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ABSTRACT  As more urban res i dents find their hous ing through online search tools, 
recent research has the o rized the poten tial for online infor ma tion to trans form and 
equal ize the hous ing search pro cess. Yet, very lit tle is known about what rental hous
ing infor ma tion is avail  able online. Using a cor pus of mil li ons of geocoded Craigslist 
adver tise ments for rental hous ing across the 50 larg est met ro pol i tan sta tis ti cal areas in 
the United States merged with cen sus tract–level data from the Amer i can Community 
Survey, we iden tify and describe the types of infor ma tion com monly included in list
ings across dif fer ent types of neigh bor hoods. We find that in the online hous ing mar ket, 
rent ers are exposed to fun da men tally dif fer ent types of infor ma tion depending on the 
ethnoracial and socio eco nomic makeup of the neigh bor hoods where they are searching.

KEYWORDS  Rental hous ing  •  Housing search  •  Craigslist  •  Neighborhood inequal ity 
•  Racial/eth nic inequal ity

Introduction

Residential mobil ity deci sions, which are pred i cated on infor ma tion about avail  able 
hous ing units and acces si ble neigh bor hoods, crit i cally shape life chances (Bischoff 
and Owens  2019;  Chetty  and Hendren  2018;  Sampson  2012;  Sharkey  and  Faber 
2014) and rates of res i den tial seg re ga tion (Krysan 2002; Krysan and Crowder 2017; 
Massey and Denton 1993; South et al. 2011). Longstand ing inter est in var i a tions in 
the avail abil ity of hous ing infor ma tion across ethnoracial groups (e.g., Courant 1978) 
has cul mi nated in recent insights regard ing how homeseekers form their choice sets 
and make deci sions about where to move (Bader and Krysan 2015; Bruch and Swait 
2019; Havekes et al. 2016; Krysan and Crowder 2017). Broadly, this research is com
mit ted to the idea that dif fer en tial hous ing out comes by race/eth nic ity—such as those 
pre vi ously  found  in  research  on  res i den tial mobil ity  (e.g., Bruch  and Mare  2006; 
Bruch and Swait 2019; Crowder and South 2005; Logan and Alba 1993)—are both a 
prod uct and cause of sociospatial inequal ity (Krysan and Crowder 2017).

In this arti cle, we gather data and employ meth ods rarely used by demog ra phers to 
fur ther research on res i den tial mobil ity in the United States in two key, related ways. 
First, in light of the rap idly chang ing hous ing search pro cess, we exam ine what kind of 
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infor ma tion about rental hous ing is avail  able online. The most recent Amer i can Hous
ing Survey (2017) found that hous ing websites are now a pri mary source of infor ma tion 
for all  urban homeseekers. Despite the turn toward under stand ing the sources of infor
ma tion homeseekers rely on when mak ing mobil ity deci sions and the expanding use of 
online search tools, we lack a thor ough descrip tion of the hous ing mar ket infor ma tion 
that is read ily avail  able online. We exam ine whether this infor ma tion is sim i lar across 
neigh bor hoods or whether, like other sources of infor ma tion, hous ing websites pres ent 
seg mented and seg re gated infor ma tion that tracks with racial/eth nic and socio eco nomic 
forms of sociospatial inequal ity. Doing so helps adju di cate between per spec tives that 
express some opti mism about the poten tial for online search tools to reduce racial infor
ma tion inequalities in res i den tial mobil ity deci sion mak ing (e.g., Krysan and Crowder 
2017; McLaughlin and Young 2018; Palm and Danis 2001) and those that argue that any 
new tech nol ogy that fos ters mobil ity will likely repro duce existing inequalities (e.g., 
Brannon 2017; Massey 2005; Stiel and Jordan 2018). Second, in ana lyz ing an increas
ingly  impor tant  source of  infor ma tion  for homeseekers, we empha size  that mobil ity 
deci sions are partly a prod uct of the sup ply of infor ma tion on avail  able units.

To under stand the sup ply of infor ma tion, we col lected 1.6 mil lion geocoded adver
tise ments for rental hous ing from the 50 larg est met ro pol i tan areas in the United States 
posted on Craigslist, the dom i nant plat form for today’s met ro pol i tan rental hous ing 
mar ket  (Boeing 2020; Boeing and Waddell 2017).1 Using com pu ta tional  text anal
y sis  tech niques, we first  iden tify com mon types of  infor ma tion displayed  in online 
hous ing adver tise ments. Next, we dem on strate that adver tise ments for rental hous ing 
largely reflect existing sociospatial inequalities: the infor ma tion about avail  able hous
ing units  varies depending on  the  surrounding neigh bor hood’s  ethnoracial makeup 
and rate of house holds in pov erty. Listings in poorer neigh bor hoods tend to focus on 
ten ant qual i fi ca tions, such as finan cial require ments and lack of evic tion or crim i nal 
his tory,  rather  than  describ ing  the  hous ing  unit’s  ame ni ties. But  even  among  non
poor neigh bor hoods, list ings in Black and Latino neigh bor hoods focus dis pro por tion
ately on ten ant (dis)qual i fi ca tions com pared with list ings in oth er wise sim i lar White 
neigh bor hoods, underscoring the racialized nature of infor ma tion in the online rental 
hous ing mar ket. In con trast, list ings in White and Asian neigh bor hoods—regard less 
of pov erty level—are more likely to describe the aes thetic qual i ties of hous ing units. 
Finally, list ings with higher ask ing rents in White and Asian neigh bor hoods, par tic
u larly those with higher pov erty rates and thus more gen tri fi ca tion poten tial (Hwang 
2015, 2016; Hwang and Sampson 2014; Timberlake and JohnsWolfe 2017), are more 
likely to describe desir able neigh bor hood char ac ter is tics. These dif fer ences high light 
the impor tance of study ing the infor ma tion envi ron ment itself (Bruch and Feinberg 
2017). In the online hous ing mar ket, rent ers are exposed to fun da men tally dif fer ent 
types of infor ma tion depending on the ethnoracial and socio eco nomic makeup of the 
neigh bor hoods  in which  they  search. These  infor ma tion dif fer ences may  attract  or 
repel cer tain types of homeseekers and reify place rep u ta tions—key mech a nisms of 
res i den tial sorting that operate as both out comes and causes of sociospatial inequal ity 
(Krysan and Crowder 2017).

1  Craigslist operates as a clas si fieds website out side of the United States as well, but it is not the pri mary 
hous ing website in many other countries (see Rae 2015).
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Information and Residential Mobility in the Rental Market

Since the Great Recession, a grow ing num ber of Amer i can house holds have become 
rent ers, and the rental mar ket con tin ues to be where the major ity of Afri can Amer i
cans, Lati nos, and immi grants find their hous ing (Ellen and Karfunkel 2016; National 
Multifamily Housing Coalition 2016; Schachter and Besbris 2017). Renters,  com
pared with homeowners, have higher rates of res i den tial mobil ity, dif fer ent rates of 
racial/eth nic seg re ga tion, and dis tinct choice con straints in their res i den tial mobil ity 
deci sions; fur ther, most met ro pol i tan rent ers face a mar ket with higher demand rel a
tive to sup ply as well as ris ing costs (DeLuca et al. 2013; Desmond and Shollenberger 
2015; Friedman et al. 2013; Joint Center for Housing Studies 2019; Pilkauskas and 
Michelmore 2019). Landlords are  there fore well posi tioned  to exploit  infor ma tion 
asymmetries, poten tially shap ing how rent ers are sorted (Garboden and Rosen 2019; 
Rosen 2014).

As a grow ing num ber and pro por tion of Amer i cans have become rent ers and rental 
hous ing afford abil ity has declined, the hous ing mar ket in gen eral—and the mar ket 
for  rental  hous ing  in  par tic u lar—increas ingly  operates  online. Recent  sur vey  data 
show that, across racial/eth nic groups, internet sites like Craigslist are one of the two 
most  com mon ways  (along with word of mouth)  that homeseekers  in urban areas 
find places to live (Amer i can Housing Survey 2017).2 In short, hous ing websites—in 
con junc tion with the sharp decline in unequal access to the internet in urban areas 
(Anderson and Perrin 2021)—are transforming res i den tial search and mobil ity pro
cesses (see Schachner and Sampson 2020:679).

Online rental hous ing adver tise ments are a point of con nec tion for land lords, who 
con trol  the  sup ply  of  rental  hous ing, with  pro spec tive  rent ers,  whose  pref er ences 
shape demand. By serv ing as this point of con nec tion, rental hous ing adver tise ments 
can  influ ence  the  types  of  house holds who  apply  and  those who  do  not.  In  other 
words, adver tise ments for rental hous ing are a key source of infor ma tion for rent ers 
mak ing res i den tial mobil ity deci sions.

Online list ings are also often the first sig nal that pro spec tive rent ers receive about 
whether  a  par tic u lar  unit matches  their  hous ing  pref er ences,  and  the  iter a tive  and 
imbri cated nature of the hous ing search pro cess means that pro spec tive ten ants learn 
about poten tial places  to  live as  they browse  list ings  (Krysan and Crowder 2017). 
Moreover, online search tools allow for eas ier and faster com par i son across units. On 
the one hand, this could help equal ize searches because a wide range of list ings can 
be accessed. On the other hand, it could also heighten par tic u lar sig nals as search ers 
quickly screen out a high vol ume of list ings (Bruch et al. 2016).

When indi vid u als begin searching for hous ing, one of their ini tial tasks is to deter
mine in which neigh bor hoods they would con sider liv ing (Bader and Krysan 2015). 
Of course, rent ers face struc tural con straints (e.g., price, geog ra phy), have preexisting 
infor ma tion about neigh bor hoods,  and may have pref er ences  for  cer tain neigh bor

2  The use of the internet as a rental hous ing search tool is dif fer en ti ated across lev els of edu ca tion. Renters 
with a bach e lor’s or advanced degree report find ing  their hous ing via  the  internet at dou ble  the rate of 
rent ers with a high school diploma or less. However, this trend is reversed for rent ers with fam i lies: these 
rent ers are nearly twice as likely to find housing using the internet if they have a high school edu ca tion or 
less than if they have a bach e lor’s or advanced degree.
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hoods based on  fac tors  such as  their  social net works and com mutes. But  this pre
existing  infor ma tion  tends  to be min i mal  (Krysan and Bader 2009; Lareau 2014).3 
Previous research has shown that cer tain types of infor ma tion can affect home seekers’ 
under stand ings of dif fer ent neigh bor hoods as more or less appro pri ate places to live. 
Descriptions of local ame ni ties, for exam ple, influ ence neigh bor hood selec tion, and 
homeseekers are sen si tive to sig nals about crime and safety—although sig nals about 
crime may operate as prox ies for ethnoracial makeup (Krysan and Crowder 2017; see 
also Quillian and Pager 2001). In fact, lan guage that is not overtly racial can still pro
vide cues about a given neigh bor hood’s demo graph ics (Besbris 2016, 2020; Besbris 
and  Faber  2017;  Howell  and  Emerson  2018;  Kennedy  et  al.  2021;  KorverGlenn 
2018, 2021) and can sub se quently affect res i den tial mobil ity deci sions and eco nomic 
deci sions more  gen er ally  (Besbris  et  al.  2015,  2019; Krysan  and Crowder  2017). 
Landlords may sim i larly be influ enced by shared per cep tions of neigh bor hoods when 
they com pose their adver tise ments, and the infor ma tion they pro vide about avail  able 
hous ing  likely both  reflects  existing pat terns of  res i den tial  sorting and per pet u ates 
them.

After  homeseekers  select  a  neigh bor hood  or  set  of  neigh bor hoods  in which  to 
search,  they  must  then  com pare  avail  able  hous ing  units  (Krysan  and  Crowder 
2017:53). Variation in descrip tions about the units is a key com po nent of the res i den
tial selec tion pro cess (see Harvey et al. 2020; Rosenblatt and DeLuca 2012; Wood 
2014). The infor ma tion on sites like Craigslist is poten tially influ en tial for the selec
tion of both neigh bor hoods and indi vid ual hous ing units: it is far more robust than the 
types of infor ma tion homeseekers tend to gather from their social net works (Carrillo 
et al. 2016; Lareau 2014), and  it  is updated  in  real  time as  rent ers go  through  the 
search pro cess.

Most  online  hous ing  plat forms  like  Craigslist  require  land lords  to  pro vide  the 
loca tion and price of a listed unit. However, land lords are free to choose what other 
types of  infor ma tion  to  include  in  their adver tise ments, such as descrip tions of  the 
unit. Whether a land lord is moti vated by profit or bias, or is sim ply try ing to pro vide 
rel e vant infor ma tion to pro spec tive ten ants, the selec tive inclu sion and exclu sion of 
infor ma tion in rental hous ing adver tise ments may influ ence homeseekers’ res i den tial 
mobil ity deci sions. In other words, exam in ing the con tent of online hous ing adver tise
ments is essen tial because it reflects per cep tions about the types of peo ple who belong 
in par tic u lar neigh bor hoods, facil i tates land lords’ selec tion of par tic u lar kinds of rent
ers, and enables rent ers to select neigh bor hoods and units that match their pref er ences.

Data and Methods

Following grow ing rec og ni tion of the value of data col lected online for under stand
ing demo graphic pro cesses (Cesare et al. 2018), we exam ine adver tise ments col lected 
from Craigslist. Not all  rental hous ing in the United States is adver tised on Craigslist; 
indeed, Boeing (2020) found that adver tise ments for rental hous ing on Craigslist in 

3  Additionally, according to the Current Population Survey, 3% to 5% of the U.S. pop u la tion since 2005 
has engaged in crosscounty res i den tial mobil ity annu ally (Frey 2019). Thus, in a given year, tens of mil
li ons of Amer i cans are gath er ing infor ma tion on neigh bor hoods in cit ies where they do not cur rently live.
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2014 were over rep re sented in neigh bor hoods with higher shares of White res i dents, 
dem on strat ing how offline inequalities are reproduced in the sup ply of infor ma tion 
online. However, our goal  is  to under stand what kind of  infor ma tion  is  shared on 
Craigslist, the most com pre hen sive and timely source of hous ing mar ket infor ma tion 
in the United States (Boeing and Waddell 2017; Kuk et al. 2021).

We designed a  set of Python  scripts  to  crawl Craigslist  and gather  infor ma tion 
from  rental  ads,  includ ing  list ing  date,  rent  (price),  square  foot age  and  other  unit 
char ac ter is tics, neigh bor hood name, geolocation, and the full  text of  the adver tise
ment. We include all  Craigslist sites that cor re spond to the 50 larg est met ro pol i tan 
sta tis ti cal areas (MSAs) in the United States.4 Posters cre at ing ads for rental hous ing 
are asked to sup ply the clos est cross streets for the list ing, and this posi tion is plot ted 
on a Google maps image embed ded within the adver tise ment. We iden tify each list
ing’s loca tion using the approx i mate lon gi tude and lat i tude from the crossstreet plot 
on Google maps. Across our metro areas, 12% of all  list ings are miss ing a geocode 
and are thus excluded from all  ana ly ses presented here. We use the geocodes to assign 
each adver tise ment to a cen sus tract using the ArcGIS geo graphic join tool, which 
returns 15char ac ter Federal Information Processing Standards cen sus tract codes to 
indi cate to which cen sus tract each geocode belongs.5 The Python scripts revisit each 
MSA Craigslist site once per week to check whether each cur rently posted list ing is 
new, in which case all  infor ma tion is scraped; if the list ing is repeated from the pre
vi ous week, this infor ma tion is noted in the data base.6

From late May 2017 through the mid dle of Feb ru ary 2018, we col lected 3,950,558 
list ings across all  50 MSAs. We elim i nate list ings miss ing price infor ma tion (about 
1%), list ings with prices higher than $10,000 per month (about 1%), and list ings that 
are dupli cates (about 50%), yield ing 1,697,117 unique geocoded list ings.7 We then 
merge our data with 2016 Amer i can Community Survey (ACS) fiveyear pooled data 
on  tract  racial/eth nic  com po si tion, pov erty  sta tus,  and other neigh bor hood char ac
ter is tics rel e vant to rental mar ket dynam ics (U.S. Census Bureau 2017). Because of 
miss ing data in our var i ous covariates and list ings that do not have enough text for 
topic mod el ing, our final sam ple size is 1,692,639.8

A large body of work has shown that two dimen sions of neigh bor hoods together 
struc ture the hous ing mar ket over all and res i den tial mobil ity in par tic u lar: ethnora
cial  and  socio eco nomic  com po si tion  (Adelman  2005;  Charles  2006;  Clark  1992, 
2009; Clark and Morrison 2012; Crowder and South 2008; Gabriel and Spring 2019; 
Krysan and Crowder 2017; Lee et al. 1994; Sampson and Sharkey 2008; Swaroop and 
Krysan 2011). Pervasive crossneigh bor hood inequal ity offline moti vates us to test 

4  For most MSAs, the cor re spond ing Craigslist site closely matches cen sus MSA defi  ni tions; more over, 
because we use only tractlevel cen sus data and fol low Craigslist mar ket defi  ni tions to deter mine metro 
area bound aries, any discrepancies do not impact our results (see the online appen dix).
5  Here, we mea sure infor ma tion dif fer ences at the tract level. We run sim i lar mod els at the ZIPcode level 
in case  there are any  inaccuracies  in matching ads  to  tracts, and we find sim i lar  results  (see  the online 
appen dix).
6  We exclude posts that do not post a date on which the hous ing will be avail  able because these tend to be 
spam posts. By scrap ing weekly, we miss list ings that are posted and removed within one week.
7  We pres ent regres sion results based on a sam ple that includes list ings with prices higher than $10,000 per 
month in the online appen dix. The results are sub stan tively sim i lar to those presented here.
8  See the online appen dix for tables on the dis tri bu tion of ads across MSAs and tracts.
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whether the entrenched sociospatial hier ar chy in U.S. cit ies is reflected in the types 
of  infor ma tion  contained  in  hous ing  list ings  in  dif fer ent  types  of  neigh bor hoods.9 
Similar to ana ly ses by Wang et al. (2018), we use 2016 fiveyear pooled ACS data in 
most of our ana ly ses to clas sify tracts into eight dif fer ent neigh bor hood types: White 
non poor, White poor, Black non poor, Black poor, Latino non poor, Latino poor, Asian 
non poor, and Asian poor. Neighborhood racial com po si tion is based on the plu ral ity 
racial group, and we use a thresh old of 30% of tract house holds liv ing at or below 
the  fed eral  pov erty  line  as our mea sure of neigh bor hood pov erty. We  tested  these 
cut offs and found no sub stan tive dif fer ences using alter na tive neigh bor hood clas si fi
ca tion sche mas (results shown in Tables A11 and A14, online appen dix). By using a 
cat e gor i cal mea sure of neigh bor hood type, we can bet ter iden tify how neigh bor hood 
racial com po si tion and socio eco nomic sta tus (SES) inter sect. We find sub stan tively 
sim i lar results using con tin u ous mea sures (see Table A15, online appen dix). In addi
tional ana ly ses, we include posted unit rental price and a broader set of neigh bor hood 
mea sures (from 2016 ACS fiveyear data) that are com monly cor re lated with neigh
bor hood race/eth nic ity and pov erty rate, includ ing the pro por tion of col legeedu cated 
res i dents, the pro por tion of the pop u la tion that is for eignborn, the pro por tion of units 
that are renter occu pied, the pro por tion of units built after 2010, and the neigh bor
hood vacancy rate.10 We exam ine these var i ables, which mea sure either the qual ity of 
the units in a neigh bor hood or neigh bor hood demo graph ics, because they could plau
si bly affect the ways land lords list their units. For exam ple, a more highly edu cated 
renter pool could prompt land lords to adver tise cer tain types of ame ni ties, whereas a 
higher vacancy rate might cre ate more com pe ti tion for poten tial rent ers and prompt 
land lords to add more infor ma tion to their list ings (Boeing et al. 2020).

Recent  work  sug gests  that  infor ma tion  presented  in  online  hous ing  adver tise
ments indeed varies by neigh bor hood. For exam ple, Craigslist adver tise ments from 
poorer neigh bor hoods and neigh bor hoods with more Black res i dents con tain fewer 
words, on aver age, and are less likely to state an exact address for the rental (Boeing 
et al. 2020). In addi tion, the prev a lence of Craigslist list ings rel a tive to the under ly
ing hous ing stock is greater in neigh bor hoods with more White, higherincome, and 
more edu cated res i dents (Boeing 2020). Critically, how ever, lit tle work has exam ined 
the main tex tual descrip tion of list ings, with the excep tion of Kennedy et al.’s (2021) 
recent study. Although collecting and ana lyz ing these data is more time con sum ing 
and  labor  inten sive,  it  allows  for  a  deeper  under stand ing of  the  infor ma tion  com
monly included in online rental hous ing adver tise ments. As we will dem on strate, the 
text of adver tise ments tends to con tain key details about hous ing and neigh bor hoods, 
which likely influ ence pro spec tive rent ers’ res i den tial mobil ity deci sions. Moreover, 
unlike the socalled checkboxes ana lyzed in prior work, which offer land lords lim
ited options/flex i bil ity in describ ing their units (Boeing et al. 2020), land lords have 
full dis cre tion to include (or exclude) any type and amount of textbased infor ma tion 
they con sider nec es sary to attract their desired ten ants in the main list ing. Exploring 

9  The non ran dom selec tion of neigh bor hoods by eco nomic con di tions dur ing the res i den tial mobil ity pro
cess and  the sub se quent effect of  these con di tions on  res i dents also exists out side of  the United States 
(McAvay 2018; van Ham et al. 2018).
10  These addi tional mea sures are meant to fur ther con tex tu al ize the main find ings on dif fer ences in adver
tise ments by neigh bor hood type (see Varian 2014).
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this dis cre tion ary infor ma tion is crit i cal given research in other set tings show ing that 
unequal and dis crim i na tory treat ment can be more prev a lent in con texts where gate
keep ers have more dis cre tion (Pager and Shepherd 2008).

We use two com pu ta tional text anal y sis approaches to describe the kinds of infor
ma tion  avail  able  in  online  hous ing  adver tise ments  and  to  test  for  var i a tion  across 
neigh bor hoods. First, we use struc tural topic mod els (STM) to iden tify com mon top
ics or  themes in adver tise ments. Topics are sets of words that fre quently cooccur. 
For exam ple, we might antic i pate  that  rental hous ing  list ings are  likely  to  include 
lan guage about the num ber of bed rooms and bath rooms. If basic descrip tions of the 
hous ing unit are a com mon type of infor ma tion, topic model results will include a 
topic with words often found  in  these descrip tions (e.g., “bed room,” “bath room”). 
Topic  mod els  do  not  require  research ers  to  know  before hand  which  themes  will 
emerge; rather, they take a purely induc tive approach by iden ti fy ing com monly co
occur ring sets of words. The researcher then exam ines the col lec tions of words and 
identifies their sub stan tive mean ing. Thus, topic mod els allow us to char ac ter ize the 
dif fer ent con tent areas that are com monly included in online hous ing list ings with out 
being influ enced by any prior assump tions. In addi tion to pro vid ing a descrip tion of 
infor ma tion com monly presented  in online hous ing adver tise ments, STM can also 
be used to com pare the prev a lence of top ics and spe cific word choices within a topic 
across dif fer ent types of neigh bor hoods (DiMaggio et al. 2013; Roberts et al. 2014). 
In other words, we can use STM to esti mate which types of top ics land lords are more 
likely to use in adver tise ments for hous ing in dif fer ent types of neigh bor hoods and to 
com pare the types of words used across neigh bor hoods within the same topic.

To run our STM anal y sis, we first cre ate a doc u mentterm matrix containing infor
ma tion spec i fy ing how many times each term appears in each indi vid ual adver tise
ment. In preprocessing the cor pus, we first con vert cap i tal let ters to low er case; remove 
num bers, stop words (e.g., “a”, “an”, “the”, “am”, “are”, “is”), and punc tu a tion; and 
con duct stem ming to obtain more infor ma tive out comes. Second, we remove low
fre quency words—those appearing in less than 1% of ads—which is stan dard and a 
cru cial step to reduce noise in the out come (Mosteller and Wallace 1963).

After preprocessing and cre at ing a doc u mentterm matrix, we run an STM with 
seven top ics.11 Our STM anal y sis occurs over three stages. First, we com pute topic 
pro por tions  by  each  doc u ment.12 When  we  con duct  STM,  we  include  covariates 
that account for  the doc u mentgen er at ing pro cess.13 However,  includ ing covariates 
in the STM esti ma tion makes min i mal dif fer ence in the topic model out comes, and 
STM with out any covariates dem on strates iden ti cal results (as shown in the online 
appen dix). Second, we run regres sion mod els  to esti mate  the rela tion ship between 
neigh bor hood type and topic pro por tions by includ ing the same set of covariates. We 
include MSA fixed effects. Finally, we com pare word choices within the same topic 

11  We fol low Chang et al. (2009) in choos ing a num ber of top ics that are eas ily inter pret able and con vey 
cohe sive mean ing. In the online appen dix, we pres ent results that use dif fer ent num ber of top ics.
12  STM also pro duces a wordtopic matrix, which rep re sents the pro por tion of word use by each topic.
13  Our pre ferred STM esti ma tion includes the fol low ing covariates: the posted unit price, our eightcat e gory 
neigh bor hood type clas si fi ca tion, the pro por tion of res i dents who are col lege edu cated, the pro por tion of 
units that are renter occu pied, the pro por tion of units that were built after 2014, the pro por tion of the pop
u la tion that is for eignborn, the vacancy rate, and MSA fixed effects.

D
ow

nloaded from
 http://dup.silverchair.com

/dem
ography/article-pdf/58/4/1197/934229/1197besbris.pdf by guest on 23 April 2024



1204 M. Besbris et al.

between neigh bor hood types by run ning a new STM that includes a dummy var i able 
indi cat ing whether the neigh bor hood is major ity White or major ity nonWhite; this 
type of anal y sis can be conducted only across two groups, not with our eightcat e gory 
neigh bor hood typol ogy.14

As we describe in detail later, our STM anal y sis finds sub stan tial var i a tion in the 
infor ma tion  pro vided  in  adver tise ments  across  neigh bor hoods.  To  fur ther  explore 
these dif fer ences, we exam ine whether indi vid ual words are asso ci ated with neigh
bor hood  char ac ter is tics.  Focusing  only  on  top ics might  obscure  spe cific words  or 
phrases such as “Section 8” (a ref er ence to subsidies in the form of vouch ers pro vided 
to some poor and mod er ateincome house holds for use in the pri vate rental mar ket) 
or “Whole Foods” (a ref er ence to an upscale gro cery store) that vary sys tem at i cally 
across dif fer ent types of neigh bor hoods. In addi tion, to imple ment STM, we have to 
make deci sions in the mod el ing and inter pre ta tion pro cess that might inad ver tently 
influ ence our find ings. Using a sec ond approach to under stand pat terns  in our  text 
data pro vi des a key robust ness test.

To iden tify indi vid ual words that tend to dis tin guish between neigh bor hoods, we 
use mul ti no mial inverse regres sion (MNIR), a pow er ful tool for mea sur ing how words 
are  asso ci ated  with  con tin u ous  mea sures  of  neigh bor hood  char ac ter is tics.15 MNIR 
incor po rates highdimen sional data, such as text data with many covariates, into sta
tis ti cal  anal y sis  to  uncover  the  strength  of  cor re la tion  between  each word  and  our 
covariate of choice. For exam ple, MNIR esti ma tes how each word in  the cor pus  is 
cor re lated with the pov erty rate of the neigh bor hood where the list ing is posted.16 If 
“sec tion” (as in “Section 8 hous ing”) is strongly cor re lated with list ing tract pov erty 
rate, then the MNIR coef fi cient for “sec tion” will be high. (Because MNIR esti ma tes 
the strength of asso ci a tion bet ter with con tin u ous mea sures, we do not use our neigh
bor hood cat e go ri za tion mea sure.)17 MNIR achieves  the same goal as ordi nary  least 
squares  (OLS) while addressing sta tis ti cal  issues  in highdimen sional data,  such as 
text data. To run MNIR, we use  the same preprocessing  tech niques as  in our STM 
anal y sis and pre pare the doc u mentterm matrix. MNIR will pro duce a vec tor of coef
fi cients  that con tains  the strength of cor re la tion between  the selected neigh bor hood 
covariate and each word.18

14  Because word com par i sons within top ics can be cal cu lated only for binary neigh bor hood mea sures, here 
we clas sify all  neigh bor hoods as major ity White or major ity nonWhite.
15  We choose MNIR over other machine learn ing meth ods such as LASSO or ridge regres sion because 
MNIR is spe cifi  cally devel oped for appli ca tion to text data (Gentzkow et al. 2019).
16  Past  work  has  ref er enced  unpub lished  research  on  STM  ana ly ses  of  Craigslist  data  (see  Boeing 
et  al.  2021)  or  used  STM  to  ana lyze  ads  in  one  city  (Kennedy  et  al.  2020). To  our  knowl edge,  how
ever, no  research has used MNIR  to under stand  the char ac ter is tics of  rental mar ket  infor ma tion across 
neigh bor hoods.
17  Given that our research ques tions are ones of asso ci a tion instead of pre dic tion (see Grimmer 2012), log 
odds and modelbased approaches, such as MNIR, are effec tive for iden ti fy ing dis tinct words (Manning 
et al. 2008; Taddy 2013). However, we find that mutual infor ma tion mod els (avail  able upon request) and 
MNIR pro duce very sim i lar results.
18  MNIR pro duces this vec tor of covariates by assum ing that the doc u mentterm matrix is a col lec tion of 
draws from a mul ti no mial dis tri bu tion and inversing the regres sion frame work by put ting the high dimen
sional doc u mentterm matrix on the left side.
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Finally, we con duct ancil lary ana ly ses (presented in the online appen dix) to fur
ther  quan tify  infor ma tion dif fer ences  across  neigh bor hoods.  In  these  ana ly ses, we 
use OLS  to  iden tify  var i a tion  in  numeric  char ac ter is tics  of  online  adver tise ments, 
includ ing the over all num ber of words included in each adver tise ment and the num
ber of pic tures. These ana ly ses iden tify clear dif fer ences in the type of infor ma tion 
included in adver tise ments depending on the neigh bor hood in which the rent als are 
located, fur ther supporting the textbased ana ly ses presented here.

Results

Identifying Information Types

We begin by iden ti fy ing the types of infor ma tion com monly included in online hous
ing  adver tise ments. Table  1  details  our  seven  top ics,  list ing  their  labels,  the most 
com mon words within these top ics, and each topic’s prev a lence aver age across the 
entire set of adver tise ments.

The gen eral infor ma tion  topic  focuses  on  the  type of  build ing  (e.g.,  apart ment 
build ing, duplex, sin glefam ily home) and, on aver age, accounts for about 25% of 
a list ing’s con tent. The avail abil ity topic includes infor ma tion on how to con tact the 
land lord and view the unit and accounts for 8.5% of list ing con tent on aver age. Unit 
descrip tion, at 25% of aver age list ing con tent, includes basic descrip tions of the size 
of the unit (e.g., num ber of bed rooms and bath rooms). The pet pol icy topic (8.3% of 
con tent) cov ers whether and which types of pets are allowed in the unit. These top
ics  cover  basic,  per func tory  infor ma tion  that  is  undoubt edly  part  of  homeseekers’ 
deci sions. However,  they  are  less  sub ject  to  land lords’  capri cious ness  in  that  they 
are gen er ally objec tive char ac ter is tics about the unit. Additionally, the land lord can 
sig nal much of this infor ma tion—includ ing the num ber of bed rooms and bath rooms, 
the avail abil ity of a washer and dryer, and the pet pol icy—in writein options and 
checkboxes that are inde pen dent of the adver tise ment’s main text and can be used by 
homeseekers to fil ter units when searching on Craigslist. Given that other work more 
thor oughly explored the use of checkboxes in Craigslist adver tise ments (Boeing et al. 
2020), our focus here is on describ ing the lin guis tic con tent of the text in ads.

We focus our anal y sis on  three  top ics—logis tics, unit ame ni ties,  and neigh bor
hood ame ni ties—because of their the o ret i cal impor tance to the res i den tial deci sion 
pro cess (Desmond 2016; Harvey et al. 2020; Krysan and Crowder 2017; Rosen 2017; 
Rosenblatt  and DeLuca  2012; Wood 2014).  First,  the  logis tics  topic  cap tures  lan
guage about the logis tics of apply ing to rent a unit and desired and unde sired renter 
char ac ter is tics,  includ ing  lan guage  about  hous ing  vouch ers,  evic tion  his tory,  and 
income and credit score require ments. The logis tics topic accounts for about 11% of 
the con tent in an aver age list ing. Landlords include this type of text in their adver tise
ments to try to influ ence who will con tact them for more infor ma tion or apply to rent 
their unit (Rosen 2014). Figure 1 shows two exam ples of list ings from our data that 
have a high pro por tion of the logis tics topic.

Second, the unit ame ni ties topic cap tures more spe cific lan guage about optional 
hous ing fea tures rel a tive to the unit descrip tions topic (see Figure 1 for exam ples). 
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1206 M. Besbris et al.

Moreover, in addi tional ana ly ses, we con firm that these top ics are dis tinct by iden
ti fy ing dif fer ent prev a lence pat terns across neigh bor hoods (see Table A9 and Figure 
A1, online appen dix). On aver age, the unit ame ni ties topic accounts for about 13% 
of list ing con tent.

Third, the neigh bor hood ame ni ties topic con tains lan guage describ ing neigh bor
hood char ac ter is tics. This topic, which accounts for about 10% of the con tent in an 
aver age  list ing,  includes words  about  parks,  shop ping,  and  res tau rants,  as well  as 
other infor ma tion about neigh bor hood loca tion or resources (see Figure 1).19

Testing for Variation in Available Information Across Neighborhoods

Next,  to  test whether each  topic  is dis pro por tion ately prominent  in adver tise ments 
in cer tain types of neigh bor hoods, we treat topic prev a lence—that is, the pro por tion 
of each adver tise ment’s words that are ded i cated to each topic—as a depen dent var i
able. We use OLS mod els with MSAlevel fixed effects to pre dict prev a lence, and we 
clus ter stan dard errors by MSA.20 We log trans form our depen dent var i ables because 
the  dis tri bu tions  of  the  var i ables  are  skewed  to  the  right.21 Table  2  reports  coef fi
cients predicting the logis tics (Model 1a), unit ame ni ties (Model 2a), and neigh bor
hood ame ni ties (Model 3a) top ics with out addi tional con trol mea sures. We use these 
mod els to esti mate pairwise dif fer ences across neigh bor hood types by chang ing the 

19  Both unit ame ni ties and neigh bor hood ame ni ties poten tially vary based on land lords’ adver tis ing strat
e gies and under ly ing dif fer ences in hous ing and neigh bor hood char ac ter is tics. Our data can not adju di cate 
between the two. However, given prior research show ing that racial com po si tion tends to pre dict res i dents’ 
and homeseekers’ assump tions about unit and neigh bor hood ame ni ties (Krysan and Crowder 2017), it is 
unlikely that under ly ing qual ity and fixed char ac ter is tics of hous ing and neigh bor hoods can com pletely 
explain dif fer ences in ad text.
20  We obtain sim i lar results when we clus ter by cen sus tract (see Table A20, online appen dix).
21  See Figures A2 and A3 (online appen dix) for his to grams of  the depen dent var i ables. The results are 
sim i lar when we  do  not  log  trans form  our  depen dent  var i ables  (see Table A10  and  Figure A4,  online 
appen dix).

Table 1 STM top ics from Craigslist rental list ings

Label Wordsa %

General apart, home, communiti, cen ter, pool, call, offer, locat, fit, bed room 24.6
Availability apart, avail, leas, today, price, unit, manag, chang, properti, call 8.5
Unit Description bed room, room, floor, kitchen, new, includ, larg, bath, bath room, month 25.2
Pet Policy pet, apart, home, communiti, polici, offic, restrict, now, hour, hous 8.3
Logistics rent, month, applic, will, fee, home, credit, pleas, properti, leas 10.6
Unit Amenities kitchen, floor, cen ter, applianc, room, communiti, loung, fit, stain less, area 12.7
Neighborhood  

Amenities park, apart, locat, down town, walk, shop, restaur, citi, minut, street 10.2

a Words displayed have sim pli fied forms because they are all  stemmed. Every word from STM will be 
displayed as a stemmed form.
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1207Unequal Availability of Rental Housing Information

base line cat e gory in our regres sion mod els and gen er at ing predicted val ues. Figure 2 
reports pairwise com par i sons of neigh bor hood types for each of our top ics. Because 
our depen dent var i ables are  logtransformed, we pres ent  the per cent age change  in 
topic pro por tion, rather than the regres sion coef fi cients, for ease of inter pre ta tion.

As shown in the first col umn of Figure 2, regard less of race, dis cus sion of rental 
logis tics—income  require ments,  back ground  checks,  renter  dis qual i fi ca tions—is 
almost 50% more prev a lent in poorer neigh bor hoods com pared to their samerace, 
non poor coun ter parts. However, the logis tics topic is not just asso ci ated with pov erty 
sta tus; with pov erty held con stant, the logis tics topic is 25% to 75% more prev a lent in 
Black and Latino neigh bor hoods com pared with White ones.22 Although dis cus sion 
of rental logis tics is clearly related to neigh bor hood SES, it is also racialized.

These results sug gest that rent ers searching in higherpoverty, Black, and Latino 
neigh bor hoods are more likely to encoun ter restric tive infor ma tion in adver tise ments, 
which may encour age those search ers who can afford it to select out of the pro spec
tive pool of rent ers before a land lord even begins a for mal review of appli cants. This 
lan guage may also lead some rent ers to believe that these neigh bor hoods have high 
rates of crime, evic tion, and pov erty. That  is,  this  lan guage works  in  tan dem with 
any preexisting infor ma tion to fur ther stig ma tize neigh bor hoods (Besbris et al. 2015, 
2018, 2019; Sampson and Raudenbush 2004). However, some rent ers might appre
ci ate hav ing rental require ments presented upfront, and other words within this topic 
focus on sub jects such as lease terms and the rental appli ca tion pro cess.

22  In  these ana ly ses, White, Black, and Latino poor neigh bor hoods have sim i lar pov erty  rates  (median 
=   38%).

Logistics Topic

You will love to call this
house home! $ Deposit holds

it and $ per month rent is
what gets you in. Must have

verifiable income and no past
evictions within the last yrs.

(90.9%)

This house will not last long.
Looking for a motivated renter

with NO evictions, GOOD rental
history, and income must

be $ per month. Application
fees are waived for SERIOUS

applicants. (91.9%)

Unit Amenities Topic

Granite counter tops washer
and dryer ceiling fans wood

floors, Stainless steel
kitchen appliances Modern
accents and LED Lighting

(87.4%)

ad# ft. Ceilings Hardwood
Style Flooring* Island

Kitchens* Upgraded Cabinets
Deep Kitchen Sinks with

Gooseneck Faucets Granite
Counter Tops Stainless Steel
Appliances Washer and Dryer

Included Separate Walk−
In Showers* Live−Work Units

Available* Large Walk−In
Closets (90.1%)

Neighborhood Amenities Topic

Watch your step as you might
trip from having too much

fun walking to campus with
your friends while staying
at the Fine Arts building in
the hippest place on earth,

Berkeley! (89.3%)

* Located close to public
transportation with easy

access to freeways /, Caltrain
and corporate shuttles *

Blocks from the AT&T stadium,
UCSF campus, a farmer's

market, Safeway, Whole Foods,
eateries, and nightlife

(90.0%)

Fig. 1  Example  listings of  three main  topics. The values  in parentheses represent  the percentage of  the 
listing devoted to the relevant topic. For example, 91.9% of the first listing on the far left of the figure is 
devoted to the logistics topic.
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Table 2 Regression results predicting topic pro por tions with addi tional neigh bor hood covariates  
(depen dent var i able is logtransformed topic pro por tion)

Logistics Topic Unit Amenities Topic
Neighborhood  
Amenities Topic

(1a) (1b) (2a) (2b) (3a) (3b)

Neighborhood Type
  White poor 0.436** 0.520** −0.215* −0.234** 0.620** 0.382**

(0.088) (0.084) (0.093) (0.078) (0.084) (0.075)
  Black non poor 0.487** 0.195† −0.594** −0.164** −0.304** −0.036

(0.106) (0.104) (0.052) (0.051) (0.054) (0.061)
  Black poor 0.995** 0.497** −0.792** −0.239** 0.193** 0.280**

(0.112) (0.122) (0.063) (0.066) (0.064) (0.064)
  Latino non poor 0.364** 0.362** −0.490** −0.095 −0.124† 0.347**

(0.065) (0.084) (0.080) (0.072) (0.072) (0.055)
  Latino poor 0.706** 0.664** −0.822** −0.305** 0.080 0.478**

(0.140) (0.148) (0.077) (0.079) (0.074) (0.076)
  Asian non poor −0.270* 0.236* 0.112† −0.081 −0.232** −0.057

(0.109) (0.114) (0.058) (0.065) (0.065) (0.092)
  Asian poor 0.389 0.802** −0.303 −0.393† 0.494** 0.439**

(0.288) (0.269) (0.317) (0.216) (0.160) (0.078)
Unit and Neighborhood 
Covariates

  Price ($1,000s) −0.114** 0.336** −0.005
(0.026) (0.037) (0.016)

  % College −0.013** 0.017** 0.018**
(0.002) (0.001) (0.001)

  % Foreignborn −0.017** 0.004* −0.010**
(0.004) (0.002) (0.002)

  % Units renter occu pied −0.009** 0.007** 0.010**
(0.001) (0.001) (0.001)

  % Unit built after 2010 −0.013* 0.047** −0.004
(0.005) (0.004) (0.002)

  % Vacancy 2.691** −0.911** 1.592**
(0.269) (0.192) (0.212)

MSA Fixed Effects Y Y Y Y Y Y
Number of Observations 1,692,639 1,692,639 1,692,639 1,692,639 1,692,639 1,692,639
Number of Census Tracts 37,319 37,319 37,319 37,319 37,319 37,319
R2 .179 .230 .231 .349 .241 .346
Adjusted R2 .179 .230 .231 .349 .241 .346
Residual SE 1.664 1.611 1.342 1.235 1.104 1.025

Notes: Proportions for the three top ics are com puted by STM (Roberts et al. 2014). The base cat e gory for 
neigh bor hood type is White, non poor neigh bor hoods. Listings with rents of more than $10,000 per month 
are removed. For neigh bor hood clas si fi ca tion, racial com po si tion is based on the plu ral ity racial group. 
We use a thresh old of 30% of tract pov erty rate as our mea sure of neigh bor hood pov erty. Neighborhood 
covariates are obtained from 2016 ACS fiveyear pooled data. Standard errors are clus tered at the MSA 
level.
†p < .10; *p < .05; **p < .01

D
ow

nloaded from
 http://dup.silverchair.com

/dem
ography/article-pdf/58/4/1197/934229/1197besbris.pdf by guest on 23 April 2024



1209Unequal Availability of Rental Housing Information

Although our data do not allow us to test the effects of lan guage on renter behav
ior, we can exam ine whether there is any het ero ge ne ity in the choice of words within 
the logis tics topic by neigh bor hood racial com po si tion. In this anal y sis, we must use 
a binary neigh bor hood clas si fi ca tion; we com pare word choice in neigh bor hoods that 
are major ity White with  those  that  are major ity  nonWhite.  Figure  3  dis plays  the 
results of this anal y sis. We find that within the rental logis tics topic, the spe cific words 
used in adver tise ments vary along racial  lines. Specifically, words such as “must,” 
“credit,” and “incom[e],” which con vey a more exclu sion ary tone and focus on renter 
char ac ter is tics, pre dom i nate in adver tise ments in major ity nonWhite neigh bor hoods. 
In con trast, words in adver tise ments in major ity White neigh bor hoods con vey a more 
neu tral  or wel com ing  tone  and  a  focus  on  the  gen eral  rental  appli ca tion  pro cess; 
exam ples include “will,” “move,” “applic[ation],” “leas[e],” and “free.”

Returning to the sec ond col umn of Figure 2, we find that adver tise ments in poorer 
neigh bor hoods tend to have less lan guage about unit ame ni ties (e.g., descrip tions of 
build ing mate ri als, appli ances). Relative to samerace, non poor neigh bor hoods, poor 
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Fig. 2  Pairwise comparison of topic percentages across neighborhood types. The dependent variables are 
log transformed. The dots and bars indicate, respectively, the percentage change and confidence intervals 
derived from regression models. For ease of interpretation, we present percentage change instead of regres
sion coefficients. The neighborhood listed first (before “vs.”) is the base category. The first four rows (non
poor vs. poor) display the regression coefficients for poor neighborhoods when nonpoor neighborhoods for 
the respective racial group represent the base category. A negative value means that ads in poor neighbor
hoods provide less information on that topic than those in nonpoor neighborhoods. A positive value means 
that ads in nonpoor neighborhoods provide less information on that topic than ads in poor neighborhoods. 
The following eight rows compare differences by racial composition. The first racial group listed is the 
base category. For example, the coefficient for “White vs. Latino” in the sixth row for the unit amenities 
topic indicates that Latino nonpoor neighborhoods have ads with 38.7% less content on unit amenities than 
White nonpoor neighborhoods. Neighborhood racial composition and poverty rate are obtained from 2016 
ACS fiveyear pooled data. The regression models include MSA fixed effects. Standard errors are clustered 
at the MSA level. The plots are based on the results presented in Table 2.
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White, Black, Latino, and Asian neigh bor hoods all  have approx i ma tely 20% to 30% 
less dis cus sion of unit ame ni ties (although the dif fer ence for Asian neigh bor hoods is 
not sig nifi  cant, per haps because of small sam ple sizes). As with the logis tics topic, 
how ever, we also find a clear racialized pat tern of unit ame ni ties lan guage. Among 
non poor neigh bor hoods, list ings in Black and Latino neigh bor hoods are approx i ma
tely 40% less likely to con tain infor ma tion about hous ing unit ame ni ties com pared 
with White neigh bor hoods. Similarly,  list ings  in  poor Black  and Latino neigh bor
hoods are more than 40% less likely to con tain infor ma tion about hous ing unit ame ni
ties com pared with poor White neigh bor hoods. In sum, com pared with those in White 
neigh bor hoods, adver tise ments  in Black and Latino neigh bor hoods over em pha size 
renter qual i fi ca tions and logis tics and under em pha size unit ame ni ties.

Discussion of neigh bor hood ame ni ties (descrip tions of nearby parks, res tau rants, 
and so on) dis plays a more com plex pat tern. As shown in the final col umn of Figure 2, 
list ings in poor neigh bor hoods tend to include more dis cus sion of neigh bor hood ame
ni ties rel a tive to list ings in neigh bor hoods of their non poor, samerace coun ter parts. 
The effect sizes vary from approx i ma tely 25% more prev a lent in poor Latino neigh
bor hoods to almost 90% more prev a lent in poor White neigh bor hoods (and to 100% 
more prev a lent in poor Asian neigh bor hoods, although this esti mate is very impre cise 
given our small sam ple size). Nevertheless, regard less of pov erty sta tus, list ings in 
Black and Latino neigh bor hoods con tain less infor ma tion describ ing the neigh bor
hood than listings in White neigh bor hoods with a sim i lar pov erty sta tus (both poor 
and non poor). Models 1b, 2b, and 3b in Table 2 repeat this anal y sis but include addi
tional neigh bor hood covariates. Although some effect sizes are atten u ated, most dif
fer ences by race and pov erty sta tus remain sta tis ti cally sig nifi  cant.

Why would adver tise ments for hous ing in poorer neigh bor hoods, and par tic u larly 
in pre dom i nantly White and Asian neigh bor hoods with more col legeedu cated res i
dents, con tain more lan guage on neigh bor hood ame ni ties? This prac tice may partly 
reflect  land lords’  desires  to  attract  higherSES  rent ers. That  is,  in  try ing  to  attract 
higherSES  ten ants who may  be will ing  and   able  to  pay more  rent,  land lords  are 
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Fig. 3  Choice of words within the logistics topic by neighborhood racial composition. Words that appear 
on the right side of the figure are more likely to appear in majority nonWhite neighborhoods. The likeli
hood of a word’s use increases as the word is located farther right. Words that are located to the left of the 
dashed line are more likely to be used in majority White neighborhoods. The size of the words represents 
the frequency of the word in the logistics topic.
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1211Unequal Availability of Rental Housing Information

incen tiv ized  to empha size neigh bor hood ame ni ties. Many  lowerincome neigh bor
hoods have some gen tri fi ca tion poten tial, which could explain why we see more lan
guage on neigh bor hood ame ni ties in poor neigh bor hoods across racial com po si tion. 
However,  prior  research has  shown  that  poor,  nonBlack neigh bor hoods  are more 
likely to gen trify than poor, Black neigh bor hoods (Hwang 2015, 2016; Hwang and 
Sampson 2014; Timberlake and JohnsWolfe 2017), which could account for the var
i ance in ame ni ties lan guage across neigh bor hoods of dif fer ent racial com po si tions.

To test whether gen tri fi ca tion poten tial is driv ing the prev a lence of neigh bor hood 
ame ni ties lan guage in poorer neigh bor hoods, we next exam ine higherpriced rental 
units within  poorer  neigh bor hoods. We first  rep li cate Table  2  but  clas sify  list ings 
based on neigh bor hood race and whether the list ing is above (= high rent) or below 
(= low rent) the median ask ing rental price in their metro area (see Table A16, online 
appen dix). We find sim i lar pat terns for the logis tics and unit ame ni ties top ics using 
the  list ing  rent as our SES mea sure com pared with our  typol ogy of neigh bor hood 
race by pov erty. However,  a dis tinct  pat tern  emerges  for neigh bor hood ame ni ties: 
although we pre vi ously found that neigh bor hood ame ni ties lan guage is more prev a
lent in poorer neigh bor hoods, we now find that it is less prev a lent in lowerrent units. 
We next inter act our binary mea sure of unit list ing rent (high vs. low) with our full, 
eightcat e gory neigh bor hood typol ogy, cre at ing 16 neigh bor hood categories in total 
(see Table A17 and Figure A6, online appen dix).

Even when we account for both neigh bor hood pov erty and rent, large ethnoracial 
dif fer ences remain. With respect to neigh bor hood ame ni ties, list ings in lowerpov erty 
neigh bor hoods still tend to have less lan guage regard ing neigh bor hood ame ni ties and 
fewer dif fer ences by race or rent. Yet among higherpov erty neigh bor hoods, higherrent 
list ings tend to have more neigh bor hood ame ni ties lan guage; fur ther, regard less of rent, 
list ings in highpoverty White and Asian neigh bor hoods tend to have more neigh bor
hood ame ni ties lan guage. Altogether, these find ings remain con sis tent with the racial
ized gen tri fi ca tion pro cesses iden ti fied in prior research. Landlords who list higherrent 
units in poten tially gen tri fying neigh bor hoods tend to include more infor ma tion about 
neigh bor hood ame ni ties in their ads.

Our STM anal y sis identifies clear dif fer ences in infor ma tion across neigh bor hoods 
depending on  their  racial/eth nic and socio eco nomic com po si tion as well as dif fer
ences in infor ma tion across units depending on their ask ing rent. Yet, each topic con
tains mul ti ple words, and it remains some what unclear exactly which words might 
sys tem at i cally appear more or less fre quently across neigh bor hoods. Thus, we next 
use MNIR to iden tify indi vid ual words that are cor re lated with neigh bor hood char ac
ter is tics and to pro vide a robust ness check on our STM find ings. We con duct MNIR 
with con tin u ous neigh bor hood mea sures, exam in ing the pro por tion of res i dents who 
are Black, the pro por tion of res i dents in pov erty, and the pro por tion of res i dents who 
are col legeedu cated. Additional ana ly ses for other neigh bor hood race and SES mea
sures show sim i lar sub stan tive find ings and are reported in the online appen dix. Note 
that, because of MNIR’s lim i ta tions, these ana ly ses con sider just one neigh bor hood 
char ac ter is tic at a time.

The MNIR results are detailed in Figure 4. For each mea sure, we list the 50 words 
that have the highest asso ci a tion with each neigh bor hood char ac ter is tic. Figure 4 dis
plays the words in descending order, from the stron gest  to  the weakest cor re la tion 
(within this group of rel a tively highly cor re lated words). The cor re la tion coef fi cients 
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cal cu lated in MNIR have no sub stan tive mean ing; MNIR has no stan dard or accepted 
cut offs for what con sti tutes a weak or strong cor re la tion (unlike Pearson’s r). Thus, in 
MNIR, cor re la tion coef fi cients for spe cific words can be interpreted only rel a tive to 
each other (see the online appen dix for MNIR coef fi cients).

The MNIR results under score the var i a tion in spe cific words used by neigh bor
hood  racial  com po si tion  and SES. Beginning with  the  lan guage  asso ci ated with  a 
larger pro por tion of res i dents who are Black, we see words focused on renter char ac
ter is tics and (dis)qual i fi ca tions, such as “evic tions,” “sec tion” (short for “Section 8”), 
“crim i nal,” and “proof” (of income). This pat tern mir rors our find ings for the logis tics 
topic in our STM anal y sis. We also see words about afford abil ity and finances, includ
ing “dis counts,” “afford able,” “money,” and “income,” although the cor re la tion is not 
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quite as strong as it was for renter char ac ter is tics and (dis)qual i fi ca tions; for exam
ple, “evic tions” is about 1.7 times more cor re lated with the pro por tion Black than is 
“income” (see the online appen dix). In other ana ly ses (not shown), we con firm that 
these words are neg a tively cor re lated with the pro por tion of res i dents who are White.

We see a sim i lar list when we exam ine words cor re lated with hav ing a higher neigh
bor hood pov erty rate: “evic tions,” “crim i nal” (back ground), “sec tion” (Section 8), and 
“proof” (of income) are prev a lent, and these words have some of the stron gest asso
ci a tions with  lowincome neigh bor hoods. We also find sim i lar words about afford
abil ity, includ ing “afford able” and “income,” although again “evic tions” is about 1.6 
times more cor re lated with the pro por tion in pov erty com pared with “income” (see 
the online appen dix). However, we also find that words related to col lege stu dents—
includ ing  “cam pus,”  “stu dents,”  and  “uni ver sity”—are  also  highly  cor re lated with 
neigh bor hood pov erty. College stu dents liv ing in offcam pus hous ing often have lit tle 
to no per sonal  income,  rais ing neigh bor hood pov erty  rates even when  they  receive 
famil ial or other nonincomebased finan cial sup port (Bishaw 2013). The cor re la tion 
between  neigh bor hood  pov erty  and  these  words  sug gests  that  land lords  in  cer tain 
higherpov erty neigh bor hoods might be targeting stu dent rent ers or that pov erty rates 
in such neigh bor hoods are high because they have many stu dent rent ers (Ehlenz 2019; 
Laidley 2014). More broadly, this var i a tion across these first two lists of words under
scores the inter sec tional rela tion ship between neigh bor hood race and pov erty sta tus.

Both of these lists starkly con trast with the words asso ci ated with a higher per
cent age of neigh bor hood res i dents with at least a col lege degree. Rather than men
tion ing renter qual i fi ca tions or afford abil ity, adver tise ments  in neigh bor hoods with 
more col legeedu cated res i dents tend to have words describ ing hous ing and neigh
bor hood ame ni ties. For exam ple, words  such as “roof top,” “con cierge,” “mar ble,” 
“ele va tor,” and “backsplashes” describe hous ing unit or build ing ame ni ties that are 
gen er ally highend. Other words seem to describe neigh bor hood or loca tion ame ni
ties, such as “whole” and “foods” (as in Whole Foods), “museum,” “night life,” and 
“yoga.” Again, not only do these words appear to be more focused on neigh bor hood 
and loca tion char ac ter is tics than do the words asso ci ated with neigh bor hoods with a 
large pop u la tion per cent age Black and in pov erty, but they also imply a cer tain type 
of neigh bor hood asso ci ated with higherSES life styles and ame ni ties.

The MNIR  results  offer  addi tional  evi dence  that  the  con tent  of  adver tise ments 
depends on a neigh bor hood’s SES and  racial  com po si tion.  In  list ings  for pre dom i
nantly Black, Latino, and poor neigh bor hoods, we find much less evi dence of any dis
cus sion of the qual ity/ame ni ties of the hous ing unit and neigh bor hood; instead, list ings 
in these neigh bor hoods focus on afford abil ity and renter qual i fi ca tions. The empha sis 
on afford abil ity and renter qual i fi ca tions likely attracts some pro spec tive rent ers and 
repels oth ers, and the lack of empha sis on unit and neigh bor hood ame ni ties may pre
vent some pro spec tive rent ers from con sid er ing hous ing in these neigh bor hoods. In 
con trast, in neigh bor hoods with large pro por tions of highly edu cated res i dents, adver
tise ments do not tend to men tion renter qual i fi ca tions or afford abil ity. The lack of such 
text does not mean that land lords have no expected or required renter qual i fi ca tions in 
these neigh bor hoods; rather, it seems that land lords who list prop er ties in these neigh
bor hoods do not feel the need to men tion them when soliciting rent ers.

Importantly, cer tain words are absent in both the MNIR and STM ana ly ses: we 
find no evi dence of explicit racial/eth nic words, per haps because fair hous ing laws 
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and Craigslist post ing pol i cies largely pro hibit them. Previous stud ies of overt dis
crim i na tion in online hous ing ads have found higher rates of dis crim i na tion against 
rent ers with chil dren than any other protected cat e gory (Oliveri 2010). In addi tion, 
var i ous other forms of dis crim i na tion, such as racial steering and dif fer ent response 
rates to inqui ries from dif fer entraced homeseekers, remain prev a lent (Besbris 2020; 
Hanson  and Hawley  2011; Hogan  and Berry  2011; KorverGlenn  2021). Yet,  the 
absence of explicit racial/eth nic words in our sam ple under lines the poten tial addi
tional influ ence of the more sub tle lan guage dif fer ences that we have iden ti fied.

Discussion

Our results high light the impor tance of under stand ing the infor ma tion envi ron ment in 
which hous ing searches take place for demo graphic research on res i den tial mobil ity. 
Mobility deci sions are pred i cated on avail  able infor ma tion, and as shown here, land
lords’  infor ma tionshar ing  prac tices  do  not  equal ize  infor ma tion  across  neigh bor
hoods. Multiple ana ly ses reveal that adver tise ments for units in neigh bor hoods with 
more Black, Latino, or poorer res i dents tend to con tain less lan guage describ ing unit 
ame ni ties  and  rel a tively more  lan guage  devoted  to  ten ant  (dis)qual i fi ca tions  com
pared with ads from Whiter or lowerpov erty neigh bor hoods. Even in lowpov erty 
Black and Latino neigh bor hoods, adver tise ments dis pro por tion ately focus on renter 
(dis)qual i fi ca tions rather than unit ame ni ties. In con trast, adver tise ments for hous ing 
in White and Asian neigh bor hoods are more likely to include pos i tive descrip tions of 
neigh bor hood char ac ter is tics; this is par tic u larly true for higherrent list ings in poor 
White and Asian neigh bor hoods, which may be under go ing—or poised to undergo—
gen tri fi ca tion. Indeed, recent research has dem on strated that the gen tri fi ca tion poten
tial  of  neigh bor hoods  depends  on  their  existing  racial  com po si tion  (Hwang  2015, 
2016). A key lim i ta tion of our data is that they are cross sec tional. Future research 
could  scrape  adver tise ments  lon gi tu di nally  to  pin point  the  rela tion ship  between 
chang ing infor ma tion and chang ing neigh bor hood demo graph ics, as well as fur ther 
unpack how other types of var i a tion in neigh bor hoods (i.e., lev els of diver sity or seg
re ga tion) are reflected in adver tise ments.

To illus trate our find ings, Figure 5 pres ents a pair of maps of neigh bor hoods less 
than 6 miles apart in St. Louis, MO. The fig ure, which shows the prev a lence of the 
logis tics  topic and  rates of Black  res i dents,  reveals  the sociospatial dis tri bu tion of 
infor ma tion on Craigslist. The maps also con tain two dots indi cat ing the loca tion of 
the rent als described by the adver tise ments shown in Figure 6.23 The first ad in Figure 
6 is a list ing for an apart ment in a pre dom i nantly White (about 50% of res i dents), rel
a tively highpov erty neigh bor hood that has been expe ri enc ing upscaling and demo
graphic changes. The list ing includes par a graphs describ ing hous ing ame ni ties (e.g., 
“open lay out”). It also includes a descrip tion of the neigh bor hood, cit ing its prox im ity 
to uni ver si ties and to an area with “hus tle and bus tle.”

23  These posts were cap tured after data col lec tion for the results presented here had ended but are qual i
ta tively sim i lar to posts included in our dataset. Both list ings were posted within two days of one another 
dur ing the sum mer of 2018.
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Fig. 5  St. Louis, MO, geography of logistics topic proportion (top) and Black population (bottom)
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Fig. 6  Housing advertisement posted from a predominantly White neighborhood with relatively high pov
erty levels in St. Louis, MO (Ad 1, on the top) and from a predominantly Black neighborhood with rela
tively high poverty levels in St. Louis, MO (Ad 2, on the bottom)
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The sec ond list ing in Figure 6 is for an apart ment in a pre dom i nantly Black neigh
bor hood  (about  90% of  res i dents) with  rel a tively  high  pov erty  lev els. The  text  in 
this  list ing out lines  renter  qual i fi ca tions. As pro spec tive  rent ers  review  list ings on 
Craigslist  in  the same neigh bor hood as Ad 1,  they will see addi tional, sim i lar  list
ings containing text refer ring to hous ing and neigh bor hood ame ni ties. In the list ings 
most prox i mate to Ad 2, pro spec tive rent ers will see lit tle if any infor ma tion about 
the hous ing or neigh bor hood ame ni ties but will see a long list of renter dis qual i fi ca
tions. Although St. Louis fol lows the over all trends iden ti fied in our sam ple, future 
work should  test  for dif fer ences across MSAs based on  their  lev els of seg re ga tion 
and other char ac ter is tics  to bet ter under stand whether and how the racialization of 
hous ing infor ma tion depends on local con di tions and his to ries (Kennedy et al. 2021).

If,  as Krysan  and Crowder  (2017)  con vinc ingly  argued, most  pro spec tive  rent
ers are likely to search for hous ing in neigh bor hoods they are famil iar with through 
their lived expe ri ences and social net works, then our results sug gest that pro spec tive 
rent ers receive very dif fer ent infor ma tion about units and their sur round ings depend
ing on the neigh bor hoods in which they search. Black and Latino rent ers, who pre
dom i nantly search for hous ing in Black or Latino neigh bor hoods, encoun ter strong 
mes sag ing about their qual i fi ca tions. Additionally, these dif fer ences and the biased 
spa tial  avail abil ity  of  adver tise ments  reduce  search  costs  for  search ers  in Whiter 
neigh bor hoods, who are more likely to be White, and expand their mobil ity options 
(Boeing 2020).

If at  least some pro spec tive (White, non poor)  rent ers are open  to con sid er ing a 
more het ero ge neous group of neigh bor hoods dur ing the ini tial stages of their search, 
the dif fer ent  types of  infor ma tion  to which  search ers  are  exposed  likely  influ ence 
their deci sions. Language about ten ant qual i fi ca tions, which pre dom i na tes in Black 
and  Latino  neigh bor hoods,  could  drive  away  poten tial  rent ers  who  can  afford  to 
look else where, par tic u larly because these ads tend to lack text on ame ni ties. More 
broadly, such infor ma tion dif fer ences con trib ute to the for ma tion and main te nance of 
place rep u ta tions—act ing in con cert with homeseekers’ existing infor ma tion to reify 
per cep tions of cer tain neigh bor hoods as more or less appro pri ate for dif fer ent demo
graphic groups.

Future work  should  test  the  effects  of  lan guage  dif fer ences  described  here  and 
explore the myr iad poten tial con se quences of our find ings for pat terns of inte gra tion 
and seg re ga tion. We have outlined var i ous ways that these dif fer ences may mat ter, but 
exper i ments could be used to mea sure the extent to which homeseekers asso ci ate cer
tain types of lan guage with par tic u lar neigh bor hood demo graph ics. Although inter est 
in how homeseekers make their res i den tial mobil ity deci sions is grow ing, more work 
is needed on the rel a tive impor tance of var i ous sources of infor ma tion. In other words, 
how do homeseekers weigh infor ma tion found online com pared with infor ma tion from 
other sources? What is clear from our find ings is that online search tools do not serve 
to erase infor ma tion dif fer ences about avail  able hous ing across neigh bor hoods and, as 
a result, likely fos ter existing demo graphic dif fer ences in res i den tial mobil ity. ■
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