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Abstract
Describing Privacy Enhancing Technologies (PETs) to the general
public is challenging but essential to convey the privacy protec-
tions they provide. Existing research has explored the explanation
of differential privacy in health contexts. Our study adapts well-
performing textual descriptions of local differential privacy from
prior work to a new context and broadens the investigation to
the descriptions of additional PETs. Specifically, we develop user-
centric textual descriptions for popular PETs in ad tracking and
analytics, including local differential privacy, federated learning
with and without local differential privacy, and Google’s Topics. We
examine the applicability of previous findings to these expanded
contexts, and evaluate the PET descriptions with quantitative and
qualitative survey data (n=306). We find that adapting a process-
and implications-focused approach to the ad tracking and analytics
context achieved similar effects in facilitating user understanding
compared to health contexts, and that our descriptions developed
with this process+implications approach for the additional, under-
studied PETs help users understand PETs’ processes. We also find
that incorporating an implications statement into PET descriptions
did not hurt user comprehension but also did not achieve a sig-
nificant positive effect, which contrasts prior findings in health
contexts. We note that the use of technical terms as well as the ma-
chine learning aspect of PETs, even without delving into specifics,
led to confusion for some respondents. Based on our findings, we of-
fer recommendations and insights for crafting effective user-centric
descriptions of privacy-enhancing technologies.

Keywords
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1 Introduction
Various organizations and companies are increasingly incorporat-
ing Privacy Enhancing Technologies (PETs) into their services and
products. In response to increased privacy concerns and regulations,
platforms involved in ad tracking and analytics are moving away
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from third-party cookies, which enabled individual-level track-
ing and targeting [30], towards more privacy-focused approaches
[12, 23]. Apple and Google use local differential privacy (LDP) for
analytics in Safari [21, 68], Chrome [26], and across other services
[3, 13, 33], adding statistical noise to user data on individual devices
before it is transmitted to central servers. Google also employs
federated learning (FL) [40, 56], which trains machine learning
models on decentralized devices to update global models without
centralizing data [40, 49, 50, 56]. FL has expanded to other appli-
cations, including IBM’s data analytics services [42]. FL is often
paired with LDP (FL+LDP) to enhance privacy in model training,
such as in Google’s Smart Text Selection and Apple’s Siri personal-
ization [32, 38]. This method incorporates noise into shared models
to protect user data [70]. Google has launched Topics (GT) as part
of its Privacy Sandbox initiative [31, 59], replacing the preceding
federated learning of cohorts (FLoC) [57]. Unlike FLoC, which was
criticized for reducing browsing activities into behavioral labels
and potentially enabling predatory ad targeting [5, 7, 12, 19], GT
analyzes browsing data directly on the device to identify interests.
This allows advertisers to target ads based on a subset of these inter-
ests without tracking individuals across websites [59]. However, GT
also faces criticism for not providing users sufficient control over
how their browsing history-derived information is shared [15].

Given the potential impact of PETs on user privacy regarding
online ads and analytics, providing intuitive descriptions of the em-
ployed PETs that effectively explain to users how the PET increases
privacy protections and its limitations is crucial for fostering users’
informed decision-making. Prior research primarily conducted in
health settings shows that users’ understanding of PET descriptions
significantly affects their willingness to share data [8, 18, 34, 53, 55].
Studies have focused predominantly on effective communication
methods for differential privacy (DP) and LDP within the health
domain [28, 45, 51, 72, 73]. While PETs can be presented through
various formats like images and interactive tools, textual descrip-
tions are most commonly used by PET vendors, implementers (e.g.,
see Table 5 in Appendix A.3), and in privacy policy documents. A
promising approach for textually describing PETs, developed by
Xiong et al. [72], combines an explanation of how a PET works on
a process level, such as random modification of data, with a state-
ment on its privacy implications, such as reducing the risk from
server-side data breaches. This method focuses on conveying the
PET’s core process in a textual description, rather than delving into
technical details, for instance omitting the 𝜖 parameter in a descrip-
tion of LDP, to avoid confusion [72]. Both Xiong et al. [72] and
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Kühtreiber et al.’s replication study [47] found that including a pri-
vacy implications statement in DP and LDP descriptions for health
apps significantly enhances users’ objective comprehension and
willingness to share data. Similarly, Smart et al. [63] found a posi-
tive effect, although insignificant, of an explanation that includes
privacy parameter’s implications for DP on user comprehension.

However, due to the context-dependent nature of privacy and in-
formation sensitivity [1], it is unclear if these findings in the health
domain apply to other domains, such as ad tracking and analytics.
For instance, social media users often face heightened privacy risks
due to the platform’s default privacy settings, prevailing norms
around self-disclosure, and frequent exposure to third-party ads
[24, 46]. They may perceive behavioral data used for advertising in
a different light compared to health data. Furthermore, while pre-
vious studies have focused on user-centric descriptions of DP/LDP,
how to effectively describe other PETs, such as federated learning
combined with local differential privacy or Google Topics, has not
yet been studied despite their growing use.

Our research investigates the effectiveness of a PET description
approach that emphasizes processes and includes a privacy implica-
tions statement, which has been shown to be effective for fostering
understanding of DP/LDP used in health apps, in a different context
(ad tracking and analytics) and for PETs beyond DP/LDP. The goal
here is to ascertain the extent to which this process+implications
approach generalizes to PETs used in other contexts. We adapted
and refined Xiong et al.’s [72] LDP description to the ad tracking
and analytics context and also developed similar descriptions for
a new set of PETs: FL, FL+LDP, and GT. We conducted an online
survey experiment with 306 U.S. adults to assess their understand-
ing of these PET descriptions, both with and without a privacy
implications statement.

Summary of contributions. We find that:

• The LDP descriptions we developed for ad tracking and ana-
lytics yielded user comprehension levels similar to those seen
with existing health context descriptions. This demonstrates that
the process+implications approach to PET descriptions can be
successfully adopted in other domains.

• The process- and implications-focused approach is also adapt-
able to other PETs (FL, FL+LDP, and GT) in the ad tracking and
analytics context.

• In contrast to prior findings in the health context, adding an
implications statement to LDP and other PET descriptions (FL,
FL+LDP, and GT) only marginally improved understanding in
our study, but also did not negatively affect user comprehension
or confidence.

• Our qualitative analysis provides insights about aspects in textual
descriptions that fostered understanding or led to confusion.
For instance, participants understood user data shared with the
platform is modified or not shared due to the use of LDP and
FL, respectively. Yet, terms such as “adding noise” or “machine
learning” still elicited confusion, despite our efforts to reduce
and avoid jargon.

Our findings validate the utility of emphasizing process in describ-
ing PETs, but also highlight the complexities of describing PETs.
Based on our findings, we provide recommendations for crafting
effective user-centric PET descriptions.

2 Related Work
We discuss existing literature on strategies to communicate Privacy-
Enhancing Technologies (PETs) in a way that is accessible and
relatable to non-experts. This includes exploring the content of
what needs to be explained (e.g., PET processes, privacy impli-
cations) and determining the effective formats for such explana-
tions (e.g., texts, visualizations, interactive interfaces). Our work
addresses challenges in explaining PETs by focusing on process-
and implication-focused textual descriptions.

2.1 Challenges in Explaining PETs
PETs encompass a range of technical measures explicitly designed
to safeguard diverse privacy aspects of user identities and behaviors
[27, 41]. These measures range from data minimization, encryp-
tion, and network traffic anonymization methods, to transparency-
enhancing tools, and identity management solutions [43]. As pri-
vacy is a many-faceted concept, each PET addresses distinct aspects
of information privacy and thus may find application in different
settings [41, 72] (see [43] for a taxonomy of PETs).

However, misconceptions prevail among laypersons, who often
perceive PETs as supplementary features of existing technologies
or abstract, on-demand services that require technical training
[16, 25, 29]. Such misconceptions are shaped by many cognitive, af-
fective, and socio-contextual factors [66]. Consistent with the gener-
ally low technological literacy among the public [17], there is a wide-
spread misunderstanding of common technical terms in the privacy
domain, such as “local storage” or “Do Not Track” [67]. Many users
regard privacy protection as a secondary concern when using in-
formation and communication technologies [39]. A subset of users
perceives the use of PETs as “extreme” due to the belief that they
have “nothing to hide” or consider it socially undesirable as it might
mistakenly imply engagement in illicit activities [16, 39]. Some
users further question the ethics of using PETs, equating techniques
like data obfuscation with “lying” [8]. These misunderstandings
demonstrate the complexity of privacy concerns, requiring diverse
solutions that address behavioral variables like limited attention,
self-efficacy, social norms, and the salience of privacy cues [2, 20].

One crucial challenge to tackle is effectively communicating the
nature and function of PETs to end users to help them develop
an accurate understanding of the privacy guarantees or risks they
are subject to. Promoting accurate comprehension of the techni-
cal aspects of PETs is one of the prerequisites for users to gain
privacy literacy [69]. When it comes to communicating technical
aspects, striking a balance between simplifying technical complex-
ity to make the information relevant, actionable, and understandable
[60] and maintaining fidelity is a tricky yet indispensable task
[62, 71, 72]. This balance is pivotal in facilitating well-informed
choice of and trust in technologies, allowing individuals to fully
leverage their benefits while understanding the limitations and
pitfalls [16, 17, 61, 71]. Research in explainable machine learning
highlights two key decisions for crafting descriptions that guarantee
both accuracy and comprehensibility: determining what to explain
(i.e., content) and how to explain it (i.e., delivery format) [22, 64].
Our study addresses the challenge of effectively communicating
PETs by exploring what to explain to users.
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2.2 What to Explain: Process and Implications
Existing literature cautions against the oversimplification of system
logic. Such simplification risks depriving individuals, particularly
non-experts, of the chance to develop accurate and sophisticated
mental models [22]. End users are notably interested in under-
standing the data protection processes in PETs [16, 47]. To balance
the need for more information and potential information overload,
some studies recommend having users pinpoint specific confusing
vocabularies in the given text and then providing clarifications for
those terms [54, 67].

Meanwhile, several studies underscore the importance of incor-
porating privacy implications into PET descriptions to enhance com-
prehension, especially for those without a technical background [47,
62, 72]. Descriptions that focus solely on definitions and data pro-
cessing techniques can be challenging for this audience. Xiong et
al. [72] conducted online experiments comparing participants’ data
sharing intentions, subjective understanding (i.e., how easy they
perceive it to understand), and objective understanding (i.e., cor-
rect responses to comprehension check questions) when presented
with different descriptions of differential privacy (DP) and local
differential privacy (LDP). They assessed four types of descriptions:
1) baseline definitions as the control; 2) descriptions emphasizing
LDP’s data perturbation process; 3) descriptions naming widely-
known companies like Google and Apple that use these PETs; and
4) descriptions that include privacy implications. Their findings
suggest that descriptions with privacy implications improve correct
understanding and encourage data sharing under LDP, which is
considered safer than DP [72]. Kühtreiber et al. [47] replicated these
findings with a German sample, a demographic typically regarded
as more privacy-conscious, confirming that incorporating impli-
cations statements enhances willingness to share data. Similarly,
Smart et al. [63] found that outcome-focused explanations, which
offer higher transparency about privacy implications, marginally
outperformed explanations that only focused on the process of how
DP/LDP works in enhancing user comprehension.

These foundational studies primarily focused on describing DP
and LDP within the context of data sharing decisions for medi-
cal or health-related apps [e.g., 18, 62, 72]. Explainability research
highlights that the context of use heavily influences how users
assess explanations, particularly concerning their perceived truth-
fulness and completeness, such as the level of detail and general-
izability [22, 64]. Furthermore, users weigh the sensitivity of the
information (e.g., medical records vs. exercise self-reports) and the
trustworthiness of companies handling the data when interpreting
descriptions [72]. Given the context-specific nature of privacy, our
study extends the application of process- and implications-focused
PET descriptions to a novel context—personalized advertising and
analytics—and to other prevalent PETs (FL, FL+LDP, GT) for which
textual descriptions have not been studied yet.

2.3 How to Explain: Text Vs. Multimodal
Explanations can be presented through various modalities and
styles, such as numerical summaries, textual technical descriptions,
argumentation, metaphors, icons with labels, diagrams, interactive
interfaces, or a combination thereof [37, 62, 64]. For DP in partic-
ular, visual illustrations, interactive visualization tools, along with

the effects of different 𝜖 parameters, have been a popular area of
study (e.g., [35, 44, 45, 52, 53, 73]). In the privacy field, Habib et al.
[37] tested different combinations of icons and textual descriptions
that communicate privacy choices to users, and found that icons
alone might not sufficiently convey complex privacy concepts or
data flows. Their results affirmed that icons evoking simpler con-
cepts, such as choices, can be beneficial but not sufficient for user
comprehension.

The chosen method of presentation significantly influences user
attention and understanding due to the varying cognitive efforts re-
quired. Explainability research suggests that while visual elements
can be mentally processed more quickly, plain textual descriptions
might provide equally effective communication [22], especially for
abstract or unfamiliar concepts. While various formats, including
images and interactive tools, have been proposed to present and
explain PETs, there is no consensus on the most effective medium
or method for such presentations. Currently, textual descriptions
remain the most common approach used by PET vendors, imple-
menters (e.g., see Table 5 in Appendix A.3), and in privacy policy
documents. Our study focuses on investigating and developing
textual descriptions to enhance user comprehension of PETs.

3 Methods
Our study investigates the effectiveness of a textual PET description
approach that combines a process-focused explanation of how a
PET functions with a statement of its privacy implications [47, 72].
We adopted the process- and implications-focused approach for
LDP from prior work’s health settings to a new context—ad track-
ing and analytics. We further applied it to craft new descriptions
for other PETs relevant to ad tracking and analytics, namely for
federated learning (FL), federated learning with LDP (FL+LDP), and
Google’s Topics (GT). We then evaluated user comprehension of
these descriptions and compared the effects of process-only versus
process+implications descriptions. We asked:
RQ1: How does user comprehension differ between our refined

LDP description and the minimally modified description
from Xiong et al. for the ad tracking and analytics context?

RQ2: How does including an implications statement, found effec-
tive in Xiong et al.’s health context [72], affect user compre-
hension of the LDP description for ad tracking and analytics?

RQ3: How does including an implications statement affect user
comprehension of the descriptions of FL, FL+LDP, and GT
for ad tracking and analytics?

RQ4: What aspects of the text describing PETs for ad tracking and
analytics do users comprehend accurately and inaccurately?

In this section, we begin by outlining the development of the PET
descriptions employed in our study. Following this, we detail the re-
cruitment and procedure of our survey experiment, along with our
quantitative and qualitative measures and analyses. Following an
overview of participant demographics and our approaches to ensur-
ing data quality, we then discuss the limitations of our methodology.

3.1 Development of PET Descriptions
We developed process-focused textual descriptions for different
PETs (LDP, FL both with and without LDP, and GT) in the context
of ad tracking and analytics, aiming to make them understandable
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to users without a technical background. The descriptions for LDP
were adapted from Xiong et al. [72]. For FL, FL+LDP, and GT, which
lack established descriptions, we drafted descriptions based on in-
dustry documents (see Table 5 for examples) and academic research.
In order to test the effect of including implementation statements,
which were shown to be effective in prior work in the health con-
text [47, 72], we created two versions of each PET description: one
describing the PET’s data processing approach, and another combin-
ing this with a privacy implications statement (“impl”). We refined
our descriptions through think-aloud interviews (𝑛=5) and multiple
rounds of pilot testing with Prolific participants (𝑛=21 in total), all
conducted with informed consent. We also incorporated feedback
from an industry privacy engineer. Table 1 shows the 10 finalized
descriptions evaluated in our survey, including a control description
we developed that neither explains how privacy is protected nor
contains an implications statement. Below, we describe the specific
adaptations and modifications we made to Xiong et al.’s LDP de-
scription, along with our development process for the descriptions
of FL, FL+LDP, and GT. Figure 3 in Appendix A.1 presents a flow
figure illustrating the steps we took to develop these descriptions.

3.1.1 Local differential privacy descriptions. LDPmodifies user data
directly on the user’s device by adding statistical noise before trans-
mitting it to a centralized system [21]. This system can then infer
statistics and behavioral patterns from the aggregated data. This
approach protects user privacy by making user data differentially
private before its distribution [21]. We formulated and assessed
three descriptions for LDP: 1) a modified version of Xiong et al.’s
most effective process+impl description [72] tailored for ad tracking
and analytics (LDP-Xiong), 2) our process-only description (LDP),
and 3) our description with an added sentence about privacy im-
plications (LDP-impl).

LDP-Xiong. We replaced terms from Xiong et al.’s original text,
such as “the app” and “the cellphone,” with terms more relevant
to the ad tracking and analytics context, like “the company.” The
references to “data” were specified as “behavioral data (e.g., your
interaction with the platform and with other apps/websites).” (We
consistently refer to data in this way in all descriptions.) We were
interested in user understanding of PETs based on the provided
descriptions rather than their pre-existing conceptions. Therefore,
in our study, PETs are described without their names. The refer-
ence to “local differential privacy” in Xiong et al.’s [72] original
LDP description was modified to “additional privacy technique.”
We highlight the modifications in italicized text of LDP-Xiong in
Table 4 in Appendix A.2.

LDP. Our LDP description expanded on LDP-Xiong in several
aspects. First, while LDP-Xiong focuses on the data sharing aspect
of LDP, our version explicitly outlined its data modification process:
1) how user data is randomly modified with the addition of noise
before sharing with the platform, and 2) how the sharing includes a
randomly selected subset of this altered data (i.e., “...some of your ac-
tual data is used whereas some of it is random and not representative
of your behavior” ). The extent to which the organization has access
to and can infer behavioral patterns is also specified: “Your exact
behavioral data is never sent to the organization,” and “The organiza-
tion can still infer patterns from the noisy data across a large number

of users.” This refinement of our LDP description from Xiong et
al.’s [72] was informed by think-aloud interviews (𝑛=5).

LDP-impl. The implications statement for our LDP description
was adapted from Xiong et al.’s [72] to describe potential conse-
quences of a security breach: “the organization still learns [...] but
not your exact behavior, which protects your privacy against the orga-
nization’s employees or if the organization’s database is compromised.”
This implications statement is also used in the “impl” descriptions
of other PETs with minor modifications for consistency. To main-
tain accessibility and relevance, we deliberately avoided intricate
technical details (e.g., the significance of the privacy loss parameter
𝜖 [51]), and even the name “local differential privacy.”

3.1.2 Federated learning descriptions. FL trains local machine learn-
ing models on users’ devices using their data, then aggregates the
parameters of these local models to create a global model for a
group of users [49]. This method enhances privacy by keeping user
data on the device; however, incorporating LDP into the process
can significantly improve privacy. Thus, we developed federated
learning descriptions with (FL+LDP) and without LDP (FL) to assess
whether that nuanced difference becomes clear in our descriptions.

FL. Taking the same approach used for developing LDP descrip-
tions, we drafted FL descriptions based on industry sources, notably
Google’s initial announcement of FL [49] and IBM’s blog post [6].
These drafts were then refined through think-aloud interviews. For
example, a participant was confused by the use of “pattern” in the
initial phrase “machine learning on the user’s device to identify pat-
terns.” To improve clarity, we substituted it with “inferred interests.”
Our descriptions highlighted the use and sharing of machine learn-
ing models instead of raw behavioral data to deduce user interests.
We also clarified the process of merging machine learning models
to infer collective behavioral patterns.

FL+LDP. FL+LDP operates by training local machine learning
models on user devices with their data (the FL part) and by incor-
porating statistical noise into these models’ parameters (the LDP
part) [4]. This process occurs before the parameters are aggregated
to create a global model, ensuring that individual contributions are
effectively masked. In developing our descriptions, we referenced
Meta’s research report [4] and Wei et al.’s work [70] to simplify
technical details. Our focus was on emphasizing the role of ma-
chine learning models in inferring user interests, data modification
through noise addition, and the fact that users’ actual behavioral
data is not shared with the platform.

FL-impl & FL+LDP-impl. The implications statements for both
followed the LDP version with minor modifications to account for
differing privacy features, e.g., the organization learning “your in-
terests” (FL) versus “aggregated interests across its users” (FL+LDP).

3.1.3 Google Topics descriptions. GT is a PET developed by Google
for improving privacy in ad tracking/targeting [31, 59]. GT analyzes
users’ recent activities within a given timeframe to identify their
interests, termed as “topics.” It then randomly selects one of the top
five identified topics for sharing with the platform [31, 58]. There is
a chance that the shared topic is not directly derived from user ac-
tivities but is randomly selected from a predefined list of advertising
topics. This approach enhances privacy by sharing inferred topics
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Table 1: PET descriptions tested in the survey experiment. Shown are the combined process+implications descriptions. Here,
the implications statements are in bold text in square brackets for clarity but were not bolded in the actual survey shown to
participants. For process-only conditions, the implications statements were left out.

Condition Description

Control To protect your information, the organization stores all of your behavioral data for targeting ads (e.g., your interaction with the platform and with other
apps/websites) securely on their servers.

LDP-Xiong To respect your personal information privacy and ensure the best user experience, the behavioral data (e.g., your interaction with the platform and with other
apps/websites) shared with the company will be processed via an additional privacy technique. That is, your behavioral data will be randomly modified before it
is sent to the company. Since the company stores only the modified version of your personal information, your privacy is protected even if the company’s
database is compromised.

LDP[-impl] To protect your information, the organization adds noise to your behavioral data (e.g., your interaction with the platform and with other apps/websites) before
being sent to the organization for targeting ads. This means that your data is randomly modified, so that some of your actual data is used whereas some
of it is random and not representative of your behavior. Your exact behavioral data is never sent to the organization, instead a subset of your noisy data is
randomly selected and sent. The organization can still infer patterns from the noisy data across a large number of users. [This way, the organization still
learns aggregated interests across users but not your exact behavior, which protects your privacy against the organization’s employees or if the
organization’s database is compromised.]

FL[-impl] To protect your information, the organization uses machine learning on your device to infer interests from your behavioral data (e.g., your interaction with
the platform and with other apps/websites) for targeting ads. Your exact behavioral data is never sent to the organization and only a machine learning model
representing your inferred interests will be sent. Then, to infer patterns across a large number of users, your model is merged with other users’ models. [This
way, the organization still learns your interests but not your exact behavior, which protects your privacy against the organization’s employees or
if the organization’s database is compromised. ]

FL+LDP[-impl] To protect your information, the organization uses machine learning on your device to infer interests from your behavioral data (e.g., your interaction with
the platform and with other apps/websites) for targeting ads. Noise will be added to your behavioral data so that it is randomly modified before being used
for training a machine learning model representing your inferred interests. This means that, for training the model, some of your actual data is used whereas
some of it is random and not representative of your behavior. Your exact behavioral data is never sent to the organization and only the model representing
your inferred interests will be sent. Then, to infer patterns across a large number of users, your model is merged with other users’ models. [This way, the
organization still learns aggregated interests across its users but not your exact behavior, which protects your privacy against the organization’s
employees or if the organization’s database is compromised.]

GT[-impl] To protect your information, the organization uses machine learning on your device to infer interests from your behavioral data (e.g., your interaction with the
platform and with other apps/websites) for targeting ads. This means that the technology records inferred topics you may be interested in from your behavioral
data only on your device. Your exact behavioral data is never sent to the organization, instead from your top topics of the last week, a small number are randomly
selected and sent; there is also a small chance a random topic will be selected instead of one of yours. [This way, the organization still learns some of
your interests but not your exact behavior, which protects your privacy against the organization’s employees or if the organization’s database is
compromised.]

rather than actual user data, and by incorporating a random topic
selection process that avoids solely sharing specific user interests.

GT. Given that GT has been developed and implemented by
Google, our primary source of descriptions was Google’s documents
[31, 58]. We aimed to match the level of technical detail included in
our other PET descriptions. Our descriptions highlighted the use
of a machine learning model on the device to infer user interests,
and the sharing of random and possibly modified subsets of these
inferred interests with websites the user visits.

GT-impl. The implications statement sits between those of LDP
and FL in that we highlighted that “some” of your interests are
learned by the organization.

3.2 Online Survey Experiment
To evaluate the comprehensibility of our PET descriptions and test
the effectiveness of the process-plus-implications approach in the
ad tracking and analytics context, we conducted an online survey
experiment usingQualtrics.We gathered both quantitative and qual-
itative data to assess participants’ reactions to these descriptions.
This study received an exemption from our university’s Institu-
tional Review Board. We pilot-tested the survey instrument along
with our PET descriptions with Prolific participants (𝑛=21 in total),
all conducted with informed consent, as mentioned in Section 3.1.

3.2.1 Participant recruitment. A total of 357 participants were re-
cruited through Prolific for the main study, which was advertised as
an investigation into user perceptions of a social media platform to
minimize self-selection bias. All participants were English-speaking
U.S. adults, aged 18 years or older. No additional eligibility criteria
were applied. Participants were compensated USD $4.25 for their
time. The median survey completion time was 10.75 minutes. Due
to exceptionally short completion time, low-effort answers to open-
ended questions, and instances of time-out, 51 responses were ex-
cluded from the analysis. Consequently, we analyzed 306 responses.

3.2.2 Procedure. After providing consent, participants were ran-
domly assigned to one of ten experimental conditions, each featur-
ing a PET description as the stimulus. These conditions included a
control group, LDP-Xiong, and descriptions both with and without
“impl” (implications statement) for LDP, FL both with and without
LDP, and GT (see Table 1). Our survey procedure was inspired by
and adapted from that used by Smart et al. [62]. In each condition,
participants were presented with a scenario involving a fictitious so-
cial media platform that generates revenue through advertising and
uses a specific PET for user data protection, i.e., the PET description.
Participants first answered a Likert-scale question assessing their
confidence in deciding to use the described platform. They then
explained in their own words how the platform safeguards their
data. This was followed by five true/false questions testing their
comprehension of the respective PET. Participants were also asked
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to articulate their understanding of specific concepts in the PET
description, rate their subjective comprehension on a Likert scale,
and identify any confusing parts of the description. At the end of
the survey, participants answered a series of demographic ques-
tions, along with an additional question regarding whether they
have an educational background or employment in computer sci-
ence/engineering or information technology. The complete survey
instrument is provided in Appendix B.

3.2.3 Quantitative measures and analyses. We conducted statistical
tests to compare pairs of experimental conditions for each PET,
quantitatively measuring the effect of the implications statement
in PET descriptions. We used non-parametric Mann–Whitney tests
for our non-normally distributed data.

Confidence in platform use. Participants rated their confi-
dence in deciding to use the fictional platform on a 5-point scale
(1=Not at all confident, 5=Very confident). This metric helps gauge
the potential influence of PET understanding, among other factors,
on the decision to adopt the platform.

Objective comprehension score. Participants responded to
five comprehension questions adapted from Smart et al. [62] for
the social media context, with options including “true,” “false,” and
“don’t know:” (Q1) “An employee working for the platform, such as a
data analyst, could be able to see my exact behavioral data.” (Q2) “A
criminal or foreign government that hacks the platform could learn
my behavioral data.” (Q3) “A law enforcement organization could
access my behavioral data with a court order requesting this data from
the company.” (Q4) “Graphs or informational charts created using
information given to the platform could reveal my behavioral data.”
(Q5) “Data that the platform shares with its partner organizations
could reveal my behavioral data.” The correct answer to all questions
is “False” across conditions, except for the control condition. Scores
from questions were aggregated to form a total score ranging from
0 to 5 that objectively quantifies participants’ understanding of
privacy technologies in general. Further, we analyzed individual
questions’ correctness rates as a crude measure of PET descriptions’
comprehensibility. Differences in correctness rates between con-
ditions with and without “impl” for each PET and question were
assessed using 𝑧 tests.

Subjective comprehension. Participants rated their subjec-
tive confidence in understanding the given PET description using
a 5-point scale (1=Not at all confident, 5=Very confident). Along-
side open-ended interpretation responses, this metric helps identify
instances of misplaced confidence. Participants who rated their con-
fidence below the “confident” threshold were prompted to specify
which words or sentences were hard to understand (see Confusing
phrasing within PET descriptions in Section 3.2.4).

Prior PET familiarity. This was measured as a control variable.
Responses to the question, “Have you ever heard of the following
technologies? (select all the apply),” were analyzed in two ways: by
the count of technologies selected and the distribution of these
selections. To determine if the average number of selections var-
ied significantly across conditions, we conducted a Kruskal-Wallis
test. Due to the lack of viable statistical tests for comparing dis-
tributions in check-all-that-apply responses, we visually assessed
if specific PETs were selected more frequently by participants in
related conditions using a proportion bar plot.

PET identification. Since the PET descriptions were provided
without mentioning their names, participants were asked to identify
the type of PET described. Correct identifications were scored as 1,
and incorrect ones as 0. For the FL+LDP condition, selecting either
FL or LDP was considered correct; for the GT condition, choosing
either Topics or FLoC was considered correct. We also included a
decoy option, “deliquescent security,” which doesn’t exist.

3.2.4 Qualitative measures and analyses. Participants provided four
types of qualitative responses throughout the survey, as detailed
below. Each type was analyzed separately. The first author singled-
coded all responses using inductive coding methods[48]. The de-
tailed codebooks are available in Appendix C.

Perceived protection of user data. Participants were asked
to describe, in at least two sentences and in their own words, how
they believe the fictional social media platform protects user data.
We first analyzed responses from each experimental condition sep-
arately to understand the effect of including an implications state-
ment in PET descriptions on users’ perceptions. Comparisons be-
tween responses from conditions with and without “impl” for each
PET showed no significant variation. Therefore, we developed spe-
cific codebooks for the responses corresponding to each PET.

Interpretation of behavioral data. Participants were asked to
articulate their interpretation of “behavioral data” in the given PET
description. These responses were expected to uncover perceived
privacy risks associated with this type of data, offering insights
for comparison with health data privacy concerns discussed in
existing literature. They also helped contextualize participants’
understanding of PETs. Responses from each PET’s conditions were
first analyzed separately. Given the lack of variation in responses,
a comprehensive codebook was developed by analyzing responses
across all conditions.

Confusing phrasing within PET descriptions. Participants
rating subjective comprehension below “confident” were asked to
pinpoint confusing words or phrases in the description. We con-
sidered responses above this confidence threshold to indicate a
comfortable understanding of our PET descriptions, and focused
on responses below this threshold to identify confusing aspects of
the PET descriptions. These responses were coded by condition.

Interpretation of PET description segments. Participants
were asked to explain their interpretations of specific segments from
the PET description provided, with questions tailored to each exper-
imental condition (see Table 6 for the exact questions asked per con-
dition). Participants in the LDP and FL+LDP conditions were asked
two questions targeting different aspects of the descriptions to en-
sure comprehensive coverage of response content, addressing defi-
ciencies identified in pilot tests.We labeled responses by correctness
to determine accurate and inaccurate understandings of PETs. This
involved a two-stage labeling process: we first did coarse coding,
and then refined the codes to categorize the responses as either ac-
curate or inaccurate. Responses were coded separately for each PET.

Due to the varying nature of PETs, it is difficult to compare across
PETs. Our RQ2 and RQ3 thus center on comparing the effects of
descriptions with and without an implications statement for each
PET on user comprehension, and RQ4 centers on users’ mental
models of each PET. The qualitative answers in our survey offer
insights for indirectly comparing user perceptions of various PETs.
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Table 2: Demographic statistics of survey respondents (𝑛=306). Cen-
sus statistics are exported from or computed based on American
Community Survey five-year estimates [9–11].

Category Sample (%) Census %

Age

18 – 24 years 46 (14.9%) 13.3%
25 – 34 years 104 (33.8%) 13.7%
35 – 44 years 81 (26.3%) 12.9%
45 – 54 years 24 (7.8%) 12.4%
55 – 64 years 22 (7.2%) 12.9%
65 years and over 29 (9.4%) 16.5%

Gender Woman 143 (46.6 %) 51.1%
Man 154 (50.3%) 48.9%
Non-binary 5 (1.6%) N/A
Prefer not to answer 4 (1.3%) N/A

Race Asian, Indigenous Peoples 21 (6.8%) 6.0%
Black or African American 24 (7.8%) 12.5%
Hispanic, Latino, or Spanish 15 (5.2%) 18.7 %
White 230 (75.2%) 65.9%
Two or more races 7 (2.3%) 8.8%
Prefer not to answer 8 (2.4%) N/A

Education Advanced degree 47 (15.3 %) 12.4%
Associate’s degree 26 (8.5%) 7.7%
Bachelor’s degree 120 (39.2%) 19.0%
High school graduate 37 (12.0%) 27.2%
Some college but no degree 72 (23.5%) 13.8%
Prefer not to answer 4 (1.3%) N/A

Tech background Yes 53 (17.3 %) N/A
No 242 (79.1%) N/A
Prefer not to answer 12 (3.6%) N/A

3.3 Participant Demographics
Table 2 shows our participants’ demographics (𝑛 = 306). Our sample
encompassed a broad age range, with a median of 35, was predomi-
nantly white, and about half were women (51%). Participants also
had marginally higher education levels compared to general census
data. Participants were randomly assigned to experimental con-
ditions to control for potential confounding variables. Analysis
confirmed no significant irregularities in the distribution across
conditions based on age, gender, race, and education level. Most did
not have a technological background, with 6% to 30% of participants
across conditions having tech-related expertise, peaking at 30% in
the FL+LDP condition. However, no significant effect was found
from varying tech backgrounds on the outcomes.

Additionally, we analyzed the following measures—prior PET
familiarity and PET identification—to examine if significant dif-
ferences in the pre-conception of PETs exist between participants
across experimental conditions:

Prior familiarity with PETs among our participants was generally
low, with only about 5% recognizing the PET names. GT was an
outlier, with awareness spiking to 25%, whereas no participants
recognized FLoC despite its relevance to GT. This discrepancy likely
results from people being familiar with the term “topics” in the name
but not necessarily recognizing it as a specific privacy technology.
LDP achieved the highest familiarity, possibly benefiting from the
explicit inclusion of the term “privacy” in its name.

In identifying the PET described, LDP-related conditions showed
the highest correctness rates (53.3% for LDP-Xiong; 40.0% for LDP;
48.3% for LDP-impl), with FL+LDP at 55.7%. Lower correctness
rates were noted for FL (12.9%) and GT (11%). The higher recogni-
tion of LDP may be due to its longer history and public exposure

through notable applications such as the U.S. Census and Apple’s
privacy initiatives. These observations highlight the influence of
pre-existing public knowledge and question design on responses
in survey-based privacy technology research.

3.3.1 Data quality. To ensure the quality of participants’ responses,
we triangulated their quantitative answers from (1) the Likert-scale
question assessing their self-reported confidence in PET compre-
hension, and (2) the true/false question measuring their objective
comprehension of PETs, and their qualitative responses to (3) the
open-ended question where they interpreted specific segments of
PET descriptions in their ownwords. We filtered out timed-out, low-
effort, and exceptionally fast survey responses and analyzed a total
of 306 responses. Among those, we found no instances of incoher-
ence, such as high subjective confidence paired with low objective
comprehension scores and low-quality or self-contradictory quali-
tative responses. Additionally, there were no significant variations
in coherence levels across experimental conditions.

3.4 Limitations
We acknowledge several limitations in our study. First, our survey
did not account for factors besides PET descriptions that might influ-
ence users’ perception of PETs, such as risk preference and percep-
tion, trust, and mental models of ad tracking and analytics services.
We noticed that a few participants expressed skepticism toward
ad services in their open-ended responses, which could skew their
perception of the provided PET descriptions. These unaddressed
factors may be valuable for future research to further explore the re-
lationships between PET descriptions and user perceptions of PETs.

Another limitation is the potential discrepancy between users’
perceptions of PETs in real-world settings versus their responses
to PET descriptions in a survey setting. However, the controlled
nature of our survey experiment, with its varied and paired textual
descriptions across different conditions, supports the internal valid-
ity of our findings. Moreover, the structured survey environment
facilitates participants’ attentive engagement with PET descrip-
tions. Lastly, our survey’s geographical scope was limited to the
U.S., which may restrict the generalizability of our findings across
different cultural and regulatory contexts concerning privacy.

4 Results
Section 4.1 addresses RQ1 by evaluating the effectiveness of LDP
descriptions adapted and developed for the ad tracking and ana-
lytics context. Sections 4.2 to 4.4 examine the impact of including
implications statements into the descriptions for LDP, FL, and GT,
respectively, covering RQ2 and RQ3. Finally, Sections 4.5 to 4.7
discuss participants’ accurate and inaccurate understandings of the
descriptions for LDP, FL, and GT, respectively, in response to RQ4.
Table 3 summarizes our main findings.

4.1 Process- and implications-focused LDP
description works well in the ad tracking
and analytics context (RQ1)

Overall, our LDP-impl description, which includes both the process
and implications, and LDP-Xiong—an adapted version of Xiong et
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Figure 1: Grouped boxplots comparing confidence in platform use
(Plat.), objective comprehension (Obj.), and subjective comprehen-
sion (Subj.) across condition pairs in RQs 1–3. Mann-Whitney test
results for RQs 1–3 are summarized in Table 7 in Appendix D. Apart
from the confidence in platform use comparison in RQ1, none of
the other comparisons reached significance at the 0.05 level.

al.’s LDP description that also combines process and implications—
showed similar effects on user comprehension. However, our LDP-
impl description was associated with significantly higher subjec-
tive comprehension (𝑟=0.7, 𝑝<0.05, scale=[1, 5]) compared to LDP-
Xiong. Despite this, there were no significant differences in objec-
tive comprehension score or confidence in platform use between
the two conditions (Figure 1(a)). In objective comprehension scores,
participants in the LDP-impl condition (median=2.0, scale=[0, 5])
slightly outperformed those in LDP-Xiong (median=1.5, scale=[0, 5]),
with similar correctness rates on individual comprehension ques-
tions (Figure 2a). Both groups reported comparable levels of con-
fidence in platform use (median=3.0, scale=[1, 5]). About 81% of
participants (25 out of 31) in the LDP-Xiong condition reported
a confidence level below four on subjective comprehension, com-
pared to 61% (19 out of 31) in the LDP-impl condition. We con-
sidered responses above the confidence threshold of four, which
corresponds to “confident” in our Likert-scale question on subjec-
tive comprehension, to indicate a comfortable understanding of our
PET descriptions, and focused on responses below this threshold
to identify confusing aspects of our PET descriptions. In general,
data-related terms, such as “subset” and “aggregated data,” caused
confusion. The use of the term “subset” led some participants to
question the total size and proportion of data transmitted.

In the LDP-impl condition, some participants found the terms
“noise” and “noisy data” difficult to understand. This confusion may
be due to the different meanings of “noise” in technical versus
everyday contexts. One participant noted: “It seems like an inter-
esting word choice to refer to a technical term.” Some participants
specifically mentioned not understanding how noise is added to or
“merged with personal data.”

Figure 2: Grouped bar plots comparing the proportions of correct
responses of each objective comprehension question (Q1-5) across
condition pairs in RQs 1–3. None of the comparisons reaches statis-
tical significance at the 0.05 level in 𝑧 tests.

In contrast, when details about the random modification of data
were omitted, as in LDP-Xiong, more participants demanded clarity.
About half wanted to know the specifics of random modification
(e.g., “I’d like to know exactly how my data would be modified. Ran-
dom is too broad of a word.” ). Questions also arose about how data
modification protects privacy (e.g., “I would like to know more about
how the modification protects privacy, like what the modification
is exactly.” ). Participants seeking more information on data mod-
ification generally reported lower subjective confidence in their
understanding of the PET, with five rating a confidence level of
1. Further, the phrase “additional privacy technique” led to confu-
sion for some participants, with one commenting: “The additional
privacy technique statement is confusing. Technique is a word not
used much in describing software terminology.” Despite our inten-
tion to align LDP-Xiong with other PET descriptions, this feedback
suggests that the phrase was perceived as too vague.

Summary RQ1: Our findings indicate that LDP-Xiong and LDP-
impl have a comparable impact on participants, showing similar
levels of objective comprehension and confidence in platform use
decisions. However, participants in LDP-impl reported greater sub-
jective confidence in their understanding of the PET. This suggests
that our LDP-impl description is at least as effective, if not more so,
than LDP-Xiong adjusted for the ad tracking and analytics context.
The results show that the approach we took to develop PETs, which
expanded the explanation of the data modification process in the
refinement of Xiong et al.’s LDP description, performs marginally
better than Xiong et al.’s original approach. Moreover, by compar-
ing descriptions of LDP where parallels from existing work exist,
we observed that the process- and implications-focused approach
to PET descriptions, which was found effective in health settings,
is also effective in the context of ad tracking and analytics.
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4.2 LDP implications statement has limited
effect in ad tracking/analytics context (RQ2)

Our findings indicate that the process-only LDP description is as
effective as the version that includes an implications statement in
terms of enhancing user comprehension. No significant differences
were observed in objective comprehension scores, subjective com-
prehension levels, or confidence in using the platform between
the LDP and LDP-impl conditions. Both conditions showed the
same median values for confidence in platform use (𝑚𝑒𝑑𝑖𝑎𝑛=3.0,
𝑠𝑐𝑎𝑙𝑒=[1, 5]), objective comprehension score (𝑚𝑒𝑑𝑖𝑎𝑛=2.0, 𝑠𝑐𝑎𝑙𝑒=
[1, 5]), and subjective comprehension (𝑚𝑒𝑑𝑖𝑎𝑛=3.0, 𝑠𝑐𝑎𝑙𝑒=[1, 5])
(Figure 1(a)). The correctness rates of individual objective com-
prehension questions did not significantly differ between the two
conditions (Figure 2(a)). In the LDP condition, 60% of participants
(18 out of 30) reported a confidence level below four on subjective
comprehension and highlighted parts of the description they found
challenging, similar to 61% (19 out of 31) in the LDP-impl condition.
More than half of the participants in the LDP condition expressed
confusion regarding the concept of “noise” or “noisy data.” In both
conditions, some were puzzled by the term “subset” and the extent
of user data shared with the platform.

Summary RQ2: Participants showed moderate levels of compre-
hension of the process-focused LDP descriptions, and terms like
“noise” and “subset” in the process descriptions confused users.
Although having an implications statement did not improve user
comprehension in our study, which contrasts with prior work’s
findings, we also did not observe negative effects or additional
confusion from including implications.

4.3 Process+implications approach can be
adapted to federated learning (RQ3)

Overall, we found that our process+implications descriptions for
FL and FL+LDP were understandable for participants; however,
incorporating an implications statement did not show a significant
impact here either. There were no notable differences in confi-
dence in platform use, subjective comprehension, and objective
comprehension scores between the descriptions with and without
an implications statement for FL and FL+LDP. Both conditions with
and without “impl” in FL recorded the same median scores for ob-
jective comprehension (𝑚𝑒𝑑𝑖𝑎𝑛=2.0, 𝑠𝑐𝑎𝑙𝑒=[0, 5]), subjective com-
prehension (𝑚𝑒𝑑𝑖𝑎𝑛=3.0, 𝑠𝑐𝑎𝑙𝑒=[1, 5]), and confidence in platform
use (𝑚𝑒𝑑𝑖𝑎𝑛=3.0, 𝑠𝑐𝑎𝑙𝑒=[1, 5]) (Figure 1(b)). Although not statisti-
cally significant, the median of objective comprehension scores of
the FL+LDP-impl condition (𝑚𝑒𝑑𝑖𝑎𝑛=3, 𝑠𝑐𝑎𝑙𝑒=[1, 5]) was slightly
higher compared to FL+LDP (𝑚𝑒𝑑𝑖𝑎𝑛=2, 𝑠𝑐𝑎𝑙𝑒=[1, 5]). This trend is
further corroborated by the correctness rates of individual objective
comprehension questions (Figure 2(c)). Incorporating an implica-
tions statement in the FL+LDP description may therefore have a
marginally positive effect on user comprehension. Qualitative anal-
ysis of open-ended responses shows that the confusing aspects of
descriptions with and without “impl” are largely consistent across
FL variants, suggesting that the descriptions similarly influence
subjective comprehension. We discuss points of confusion below.

4.3.1 FL: Confusion about machine learningmodels. In the FL condi-
tion, 18 of 31 participants (58.1%) reported a confidence level below

four on subjective comprehension, and in the FL-impl condition,
21 of 30 (70.0%) did so. Among these participants, more than half in
both conditions were confused about howmachine learning models
are trained using user behavioral data. This confusion stemmed
partly from unfamiliarity with the term “machine learning.” One of
them wrote, “Machine learning—is this AI?” Another questioned the
data processing, stating, “I do not understand how it will infer pat-
terns if it does not track my specific behavioral data...I just do not see
how it can even [give] a general idea without first getting and tracking
specifics.” Additionally, there was confusion about how the exact
behavioral data used by the models differs from the model outputs
shared with the platform, regarding the sentence contrasting the
FL and FL-impl descriptions. One respondent wrote, “I would want
some more information about how non-personal the final inferred
interests are as it is not clearly stated.” Less frequently, participants
in both conditions indicated a lack of a clear understanding of how
machine learning models can be merged.

4.3.2 FL+LDP: Confusion about “noise” and machine learning mod-
els. In the FL+LDP condition, 20 out of 30 participants (66.7%)
reported a confidence level below 4, while in the FL+LDP-impl
condition, 22 of 31 (70.9%) did so. Similar to the LDP conditions,
participants in both FL+LDP conditions expressed confusion over
terms like “noise” and “noisy data.” Additionally, they sought clarity
on how adding noise protects user privacy, with questions like, “if
there’s a way to easily remove the noise data in order to see an indi-
vidual’s behavior” and “how obvious is it to not be fake data which
could be discarded?” As in the FL-related conditions, confusion also
arose regarding how the machine learning model processes user
behavioral data and infers user interests. Occasionally, participants
in the FL+LDP condition questioned the utility of user data altered
by noise for an organization aiming to understand user interests.

In summary, while the descriptions we developed for FL and
FL+LDP that focus on the processes are understandable for some
participants, incorporating an implications statement into the de-
scriptions did not significantly improve user comprehension. Addi-
tionally, the mention of machine learning in FL descriptions and the
data modification by noise addition process in FL+LDP descriptions,
which are intended to enhance privacy, caused confusion for some.

4.4 Process+implications approach also
adaptable to Google Topics (RQ3)

Overall, focusing on the process in PET descriptions was also ef-
fective for GT, though incorporating an implications statement did
not significantly impact the outcomes. Comparisons between GT
and GT-impl showed no significant differences in objective com-
prehension (𝑚𝑒𝑑𝑖𝑎𝑛=2.0, 𝑠𝑐𝑎𝑙𝑒=[0, 5]), confidence in platform use
(𝑚𝑒𝑑𝑖𝑎𝑛=3.0, 𝑠𝑐𝑎𝑙𝑒=[1, 5]), and subjective comprehension (𝑚𝑒𝑑𝑖𝑎𝑛

=3.0, 𝑠𝑐𝑎𝑙𝑒=[1, 5]) (Figure 1(d)). Qualitative analysis indicated con-
fusion among participants about the on-device inference of user
interests in both GT conditions.

In the GT condition, 22 of 30 participants (73.3%) reported a
confidence level below four, and in the GT-impl condition, 19 of 31
(61.3%) did so. Participants in both conditions were puzzled by the
platform’s method of deducing their interests without direct access
to user behavioral data. One participant questioned: “It says that
the platform [uses] your behavioral data from your device but then it
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says that the exact behavioral data is never sent to the organization
so it seems contradictory. Is the data sent or not?” This reflects a
misunderstanding about how behavioral data is utilized to deduce
interests and the specific implications of processing “on your de-
vice.” For some, this confusion extended to the mechanics of data
storage and usage, questioning whether data remains solely on the
user’s device or if the technology uses only the data generated by
the device. Other concerns arose about the data collection process
itself, with one participant noting, “It is conflicting to understand
privacy technology...that monitors or collects information based on
your personal search history...If the information is not sent to an
organization then who is collecting it?”

In summary, our process-focused GT descriptions are under-
standable for some users, although incorporating an implications
statement did not improve user understanding. Some participants
found the local inference of user interests, the core functionality
of the PET, challenging to understand, among other points of con-
fusion.

Summary RQ3: Our findings suggest that the process-focused de-
scription approach also works well with other PETs, specifically for
FL, FL+LDP, and GT in the ad tracking and analytics context. How-
ever, including an implications statement in those PET descriptions
did not significantly improve comprehension, but it also did not
introduce further confusion. Technical terms like “machine learn-
ing” (in FL) and “noise” (in FL+LDP) and the phrase of on-device
inference of user interests (in GT) confused some participants. Com-
paring across PETs, our results indicate that GT might be more
challenging for users to understand, as shown by the distribution
of objective comprehension scores.

4.5 (In)accurate understandings of LDP (RQ4)
Unlike RQs 1–3 which evaluated the implications statement’s effect
on user perception and the extent to which the process-oriented
approach extends to other contexts and PETs, RQ4 delves into user
perception of specific segments of PET descriptions. In this and
the following subsections, we detail both accurate and inaccurate
understandings by participants for each PET studied.

4.5.1 LDP-Xiong: Accurate understanding of data sharing but not
data modification. With LDP-Xiong, which closely matches Xiong
et al’s original LDP description for the health context [72], some
participants accurately understood the data sharing aspect of LDP,
recognizing that user data transmitted to the platform is altered.
One participant explained, “Aspects of your data will be jumbled up
randomly before the company gets it. The company won’t be able
to see your data.” Some understood the protective attributes of
modified data, noting it “will not align with your original data” and
is “not directly associated with you,” thereby the company gains
some information about users “not knowing who exactly you are.”

However, the concept of “random” data modification confused
about half of the participants. Some interpreted “randomly mod-
ified” as altering personally identifiable or sensitive information
to prevent recognition, noting it would “change identifiers...so they
can’t tell it’s you” or involve “removing anything that would identify
you,” like names or other specific identifiers.While some recognized
the privacy-preserving benefit of data aggregation, they overlooked

the crucial source of privacy protection—individual randomization
of data before aggregation.

4.5.2 Our LDP descriptions: Improved understanding of data mod-
ification, with confusion around “noise”. Compared to LDP-Xiong,
our LDP descriptions led to a qualitatively better understanding of
LDP’s data modification through noise addition. One participant
described it as, “Adding noise to the data means that the data is col-
lected and modified, so some parts may be changed, adding new things
and/or taking some away.” Furthermore, some correctly recognized
this method as a means of enhancing user privacy, with one stating,
“the company basically adds a layer of protection into our data.” They
also understood that the modified data reflects general trends but
does not precisely replicate individual user behavior.

However, some participants were curious about the specific type
of “noise” added to data and exhibited a nuanced yet not entirely
accurate grasp of the data modification process. While broadly cor-
rect, their perceptions diverged from the precise technical processes
due to the abstraction inherent in these statistical and technical
operations. A more accurate interpretation of “noise” by some par-
ticipants included content they never interacted with or misrepre-
sented time spent on a page. Others imprecisely associated noise
addition with obscuring sensitive details like IP addresses, describ-
ing it as “Random or blank data will be added to block out things that
are important in our datasets.” This indicates an understanding that
data modification protects privacy, but with a misconception that it
selectively protects crucial information while leaving non-sensitive
behavioral data clear for analysis and use.

With our LDP descriptions, similar to LDP-Xiong, most partic-
ipants correctly understood the data sharing aspect and recognized
that the organization utilizes merged data across users. Some ac-
knowledged that organizations can identify user behavioral pat-
terns without accessing exact data or directly linking behaviors to
specific users. Some were aware of the organization’s capability to
deduce user preferences from modified or anonymized data. While
participants recognized the merging of user data, they associated
the addition of noise with data merging, interpreting it as “blending
my data with other users’ data.”

In summary, both LDP-Xiong and our LDP descriptions effec-
tively conveyed the data sharing aspect of local differential privacy
to many participants. By providing a more detailed explanation
of data modification through noise addition, our descriptions en-
hanced participants’ comprehension of how user data is altered to
safeguard privacy. Yet, consistent with findings from RQs 1–3, the
term “noise” caused confusion for some participants.

4.6 (In)accurate understandings of FL and
FL+LDP (RQ4)

Since LDP adds privacy-preserving features to FL in FL+LDP, we
present results for both FL with and without LDP below, and briefly
discuss the influence of the additional privacy-preserving feature
of LDP on user comprehension through a rough comparison at the
end of this subsection.

4.6.1 FL: Understanding model merging is challenging, possibly due
to confusion around machine learning. The distinction between
merging user data and merging models highlights a significant
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difference between FL and LDP regarding the organization’s access
to user data. However, understanding the sharing and merging of
models that represent user interests in federated learning was chal-
lenging for many participants. Some comprehended well that with
federated learning machine learning models deduce user interests
on the user’s device before being merged with other users’ mod-
els. They also clearly understood the model sharing aspect, noting
that specific behavioral data is not transmitted to the organization;
rather, the individual models are. One participant explained, “It
means that a machine learning model acts as a middleman. Direct
data is not sent to the organization.”

However, many did not realize that precise user data is not nec-
essary for organizations to learn about user interests. About half
thought user data is shared and then aggregated, and some asso-
ciated the merging of user data with anonymization, thinking “It
means that your data is pooled with other users so that everyone
remains anonymous.” Others believed that merging data safeguards
privacy by ensuring that no single user’s data can be isolated.

Some participants misunderstood the model merging process,
believing that machine learning models are trained on aggregated
user data from multiple individuals, as one stated, “[your data] is
blended with a bunch of [others’] data to make patterns clear, rather
than inferring them from your direct history.” Rather than seeing
these models as intermediate processes whose outputs are aggre-
gated for further analysis, some viewed them as technologies for
tracking and collecting user behavior: “the platform will use an AI
model to track patterns in online behavior.”

4.6.2 FL+LDP: Accurate understanding of modified data in machine
learning training; “noise” and model merging challenges persist. For
the combination of FL and LDP, over half of participants understood
that data used for machine learning training is modified for pri-
vacy: “the platform purposefully introduces random changes (noise)
to your behavioral data to protect your privacy before using it to build
a machine learning model that forecasts your interests.” Some cor-
rectly linked these modifications to privacy protection, noting, “it
helps protect users from being completely identifiable by the platform
based on behavior and interests” and “[it] will protect you from the
organization’s employees or being compromised.”

Despite grasping the general idea of data modification, as in LDP,
some participants misunderstood “noise”, viewing it as random ac-
tions not representative of actual behavior, like “random clicking or
random long pauses where the site almost times out”, as the introduc-
tion of external data that (“isn’t exactly yours” ), or as a method of
anonymization by introducing “fake” data to mask true information.

Meanwhile, some participants correctly recognized the distinc-
tion between sharing direct data and sharing insights derived from
models. Some also accurately understood that these learned models,
which represent user interests, are shared and merged with other
model representations of user interests, noting, “Your behavioral
data is only sent as a model to the organization. This model is also
merged with others to create patterns.” However, about half of the
participants misunderstood model merging, believing user data is
combined with data from other users: “Aggregated data is being
used to train the ML model. Apparently this reduces the risk to an
[individual’s] privacy.” Some, assuming that the organization could

access precise user data, interpreted large-scale data aggregation
as a means of anonymizing individual data.

In summary, understanding “models“ and model merging re-
mains challenging in both FL and FL+LDP. In FL conditions, we
observed confusion about the functionalities of machine learning
models andmisunderstanding aboutmodel/data sharing. In FL+LDP
conditions, many respondents grasped the role of machine learn-
ing models and model merging well, yet these concepts still posed
significant challenges for others, as observed in the FL conditions.
The use of the term “noise” in data modification introduced further
difficulties, mirroring those in LDP conditions.

4.7 (In)accurate understandings of GT (RQ4)
Regarding Google Topics, participants had mixed understanding of
on-device inference of user interests. About half of the participants
correctly understood that behavioral information is processed on
the user’s device to identify top ad topics, with only these top
inferred topics being shared. They also noted that the shared topics
include a degree of randomness and are not exclusively based on
the user’s data. One participant explained: “The platform takes small
samples of data that come from your top topics in the previous week or
from a completely random topic to use for what you may be interested
in. This way content can more or less be near what a user wants, while
still allowing for variability.” Moreover, some accurately understood
that due to this randomness, the shared topics might not precisely
reflect the individual user.

In contrast, some participants were unclear about or overlooked
how ad topics are derived directly on users’ devices, instead focus-
ing on concerns about surveillance and the perceived intrusiveness
of technology. This confusion often stemmed from a misunder-
standing of machine learning models’ role, with some mistakenly
believing that these models—referred to as “AI” or “the machine”—
actively track and record user behavior. One participant stated, “it
‘records’ my behavior to figure out use patterns, likes, pages viewed,
activities or shopping, etc. It literally records all of what I do online.”
Additionally, some incorrectly assumed that a portion of user data
is directly transmitted to organizations by those models, noting, “it
looks at what you are checking out online. However, it’s only selecting
a few bits here and there to send to the owners of the company.”

In summary, half of the participants correctly grasped on-device
machine learning for inferring user interests, while others were dis-
tracted by concerns about user tracking. This aligns with common
confusion with machine learning models in LDP, FL, and FL+LDP.

Summary RQ4: The PET descriptions we developed worked gen-
erally well, and most respondents were able to accurately grasp the
key features of PETs, such as data modification, data/model shar-
ing, and data/model merging. Comparing across PETs, we find that
respondents are more likely to correctly understand the concept of
merging user data than merging models, including the associated
training and sharing of these models. Meanwhile, respondents often
perceive the merging of individual data with that of others as the
source of privacy protection, expecting individual data to become
unidentifiable post-merging. This tendency persists even in FL and
FL+LDP, where data merging neither occurs nor is mentioned in
our descriptions.
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Table 3: Summary of findings: Evaluating our process-and-implications descriptions of PETs—LDP, FL, FL+LDP, and GT—in ad
tracking and analytics, including the LDP-Xiong [72] description we adapted from the health domain.

RQ Findings

RQ1 (LDP-Xiong v. LDP-impl)

- Objective Comprehension & Platform Use Confidence: LDP-impl and LDP-Xiong show comparable effects.
- Subjective Confidence: LDP-impl > LDP-Xiong.
- Our refinement of Xiong et al.’s LDP description, with expanded data modification explanations, marginally outperformed the original.
- The process+implications approach we used to develop our PET descriptions worked well in both ad tracking/analytics and health.

RQ2 (LDP v. LDP-impl)
- Moderate understanding of process-focused LDP descriptions among participants.
- Adding an implications statement did not significantly enhance, but did not negatively affect, user comprehension.
- Terms like “noise” and “subset” in the descriptions added some confusion.

RQ3 FL(+LDP) v. FL(+LDP)-impl, GT v. GT-impl
- Our process+implications approach can be adapted to FL, FL+LDP, and GT.
- Including an implications statement in these PET descriptions did not significantly enhance comprehension but also did not add confusion.
- Confusing technical terms: FL–“machine learning”; FL+LDP–“noise”; GT–on-device inference of user interests.

RQ4 (users’ mental models)
- Many respondents accurately grasped key PET features like data modification and data/model sharing.
- Respondents showed better comprehension of merging user data over merging models.
- Challenging aspects of model merging include the related machine learning training processes and model sharing with platforms.

5 Discussion
5.1 Key findings
General audiences often struggle to understand the privacy pro-
tection mechanisms of PETs, which hinders the development of a
nuanced understanding of their ability to protect privacy [18, 36, 65,
67, 72]. Much of the existing work on communicating PETs to users
has focused on (local) differential privacy and often in the health
context [28, 45, 51, 73]. We expanded the promising approach of
process- and implications-focused descriptions into the context of
ad tracking and analytics and developed and tested descriptions
for FL, FL+LDP, and GT—PETs for which descriptions were pre-
viously not studied, yet which are increasingly used in practice.
Our findings, summarized in Table 3, highlight the challenges in
describing and understanding PETs. Based on our findings we offer
recommendations for effectively developing PET descriptions to
enhance comprehension.

The effect of our refinement of LDP descriptions. Our comparative
analysis shows that our LDP description tailored for ad tracking
and analytics, which elaborates on the PET’s process, increases
users’ subjective comprehension, though it does not significantly
improve confidence in platform use and objective comprehension,
compared to Xiong et al.’s health-app based LDP description [72].
Most participants appreciated the explanation of the data modifica-
tion process in our description. In contrast, when such details were
omitted as in LDP-Xiong, about half found the concept confusing.
Our additional clarification about the sharing of modified user data
also increased participants’ confidence in their own understanding.
Nevertheless, the term “noise” in our descriptions posed difficulties
for some participants, leading to somewhat inaccurate assumptions
about its manifestation in user behavioral data. Our findings cor-
roborate Xiong et al. [72] regarding users’ struggles with technical
terms and provide a more detailed account of how users may misun-
derstand such terms. Together, our results suggest that the process-
and implications-focused approach to describing PETs is effective
not only in health settings but also in other contexts, such as ad
tracking and analytics.

The effect of the implications statement in PET descriptions. Prior
work has found positive effects of implications statements for
DP/LDP in the health context [47, 72]; yet, we could not repli-
cate a significant impact of adding implications for LDP and other

PETs in ad tracking and analytics. Although the process-focused
descriptions of LDP, FL, FL+LDP, and GT are helpful for users,
incorporating an implications statement into the descriptions did
not measurably increase user understanding in terms of objective
comprehension score, subjective comprehension, and confidence
in platform use. Despite the lack of a significant positive effect, the
implications statement also did not introduce confusion, except for
GT. This result may suggest that implications statements that we
adapted from the health context are less effective in ad tracking and
analytics. More research is needed to craft implications statements
specifically suited for behavioral data and further examine their
phrasings and salience, such as the location within the description,
to improve usefulness.

Users’ perception of PET descriptions. We are among the first to
develop and evaluate user-centric descriptions for FL, FL+LDP, and
GT, with a focus on clarifying how these PETs protect user pri-
vacy. We also provide comprehensive insights into users’ mental
models of these PETs, observing both accurate and inaccurate un-
derstandings, that extend beyond those from prior work, which has
focused on users’ misconceptions of PET operations and their im-
pacts [36, 65, 67]. Our findings reveal a mixed understanding among
participants. For FL and FL+LDP, some accurately understood the
role of machine learning models in discerning user interests and
the concept of model sharing. However, many struggled with the
concept of on-device model training and the idea of merging mod-
els to derive general behavioral patterns. Similar to the issues we
saw for LDP descriptions, the term “noise” in FL+LDP descrip-
tions posed comprehension challenges for some participants. For
GT, while some participants clearly understood the on-device pro-
cessing of data, others failed to recognize this feature and instead
expressed concerns about potential data tracking and collection
practices. These findings underscore the complexities in effectively
communicating the functionalities and roles of machine learning
and “models” in PET descriptions, marking an area for future re-
search aimed at improving user comprehension. However, overall,
the findings from our LDP, FL, FL+LDP, and GT descriptions show
that the process+implications approach to describing PETs is gen-
erally effective. While it is difficult to compare across PETs due
to their varying nature, it seems that the process of GT is more
challenging to describe and understand accurately.
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5.2 Implications for describing PETs to users
To enhance the clarity of specific functional aspects of PETs, like
data modification in LDP, we attempted to avoid technical jargon
in the descriptions. Here, we outline potential strategies to further
improve the comprehensibility of PET descriptions for LDP, FL, and
GT within the context of ad tracking and analytics.

Avoid noise, machine learning, and other jargon. Techni-
cal details like noise, random modification, and machine learning
models often posed comprehension challenges in our study. While
we avoided statistical terminology, the term “noise” still confused
users, leading to a superficial understanding of data modification
processes. Users expressed a desire to comprehend the post-noise
modification state of their data and its practical implications, such as
changes in behavioral metrics, and the term “noise” alone was insuf-
ficient for a clear understanding of PETs’ workings. To address this,
alternative methods of explaining the concept of statistical noise
and its impact, as suggested by Bullek et al. [8], could be more effec-
tive than textual explanations. Furthermore, referring to the use of
machine learning in PET descriptions sometimes redirected users’
attention towards concerns about data tracking and recording, over-
shadowing the privacy-preserving aspects of these technologies.
To prevent this, descriptions could highlight even more how these
technologies protect privacy in addition to how they function.

Help users pinpoint the source of privacy protection. En-
hancing user understanding of PETs requires a robust explanation
of their protective mechanisms in the implications statement. Par-
ticipants often struggled to identify the source of privacy protection,
whether through data modification and the sharing of the modified
data (LDP), sharing machine learning models without actual data
(FL), sharing machine learning models trained on modified data
(FL+LDP), or sharing subsets of inferred topics that may include
random ones (GT).

Our study highlights the need for clearly delineating the risks
that privacy protections are designed to mitigate, including the
risk of identity disclosure, sensitive information leaks, third-party
sharing, and data breaches. Enhancing clarity regarding the origin
of privacy protection can improve users’ comprehension of both
the privacy risks and the protections provided by PETs. Accurate
understanding of these is crucial to prevent unintended harms that
may arise from misconceptions about what PETs can or cannot
mitigate [36, 65, 67].

Our results suggest that the implications statements we adopted
from Xiong et al. [72] might not sufficiently clarify these risks.
Additionally, explaining “behavioral data” within the context of ad
tracking and analytics, and differentiating between levels of data
sensitivity, could further aid understanding. In the context of ad
tracking and analytics, what might provoke privacy concerns could
be perceived as less sensitive than data in health contexts [72].

Since our study, Google Topics has become a default feature in
Google Chrome, as detailed in Chrome version 122.0.6261.69, listed
in Table 5 in Appendix A.3. Considering our findings, Chrome’s
description of GT could be improved by providing clearer informa-
tion about the specific data Chrome collects and utilizes and how it
deduces user interests from user data. This clarification is crucial as
our findings suggest that users might incorrectly assume that their

precise behavioral data is always shared with Google. Furthermore,
although Chrome’s current description effectively outlines the tech-
nology’s mechanisms, it lacks specific references to the sources of
privacy protection and does not include a statement on its implica-
tions, which could leave users uncertain about the balance between
the intrusiveness of technology and its protective benefits.

Provide more specificity about user data. Common confu-
sions and misconceptions across PETs we observed were often
associated with users’ desire to understand the nuances of data
handling—what data is collected, where it is analyzed, and by whom.
This clarity is vital, particularly for PETs like FL and FL+LDP, where
data processing occurs on the user’s device rather than a centralized
system accessible to the organization. Users need a basic under-
standing of where their data is stored when not shared with the
organization—typically on their device—to appreciate the privacy
protections offered. Furthermore, although not directly related to
PETs, users frequently seek clearer explanations on how their be-
havioral data is tracked and collected, whether by the company
directly, through machine learning models, or by other entities.
There is also a significant demand for information about the types
of data organizations aim to extract, how they acquire it, and why
this data remains valuable to them even when modified.

6 Conclusion
Our study adapted well-performing textual descriptions of local dif-
ferential privacy (LDP) from the health context to ad tracking and
analytics. We further developed new user-centric descriptions for
other prevalent PETs in this context, namely federated learning (FL)
both with and without LDP, and Google Topics (GT). Our survey ex-
periment (𝑛=306) examined the applicability of previous findings to
these expanded contexts, the effect of incorporating an implications
statement in PET descriptions, and users’ perception of PET descrip-
tions. We found that the process- and implications-focused PET
description approach was generally effective for describing PETs
in the ad tracking and analytics context. The process+implications
descriptions we adapted and developed for LDP, FL both with and
without LDP, and GT in this new context were helpful for user
understanding, although the implications statements found crucial
in health contexts [47, 72] had no significant effect on user com-
prehension in our study. This suggests a potential area for future
research to explore more context-specific phrasing and presenta-
tion of implications statements in non-health PET descriptions.
Our findings also provide new insights into misconceptions about
privacy protection mechanisms and the challenges in accurately
conveying the sources of privacy protection in the descriptions,
which would help further improve user-centric PET descriptions.
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A PET descriptions
A.1 Steps for developing PET descriptions
We present how we developed the textual descriptions of LDP, FL,
FL+LDP, and GT in the context of ad tracking and analytics in
Figure 3. These nine PET descriptions, and a control description
that does not explain how privacy is protected or privacy implica-
tions, correspond to the ten experimental conditions of our survey
experiment.

A.2 LDP descriptions
For comparison purposes, we show Xiong et al.’s [72] original LDP
description that includes an implications statement, the version of
this description that we adapted to the advertising and analytics
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context (LDP-Xiong) and our LDP descriptions with and without
an implications statement (LDP and LDP-impl) in Table 4.

A.3 In-the-wild descriptions of other PETs
Table 5 provides examples of in-the-wild descriptions of FL, FL+LDP,
and GT provided by major tech companies. The sources include the
companies’ research webpages, announcements, and product set-
tings. Among these, the description of Topics was incorporated by
Google in the Ad Topics settings of Chrome [14] after we designed
the survey and collected our data.

B Survey Instrument
We use the control condition as an example to list the survey instruc-
tions and questions. We provide additional information and mark
the variations in survey questions shown to respondents assigned
to other conditions in italicized texts.

Survey instruction.
In this survey, we will ask you a series of questions about a hypo-
thetical scenario. Please do your best to imagine yourself in this
scenario and answer the questions.

Scenario description.
Imagine that you came across the following description of a social
platform.
The platform makes revenue by showing users personalized ads
via inferring users’ interests from their online activity tracked on
the platform and other businesses’ websites/apps.
To protect your information, the organization stores all of your
behavioral data for targeting ads (e.g., your interaction with the
platform and with other apps/websites) securely on their servers.
Please see Table 1 for the PET description under other experiment
conditions.
Imagine you are trying to decide whether you would like to use
this platform.

Confidence in platform use question.
• How confident are you about deciding whether to use this
platform?
◦ Very confident
◦ Confident
◦ Moderately confident
◦ Slightly confident
◦ Not at all confident

Perceived protection of user data.
• How would you explain to other people how the platform
protects users’ data? Please write at least two clear sentences.
[Space for open-ended responses was provided.]

Objective comprehension questions.
For each of the following statements, please indicate if you expect
the following to be true or false if you would use the platform
described above.

• An employee working for the platform, such as a data ana-
lyst, could be able to see my exact behavioral data (e.g., my
interaction with the platform and with other apps/websites).
◦ True
◦ False
◦ I don’t know

• A criminal or foreign government that hacks the platform
could learn my behavioral data (e.g., my interaction with the
platform and with other apps/websites).
◦ True
◦ False
◦ I don’t know

• A law enforcement organization could access my behavioral
data (e.g., my interaction with the platform and with other
apps/websites) with a court order requesting this data from
the company.
◦ True
◦ False
◦ I don’t know

• Graphs or informational charts created using information
given to the platform could reveal my behavioral data (e.g.,
my interactionwith the platform andwith other apps/websites).
◦ True
◦ False
◦ I don’t know

• Data that the platform shares with its partner organizations
could reveal my behavioral data (e.g., my interaction with
the platform and with other apps/websites).
◦ True
◦ False
◦ I don’t know

Interpretation of PET description segments.
• In your ownwords, describe what “behavioral data (e.g., your
interaction with the platform and with other apps/websites)”
in the above description means. Please write at least two
clear sentences.

• In your own words, describe what “To protect your infor-
mation, the organization stores all of your behavioral data
for targeting ads (e.g., your interaction with the platform
and with other apps/websites) securely on their servers” in
the above description means. Please write at least two clear
sentences.
This question is different under different experiment conditions;
this question is specific to the PET description provided in the
scenario description section of the survey (see Table 6).

Subjective comprehension questions.
• How confident are you in your understanding of the privacy
technology used by the platform’s company?
◦ Very confident
◦ Confident
◦ Moderately confident
◦ Slightly confident
◦ Not at all confident

• You indicated that the description of privacy technology
used by the platform was not easy to understand. Please in-
dicate which words or sentences were hard to understand, or
you wished you had more details about. [This question was
asked to respondents who gave a rating below the “confident”
threshold.]

Prior PET familiarity
• Have you ever heard of the following technologies? (select
all that apply)
◦ Differential privacy
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Table 4: We present three types of LDP descriptions relevant to this paper: (1) LDP Imp. is the original LDP description from Table XII in
Xiong et al. [72]. We have modified this to create LDP-Xiong, LDP, and LDP-impl. (2) LDP-Xiong is our adaptation of Xiong et al.’s original
LDP description tailored for the context of ad tracking and analytics. Modifications to Xiong et al.’s original LDP description in LDP-Xiong
are highlighted in the italicized text but were not italicized in the actual survey shown to participants. (3) LDP and LDP-impl are our refined
versions, distinguished by the inclusion or exclusion of an implications statement.

PETs Description

LDP Imp. in Xiong et al. [72] To respect your personal information privacy and ensure best user experience, the data shared with the app will be processed via the local differential
privacy (LDP) technique. That is, the app will randomly modify your data on your cellphone before sending it to the app server. Since the app server
stores only the modified version of your personal information, your privacy is protected even if the app server’s database is compromised.

LDP-Xiong To respect your personal information privacy and ensure best user experience, the behavioral data (e.g., your interaction with the platform and with
other apps/websites) shared with the company will be processed via an additional privacy technique. That is, your behavioral data will be randomly
modified before it is sent to the company. Since the company stores only the modified version of your personal information, your privacy is protected
even if the company’s is compromised.

LDP To protect your information, the organization adds noise to your behavioral data (e.g., your interactionwith the platform andwith other apps/websites)
before being sent to the organization for targeting ads. This means that your data is randomly modified, so that some of your actual data is used
whereas some of it is random and not representative of your behavior. Your exact behavioral data is never sent to the organization, instead a subset
of your noisy data is randomly selected and sent. The organization can still infer patterns from the noisy data across a large number of users.

LDP-impl To protect your information, the organization adds noise to your behavioral data (e.g., your interactionwith the platform andwith other apps/websites)
before being sent to the organization for targeting ads. This means that your data is randomly modified, so that some of your actual data is used
whereas some of it is random and not representative of your behavior. Your exact behavioral data is never sent to the organization, instead a
subset of your noisy data is randomly selected and sent. The organization can still infer patterns from the noisy data across a large number of
users. This way, the organization still learns aggregated interests across users but not your exact behavior, which protects your privacy against the
organization’s employees or if the organization’s database is compromised.

Table 5: Examples of industry descriptions of FL, FL+LDP, and GT. The last description of Topics [14] (last row) in the table was incorporated
in the Ad Topics settings of Chrome by Google after our data collection was completed. We list the description of Topics from Chrome Version
122.0.6261.69 [14] in the table.

PET Description

FL [49] Federated Learning enables mobile phones to collaboratively learn a shared prediction model while keeping all the training data on device, decoupling the ability to
do machine learning from the need to store the data in the cloud. This goes beyond the use of local models that make predictions on mobile devices (like the Mobile
Vision API and On-Device Smart Reply) by bringing model training to the device as well. It works like this: your device downloads the current model, improves
it by learning from data on your phone, and then summarizes the changes as a small focused update. Only this update to the model is sent to the cloud, using
encrypted communication, where it is immediately averaged with other user updates to improve the shared model. All the training data remains on your device, and
no individual updates are stored in the cloud.

FL [21] Differential privacy provides a mathematically rigorous definition of privacy and is one of the strongest guarantees of privacy available. It is rooted in the idea that
carefully calibrated noise can mask a user’s data. When many people submit data, the noise that has been added averages out and meaningful information emerges.

FL+LDP [4] Federated learning with differential privacy (FL-DP) is one of the latest privacy-enhancing technologies being evaluated at Meta as we constantly work to enhance
user privacy and further safeguard users’ data in the products we design, build, and maintain. FL-DP enhances privacy in two important ways: 1. It allows machine
learning (ML) models to be trained in a distributed way so that users’ data remains on their mobile devices. 2. It adds noise to reduce the risk of an ML model
memorizing user data.

GT [31] With Topics, your browser determines a handful of topics, like “Fitness” or “Travel & Transportation,” that represent your top interests for that week based on your
browsing history. Topics are kept for only three weeks and old topics are deleted. Topics are selected entirely on your device without involving any external servers,
including Google servers. When you visit a participating site, Topics picks just three topics, one topic from each of the past three weeks, to share with the site and its
advertising partners. Topics enables browsers to give you meaningful transparency and control over this data, and in Chrome, we’re building user controls that let
you see the topics, remove any you don’t like or disable the feature completely.

GT [14] Chrome notes topics of interest based on your browsing history from the last few weeks. Later, a site you visit can ask Chrome for your topics to personalize the ads
you see. Chrome shares up to 3 topics while protecting your browsing history and identity. Chrome auto-deletes topics that are older than 4 weeks. As you keep
browsing, a topic might reappear on the list. Or you can block topics you don’t want Chrome to share with sites. Learn more about managing your ad privacy in
Chrome.

◦ End-to-end encryption
◦ Secure multi-party computation
◦ Deliquescent security
◦ Federated learning
◦ Topics
◦ FLoC (Federated Learning of Cohorts)
◦ None of the above

PET identification
• Which of these technologies do you think was described in
the scenario?
◦ Differential privacy
◦ End-to-end encryption
◦ Secure multi-party computation
◦ Deliquescent security

◦ Federated learning
◦ Topics
◦ FLoC (Federated Learning of Cohorts)
◦ None of the above

Demographic questions
• In what year were you born? (four digits please)
• What is your gender?
◦ Man
◦ Woman
◦ Non-binary
◦ Prefer to self-describe
◦ Prefer not to answer

• Please specify your race/ethnicity (select all that apply)
◦ Hispanic, Latino, or Spanish
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◦ Black or African American
◦ White
◦ American Indian or Alaska Native
◦ Asian, Native Hawaiian, or Pacific Islander
◦ Prefer to self-describe
◦ Prefer not to answer

• What is the highest level of school you have completed or
the highest degree you have received?
◦ Less than high school degree
◦ High school graduate (high school diploma or equivalent
including GED)

◦ Some college but no degree
◦ Associate’s degree
◦ Bachelor’s degree
◦ Advanced degree (e.g., Master’s, doctorat)
◦ Prefer not to answer

• Which of the following best describes your educational back-
ground or job field?
◦ I DO NOT have an education in, nor do I work in, the field
of computer science, computer engineering or IT.

◦ I have an education in, nor do I work in, the field of com-
puter science, computer engineering or IT.

C Codebook
We show the codebooks for data discussed in the paper below. For
presentation purposes, we list the codebooks by data type and by
PET.

C.1 Codebook for confusing phrasing within
PET descriptions

LDP.

• How data is modified
Example: “I have an okay understanding of it, I think, but
I would like more clarification about what the noise is and
how that works and what makes the information randomly
modified. ”

• How large is the subset
Example: “I wish there were more details about the subset of
data that is sent. How much of your data is really being sent”

• Interpretation of noise
Example: “I’d like to know more details about how the noisy
data is added and if it is hard to distinguish from the real data.”

• How data modification protects privacy
Example: “I don’t see how obscuring some parts of my data will
actually hide any info being mined about me, since it doesn’t
seem like my privacy is being protected throughout the entire
process.”

• Why modified data is still useful
Example: “how the data is useful for the companies if it’s all
going to be switched around and modified before being sent
in.”

FL.

• How machine learning models work
Example: “It could be helpful to explain how exactly machine
learning is used on the user’s device to infer interests. Providing

a brief overview of the algorithms or techniques involved might
make this clearer.”

• How machine learning models protect privacy
Example: “I would like to better understand how it works for
them to send my data to a machine learning platform without
my data being accessible to any human.”

• Data shared with the organization
Example: “I would want some more information about how
non-personal the final inferred interests are as it is not clearly
stated.”

• How model merging works
Example: “The concept of merging user models to infer patterns
could be elaborated upon. For instance, youmight want to know
more about how this merging process works and how it ensures
individual user data privacy.”

FL+LDP.
• How machine learning models work
Example: “How does the ML do the inferring of the data? I feel
like inferring is still very strongly linked to your data”

• Interpretation of noise
Example: “Noise will be added.What type of noise, how obvious
is it to not be fake data which could be discarded?”

• Why modified data is still useful
Example: “I don’t understand the value of my data when it’s
been modified. Wouldn’t that make it useless?”

• Why adding noise protects privacy
Example: “I am not sure how exactly adding noise in makes it
better for me.”

GT.
• How the company infers interests without access to exact
data
Example: “I don’t understand how the company only uses my
inferred likes and interests without accessing/sharing all the
information.”

• How machine learning models work
Example: “What does “machine learning” mean?”

• On users’ device
Example: “I do not understand the phrase "only on your device."
You can visit a social platform on more than one device.”

• Data shared with the organization
Example: “I don’t see much difference in inferred interest and
actual data. I’m not sure I believe it.”

C.2 Codebook for interpretation of PET
description segments

LDP.
• Random modification of data
Example: “Aspects of your data will be jumbled up randomly
before the company gets it. The company won’t be able to see
your data.”

• Sources of privacy protection
Example: “In order to protect the privacy of its users, the plat-
form adds noise to the data, which is a modification of the data
that prevents users from being completely tracked, which in
turn preserves the privacy of users.”
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Table 6: Open-ended questions about specific segments of the PET descriptions, which vary across experimental conditions.

Condition Survey question
Control In your own words, describe what “To protect your information, the organization stores all of your behavioral data for targeting ads (e.g., your

interaction with the platform and with other apps/websites) securely on their servers” in the above description means. Please write at least two
clear sentences.

LDP-Xiong In your own words, describe what “... the behavioral data (e.g., your interaction with the platform and with other apps/websites) shared with
the company will be processed via an additional privacy technique. That is, your behavioral data will be randomly modified before it is sent to
the company” in the above description means. Please write at least two clear sentences.

LDP (1) In your own words, describe what “To protect your information, the organization adds noise to your behavioral data (e.g., your interaction
with the platform and with other apps/websites) before being sent to the organization for targeting ads. This means that your data is randomly
modified, so that some of your actual data is used whereas some of it is random and not representative of your behavior” in the above description
means. Please write at least two clear sentences.
(2) In your own words, describe what “Your exact behavioral data is never sent to the organization, instead a subset of your noisy data is
randomly selected and sent. The organization can still infer patterns from the noisy data across a large number of users” in the above description
means. Please write at least two clear sentences.

FL In your own words, describe what “Your exact behavioral data is never sent to the organization and only the model representing your inferred
interests will be sent. Then, to infer patterns across a large number of users, your model is merged with other users’ models” in the above
description means. Please write at least two clear sentences.

FL+LDP (1) In your own words, describe what “Noise will be added to your behavioral data so that it is randomly modified before being used for training
a model representing your inferred interests. This means that, for training the model, some of your actual data is used whereas some of it is
random and not representative of your behavior” in the above description means. Please write at least two clear sentences.
(2) In your own words, describe what “Your exact behavioral data is never sent to the organization and only the model representing your
inferred interests will be sent. Then, to infer patterns across a large number of users, your model is merged with other users’ models” in the
above description means. Please write at least two clear sentences.

GT In your own words, describe what “... the technology records inferred topics from your behavioral data only on your device. Your exact
behavioral data is never sent to the organization, instead from your top topics of the last week, a small number are randomly selected and sent;
there is also a small chance a random topic will be selected instead of one of yours” Please write at least two clear sentences.

• Personal identifiable or sensitive information gets removed
or modified
Example: “I mean maybe it puts you in groups with people
with similar behavioral data but then it removes anything that
would identify you exactly like your name or other identifying
information that would tie it to your exact identity.”

• Unsure about how data is “modified”
Example: “I can’t really explain this one, I don’t know what
“randomly modified” means so I certainly don’t know how I’m
supposed to feel safer”

• Encryption of user data
Example: “This means that the data is essentially encrypted.
The encryption will be random and then sent to the company.”

• Specific interpretation of data modification: noise
Example: “It means that exact interactions will be shielded
from the organization. So perhaps types of pages you visit/interact
with will be randomly changed to reflect broad categories as
(the Bernie Sanders campaign page changed to "political cam-
paign" for example).”

• Specific interpretation of data modification: data is modified
by being mixed with other users’ data Example: “I think that
this means that the data will be slightly altered based on other
people’s behavioral data”

• Users’ data gets merged
Example: “I’m honestly not sure how that works, but I as-
sume that the data from many people will be randomly mixed
together.”

• Mention of the company sharing users’ data with a third
party

Example: “I assume when apps sell data, such as your interests
to thirds parties, it is skewed in some way.”

FL.

• User’s data gets merged
Example: “My data is mixed with the data of other users.”

• Vague notion of anonymization
Example: “The data is made anonymous before it is sent.”

• Vague notion of machine learning model outputs
Example: “The exact pages you visit maybe masked over by
the machine data gathering sequence.”

• Machine learning models are trained on the combined data
of users’ and other data
Example: “Then it basically compiles all of its collected data
into one model to create a broader model to cover multiple
users.”

• Machine learning models are trained on the user’s device
Example: “I believe that this description is saying that instead
of showing your exact behavioral data to the company, a ma-
chine will condense/alter that information in a way that defines
one’s "inferred interests".”

• Machine learning models are shared with the organization
Example: “This is then merged with other users’ models to
disguise your exact information even further, and will then be
used by the website. ”

• AI,machine, or amachine learningmodel tracks users’ online
behaviors
Example: “I think instead it would follow person X and others
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and say what sites people of the same age as person X go to or
something similar.”

FL w/ LDP.

• User’s data gets merged
Example: ‘This data is then merged with others uses so it will
be difficult to isolate your data.”

• Machine learningmodels learn users’ interests frommodified
data
Example: “Noise is added to some of your data so it is randomly
modified before being to training model. This will protect you
from the organization’s employees or being compromised.”

• Machine learning models are trained on the combined data
of users’ and other data
Example: “Aggregated data is being used to train the MLmodel.
Apparently this reduces the risk to an individuals privacy.”

• Machine learning models are merged
Example: “Your model is integrated or mixed with models from
many other users in order to comprehend more general user
trends and preferences.”

• Specific interpretation of data modification: noise
Example: “Noise I would assume would mean random clicking
or random long pauses where the site almost times out.”

• Merging data makes data unidentifiable
Example: “They’re trying to give me anonymity to the employ-
ees. They’re trying to merge data and add fake data so nothing
specific can truly be tied to an individual.”

• User data is shared with the company
Example: “This means that my exact data is never fully used,
but only part of my data is sent, and the model has to infer the
rest (make up what it THINKS I would like from the data it
does have).”

• The mix of users’ data and other data is shared with the
company
Example: “The organization never gets data that is purely
yours, but is mixed with other random data.”

GT.

• User data is processed on device and not shared with the
organization
Example: “The explanation means that the device the person
is using is going to be the only device that holds in their be-
havioral data so it never goes to the company itself.”

• User interests are inferred
Example: “The platform takes small samples of data that come
from your top topics in the previous week or from a completely
random topic to use for what you may be interested in.”

• Randomness in topics shared with the organization
Example: “Sometimes even a random topic is sent to protect
my identity.”

• AI/tech tracks users’ online behaviors
Example: “The technology tracks how you are interacting with
different posts to create topics that you might like.”

• Users’ data is shared with the company
Example: “It means that my actual patterns are never sent in
full. Only a select set is sent to the parent organization, along
with some random data to hide it.”

Table 7: Mann-Whitney test statistics for RQ1-3, with effect sizes in
parentheses. *p<0.05; **p<0.01; ***p<0.005.

Confidence in
platform use

Objective
comprehension

Subjective
confidence

RQ1 499.5 (0.53) 438.5 (0.47) 651.0 (0.70)***
RQ2 483.5 (0.52) 453.0 (0.49) 506.5 (0.54)
RQ3:FL 388.5 (0.42) 358.5 (0.39) 480.5 (0.52)
RQ3:FL+LDP 373.5 (0.40) 398.5 (0.43) 450.5 (0.48)
RQ3:GT 430.0 (0.54) 500.5 (0.46) 368.0 (0.40)

D Test results
We list the test results for RQ1-3 with effect sizes in parentheses in
Table 7.
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