially for small η. We view this effect
as a result of “rich-get-richer” effects in systems where users
make decisions based on prior ratings.

Increasing prior strength mitigates rich-get-richer ef-
fects. Finally, the results illustrate that higher prior weights
can mediate popularity bias. We measured products in the
top quartile of true quality within V that stayed in the market
long enough to be purchased 4 or more times.6 We display
the mean selection rate of these products conditional on the
value of η and their number of likes in the first 4 purchases.
For low values of η, early performance has significant con-
sequences on future popularity, with the mean selection rate
for the 4-likes group being more than six times that of the 1-
like group when η = 1. As η increases, the number of likes
achieved early on has fewer consequences for future expo-
sure; the mean selection rate for all groups is roughly 0.19
when η = 1000. Our results are illustrated in Figure 6.

This demonstrates a phenomenon of most real-world mar-
ketplaces, not captured by the fixed model: when ratings
have a large impact on estimated quality, early popularity for
a product snowballs product demand, even if other products
that did not get popular early are of higher quality. Increas-
ing the prior strength mitigates snowball effects, as stronger

6Note that because the qualities of all products in this quartile
are in the same very high range (between 0.92 and 0.95), no prod-
ucts got 0 likes in the first 4 purchases.
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priors require more evidence from early reviews that a prod-
uct is truly high-quality. Mitigating the effect induces its
own trade-off: Figure 4 shows that for high η values, lucky
breaks in popularity for products happen less, but it also
takes more evidence for the system to identify a truly low-
quality product as such, replacing the loss in producer fair-
ness from rich-get-richer effects with a loss in match quality.

5 Discussion
5.1 Implications for Market Designers
Sample mean rating systems can be made much fairer
with only a slight loss of efficiency. Our primary con-
tribution is the design and analysis of a specific class of
prior-weighted rating systems that allows market designers
to trade off across variance in producer outcomes and aver-
age match quality. The class is parameterized via the choice
of prior, which is then updated with data via Bayesian updat-
ing. We find that by fixing the shape of the prior and vary-
ing the strength, the prior-weighted rating system can char-
acterize many different rating systems, including the com-
monly used sample mean estimator. By doing so, we find
that the sample mean represents an extreme point in the de-
sign space where individual fairness is not prioritized at all;
even weighting the sample mean by a small fixed value can
increase producer fairness by 30%, while negligibly decreas-
ing consumer efficiency. We note that increased producer
fairness in online platforms can even garner long-term ef-
ficiency benefits, as the market becomes more attractive for
producers (Pallais 2014; Huttenlocher et al. 2023).

Consider individual fairness of producers as a design
goal. Equitable treatment of producers is often not consid-
ered in market design settings; there is no a priori reason
to desire equal outcomes from producers that vary wildly in
their abilities. Our definitions of producer fairness are built
around a notion of individual fairness; producers of differ-
ing abilities may be treated differently, but those with similar
skills ought to be treated similarly. Our work juxtaposes pro-
ducer fairness with notions of consumer efficiency, and ad-
vocates for market designers to consider producer fairness
as an objective in its own regard to be designed for, rather
than as an impediment to market efficiency.

5.2 Future Directions
Strategic considerations. We have not considered strategic
behavior of market participants in the presence of a prior-
weighted rating system, on either the user or producer side.

On the user side, users may choose not to leave ratings
(Tadelis 2016) or leave fake ratings to boost specific produc-
ers (Hu et al. 2012; Golrezaei et al. 2021). There may further
be limits to how much the platform can vary the prior, as
users are likely to respond strategically by ignoring ratings
information if they are obviously uninformative. In particu-
lar, users who behave according to rational expectations the-
ory may attempt to “correct” quality estimates and impose
their own priors, as opposed to using the platform-provided
estimates to make choices. More generally, we do not ex-
plicitly consider user interface considerations for how such
systems can be presented to users.

On the producer side, the choice to enter or exit the mar-
ketplace is strategic and may depend on the system design
(Vellodi 2018). There may further be considerations in what
products to produce, as a function of economic rewards the
platform provides (Jagadeesan, Garg, and Steinhardt 2022).

We believe modeling these strategic considerations is an
important direction of future research. We expect that even
in the presence of these strategic considerations, the same
tradeoff between efficiency and producer fairness is likely
to be salient for system design; said differently, while we
expect strategic considerations to impact the choice of prior-
weighted system, we expect that its role in mediating the
efficiency-fairness tradeoff is robust.

Real-world considerations. As noted in our model de-
velopment, we have simplified and abstracted away from
many of the complex dynamics of real marketplaces. First,
we only consider binary and ordinal ratings, whereas in
real-world systems, ratings may be an aggregate of sev-
eral different categories (e.g., shipping speed, seller commu-
nication, etc.). Constructing prior-weighted rating systems
for these platforms would require higher-dimensional priors
than the ones considered here. Nevertheless, we expect the
same qualitative impact of prior strength to apply. Second,
we have not considered heterogeneity in producers across
the marketplace; in practice, a prior would likely need to
account for producer covariates that describe distinguishing
features, like product category. Finally, while we have com-
pared against sample mean rating systems, some platforms
in practice will use more complex machine-learning models
to determine the displayed ratings. We anticipate a gener-
alization of our theoretical work to still apply to machine
learning-powered rating systems: broadly speaking, every
rating system has a “dynamic” component that updates a
product’s rating based on the reviews it accrues over time,
and a “static” component that evaluates the product even
when it has no reviews, which is analogous to the role of
prior strength in a prior-weighted rating system. As such,
comparing such “black box” rating systems with the more
transparent prior-weighted rating system design proposed
here remains an interesting direction for future work.

Further theoretical analysis. Our current theoretical
analysis considers the efficiency-fairness trade-off in the
fixed model; we rely on empirics to show an equivalent
trade-off in the responsive model. Theoretical results for
the responsive model would further support existence of our
efficiency-fairness trade-off in a setting that is much closer
to how real-world marketplaces operate. As we detail in Ap-
pendix C, theoretical analysis of the responsive model re-
quires characterizing the number of plays an item of quality
qv receives as a function of the prior strength η and its (finite)
lifetime. Such an analysis is challenging given the dynamic
and endogenous nature of this quantity (e.g., the expected
rate at which an item of age 10 is pulled depends on real-
izations of the ratings up to that point), and we leave such
analysis for future work. A theoretical analysis could also
incorporate strategic user behaviour or consider dynamically
altering the prior strength η, rather than using one value for
the entire time horizon for each producer.
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6 Related Work
6.1 Variance in Producer Outcomes
Substantial work has shown that online marketplaces driven
by user feedback increase the volatility of producer out-
comes. Salganik, Dodds, and Watts (2006) demonstrate, in
an artificial music recommendation marketplace, that letting
users see feedback about how often other users downloaded
songs greatly increased the unpredictability of how often
songs were downloaded. On eBay, Cabral and Hortacsu
(2010) demonstrate that the very first negative review re-
ceived by a product substantially decreases a seller’s growth
rate by 13%, and increases the likelihood they receive fur-
ther negative reviews. One reason for such variance is rat-
ings inflation (Filippas, Horton, and Golden 2018; Horton
and Golden 2015; Zervas, Proserpio, and Byers 2021; Hu,
Zhang, and Pavlou 2009), where, in practice, ratings are ob-
served to be extremely high on average; such inflation mag-
nifies the importance of any single negative rating.

The recommender systems literature considers variance
in producer outcomes through the lens of popularity bias,
where popular items are recommended frequently but niche
items that are potentially of high value to customers are
rarely recommended (Abdollahpouri 2019; Elahi et al.
2021). Vellodi (2018) creates a model marketplace where
ratings drive exposure for firms who face entry and exit de-
cisions. Variance in the treatment of firms has a detrimental
effect on overall market efficiency due to barriers in entry;
firms that are truly high-quality may be priced out of the
market by a lack of reviews, while lower-quality firms that
did get noticed stay in the market. Chen et al. (2022) frame
popularity bias in the terms of fair assortment planning in
assortment optimization. Interventions to mitigate popular-
ity bias take the form of different recommendation algo-
rithms that leverage techniques such as reweighting (Ab-
dollahpouri, Burke, and Mobasher 2019) or causal methods
(Wei et al. 2021). Metrics for success in mitigating popu-
larity bias are usually based on how often the recommender
suggests products in the “long tail” of exposure while still
achieving high recommendation accuracy.

A commonality in these works is that producer variance
is undesirable – it leads to high-quality products being fre-
quently underexposed, or lower-quality products remaining
on the platform. We consider rating system design to reduce
this variance, viewed through the lens of individual fairness.

6.2 Other Interventions in Rating Systems
Other works have developed solutions to tackle uninforma-
tive ratings and producer unfairness. Garg and Johari (2019,
2021) and Shahout et al. (2023) consider changing the user
interface to deflate the distribution of ratings. Other pro-
posed solutions include aligning rater incentives (Gaikwad
et al. 2016; Cabral and Li 2015; Fradkin and Holtz 2022).
These change how ratings are produced by customers after
a purchase, a process we assume is fixed.

Other works, like ours, seek to modify how the platform
learns from ratings and, in turn, what it shows users. Ace-
moglu et al. (2022) consider learning in the presence of
selection effects of who leaves ratings, informing the de-

sign choice of rating systems that either show the full his-
tory of ratings to customers or just their summary statis-
tics. Papanastasiou, Bimpikis, and Savva (2018) utilize a
Beta-Bernoulli model similar to our binary ratings setting to
demonstrate that strategic obfuscation of prior ratings infor-
mation about a product can actually improve consumer sur-
plus. Perhaps the work closest to ours is Vellodi (2018), who
considers “upper censorship” of ratings shown to customers,
to mitigate barriers to entry caused by long-lived producers
with many ratings. In contrast, we seek to balance producer
fairness and consumer efficiency caused by ratings variance,
and provide a class of system designs for this trade-off.

Finally, a large literature explores fair recommendation
and ranking approaches, by instead changing which items
are shown and in what order (Asudeh et al. 2019; Patro et al.
2022; Singh and Joachims 2018; Wang and Joachims 2023;
Zehlike, Yang, and Stoyanovich 2022).

6.3 Fairness and Incentivizing Exploration in
Multi-Armed Bandits

We conceptually view rating system design (in particular,
how the platform learns quality estimates from ratings data)
as one trading off “fairness” (reducing individual producer
variance) and efficiency (helping customers find higher-
quality items). This view connects our work to the idea of
exploration vs exploitation in multi-armed bandits; in par-
ticular, we cast consumers as playing the role of regret-
minimizing agents who are given a set of products to choose
from, based on information provided by the recommenda-
tion system. Producer fairness then relates to ideas in fair-
ness in bandits; Joseph et al. (2016) formulate the notion
that lower-quality arms should not be favored over higher-
quality ones, and Liu et al. (2017); Wang et al. (2021) that
consistency-optimizing definitions where similar individu-
als should be rewarded similarly. Interventions in these set-
tings involve creating novel sampling algorithms; in con-
trast, our model holds fixed consumer behavior and focuses
on modifications to the underlying rating system.

A particular subfield of interest within the multi-armed
bandits literature is the literature on incentivizing explo-
ration (Slivkins 2021), where a principal communicates
messages to agents who choose their own actions from
among the arms presented to them based on that informa-
tion. Objectives in this paradigm include maximizing reward
despite overly myopic agents by encouraging those agents to
explore more (Frazier et al. 2014; Immorlica et al. 2018), or
ensuring that all options in the space are explored at least
once (Sellke and Slivkins 2021; Simchowitz and Slivkins
2021). Our work views increasing exploration not as an in-
strumental goal to increase the platform’s information about
product quality, or greater match quality, but as a pathway to
increasing producer fairness. In this way, our paper presents
insights about market design that complement objectives in
the incentivizing exploration literature.

7 Conclusion
While rating aggregation is often viewed as a fairly unre-
markable aspect of platform design, it is extremely conse-
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quential for the producer experience. A single early bad rat-
ing can make it impossible for a product to recover, while
early successes can fuel a rise. We propose that marketplaces
ought to engineer these rating systems purposefully, in par-
ticular, to control the tradeoff between these fairness con-
siderations and the consumer experience. We demonstrate
through a prior-weighted rating system that the choice of
prior can strike a balance between these competing goals.
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(a) Would answering this research question advance sci-
ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying dis-
respect to societies or cultures? Yes; our results elide
a trade-off in online marketplaces, and leaves the ulti-
mate decision of where platforms stand on this trade-
off to the platform itself.

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes; our abstract and introduction provide an overview
of our paper’s message, the modelling within, and the
implications of that model.

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes; we
posit a relationship between producer fairness and
consumer experience, then investigate this relationship
using applied modelling.

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? No, be-
cause we make use of existing real-world datasets
compiled by researchers, who have made appropriate
checks in their own paper introducing the dataset.

(e) Did you describe the limitations of your work? Yes;
see Section 5.2.

(f) Did you discuss any potential negative societal im-
pacts of your work? No, because we simply observe
a trade-off between two generalized, abstract quanti-
ties in online marketplaces; how these quantities map
back to real-world harms is highly context-dependent
and not within the scope of our paper.

(g) Did you discuss any potential misuse of your work?
No, because of the reasons we mentioned for the previ-
ous questions. We simply observe a trade-off between
two generalized, abstract quantities in online market-
places; how these quantities map back to real-world
harms is highly context-dependent and not within the
scope of our paper.

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes; our model and methods are for-
mally outlined in Section 2, and the data we used is
fully anonymized to prevent misuse.

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes, and we
believe that our contribution abides by all the tenets of
the ethics guidelines.

2. Additionally, if your study involves hypotheses testing...

(a) Did you clearly state the assumptions underlying all
theoretical results? Yes; for model setup, refer to Sec-
tion 2, and for theoretical results see Theorems 3.1 and
3.2.

(b) Have you provided justifications for all theoretical re-
sults? Yes, see Theorems 3.1 and 3.2.

(c) Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? Yes; see Section 5.2 for discussion of factors
outside of our modelling approach that might chal-
lenge our results.

(d) Have you considered alternative mechanisms or ex-
planations that might account for the same outcomes
observed in your study? No, because the nature of
our simulation approach ensures that we can isolate
the only independent variable that we want to change
(prior strength) to induce different outcomes.

(e) Did you address potential biases or limitations in your
theoretical framework? Yes; see Section 5.2.

(f) Have you related your theoretical results to the existing
literature in social science? Yes; see Section 6.

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? Yes; our conclusion uses the
findings from our paper to advocate for market design-
ers to be more intentional about their design choices
with it comes to rating system design.

3. Additionally, if you are including theoretical proofs...
(a) Did you state the full set of assumptions of all theoret-

ical results? Yes; for model setup, refer to Section 2,
and for theoretical results see Theorems 3.1 and 3.2.

(b) Did you include complete proofs of all theoretical re-
sults? Yes; see Appendix A and Appendix C.

4. Additionally, if you ran machine learning experiments...
(a) Did you include the code, data, and instructions

needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? Yes,
in the form of supplemental material, though we were
unable to supply the experimental code for the revision
due to the ”coding supplement” section of the submis-
sion portal being greyed out for revisions.

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? Yes, we
specify chosen hyperparameters in Sections 3 and 4.

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
Yes, we reported error bars where they were relevant
(see Figure 6).

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? Yes, we mention we use
an internal cluster, but do not specify the total compute
power since our experiments used a negligible amount
of compute power.

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? Yes, we jus-
tify how the simulations we run model the behaviour
of a real-world marketplace in Sections 3 and 4.

(f) Do you discuss what is “the cost“ of misclassification
and fault (in)tolerance? No, because our experiments
were meant to noisily simulate a model marketplace
rather than perform a classification task.
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5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes; we cite the datasets used (Gao et al. 2022;
Wan et al. 2019; Wan and McAuley 2018; Hou et al.
2024).

(b) Did you mention the license of the assets? Yes, when
we first perform in-depth analysis for each dataset.

(c) Did you include any new assets in the supplemental
material or as a URL? No, because we did not develop
any new datasets or assets outside of our simulation
experiments.

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
No, because the license for the dataset permits sharing
and adaptation of the content so long as it is properly
attributed.

(e) Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? No, because the original authors of
the dataset fully anonymized it.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR?
N/A

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset? N/A

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? N/A

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? N/A

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? N/A

(d) Did you discuss how data is stored, shared, and dei-
dentified? N/A

A Proof of fixed model theorems
Theorem 3.1. Suppose we have a prior-weighted rating sys-
tem in the fixed setting with prior parameters (ηα̃, ηβ̃). Fix
product v with true quality qv and consider quality estima-
tion after t timesteps.

Then, as η ≥ 0 increases, (1) squared bias(
E[q̂ηα̃,ηβ̃(v, t)|qv]− qv

)2
is nondecreasing; (2) vari-

ance Var[q̂ηα̃,ηβ̃(v, t)|qv] is strictly decreasing in η.

Proof. In the fixed setting with binary ratings, for a prod-
uct with true quality qv , |S(v, t)| = t and R(v, t) ∼
Binomial(t, qv). We can break down squared bias as follows:

Bias2 = (E[q̂ηα̃,ηβ̃(v, t)|qv]− qv)
2 (6)

=

(
E

[
ηα̃+R(v, t)

ηα̃+ ηβ̃ + t

∣∣∣∣∣qv
]
− qv

)2

(7)

=

(
ηα̃− ηα̃qv − ηβ̃qv

ηα̃+ ηβ̃ + t

)2

. (8)

Variance can also be broken down accordingly:

Variance = Var[q̂ηα̃,ηβ̃(v, t)|qv] (9)

= E

[(
q̂ηα̃,ηβ̃(v, t)− E[q̂ηα̃,ηβ̃(v, t)]

)2∣∣∣∣∣qv
]
(10)

=
E[(R(v, t)− E[R(v, t)])2|qv]

(ηα̃+ ηβ̃ + t)2
(11)

=
Var[R(v, t)|qv]
(ηα̃+ ηβ̃ + t)2

(12)

=
tqv(1− qv)

(ηα̃+ ηβ̃ + t)2
. (13)

The expected MSE can be written as follows:

MSE =

(
ηα̃− ηα̃qv − ηβ̃qv

ηα̃+ ηβ̃ + t

)2

+
tqv(1− qv)

(ηα̃+ ηβ̃ + t)2
.

We now differentiate the bias term with respect to η:

∂

∂η

(
ηα̃− ηα̃qv − ηβ̃qv

ηα̃+ ηβ̃ + t

)2

∝ ∂

∂η

η2

(η(α̃+ β̃) + t)2
(14)

=
2ηt2

(η(α̃+ β̃) + t)4
. (15)

This value is clearly positive for all η > 0 and 0 at η =
0, indicating the value of the bias term does indeed strictly
increase when η increases, while being nondecreasing at η =
0.

Similarly, we differentiate the variance term with respect
to η:

∂

∂η

tqv(1− qv)

(ηα̃+ ηβ̃ + t)2
∝ ∂

∂η

1

(ηα̃+ ηβ̃ + t)2
(16)

=
−2(α̃+ β̃)

(ηα̃+ ηβ̃ + t)3
. (17)

This demonstrates that variance is always strictly decreas-
ing for η ≥ 0.
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Theorem 3.2. Suppose we have a prior-weighted rating sys-
tem in the fixed setting with prior parameters (ηα̃, ηβ̃). Con-
sider quality estimation after t timesteps.

Then, as a function of true product quality, squared bias(
E[q̂ηα̃,ηβ̃(v, t)|qv]− qv

)2
is convex with a global mini-

mum at α̃
α̃+β̃

, while variance Var[q̂ηα̃,ηβ̃(v, t)|qv] is concave
with a global maximum at 1/2.

Proof. Using the expression of variance derived in Equation
13, it is evident that the error from variance takes on a con-
cave shape with a global maximum at 1/2 when interpreted
as a function of qv . To conclude the proof it suffices to show
that the bias term derived in Equation 8 is convex and has
global minimum α̃

α̃+β̃
when interpreted as a function of qv .

We begin again by differentiating:

∂

∂qv
(E[q̂ηα̃,ηβ̃(v, t)|qv]− qv)

2 =
∂

∂qv

(
ηα̃+ tqv

ηα̃+ ηβ̃ + t
− qv

)2

(18)

∝ −2

(
ηα̃− ηα̃qv − ηβ̃qv

ηα̃+ ηβ̃ + t

)
.

(19)

This final term is negative when qv < α̃
α̃+β̃

, positive when

qv > α̃
α̃+β̃

, and zero at equality, implying a local minimum

at α̃
α̃+β̃

.
To prove convexity, note that

∂2

∂q2v
(E[q̂ηα̃,ηβ̃(v, t)|qv]− qv)

2 ∝ 2

(
ηα̃+ ηβ̃

ηα̃+ ηβ̃ + t

)
≥ 0,

(20)

indicating the function is convex.

B Supplemental Visualizations
This appendix contains supplemental graphs from our cali-
brated simulations.
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1Figure 7: Histogram of true quality distribution of products
in the KuaiRec dataset. Note the long left tail and high con-
centration of products with a quality of 0.7-0.9.
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1Figure 8: Lineplot of mean-squared error different quality
estimators in fixed setting over time. η = 0 represents the
sample mean estimator, η = 1 represents the empirical
Bayes (EB) estimator. The sample mean estimator (η = 0)
has high MSE for low time-steps, due to variance in rat-
ings. On the other extreme, for extremely high prior strength
η = 1000, the platform never learns from ratings data. This
presents evidence that proper calibration of prior strength
can help solve the cold start problem in the context of accu-
rate quality estimates for products.

Figure 9: Facet plot showing bias-variance trade-off between
quality estimators. The x-axis represents true quality, while
the y-axis represents estimated quality. The red line repre-
sents a perfectly omniscient estimator. As prior strength η
increases, the variance of the estimator decreases over all
values of v, t, but the bias of the estimator increases.

1153



C Discussion of bias-variance decomposition
in responsive model

This appendix discusses a decomposition of the bias-
variance decomposition in Equation 8 as applied to the re-
sponsive setting. While mean-squared prediction error may
no longer serve as an ideal metric for consumer and pro-
ducer welfare in this setting, we demonstrate that markets
that care about MSE for its own sake can still reason about
prediction error for a prior-weighted rating system so long as
they can make statements about the changes in how products
are sampled based on changes in qv and η.

Let the number of reviews for product v with fixed true
quality qv , prior parameters α̃, β̃ and system-level prior
strength η, calculated at timestep t, be Nα̃,β̃(qv, η, t). We
focus on the number of reviews for a product at a fixed
time t with fixed prior parameters α̃, β̃, and so we sim-
plify by omitting these variables in this notation, letting
N(qv, η) denote the number of reviews. Now, at this time
t, a prior-weighted rating system’s estimated quality for v
is given by q̂ηα̃,ηβ̃(v,N(qv, η)), and the MSE is given by
E[(q̂ηα̃,ηβ̃(v,N(qv, η))− qv)

2|qv]. We can break down bias
and variance of mean-squared prediction error through the
usage of the tower law of probability:

E[(q̂ηα̃,ηβ̃(v,N(qv, η))− qv)
2|qv]

= E
[
E[(q̂ηα̃,ηβ̃(v,N(qv, η))− qv)

2]
∣∣N(qv, η), qv

]
(21)

When the number of reviews at a given point in time is
fixed, we can treat the estimated quality identically to how it
is calculated in the fixed setting. This gives us the following
bias-variance breakdown:

E[(q̂ηα̃,ηβ̃(v,N(qv, η))− qv)
2|qv]

= E

( ηα̃− ηα̃qv − ηβ̃qv

ηα̃+ ηβ̃ +N(qv, η)

)2∣∣∣∣∣qv


+ E

[
N(qv, η)qv(1− qv)

(ηα̃+ ηβ̃ +N(qv, η))2

∣∣∣∣∣qv
]

(22)

From here, one may proceed with the proofs of the theo-
rems in Section 3 so long as they can make statements about
the bias and variance terms in the above expression. In the
responsive model in this paper, N(qv, η) is a noisy random
variable that is a function of the play distribution in a multi-
armed bandit. The theoretical challenge in proving stronger
results in the responsive setting is being able to character-
ize N(qv, η) for finite samples, and how it changes with η
– in this work, we show empirical results that the tradeoff
holds for a variety of consumer choice models (Thompson
sampling, and various models discussed in Appendix F).

D List of rating systems used by common
online platforms

Platform Rating system PRS
Supported?

Amazon Hidden (Amazon 2024) No
Letterboxd Hidden (Letterboxd 2023) No
Upwork Hidden (Upwork 2024) No

IMDb
Hidden (IMDb 2024)
formerly Dirichlet
(IMDb 2019)

No

MyAnimeList Dirichlet
(MyAnimeList 2024) Yes

Uber Sample Mean (Uber 2024) Yes
Yelp Sample Mean (Zukin 2024) Yes
Etsy Sample Mean (Etsy 2024) Yes

Table 1: Summary of rating systems used by popular online
platforms, and whether or not prior-weighted rating systems
(PRS) can capture the rating system.

This appendix contains a table of rating systems used by
real-world online platforms. Our table is broadly separated
into three categories; platforms with hidden rating systems
where the exact rating aggregation method is hidden to com-
bat fake reviews and brigading, sample mean rating systems
where the overall rating of a product is the average rat-
ing it has received over a certain period of time by trust-
worthy reviewers, and Bayesian ratings, which calculates
a weighted average between the sample mean rating and a
population-level mean rating. Assuming the reviews are bi-
nary, both sample mean and Bayesian ratings are captured
by our prior-weighted ratings system. Sample mean ratings
can be achieved by setting the prior strength η in a prior-
weighted rating system to zero. For a product with n rat-
ings, k of which are positive, a population average rating of
C, and an integer-valued threshold m, the Bayesian rating q
of a product is calculated to be

q =
n

n+m
· k
n
+

m

n+m
· C

=
k +mC

n+m
,

which is equivalent to a prior-weighted rating system
with prior strength m and baseline prior distribution of
Beta(C, 1).

E Robustness tests for ordinal data and
additional datasets

In order to test if our prior-weighted approach generalizes
across different datasets and rating types that were more
complex than simple binary ratings, we repeated our exper-
iments in Section 4.2 in a setting with ordinal ratings, us-
ing real-world data from online marketplaces where users
assign a five-star rating to a product. We looked at product
reviews on Amazon.com, where users can leave a star rating
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Product Category Platform Items Ratings
Children Goodreads 124.1k 734.6k
Comics & Graphic Goodreads 89.4k 542.4k
Fantasy & Paranormal Goodreads 258.6k 3.4mil
History & Biography Goodreads 302.9k 2.1mil
Mystery, Crime, Thriller Goodreads 219.2k 1.8mil
Poetry Goodreads 36.5k 154.6k
Romance Goodreads 335.4k 3.6mil
Young Adult Goodreads 93.4k 2.4mil
All Beauty Amazon 112.6k 701.5k
Beauty & Personal Care Amazon 94.3k 2.1mil
Clothing, Shoes, Jewelry Amazon 7.2mil 66.0mil
Health & Personal Care Amazon 60.3k 494.1k
Industrial & Scientific Amazon 427.5k 5.2mil
Magazine Subscriptions Amazon 3.4k 71.5k
Patio, Lawn, Garden Amazon 851.7k 16.5mil
Sports & Outdoor Amazon 1.6mil 19.6mil
Tools, Home Improvement Amazon 1.5mil 27.0mil
Video Games Amazon 137.2k 4.6mil

Table 2: Table showing details about each dataset used in
Appendix E.

out of 5 for a product they bought, as well as book reviews on
the book recommendation site Goodreads, where users can
leave a star rating out of 5 for books they have read. On both
sites, users must leave an integer rating (no half-stars are al-
lowed), and zero-star reviews are permitted on Goodreads
but not Amazon. Table 2 provides a summary of the product
category of each dataset, and the number of products and
ratings in each dataset.

We sourced our Amazon data from a data repository orig-
inally collected and used by Hou et al. (2024)7, and we
sourced our Goodreads data from a repository collected by
the authors of Wan and McAuley (2018) and Wan et al.
(2019) 8. Each repository separated user data into differ-
ent product categories (e.g. the Goodreads data repository
separated review data into separate datasets for fantasy nov-
els, mystery novels, etc). To run our robustness tests, we
replicated the experiments in Section 4.2 on all 8 datasets
in the Goodreads repository, and 10 out of the 34 datasets
in the Amazon repository. We chose to only use a portion
of the datasets in the Amazon repository because many of
the datasets were distributionally similar to one another, so
for the sake of brevity we elected to choose a representa-
tive sample of 10 datasets from among the 34 by sorting the
datasets by number of products and evenly picking 10 from
among this list.

Because of the ordinal nature of the ratings data in this
setting, we need to adjust our model primitives as defined in
Section 2.1. Rather than a Beta-Bernoulli setting, we model
our ratings as being drawn from a categorical distribution
with a Dirichlet prior. Let K be the set of possible ratings
for a product v (i.e. K = {1, 2, 3, 4, 5} for Amazon prod-
ucts and K = {0, 1, 2, 3, 4, 5} for Goodreads products). If

7Licensed under the MIT License
8Licensed under the Apache 2.0 license

ratings for a product v are drawn from a categorical distribu-
tion with weights {pv,k}k∈K , then we define the true quality
qv of this product to be

∑
j∈K pv,j · j.

To estimate the quality of a product at time T , we define
S(v, k, T ) to be the set of k-star reviews for product v at
time T , and N(v, k, t) := |S(v, k, T )|. The prior parame-
ters, instead of being for a Beta distribution, are now for a
Dirichlet distribution; they are given by α̂ = {α̂j}j∈K . Due
to the conjugacy of the Dirichlet distribution and the cate-
gorical distribution, we can define the estimated quality for
v at time t as

q̂α̂(v, t) =

∑
j∈K N(v, j, t) · j∑
j∈K N(v, j, t)

(23)

Our notions of prior strength and shape remain the same
as before; that is, if we fix a prior shape α̃ = {α̃j}j∈K ,
our choice of strength η ≥ 0 changes the Dirichlet prior
by setting α̂ = {ηα̃j}j∈K . The rest of our also model def-
initions remain unchanged. We kept the same experimental
hyperparameters of the original experiment in Section 4.2,
with the exception of our η values now being chosen from
{0.001, 1, 10, 100, 1000, 10000}, and our Thompson sam-
pling model for consumer choice now using Dirichlet pri-
ors rather than Beta priors. To fit the Dirichlet distribution to
training data, we utilized the fixed-point iteration technique
highlighted in Minka (2000). The specific code implemen-
tation we used came from a third-party Python library that
implements this approach (Suh 2020).
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Figure 11: Average standard deviation in selection rate
against total expected regret for responsive-setting experi-
ments with Amazon datasets.

Our results are shown in Figure 1 and Figure 11. We find
that the efficiency-fairness trade-off we uncovered using the
Kuairec dataset exists with datasets of various sizes in the
Goodreads and Amazon respositories as well; as η increases,
efficiency decreases but fairness increases. We found the
number of products in the dataset to have little overall bear-
ing on results; this is likely due to the resampling step in
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Figure 10: Facet grid showing the product quality distri-
bution of each dataset used for ordinal data experiments.
Note how each dataset is left-skewed and roughly follows
a J-curve, similar to the original KuaiRec dataset. Note the
spikes in these distributions at integer-valued true quality
values, which arise from the abundance of products with low
review counts.

our empirical setup. Importantly, we find that the key trade-
off illustrated in our paper is present in rating systems with
ordinal ratings, as well as in systems with binary ones.

F Robustness tests for different selection
mechanisms

The responsive-setting empirical setup detailed in Section
4.2 assumes that agents are Thompson samplers, which
is meant to serve as a metaphor for real-world customers
roughly choosing the best product on the market based on
the ratings information available to them. The amount of
noise in this decision-making process can vary from plat-
form to platform; for example, users in some online plat-
forms may pay less attention to other user-generated re-
views, due to the user interface de-emphasizing ratings. In
order to capture how our results may change in response to
this noisiness, we use this appendix to repeat our empirical
experiments while replacing our Thompson sampling choice
algorithm with lower-fidelity variants.

To generalize our Thompson sampling algorithm into
a parameterizable algorithm that we can tune, we use k-
sampling. This is a simple variant of Thompson sampling,
which is defined as follows: Instead of drawing a sample
from n different samples and selecting the arm that maxi-
mizes the expected reward conditional on that sample, we in-
stead take the top-k most expected reward-maximizing arms
and select one of those arms uniformly at random. Note that
at k = 1, this approach is equivalent to traditional Thompson
sampling, while at k = n, we are picking an arm uniformly
at random.9

We repeat our KuaiRec experiments while replac-
ing Thompson sampling with k-sampling, varying k ∈
{1, 2, 3, 4, 5}; we refer to k as the nucleus size. We choose
our η values from {0.001, 1, 10, 100, 1000, 10000}, and
keep all other hyperparameters unchanged from Section 4.2.
Note that because we keep the market size of 5 unchanged
from our original simulations, our sampling algorithm sam-
ples uniformly at random when k = 5.

We find that the central efficiency-fairness trade-off is sur-
prisingly resilient to degradations in the consumer sampling
algorithm in identifying the best-performing product. While
the uniformly random selection case k = 5 behaves chaoti-
cally, due to the product choice at each timestep being com-
pletely randomly chosen and not informed by any kind of
prior knowledge, all other nucleus sizes yield an efficiency-
versus-fairness curve that (while noisy for higher values of
k) qualitatively exhibit similar behavior as in our primary
experiments. In particular, as η increases, regret generally
increases while unfairness decreases.

9We note that this is distinct from the traditional Top-K ap-
proach, which samples the top K arms in proportion to their orig-
inal probabilities; we use k-sampling so that one extreme matches
the uniform sampling of our static model.
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1Figure 12: Average standard deviation in selection rate
against total expected regret for robustness tests of the re-
sponsive setting when the consumer sampling algorithm is
modified. Colours represent the nucleus size k, while size
represents the prior strength η. The efficiency-fairness trade-
off illustrated in Figure 3 holds for all values of k except for
when k = 5, where sampling products purely at random at
each timestep incurs a regret-maximizing but ”fair” solution,
and the value of η does not affect fairness or efficiency.

G Robustness tests for datasets with
different ratings distributions

The KuaiRec dataset, as well as the datasets used in Ap-
pendix E, all have product quality distributions that resem-
ble a left-skewed J-curve, which is common in many online
platforms (Hu, Zhang, and Pavlou 2009). In this appendix,
we test to see how the results of our empirical experiments in
the responsive setting in Section 4.2 are affected by changes
in the underlying true distribution of product quality.

We can test this by simply varying the threshold for a user
liking a video in KuaiRec; we assumed this threshold was
a watch ratio of 40% in Section 3.2, but by increasing this
threshold, we can change the underlying true quality distri-
bution of videos in KuaiRec to resemble a centered, or even
extremely right-skewed distribution. We created centered
and right-skewed variants of the KuaiRec dataset used in
Section 3.2 by changing the like threshold to 80% and 120%
respectively (note that a threshold above 100% implies that
the user watched the video more than once). We then re-
peated our responsive-setting experiments in Section 4.2 us-
ing these datasets and η ∈ {0.001, 1, 10, 100, 1000, 10000}
while holding all other hyperparameters constant.

We find that the efficiency-fairness trade-off illustrated
in our original experiments persists when the distribution
in product quality of the underlying distribution is not left-
skewed. However, lower values of η are noisier, likely due
to the more frequent occurrence of negative ratings induced

Figure 13: True quality distributions and fairness-efficiency
tradeoff scatterplot when responsive experiments are re-
peated on a version of the KuaiRec dataset when the under-
lying watch-time threshold for a ”like” is 0.8 (the centered
case) and 1.2 (the right-skewed case). When η is small, the
tradeoff is noisy, but as η grows larger the same trade-off
discovered in Figure 3 still holds.

by a higher ”liked” threshold, hindering the Thompson sam-
pling agent’s attempts to conduct best-arm identification. As
η increases past 10, however, the decreases in efficiency and
increases in fairness become clear.
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