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ABSTRACT

The digital services economy consists of online platforms that facil-
itate interactions between service providers and consumers. This
ecosystem is characterized by short-term, often one-off, transac-
tions between parties that have no prior familiarity. To establish
trust among users, platforms employ rating systems which allow
users to report on the quality of their previous interactions. How-
ever, while arguably crucial for these platforms to function, rating
systems can perpetuate negative biases against marginalised groups.
This paper investigates how to design platforms around biased rep-
utation systems, reducing discrimination while maintaining incen-
tives for all service providers to offer high quality service for users.
We introduce an evolutionary game theoretical model to study how
digital platforms can perpetuate or counteract rating-based discrim-
ination. We focus on the platforms’ decisions to promote service
providers who have high reputations or who belong to a specific
protected group. Our results demonstrate a fundamental trade-
off between user experience and fairness: promoting highly-rated
providers benefits users, but lowers the demand for marginalised
providers against which the ratings are biased. Our results also
provide evidence that intervening by tuning the demographics of
the search results is a highly effective way of reducing unfairness
while minimally impacting users. Furthermore, we show that even
when precise measurements on the level of rating bias affecting
marginalised service providers is unavailable, there is still potential
to improve upon a recommender system which ignores protected
characteristics. Altogether, our model highlights the benefits of
proactive anti-discrimination design in systems where ratings are
used to promote cooperative behaviour.
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1 INTRODUCTION

Evidence of discrimination against marginalised communities on
online platforms is widespread in both the academic community
and beyond. Research has found that guests on Airbnb with Black-
sounding names are accepted 16% less often than guests with White-
sounding names [11] and Black Airbnb hosts in the United States
charge 5-7% less than White hosts for equivalent properties [16].
On Uber, users with Black-sounding names experience twice the
cancellation rate than White-sounding names [12]. On eBay, af-
ter accounting for reviews, it was found that listings with photos
showing a Black hand holding a baseball card sold for 20% less on
average than when a White hand was photographed [4], and that
women receive fewer and lower bids than men when selling iden-
tical items in new condition, leading to, again, a final sell price of
20% less on average [19]. Such biases do not require explicit group
identifiers. Evidence shows that when information about a user
or service provider’s demographic characteristics are not directly
available, they can be inferred [19]. Furthermore, other information
can be used as a proxy, such as on Airbnb where the neighbour-
hood majority ethnicity is a statistically significant predictor of
price after controlling for all observable features [14].

While research indicates that discrimination based on demo-
graphic characteristics can be partially alleviated by rating sys-
tems [3], these systems have, themselves, been shown to be suscep-
tible to bias [14, 15] leading to lower demand, prices, and revenue
for those discriminated against [36]. As argued by van Doorn et al.
[38], while precise, cross-platform data on the socioeconomic, mi-
gratory, and residence status of those working on digital platforms
is unavailable, data does indicate that migrant workers are hugely
overrepresented on these platforms, even in countries with large
domestic labour markets such as China and India [8, 28, 34].

Thus, a large number of economically (and often legally) vulner-
able individuals are impacted by bias in the local populations for
which they provide services. For many, this bias affects a significant
proportion of their total earnings, as data from a 2022 Eurostat
survey revealed that platform labour made up more than 75% of
total income for almost a 25% of participants who reported using
digital platforms for employment [1].

Given the importance placed on digital economies by various
(inter-)governmental bodies such as the US Bureau of Labor Statis-
tics [10] and the European Commission [2], there is a rich body of
research analysing these problems from a legal, policy, and econo-
metric view. Although the potential sources of bias have been ex-
tensively identified, and many potential solutions proposed, there
are few predictive models that explain the circumstances and mech-
anisms leading to unfair outcomes [7, 20]. Indeed, as highlighted
in [20] as an open problem, it is unclear the extent to which the
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decisions made by the platform designers can perpetuate or alle-
viate the biases of the platform’s users. Furthermore, besides one
suggestion we discuss in Section 2.4, these works stop short of
making explicit recommendations to platform designers on how to
improve the situation.

In this paper we address this issue by analysing the role of the
recommendation algorithm responsible for facilitating matches
between users and providers on digital platforms. We introduce an
evolutionary game-theoretical model of a digital platform in which
providers adapt to user- and platform-based incentives to maintain
high quality service, a trait essential to the longevity of a platform.
This allows us to identify the emergent strategic and utility effects of
platform designers’ decisions to tweak their algorithms by showing
more or fewer providers of a certain rating or group.

Our contributions can be summarised as follows:

(1) We formulate an evolutionary game theory (EGT) model
that captures how different groups of agents respond to and
are affected by recommender systems.

(2) We numerically analyse the model’s strategy dynamics to
define an intuitive necessary condition for a platform to
sufficiently incentivise high-effort behaviour.

(3) Using the model, we highlight the trade-off between user
experience and group-level fairness faced by platform de-
signers under the constraint of treating all providers equally
despite rating bias.

(4) We demonstrate how this trade-off vanishes when the group
against which the population is biased can be algorithmically
prioritised and that there is still a benefit in doing so under
moderate uncertainty in the extent of the bias.

Structure of the paper. In Section 2, we summarise the related
literature on fairness in two-sided recommender systems, evolution-
ary models of fairness more generally, and the two aforementioned
mathematical models of bias in online platforms. In Section 3 we
formulate the problem and introduce our model and its dynamics.
Then, we present the experimental design of our simulations in
Section 4 and the evaluation metrics we use to judge the effective-
ness of platforms in Section 4.1. In Section 5.1 we analyse how
the model’s dynamics respond to different parameter setups and
define the necessary condition for a platform to succeed based on
its strategy dynamics. Subsequently, we show in Section 5.2 how
forcing algorithmic equal treatment creates a trade-off between
provider fairness and user experience, and how is no longer the
case when this constraint is removed in Section 5.3, and even when
uncertainty is introduced in Section 5.4. Finally, in Section 6 we
discuss the implications our results have for designers wanting to
improve platforms, as well as avenues for future research. Our code
(and the appendix) is available at [31].

2 RELATED LITERATURE

2.1 Fairness in two-sided recommender systems

Underpinning digital platforms are machine learning algorithms
that attempt to reduce search friction for users by showing them
relevant content, items, or service providers. A key challenge iden-
tified in such systems is the difficulty of simultaneously providing
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accurate recommendations for both the consumer side which are
fair for the producer side [5, 26].

One fundamental difficulty discussed extensively in [9] is that
there are many, sometimes incompatible, definitions of fairness in
recommender systems, each carrying an implicit set of normative
judgements about the world. In [13] and [33], as well as our paper,
we identify group-level fairness, as opposed to individual fairness, to
be the most effective way to examine how protected characteristics
can affect individuals.

Geyik et al. [13] provide specific algorithms which they show,
both theoretically and in practice on LinkedIn data, are able to en-
sure the distribution of protected characteristics in the top k search
results follows some desired distribution. Sithr et al. [33] then apply
one of these algorithms to explore how the interactions between
fair ranking algorithms and the inherent gender biases of employers
can have a real impact on hiring decisions from online platforms.
They conclude that the effectiveness of such algorithms is clear but
that it may also be lessened by gender biases related to the task
for which the candidate is being hired. Building on these compart-
mental studies, our paper shows the conditions under which such
fair algorithms can be deployed without detrimentally harming the
incentive structures that encourage high-effort behaviours. As we
discuss in Section 4.1, we measure fairness by demographic parity
ratio due to the ubiquity and simplicity of parity-based metrics.

Another concept which is important for two-sided recommender
systems is the temporal nature of fairness [6, 26]. Given our use of
stochastic processes to model digital platforms, our model explic-
itly includes an element of time, which allows us to extract both
instantaneous and long-term measurements of fairness, the latter
of which being the focus of this paper.

2.2 Fairness in multi-agent (reputation) systems

A large body of work studies how costly cooperation can be sus-
tained in large populations through utilising reputations and in-
direct reciprocity [24, 29]. Recent work [32] shows how poorly
designed reputation systems can lead to unfair outcomes, even
when agents differ only in some arbitrary group label. The findings
in [32] highlight that such biased reputation systems can prevent
both fairness and universal (i.e. not based on group) cooperation.
Other work considers how unfair outcomes can result from cooper-
ation incentives and the emergence of different tasks in populations
of learning agents [18]. In our paper we also consider the interplay
between fairness and cooperation, yet we focus on digital economy
platforms and consider a recommendation and choice system more
realistic than [32], in which agents have an equal likelihood of
interacting with anyone.

2.3 Correcting biased ratings

Some suggestions for handling biased ratings are summarised by Tu-
shev et al. [37]. Beyond implementing structured reputation systems
which encourage objective evaluation of interactions [25], adjust-
ing or reinterpreting suspected biased reviews has been suggested
as a way to achieve fairness in digital platforms [15]. This was later
explored by Goel et al. [14], who show how platforms may be able
to control for bias by performing post-aggregation bias correction
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which aims to minimally alter the aggregated ratings of all indi-
viduals such that the correlation between sensitive attribute and
score is at most some value &. This paper acknowledges, however,
that while the proposed mechanisms work in theory, the implemen-
tation of such policies faces issues in determining the acceptable
loss in information and how much bias in the ratings is permissible.
Given that rating biases may be impossible to eliminate entirely,
and the line between what is considered a “good” and “bad” rating
being thin, our study explores how platforms can address rating
bias even when it cannot be fully corrected.

24

Efforts have been made to develop a mechanistic understanding of
the effects of bias in online platforms. Monachou and Ashlagi [20]
examine a digitally-mediated labour market where employers are
matched with workers and must choose whether to hire or reject
the candidate. Employers leave ratings for workers they hire which
cumulatively reduce the uncertainty other employers have about
the type of the worker, which can be either high- or low-skilled.

The authors exogenously introduce bias through discriminating
employers, who make up a certain proportion of the market and
hold the misspecified prior belief that the likelihood that a minority
worker without any reviews is high-skilled is only f times as much
as majority workers with § € (0, 1). Thus, even if ratings accurately
reflect performance, bias in interpreting a group’s ratings can affect
the rate at which employers acquire accurate information about
worker ability, ultimately affecting their utility.

A similar conclusion is reached by Che et al. [7], who discuss
how statistical discrimination, the inference of an individual’s char-
acteristics through their group’s characteristics, can arise due to
a self-fulfilling perception that the same numerical rating is a less
reliable reflection of the underlying quality of an agent in one group
than in another. In their model, ratings gradually become inaccu-
rate over time as agents stochastically change their “type” (either
high- or low-quality) at rate § > 0. Due to this, whichever group is
chosen more often will have more up-to-date ratings and thus be
trusted and favoured by potential users.

In their analysis, the authors of both papers mostly hold the
design choices of the platform as exogenous, apart from one sec-
tion in [20] where employers who are identified as “discriminating”
through a pattern of discriminatory rejection are not matched with
minorities until uncertainty about their skill is small enough. Even
in this suggestion, however, they concede that their notion of fair-
ness is one-sided, taking workers, but not employers, into account.
Ultimately, while these models provide a good understanding of
why rating bias is so pervasive, suggestions of how to address this
issue have not been studied taking into account all the stakeholders’
perspectives i.e., providers, users, the platform itself.

Modelling fairness in digital platforms

3 PROBLEM FORMULATION

We model interactions on digital platforms as a four step process,
visualised in Figure 1: When a user wants to find a service provider,
1) the platform recommends them a list of possible choices, taking
into account their rating and possibly their group. Then, 2) the
user chooses a provider in a boundedly rational way, 3) they sub-
sequently interact, and then 4) the user truthfully reports how the
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Figure 1: We model interactions on digital service economy
platforms with four distinct steps. First, the platform recom-
mends a list of k providers to a user, kg of which are rated
Good; out of these, kj are part of a marginalised community.
The user then chooses randomly from the list, giving those
with a Good rating unit weight, and a Bad rating weight 1 —y.
The chosen provider acts according to their strategy, either
high or low-effort, rewarding the provider b — c or b utility re-
spectively. The user reports the action taken to the platform,
who updates the rating of the provider. User reports are bi-
ased: with rate ¢, they will report a marginalised user who
played High as Bad even when they should be rated Good.

interaction went back to the platform. This process then repeats
whenever a user looks for a provider.

Given that the number of users on the platform is typically
multiple orders of magnitude larger than the number of providers,!
we assume a finite population size Z of partners, Zp of these being
from some dominant social group and Zys being marginalised, and
assume for simplicity that the user population is infinitely large,
as in Monachou and Ashlagi [20] and Che et al. [7]. This partial
mean-field assumption, where one population is finite and the other
infinite, allows us to neatly represent the user population using
three parameters which express how users interact with different
aspects of the interaction process previously described.

First, we use € to measure the degree of rating bias experienced
by marginalised users. We assume that all providers have an indi-
vidual rating which is seen by users as either “good enough” or
“not good enough” which we refer to as Good (G) and Bad (B)
respectively. For simplicity, we assume that after every interaction,
the involved user non-strategically reports the action taken by the
provider to the platform. This action can be either high-effort (H) or
low-effort (L), which, when reported to the platform, is translated
into the corresponding rating G or B, overriding the provider’s cur-
rent reputation and reflecting the “prosociality” of their most recent
action. We introduce € € [0, 1] to be the likelihood that a provider
of the marginalised group who plays H is falsely reported to have
played L, which we refer to as the rating bias. We assume that,
even if users do not know the group of their interaction partner
before it takes place, they do know it by the time they write the

In 2020, when Airbnb most recently published their internal statistics, there were
14.1 million listings that had been booked in the last 365 days, with various sources
reporting between 2.9 and 5 million hosts and 150 million users.
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review given that they have communicated and sometimes met
online or in person.

The plausibility of modelling ratings and actions with only two
options is derived from platforms’ implementations of punishments
for low ratings. The practice of removing partners with ratings be-
low a certain threshold is a policy of both Airbnb? and Uber?, the
latter even leading to a high-profile lawsuit alleging that this prac-
tice violated the Civil Right Act. Furthermore, because ratings are
often so heavily skewed towards the positive end, it can be difficult
to meaningfully distinguish between ratings beyond whether they
are above or below some platform-specific threshold, something
reflected in folk-advice written by/for users?. Because of this, a
single bad rating can be enough to put a provider below the plat-
form’s threshold for algorithmic preference and cause users to take
caution before selecting the provider.

We measure how “hard” this rating threshold is, and in turn the
amount of caution displayed by users, by y € [0, 1], which we call
the rating sensitivity. This parameter can alternatively be thought
of as the trust users have in the rating system. When comparing
between a list of providers, we assume that the platform obfuscates
the demographic characteristics of the providers so users can only
decide between providers using their rating. If y = 1, then users will
simply randomise amongst providers with rating G, but with y < 1,
users assign weight 1 — y to providers with rating B and weight
1 to providers with rate G, and randomise amongst all providers,
selecting each with probability proportional to their weight. If y = 0,
users are indifferent between G or B providers.

Finally, we measure the number of providers that users will
compare before making a selection with k, this is also known in
business terms as consumer involvement. It has long been known
that users selections are heavily skewed towards the first few re-
sults [17], and while this may be controlled to some extent by the
platform (e.g. Uber’s fully automated matching), consumer involve-
ment is more often explained by characteristics inherent to the
market of which the platform is a part [22]. In the remainder of
this paper, we refer to a user population by its rating bias, rating
sensitivity, and consumer involvement written in a triple (e, y, k).

3.1 Modelling the Recommender System

To encourage users to engage in cooperative, high-effort behaviour,
platforms use recommender systems to prioritise partners with high
ratings, making users more likely to interact with those deemed
“high quality”. Rather than describing any particular algorithm or
recommender system, we look at the output produced by whichever
system is chosen by the platform. As providers who sign up to
digital service platforms typically have to provide identification,
we assume that platforms are able to infer the group of a provider.

Given some user population with consumer involvement k, we
measure the extent of a platform’s “high rating prioritisation” by
integer kg < k. This value deterministically guarantees that at
least kg of the search results are rated G. Additionally, as some
platform designers recognise that their ratings are biased and want
to explicitly counteract this, we introduce kjr < kg which, again,

https://www.airbnb.com/help/article/2895
3https://www.uber.com/us/en/drive/driver-app/deactivation-review/
“https://www.kenrockwell.com/tech/ebay/index.htm
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guarantees that at least ks of the kg providers will be from the
marginalised group. To account for the fact that, depending on the
number of providers playing each strategy, there may not always
be kg or kyr providers that fit the requirements to be prioritised,
we let Zg, Zgm, and Zgp be the number of providers, marginalised
providers, and dominant providers rated G respectively and define
IQG = min(kG, ZG) and ];M = min(kM, ZGM)-

Assuming that the remaining kg := k — ke providers are sam-
pled from all providers after the ky, then kg — ky providers are
sampled from their respective sub-populations, we can calculate
the probability that a provider in group g € {M, D} with rating
r € {B,G} is included in any particular list of search results and
subsequently chosen given that they were included. Because the
likelihood that one is chosen depends on who else is included, and
this in turn depends on at which stage (IQM, l;c;, or kg) one is chosen,
we relegate the calculation of this probability to appendix Section 1
and subsequently refer to its value as p(g,r | Zgp, Zom)-

3.2 Utility calculation

In our model, the expected utility of a provider is their payoff from
a single interaction multiplied by the likelihood that the provider
is chosen for any given interaction. A high-effort (H) provider en-
gages in behaviours such as ensuring cleanliness of a property and
communicating in a timely manner with users, which we assume
has per-interaction a utility cost ¢ > 0. On the other hand, we
assume that a low-effort (L) provider does not have to pay this
cost, and that both types of provider have the same per-interaction
revenue b with b > ¢ > 0. If c and b are close, then margins in the
market are tight and there is a large incentive to play low-effort (L).

As the likelihood that a partner is chosen depends on the strate-
gies played by the rest of the population, our model’s dynamics
consider every agent’s individual incentive to switch between their
current strategy and the other, which we detail in Section 3.3. We
write the state space of the dynamics as h = (ha, hp), where h; rep-
resents the number of agents playing H in group i (so 0 < h; < Z;),
see how h varies over time subject to stochastic dynamics, and then
weigh each provider’s utility in each state by the time the dynamics
spend in that particular state.

At any point in time, all of the hjy marginalised H-playing
providers have a 1 — € probability of correctly being assigned rating
G from their last interaction, and so Zgy; ~ Binomial(hy, 1 — €)
with pm.f fz.,,. Therefore, to calculate the likelihood of a provider
in group g playing s being chosen, we sum over their rating r and
over Zgym given g and r (as when (g,r) = (M, G), one partner is
already accounted for), calculating p(g, r | Zgp, Zcm) for each case
as outlined in appendix Section 1. p(g,7 | Zgp, Zcm) represents
the likelihood that a partner from group g with rating r is shown
in the search results given the ratings of others, capturing com-
petition among providers. As such, the utility u of a provider in
group g, playing strategy s € {L, H} given the (competing) provider
population is h, is

hm
ugs W) =7(s) Y, p(r1@9) ) fron(@p(g.r | Zon.2),

re{B,G} z=0
1)
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where 7(s) = (b — cI{5-py) and I is the indicator function, and

0, ifs=L
p(G|(g5)=q1-¢ ifs=Handg=M (2)
1, ifs =Handg = D.

3.3 Population Dynamics

We model variations in h; = (hp, hyr); over time using a frequency-
dependent Moran process [21] as in other models studying the
emergence of cooperation [23, 35]. A Moran process is a stochastic
evolutionary model used in genetics where the size of each “allele”
(in our case strategy) remains constant, and where alleles with a
fitness advantage tend to become more prevalent in the population.

We apply this model as such: each timestep t, we sample a ran-
dom focal agent i and flip their strategy s; (either from H to L or
vice-versa) with probability y, and otherwise compare their util-
ity u(gj, s;) to another randomly sampled agent from their group
Jj using the Fermi pairwise imitation rule [35]: Let Au?j (h) :=
u(g, j | h)—u(g, i | h) using the definition of u(g, s | h) in (1) and let
B € R, be the strength of selection, the probability that the number
of agents playing H increases (f7) or decreases (f7) is given by

1
14 ePduf (o)

fy) = ®)

This process of mutation and replacement, allows us to define a
discrete-time Markov chain h; on the state space of the number of
agents playing H in each group

S={(l’1M,hD) :0<hy <Zy,0< hp SZD},

(ordered lexicographically), initial state hy, mutation probability p,
and transition matrix PS*S with entries

Phphpss = 4
pZRZt 4 (1 - 2ozt hoo Dk ifhy = (hp + 1 hy)
R+ (1= p) 2 22500 fP (h), ifhye1 = (hp — 1, hu)
pRZhu g (1 - g Bk M fM () if by = (hp, By + 1)
PO+ (1 — p) e 2t fM (), if st = (hp, g = 1)
1= 2 P ifhy4; = hy
0, otherwise.

The Markov chain h; is irreducible if 4 > 0 as mutations draw
the chain out of absorbing states, and aperiodic as the chain has
a strictly non-zero probability of staying in the same place for all
B # oo. Therefore, we can find its stationary distribution h* defined
as the limit of the recurrence relation h;,; = h;P by solving the
linear system (I — P)Th*T = 0 subject to the constraint ,; h} = 1.

4 EXPERIMENTAL SETUP

In our experiments we aim to explore how different user popula-
tions (€, y, k) and recommender system parameters (kg, kar) affect
1) the incentive for each group to cooperate (play H), 2) the value
users get out of the platform, and 3) the average utility of the two
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groups of providers. In Section 4.1 we give a precise definition to
each of these metrics, and below we detail the parameters common
to every experiment we run.

To minimise differences in utility that are incidental to (relative)
group size we set the size of both groups to be equal: Zp = Zy; = 20
and keep this fixed from here on, referring readers to appendix
Section 2 for results with Z = 20 and Z = 80. While this is certainly
scaled back when compared to some real online platforms, it is
large enough that kg and kjs can take many values between 0 and
k < Z, but also small enough such that parameter grid searches are
computationally feasible (recall every simulation requires inverting
a (Zp Zym) X (Zp Zy) matrix). Results for other population sizes,
larger and smaller, are qualitatively the same, mutatis mutandis. As
and f are both unitless parameters of evolution, we can scale one in
terms of the other to achieve the same result. As such, we arbitrarily
set the mutation rate y = 1/Z = 1/40, such that, on average, once in
every Z strategic update steps the updating provider will randomise
their strategy rather than imitate another provider.

To both emphasise the effect of platform design choices and
simulate a case facing many service providers where profit margins
are relatively tight, we set ¢ = 1 and b = 1.2, raising b or lowering ¢
simply makes cooperation easier to sufficiently incentivise. Given
that our utilities are calculated as the likelihood of an interaction
multiplied by the payoff from an interaction, if selections were
done completely at random then each agent would have an average
utility proportional to 1/40. The selection strength f is set out of
modelling convenience such that X Au has an order of magnitude
close to 1, attempting keeping the output of the Fermi function
away from its region of near-zero gradient, leading to our choice
of f=Z/(b-c) = 20.

We initially hold kas = 0, which represents the status-quo where,
for implementation or political reasons, platforms do not explicitly
prioritise marginalised providers. After exploring the dynamics of
the model in Section 5.1 and introducing the “user-provider trade-
off” subject to this restriction in Section 5.2, we allow platform
designers to alter ky while keeping k¢ fixed, simulating a situation
where platform designers want to minimally alter the user experi-
ence in Section 5.3. Finally, we remove all restrictions on kg and
ky and introduce uncertainty on the precise value of €, seeing how
increasing uncertainty affects demographic parity in Section 5.4.

4.1 Evaluation Metrics

Mostly cooperative. A single group g € {M, D} is mostly coop-
erative if the stationary distribution of the strategy dynamics h*
spends most of its time on the edge hy = Z, i.e. the sum of h* over
all states with hy = Z; is greater than 0.5. A platform is mostly
cooperative if both of its groups are.

User Experience. Given the stationary distribution h*, the user
experience (UX) on the platform is defined as the likelihood that
the service provider plays H. Let S be the state matrix whose entries
are the number of agents playing H in each group

(0,0 (0,1) (0,Zp)
(1,0) (1,1 (1,Zp)
S=(5,5) = : : :
(Zm,0)  (Zm, 1) (Zm, Zp)
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then define Sy := SLand Sp 5—2 Then, we can calculate

Z
the expected strategyMin each group (¢*) by taking the element-
wise product (®) of § with h*, before summing over the rows and
columns, which is equivalent to taking the matrix 1-norm as S is
non-negative:

o =[Son’,
Finally, we can calculate

O

O-;,[ZM + O'Z)ZD
Zy+Zp

Ux )

Demographic Parity Ratio. Aswe discuss in Section 2, we measure
fairness, for simplicity, through the demographic parity ratio
(DPR), which captures the ratio between the average utility of the
better-off and worse-off group of service providers.

Define matrix (U%)o<i<z,, With entries
0<j<Zp

Zy—hg

h
Uy =u(gL | h=()) +ulg H | h=( )
9

to be the average utility in group g at each state where hj is the
number of H-players in group g, taking either value i or j depending
on which group is being considered. Then we can calculate

min (|/h;, © UM |, b}, © UP|l)

DPR :=
max ([|lhj, © UM|l,, |Ihj, © UP||)

™)

Pareto Optimality. Given user population (e, y, k), a platform
designer’s choice of (kg, kar), potentially subject to the constraint
ky = 0, is Pareto optimal if a different choice could not simulta-
neously increase the platform’s UX and DPR. The set of choices of
(kg, kar) that are Pareto optimal is called the Pareto front.

5 RESULTS

5.1 Achieving a cooperative baseline

At a fundamental level, every platform must maintain an incentive
for providers to be high-effort in order to ensure users have a good
experience, given user parameters (¢, y, k). In Figure 2, we demon-
strate the varying strategy dynamics that respective populations
of providers have in three scenarios with varying user parameters
and kg, and who all have kp; = 0.

The left-most scenario (A) effectively has no reputation system
(kc =y = 0), meaning neither the search algorithm nor the users
use any information about the quality of a potential provider in
their decision making. Unsurprisingly, without an incentive to be
high-effort, no providers choose to do so. This outcome is charac-
teristic of any platform that, given a certain user population, fails
to sufficiently incentivise providers to cooperate.

The centre and right-most platform with k = 10, B and C, show
how user populations with non-zero rating bias (here € = 0.3)
and/or low sensitivity to ratings (here y = 0.6) can lead to either
a separating or pooling equilibrium depending on the platform’s
choice of kg. In the former case (kg = 5), although the dominant
group is “mostly cooperative” as previously defined in Section 4.1,
the incentives are not sufficient for marginalised users to play H
(high-effort) which we speculate is due to the difficulty maintaining
a high enough rating to be prioritised by the recommender system
and user population, and the insufficient prioritisation when their
rating is high. This leads to the divergence of strategy between

2578

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

dominant and marginalised providers that is not found in platform
C (kg = 10 = k), a platform that does feature sufficient incentives
for both groups to be mostly cooperative.

5.2 The (kg, ky = 0) Pareto front

In Figure 3, we show the UX and DPR of a platform with population
parameters k = 20, € = 0.15, and y = 0.8 and ky; = 0 subject to
different choices of kg. The dynamics of the three platforms A, B,
and C from Figure 2 represent three qualitatively different regimes
of cooperation (or lack thereof) which can be induced through
choice of kg and kys. The size of these regimes in (kg, ky)-space
depends on the population parameters. As in this case ky = 0,
we plot the kg-changepoints of the regimes as black vertical lines
and label the regions correspondingly, also marking the maximum
values attained by each metric in regime C.

Values of kg between these maximum values make up Pareto
front. Define kgx and kgPR to be the values of kg maximise UX
and DPR respectively while inducing regime C dynamics. When
ky = 0 we have kgx = k as UX is always monotonically increasing
in kg: the more highly-rated providers that users are shown, the
more likely they are to choose a provider playing H.> However, for
kg > kgPR, the increased pressure to cooperate is sufficiently small
that the emergent effect is just showing marginalised providers less
often due to the rating bias. This subsequently decreases the share
of interactions they are involved in and lowers the DPR.

The decreasing nature of DPR for kg > kgPR, combined with
UX being monotonically increasing in the same region, implies that
when kj; = 0, the Pareto front is the interval [kgP R k].In Figure 4,
we show the size of the Pareto front when k = 20 (as in Figure 3),
varying € and y in the open set (0, 1). The reason we exclude the
edges is that one of the metrics becomes completely flat (e.g. € =
0 = DPR = 1), but floating point error causes distracting
fluctuations. We note that kgPR monotonically increases with € and
¥, meaning biased and unreliable reputations require that platforms
put more effort into incentivising cooperation, particularly in the
marginalised group, to achieve maximum demographic parity.

This analysis shows that if platforms are unwilling or unable to
introduce active countermeasures against inherent rating bias (¢) at
the algorithmic level (i.e. kar = 0), then they have to choose between
a better user experience and a more equitable provider experience,
where, even given optimal choices, one necessarily comes at the
cost of the other.

5.3 Explicit anti-discrimination with ky > 0

We first assume that the platform has a fixed kg, which could be for
many reasons including wanting to maintain the overall “feel” of
the platform to users by showing the same variety of ratings, and
can choose any ky > 0. In Figure 5, we plot four different platforms.
For each we arbitrarily choose kg that maximises UX x DPR, a
value somewhere in the Pareto front, subject to ky = 0, emulating
the situation where a platform that cares about DPR wants to
introduce an explicitly biased algorithm while making minimal
changes to the platform from a user point of view.

5This would still be true if there were a chance for L-players to be G-rated as long
as we are in regime C. In this case, no matter the false positive rate, because more
agents are cooperating than defecting, showing more G-rated agents still increases
the likelihood that a user selects an H-player
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Figure 2: We demonstrate how changing platform design affects strategy dynamics for providers. The proportion of time the
dynamics spend at each state under the stationary distribution is plotted as a greyscale heatmap, and the average direction
of the dynamics are overlaid as a stream plot. All subplots have k = 10 and ¢ = 0.3. For subplot A, we set kg = y = 0, which
means that e could take any value without affecting the dynamics. Subplot B and C have kg = 5 and kg = 10 = k respectively. We
observe that the platform’s design choices impact the providers’ strategic dynamics, leading them to adopt low-effort strategies
(A), exacerbating biases by eliciting high-effort only from the dominant group (B) or inspiring high-effort by all groups (C).
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Figure 3: In this Figure we fix the user population to have
rating bias ¢ = 0.15 and rating sensitivity y = 0.8, and vary
kg while holding k = 20. We can partition the x-axis into
three distinct regions defined by whether no groups, only the

dominant group, or both groups are “mostly cooperative”.

We indicate the maximum value attained by each of the three
evaluation metrics defined in Section 4.1 using a dashed line.

We find that the higher the rating bias, the higher kxs is required
to be to correct for it: when y = 0.8, raising € from 0.15 to 0.5 shifts
the optimal value of kys from 3 to 9. While changing kas has a large
effect on fairness, it has almost no effect on users, evidenced by the
relatively flatness of the UX line compared to DPR. This is because
raising kyr does not change the number of high-effort agents shown
to users, simply the demographics of the agents shown. Only when
€ is low and kjy is very high do we see a fall in UX. In this case the
incentive for the dominant group to play H is severely impacted
due to them almost exclusively being shown only as one of the
providers in the random sampling stage which makes up only a
small fraction kg/k of all providers shown. Because of this, they
are shown almost as often when playing L as when playing H.
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Figure 4: For k = 20 (as in Figure 3), we vary € and y, calculat-
ing the value of k; that maximises the demographic parity
ratio (DPR) while leaving the dynamics in regime C.

While these results are promising, as any variable not controlled
by the platform must be inferred from data, the designers may not
have accurate values of k, €, and y. The sharp peak of DPR in
Figure 5 with respect to ky raises an issue for platform designers:
by altering kg and kas you risk over- or under-correcting for bias.
As inaction is less harshly judged than poor action, it is important
to see that a kp; > 0 policy is still effective under uncertainty.

5.4 Optimising with uncertainty in rating bias

Suppose the true, unobserved amount of rating bias exhibited by
a population of users was € = 0.35, and let y = 0.8 and k = 7
be observed. For simplicity, we assume that the unobserved value
of € can be estimated to be within some interval [€pin, €max] With
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Figure 5: Consider a platform with k = 20 and vary € and y
between low and high values. For each resulting scenario,
find the value of k; that maximises UXXDPR subject to ky; = 0,
we plot this as a faint grey vertical line. As we now vary kyy,
the dynamics stay inside regime C and the evaluation metrics
peak at the same value of k) when y is high enough (0.8).
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Figure 6: Let k = 20, ¢ = 0.35, and y = 0.65, and vary the
uncertainty of rating bias. As previously established: forcing
kv = 0 leads to a low DPR. Even when uncertainty is 0.7,
allowing kys > 0 still results in a better worst-case outcome.
Optimisation of max-min DPR and average DPR are both
fine choices of metric to optimise over that only diverge
significantly in outcome for very large uncertainty.

uniform likelihood over the interval. We refer to the width of this
interval (€max — €min) as the uncertainty in e.

Given some level of uncertainty, which values of kg and ky
should the platform choose? One might expect this to depend con-
siderably on what the platform tries to optimise for. Of course, the
choice of values must leave the dynamics in regime C, but should
you try to optimise the expected DPR or conservatively try to max-
imise its minimum value? Surprisingly, these two straightforward
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metrics tend to yield very similar outcomes for low to moderate
values of uncertainty, diverging only when uncertainty is very

large. This can be seen in Figure 6, where until the uncertainty is
0.525, representing a range of [0.0875,0.6125], both the average-
and worst-case outcomes of applying either a maximin strategy
or maximising the expected value are almost identical. After this
point, the two diverge but importantly both still maintain better
performance than a platform which keeps kyr = 0. In other words,
even when uncertainty is very large, optimising for the worst-case
outcome over kjs > 0 achieves better worst- and even average-case
performance than leaving kjs = 0, highlighting how risk-free it is
to allow ky to vary.

6 CONCLUSION

Online marketplaces have become ubiquitous in modern society. In
this paper we develop a model that shows how algorithmic design
decisions, applied in such online platforms, affect utility and fair-
ness of users and providers. Our findings reveal that recommender
systems can play a decisive role in undoing the effects of rating
bias, a phenomenon that is pervasive across platforms. However,
if considerations of fairness take a back seat to the experience of
the user population, then we show how seemingly fairness-neutral
decisions can counterintuitively lead to less fair outcomes. The low
barrier of entry to employment provided by these platforms means
they are relied upon by many economically and legally vulnerable
members of society who themselves are often part of the groups
that are discriminated against. As such, designing these platforms
with the goal of fair treatment of marginalised communities despite
the inherent biases of users is a significant step towards fairness in
the labour market more broadly.

By keeping the recommender system, user population, and the
interaction itself abstract, we hope that this model might inform the
application of complex adaptive systems, particularly evolutionary
game theory, to more elaborate, tailored models in (digital) labour
economics and industrial organisation: while we assume a the com-
mon assumption of a constant number of providers, in real markets
participants are constantly arriving, and existing agents may leave
during downturns in their utility which is modelled in [20]. Fur-
thermore, our mean-field assumption on users and use of indirect
as opposed to direct reciprocity may not be valid for smaller mar-
kets where consumers and producers are more equally numbered.
We ignore providers’ forms of collective action, which might also
affect fairness dynamics [27, 30], a topic of natural interest to be
explored in future extensions of our model. Finally, we assume that
providers’ demographic information is fully obfuscated, but this is
obviously idealised and not typically the case [19].

Despite these limitations and suggestions for future work, our
work already stresses the positive outcomes of anti-discrimination
policies in digital economy platforms, and we test concrete inter-
ventions to improve fairness in systems where ratings are used to
promote cooperative behaviour.
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