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Abstract

Over the years, we have witnessed significant biases in
datasets and Al-driven systems. While these biases can im-
pact anyone, there is a heightened risk for disproportionate
harm to Black and Brown communities. Despite efforts to
address these inequities, a critical gap remains in understand-
ing how Black and Brown communities perceive and inter-
act with data-centric innovations. In this paper, we present
findings from a survey of 60 technology users with diverse
racial, ethnic, and gender identities. Our findings reveal that
while Black and Brown users may frequently contribute data
through social media and research participation, discomfort
arises when data is used without explicit consent, particu-
larly by for-profit organizations. Transparency, trust, and fa-
miliarity with data collection entities and outcomes emerged
as key factors influencing engagement. These insights in-
form our ongoing efforts, as well as the development of ethi-
cal, inclusive approaches to data-driven innovation that center
marginalized voices and foster equitable outcomes.

Introduction & Background

Data plays a pivotal role in contemporary research and in-
novation, offering valuable insights into societal trends and
individual behaviors (Wu et al. 2013). However, the utility
of data to drive equitable and inclusive technological out-
comes is limited by representation gaps that disproportion-
ately affect marginalized communities. These gaps often ex-
acerbate existing inequalities, as evidenced by significant
disparities in data-driven technologies, such as facial recog-
nition and voice-based systems, which frequently underper-
form for Black and Brown users (Buolamwini and Gebru
2018; Koenecke et al. 2020).

The persistence of these inequities highlights how biased
datasets and non-inclusive design processes contribute to
high error rates for historically marginalized populations.
Researchers have documented the effects of algorithmic
bias, with studies showing that systems trained on datasets
lacking racial diversity reproduce and amplify structural in-
equities (Sweeney 2013; Hern 2016; Mengesha et al. 2021).
Efforts to address these issues have emphasized the impor-
tance of diversifying datasets and employing inclusive de-
sign practices, such as enabling broader self-identification
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on demographic forms and adopting methods that prioritize
diversity in data collection (Slade et al. 2021; Stasaski, Yang,
and Hearst 2020).

Despite these initiatives, scholarship on the lived experi-
ences and perceptions of Black, Indigenous, and People of
Color (BIPOC) regarding data-driven technologies remains
limited. Existing studies have largely focused on technical
solutions without adequately addressing the social and cul-
tural dimensions that shape how these communities engage
with data and technology (Harrington and Egede 2023; Kim
et al. 2022). We understand BIPOC communities are not
monolithic and can vary greatly in their experiences, how-
ever our research focuses on Black and Brown communities
as populations that are consistently overlooked and under-
served in technology. This gap in perspective underscores
the need for research that centers the voices and experiences
of Black and Brown end users to understand their concerns,
priorities, and expectations regarding data-centric innova-
tions.

In this paper, we aim to address this gap by presenting pre-
liminary findings from a survey that explores the factors in-
fluencing Black and Brown communities’ engagement with
data and technology. Our study investigates not only the
barriers to equitable representation in datasets but also the
potential for fostering trust and meaningful engagement in
these communities.

Negative Impacts in Black and Brown
Communities

Data-driven technologies have the capacity to facilitate tar-
geted violence against marginalized communities, espe-
cially as identity becomes a form of quantifiable data that
can be collected and analyzed. Centralized databases exem-
plify this harm when operating as a surveillance technol-
ogy to monitor and control specific groups of people. Risk-
identification systems demonstrate such usage by explicitly
targeting and criminalizing unconsenting individuals, such
as the Automated Targeting System from the U.S. Home-
land Security that gathers biometric and behavioral data
from travel records to profile an individual based on their
“risk” to national security (Browne 2010). The California
Gang Database, which was similarly built to target and harm
marginalized communities, collects data based on racist con-
textual markers that disproportionately target Black and Lat-



inx people, who make up around 87% of the total names
(Benjamin 2019). Data surveillance technology can inflict
equal harm when operating outside of centralized databases,
as evidenced by the use of EBT data to track and stigmatize
recipients of a benefits program in a political scheme against
public assistance initiatives (O’neil 2017). In these technolo-
gies, the datafication of personal information enabled the ex-
plicit oppression of marginalized groups.

While overt efforts to inflict harm through data do ex-
ist, many forms of technology reproduce and exacerbate
structures of oppression without direct intent. Algorithms
may perpetuate harm against non-white communities when
trained on data imbued with racism, as shown by Facebook’s
algorithm that discriminated against non-white users when
targeting housing ads (Hern 2016) and Google’s display of
discriminatory ads when users searched for racially-coded
names (Sweeney 2013). Though these algorithms are often
confronted and subsequently removed or reformed, the rapid
growth of Artificial Intelligence technologies has amplified
the call to address bias in data technologies (Schlesinger,
O’Hara, and Taylor 2018).

An absence of data from BIPOC (Black, Indigenous, and
people of color) and marginalized communities may also
contribute to the manifestation of real-world inequity and
discrimination. A study on racial bias in machine learning
from Kostick-Quenet et al. revealed that a lack of data on
Black patients in need of cardiology care obscured racial dis-
parities in the health outcomes of a specific heart assistance
treatment (Kostick-Quenet et al. 2022). The authors attribute
the gap in data to Black patients having difficulty access-
ing trustworthy and local cardiologists, a lack of assistance
in being directed to specialized clinics, and a selection bias
against Black patients in healthcare that results in delayed
or inadequate treatment. The implications of this study sug-
gest that algorithms trained on these datasets may misinter-
pret the role of race in the device’s outcomes and can further
perpetuate health inequity in Black communities. Our work
aims to explore these gaps in data by engaging Black and
Brown communities’ to understand their perspectives and
experiences when contributing data.

Black and Brown Perspectives on Engagement
with Data & Technology

To further contextualize the inadequate representation of
BIPOC communities in datasets, we must understand their
lived realities as they engage with technology. Racism can
permeate even minor interactions in digital spaces, such as
experiencing cultural devaluation from anglo-biased auto-
correction algorithms (Dyal-Chand 2021). Many researchers
have sought to understand the effects that interacting with
existing Al technology, such as Automated-Speech Recog-
nition (ASR) software, has on BIPOC users’ perceptions of
usability. These systems have demonstrated notable perfor-
mance gaps for Black users, likely due to a lack of train-
ing data on African-American Vernacular English (AAVE)
(Koenecke et al. 2020). Mengesha et al. found that when
Black participants used ASR, they felt othered by the tech
and attributed the errors to the system, perceiving it as not
made for them (Mengesha et al. 2021). Conversely, a com-
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parative study on white and Black participants interacting
with a voice assistant found that Black participants were
more likely to internalize the technology by blaming the
system’s errors on themselves (Wenzel et al. 2023). Both
studies found that interacting with the Al elicited negative
emotional responses, such as heightened self-consciousness,
frustration, and disappointment. Wenzel et al.’s study on
voice assistant interactions with BIPOC users echoed these
findings, pointing to the identity, cultural, and emotional
harms that arise when this technology fails to recognize their
speech (Wenzel and Kaufman 2024).

Technological systems that incorporate culturally-
informed data by working with and for marginalized
communities offer alternative experiences for BIPOC users.
Several HCI scholars have recognized the potential for
Al technology to support access to health information for
Black and Brown adults and uncovered challenges that may
inhibit their use (Mendu et al. 2018; Harrington and Egede
2023; Kim et al. 2022). In a pilot study with 66 Hispanic
women, Mendu et al. deployed a culturally-informed virtual
agent to educate on cervical cancer and found that the
majority of participants reported high levels of satisfaction,
usability, and trust after interacting with the technology
(Mendu et al. 2018). Harrington et al. found that older Black
adults initially distrusted health chatbots and questioned the
source and credibility of their information, a pattern that the
authors attributed to the history of distrust Black patients
have towards the healthcare system (Harrington and Egede
2023). These findings were echoed by a design study from
Kim et al., in which Black participants were wary of a health
chatbot and sought transparency from the information it
provided (Kim et al. 2022). Researchers from this study
found that participants were more receptive to the chatbot
when other Black community members acknowledged
it, indicating the need for widespread community trust
of a technology before it is adopted. The importance of
community trust in relation to Black users’ acceptance of
new technology is supported by a study on the effects of a
racial mirroring chatbot agent, in which Black participants
demonstrated a greater preference for the same-race chatbot
agent than any other racial group in the study (Liao and
He 2020). We hope to provide novel insight to this area of
research by identifying the conditions needed for Black and
Brown communities to feel comfortable engaging various
technologies.

User Attitude Towards Data Sharing

Understanding user attitudes toward data sharing requires
recognizing that privacy expectations are contextual rather
than universal. Nissenbaum’s theory of privacy as contex-
tual integrity argues that privacy violations occur when in-
formation flows violate established contextual norms, which
fall into two categories: norms of appropriateness (deter-
mining what information is suitable to share) and norms
of distribution (governing how information should flow be-
tween parties) (Nissenbaum 2004). This framework empha-
sizes that privacy expectations are shaped by the specific
roles, relationships, purposes, and cultural norms operat-
ing within particular social settings. Rather than applying



universal privacy principles, contextual integrity recognizes
that every social setting operates under its own informa-
tional guidelines. Whether in healthcare settings, personal
relationships, or research contexts, each environment has de-
veloped specific expectations about what information shar-
ing is acceptable and how that sharing should occur. These
expectations emerge from the historical, cultural, and so-
cial experiences of the communities operating within those
contexts. This theoretical perspective is crucial for under-
standing research participation attitudes because it indicates
that different communities may have developed distinct ex-
pectations about appropriate information sharing based on
their unique social contexts and cultural histories. Commu-
nities cannot be assumed to share identical privacy prefer-
ences, and research findings from one demographic group
may not apply to others without careful consideration of the
contextual factors that shape each community’s information-
sharing norms.

Building on this idea, recent scholarship has examined
user attitudes toward uses of their social media data, reveal-
ing relationships between contextual factors and user com-
fort with data collection. Gilbert et al. conducted factorial vi-
gnette surveys to understand how users perceive researchers’
use of their social media data, first focusing on Facebook
users (Gilbert, Vitak, and Shilton 2021) and later expanding
to examine cross-platform differences across dating apps,
Instagram, and Reddit (Gilbert, Shilton, and Vitak 2023).
Their research found that factors such as researcher domain,
content type, purpose of research, and participant awareness
significantly impact user comfort, with consent being the
most influential factor across all contexts. Users consistently
rated research scenarios as more appropriate and less con-
cerning when informed consent was obtained prior to data
collection.

Research on trust in research participation has found that
communities with histories of exploitation develop different
engagement patterns. Guillemin et al. (Guillemin et al. 2018)
found that Indigenous participants required researchers to
personally earn trust due to historical research exploita-
tion, rather than trusting institutional reputation like non-
Indigenous participants. This suggests that marginalized
communities may have fundamentally different expectations
for research relationships, highlighting the importance of
understanding community-specific perspectives on research
participation.

Bessenyei et al. conducted a large-scale survey investigat-
ing user comfort with smartphone data collection for mental
health monitoring (Bessenyei et al. 2021). Their findings re-
vealed that participants with mental health treatment history
showed higher comfort levels than those without treatment,
challenging assumptions about vulnerable populations being
more wary of data collection. The authors speculated that
this increased comfort could stem from stronger relation-
ships that foster trust in healthcare providers, though they
also raised concerns that cognitive and emotional aspects
of mental health conditions might affect risk perception and
decision-making capacity.

However, research suggests that Black and Brown pop-
ulations may be less willing to share data for research and
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monitoring purposes. Corbie-Smith et al. documented sig-
nificant racial differences in research distrust, with African
Americans demonstrating nearly five times the odds of high
distrust scores compared to whites, even after controlling for
socioeconomic factors (Corbie-Smith, Thomas, and George
2002). They speculate that this distrust stems from docu-
mented histories of medical and research exploitation, in-
cluding unethical studies like Tuskegee (Brandt 1978). A
study on Hispanic and Latinx community members’ per-
ceptions of wearable health technologies revealed a similar
systemic distrust of healthcare and technology companies
as participants were reluctant to share data with healthcare
providers, despite being interested in the health benefits of
wearable tech (Cruz et al. 2024). Some exploratory evidence
suggests these patterns may extend to digital data sharing,
with psychiatric outpatients who were non-white showing
lower willingness to share passive smartphone data com-
pared to white patients (Rieger et al. 2019).

While research identifies trust as a key factor influenc-
ing Black and Brown communities’ research participation, it
provides limited insight into the conditions and factors that
might drive engagement or willingness to share data within
these communities. Simultaneously, studies that do exam-
ine the factors driving engagement and comfort with data
sharing either do not examine race as a factor or lack suf-
ficient diverse participation to understand how these factors
might operate differently across racial groups. Kyi and et
al. focused their efforts on perceptions of Europeans regard-
ing data collection and use, citing the importance of detailed
and intentional descriptions of the research purposed (Kyi
et al. 2024). Gilbert et al.’s studies predominantly sampled
white participants, with their cross-platform study including
only 8.5%-11.7% Black participants across different plat-
forms (Gilbert, Shilton, and Vitak 2023) and no detailed re-
porting of race/ethnicity in their Facebook study (Gilbert,
Vitak, and Shilton 2021). Similarly, while Bessenyei et al.
acknowledged the role race plays in willingness to share
data, they did not report detailed racial/ethnic demographics
for their own sample (Bessenyei et al. 2021). Even research
that has documented racial differences has been limited by
small sample sizes and exploratory analyses that cannot ad-
equately examine the specific factors that influence different
racial communities’ engagement with research (Rieger et al.
2019).

This results in a lack understanding both of what drives
engagement within Black and Brown communities specifi-
cally and of whether the factors identified as important in
predominantly white samples operate similarly across dif-
ferent racial groups. Understanding how Black and Brown
populations specifically perceive and engage with research
data collection, and what drives their comfort with partici-
pation, becomes crucial for developing more inclusive and
equitable research practices. Our work addresses this gap by
centering the voices and experiences of Black and Brown
communities in understanding factors that influence their
comfort with and participation in data-driven innovation.



Research Agenda

The goal of our ongoing research efforts is to investigate
and improve the lack of diverse, representative datasets and
insights in the development and use of technology. This in-
cludes investigations into experiences, community-engaged
innovation, and the development of novel methods for en-
gaging historically marginalized groups in data-centric com-
puting research and innovation. The following overarching
question guides our research agenda:

What does it mean for researchers and technol-
ogists to meaningfully and sustainably engage in
data-centric innovation with historically marginal-
ized communities?

Our efforts began with an investigation into the expe-
riences of technologists seeking and using representative
datasets for research and development. In parallel, we be-
gan collecting data from end users. In this paper, we report
on the beginning of this effort and the plans for building on
these efforts and insights.

Survey Methods

We designed our survey to support our ability to answer the
following research questions:

RQ1: Inwhat ways and to what extent are Black and Brown
tech users contributing data?

RQ2: To what extent are Black and Brown tech users aware
of how their data is being used?

RQ3: What makes Black and Brown tech users feel com-
fortable when contributing data?

Survey Design

As a part of our overall research agenda (page 4), we
designed a survey to collect data from technologists, re-
searchers, and end users on their experiences contributing
data, seeking data, and collecting data. The Full Version of
our survey included logic that would help respondents navi-
gate the questions such that they only saw questions relevant
to their role (e.g., a technologist seeking data vs. an end-user
contributing data). However, during our efforts we discov-
ered that it may be easier to collect end user data if we had a
separate version that only included questions relevant to end
users. Therefore, we created the Tech User Version of our
survey with only contributing data questions. The data and
insights we report on in this paper are from this version of
the survey.

The Tech User Version survey included questions such
as “What types of practices do you have as it relates to
contributing or providing your data?” along with ques-
tions regarding factors that impact their comfort with their
data being accessed and use with and without consent. We
also asked demographic questions to increase our ability to
characterize our sample. The survey was comprised mostly
of multiple choice questions regarding respondents back-
ground and experiences with data and technology. We also
included likert scaled questions that gauged respondents
comfort with (e.g., very comfortable to very uncomfortable)
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and awareness of (e.g., aware or not aware) regarding data
collection and use practices by researchers and for-profit or-
ganizations. We were also intentional about survey question
ordering, where we put questions regarding experiences and
background before questions regarding comfort or aware-
ness. This helps situate respondents in their experiences be-
fore providing experience-based opinions about the more
specific considerations we were interested in (Hjortskov
2017; Schiff, Montagnes, and Peskowitz 2022). In addition,
some questions were open-ended free-response items, al-
lowing respondents to elaborate on their experiences, rea-
soning, or concerns in their own words.

Both the Full Version and Tech User Version of our sur-
vey are available online for reuse. !

Data Collection

Studies have shown that the typical approach of advertis-
ing and recruiting via social media for research may not
be effective when attempting to engage niche groups (Zin-
del 2023). Therefore, to engage our audience of interest we
leveraged more intimate methods that allowed for direct,
sometimes face-to-face, opportunities to find respondents.
More specifically, for our survey, we leveraged our inter-
nal networks in collaboration with our community partner,
who actively works with local Black and Brown populations
to empower these communities through data equity. This
community-based organization distributed our recruitment
materials to their local networks and collaborated with our
research team to engage Black and Brown communities at a
community event in our area. This also helped decrease the
potential for survey timing to impact responses or outcomes.
At the event, we provided information on our research ef-
forts that attendees could take with them and share with oth-
ers. We also had iPad devices and seating at the event so at-
tendees could take the survey on the spot. This effort yielded
of our total responses (31). We acquired the remaining 29 re-
sponses through our community partner’s efforts advertising
among their contacts. We created a unique distribution link
for each of our recruitment efforts and did not include any
of these links in any mass distribution or advertising.

Respondent Demographics

Our efforts thus far have yielded a total of 60 responses.
Within that sample, respondents’ ages range from 18-44
years old, with most respondents being 25 or older. Our re-
spondents cover a range of non-White racial identities 1, in-
cluding Black (38), Latin American (9), and South Asian
(3). Some respondents identified themselves with mixed
racial identities, most of whom identified at least partially
as Black (4) or Latin American (3). Two respondents pre-
ferred not to specify. Though our current sample consists of
mostly cisgender female respondents (38), we also engaged
cisgender males (10), a transgender male, and a non-binary
respondent. Nine respondents opted to not specify their gen-
der.

"https://anonymous.4open.science/r/ETM _EndUser-SBAF/
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Figure 1: Self-reported ethnicity distribution of participants

Data Analysis

We conducted preliminary analyses on our current set of re-
sponses to glean initial insights into our research questions.
Our analyses at this phase focused on descriptive statistics
and statistical correlations using the Chi-Square indepen-
dence test. To answer RQ1, we analyzed responses to ques-
tions regarding respondent data contribution practices, the
types of data they contribute, the ways in which they share
data and engage online, forms of engagement where they
most often contribute data, and the devices they most often
use. To answer RQ2, we analyzed responses to regarding ra-
tionale for current data sharing practices and awareness re-
garding the use of their data. To answer RQ3, we analyzed
respondents’ comfort with the ways in which their data is
used (with and without consent), factors that contribute to
their comfort with their data being used (with and without
consent), factors that influence their decision to contribute
data, and things it would be helpful to know about their data
and its use.

Preliminary Findings
Data Contribution Patterns (RQ1)

The most common data contribution practice reported by our
respondents is reading consent forms (51), followed by read-
ing disclosure forms (42) and researching the platform they
may be contributing data to (39). For 32 respondents, asking
others was another way to make decisions when considering
contributing data.

The kind of data most commonly (and recently) con-
tributed among our respondents are social media posts (47),
social media engagement (44), and demographic data (43).
Our respondents also contributed data via public reviews,
research participation, and short internet polls, though less
frequently.

The least frequent kinds of data contributions included en-
gaging with online advertisements (28), online knowledge
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Figure 2: Decline in forms of online engagement

sharing/community posts (28) and engagement (29). Ac-
cording to our survey data, data contributions in most forms
had decreased for our respondents. In the past year, while
for most participants engagement on social media contin-
ued, many decreased other forms of engagement (Figure 2.

When analyzing the forms of online engagement where
our respondents contribute data, we found that social media
was the most common form of engagement across respon-
dents. Most contributed data on Facebook and Instagram;
many also contributed data on LinkedIn, TikTok, and X (for-
mally known as Twitter). Additionally, we found compa-
rable engagement in survey or interview research. Respon-
dents cited contributing data on Stack Overflow, Reddit, and
HackerNews much less. When analyzing the frequency of
data contributions, most respondents report Facebook and
Instagram were where they contributed data the most fre-
quently.

Data Use Awareness (RQ2)

We asked respondents what experiences informed their cur-
rent data sharing practices. For those who provided a re-
sponse, we found two dominant themes: professional or edu-
cational background (9) and media or informational sources
(9). For most responses that related to professional or edu-
cational background, data practices stemmed from having a
technical or research background. However, for one respon-
dent, the practices in a previous employment setting influ-
enced his practice of reading terms and conditions, stating “,
T'used to work for a company that had some insidious clauses
in their terms and conditions. Since then I do the best I can



to read terms and conditions as it pertains to EULA (End
User License Agreement).”

For many respondents, social media and the news in-
formed their data sharing practices. More specifically, re-
spondents reported seeing information on news and me-
dia platforms regarding the things to be aware of regarding
their data. One respondent noted that watching “The Social
Dilemma”, a documentary that sheds light on the unintended
consequences of social media and modern technology. 2

Another theme that emerged was the impact of negative
experiences on data contribution practices (6). One of the
most common negative experiences was with online scams.
One respondent elaborated on how experience with scams
impact her practices:

“I have had about 5 instances of my bank account
or social media being hacked. I've received notifica-
tions from a software I pay for that my personal data
is on the dark web. Knowing where sensitive pieces
of information not only live but have the potential of
showing up is extremely important to me. I've also
seen what happens when someone’s identity is stolen;
it’s terrifying. ”

We found that most of our respondents were aware that
their data may be used without their permission or con-
sent. In fact, we observed a high correlation between aware-
ness of data use without explicit consent by both researchers
and for-profits. As put by one respondent “, I have been
scammed a lot online, so I generally assume that use of the
internet comes with a risk to my data and privacy.”

Comfort with Contributing Data (RQ3)

Most respondents reported being comfortable with or in-
different towards their data being accessed or used for re-
search, as long as consent or permission was obtained (36).
Even with consent, many of our respondents reported be-
ing uncomfortable with for-profit companies using their data
(31). This finding directly contradicts conclusion from prior
work (Gilbert, Vitak, and Shilton 2021) that users are more
wary of data collected for research purposes. Our study fo-
cused specifically on Black and Brown populations, while
Gilbert et al. did not report race or ethnicity in their de-
mographics, making it impossible to determine the racial
composition of their sample. This limits our ability to fully
understand whether the contrasting findings reflect method-
ological differences, population-specific attitudes toward re-
search participation, or other factors. Our findings suggest
that Black and Brown communities may demonstrate com-
fort with research participation when proper consent pro-
cesses are followed.

When asked about data access and use without explicit
consent or permission, an overwhelming majority of our re-
spondents reported being uncomfortable (46). Even more
reported being uncomfortable with for-profit companies ac-
cessing and using their data without consent (51).

Along with consent, respondents indicated other factors
that contributed to their comfort with use of their data.

“https://thesocialdilemma.com/the-dilemma/
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Most common among respondents was the desire for trans-
parency regarding data collection, analysis, and out-
comes (51), followed by trust in the source or organiza-
tion (45), familiarity with the source or organization (40),
and efforts to explicitly acquire consent, including how
specifically the data will be used, at some point prior to
using your data (39). Despite concerns regarding data col-
lection and use, one respondent noted its necessity stating, “/
dislike this entire system of gathering information but when
done well it can help unlock funding for vulnerable groups
so it is a necessary evil even if imperfect. I support improv-
ing the designs of such projects for my community, many of
us do.” As implied by our findings regarding consent, most
respondents are not comfortable with their data being col-
lected and used without consent. However, for some respon-
dents familiarity with the source or organization (20), trust
in the source or organization (19), transparency regard-
ing data collection, analysis, and outcomes (19), and ef-
forts to explicitly acquire consent, including how specif-
ically the data will be used, at some point prior to using
your data (17) would increase their comfort without con-
sent being obtained.

While some respondents would just “prefer it not being
used at all,” many shared what it would be helpful to know
when it comes to their data being accessed and used. The
most common concerns among respondents were how data
is protected and what data is being used and why. While
it is not uncommon for data collection efforts to provide in-
formation on how data is protected, this was still a com-
mon consideration among respondents. This may be due to
the fact that many users “often don’t review that closely be-
cause the information is dense and hard to access.” One re-
spondent noted that they would like a “warning label” that
summarized any concerns they should have regarding their
data being access and used. Another respondent expanded
on this notion, stating, “Having a quick easy way to review
my data safety like a check up and a recommendation for
who to quickly ‘unsubscribe’ from my data...if that exists.”
Another respondent noted that it would be helpful to have
“publicized reports that are centralized on what information
you have given permission to be collected.”

Most respondents provided blanket responses regarding
the desire to know what data is being used and why, mak-
ing statements such as “knowing the scope of where my data
will be used” and “why they need it”. However, some re-
spondents provided more specific considerations for build-
ing their trust in data collection and use. One respondent
preferred specific insights into “how [the data] is being used
to effect my demographic.” Another stated that they “would
like to know where to find the results” of when and how their
data has been used.

Discussion & Future Work

Our efforts thus far have provided insights into the experi-
ences and perceptions of Black and Brown tech users when it
comes to contributing their data for use in research and tech-
nology. While our findings overlap with insights from prior
works, to our knowledge, ours is the first effort to engage



and acquire insights from Black and Brown tech users re-
garding their data. Below we discuss some of these insights
and our plans for building on this foundation.

Appropriateness & Distribution Norms

One of the most dominant themes in our efforts thus far is
that Black and Brown communities may be more willing
to contribute data for research than data for-profit. While
prior work has examined and provided insights into end
user perceptions of research data collection and use more
broadly (Tenopir et al. 2011; Kyi et al. 2024), our find-
ings provide empirical evidence for specific contextual pri-
vacy norms that shape research participation among Black
and Brown communities, offering actionable insights for re-
searchers seeking to conduct more inclusive studies. Build-
ing on Nissenbaum’s theory of privacy as contextual in-
tegrity (Nissenbaum 2004), we identified distinct appropri-
ateness norms and distribution norms that can guide fu-
ture research practices.

Our participants articulated specific expectations regard-
ing what information is suitable to share for research pur-
poses, revealing clear appropriateness norms for research
contexts. Most prominently, they require clear articulation
of research purposes, with particular emphasis on under-
standing what data is being used, why and how that data
would be used to impact their own communities. This sug-
gests that research appropriateness norms in these commu-
nities prioritize community relevance and benefit, and that
it is extremely important for researchers to explicitly and in-
tentionally connect their work to community outcomes and
demonstrate tangible value for participants’ communities.

Participants also expressed expectations about how infor-
mation should flow and be managed once shared, reveal-
ing important distribution norms for ongoing engagement.
These norms emphasize the significance of transparency
regarding how data is protected, accessible communication
through simplified summaries or “warning labels,” ongoing
visibility into data use through centralized reporting mech-
anisms, and access to research outcomes. These expecta-
tions reflect a preference for sustained relationships rather
than one-time data transactions, suggesting that effective re-
search partnerships require continuous engagement and ac-
countability.

These findings suggest concrete strategies for researchers
seeking to respect these contextual norms. Appropriateness
norms can be honored by explicitly articulating commu-
nity benefits, connecting research questions to community-
identified priorities, and demonstrating how findings will be
used to address relevant issues. Distribution norms can be
respected through iterative engagement practices, accessi-
ble reporting mechanisms, and transparency tools that al-
low ongoing monitoring of data use. Our work demonstrates
how contextual integrity theory can be operationalized in re-
search practice by identifying the specific contextual norms
operating in Black and Brown communities around research
participation, providing a framework that other researchers
can adapt and apply.
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Trust Building & Iterative Engagement

Trust emerges as a critical factor shaping data contribution
behaviors among Black and Brown communities, as evi-
denced by our findings. Respondents emphasized that trans-
parency, familiarity with data-collecting organizations, and
explicit consent mechanisms are essential to their willing-
ness to share data. These observations align with existing re-
search in human-computer interaction (HCI) that highlights
trust-building as central to fostering engagement, particu-
larly through culturally-informed design and clear commu-
nication about data use (Harrington and Egede 2023; Kim
et al. 2022). Trust is especially vital given the historical ex-
ploitation of historically marginalized communities through
biased surveillance systems and discriminatory technolo-
gies, such as facial recognition and algorithmic profiling,
which perpetuate inequities (O’neil 2017; Buolamwini and
Gebru 2018; Markl 2022; Baack 2024; Chen, Johansson,
and Sontag 2018; Lin et al. 2020; Asudeh, Jin, and Jagadish
2019). Without mechanisms to demonstrate accountability
and mitigate concerns about misuse, these communities re-
main wary of data contribution efforts.

Our findings further underscore the importance of iter-
ative engagement in building and maintaining trust while
encouraging sustained data contributions. Many respon-
dents expressed dissatisfaction with the “one-time consent”
model, which provides little visibility into how their data is
used over time. Instead, they advocated for ongoing updates
about the impact and outcomes of their contributions, rein-
forcing the value of continuous feedback as a trust-building
mechanism in HCI and information sciences (Schlesinger,
O’Hara, and Taylor 2018; Wenzel and Kaufman 2024). Iter-
ative engagement ensures transparency and empowers par-
ticipants to make informed decisions. This aligns with user-
centered design principles, which prioritize accessible com-
munication methods, such as visual dashboards, summa-
rized reports, or automated alerts that are culturally relevant
and easy to understand (Liao and He 2020; Stasaski, Yang,
and Hearst 2020). These approaches address the opacity
of algorithmic systems, which disproportionately marginal-
ize communities by obscuring data practices and decision-
making processes (Mengesha et al. 2021; Kim et al. 2022).

Beyond transparency, iterative engagement fosters pro-
longed participation by allowing community members to
provide input and observe how their data influences research
and technological development. This feedback loop adheres
to participatory design principles, which have been shown to
improve ethical alignment and promote trust in data-centric
innovation (Stasaski, Yang, and Hearst 2020; Harrington and
Egede 2023). Respondents noted that receiving regular up-
dates on how their data is utilized and seeing visible ac-
countability for ethical data use increased their confidence
in contributing data. Such practices are particularly critical
for improving the diversity of datasets, as representative data
is essential to reducing algorithmic bias and advancing eq-
uitable technological outcomes (Kostick-Quenet et al. 2022;
Sweeney 2013).

These insights have significant implications for re-
searchers, technologists, and policymakers. Researchers
must incorporate iterative updates into their study proto-



cols to maintain transparency and trust with participants.
To implement these practices effectively with Black and
Brown communities, adopting transparency-enhancing de-
sign patterns (Rossi and Lenzini 2020) that emphasize user-
centric communication, appropriate timing of information
provision, and iterative engagement throughout the research
process can provide concrete tools for implementing the
transparency and trust-building principles our participants
identified as essential. Technologists should design systems
that facilitate two-way communication and allow users to
monitor data usage in real-time, while also incorporating
culturally-sensitive design features to enhance engagement.
Policymakers, in turn, can establish accountability frame-
works that mandate iterative engagement as a standard for
ethical data practices. Such measures not only address his-
torical inequities and rebuild trust but also ensure that Black
and Brown communities are active stakeholders in shaping
inclusive and equitable technological advancements (Koe-
necke et al. 2020; Wenzel et al. 2023). By implementing
these approaches, organizations can build trust, address his-
torical inequities, and ensure that Black and Brown com-
munities are active and valued contributors in shaping equi-
table, inclusive technological advancements.

Next Steps

The overarching aim of our research agenda is to investi-
gate the causes of underrepresentation and misrepresenta-
tion of Black and Brown identities and experiences in data-
centric innovation and to develop strategies to address these
inequities, fostering more equitable outcomes. Thus far, our
efforts have yielded valuable insights into the perspectives
of technologists and historically marginalized end users re-
garding data and technology.

Building on these foundational findings, we have refined
our research agenda to better understand and operational-
ize the principles required for responsible innovation that
ensures equitable benefits for Black and Brown users. Our
next steps involve collecting additional survey data to de-
velop intersectional personas that capture the nuanced pri-
vacy norms and data contribution preferences we have iden-
tified. While our current findings reveal general patterns
among Black and Brown communities, we recognize that
contextual privacy norms likely vary across intersections
of race, gender, age, education, socioeconomic status, and
other identity factors. To conduct meaningful intersectional
analysis, we need to expand our survey reach to gather suffi-
cient data across these various intersectional categories. This
larger-scale data collection will help move beyond broad de-
mographic categories toward understanding how multiple
identity factors shape data contribution attitudes and trust-
building requirements, providing researchers and technolo-
gists with more guidance for improving diverse represen-
tation in datasets. As part of this agenda, we are also con-
ducting semi-structured interviews with technologists to ex-
amine their experiences in seeking and using representative
BIPOC data. In parallel, we plan to conduct follow-up inter-
views with survey participants who opted in to gather deeper
insights into the perceptions and experiences of Black and
Brown communities regarding data contribution.
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The insights from these interviews will inform the design
of a series of workshops that will bring together technolo-
gists and end users in both homogeneous and heterogeneous
group discussions. Findings from our current work have al-
ready revealed potential interventions to enhance trust and
engagement within Black and Brown communities. These
workshops, supported by insights from this study, will serve
as a platform to further refine these interventions and ex-
plore co-design activities. Through this iterative process, we
will synthesize potential solutions from the end-user per-
spective with feasibility considerations from the technolo-
gist perspective, laying a foundation for actionable, inclusive
practices in data-centric innovation.
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