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Abstract

Discriminatory preferences in housing markets are difficult to observe, let alone quan-
tify. In Moscow’s rental market, however, landlords openly state racial preferences: we
find that 20% of listings include explicit ethnic criteria. Using a novel high-frequency
dataset, we show that listings with overtly discriminatory language (e.g., “Slavs only”
or “Russians only”) are 4% cheaper than comparable apartments in the same building.
A correspondence experiment reveals that both overt and subtle forms of discrimina-
tion coexist and amplify each other: non-Russian-sounding applicants receive signif-
icantly fewer responses, especially when listings contain explicit bias. Even when no
bias is stated, subtle discrimination persists, although it is considerably weaker. In
areas with less overt discrimination, subtle bias is also less common, which suggests
that when explicit prejudice declines, landlords do not compensate by discriminating
more subtly. Our findings indicate that landlords are willing to bear economic costs to
exclude racial minorities, directly linking prejudice to price differentials.

JEL classification: J15, O18

“University Paris-Dauphine - PSL, Chair of Governance and Regulation: vladimir.avetian@dauphine.psl.eu

*Sciences Po, Economics Department: viktor.veterinarov@sciencespo. fr
We would like to thank Dmitry Arkhangelsky, Manuel Arellano, Roland Bénabou, Sergey Belev, Eric Brousseau, Clément de
Chaisemartin, Pierre-Philippe Combes, Tom Cui, Ellora Derenoncourt, Ruben Durante, Ilya Eryzhenskiy, Roberto Galbiati,
Sergei Guriev, Clément Imbert, Vladimir Ivanov, Andrei Kalk, Pamina Koenig, Benjamin Marx, Sultan Mehmood, John
Nye, Florian Oswald, Stefan Pauly, Nina Roussille, Olga Suchkova, Koen Schoors, Ekaterina Zhuravskaya for their helpful
comments and feedback. We are extremely grateful to our advisors Sergei Guriev, Clément Imbert and Vladimir Ivanov.
We thank Gabriel Benevides for assistance with the collection of data on building construction years. We registered the

correspondence experiment; registration ID: AEARCTR-0014583.


https://vladimir-avetian.github.io/pdfs/Slavs.pdf

1. INTRODUCTION

Societies marked by racial prejudice pay a significant price. Not only do they miss out on
the opportunities that come with the inclusion of diverse residents (Alesina & La Ferrara,
2005; Rohner & Zhuravskaya, 2023), but they also suffer from self-perpetuating inequal-
ity (Derenoncourt, Kim, Kuhn, & Schularick, 2023). This issue is particularly notable in
global cities, which frequently serve as gateways to opportunity (Chetty, Hendren, Kline,
& Saez, 2014). More specifically, a key aspect of city life that can obstruct this pathway is
housing, which is often affected by considerable discriminatory constraints (Christensen,
Sarmiento-Barbieri, & Timmins, 2021; Flage, 2018).

Although prejudice may be omnipresent in many societies, it is often invisible. To
uncover discrimination, researchers have developed a comprehensive set of tools, such
as correspondence and audit studies (Bertrand & Duflo, 2023; Bertrand & Mullainathan,
2004). At the same time, in various countries, the rise of online platforms has made more
blatant forms of discrimination observable, resembling those seen in the United States be-
fore the Civil Rights Act of 1964.! This trend becomes especially noticeable when content
moderation is absent. Except for studies on gender discrimination in labor (Kuhn & Shen,
2013, 2023; Kuhn, Shen, & Zhang, 2020), such overt discrimination has received little at-
tention in the economic literature, despite its presence in other areas, including housing.
While overlooked in the literature, studying directly observable prejudice is particularly
relevant for understanding the impact of racial prejudice on housing markets.

In this paper we draw on the novel high-frequency dataset of Moscow’s rental housing

market, where landlords discriminate explicitly. On the most popular Russian online list-

For example, in the US, where overt discrimination has been illegal since 1964, Craigslist’s Chicago rental
platform in 2006 hosted listings with overt discrimination, with some explicitly stating “NO MINORITIES”,
leading to a lawsuit by the Chicago Lawyers’ Committee for Civil Rights. Although a court ruling absolved
Craigslist of liability for user-submitted content, the platform began moderating and removing overtly dis-
criminatory listings.



ing site, CIAN, at the time of this study, more than 20% of listings included racial require-
ments for tenants. Discriminatory language in listings is typically represented by phrases
such as “considering Slavs? only”, “apartment for Russian tenants only”, “no Asians”,
where in this context, “Slavic” implies a European appearance. The overt discrimination
in Moscow’s housing market is measurable, consistent, represents a significant portion of
the market, and, therefore, may serve as a valuable laboratory for studying discriminatory
constraints and their consequences.

We collect daily snapshots of all available listings during a six-month observational
period and compile an “atlas of prejudice” for Moscow, shedding light on a question pre-
viously difficult for empirical research to access: Does prejudice in the market distort prices
and generate racial differentials in rents? The link between discrimination and racial dis-
parities has been contested in economics since Becker (Becker, 2010; Heckman, 1998; Neal
& Johnson, 1996). Notably, Heckman argued that observed disparities are likely not driven
by discrimination but by differences in group characteristics, such as human capital, social
capital, or selective participation in markets. Today, both discrimination — such as differ-
ences in response rates between minority and majority applicants — and rent differentials,
in which minorities often pay higher prices for the same units, are well-documented in
numerous studies (Christensen et al., 2021; Early, Carrillo, & Olsen, 2019). Yet, the link be-
tween these two phenomena remains unclear due to the elusive nature of discrimination.
This is the gap we aim to address in the present study.

Even when discrimination is directly observable, estimating its effect on prices remains
challenging. For instance, in Moscow, more upscale areas tend to show lower levels of dis-
crimination. Additionally, different segments of the market may attract varying demand

compositions, including by race, which is also likely correlated with the level of discrim-

*The term “Slavs” in this context is loosely defined and often used to refer to “Whiteness” or a European
appearance. Observations show that landlords often exclude people with darker skin, Asian or Caucasian
features, ethnic names, or noticeable accents (Avrutin, 2022).



ination. To overcome these challenges and to test whether or not overt discrimination
leads to racial rent differential, we employ a design that leverages within-building varia-
tion in discrimination. In our baseline specification, we estimate a hedonic regression with
building-level fixed effects and a set of apartment-level controls, including the number of
days an apartment was present on the market before being rented and other proxies for
apartment quality. We find that discrimination leads to a notable racial rent differential,
with apartments labelled as “only for Russians” being 4% less expensive than comparable
apartments in the same building that do not practice such discrimination. This finding is
robust, demonstrating consistency across various specifications.

Beyond the baseline specification with building fixed effects, we enrich our analysis us-
ing advanced text-as-data techniques to account for semantic variation in listing descrip-
tions. Specifically, we use OpenAl’s text-embedding-3-small model, which generates high-
dimensional semantic representations of text based on a transformer architecture. This
allows us to capture nuanced meaning in apartment descriptions and extract semantic in-
dicators that are positively correlated with rental prices. Including these text-derived con-
trols leaves the main discrimination effect unchanged, underscoring its robustness. This
approach builds on a growing literature that applies embedding methods to extract eco-
nomic measures from unstructured text, including Ash and Hansen (2023) and Gennaro
and Ash (2022). Additional robustness checks and placebo tests in the Appendix further
support this result.

In the main specification we focus on the last listed price before the apartment is re-
moved from the market, given that rents tend to decrease slightly over time®. The re-
gression results for the first-day price yield coefficients are identical to the last-day price.

Finally, to further support our main finding, we complement this approach with an event

*On average, the price of apartments decreases only by 1.8% from the first to the last day of the listing.
72.5% of apartments in our sample maintain the same price throughout their listing period.



study on a more restrictive sample of listings that change their discriminatory content over
time. The resulting within-unit price adjustments suggest that the observed effect moves
in the expected direction: rents decline after the introduction of overt discrimination, even
when holding the listing/apartment constant.

This result carries important implications. First, it indicates the racial price premium:
minorities, on average, face higher rent than the majority for identical apartments in the
same building as a consequence of discrimination. This aligns with existing theories on
the impact of discrimination in search markets (Black, 1995; Lang & Lehmann, 2012). In
this case, the intuition is that the presence of discriminators in the market increases search
costs for minority tenants, which generates the racial rent differential.

Second, it reveals that landlords who discriminate are, in fact, willing to accept a lower
rent as the price for their biases. The observation that discriminators are willing to pay for
their prejudice coincides with the intuition of Becker’s animus-based model. It also mirrors
findings from previous empirical research that were obtained in more staged, experimen-
tal settings. In the labor market, Hedegaard and Tyran (2018) shows that coworkers are
willing to forgo profit to avoid working with colleagues from particular ethnic groups.

In the second part of this paper, we conduct a standard correspondence experiment —
an approach that traditionally has been utilized to uncover subtle discrimination (Bertrand
& Mullainathan, 2004; Jowell & Prescott-Clarke, 1970). We send two types of messages to
a sample of listings the day after their publication, manipulating the names of the sender
(potential tenant) to sound either ethnically Russian or non-Russian.

This exercise aims to achieve several goals. First, we validate our measure of overt
discrimination by demonstrating that it is associated with a significantly lower likelihood
of receiving a response from landlords for a minority-sounding tenant. Second, we reveal

that both overt and subtle forms of discrimination coexist in the market. This is evident



from the lower relative likelihood of responses to “non-Russian” tenants, even among list-
ings that do not exhibit overt discrimination. Third, we show that overt and subtle dis-
crimination amplify each other: the negative effect of a non-Russian-sounding name on
the relative response rate is more than two times larger when the listing text includes a
discriminatory disclaimer. This finding allows us to rule out an alternative explanation for
the main result that the observed differential might not be driven by discrimination itself
but rather by switching between overt and subtle forms of discrimination, possibly due to
the social stigma associated with overt discrimination. Thus, this indicates that overt dis-
crimination is indeed a good proxy for prejudiced preferences, and it is likely that racial
differentials in rents are caused by these preferences.

This study contributes to several strands of literature. First, by producing our “atlas
of prejudice” and documenting the extent of overt discrimination, we add to the growing
body of work that leverages unstructured data to detect racial prejudice and examine its
economic and social consequences. We enhance this field by presenting direct evidence of
prejudice based on the revealed preferences of landlords, and by demonstrating its con-
nection to prices. Previously, researchers have measured prejudice using surveys (Bursz-
tyn, Chaney, Hassan, & Rao, 2024; Charles & Guryan, 2008), newspaper analyses (Ferrara
& Fishback, 2022), Google search data (Stephens-Davidowitz, 2014), or implicit bias tests
(Bertrand, Chugh, & Mullainathan, 2005; Glover, Pallais, & Pariente, 2017). Most similarly,
in the neighboring field of gender discrimination in labor, several works analyze overt
discrimination data from China (Kuhn & Shen, 2013, 2023; Kuhn et al., 2020). Relative
to this literature, we shift focus to housing and race. We contribute by directly linking
overt xenophobic preferences to prices — bringing lessons relevant to any search market
where natural frictions coexist with frictions caused by the prejudice of some participants.

In a related contribution, we extend applied literature that uses text-as-data methods to



reveal hidden layers of human attitudes (Ash, Chen, & Ornaghi, 2024; Ash & Hansen,
2023; Djourelova, 2023; Djourelova, Durante, Motte, & Patacchini, 2023; Fages & Martinez,
2024; Miiller & Schwarz, 2023), as well as the emerging literature that leverages LLMs to
strengthen econometric analysis (Ash, Hansen, Marangon, & Muvdi, 2025), and new data
applications in urban economics (Abramitzky, Boustan, & Storeygard, 2025). Finally, we
add to the literature documenting the economic consequences (and causes) of xenopho-
bic attitudes in Russia (Bessudnov & Shcherbak, 2020; Egorov, Enikolopov, Makarin, &
Petrova, 2021; Petrova, Bursztyn, Egorov, & Enikolopov, 2020).

Second, we introduce a new insight into the literature on discriminatory constraints
by establishing a direct link between landlords” discriminatory preferences and racial dif-
ferentials in rent. A large body of evidence documents the existence of racial differentials
in both rent and sales (Bayer, Casey, Ferreira, & McMillan, 2017; Box-Couillard & Chris-
tensen, 2023; Early et al., 2019; Yinger, 1997). For example, in the US, numerous studies
document discrimination in the housing market through correspondence and audit exper-
iments (Ahmed & Hammarstedt, 2008; Carpusor & Loges, 2006; Christensen et al., 2021;
Christensen & Timmins, 2022, 2023; Hanson & Hawley, 2011)4. The link between dis-
criminatory preferences and prices in search markets has been widely theorized in the
economic literature (Becker, 2010; Black, 1995; Decreuse, Schmutz, & Trannoy, 2018; Lang
& Lehmann, 2012); however, empirical validation has been elusive due to the intangible
nature of such preferences. We contribute by providing direct evidence. Finally, more
specifically, we contribute to the literature on online platforms — on discriminatory con-
straints and price determinants (Edelman, Luca, & Svirsky, 2017; Laouénan & Rathelot,
2022; Luca, Pronkina, & Rossi, 2024).

Third, this paper sheds light on a subject that attracted little attention in economics

*As a benchmark in two recent studies, Early et al. (2019) shows that Black renters pay 0.6-2.4% higher
rent than White renters for identical housing in identical neighborhoods, and Christensen et al. (2021) reports
relative response rate differentials of -9.3% for Black renters



before: the relationship between overt and subtle forms of discrimination. At the same
time, discussion of the forms of discrimination has been extensively studied in other social
sciences (Jones, Peddie, Gilrane, King, & Gray, 2016; Pager, 2007; Small & Pager, 2020).
As an example, in the context of organizations, overt and subtle forms are known to be
correlated (Jones et al., 2016). Our findings complement this evidence by suggesting that
the two forms of discrimination in the housing market amplify each other.

The remainder of the paper is organized as follows. Section 2 provides background
information, and Section 3 covers data and descriptive statistics. Section 4 explains the
empirical strategy, and Section 5 presents the main results. Section 6 is dedicated to the

correspondence study, and Section 7 concludes the paper.

2. BACKGROUND

Ethnicity and Discrimination. Russia is a multinational state, with 19% of its population
identifying as non-ethnic Russians (Census, 2010). In addition, the country has a large
immigrant population. According to UN data, approximately 11 million immigrants lived
in Russia in 2019, making up 8% of the total population. This places Russia second only to
the U.S. in terms of immigrant numbers. Notably, the vast majority of immigrants in Russia
are citizens of former Soviet Union states or their descendants. Among the largest "non-
Slavic” ethnic groups in Moscow are Tatars, Bashkirs, Chuvash, Chechens, Armenians,
Avars, Mordvins, Kazakhs, Azerbaijanis, Uzbeks, Kyrgyz, and Tajiks.

Discriminatory attitudes are relatively common in Russia. According to a poll by the
independent Levada Center, 63% of Moscow respondents are permissive about discrim-
inatory rental listings, and every second respondent supports the slogan “Rossiya dlya
Russkikh,” meaning “Russia should be for ethnic Russians.” On paper, the Russian Con-

stitution guarantees equal rights and freedoms for all, regardless of gender, race, nation-



ality, property status, official position, or place of residence. Article 136 of the Criminal
Code prescribes fines for violations, and the Labor Code prohibits workplace discrimi-
nation based on age, gender, ethnicity, religion, or beliefs (Avrutin, 2022). However, while
discrimination is prohibited by law, enforcement in the labor and housing markets is weak,
and penalties are almost never imposed. Neither landlords nor platforms that allow racial
preferences in rental listings typically face any consequences. In practice, discrimination
and racial hierarchy operate through informal, unofficial practices rather than formal legal

institutions, as seen in some other countries and historical periods (Small & Pager, 2020).

Moscow Housing. Our empirical design takes advantage of the structure of Moscow’s
housing stock, which is shaped by Soviet-era policies. During the Soviet period, most
housing was state-owned, and apartments were allocated by the government. Since the
1970s, urban development has focused on constructing large, high-rise buildings, mostly
ranging from 9 to 16 floors. Today, private development continues in this same pattern.
The typical building in Moscow has about 200 apartments, and units within the same
building are usually similar in quality. By 2016, approximately 90% of apartments in
Moscow were privatized due to the mass privatization program implemented after the
collapse of the Soviet Union: state-owned apartments were transferred to their occupants,
often for a nominal fee (Gunko, Bogacheva, Medvedev, & Kashnitsky, 2018). According to
the official statistic, most landlords have only one flat to rent®.

When it comes to residential patterns, despite Moscow’s ethnic diversity, there is little
evidence of racial segregation similar to what is seen in American or European cities (Ven-
dina, 2002; Vendina, Panin, & Tikunov, 2019). In fact, there is no specific area in Moscow
where minorities are concentrated. Instead, they can be found throughout the city with

relatively equal frequency. This lack of segregation is likely a legacy of the strict housing

> According to Rosstat 2018, 36.1% of Moscow households owned additional residential properties besides
their primary residence, and among them, 86.2% owned only one extra property.



policies enforced during Soviet times.

Online Listings and Discrimination. In this paper, we analyze data from CIAN, Rus-
sia’s largest platform for long-term rental. Over the past decade, the real estate market
has primarily shifted online, with CIAN offering the most reliable representation of rental
availability in the city. While other platforms exist in Russia, their listings largely overlap
with those on CIAN. During the observation period, overt discrimination in rental listings
was widespread across all platforms. To further support our findings, we replicate part of
our analysis using data from another platform®. Landlords often disagreed on who qual-
ified as a “Slav” or even as a citizen of the Russian Federation. However, according to
research, they typically excluded people with darker skin, Caucasian or Asian features, or

those with ethnic names and accents (Avrutin, 2022).

3. DATA AND DESCRIPTIVE STATISTICS

This paper is based on extensive data collection, primarily from the major Russian real
estate platform, CIAN. The data was collected daily over a period of nearly six months —
168 days — from May 27, 2018, to November 11, 2018, covering the entire Moscow area. The
scraping process was initiated each night and reviewed the following day’. As a result, our
dataset has two features worth noting. First, unlike many platform-based observational
studies of the housing market, we have access to the exact building addresses for the vast
majority of apartments.® Second, our method of high-frequency data collection over an
extended period allows us to obtain a large, representative sample of the market with
sufficient variation to support our identification strategy, which focuses on within-building

comparisons. Moreover, we can track each apartment’s time on the market, which we use

6 Available upon request.
"Data snapshots are missing for a few rare days due to temporary inaccessibility of the platform.
$Buildings with validated exact locations cover 87.4% of all listings.
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as a control variable. We also focus on the final listed price before an apartment leaves the
market. Finally, although our baseline strategy relies on cross-sectional offer data, we also
possess a panel of offers, thanks to the daily snapshots, allowing us to observe individual
offer trajectories over time.

Every day, the platform has around 23,000 listings, with approximately 2,000 new
rental listings being added and old ones removed as apartments are rented out. Our data
contains variables on rental price, location, number of rooms, surface area, layout, floor
number of the apartment, the total number of floors in the building, as well as the number
of attached pictures and accompanying text. We further process this data by performing (1)
geocoding of addresses and (2) text analysis of listings to detect overt discrimination and
to construct text-based measures of apartment quality. We use the Yandex Maps API for
geocoding and manually validate the results. For the main analysis, we limit our sample
to observations with known exact building locations.

Figure I provides a quick look at typical cases of overt discrimination on the plat-
form (more detailed in Appendix Table A1). While there is some variation, the racial dis-
claimers are largely uniform in style and phrasing, with derivatives of the word ”“Slavs”
being the most common term. The reference to the ”Slavic” group is commonly under-
stood as a euphemism for Russians of European appearance. Other ethnic groups and
races are also occasionally mentioned in rental listings. Due to the repetitive nature of
these racial disclaimers, in our baseline measure of overt discrimination, we used a simple
dictionary-based approach, which we validated using a more advanced method leverag-
ing embedding models provided by OpenAl. In our dictionary approach, substrings such
as "slavyan” (Slavic), "kavkaz” (a person from the Caucasus region), “aziya” (Asian), and
"vsem krome” (everyone except) are used as rules for identifying patterns of discriminatory

language.
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We focus on a sample of apartments with known exact addresses and exclude build-
ings in the top 1 percentile for the number of apartments available during our observation
period. We also exclude extremely cheap or expensive, as well as extremely small or large
apartments, to remove potential errors and irregularities that are inevitably present on on-
line platforms. In Panel A of Table A2, we report descriptive statistics at the apartment
level. We calculate the rental prices in dollars at the time of data collection. The mean
rental price’ is $893, while the median is $597, reflecting the long tail typical of such mar-
kets. Overt discrimination is observed in around 22% of apartments. The mean apartment
size is 57 square meters. The turnover in Moscow’s rental market is rather quick, with
a median time on the market of 9 days before an apartment is rented. Finally, the aver-
age apartment in the sample includes around 13 attached photos and a text description of
approximately 764 characters in length.

It is important to characterize the features of the buildings, as our identification strat-
egy relies on building groupings. Panel B of Table A2 presents building-level descriptive
statistics. The average building in Moscow, and in our sample, is tall, with a mean of
11 floors and a median of 9 floors. During our observation period, a significant number
of apartments were available per building, with a mean of 5 and a median of 4, ranging
between 1 and 33. Figure Il demonstrates a map of the buildings in our dataset. Each
point on the map represents an individual building, with the color corresponding to the
share of discriminatory apartments in the building — ranging from dark blue for the most
discriminatory to light pink for the least. Our sample clearly provides uniform coverage
across Moscow, with the exception of non-residential areas like parks and industrial zones.
In fact, 25,556 buildings in our main sample serve as a good representation of Moscow’s

housing, covering around 70% of the total residential buildings in the city. Figure II also

“Converted from Russian rubles to U.S. dollars using the exchange rate 1 U.S. dollar = 67 Russian rubles as
of August 15,2018
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shows that discriminatory preferences are unevenly distributed across the city, with the
central district being the least discriminatory and the periphery the most. Given that the
central area is wealthier, more educated, and has better amenities, a straightforward cor-
relation between overt discrimination and price would likely reflect confounding factors.
This motivates our study design based on within-building variation. Finally, it is worth
noting that discriminatory preferences remain remarkably stable over time, as shown in
Appendix Figure Al.

To further test our identification strategy, we use text-as-data methods, which have
recently proven useful in economics (Ash & Hansen, 2023), to extract semantic variables
from the listings’ texts. These characteristics are then used as extra control variables. We
focus on five key semantic dimensions: (i) bright apartments with good views, (ii) quiet-
ness and good isolation, (iii) the presence of a balcony or terrace, (iv) high-quality equip-
ment and appliances, (v) design and style. First, we use the text-embedding-3-small model,
provided by OpenAl, to vectorize the listing’s text, representing it in semantic space (Ta-
ble A7). Second, we construct concise prompts that correspond to the dimensions outlined
above. For instance, for high-quality equipment, we use the sentence: “The apartment
is equipped with modern amenities, including air conditioning, a dishwasher, a washing
machine, and other high-quality appliances.” Third, we calculate cosine similarity between
these prompts and the listings’ texts (Table A8). Finally, we verify that higher cosine sim-
ilarity listings are bigger, better documented by more photos and longer descriptions, less
often on the ground floor, showing that the semantic measures capture genuine apartment

attributes (Table A9).
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4. EMPIRICAL METHODOLOGY

To trace the impact of overt discrimination on price, we estimate the equation of the fol-

lowing form:

log(Price;) = BpOvert Discrimination; + vX; + Op(i) T Pr(i) + € 1)

Each observation corresponds to a listing posted during the observation period. The
subscript ¢ represents an individual offer, b(i) indexes the building, and 7(i) denotes the
posting day. The outcome variable log(Price) is the logarithm of the rent on the last date
before an apartment is rented. The variable Overt Discrimination is a dummy that captures
the presence of discriminatory preferences in the listing’s text. o, and ¢, represent fixed
effects for the building and the posting day, respectively.

The building fixed effects account for spatial and building-specific variations. The coef-
ficient Sp is the main parameter of interest, estimating the cost of discrimination by reflect-
ing differences in rent prices between listings with and without discriminatory content.
The model also includes a set of control variables X;, which represent apartment charac-
teristics. These characteristics include directly observable features, such as the surface area
and layout of the apartment, as well as features reflecting the apartment’s quality, such as
the length of the listing text and the number of attached photos. Less restrictive specifica-
tions are also tested: a model with subdistrict-level (rayon) fixed effects and a model with
district-level (okrug) fixed effects. In both cases, we also introduce controls for the distance
to the city center.

Our preferred specification includes building-level fixed effects, allowing us to com-
pare apartments with and without overt discrimination within the same building. This

approach, together with detailed apartment-level controls in our main specification and
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robustness checks, enables a precise estimation of the relationship between discrimination
and price, minimizing the influence of confounding factors. Focusing on within-building
variation helps eliminate confounding factors related to geographic aspects, such as the
distribution of housing, jobs, amenities, and attitudes, differences in demand composition,
as well as building-specific characteristics. Moreover, apartment class within a building
tends to be homogeneous — a common feature of the Moscow housing stock.

As an additional measure of the cost of discrimination, we use the same specification
with a different outcome variable, log(Nb. Days Until Rental), which represents the loga-
rithm of the number of days between the posting date and the date the apartment was
rented. In this context, 5p captures the difference in tenant search duration between list-
ings with discriminatory content and those without.

We capture the other semantic features of the apartment description by the cosine sim-
ilarity between the listing description and a given semantic dimension: (i) bright apart-
ments with good views, (ii) quietness and good isolation, (iii) the presence of a balcony or
terrace, (iv) high-quality equipment and appliances, (v) design and style (Table A7). Co-
sine similarity is a scale-invariant measure that captures the closeness of two vectors, in our
case, the prompt embedding p = (p1, . . . , p4) and the listing-text embedding 1 = (I, ..., 1)

in a d-dimensional semantic space:

Yo, pili ,
VI YL

Where the numerator Zgzl pili = p-lis the dot product (capturing shared signal), and

@)

Cosine similarity =

the denominator is the product of the Euclidean norms ||p[j2 = />, p?and |||l = />, 12,

which normalises the result to the interval [—1,1]. A value of 1 indicates that the prompt
and listing point in precisely the same semantic direction (maximal similarity), 0 means

they are orthogonal (no overlap), and —1 signifies diametrically opposed meanings.

15



5. MAIN RESULTS

Racial Rent Differential. We begin by presenting our main results with the OLS esti-
mates of Equation (1). The building-level fixed effects model is represented by the first
coefficient at the top of Figure III. It indicates that overt discrimination significantly affects
rental prices, leading to a 4.0% decrease for apartments with discrimination compared to
those without in the same building. In other specifications, we progressively relax the
model specifications by shifting spatial fixed effects from the building to the subdistrict
level, then to the district level, followed by removing spatial fixed effects.

Building fixed effects model is our preferred one. Other models in Figure III demon-
strate that a simple OLS regression of rental price on overt discrimination leads to biased
estimates, inflating the absolute value. The bias progressively decreases with more rigor-
ous specifications. This is an expected finding — Figure II shows that the central area of
the city, which is more upscale, rich in amenities, and home to residents with higher levels
of education, experiences less discrimination. As a result, the coefficients in regressions

without geographic controls are naturally inflated.

Racial Search Duration Differential. Our findings on racial rent differentials are further
reinforced when we examine the impact of overt discrimination on tenant search duration.
The results in Figure IV show that discrimination extends the time required to find a ten-
ant. Specifically, our preferred specification, which includes building-level fixed effects,
estimates that overt discrimination leads to an 8.6% increase in the number of days until
an apartment is rented. Given the average search duration of 20 days in the control group,
this effect translates to approximately 2 additional days of search time. This delay imposes
tangible financial consequences. For landlords, the immediate losses from this downtime

can be quantified: assuming an average rent of 893 dollars, the 2-day delay results in an es-
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timated loss of about 60 dollars [(2/30) * 893 = 60]. This provides compelling evidence that
discrimination not only reduces rent but also inflates search times, exacerbating the overall
losses. There is no statistically significant difference in coefficients between different FEs
specifications because tenant search duration has less geographical variance. According to
the basic rental market matching models, a tenant search is a stochastic process. The num-
ber of days until rental is less predictable by apartment characteristics compared to the
rental prices: R?=0.34 for the number of days vs R?=0.93 for the rental prices, therefore,

the estimations for the number of days are noisier.

Robustness and Placebo. Regression results confirm that coefficients for the first-day
price are nearly identical to those for the last-day price, indicating that overt discrimination
in rents persists throughout the listing period and is observed in market equilibrium. The
overt discrimination effect on prices is stable in all observation periods, whether focusing
on the first, early, mid, late, or last listing price (Figure A2). This robustness underscores
that our findings are not sensitive to the timing of price observations.

Although our preferred specification accounts for most potential confounders, it re-
mains possible that discriminatory and non-discriminatory apartments within the same
building differ in their textual descriptions, which could reflect variations in landlords’
communication skills. These descriptions often convey information about features such as
equipment, design, and view, as well as other apartment-level characteristics, which may
be correlated with discriminatory language in the text.

We demonstrate that the 4% negative effect of overt discrimination on rental prices is
a prime effect which is not mitigated by any other semantic features of descriptions. Our
analysis shows that price differentials are not driven by confounding semantic elements.
Using text analysis of apartment listings and utilizing a state-of-the-art embedding model,

we confirm that overt discrimination has an independent substantial effect on rental prices
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which is more than two times bigger than the effect of any other text-based variables (Ta-
ble A3). One by one, we use additional controls derived from text analysis of listings
without any sizeable changes in our main estimation.

To further probe whether price differences reflect market responses to discrimination,
we explore a smaller subsample of listings that change their stated preferences over time.
Appendix Figure A3 presents a dynamic event study around changes in discriminatory
content within the same listing, using an estimator proposed by de Chaisemartin et al.
(2024); De Chaisemartin and d’Haultfoeuille (2024). We observe that price changes closely
follow the shift in stated preferences. The direction and timing of effects support the main
result: overt discrimination is associated with lower prices, even within the same rental
unit. As expected, the estimated price drop following the introduction of discriminatory
language is smaller in magnitude than in our main specification with building-level fixed
effects, as the event study captures within-listing adjustments, reflecting both more incre-
mental price changes and a more conservative estimate.

Our main results remain robust under various modifications. Table A4 explores dif-
ferent sample compositions based on building characteristics, confirming that the 4% neg-
ative effect of overt discrimination on rental prices is not sensitive to the number of ob-
servations in a building or the building’s size. In Column 1, we include the top 1 per-
centile of buildings by the number of available apartments during the observation period
(more than 33 observations per building), which were excluded in the baseline analysis.
In Columns 2-3, we apply stricter limits on the number of available apartments per build-
ing. In Columns 4-5, we take the opposite approach and remove buildings with a small
number of observations. Finally, in Columns 6-8, we repeat this process, excluding build-
ings based on their size, and sequentially removing both the tallest and shortest buildings

in terms of floors. The estimate is insensitive to excluding buildings from particular con-

18



struction periods (Figure A4) and is not driven by any particular district (Figure A5). The
4% negative effect of overt discrimination on rental prices remains consistent over time.
Table A5 demonstrates that, for any given full month during the observational study, the
effect fluctuates only slightly. Finally, we perform an additional placebo test to show that,
controlling for other factors, discrimination does not predict the floor number. Table A6
shows no significant effect of overt discrimination on an apartment’s location within the
building, using the same specifications as in our main results in Figure III. This indicates

that overt discrimination is evenly distributed across floors.

6. CORRESPONDENCE EXPERIMENT

Although we show that overt discrimination creates a rent price differential, it is only
one dimension of a broader set of exclusionary practices. In this section, we explore the
connection between explicit and subtle forms of discrimination by complementing our
main analysis with a correspondence experiment, following the method introduced by
Bertrand and Mullainathan (2004) and Jowell and Prescott-Clarke (1970). This allows us
to address three questions: (1) Do listings with overtly discriminatory language also result
in lower response rates for the targeted groups, confirming that stated exclusion translates
into behavioral exclusion as typically documented in correspondence studies? (2) Do overt
and subtle forms of discrimination coexist, and how do they interact? This question also
speaks to whether explicit and implicit bias reinforce one another. (3) How does the level
of discrimination in Moscow compare to findings from other countries?

In this experiment, we closely follow the Bertrand and Mullainathan (2004) protocol,
adjusting for the specificities of the market and context. We conduct a paired-matching
experiment, sending messages with both Russian-sounding and non-Russian-sounding

names to the same listings, randomizing the order and content of the messages. More de-
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tails on the experiment are provided in Appendix B.!? The experiment estimation equation

is as follows:

Response, ;= By rNon-Russian Name;; + 7; + ¢; 3)

The subscript i represents an individual landlord, j is a potential tenant type: Rus-
sian (j = R) or non-Russian-sounding name (j = NR). The outcome of this experi-
ment is a binary: a landlord responded (Response;; = 1) or a landlord did not respond
(Response;; = 0) to the message from a potential tenant j: Non-Russian Name;yp = 1
and Non-Russian Name;z = 0. We also control for individual landlord 7; fixed effects to
account for the time-invariant characteristics of a landlord. In our preferred approach, we

classify messages as non-responses if they were read but not replied to.

P(Response[Non-Russian Name = 1) Syr @)

RRyR =
NE= P (Response|Non-Russian Name = 0) UR

where Sy is the effect of non-Russian-sounding names binary on response and (. is
the average response for Russian-sounding names. Standard errors for relative response
rates are obtained using the delta method.

Figure V presents the results of the experiment. The total experimental sample re-
veals the significant negative effect of non-Russian-sounding names on relative response
rates. The estimated coefficient of -31.3% is comparable to the levels found in the most
discriminatory areas of the United States, as reported in the recent large-scale experiment
(Christensen et al., 2021). This is similar to the discrimination observed in Minneapolis
and slightly lower than that in Chicago (-36%).

The same Figure V further breaks down the results by sub-samples - listings with overt

For the experiment results, we present the effects on relative response rates in line with Christensen et al.
(2021).
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discrimination and those without. For both sub-samples, the effects remain significant at
the 1% level. However, it is evident that listings with overt discrimination show an effect
that is two and a half times greater than those without. In a case of overt discrimination,
the effect reaches -47.2%, indicating even more substantial disparity. Overt and subtle
forms coexist and amplify each other’s impact on relative response rates.

A similar pattern appears for the absolute response rates in Figure VI. Landlords with
overt discrimination in listings reply to non-Russian names less often than in listings with-
out overt discrimination, both before (-22.3 percentage points) and after (-22.5 percentage
points) unread messages exclusion. Overall, discriminatory listings have lower absolute
response rates compared to non-discriminatory ones, but the gap in responses to non-
Russian and Russian-sounding names holds: -27 percentage points. That is more than
twice the gap seen in listings without overt discrimination.

Figure VII further supports these findings by a positive correlation between the share
of listings with overt discrimination in a neighborhood and subtle discrimination. This
correlation is present across all listings (Panel VIla), as well as the subset without overt
discrimination (Panel VIIb), though for listings without overt discrimination responses to
Russian-sounding names are not correlated with neighbors” overt discrimination. These
results do not provide evidence for social stigma mechanism: areas where overt discrimi-
nation is less common do not have more subtle discrimination, which would be expected

if landlords were switching from overt to subtle forms.

7. CONCLUSION

This paper examines the rental housing market in Moscow, where discrimination is ev-
ident, to directly link landlords” discriminatory preferences to rental prices. We demon-

strate that landlords are willing to forgo around 4% of their monthly rent to maintain
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their discriminatory preferences, which in turn creates a racial rent differential. This dif-
ferential, where minorities pay more for similar units compared to the majority, has been
documented for decades, though its direct link to landlord prejudice remains debated in
the literature.

Our study also brings attention to the interaction between overt and subtle discrim-
ination — an issue that has largely been overlooked in the economic discourse. Previous
research has been mostly focused on detecting the presence of discrimination, but this ap-
proach often cannot capture the more nuanced differences in discriminatory behavior. By
focusing on explicit discriminatory acts, we shed light on how landlords” preferences and
biases translate directly into economic outcomes.

We believe our study has important implications for the ongoing debate on racial prej-
udice and inequality. In many societies, diverse races and ethnicities coexist, often amid
persistent tensions and structural disparities. These issues are also becoming increasingly
central to political discourse around the world. More questions remain unanswered: If
racial preferences shape markets and amplify inequality, what policies can balance racial
biases in society? How do restrictions on overt discrimination influence inequality dy-
namics? What are the consequences when such restrictions are lifted — a trend that has
recently gained momentum? What measures can strengthen mutual trust and social co-
hesion? To address these questions, researchers can leverage new data from the digital
era, including social media platforms. Additionally, historical data from periods when
overt discrimination was more common can provide valuable insights into the evolution

of racial disparities.
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Main Figures

FIGURE I: Excerpts from Listings Showing Overt Discrimination

no asia
strictly Slavs
offer for the Slavs
we take the Slavs
consider Slavs only
strictly decent Slavs
Russian non-smokers
married couple of Slavs
ideal for a Slavic couple
urgently consider the Slavs
any composition of the Slavs
consider all, preferably Slavs
consider Slavs Jews Kazakhs
consider any decent besides Asia
consider the clean and responsible Slavs
rent an apartment for a long time to the Slavs
a one-room apartment for rent for a Slavic family
decent and responsible citizens of Slavic appearance
will consider Slavs and foreigners except the Caucasus and Asia
rent an apartment to a young family or not violent students and only Russians

Notes: The figure presents an excerpt from typical discriminatory advertisements on CIAN. Racial preferences are com-
monly expressed with terms such as “Slavic,” “Russian,” or ”Asian.” More details about the construction of variables based
on listing texts can be found in Section 3.
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FIGURE II: The Map of Overt Discrimination

Share of
Discriminating Ads
in Buildings

Notes: This figure presents a map of overt discrimination in Moscow. Each point on the map represents a building, with

the color indicating the share of discriminatory apartments among the total number of apartments available during the six
months of our observation period.
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FIGURE III: Overt Discrimination Generates Racial Rent Differential
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—-0.040
Building FEs

-0.06 -0.04 -0.02 0.00
Overt Discrimination Effect on log(Price)

Notes: The figure shows the OLS estimation of the effect of overt discrimination on the logarithm of the rental price on
the last date before an apartment is rented. The average rental price is 893 dollars. Each line from bottom to top presents
progressively less stringent specifications. The bottom one with a -0.040 coefficient reports our preferred model, which
includes building-level fixed effects. Each model includes apartment-level controls such as the area in square meters, layout
measured as the ratio of living to total area, the logarithm of the number of photos, the logarithm of comment length,
dummies for ground and top floors, as well as day-of-publication fixed effects. The average number of observations per
building is 5. The average Subdistrict size is 19.4 square kilometres with an average of 971 observations per Subdistrict. The
average District size is 213.5 square kilometres with an average of 11,244 observations per District. Confidence intervals are
based on heteroskedasticity-robust standard errors at 1% significance level. 134,928 observations.
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FIGURE IV: Overt Discrimination Generates Search Duration Differential
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Notes: The figure shows the OLS estimation of the effect of overt discrimination on the logarithm of the number of days
between the posting date and the date the apartment was rented. The average number of days until rental is 20. Each line
from bottom to top presents progressively less stringent specifications. The bottom one with a 0.086 coefficient reports our
preferred model, which includes building-level fixed effects. Each model includes apartment-level controls such as the area
in square meters, layout measured as the ratio of living to total area, the logarithm of the number of photos, the logarithm
of comment length, dummies for ground and top floors, as well as day-of-publication fixed effects. The average number of
observations per building is 5. The average Subdistrict size is 19.4 square kilometres with an average of 971 observations
per Subdistrict. The average District size is 213.5 square kilometres with an average of 11,244 observations per District.
Confidence intervals are based on heteroskedasticity-robust standard errors at 1% significance level. 134,928 observations.
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FIGURE V: Experiment: Lower Relative Response Rates to Non-Russian Names
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Notes: This figure presents the results of a correspondence experiment. We employ a pair-matched design, sending two
messages — one with a Russian-sounding name and one with a non-Russian-sounding name — to each listing. The figure
shows the relative response rate of a non-Russian-sounding name compared to a Russian-sounding name. The effect inten-
sifies for listings with overt discrimination. Each model includes control for individual landlord 7; fixed effects to account
for the time-invariant characteristics of a landlord. Confidence intervals are based on delta method standard errors at 5%
significance level. 874 observations (437 treatment and 437 control) for all listings together. 444 observations (222 treatment
and 222 control) without overt discrimination. 430 observations (215 treatment and 215 control) with overt discrimination.
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FIGURE VI: Experiment: Lower Absolute Response Rates to Non-Russian Names
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(B) Absolute Response Rates After Excluding Unread Messages

Notes: This figure shows results from a correspondence experiment using a pair-matched design: each landlord received
two messages — one with a Russian-sounding name and one with a non-Russian-sounding name. In our main analysis, we
exclude 79 landlords (158 observations) who did not read at least one of the two messages. Panel A reports the percentage
of positive responses before this exclusion, counting unread messages as negative responses (N = 1,018, including 496 cases
without overt discrimination). Panel B shows results after excluding unread messages, our main sample (N = 860, including
440 cases without overt discrimination). The attrition rate due to unread messages is 15.5%.
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FIGURE VII: Correlation of Individual Subtle and Neighbors” Overt Discriminations
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Notes: This figure presents the results of a correspondence experiment. We employ a pair-matched design, sending two
messages — one with a Russian-sounding name and one with a non-Russian-sounding name - to each listing. Positive
responses are residualized from the size of the apartments. Panel A shows that for all listings (860 observations) the differ-
ence in positive callbacks to potential tenants with Russian-sounding names and non-Russian-sounding names increases in
neighbors’ overt discrimination. Panel B shows that for listings without overt discrimination (440 observations) the differ-
ence in positive callbacks to potential tenants with Russian-sounding names and non-Russian-sounding names still slightly
increases in neighbors’ overt discrimination, but for listings without overt discrimination the positive responses to Russian-
sounding names are not correlated with neighbors’ overt discrimination.
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Appendix A: Additional Figures and Tables

TABLE Al
OVERT DISCRIMINATION EXAMPLES

Apartment Descriptions

Good renovation, fully equipped with modern furniture and appliances, available
for long term rent to decent and solvent Russian tenants. Nearby shops, a clinic,
a school, buses to Salaryevo, Rasskazovka, Novoperedelkino metro stations.

I rent a two room apartment on the first floor of a five story building, separate
bathroom, fully equipped with sofas, armchairs, chairs, a wardrobe, a chest of
drawers, a gas stove, a refrigerator, a TV, a washing machine, nearby there is a
river and a park, Salaryevo metro station can be reached with one transfer from
minibus 50 to bus 486, to Rasskazovka metro station with one transfer from
minibus 50 to bus 950, also nearby is a railway station, internet can be arranged on
request, utilities are paid by meters for electricity and water only, I rent to a neat
and responsible family or young couple of Slavic appearance.

A two room apartment in a new building, euro style renovation, rooms are
spacious facing two sides, large walk in closet, entrance hall, separate bathroom,
glazed loggia, all necessary furniture and appliances, good infrastructure, shops, a
school, a bank, a kindergarten, a medical center, transport links five minutes from
the building, the Kokoshkino railway platform with trains from Kievsky station at
15 to 30 minute intervals, buses and minibuses from Yuzhnaya and Teply Stan
metro stations, I rent to decent and solvent Slavs.

Apartment with all furniture and appliances, available for long term rent to Slavs.

A cozy one room apartment for long term rent, equipped with everything
necessary for living, convenient transport links to Moscow, near Kokoshkino
railway station, developed infrastructure, available to Slavs.
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TABLE A2
DESCRIPTIVE STATISTICS

Mean Median Min Q1 Q3 Max

Panel A: Apartment Level

Rent (dollars) 893 597 216 478 821 15285
Nb. Days Until Rental 20 9 1 3 24 168
Overt discrimination 0.22 - 0 - - 1
Area (sq.m) 57 46 10 39 61 500
Living/Total Area (perc.) 60 60 1 53 66 100
Number of Photos 13 12 1 8 17 51
Comment Length (symb.) 764 657 52 436 1003 3743
Ground floor 0.07 - 0 - - 1
Last floor 0.09 - 0 - - 1

134,928 observations

Panel B: Building Level

Apartment per Building 5 4 1 2 7 33
Number Floors 11 1 5 14 74
Distance to Center 12 12 0 8 15 60

25,556 observations

Notes: This table presents descriptive statistics of variables used in the main analysis,
especially Figures III-IV. Panel A shows characteristics at the apartment level. Panel B at
the building level. Detailed data descriptions are presented in Section 3.

37



0.75

0.50

0.25

Last day: Share of Discrimination in Subdistrict

0.00

FIGURE A1l: Overt Discrimination is Persistent in Time
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Notes: The figure shows the weighted OLS of “Last day: Share of Discrimination” on “First day: Share of Discrimination”
with weighting by number of observations in the First day. It gives almost a 1 to 1 connection (0.96) between shares of
discrimination by Subdistrict at the beginning and at the end of our observational period. The confidence interval is based
on standard errors at a 1% significance level.
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FIGURE A2: Overt Discrimination Effect Is the Same for the First and Last Listing Prices
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Notes: The figure shows that the observation day choice does not change results. The effect is the same for earlier listing
days. We show results for the First Price (the first day when the apartment was posted), Early Price (first-fourth of the
listing period), Mid Price (one-half of the listing period), Late Price (third-fourth of the listing period) and Last Price (the
day when the apartment was rented — benchmark from our main results) as dependent variables for every specification
from Figure III: specification including building-level fixed effects and apartment-level controls such as the area in square
meters, layout measured as the ratio of living to the total area, the logarithm of the number of photos, the logarithm of
comment length, dummies for ground and top floors, as well as day-of-publication fixed effects. Confidence intervals are
based on heteroskedasticity-robust standard errors at 1% significance level. 134,928 observations.
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TABLE A3
OVERT DISCRIMINATION EFFECT CONTROLLING FOR OTHER TEXT-BASED VARIABLES

@ @ ©) @ ®) ©
Dep Var: log(Price)

Overt Discrimination ~ -0.039***  -0.039***  -0.039***  -0.038***  -0.037***  -0.036***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

City View/Sunlight 0.006*** 0.0002
(0.001) (0.002)
Quiet 0.007*** 0.0004
(0.001) (0.001)
Balcony/Terrace 0.008*** 0.002
(0.001) (0.002)
Equipped 0.009*** 0.0002
(0.001) (0.001)
Modern Design 0.020*** 0.019***
(0.001) (0.001)
Building FEs v v v v v v
Day of Publication FEs v v v v v v
Apartment Features v v v v v v
Observations 134,928 134,928 134,928 134,928 134,928 134,928

Notes: The table shows results of adding extra semantic control variables to assess that
overt discrimination effect on a price is not driven by other text-based characteristics. Each
specification is based on our preferred model with Building FEs in Figure III: specification
including building-level fixed effects and apartment-level controls such as the area in square
meters, layout measured as the ratio of living to the total area, the logarithm of the number
of photos, the logarithm of comment length, dummies for ground and top floors, as well as
day-of-publication fixed effects. The only difference is an extra semantic control variable:
(1) bright apartments with good views, (2) quietness and good isolation, (3) the presence of
a balcony or terrace, (4) high-quality equipment and appliances, (5) design and style, (6) all
together. Confidence intervals are based on heteroskedasticity-robust standard errors at 1%
significance level. 134,928 observations.
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FIGURE A3: Event Study: Price Effect of Change in Overt Discrimination Within Listings
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Notes: The figure presents a dynamic event study of price changes around a change in overtly discriminatory language
within the same rental ad. We use a staggered treatment estimator following de Chaisemartin et al. (2024); De Chaisemartin
and d’Haultfoeuille (2024), with listing-level fixed effects and day fixed effects. Periods are defined at the daily level, where
t = 0 denotes the last day before treatment, and each unit change in t corresponds to one calendar day. Confidence intervals
are based on standard errors at 5% significance level clustered at the offer level. 3,953 observations with a change in the
overt discrimination binary.
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TABLE A4
OVERT DISCRIMINATION EFFECT IS ROBUST TO BUILDING SIZE COMPOSITION

@ @ C) @ ®) (©) @ ® ©)
Dep Var: log(Price)

Overt Discrimination -0.040*** -0.040*** -0.037*** -0.040*** -0.040*** -0.040*** -0.041*** -0.040*** -0.040***
(0.001) (0.001) (0.002) (0.001) (0.001) (0.001) (0.002) (0.001) (0.001)

Sample Full <Q90th Obs. <Q75th Obs. >Q25th Obs. >Q10th Obs. <Q90th Floor = <Q75th Floor = >Q25th Floor = >Q10th Floor

Building FEs v v v v v v v v v

Day of Publication FEs v v v v v v v v v

Apartment Features v v v v v v v v v

Observations 152,093 88,807 52,553 138,649 146,677 114,338 88,103 129,322 129,322

Notes: The OLS estimation assesses the effect of overt discrimination on the logarithm of the rental price on the last date before an apartment is rented. Our

main specification in Figure III is with dropping observations over Q99th for a number of observations by building: 134,928 observations after excluding
buildings with 34 or more observations. The effect is not sensitive to the sample selection by the building size. Using the full sample (without dropping
observations over Q99th for a number of observations by building) or dropping observations over Q90th and Q75th or under Q25th and Q10th do not
change results: we check both, quantiles of number of observations by building and quantiles of number of floors in the building. Q99th Obs. = 34, Q90th
Obs. =12, Q75th Obs. =7, Q25th Obs. =2, Q10th Obs. =1, Q90th Floor = 17, Q75th Floor = 14, Q25th Floor = 5, Q10th Floor = 5. The specification is
the same as in model with Building FEs in Figure III: it includes building-level fixed effects and apartment-level controls such as the area in square meters,
layout measured as the ratio of living to the total area, the logarithm of the number of photos, the logarithm of comment length, dummies for ground and
top floors, as well as day-of-publication fixed effects. Heteroskedasticity-robust standard-errors in parentheses: ***p < 0.01; **p < 0.05; *p < 0.1



TABLE A5
OVERT DISCRIMINATION EFFECT IS CONSISTENT ACROSS MONTHS

@ @ (C) @ ©)
Dep Var: log(Price)

Overt Discrimination -0.042***  -0.040***  -0.041*** -0.035%** -0.037***

(0.003) (0.003) (0.003) (0.003) (0.004)
Month June July August  September  October
Building FEs v v v v v
Day of Publication FEs v v v v v
Apartment Features v v v v v
Observations 40,999 45,100 40,144 35,948 29,996

Notes: The OLS estimation assesses the effect of overt discrimination on the log-

arithm of the rental price on the last date before an apartment is rented. The effect
is not sensitive to the month-based sub-samples. The specification is the same as
in model with Building FEs in Figure III: it includes building-level fixed effects
and apartment-level controls such as the area in square meters, layout measured
as the ratio of living to the total area, the logarithm of the number of photos,
the logarithm of comment length, dummies for ground and top floors, as well
as day-of-publication fixed effects. Heteroskedasticity-robust standard-errors in
parentheses: ***p < 0.01; **p < 0.05; *p < 0.1
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TABLE A6
PLACEBO: NO EFFECT OF OVERT DISCRIMINATION ON LOCATION INSIDE BUILDING

@ @ ©) @)
Dep Var: Floor

Overt Discrimination -0.015 0.023 0.021 0.021
(0.026) (0.022) (0.021) (0.021)

Building FEs v

Subdistrict FEs v

District FEs v

Day of Publication FEs v v v v
Apartment Features v v v v
Observations 134,928 134,928 134,928 134,928

Notes: The table shows no effect of overt discrimination on
the location inside the building. Specifications are the same
as in Figure III. Each model includes apartment-level con-
trols such as the area in square meters, layout measured as
the ratio of living to total area, the logarithm of the num-
ber of photos, the logarithm of comment length, dummies for
ground and top floors, as well as day-of-publication fixed ef-
fects. Heteroskedasticity-robust standard-errors in parenthe-
ses: ***p < 0.01; **p < 0.05; *p < 0.1
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FIGURE A4: Overt Discrimination Effect Is Not Driven by Any Particular Construction
Period
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Notes: The figure shows that the main estimation is not driven by any period of the building construction. The effect is
the same after excluding any major period of building construction in Russia, starting from the Russian Empire and ending
in Modern Russia: on average, we exclude 21,017 observations. The specification is the same as in model with Building
FEs in Figure III: it includes building-level fixed effects and apartment-level controls such as the area in square meters,
layout measured as the ratio of living to the total area, the logarithm of the number of photos, the logarithm of comment
length, dummies for ground and top floors, as well as day-of-publication fixed effects. Confidence intervals are based on
heteroskedasticity-robust standard errors at 1% significance level.

45



FIGURE A5: Overt Discrimination Effect Is Not Driven by Any Particular District
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Notes: The figure shows that the main estimation is not driven by one district. The effect is the same after excluding any of
the districts from our main sample: on average, we exclude 11,244 observations. The specification is the same as in model
with Building FEs in Figure III: it includes building-level fixed effects and apartment-level controls such as the area in
square meters, layout measured as the ratio of living to the total area, the logarithm of the number of photos, the logarithm
of comment length, dummies for ground and top floors, as well as day-of-publication fixed effects. Confidence intervals are
based on heteroskedasticity-robust standard errors at 1% significance level.
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TABLE A7

PROMPTS FOR SEMANTIC POLES USED IN TEXT ANALYSIS

City View/Sunlight | The apartment features beautiful city views, bright and
sunny with large windows.

Quiet The apartment has enhanced sound insulation, ensuring
quiet and peace even in the city center.

Balcony /Terrace The apartment is equipped with a spacious bal-
cony/terrace where you can enjoy fresh air and city
views.

Equipped The apartment is equipped with modern amenities, includ-
ing an air conditioner, dishwasher, washing machine, and
other high-quality appliances.

Modern Design The apartment is designed in a modern style with quality

finishing and furniture.
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TABLE A8
THE APARTMENT WITH THE HIGHEST COSINE SIMILARITY SCORES

Dimension Apartment Descriptions Top Score

Modern Design The apartment is in excellent condition. It has a through ~ 0.65
layout facing east and west in all rooms. It features
designer lighting. A complete renovation was done
recently. The bedrooms are furnished with new high
quality European furniture. The living room has two
large mirrored sliding door wardrobes. A brand new sofa
stands opposite a wall mounted TV. In the hallway there
is a large mirrored sliding door wardrobe with built in
lighting. The spacious kitchen has a full set of cabinets in
good condition. There is a new dining table with chairs
and stools. The bathroom is combined and has a new
toilet. It also has a large jacuzzi bathtub. A large mirror
with a shelf and a three section under sink cabinet are
installed.

Equipped A modern building apartment with concierge service is 0.69
for rent. It has a euro style renovation. It is fully equipped
with all necessary modern furniture and appliances.
There is a smart TV, an air conditioner, a refrigerator, a
washing machine, and a vacuum cleaner.

Balcony/Terrace =~ We present a spacious one bedroom apartment with a 0.63
beautiful panoramic city view. The building is on the
embankment in a quiet picturesque area. All
infrastructure is nearby. There is ample parking near the
building. The apartment features high quality finishes.

The large room has a bay window. The balcony is glazed.
There is a spacious walk in closet. The kitchen unit has
built in appliances including a washing machine and a
dishwasher. The apartment is fully furnished and ready
to move in.

Quiet An excellent option for those who appreciate peace and 0.59
comfort in the city eco friendly protected area. The
apartment has just been renovated using quality
materials. It features modern furniture and reliable
appliances including two air conditioners and a
dishwasher. It is very clean and homely. The window
offers a breathtaking view. The reasonable and cultured
owners will consider all decent applicants, families or
single men and women. Tenant composition is
negotiable. Viewings and move in are arranged by phone.

City View / Sun- An excellent one bedroom apartment with a wonderful 0.63
light view of the park, the rowing canal, and the Moscow
River. The apartment is spacious with a combined kitchen
and living area. The bathroom is combined with a
shower. There are air conditioners and a sliding door
wardrobe in the hallway. There is a shared entry vestibule
serving two apartments. The entrance hall is clean. The
building has an intercom and a concierge. It is close to
Krylatskie Hills Park, shops, and the metro.
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TABLE A9
CORRELATION OF APARTMENT FEATURES AND TEXT-BASED VARIABLES

City View/Sunlight Quiet Balcony/Terrace  Equipped = Modern Design
Overt discrimination -0.150*** -0.128*** -0.093*** -0.113*** -0.142%**
(0.003) (0.003) (0.003) (0.003) (0.003)
Log(Area) 0.104*** 0.058*** 0.061*** 0.015%** 0.035***
(0.003) (0.003) (0.003) (0.003) (0.003)
Living/Total Area -0.010*** 0.050*** -0.013*** -0.034*** -0.020***
(0.003) (0.003) (0.003) (0.003) (0.003)
log(Number of photos) 0.128*** 0.092*** 0.133*** 0.045*** 0.050***
(0.003) (0.003) (0.003) (0.003) (0.003)
log(Comment length) 0.238*** 0.258*** 0.244*** 0.156*** 0.119***
(0.003) (0.003) (0.003) (0.003) (0.003)
Floor number 0.068*** 0.002 0.061*** 0.027*** 0.031***
(0.003) (0.003) (0.003) (0.003) (0.003)
Ground floor -0.031*** -0.013*** -0.047*** -0.024*** -0.026***
(0.003) (0.003) (0.003) (0.003) (0.003)
Last floor 0.010*** 0.005* 0.019*** -0.001 -0.004
(0.003) (0.003) (0.003) (0.003) (0.003)

Notes: 134,928 observations. Standard-errors in parentheses: ***p < 0.01; **p < 0.05; *p < 0.1
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Appendix B: Design of Experiment

Since the seminal paper by Bertrand and Mullainathan (2004), economists have widely
used correspondence experiments (Bertrand & Duflo, 2023) to uncover racial, ethnic, or
gender discrimination in various markets. The main idea is to directly manipulate char-
acteristics, such as names, within the field experiment setup. For instance, Bertrand and
Mullainathan randomly assigned African-American-sounding or White-sounding names
to job applicants’ resumes, sent them to real employers in Boston and Chicago, and com-
pared the response rate. The study found that applicants with African-American names
have significantly lower relative response rates. This result has been replicated multiple
times in various contexts, including the rental market (Christensen et al., 2021).

In our correspondence experiment, we utilized the contact form on an online rental
platform, which enables users to message the individual who posted a listing. For each
listing, we sent two separate messages from two different accounts: one using a Russian-
sounding name and the other using a non-Russian-sounding name. The experiment was

carried out in two rounds.

Messages

The platform provides users with two options for contacting landlords or agents: either
by public mobile phone or through an online form. The online form is commonly used for
submitting short, clarifying questions about a listing. To make sure that the only difference
in applications is the name, the online form was chosen for this experiment.

We used two simple questions for the intervention. Translations of these questions are

as follows:

Q1. Hello, I'm interested in your apartment. May I contact you later tonight? [First

name]
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Q2. Good afternoon, I'm interested in your apartment. I would like to ask a clarifying

question. When could one move into the apartment? [First name]

The content of the questions is unrelated to ethnic discrimination. Their purpose is
simply to elicit a response based on the name of the applicant. The message is a prelimi-
nary step before a phone conversation, which precedes a personal visit to the apartment.
The online form is rarely used to finalize deals or negotiate terms. The experiment was
designed to allow landlords to ignore the potential tenant, disrupting interaction at the

very first stage.

Names and Identities

When applicants submit their messages through the form, landlords only see the content of
the message. Nevertheless, separate accounts with realistic email addresses were created
for each identity.

The variation in perceived ethnicity based on names is the key factor in the experi-
ment. Two rounds of the experiment were conducted, with different approaches to name
selection.

It is important to note that in Russia, there is no comprehensive dataset of birth names.
For the first round, we selected two names: the Russian name Andrei and the Turkic name
Arslan, both popular and recognizable in Russia.

In the second round, we adopted a more systematic approach to name selection. We
compiled a dataset of popular names in Russia using statistics from the social network
vk.com!'!. We constructed a ranking of name frequencies for each Russian city.

The most Russian-sounding names were selected using data from Moscow, while the
most non-Russian-sounding names were chosen based on data from Makhachkala. Ac-

cording to the 2010 Census, Moscow’s population is 90 per cent ethnically Russian, whereas

1The most commonly used media in Russia comparable in popularity to Facebook in the U.S.
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in Makhachkala, only 6.3 per cent of the residents are Russian. The largest ethnic groups
from Makhachkala (Avars, Kumyki, Dargins, Lezgins, Laks) face systematic discrimina-
tion in Moscow’s housing and labor markets.'

The ten most popular names from Moscow were selected to represent Russian-sounding
names, while the ten most common names from Makhachkala were chosen to represent
non-Russian-sounding names. These selected names were used in the second round of the
study. To avoid overlap, names that ranked highest at the national level, as well as those

used in the first round of the experiment, were excluded.

Sending Messages

The experiment was conducted in two rounds: June 20-21, 2018, and December 13-14,
2019. The only difference between the rounds was the selection of Russian-sounding and
non-Russian-sounding names. The experiment targeted fresh listings that were no older
than one day. To prevent potential bias from contacting the same person through different
listings, we excluded all listings with non-unique phone numbers.

We obtained 430 listings with overt discrimination and balanced them with 444 listings
without overt discrimination for our heterogeneity analysis, resulting in a total sample of
874 listings in the experiment.

We manually sent the first message through the contact form to each listing, randomis-
ing Russian-sounding and non-Russian-sounding names. Automating the process was not
feasible due to platform restrictions. The next day, we sent the second set of messages with
alternative names (Russian-sounding name if there was a non-Russian-sounding name
on the first day, and vice versa) from different accounts. A one-day gap was chosen to

make control and treatment groups more comparable and minimize the chance that list-

2Bessudnov and Shcherbak (2020) found that Chechen job seekers had one of the lowest response rates.
Given the overlap between names of major ethnic groups in Dagestan and Chechen names, this result applies
to many of the most popular names in Makhachkala.

52



ings would become unavailable by the time of the second message.
Randomization of Russian-sounding and non-Russian-sounding name message order
and text content ensured that timing would not bias results.

Classification of Responses

Landlords and agents could respond in various ways. The responses were classified into

the following categories:

1. Answer the question or ask the applicant to call

2. Ask for extended identification or explicitly inquire about ethnicity
3. State that the apartment has already been rented

4. Do not read the message

5. Read the message but do not respond

6. Reject the applicant, citing ethnicity

7. Reject the applicant, other reasons

Since landlords or agents could not communicate with applicants in other ways, no
additional response types were possible.

For the analysis of the experiment’s results, this classification was simplified. Category
1 was considered “likely non-discriminating,” while categories 2, 3, 5-7 were combined
into a single “likely discriminating” group. Responses classified under Category 4 were

excluded from the analysis.
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