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Abstract

Despite the popularity and societal relevance of
online dating, an absence of available data has made
it difficult to understand how people meet and interact
online. The few studies that do exist have largely failed
to focus on women of color, despite broad consensus
that online dating spaces are particularly toxic and
unwelcoming for those users. To study such experiences,
we created synthetic Tinder profiles featuring a racially
diverse set of female stock photo models to see how
they fared in the Tinder ecosystem. Profiles featuring
White women received more matches and slightly more
messages, but all profiles received similar message
content. We discuss the implications of our results and
limitations of our approach.

Keywords: online dating, toxicity, race, ethnicity,
gender

1. Introduction

No conversation about American romance is
complete without mentioning online dating. Online
spaces are the most common places for Americans to
meet a romantic partner [1] and 30% of adults in the US
(48% of adults under thirty) report using a dating site or
app [2]. As dating shifts onto the internet, it has become
increasingly important to understand users’ experiences
online.

Online dating extends the sociotechnical evolution of
romantic partnering, mate-seeking, and marriage in the
digital age [3]. However, dating platforms do not benefit
everyone equally [4-13], and scholars acknowledge the
prevalence of racial preferences in online dating [3,
13-16]. The presence of racialized dating behavior is
especially significant for the study of racial demography
[17], racism [18-21], and the intersectional study of
gendered experiences with dating technologies [22-24].

Unfortunately, a lack of transparency and data
sharing from online dating platforms limits academic
research, leaving open questions about online daters’
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experiences.  This is especially true for women,
particularly women of color, which have rarely been the
focus of prior work.

This paper addresses this gap by using a racially
diverse panel of eight manufactured female profiles to
examine how male Tinder users behave towards women
with different racial identities. We use quantitative and
qualitative techniques to categorize and measure that
behavior. Our main contributions are:

e We present a mixed-methods approach to
studying user experiences that can be applied to
online dating platforms in future work.

* We find that profiles featuring White women
received more matches and slightly more
messages, suggesting that behavior on Tinder
replicates traditional beauty standards and racial
hierarchies of desirability.

* However, non-White profiles do not receive
lower-effort or more toxic messages, and most
messages are short and highly similar (e.g. “hi”).

e Examining the use of words associated with
beauty norms to trace patterns of fetishization,
we find that messages sent to Black profiles are
most likely to contain the words “beautiful” and
“gorgeous,” while messages sent to Asian profiles
disproportionately contained the words “hot” or
“cute.”

The rest of the paper is organized as follows.
First, we briefly review existing critical thought on
the interplay of race and gender in online dating to
frame our analysis (§ 2). Next, we expand on ethical
considerations and our research methodology (§ 3). We
then compare match and message rates, effort levels,
toxicity, and the frequency of attractiveness-related
words across the four racial groups represented by
our profiles. (§ 4). We conclude by discussing the
implications of our results and the limitations of our
analysis. (§ 5).
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2. Background

We draw on interdisciplinary literatures to explore
online dating (§ 2.1), racialized constructions of
desirability (§ 2.2), and intersectional theories of gender
and masculinity (§ 2.3).

2.1. Online Dating

Online dating has many advantages over older
methods. For example, digital dating can give users
access to people outside their conventional social
networks [25]. Relationships that begin online may
be stronger, since individuals are forced to consider
their needs and desires before expressing them through
their profile [26-28]. Perhaps as a consequence, both
heterosexual and LGBTQ+ daters increasingly rely on
online dating platforms to seek out mates [1, 12, 29-31].

However, online dating also has drawbacks. Users
must rely on limited social cues to vet potential
partners, and may supply imagined or hoped for
information [32-34]. Online daters may show higher
interest only because of the unconstrained ability to
fantasize about romantic possibilities [35]. Furthermore,
users may selectively present information in their
profile to perform an aspirational version of the
self [32-34]. Such relationships may end suddenly
with disillusionment or anger for either party when the
self-presentation illusion breaks [36]. This may be why
72% of users report being “ghosted” and 64.5% report
“ghosting” a partner [37].

Among studies most closely related to our work
are a qualitative study examining how design features
can contribute to bias and discrimination in online
dating platforms [23] and two empirical studies that
measure Tinder’s user base and bot population [38, 39].
The qualitative study highlights how different design
features and affordances can create inequities in online
dating platforms, and suggests ways to reshape troubling
patterns of intimate contact without overriding user
autonomy [23]. The first empirical study uses a similar
panel of manufactured accounts to report general user
descriptives and differences between male and female
Tinder users [38]. The second empirical study uses a
“honeypot” approach to collect and evaluate matches,
finding that 23% of those accounts are bots [39].

Despite their pitfalls, online dating platforms have
been widely adopted across racial, class, and economic
strata. However, little is known about how online dating
platforms impact non-White or non-male users.

2.2. Race, Intersectionality, & Normative
Desirability

This paper adopts an intersectional approach
predicated on the existence of racialized and gendered
hierarchies of desirability, beauty, and attraction. These
hierarchies are rooted in White and Western hegemonic
ideologies of racial superiority and patriarchy [40, 41]
and frame individual preferences, both explicitly and
implicitly [42].

While studying racial preference among White
heterosexual college-aged Tinder users, social scientists
find that very few respondents use explicitly racist
language to justify racial preferences [43]. White
daters use the framing of “similar interests” to refer to
perceived racial differences based on stereotypes [44].
These patterns of racial reasoning in online dating have
been noted by scholars across disciplines [3, 4, 13, 15,
17, 19].

Some cite homophily as the primary reason White
daters prefer other White individuals [45, 46]. But
others argue that homophilous preferences are only
relevant for White daters in long-term contexts (e.g.
marriage and child-rearing) [47-49]. Racial homophily
may also be less prominent in primarily sexual
relationships [17]. It may be both desirable to have a
physical relationship with someone of another race and
undesirable to date them.

Regardless, the gamification of swiping can obscure
the recognition of internalized biases about sex, gender,
and race [4]. A seemingly morally neutral set of dating
preferences may result in damaging behavior.

2.3. Gender & Toxicity

Digital studies scholars insist that the internet
perpetuates hegemonic masculinity across digital
spaces [9, 10, 50-53] and that men often use online
dating platforms to affirm gender roles and express
toxic masculinity [9, 10, 50-53]. Harassing sexual text
messages can position women as sexually subordinate
[9], result in psychological harm [22], and demonstrate
disregard for female desire [36].

The semi-anonymity afforded by online dating may
cause disinhibition: the propensity to act in ways one
would not offline [52, 54]. Online disinhibition can
lead to crime, threats of violence, harassment, and
unsolicited sexual messages [36, 51]. Simply put, men
may act badly toward women online because they feel
free from social consequences. Similarly, disinhibition
and toxicity may thrive on online dating platforms
because of their sexual and unregulated nature [4, 9, 10,
27, 53]. Tinder may be a “toxic technoculture”: a digital
space where heteronormative toxicity is an expected
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pattern of behavior [55].
2.4. Fetishization & Attractiveness

While some daters avoid encounters with people
of color, others employ racialized logic to seek such
encounters. Racial fetishization can occur when explicit
racial preferences are built on racialized stereotypes or
physical features. Racial fetishization can dehumanize
women, treating them like a commodity or experience.
Racial fetishization is well documented across the
internet and is particularly prevalent in online dating [6,
15,17, 48, 56, 57].

Terms used to describe attractiveness like “beautiful”
and “gorgeous” can converge with racial stereotypes and
fetishization. Historians note that White women are
the most “beautiful” because they are positioned as the
opposite of Black women [40, 58]. Hence “beautiful”
and “gorgeous” are positioned as the peak of desirability
and attraction.

Some argue that the contemporary “cute” aesthetic
is rooted in Japanese culture [59] and is used to
connote smallness, softness, youthfulness, innocence,
and round feminine features [60, 61]. Hence, the
male description of women as “cute”, particularly Asian
women, can convey a gendered power relationship and
social commentary on ideal womanhood [61].

Last, biologists contend that “sexy” describes a
woman’s suitability as a potential sexual partner [60].
Sociologically, ‘“sexy” traditionally describes both
sexual attraction and an idealized physical body: strong
yet thin, muscular but not masculine, and shapely but
not fat [33, 62, 63].

3. Research Methods

In this section, we explain important ethical aspects
of this work (§ 3.1) before describing our panel (§ 3.2)
and data collection method (§ 3.3). Finally, we explain
how we present and analyze the resulting messages
(§ 3.4) using a grounded theory approach (§ 3.5).

3.1. Ethics

We discussed relevant ethical considerations before
proposing our methodology and throughout the data
collection process [64]. We adopt a stance of reparative
research ethics: acts of reparation aim to address
historical marginalization, but also attempt to limit
future harm for marginalized groups [65, 66]. Because
Tinder provides only limited protection for victims of
racial or sexual harassment, research that uncovers
platform toxicity is fundamentally reparative. Moreover,
the benefits of knowledge gained from this work

outweigh the relatively small risks presented.

Our panel of profiles is also small compared to
prior work [38, 39]. It is therefore unlikely to impact
the normative user experience, especially given the
high baseline prevalence of bots on Tinder (23% of
users attracted through a “honeypot” approach were
classified as bots [39]). Furthermore, our manufactured
accounts never respond to any messages. Since initial
messages on Tinder are often unreciprocated [38], our
manufactured accounts behave like many real accounts.
Therefore, we believe that our manufactured profiles do
negligible harm.

Given the sensitive nature of our data, we obtained
IRB approval for our study, stored the data on a secure
server, and will not release any raw data. Similarly,
given the potential for misuse, we will not publicly
release our code.

3.2. Manufactured Account Panel

We created eight manufactured profiles representing
Asian, Black, Latina, and White women (two profiles
for each racial category). Each profile contained
three pictures featuring the same stock photo model, a
fictitious name, an age, and a short text biography. We
used two popular stock photo services to find models
that had at least three photos and could reasonably fit
one of our four racial categories. These models may
not resemble typical Tinder users, and like any set
of individuals, are not representative of their assumed
racial group. Regardless, this approach allowed us
to ethically and easily create profiles with explicitly
different racial and ethnic backgrounds.

Our Asian, Black, and White profiles were named
based on prior work [67, 68], and our Latina profiles
received names from a popular baby-naming website
[69]. Each profile was listed as 25 years old and had
Tinder’s default filters enabled, so they only saw users
registered as male, between 18-35 years old, and within
50 miles. Each profile had an intentionally generic text
biography (“If you want to know, just ask.”)

3.3. Automating Online Dating

Our software allowed us to: (1) automatically log
in and swipe through Tinder’s profile recommendations,
(2) collect ranked lists of profiles available in an area,
and (3) collect the matches and messages received by
our manufactured profiles.

We created a separate Tinder account for each
profile, then used Selenium to navigate Tinder’s desktop
website. Each account indicated interest (“swipes
right”) on every encountered user until reaching Tinder’s
swipe limit for free profiles. If any user reciprocated,
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Tanisha 25 Tanisha 25

Tanisha 25

If you want to know, just ask If you want to know, just ask. If you want to know, just ask.

Figure 1. One of the eight manufactured profiles.
Each profile had three pictures of the same stock
photo model.

a match was made and the user could message our
manufactured profile.

After logging in, Tinder provided a browser cookie
that enabled access to several unofficial API endpoints
seemingly designed for internal usage. These endpoints
returned a list of nearby profiles (users that would have
been shown to our account), a list of current matches,
and a list of current messages. These detailed and
structured data helped us avoid laborious web-scraping.

3.4. Data

Our eight manufactured profiles were active during
November 2020 in a large metropolitan area in the
northeastern United States. During that time, they saw a
total of 40,921 profiles (11,152 unique profiles). The
manufactured profiles swiped right 10,427 times and
successfully matched 4,638 times (44%). Of those
4,638 matches, 1,997 resulted in a message (43%).
Some users encountered multiple manufactured profiles;
accordingly, the 1,997 messages observed came from
1,541 unique users. The average Tinder user who
expressed interest in our manufactured profiles was 26
years old and had five photos in their dating profile.

Generally, users that matched with or messaged our
profiles were older than the overall population of users
seen (Figure 2). The majority of sampled profiles’
biographies were 100 characters or less, matching [38]’s
results. The average non-blank biography contained
108.1 characters.

3.5. Grounded Theory Analysis

To qualitatively analyze messages, we use
the grounded theory paradigm, one of the most
common qualitative approaches.  Grounded theory
involves systematic coding and can generate new
ideas and theory about previously unexplored social

phenomena [70].

Following best practices in qualitative coding,
each author independently read all 1,997 messages.
Then, we coded the entire message corpus, yielding
approximately 30 raw codes between the three authors.
As we eliminated and collapsed redundant codes, we
produced two main themes: 1) attempts to initiate a
conversation and 2) language referencing the profiles’
attractiveness.

Afterwards, we individually coded for “language of
attractiveness” and “attempts to initiate a conversation.”
The latter category birthed our investigation into effort,
and we subsequently created three distinct codes
corresponding to different types of user effort (explained
below.) After the secondary coding process, we met
collectively to compare results and re-code messages. In
total, each author coded the corpus three times. This
process yielded a 0.94 Krippendorf alpha measure of
intercoder reliability.

3.6. Apparent Effort

Through our grounded theory approach, we find
that the most distinguishing feature of message content
was the apparent amount of effort needed to construct
a given message. Many opening lines on Tinder are
incredibly short. For example, the three most popular
messages (“Hey”, “Hi”, and “Heyy”) constitute 8%
of all messages collected, a finding consistent with
prior work [38]. The brevity of these messages may
be attributed to the sender’s lack of effort. For
example, heterosexual men may invest less energy into
sending well-crafted messages because the probability
of reciprocation is low [71, 72].

Message effort levels may correlate with the
perceived race of the reader. Some scholars suggest that
users write higher-quality messages to profiles they find
more attractive [73]. As mentioned previously, many
studies find that Black women are least desired [4, 48,
49, 74, 75], but several of these studies note that though
measures of attention (measured in messages sent and
received) are lower for Black women, Black women
do not always perceive lower attention. Still, other
scholars note that the quality of contact is likely lower
for Black women due to encounters with fetishization
and racism [4, 15].

4. Results

In this section, we examine differences among the
four racial groups our eight profiles represent in four
categories: match and message rates (§ 4.1), effort
levels (§ 4.2), message toxicity (§ 4.3), and fetishizing
language (§ 4.4).
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Figure 2. Age distribution of users that our
profiles saw (blue), matched with (green), and
received messages from (orange). Although the

range presented here is bounded by the age filters
of our manufactured profiles (Tinder’s default),
1% of messages and 1% of matches received came
from users outside these age ranges.

Cumulative distribution of text biography lengths
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Figure 3. Cumulative distribution function (CDF)
for the number of characters in user biographies. In
total, 29% of users seen by our manufactured
profiles have a blank text biography, similar to the
30% found in prior work [38].

4.1. Match and Message Rates

The users our profiles encountered (aged 18-35,
male, within 50 miles) were most likely to match
with our White-presenting profiles. If matched, White
profiles were most likely to be messaged (Figure 4).

As noted previously, many scholars claim Whiteness
stands atop the racialized desirability hierarchy [5, 30,
40]. Our results support that claim: presumably, a
greater proportion of male users matched with our
White profiles because they view White profiles as more
desirable than non-White profiles. Differences among
non-White profiles, however, are less obvious. Many

Match and message likelihood across racial categories
0.6

7w Asian
Il Black
0.5{ WEm Latina
e White

Match percentage Message percentage

Figure 4. The left bar chart represents relative
match rates; for example, 31% of Tinder users who
saw an Asian profile “swiped right” on that profile.

The right bar chart represents relative message rates:
of all users who matched with an Asian profile, 38%
sent a message.

studies claim that Black women are the least desired
dating demographic [4, 48, 49, 74, 75], but our two
Black profiles matched more frequently than their Asian
or Latina counterparts. Some place Asian women closer
to White women on the normative desirability scale
[20], but our Asian profiles received the fewest matches
(almost half as many as White profiles).

Although our White profiles obtained more matches,
their advantage in message rates is more muted
(Figure 4). Latina profiles also have a slight message
rate advantage over Asian and Black profiles, but the
likelihood of receiving a message (conditional on being
matched) is generally similar across racial categories.

4.2. Effort Scores

We hand-coded messages using a customized
effort rubric developed through the grounded theory
process.  The rubric contains three nonexclusive
message categories; a message receives one point
for each category it belongs to. The first category
refers to “conversation starters”: questions, jokes, or
pickup lines that attempt to create a back-and-forth
dynamic, e.g. “So how about the weather?” The
second category covers “customized” messages: these
messages reference specific parts of the recipient’s
profile, e.g. “[I like] your makeup. The eyeliner in the
2nd photo especially.” Messages in the third category,
“immediate action”, suggest an in-person activity or
date. Some daters, while perfectly happy to message
women of color, may be reluctant to actually meet in
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Effort breakdown by racial group
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Figure 5. The horizontal bar chart shows the
distribution of effort scores. The vertical bar chart
shows that effort scores vary little across individual

profiles, not just racial categories.

person [43].

About half (53%) of messages do not fall into any
of these categories (these messages tend to be short
greetings like “hey” or “Good afternoon!”). 38% of
messages fall into just one of the three categories above.
6% are represented by two categories and only one
message fits all three categories simultaneously.

The two White profiles received messages with
slightly higher effort scores than their non-White
counterparts, while Latina profiles get the lowest scores
(Figure 5). However, each profile generally experienced
the same level of effort in messages received.

Of course, even lengthy or detailed messages do
not necessarily represent increased effort by the sender.
Different senders may require different levels of effort
to construct personalized messages; some senders may
simply reuse long messages. Among the 300 Tinder
users who sent messages to two or more of our synthetic
profiles, 60 (20%) sent the exact same message multiple
times. We use the average edit distance between
messages to measure the similarity of messages sent
by the same user. For example, one user said: ‘“Hey
Amy! You’ve got gorgeous eyes, just like pearls”, “Hey
Tanisha! You’ve got a cute and attractive smile [smiling
emoji]”, and “Hey Molly, you’ve got eyes like little
gorgeous pearls [smiling emoji].”

Across the three pairwise comparisons possible
across these three messages, the average normalized
Levenshtein edit distance is 0.579, indicating high
similarity. To illustrate how similar most messages are:

Edit distances between messages from the same sender
60 -

0.0 0.2 0.4 0.6 0.8 1.0
Average normalized Levenshtein distance

Figure 6. The distribution of average edit distances
across users who sent messages.

Cumulative distribution of message toxicity levels
1.00 A

0.75 A

0.50 1

0.25 1

0.00 -

0.0 0.2 0.4 0.6 0.8 1.0
Toxicity level

Figure 7. The distribution of toxicity across
messages is heavy-tailed: a small number of messages
account for most toxic language.

only 39% of message senders have an edit distance
under 0.5.

We find that message senders do not tend to
change their message strategy between profiles, despite
apparent racial differences. Given the racial disparities
in match rates, the lack of racial difference in effort
levels is surprising.

4.3. Toxicity

Toxic masculinity has many forms, but is most
commonly expressed online through text. We take
advantage of recent advances in text classification by
using Jigsaw’s (still experimental) Perspective API to
classify toxic messages [76]. Perspective assigns
toxicity scores by comparing a given message to other
pieces of text classified by a human as toxic.

According to Perspective, the corpus of messages
is not particularly toxic: the average message is given
a 0.12 toxicity score (where 0 is no toxic language).
For reference, Perspective assigns “Hey there gorgeous
how are you?” a toxicity score of 0.09. Only 5% of
messages score above a 0.4. Moreover, these averages
do not differ dramatically between racial profiles. While

Page 2046



Relative word prevalence among sent messages

0.08
74 Asian
0.07 B Black
Bl Latina
W White

g
=}
>

g
=
o

o
o
=

g
o
@

o
o
N}

o
o

Proportion of messages containing given word

o
o
)

"cute" "beautiful" "hot" "sexy" "pretty" "gorgeous"

Figure 8. Differences in word frequency across
profiles. Misspellings are not considered (e.g.
“baeutiful”), but alternate forms are (e.g. “cuter”.)

messages sent to our Black profiles received an average
toxicity score of 0.113, messages sent to White profiles
scored an average of 0.126.

Ideally, users encounter no toxic language; even a
few toxic messages can do harm. Although these results
provide valuable context, it is important to note that
automated text classification is difficult, especially on
murky phenomena like toxicity [77]. Perspective is built
to improve discussion quality, not evaluate pickup lines;
its training data come from Wikipedia and the New York
Times’ comment sections. It is possible Perspective
fails to detect toxicity that is more common on dating
platforms. For example, messages like “hola sefiorita”
or “Qué guapa” are not explicitly toxic, but highlighting
the receiver’s ethnic background might be unwanted
fetishizing behavior.

4.4. Racial Fetishization & Attractiveness
Words

To measure racial fetishization, we choose several
words commonly used to reference attractiveness. As
mentioned in § 2.4, certain words can have fetishizing
connotations. We then measure the relative frequency
of these words in messages sent to our profiles.

Figure 8 suggests refrained optimism and a
complication of traditional beauty standards. Black
women in our study are most often described as
“beautiful” and “gorgeous”; words that represent the
pinnacle of attraction in American society.

However, Asian women are most likely to be called
“hot” or “cute”, suggesting that Asian women are both
sexually desirable yet innocent and childlike. These
results affirm existing research on the fetishization
of Asian women in the dating marketplace [56, 75].

Furthermore, they bolster findings that Asian women
can be White-adjacent subjects of desirability [48, 49,
74, 75].

5. Discussion, Implications, & Limitations

In our panel, White accounts are more likely to
receive matches and slightly more likely to receive
messages, yet effort and toxicity levels are relatively
constant across accounts. Why do these results differ?
It is possible that similar effort and toxicity levels
indicate shifting racialized beauty ideals. Cultural
norms and preferences are not completely static; dating
behaviors can change over time. However, our results
also highlight inconsistencies in sexual racism already
described by the literature.

Sexual racism can portray women of color both as
low-value partners and sexually appealing taboos [5,
31]. A user may desire Asian women because of
supposed exoticism but hold racist expectations about a
potential match’s body and their adherence to racialized
sexuality scripts. Similarly, Black women may be
viewed as attractive (Figure 8) in the short term but less
desirable as long-term partners due to racist norms that
portray Black women as sexually deviant, hypersexual,
and unsuitable for marriage [17].

Furthermore, the high prevalence of low-effort
messages makes it difficult to detect meaningful
variation between profiles. Regardless of race, most
women usually just get hey”. Since our manufactured
profiles have uninformative text biographies, it may be
difficult for male users to send high-effort messages
based on rapport or shared interests. (Although many
real female profiles are uninformative; [38] find that
40% of female biographies are blank.)

Other limitations may explain our accounts’
homogenous experiences. First, any message analysis
can only consider the subset of users already matched
with our profiles, who may be less biased or toxic.
Second, we may miss potential toxicity and racial
bias present in longer conversation (not just initial
messages). Indeed, previous work has found racial
toxicity and harassment in lengthier exchanges between
white men and women of color [15, 36].

Third, we only use two models to represent an
entire racial group; models and their photos’ individual
quirks may outweigh any broader racial effects. In
addition, stock photos feature professional photography
and models, raising the quality and attractiveness of the
profile and potentially flattening out racial differences.
Future researchers could rely on a larger panel of
manufactured accounts, or try creating multiple profiles
using the same stock model. Varying the profile’s
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biography, skin tone, or photo background while
keeping the stock model constant could isolate the
causal impact of any profile tweaks.

Fourth, any analysis of online dating must also
consider the algorithmic processes that govern users’
choice architecture [23, 57]. Tinder and other platforms’
recommendation systems rely on hundreds of unknown
factors, any of which may shape user interactions.
Potentially toxic users may have been algorithmically
steered away.

Fifth, our study is also limited temporally and
geographically. Users in other areas might exhibit more
racial bias or toxicity; even the same users might behave
more poorly on different dating platforms.

Finally, it would be academically valuable to
know the racial identity of Tinder message senders.
Senders’ racial preferences are likely correlated with
senders’ racial identities. However, current race
detection methods (conducted by software or by
humans) are often inaccurate, biased, and ultimately
unhelpful [78-81]. Future attempts may be able to
thoughtfully assess other users’ racial identities.

6. Conclusion

This paper presents results from a panel of
manufactured accounts that illuminate the experiences
of women of color on Tinder. Our results affirm
some previous findings in the online dating literature:
White profiles received more matches and slightly more
messages. However, despite visible racial differences,
all profiles received messages with approximately the
same amount of toxicity and effort.

Despite the limitations of our approach, we believe
these methods may be valuable for future scholars.
At the same time, we hope that future research does
not have to rely on these methods: Tinder and
other dating platforms should collaborate with the
broader research community. Manufacturing profiles
and accessing unofficial endpoints is cumbersome and
time-consuming; both practical and ethical constraints
drastically limit the scope of potential research.

We know that privacy concerns, legal requirements,
and market competition make increased transparency
difficult for companies like Tinder. Nonetheless,
platform transparency is crucial for careful and informed
scholarship on women of color.
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