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Abstract

Cookies are designed to enable more accurate identification and tracking of user
behavior, in turn allowing for more personalized ads and better performing ad
campaigns. Given the additional information that is recorded, questions related to
privacy and fairness naturally arise. How does a user’s consent decision influence
how much the system can learn about their demographic and tastes? Is the impact
of a user’s consent decision on the recommender system’s ability to learn about
their latent attributes uniform across demographics? We investigate these questions
in the context of an engagement-driven recommender system using simulation. We
empirically demonstrate that when consent rates exhibit demographic-dependence,
user consent has a disparate impact on the recommender agent’s ability to esti-
mate users’ latent attributes. In particular, we find that when consent rates are
demographic-dependent, a user disagreeing to share their cookie may counter-
intuitively cause the recommender agent to know more about the user than if the
user agreed to share their cookie. Furthermore, the gap in base consent rates across
demographics serves as an amplifier: users from the lower consent rate demo-
graphic who provide consent generally experience higher estimation errors than
the same users from the higher consent rate demographic, and conversely for users
who choose to withhold consent, with these differences increasing in consent rate
gap. We discuss the need for new notions of fairness that encourage consistency
between a user’s privacy decisions and the system’s ability to estimate their latent
attributes.

1 Introduction

Increased regulation surrounding cookies has emerged in recent years in response to growing concerns
over online privacy and data protection. In the EU, cookie policy is driven primarily by the General
Data Protection Regulation (13) and the ePrivacy Directive (10) which dictate that if a website wishes
to use cookies to identify and track users, beyond “strictly necessary cookies,” then consent must be
explicitly obtained from the user. There is currently no federal law regulating the use of cookies in
the US, however, several states have imposed regulation that requires websites to disclose their data
collection practices to users (5, 40).

Marketers use cookies to narrow in on target audiences most likely to buy their products, primarily
via improved user tracking and enhanced personalization. The actual mechanisms for obtaining
user consent can introduce some additional fairness and privacy concerns. Many cookie consent
interfaces are designed such that web content is at least partially obscured until the user makes a
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consent decision. These interfaces often exhibit deceptive design patterns (38, 34, 15, 16) – design
practices that incentivize users to make choices that lower their privacy. While some websites do
offer a clear “reject all” button, many present the user with a decision between a simple “I agree” or
“accept all” and a much less immediate choice of “manage preferences.” This leads to many users
agreeing to cookie tracking simply out of convenience (17). Furthermore, and an observation that
forms the basis of the current paper, evidence suggests that users exhibit inherent differences in their
likelihood of agreeing to cookie tracking. A recent study by YouGov (45) revealed that a user’s
consent rate is influenced by their age and culture/geographical location. Of the markets surveyed in
the study, users ranged from 64% agree (Poland) to 32% agree (US), with older individuals being
less likely to provide consent than younger individuals, perhaps partially due to their overall lowered
trust in tech companies when it comes to their personal data (46).

In this paper, we investigate how demographic-dependent consent rates impact the ability of the
recommender system to learn users’ latent attributes and offer targeted recommendations. The main
finding of our paper is that when user consent rates differ by demographics, the recommender system
possesses disparate estimation accuracies across users in different demographics. The finding is based
on a simple model of recommendations where, prior to the interaction, users provide cookie consent
according to demographic-dependent probabilities. Users’ consent decisions, along with the cookie
for those who have provided consent, allow the recommender agent to form refined beliefs on users’
demographics and preferences. Through sequential interaction with the users, the agent learns to
personalize content to maximize engagement. We empirically illustrate the following:

1) Disparate impact of consent: Under demographic-dependent consent rates, users’ consent
decisions can have a disparate impact on the recommender agent’s estimation accuracy
of users’ latent attributes. In particular, we find that withholding consent can lead to
lower estimation errors for users in the lower consent rate population. In other words, a
recommender system may know more about a person who opts not be tracked compared to
those who willingly provide tracking information. Additionally, users from a population
with a low consent rate who provide consent experience higher estimation errors than the
same users from a high consent rate population.

2) Amplification effects: The difference in consent rates across cohorts serves as an amplifier
for the above effects, with the disparities in estimation errors across cohorts increasing in
the consent rate gap.

Note that our model is simple: ads are described by a single feature, the user pool is fixed, and
user affinities/preferences do not change over time. This simplicity is intentional, with the goal
being to isolate and understand the effects of specific model aspects (i.e., impact of different user
consent rates) without the additional noise and confounding factors present in real-world settings.
The observations on disparate impact that emerge from our setting should serve as an indicator that
the same negative results may also exist in more complex recommender systems. Additionally, given
the fundamental nature of the observed disparities, we believe that the search for mitigation strategies
in this simplified setting can provide useful insights for the design of more complex systems.

2 Background

Recommender systems. The main challenge in recommender systems is making recommendations
when only a sparse set of preference data is available. Broadly, recommender systems address this
missingness via two approaches: content-based filtering, and collaborative filtering.1 Content-based
filtering methods use known information about users and items to suggest content. For example,
a content-based movie recommender system may compare known features of a movie (degree of
humor, action, drama) with known user preferences to suggest movies to users that yield the greatest
similarity. Collaborative filtering, on the other hand aims to learn these relevant features based on
patterns in the observed preference/response data. Items in a collaborative filtering-based system
are recommended to users based on what content other users with similar behavior have consumed
(hence the term collaborative).

1Hybrid approaches, as well as methods based that leverage more sophisticated learning methods, are also
popular. For a comprehensive review see (4).
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A popular collaborative-filtering algorithm is matrix factorization. Matrix factorization asserts that
user data is not missing uniformly at random, but rather according to some low rank structure of
which it aims to discover. The learned factors can then be used to infer unobserved ratings for other
user-item pairs, in turn driving recommendations. Associating each user with factor ui ∈ Rk and each
ad with factor va ∈ Rk, latent factor estimates (û, v̂) = ((ui)i, (va)a) are obtained under standard
matrix factorization via solution of a regularized loss-minimization on the known user responses

(û, v̂) = argmin
(u,v)

[ ∑
(i,a)∈R

(u⊤
i va − ri,a)

2 + λ

(∑
i

∥ui∥2 +
∑
a

∥va∥2
)]

where R is the set of user-item pairs (i, a) where a response ri,a has been recorded. A variety of
modifications of standard matrix factorization exist (25), including incorporating ranking biases, user
and item side information, varying confidence weights, and temporal effects. The above optimization
is typically carried out on a mix of both historical data and new interaction data, with the latter data
incorporated periodically via retraining.

Cookies, consent, and behavioral advertising. Cookies are small pieces of data that are stored on a
user’s device with the specific purpose ranging from storing login credentials (first-party cookies)
to tracking user behavior for targeted advertising (third-party cookies). Given their capability of
enabling inference of potentially sensitive user information (9, 39), regulation has emerged to increase
transparency around their use. While specific laws vary, many countries now require web publishers
to present some form of banner or pop-up either informing the user that information is being recorded
or requesting the user to indicate their cookie consent decision prior to browsing the page.

Behavioral advertising describes the practice of using learned user behavior (e.g., user preferences)
to make personalized recommendations. Cookies help to facilitate inference of this information
via tracking user behavior across websites (e.g., search history, clicks, purchases). The end goal
of behavioral advertising is to increase relevancy of recommendations, in turn increasing user
engagement and the return of the ad campaign.

3 Related work

Algorithmic feedback loops. Much of the analysis of algorithmic feedback loops in the literature is
centered on recommender systems and the trade-off between recommendation accuracy and topic
diversity. It is generally accepted that as the recommender system learns to generate high engagement
recommendations, topic diversity suffers which in turn may cause filter bubbles and echo chambers to
emerge (51, 26, 33, 22, 6, 27, 24, 11, 18, 30, 50, 14). While a variety of mitigation techniques have
been proposed – including techniques to identify and remove these effects (37), slow degeneracy
(24), improve user heterogeneity (43), and disentangle user interest from user conformity (49) – the
question of how to best balance accuracy with diversity, and addressing broader fairness concerns, is
still very much an active area of research.

The above papers illustrate the many potential downsides of engagement-driven recommendation
and collaborative filtering. To the best of the authors’ knowledge, our paper is the first to analyze the
impact of consent rates on the dynamics of the recommendation process.

Privacy, fairness, and bias considerations in recommender systems. Given that recommender
systems are designed to personalize content to users, questions related to privacy, fairness, and bias
naturally arise (23, 12, 7). Many notions of recommender system bias have been studied in the
literature including participation inequality where system usage varies across a user’s attributes
(e.g., gender, race, language, etc.), selection bias where the users’ choice behavior leads to non-
representative item feedback, conformity bias where users in similar groups act similarly, exposure
bias where suppliers/items exhibit fundamentally different levels of visibility, and popularity bias
where popular items are recommended more often than long tail items, among various others.
Furthermore, it is widely recognized that the inherent feedback nature of recommender systems
amplifies these biases (6, 30).

Research on the privacy and fairness of recommender systems aims to gain a deeper understanding
of how the structure of the recommender system influences these biases and subsequently propose
mitigation strategies via modified recommendation algorithms, with a large thread of research
concerning the design of privacy-preserving recommender systems (1, 31, 47, 3). Most related to our
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paper are the structural questions of characterizing the ability of the recommender system to recover
protected attributes from ratings of both a homogeneous user pool (42) and a mix of public/private
users (44). Notably, (44) demonstrates that only a small number of public users (users willing to
share preference information) with a large number of ratings in a pool of private users (users with
hidden preferences) is sufficient to produce accurate system-wide recommendations. In contrast, our
paper studies how inherent differences in user consent rates influences the system’s ability to estimate
users’ latent attributes across groups.

Simulators for recommender systems. Given the complexity of the interactions between users
and the learning behavior of the agent, simulators have become an increasingly popular tool for
understanding the dynamics of recommender systems. Agent-based modeling allows for simulation of
fine-grained user interactions, facilitating useful insights without running costly field tests. A variety
of open-source recommender system simulators have emerged in recent years, namely RecoGym (35),
RecSim (21), PyRecGym (36), Surprise (20), RecSim NG (32), and others (48), (8). The simulator
developed for purposes of this study augments RecSim with the ability for the learning agent to
maintain asymmetric (Bayesian) uncertainty over users.

4 A Simple Recommendation Model with Cookie Consent

Consider a recommendation environment consisting of a recommender, termed the agent, sequentially
interacting with a fixed population of n individuals or users (see Fig. 1). Before the interaction
begins, users make consent decisions according to known cohort-dependent probabilities. The agent
uses the consent decisions and revealed cookies to form refined (interim) beliefs on the users’ cohorts,
which in turn guide recommendations. The agent is periodically retrained using the updated history
of recommendation-response pairs, with the overall goal of recommending content that maximizes
engagement.

<latexit sha1_base64="6yf8zVZKMVZ+GtAhF6+ieQo0UA4=">AAAB9HicbVDLSsNAFL2pr1pfVZdugkVwVRIp6rKiC5cV7APaUCbTSTt0MokzN4US+h1uXCji1o9x5984abPQ1gMDh3Pu5Z45fiy4Rsf5tgpr6xubW8Xt0s7u3v5B+fCopaNEUdakkYhUxyeaCS5ZEzkK1okVI6EvWNsf32Z+e8KU5pF8xGnMvJAMJQ84JWgkrxcSHFEi0ptZH/vlilN15rBXiZuTCuRo9MtfvUFEk5BJpIJo3XWdGL2UKORUsFmpl2gWEzomQ9Y1VJKQaS+dh57ZZ0YZ2EGkzJNoz9XfGykJtZ6GvpnMQuplLxP/87oJBtdeymWcIJN0cShIhI2RnTVgD7hiFMXUEEIVN1ltOiKKUDQ9lUwJ7vKXV0nroupeVmsPtUr9Lq+jCCdwCufgwhXU4R4a0AQKT/AMr/BmTawX6936WIwWrHznGP7A+vwBBu+SSQ==</latexit>

At
<latexit sha1_base64="t2MNDwKebgxQbU0lfH2+wIsBgK4=">AAAB+XicbVDLSgMxFL1TX3V8jbp0EyyCqzJTRF0WdOGygn1AO5RMmmlDk8yQZApl6J+4caGIW//EnX9j2s5CWw8EDuee+8iJUs608f1vp7SxubW9U9519/YPDo+845OWTjJFaJMkPFGdCGvKmaRNwwynnVRRLCJO29H4bl5vT6jSLJFPZprSUOChZDEj2Fip73k9QqWhismhm2lr7HsVv+ovgNZJUJAKFGj0va/eICGZsGMIx1p3Az81YY6VYYTTmduzY1NMxnhIu5ZKLKgO88XlM3RhlQGKE2WfNGih/u7IsdB6KiLrFNiM9GptLv5X62Ymvg1zJtPMUEmWi+KMI5OgeQxowBQlhk8twUQxeysiI6wwsVlo14YQrH55nbRq1eC6evVYq9TvizjKcAbncAkB3EAdHqABTSAwgWd4hTcnd16cd+djaS05Rc8p/IHz+QOhKZOr</latexit>users

<latexit sha1_base64="C5v+lL/fqbT2+WeHiUwmhFo67Ko=">AAACC3icbVDLSsNAFJ3UV42vqEs3Q4vgqiRF1GVBFy4r2Ac0oUymt+3QySTMTIQSunfjr7hxoYhbf8Cdf+OkzUJbLwwczjn33rknTDhT2nW/rdLa+sbmVnnb3tnd2z9wDo/aKk4lhRaNeSy7IVHAmYCWZppDN5FAopBDJ5xc53rnAaRisbjX0wSCiIwEGzJKtKH6TsWnIDRIJkY2GRinZgoiQ/k+ViRKOMi+U3Vr7rzwKvAKUEVFNfvOlz+IaZpPoZwo1fPcRAcZMbMph5ntpwoSQidkBD0DBYlABdn8lhk+NcwAD2NpntB4zv7uyEik1DQKjTMieqyWtZz8T+ulengVZEwkqQZBF4uGKcc6xnkweMAkUM2nBhAqmfkrpmMiCTXpKNuE4C2fvAra9Zp3UTu/q1cbN0UcZXSCKugMeegSNdAtaqIWougRPaNX9GY9WS/Wu/WxsJasoucY/Snr8weoq5t0</latexit>

advertisement
sampler

<latexit sha1_base64="8b2+4MyIqI9h3Q+xw31++PMWVSQ=">AAACAnicbVDLSsNAFJ3UV42vqCtxM1gEVyUpoi4LunBZwT6gCWUyvWmHTiZhZiKUUNz4K25cKOLWr3Dn3zhts9DWAwOHc+5j7glTzpR23W+rtLK6tr5R3rS3tnd295z9g5ZKMkmhSROeyE5IFHAmoKmZ5tBJJZA45NAOR9dTv/0AUrFE3OtxCkFMBoJFjBJtpJ5z5FMQGiQTAztTIH0fKxKnHGTPqbhVdwa8TLyCVFCBRs/58vsJzWIzj3KiVNdzUx3kRGpGOUxs38xPCR2RAXQNFSQGFeSzEyb41Ch9HCXSPKHxTP3dkZNYqXEcmsqY6KFa9Kbif14309FVkDORZhoEnS+KMo51gqd54D6TQDUfG0KoZOavmA6JJNSEomwTgrd48jJp1areRfX8rlap3xRxlNExOkFnyEOXqI5uUQM1EUWP6Bm9ojfryXqx3q2PeWnJKnoO0R9Ynz9Hv5de</latexit> user
sampler<latexit sha1_base64="UmzHkDq0z92nhyTSLRXnLroKCAc=">AAAB7XicbVBNSwMxEJ3Ur1q/qh69BIvgqewWUY8FPXisYD+gXUo2zbax2WRJskJZ+h+8eFDEq//Hm//GtN2Dtj4YeLw3w8y8MBHcWM/7RoW19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3QmKY4JI1LbeCdRLNSBwK1g7HNzO//cS04Uo+2EnCgpgMJY84JdZJLSo4HZt+ueJVvTnwKvFzUoEcjX75qzdQNI2ZtFQQY7q+l9ggI9pyKti01EsNSwgdkyHrOipJzEyQza+d4jOnDHCktCtp8Vz9PZGR2JhJHLrOmNiRWfZm4n9eN7XRdZBxmaSWSbpYFKUCW4Vnr+MB14xaMXGEUM3drZiOiCbUuoBKLgR/+eVV0qpV/cvqxX2tUr/N4yjCCZzCOfhwBXW4gwY0gcIjPMMrvCGFXtA7+li0FlA+cwx/gD5/ALF0jzg=</latexit>
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ad pool
<latexit sha1_base64="gfqa99GVW44fnyoRNBcIWXy7o+4=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqswUUZcFXbisYB/YDiWTZtrQTGZI7ghl6F+4caGIW//GnX9j2s5CWw8EDufcS+45QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38z89hPXRsTqAScJ9yM6VCIUjKKVHimiFkGK3PTLFbfqzkFWiZeTCuRo9MtfvUHM0ogrZJIa0/XcBP2MahRM8mmplxqeUDamQ961VNGIGz+bXzwlZ1YZkDDW9ikkc/X3RkYjYyZRYCcjiiOz7M3E/7xuiuG1nwmV2EyKLT4KU0kwJrP4ZCA0ZygnllCmhb2VsBHVlKEtqWRL8JYjr5JWrepdVi/ua5X6bV5HEU7gFM7Bgyuowx00oAkMFDzDK7w5xnlx3p2PxWjByXeO4Q+czx8Ow5Eu</latexit>
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<latexit sha1_base64="WdoqUmGf+cdjHvBGK9HZHLhVLm4=">AAACAnicbZDLSsNAFIYn9VbrLepK3ARboYKUpIi6LOjCZQV7gSaEyXTaDJ1MwsyJUEJx46u4caGIW5/CnW/jtM1Cqz8MfPznHM6cP0g4U2DbX0ZhaXllda24XtrY3NreMXf32ipOJaEtEvNYdgOsKGeCtoABp91EUhwFnHaC0dW03rmnUrFY3ME4oV6Eh4INGMGgLd88qLhZ1YWQAvbZqYt5Emo4cScV3yzbNXsm6y84OZRRrqZvfrr9mKQRFUA4Vqrn2Al4GZbACKeTkpsqmmAywkPa0yhwRJWXzU6YWMfa6VuDWOonwJq5PycyHCk1jgLdGWEI1WJtav5X66UwuPQyJpIUqCDzRYOUWxBb0zysPpOUAB9rwEQy/VeLhFhiAjq1kg7BWTz5L7TrNee8dnZbLzeu8ziK6BAdoSpy0AVqoBvURC1E0AN6Qi/o1Xg0no03433eWjDymX30S8bHN/fDloc=</latexit>
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Figure 1: The recommendation process. The advertisement sampler generates the ad pool (assumed to
be refreshed in each round t). The user sampler initializes both latent attributes of users and consent
decisions. In each round, the agent generates recommendations (ads) and records user responses
(clicks).

Advertisement model. Each ad is described by a single topic feature τ ∈ T = {τ1, . . . , τm}, where
m is the number of possible ad topics. In each round t, a subset of l < m ad topics are sampled to
form the current set of recommendable ads At, termed the ad pool.

User model. Each user i ∈ [n] is described by three features: a cookie ϕi ∈ Φ = {ϕ1, . . . , ϕc},
a demographic or cohort θi ∈ Θ = {θ1, . . . , θd}, and a vector of topic affinities αi ∈ Rm

+ . Each
user’s cookie-cohort pair is drawn from a known joint prior µ ∈ ∆(Φ × Θ), i.e., knowledge of
a user’s cookie is at least partially informative for its cohort. Consent decisions are dictated by
cohort-dependent probabilities qθ, θ ∈ Θ, with each user i in cohort θ revealing its cookie with
the agent according to Xi ∼ Bernoulli(qθ).2 Topic affinities are generated according to log-normal
distributions, with each user i from a given cohort θ possessing affinities αi ∼ LogNormal(ρθ, σ2

θ),
where ρθ ∈ Rm and σθ ∈ Rm

+ are the cohort-dependent means and standard deviations of αi’s natural
logarithm.

2Note that we model every user as possessing an underlying cookie, with the agent only being aware of the
user’s cookie if the user decides to share, i.e., xi = 1.
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In each round t, each user is faced with a single ad and makes a binary decision to either click or not
click. Specifically, when user i is recommended an ad a, the user first scores the ad via the utility
function u(a;αi) = α⊤

i 1τa where 1τa ∈ Rm is the indicator vector on topics (a vector of zeros with
a one in location of the topic of ad a). User i’s choice to click on a, denoted by ci,a ∈ {0, 1}, is
stochastic and is dictated by ci,a ∼ Bernoulli(pi,a), where pi,a is the click probability given by the
following logit model

pi,a =
exp(u(a;αi))

exp(u0) + exp(u(a;αi))
(1)

where u0 is the no-click-mass used to model the possibility of the user not clicking on a, assumed to
be homogenous across users.

Recommender agent. The agent faces a fundamental trade-off between recommending high-
engagement content and learning more about users’ tastes. Our recommendation model combines two
foundational models from the literature, namely incorporation of confidence weights (19, 25) into
an online matrix factorization procedure (41). Online matrix factorization addresses the conflicting
objectives of the agent – exploration to improve estimates of latent factors, and exploitation of
known high engagement content – by interleaving estimation of the latent factors with specification
of recommendations. Including confidence weights allow us to model the agent’s heterogeneous
uncertainty on users due to their consent decisions and personalized recommendations. Note that
while this is a stylized recommender model, it possesses the main features seen in more complex
systems, specifically online learning and heterogeneous uncertainty across users.

Formally, the recommendation process evolves as follows. Given the agent’s prior belief, µ ∈
∆(Φ×Θ), the users’ consent decisions are used to form interim cohort beliefs µ̃i ∈ ∆(Θ) for each
user i. If user i gives consent (xi = 1) then the agent is informed of the user’s cookie, ϕi, and its
updated belief of the user’s cohort is formed as µ̃i(ϑ) = p(ϑ | xi = 1, ϕi) = qϑµ(ϕi,ϑ)∑

ϑ′ qϑ′µ(ϕi,ϑ′) for
each ϑ ∈ Θ. If user i does not provide consent (xi = 0), no cookie information is revealed and
the agent’s belief of the user’s cohort is given by µ̃i(ϑ) = p(ϑ | xi = 0) =

(1−qϑ)
∑

φ µ(φ,ϑ)∑
ϑ′ (1−qϑ′ )

∑
φ′ µ(φ′,ϑ′) ,

ϑ ∈ Θ. Interim beliefs µ̃ = (µ̃1, . . . , µ̃n) are used to form beliefs µ0 = (µ0,1, . . . , µ0,n) via an
offline response set L0 of recommendation-response pairs of the form {(ai, ci,a)} across users.

The recommender model at round t is represented by a pair of user-ad latent factor estimates (ût, v̂t).
Recommendations are generated via an ε-greedy bandit: with probability ε, the ad recommended
to user i in round t, denoted by ai,t, is chosen uniformly at random, ai,t ∼ U(At), and with
probability 1 − ε, the recommendation is the ad in the current ad pool with the highest estimated
value ai,t = argmaxa∈At

û⊤
i,tv̂a,t. Responses to the recommendations are appended to the response

set, Lt+1 = Lt ∪ {(ai, ci,a) | i ∈ [n], ai ∈ [m]}, and are used to maintain a cumulative count of
clicks ri,a,t across user-ad pairs.

Retraining consists of updating cohort beliefs and latent factor estimates using recommendation-
response pairs, and is performed every Tb rounds. If t is a retraining round, cohort beliefs are first
updated according to a Bayesian update µi,t = f(µi,t−1,Lt \ Lt−Tb

) where Lt \ Lt−Tb
is the set of

responses since the previous retraining round. The heterogeneous beliefs on user cohorts gives rise to
a weighted procedure. For a given set of cohort beliefs µt, the agent computes confidence weights
w̄t = (w̄i,a,t)i,a as the expected probability for seeing the current response counts. Specifically, each
weight w̄i,a,t is the expected binomial probability, given µt, for seeing ri,a,t defined as

w̄i,a,t = Eϑi∼µi,t [pt(Ii,a,t, ri,a,t, ϑi)]

where pt(I, r, ϑ) is the binomial probability at round t given impressions I , positive response counts
r, and cohort ϑ. Updated latent factor estimates are computed via a confidence-weighted matrix
factorization procedure as

(ût, v̂t) = argmin
(u,v)∈U×V

[ ∑
(ai,ci,a)∈Lt

w̄i,a,t(u
⊤
i va − ri,a,t)

2 + λ

( ∑
i∈[n]

∥ui∥2 +
∑
a∈[m]

∥va∥2
)]

(2)

where U = {(u1, . . . , un) | ui ∈ Rk, i ∈ [n]}, V = {(v1, . . . , vm) | va ∈ Rk, a ∈ [m]} are the
latent factor spaces, Lt is the current history of responses, and λ > 0 is a regularization weight. If t
is not a retraining round, then cohort beliefs and latent factor estimates are propagated as is from the
previous round. Expressions for the Bayesian updates and expected binomial probabilities can be
found in Appendix A, with pseudocode of the recommendation process in Appendix B.
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5 Experiments

The following experiments study the dynamics of the recommendation process described in Section
4 particularly as it relates to users’ consent rates. Empirical results were obtained via a simulator
based on RecSim (21). Full details of the simulator and the experimental setup can be found in the
supplementary material (Appendix C). Base model parameters assumed throughout this section are:
number of users n = 1000, number of ads m = 200, ad pool size l = 50, and number of cohorts
d = 2. Sensitivity analyses can be found in Appendix D.

The following notation/terminology will be used throughout this section to aid explanations. Let
Nϑ

1 = {i ∈ [n] | xi = 1, θi = ϑ} denote the set of users in cohort ϑ who have decided to share
their cookie, with Nϑ

0 defined analogously. We refer to Nϑ
1 as the consent group (in cohort ϑ)

and Nϑ
0 as the non-consent group. Estimation errors on cohorts for each group are quantified by

log loss, i.e., for a set of users N in group (ϑ, x), the (average) log loss is denoted by Lϑ
x(µ) =

− 1
|N |

∑
i∈N

∑
ϑ∈Θ 1(θi = ϑ) log(µi(ϑ)). Estimation errors on topic affinities are given by MSE.

5.1 Impact of consent on estimation accuracy

The following set of experiments investigates the impact of cohort-dependent consent rates on the
agent’s estimates of the users’ cohorts and topic affinities. Given users’ consent decisions, and cookies
for those who decided to provide consent, the agent forms interim beliefs on each user, µ̃i, i ∈ [n], as
per the model description in Section 4. Fig. 2 illustrates the impact of these consent decisions on
cohort and affinity estimation errors, for Θ = {θ, θ′}, in two cases: homogeneous consent rates (Fig.
2(a)) and heterogeneous consent rates (Fig. 2(b)).
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(a) Homogeneous consent, qθ = qθ′ = 0.5.
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(b) Heterogeneous consent, qθ = 0.25, qθ′ = 0.75.

Figure 2: Estimation errors over training rounds t (Tb = 1) as a function of consent rates under binary
cookie space Φ = {ϕ, ϕ′} and symmetric prior µ(ϕ, θ) = µ(ϕ′, θ′) = 0.4.

Fig. 2(a) illustrates that when users’ consent rates are identical across cohorts, estimation errors for
the non-consent group Nθ

0 are higher than the errors for the consent group Nθ
1 regardless of their

cohort θ.

As seen in Fig. 2(b), this intuitive result breaks down when users’ consent rates differ across cohorts.
While withholding consent leads to a higher estimation error for the higher consent rate group, θ′,
withholding consent can lead to a lower estimation error for the lower consent rate group, θ. This
inversion effect persists for the lower consent rate population for any sufficiently large separation of
consent rates across cohorts, as illustrated by Fig. 3. These cohort-dependent effects of consent are
summarized by Observation 1.

Observation 1 (Comparison within cohorts). Let Θ = {θ, θ′} and let µ be any non-fully informative
prior. If qθ = qθ′ (consent rates are independent of cohort) then non-consent leads to a higher
estimation error than consent. If qθ < qθ′ (consent rates are cohort-dependent with users in cohort θ
providing consent as a lower rate than users in cohort θ′), then:

a. There exists a (prior-dependent) constant δµ such that for qθ′ − qθ > δµ, the non-consent
group in cohort θ, Nθ

0 , experiences lower estimation errors than the consent group, Nθ
1 .

b. The non-consent group in cohort θ′, Nθ′

0 , experiences higher estimation errors than the
consent group, Nθ′

1 .
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Observation 1 holds for any non-fully informative prior, meaning that there exists at least one cookie
that does not reveal the user’s cohort with certainty – a property that is almost certainly satisfied in
practical (i.e., noisy) recommender systems.

For partially informative priors (each cookie only partially reveals the user’s cohort), the statement of
the above observation can be understood by looking at the agent’s sources of information. Consider
the following signals: i) the cookie value in the event that the user provided consent and, ii) under
heterogeneous consent rates, the consent decision itself. The interplay between these two sources of
information means that, under some priors, the act of a user withholding consent can itself be more
informative than providing consent and revealing their cookie. Fig. 3 illustrates the estimation errors
for different consent rate regimes under symmetric prior µ(θ, ϕ) = µ(θ′, ϕ′) = 0.45.

qθ = 0.2

qθ′ = 0.4
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(a) Case: qθ < qθ′ < 0.5
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qθ′ = 0.7
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(c) Case: 0.5 < qθ < qθ′

Figure 3: Impact of consent versus non-consent on the agent’s cohort estimation error in each cohort
for various consent rate regimes under symmetric prior µ(ϕ, θ) = µ(ϕ′, θ′) = 0.45.

The above figure, specifically Fig. 3(a), illustrates that under a very informative prior, a small
gap in consent rates, (qθ, qθ′) = (0.2, 0.4), yields a consent signal that contains relatively low
informativeness compared to the revealed cookie value, causing consent to yield lower estimation
errors for both cohorts. However, as the absolute consent rates increase in both cohorts, this same
consent rate gap (compare Figs. 3(a) and (c)) yields a consent signal that is sufficiently informative to
yield lower estimation errors for withholding consent for the lower consent rate group.

Generally the larger the gap in consent rates, the more information the consent signal carries for
the user’s cohort. Apart from very informative priors, the consent signal carries sufficiently rich
information to yield lower estimation errors for withholding consent for the lower consent rate
population even for small gaps in the consent rates.

Observation 1 compares the impact of consent decisions within a given cohort under homogeneous
and heterogeneous consent rates. A comparison of the impact of the same consent decision across
users in different cohorts is summarized by the following observation.

Observation 2 (Comparison across cohorts). Let Θ = {θ, θ′} and let µ be any partially informative
prior. If qθ = q′θ, then the consent group experiences the same estimation errors regardless of cohort
(similarly for non-consent). If qθ < qθ′ , then:

a. There exists a (prior-dependent) constant ηµ such that for qθ′ − qθ > ηµ, the non-consent
group in cohort θ′, Nθ′

0 , experiences higher estimation errors than the non-consent group in
cohort θ, Nθ

0 .

b. The consent group in cohort θ′, Nθ′

1 , experiences lower estimation errors than the consent
group in cohort θ, Nθ

1 .

5.2 Amplification effects

The following experiments investigate how the disparities observed in (O.1) and (O.2) are influenced
by the relative consent rates across cohorts. For Θ = {θ, θ′}, define δϑt = L̄ϑ

0 (µt) − L̄ϑ
1 (µt) as

the difference in mean cohort errors between non-consent and consent for users in cohort ϑ ∈ Θ.
Additionally, define γx

t = L̄θ′

x (µt) − L̄θ
x(µt) as the difference in mean cohort errors for consent

decision x.
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In words, the quantities δϑt , ϑ ∈ Θ, represent how much worse the agent’s estimation error is under
non-consent versus consent for users in cohort ϑ. The quantity γ0

t (resp. γ1
t ) represents how much

higher the agent’s estimation error is for a user who withheld (resp. provided) consent if they belonged
to cohort θ′ versus if they belonged to cohort θ. Figs. 4 and 5 illustrate how these quantities differ as
a function of consent rates for a given number of training rounds (τ = 10).
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(a) Cohort θ, δθτ .
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(b) Cohort θ′, δθ
′

τ .

Figure 4: Relative errors for non-consent versus consent as a function of consent rates (qθ, qθ′) for
each cohort and fixed number of training rounds τ = 10.
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(a) Non-consent group, γ0
τ .
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(b) Consent group, γ1
τ .

Figure 5: Relative errors for a given consent decision across cohorts as a function of consent rates
(qθ, qθ′) for fixed number of training rounds τ = 10.

Fig. 4 illustrates that the relative loss in accuracy for non-consent (compared to consent) is greatest
in cohort θ when qθ is minimal and qθ′ is maximal, with the opposite effects observed in cohort
θ′. Fig. 5 illustrates that the users who withhold consent are on average impacted greater by a
given gap in consent rates than users who consent, e.g., compare the magnitude of the values at
(qθ, qθ′) = (0.25, 0.75) for non-consent versus consent.

In summary, the gap in consent rates serves as an amplifier for an individual user’s consent decision.
Users from the higher consent rate cohort who withhold consent experience higher estimation errors
than the same users from the lower consent rate cohort, with the opposite holding for users in the
consent group.
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6 Discussion

Our results demonstrate that even in a simple recommendation model with reasonable modeling
assumptions, the impact of a user’s cookie consent decision is not necessarily straightforward.
Particularly, when consent rates exhibit demographic-dependence, the user’s consent decision itself
acts as a signal, carrying information beyond the information contained in the actual cookie value.
This leads to a demographic-dependent impact of consent, resulting in a user’s privacy-protective
decision (of disagreeing to share their cookie) potentially causing the system to know more about
them than if the user were to intentionally reveal their cookie information.

To draw a comparison with the large body of existing literature in the fairness of recommender
systems, many of the existing papers (see the papers referenced in Section 3) draw attention to the
way in which the system learns similarities among users over the recommendation process as a
primary source of unfairness. Indeed, this is fundamental to how matrix factorization algorithms
(and many more complex recommender systems) operate: users who behave similarly, i.e., how they
respond to the same recommendations, will be deemed as being similar (even falsely so). This will
lead to these users seeing similar recommendations which can, in turn, lead to undesirable outcomes.

However, one of the goals of our paper is to draw attention to the informational effects of consent as
a potential additional source of unfairness. When consent is a conscious decision of the user, and
the rate of a given consent decision differs based on sensitive attributes of the user, e.g., age, then
the system can use the consent decision to learn more about the user’s sensitive attributes. When
embedded within an algorithmic system, platforms may unintentionally profile users based on the
absence of data.

These observations have possible implications in the design of recommender systems. Any infor-
mation that the system can use to draw similarities will be used, most notably how users respond to
recommendations, but also, and the focus of our paper, the inherent likelihood of a user to provide
consent to cookie sharing. These similarities are used to infer to which group a user belongs and
subsequently drive recommendations. The implications for algorithm design is that one must be
mindful of the complexities of information revelation especially as it relates to how the algorithm
will use the revealed information.

New notions of fairness. The design of recommender systems that are more aware of the informa-
tional effects of users’ decisions may require new notions of fairness. It is well-known in the fairness
community that static fairness metrics are insufficient for dynamic settings, and can actually actively
harm the group they intend to protect (28).

In our setting, whether the system possessing heterogeneous accuracy about users results in a fair
or unfair outcome depends on the product being recommended. Given our observations that the
specific impact of a user’s consent decision varies depending on the user’s demographic, it is not
hard to see that such accuracy disparity may lead to unfair situations. For example, consider an ad
recommendation setting where some of the ads may be predatory to older individuals. According
to our model, an older individual’s desire to remain more private by deciding to disagree to cookie
sharing may allow the system to know more about them, simply by virtue that more older individuals
choose to not share their cookies, and subsequently make them a more likely target for such ads.
Consequently, we emphasize the need for development of fairness metrics that ensure consistency of
an individual user’s privacy-protective decision and the amount (or accuracy) of information that the
system knows about that user.

It is worth noting that this informational consistency property is distinct from the literature on
privacy-preserving recommender systems. For instance, differentially-private recommender systems
(31, 29) ensure individual-anonymity, via careful injection of noise, while still enabling extraction of
aggregate-level information used to feed the recommendation algorithm. In contrast, a consistency-
based approach would hypothetically still allow for some individuals to be (more accurately) identified
if they choose to be (e.g., to receive more targeted recommendations) while honoring the privacy of
individuals who chose to not share their information.

Towards industry reform. Our results contribute to the growing sentiment that the digital advertising
space is in need of reform, particularly due to the unintended consequences of “the collection of
personal data, tracking, and massive-scale profiling” (2). As the move away from cookie-based
tracking gains momentum, alternative mechanisms for user profiling are becoming more prevalent.
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In the context of an advertising environment without cookies (often referred to as the cookieless
future), the shift to these alternative data collection methods may lead to informational disparities
across companies. Given that the current advertising ecosystem contains players of vastly different
sizes, ending the use of cookies may give asymmetric power to companies that have already collected
significant amounts of personal data. Indeed, tools that facilitate access to user information that
would otherwise be tracked by cookies are already in use, e.g., websites that allow users to create an
account by using their Google/Microsoft credentials (a practice known as “auto-linking”).

In general, these issues point to the fact that controls and regulations should be based on the
downstream effects of user interactions with the advertising system. In particular, policy must
carefully consider how much information has been extracted from a given user, whether it be from
individual decisions/responses of the user or gleaned from inferred similarities with other users, and
its privacy-compromising effects. To foster transparency, it would be beneficial for the industry to
derive estimates of the monetary value of user information and share them with the public. In general,
the advertising industry can be more transparent, not just about user data but also concerning the
downstream effects on users, since real-world advertising engines are vastly more complex than our
simplified setting and may not lend themselves to simple mathematical modeling.

Limitations. Our findings on the disparate impact of consent should be interpreted with the un-
derstanding that our model necessarily has some limitations. Broadly, our model uses a simplified
definition of cookies in which cookies serves as a proxy for the users’ cohorts. While the reason
for this simplicity is to extract insights that depend directly on the user’s cookie consent decisions,
extending the definition of a cookie to more realistic settings by including user click/behavioral
information would likely generate additional insights. Secondly, to capture the core aspects of recom-
mender systems, our recommendation model is based on foundational recommendation algorithms
(namely online + confidence-weighted matrix factorization). While these algorithms form the basis
for modern recommender systems, it would be worthwhile to see how the insights extend to more
modern algorithms. Lastly, we consider simplified ad and user pools; consideration of additional ad
features and a more realistic dynamic user pool could influence the findings.

7 Concluding remarks and future directions

We’ve investigated the question of how heterogeneous cookie consent rates among users influence
the recommender agent’s ability to learn users’ latent features (e.g., their demographics and tastes).
We’ve empirically discovered, through construction of a simulator, that disparities in the agent’s
estimation accuracy across users emerge when consent rates exhibit demographic-dependence. Our
observations show that seemingly simple informational decisions by users (i.e., whether to share
their cookie) can have complex effects on the agent’s information. Consideration of informational
effects of users’ decisions is crucial in the design of recommender systems. We encourage the
development of new fairness metrics for dynamic settings that enforce consistency between a user’s
privacy decision and the amount of information that the system knows about them.

Future work focuses on studying the downstream effects of our observations via validation in real-
world recommender systems. An additional direction is quantification of the aforementioned fairness
consistency property such that it can be embedded as a constraint in the design of recommender
system algorithms.

Acknowledgments. This research was funded in part by the Horizon Europe project AutoFair (grant
agreement ID: #101070568).
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A Omitted expressions

Derivation of interim belief update. Given user consent decisions, the agent updates the prior µ to
form interim beliefs as follows. For a user i who provided consent (xi = 1), with its revealed cookie
ϕi = φ, the interim belief µ̃i,0 ∈ ∆(Θ) is given elementwise by

µ̃i,0(ϑ) = P(θi = ϑ | xi = 1, ϕi = φ)

=
P(xi = 1 | ϕi = φ, θi = ϑ)P(ϕi = φ, θi = ϑ)

P(xi = 1, ϕi = φ)

=
P (xi = 1 | θi = ϑ)p(ϕi = φ, θi = ϑ)∑
ϑ′ P(xi = 1 | θi = ϑ′)P(ϕi = φ, θi = ϑ′)

=
qϑµ(φ, ϑ)∑
ϑ′ qϑ′µ(φ, ϑ′)

.

Similarly, for a user i who did not provide consent (xi = 0), its cookie is not revealed and thus
interim beliefs are given by

µ̃i,0(ϑ) = P(θi = ϑ | xi = 0)

=
P(xi = 0 | θi = ϑ)P(θi = ϑ)

P(xi = 0)

=
P(xi = 0 | θi = ϑ)

∑
φ P(ϕi = φ, θi = ϑ)∑

ϑ′ P(xi = 0 | θi = ϑ′)
∑

φ′ P(ϕi = φ′, θi = ϑ′)

=
(1− qϑ)

∑
φ µ(φ, ϑ)∑

ϑ′(1− qϑ′)
∑

φ′ µ(φ′, ϑ′)
.

Cohort belief update. Given a set of cohort beliefs across users µ = (µ1, . . . , µn) and a set of
recommendation-response pairs L, the agent forms updated beliefs µ′ = (µ′

1, . . . , µ
′
n) via a Bayesian

update, µ′ = f(µ,L). This update is carried out independently for each user i. Let µi denote the
agent’s current belief on user i’ cohort θi, and denote Li = {(ai, ci,a)} as the pairs that correspond to
user i. The updated belief µ′

i is given by µ′
i = (µ′

i(θ
1), . . . , µ′

i(θ
d)) = fi(µi,Li) where each µ′

i(ϑ)
is given by

µ′
i(ϑ) = P(θi = ϑ | Li)

=

∏
(ai,ci,a)∈Li

P(Ci,a = ci,a | Ai = ai, θi = ϑ)P(θi = ϑ)∑
ϑ′
∏

(ai,ci,a)∈Li
P(Ci,a = ci,a | Ai = ai, θi = ϑ′)P(θi = ϑ′)

=

∏
(ai,ci,a)∈L1

i
p̄i,ai

(ϑ)
∏

(ai,ci,a)∈L0
i
(1− p̄i,ai

(ϑ))µi(ϑ)∑
ϑ′
∏

(ai,ci,a)∈L1
i
p̄i,ai

(ϑ′)
∏

(ai,ci,a)∈L0
i
(1− p̄i,ai

(ϑ′))µi(ϑ′)

where L1
i (resp. L0

i ) are the responses where the user clicked (resp. did not click) on the recommen-
dation and p̄i,a(ϑ) is the expected click probability given ϑ defined as

p̄i,a(ϑ) = Eαi∼LogNormal(ρϑ,σ2
ϑ)
[pi,a(αi)]

where the click probability pi,a from (1) has been written as pi,a(αi) to make the dependence on user
i’s topic affinities explicit.

Confidence weights. The confidence weights w̄i,a,t in (2) are computed as the expected binomial
probability for seeing the current response counts ri,a,t given the agent’s current belief on user i’s
cohort ϑi, i.e., w̄i,a,t = Eϑi∼µi,t [pt(Ii,a,t, ri,a,t, ϑi)]. The binomial probability pt(Ii,a,t, ri,a,t, ϑi) is
defined as

pt(Ii,a,t, ri,a,t, ϑi) =

(
Ii,a,t
ri,a,t

)
p̄i,a(ϑi)

ri,a,t(1− p̄i,a(ϑi))
Ii,a,t−ri,a,t

where Ii,a,t is the current impression count for user-ad pair (i, a), ri,a,t is the current click click for
(i, a), and p̄i,a(ϑi) = Eαi∼LogNormal(ρϑi

,σ2
ϑi

)[pi,a(αi)] is the expected click probability.
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B Recommendation procedure

Algorithm 1: Recommendation procedure.

Input parameters. (n, l,m,Θ,Φ, T , {ρθ, σθ}, u0, {qθ}, µ, k, λ, ε,L0, Tb, T )

Initialize users. For each user i ∈ [n], sample:
• cookie-cohort pairs (ϕi, θi) ∼ µ

• topic affinities αi ∼ LogNormal(ρθi , σ
2
θi
)

• consent decision xi ∼ Bernoulli(qθi)

Form interim beliefs. For each user i ∈ [n]:
if xi = 1 then // user provided consent

µ̃i(ϑ)← qϑµ(ϕi,ϑ)∑
ϑ′ qϑ′µ(ϕi,ϑ′) , ϑ ∈ Θ

else // user withheld consent

µ̃i(ϑ)←
(1−qϑ)

∑
φ µ(φ,ϑ)∑

ϑ′ (1−qϑ′ )
∑

φ′ µ(φ′,ϑ′) , ϑ ∈ Θ

end

Offline responses. Form priors using L0: µi,0 ← f(µ̃i,L0), i ∈ [n]

Online recommendations.
for t = 1, . . . , T do

Define current ad pool At by sampling l items uniformly without replacement from T
if mod (t, Tb) = 0 then // retraining step

Update cohort beliefs: µi,t ← f(µi,t−1,Lt \ Lt−Tb
), i ∈ [n]

Compute weights: w̄i,a,t ← Eϑi∼µi,t [pt(ri,a,t, ϑi)], i ∈ [n]

Update factor estimates:

(ût, v̂t)← argmin(u,v)∈U×V

[∑
(ai,ci,a)∈Lt

w̄i,a,t(u
⊤
i va − ri,a,t)

2+

λ

(∑
i∈[n] ∥ui∥2 +

∑
a∈[m] ∥va∥2

)]
else

Propagate cohort beliefs: µt ← µt−1

Propagate factor estimates: (ût, v̂t)← (ût−1, v̂t−1)
end
Recommend ads: for each i ∈ [n], recommend at ai,t via

ai,t =

{
argmaxa∈At

û⊤
i,tv̂a,t w.p. 1− ε

a ∼ U(At) w.p. ε

Append responses: Lt+1 ← Lt ∪ {ai,t, ca,i,t}
end
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C Simulator and experiments

Our simulator was built upon RecSim (21) (source code at https://github.com/emiehling/
cookie-consent/). The high-level architecture of our simulator is illustrated in Fig. 1 of Section 4.
Additional details (with references to objects in the source code) are provided below.

Advertisement and user samplers. The advertisement sampler object (AdvertisementSampler)
defines the distribution of each ad feature, here assumed to simply be the ad’s topic. Similarly, the
user sampler object (UserStateSampler) defines the distribution of each user feature, described by
the joint cookie-cohort prior, the opt-in distribution, and the statistics of the user’s topic affinities. The
ad sampler and user sampler objects are used to define a gym environment for the recommendation
procedure (via MultiUserEnvironment and RecSimGymEnv). Ads are resampled in each round
whereas users remain fixed for the duration of the episode.

Users and the recommender agent. Each user is described by the class RSUserModel. This class
contains the user’s choice model, i.e., the logit model dictating the binary click decision given the
recommended ad (see the method simulate_response).

Given the collections of ads and users, the recommender agent makes recommendations according to
an ε-greedy bandit (see the pseudocode in Section B).

Retraining consists of first updating the cohort beliefs (via the methods update_cohort_beliefs
and get_click_probabilities, see Appendix A for the expressions), updating weights w̄i,a,t,
and recomputing the matrix factor estimates (via get_estimated_factors, see (2)). Estimation is
carried out via stochastic gradient descent with a learning rate of 0.01, regularization weight of 0.01,
and a stopping threshold on the mean-squared error of εthresh = 0.001. Latent factors are assumed to
be of dimension k = 50.

Experimental setup. Simulations were run in Python 3.8 on an Intel(R) Xeon(R) CPU E5-2667
v2 (3.30GHz). Unless otherwise stated, baseline parameters of the simulation environment were as
follows: n = 1000 users, m = 200 ads, ad candidate size l = 50, batch size Tb = 1, offline response
set L0 = ∅, exploration probability ε = 0.1, and binary cookie and cohort spaces. Simulations were
averaged over 500 runs/episodes.

The experimental setup can be extended in a variety of directions to investigate additional interesting
questions. One direction is to extend the feature description of the ads (beyond topic) to include
features that reflect ad quality and location. This would enable studying how the recommender
system treats minority populations (compared to majority populations). Additionally, augmenting the
simulator with the ability to handle a changing user pool would allow for analysis of the cold start
problem.
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D Sensitivity analyses

Sensitivity analyses on cohort errors were carried out by independently varying the prior µ, batch size
Tb, offline response set L0, and topic affinity means (ρ0, ρ1) with fixed parameters n = 200 users,
m = 200 topics, ad pool size l = 50, latent factor dimension k = 50, and |Θ| = |Φ| = 2. Plots
illustrate error means and standard deviations (red: θ = 0, blue θ = 1, solid: consent group, dashed:
non-consent group) over 50 episodes. Baseline parameters are:

µ =

[
0.4 0.1
0.1 0.4

]
, Tb = 1, L0 = ∅, (ρ0/m, ρ1/m) = (0.3, 0.7)

Prior. The impact of the prior µ was studied in three cases dictated by the degree of informativeness
of the cookie for inferring the cohort.

Partially informative: µ =

[
0.4 0.1
0.1 0.4

]

(q0, q1) = (0.25, 0.25) (q0, q1) = (0.25, 0.5) (q0, q1) = (0.25, 0.75)

Fully informative: µ =

[
0.5 0
0 0.5

]

(q0, q1) = (0.25, 0.25) (q0, q1) = (0.25, 0.5) (q0, q1) = (0.25, 0.75)

Uninformative: µ =

[
0.25 0.25
0.25 0.25

]

(q0, q1) = (0.25, 0.25) (q0, q1) = (0.25, 0.5) (q0, q1) = (0.25, 0.75)
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For a partially informative prior (any µ that does not have identical rows), knowledge of a user’s
cookie partially reveals the user’s cohort. The resulting cohort errors are consistent with Fig. 2 of
Section 5.1. For the fully informative prior, the agent is completely certain of users’ cohorts for
users who opted-in (the agree group), but still possesses uncertainty for users who did not opt-in (the
disagree group). Lastly, for the uninformative prior, revelation of a user’s cookie does not inform the
user’s cohort (as the likelihoods of seeing cookie values are identical across cohorts) and the agent
must infer cohorts solely from differences in response behavior.

Batch size. The batch size, Tb, dictates how many responses to collect from each user before
retraining. Values for the batch size were varied in the range Tb ∈ {1, 2, 10}.
Tb = 1:

(q0, q1) = (0.25, 0.25) (q0, q1) = (0.25, 0.5) (q0, q1) = (0.25, 0.75)

Tb = 2:

(q0, q1) = (0.25, 0.25) (q0, q1) = (0.25, 0.5) (q0, q1) = (0.25, 0.75)

Tb = 10:

(q0, q1) = (0.25, 0.25) (q0, q1) = (0.25, 0.5) (q0, q1) = (0.25, 0.75)

Intuitively, for the same number of observations, cohort estimation errors are the same across various
batch sizes (e.g., updates may be less frequent but they contain more data). However, waiting until a
batch update (Tb > 1) results in more interactions where the users face greater disparate estimation
errors (compared to the Tb = 1 case).
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Size of offline response set. The offline response set, L0, is a set of recommendation-responses
that are available before the online recommendation process. Recommendations in the offline set,
L0, were generated uniformly at random with responses generated by the users’ choice models.
Simulations were run for |L0| = {0, 1, 5}, differing in the number of offline responses assumed
available from each user.

|L0| = 0:

(q0, q1) = (0.25, 0.25) (q0, q1) = (0.25, 0.5) (q0, q1) = (0.25, 0.75)

|L0| = 1:

(q0, q1) = (0.25, 0.25) (q0, q1) = (0.25, 0.5) (q0, q1) = (0.25, 0.75)

|L0| = 5:

(q0, q1) = (0.25, 0.25) (q0, q1) = (0.25, 0.5) (q0, q1) = (0.25, 0.75)

The impact of the offline response set does not appear to have a significant effect on the evolution of
the cohort errors.
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Similarity of topic affinities. The sensitivity to similarity of topic affinities was studied by increasing
similarities of the synthetic affinities via means (normalized by topic count m) (ρ0/m, ρ1/m) ∈
{(0.3, 0.7), (0.4, 0.6), (0.5, 0.5)}.
(ρ0/m, ρ1/m) = (0.3, 0.7):

(q0, q1) = (0.25, 0.25) (q0, q1) = (0.25, 0.5) (q0, q1) = (0.25, 0.75)

(ρ0/m, ρ1/m) = (0.4, 0.6):

(q0, q1) = (0.25, 0.25) (q0, q1) = (0.25, 0.5) (q0, q1) = (0.25, 0.75)

(ρ0/m, ρ1/m) = (0.5, 0.5):

(q0, q1) = (0.25, 0.25) (q0, q1) = (0.25, 0.5) (q0, q1) = (0.25, 0.75)

The agent’s ability to distinguish users based on their responses depends on the similarities of affinities
across users in different cohorts. Intuitively, as the topic affinities across cohorts become more similar,
the agent requires more responses to reach the same level of estimation error (since users from
different cohorts behave more similarity as topic similarity grows). The extreme case of identical
statistics of users’ affinities across cohorts ((ρ0/m, ρ1/m) = (0.5, 0.5)) results in the agent being
unable to resolve any uncertainty over users’ cohorts (since user responses are uninformative for their
cohort).
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