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Abstract

How much do people dislike opportunities they have never been exposed to, and why?
We study how exposure affects work location decisions of casual workers. We offer
short-term employment and randomize training locations to induce novel exposures.
Participants sacrifice 22% of the median daily wage to avoid working in a location
never visited before; one hour-long visit eliminates this premium. Workers anticipate
two thirds of the effect exposure has on their later preferences. Results are most
consistent with perceived fixed costs of exposure rather than sorting or quality uncer-
tainty. Unfamiliar neighborhoods are also less likely to enter workers’ consideration sets.
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1 Introduction

Economists typically assume that past exposure to an opportunity shapes choices because
exposure reveals information, such as the unobserved quality of a product (Milgrom and
Roberts 1986). However, evidence from psychology and marketing suggests that exposure
to an option leads people to like it more and increases its salience (Zajonc 1968; Bornstein
1989; Montoya et al. 2017; Goldstein and Gigerenzer 2002; Gigerenzer and Goldstein 2011;
Schank 1982). In this paper, we study how prior exposure affects economic decisions.

We study the role of exposure in a spatial setting in Nairobi, Kenya, looking at how prior
exposure to urban neighborhoods shapes short-term work location choices. Urban spatial
choices govern how people access opportunities (jobs, schools, goods and services), and this
is particularly relevant in low and middle-income countries where cities are key drivers of
economic opportunity (Bryan, Glaeser, and Tsivanidis 2020).

Standard economic models assume that if an opportunity exists and people know about
it, they will choose it when it maximizes their utility. Yet substantial evidence suggests
people do not take full advantage of urban opportunities (Lall, Henderson, and Venables
2017; Larcom, Rauch, and Willems 2017; Pelnik 2024) and that migration costs must be
large to explain low migration even when it would be highly profitable (Kennan and Walker
2011; Bryan and Morten 2019; McKenzie 2024). Thus, understanding spatial choices has
large welfare implications, especially in low-income settings.

Why might exposure matter for spatial choices? First, exposure may reveal information
about the utility of being in a given neighborhood, such as its safety and amenities. Second,
people may find it difficult to visit a neighborhood for the first time, due to navigation,
risk of getting lost, or heightened alertness, which we model as a fixed (one-time) cost of
exposure. Third, people may have miscalibrated beliefs about unfamiliar neighborhoods,
which exposure may change. Finally, exposure may increase the likelihood a neighborhood
is retrieved from memory as a potential choice.?

Understanding the effect of exposure requires measuring existing familiarity patterns,
observing how choices change in response to novel exposures, and generating experimental
variation to distinguish between mechanisms. To do so, we proceed in five steps. First,
we document substantial gaps in individuals’ exposure to nearby neighborhoods in Nairobi.

Second, by making short-term job offers, we estimate the revealed cost of unfamiliarity,

LOur focus on the role of prior exposure complements work that focuses on how access to opportunities
depends on quick, convenient, cheap, and safe transportation (Borker 2024; Davis 2021; Tsivanidis 2023).

2Being in a location is a vivid experience relative to other forms of exposure (e.g., seeing a product
in a supermarket), and evidence from neuroscience and urban studies suggests that people build mental
representations of space based on their past experiences (Lynch 1960; O’Keefe and Dostrovsky 1971; Fyhn
et al. 2004).



how it changes with a single exposure, and whether participants anticipate how exposure
will change their preferences. We also measure beliefs about neighborhoods and how these
change with exposure. Third, we use a model of a Bayesian expected utility maximizer
to distinguish between the first three channels described above, and look for evidence in
the data. Fourth, we study how past and experimental exposure affect the formation of
consideration sets when subjects choose where to work in an open-ended elicitation. Finally,

we measure the persistence of the exposure effects after the experiment.

First, we document substantial gaps in participant’s past exposure to neighborhoods
near their homes. In our sample of casual workers living in poor neighborhoods, the median
participant has never physically been to half of the neighborhoods within 75 minutes of where
they live. They can recall a landmark for one in three such neighborhoods. This is not due
to a lack of awareness; the median participant has heard of 94% of the neighborhoods in
this radius. Nor is this due to a general lack of mobility; around two thirds of participants
work or search for work outside their home neighborhood, and the average such worker
travels up to 8 km or one hour. The familiarity patterns also appear inconsistent with
sorting based on neighborhood quality. Almost all neighborhoods have intermediate levels

of average familiarity, and match-specific observables do not predict familiarity.

Second, we quantify the revealed costs of working in an unfamiliar neighborhood by offer-
ing short-term employment opportunities to measure air quality in different neighborhoods
across Nairobi. This task requires being physically present in a specific location and plausibly
justifies assignments to a variety of locations.

To induce exposure, we randomize where participants are trained to complete the task.
Participants in the treatment group are trained in neighborhoods they have never visited
(unfamiliar neighborhoods), while participants in the control group are trained in familiar
neighborhoods. Both visit three neighborhoods over three days.®*

To isolate the effects of exposure on preferences, separately from consideration, we present
half of the participants with a series of job choices in the three days following training. The
air pollution monitoring task is held fixed across all job offers, but we randomly vary job
location, duration, and compensation. We randomly select one of the offer pairs and assign
the option the participant chose as their job for the day.

Our first main result is that participants have a strong preference for working in familiar

locations. We define the “familiarity premium” as the revealed preference for working in

3In order to avoid experimenter demand effects of exposure, neither participants nor the guides who led
the training were informed about the treatment assignment.

4We choose potential treatment and control neighborhoods for each individual. This provides us with a
clear counterfactual training assignment for each participant.



a neighborhood the participant has previously visited, holding other attributes constant,
and find it is large. Participants will travel an additional 3.5 km of distance, work over
an hour longer, or sacrifice 112 Ksh of salary (22% of the median daily wage) to avoid
working in a neighborhood they have never visited. Ignoring familiarity would overstate the
utility cost of distance by 20%, because more distant neighborhoods are more likely to be
unfamiliar. Overall, this baseline familiarity premium suggests that individuals may dislike
visiting unfamiliar locations, but may also reflect unobserved, heterogeneous neighborhood
preferences (sorting).

Our second main result is that a single exposure is sufficient to completely eliminate
this familiarity premium. We find that above and beyond the main effect of training, being
randomly assigned to visit an unfamiliar neighborhood once is equivalent to increasing the
wage by 109 Ksh or bringing the neighborhood 3.4 km closer, fully offsetting the baseline
familiarity premium.® We find some evidence that a similar pattern holds for beliefs, which
we measure at baseline and after training. Participants’ beliefs about labor market opportu-
nities and safety are more pessimistic about unfamiliar neighborhoods before exposure, and
a single exposure eliminates the difference relative to familiar neighborhoods.

Our third result is that participants partly anticipate that exposure will make them more
likely to be willing to work in that neighborhood in the future. We implement this test using
binary job choice questions during training days to elicit preferences over jobs three days
later. Participants make these choices after learning where they will train on that day but
before actually visiting the training neighborhood. On average, subjects make choices as
if the exposure effect will be approximately 62.9% (CI [29%;100%]) as large as what we

estimate using choices they make after exposure.

In the third step of the paper, we evaluate the preferences channels for the effect of
exposure on work location choices.® We interpret our results through the lens of a benchmark
model of a Bayesian agent who maximizes expected utility. We allow the agent to be risk-
averse over neighborhood attributes and model exposure as revealing information about the
quality of a neighborhood, following previous work on “experience goods” (Milgrom and
Roberts 1986; Ackerberg 2003). We also allow the agent to incur a (one-time) fixed cost

when they are exposed to a neighborhood for the first time.”*® This fixed cost may include

5To estimate the main effect of training in a neighborhood, we use the fact that control participants are
trained in baseline familiar neighborhoods, which we compare to a different set of familiar neighborhoods
not visited during training.

6We return below to how familiarity and exposure may affect consideration, holding preferences fixed.

"The short duration of exposure during training rules out mechanisms such as new network links and
habit formation.

8We make no additional restrictions of how familiarity emerges in the first place. For example, our model
allows that agents choose which locations to become familiar with based on noisy signals.



longer travel times, safety risks when visiting a location for the first time, or greater effort
needed to process a novel neighborhood’s stimuli. We start by assuming the agent has
well-calibrated priors and later relax this.

We prove two results under these benchmark assumptions. First, the average baseline
familiarity premium equals the fixed cost plus a sorting term. The sorting term captures
whether the utility costs of working in familiar and unfamiliar neighborhoods differ on av-
erage. Second, the exposure effect — the average effect of a single exposure on the utility
of working in a neighborhood — equals the value of the fixed cost. This follows from the
law of iterated expectations. Absent fixed costs, the expected utility elicited ex-ante is the
same as the average of utilities elicited after exposure, when some or all of the uncertainty
is resolved. In this model, neither learning about neighborhood quality nor risk aversion can
generate an exposure effect.®

Given these two results, our empirical findings that the baseline familiarity premium and
experimental exposure effects are roughly equal also rule out sorting. That is, participants on
average do not appear to sort into becoming familiar with neighborhoods that they are more
willing to work in during our experiment. This is consistent with the idiosyncratic patterns
of past exposure documented in the first step above, and implies the strong aversion to
unfamiliar locations is due to fixed costs of exposure.

Further, we consider whether neighborhood quality tail risk and the finite nature of
our data can explain the exposure effect. One potential explanation is that unfamiliar
neighborhoods have a very low risk of being (persistently) extremely bad quality, and this
realization did not occur in our finite sample of exposure events.® This is highly unlikely to
explain our results, because this type of tail quality would also need to be easily recognized
based on a single visit, and be specific to an individual’s experience of the neighborhood. This
seems implausible. Moreover, when we restrict the analysis to unfamiliar neighborhoods that
respondents confidently believe are safe — a third of all initially unfamiliar neighborhoods —
we still find a large familiarity premium and a similarly sized exposure effect.

We next consider whether relaxing the assumption that participants have well-calibrated
beliefs about neighborhood quality can explain our results. This is consistent with our finding
that individuals hold overly pessimistic priors about labor market and safety in unfamiliar
neighborhoods, and that they update positively after exposure.

However, miscalibrated beliefs about neighborhood quality alone cannot account for the

9We take this result to the data in a specification without neighborhood fixed effects, so as not to condition
on the realized (true) value of the utility for a given neighborhood. Our results are very similar with or
without neighborhood fixed effects, consistent with an exposure effect driven by a fixed cost.

100ur study includes 600 training sessions where participants were exposed to unfamiliar neighborhoods,
so bad quality realizations must be very rare to not appear in our sample.



full magnitude of the exposure e ect. As described above, we nd that participants partly
anticipate the bene ts of exposure: when making job choices after learning their training
location but before visiting it, they behave as if the exposure e ect will be approximately two-
thirds as large as what we estimate using post-exposure choices. If the exposure e ect were
driven solely by incorrect beliefs about neighborhood quality, the announcement of future
exposure should not change choices because it does not a ect the information available at
the moment the choice is madé! In contrast, if xed costs are the mechanism shaping
choice, announcing the training location informs agents that by the time the employment
day arrives, they will have already paid any xed costs. Thus, our anticipation results
suggest that uncertainty about neighborhood quality is unlikely to explain our entire e ect,
even when allowing for miscalibrated priors about neighborhood quality:*3

Given that both the benchmark model and the anticipation results imply the premium we
observe cannot be explained fully by neighborhood quality, sorting, or miscalibrated beliefs
about neighborhood quality, we next consider what types of xed costs of exposure could
explain our results.

First, we nd little evidence of rst-time navigation costs. Our willingness to pay results
discussed earlier show that all else equal, participants are willing to work in a familiar
neighborhood over an unfamiliar one even if it means traveling 3.4 km farther or working
more than an hour longer. Thus, in order for navigation costs to explain the premium,
we would expect travel times to dier by similar magnitudes. Instead, using a Heckman
selection correction model with the other randomized job attributes as instruments, we nd
small di erences in travel times based on baseline familiarity and no e ect of the exposure
treatment on travel time.

Second, we consider the role ekploration risk when participants visit a neighborhood for
the rst time. 1* First, the experiment entails minimal risk: employment and compensation

1This argument applies to a wider class of models where agent update their beliefs about neighborhood
quality only in response to new information, including other forms of nonstandard beliefs and preferences
such as ambiguity aversion (Gilboa and Schmeidler 1989).

120ne potential issue with this approach is if training in a location is interpreted as an endorsement of
neighborhood quality. We think this is unlikely to explain our results because respondents are told that the
training locations were chosen randomly by a computer. Additionally, during data collection we are o ering
to employ the individual in all of the locations asked about so it is unclear why training would provide a
signi cant, additional level of endorsement.

13 Another potential explanation is that workers expect they can later opt out of showing up for work if
they learn during training that the neighborhood is worse than their outside option. This is unlikely because
participants strongly prefer employment over unemployment. Participants refused the job assigned to them
(based on their choices) only 0.35% of the time. Out of 89 participants who chose an unfamiliar neighborhood
right before training in that location, and whose choice was later randomly selected to be implemented, only
one later refused to go, similar to the overall rate of refusal for all jobs selected before training ( ve out of
584).

4 Exploration risk is speci ¢ to the rst visit and hence acts as a xed cost. It is distinct from the risk



are guaranteed, and participants spend only one to two hours in the assigned neighborhood
during daylight hours. Second, we do not observe any adverse events in our sample, sug-
gesting that if risks do exist, they are rare. This then implies the risk must be severe, yet
we do not nd an e ect of exposure on getting lost, a plausible precursor for more severe
exploration risks. Third, we do nd marginally signi cantly smaller exposure e ects when
individuals are con dent that traveling to the neighborhood is safe. This suggests some role
for exploration risk. However, even in this sample, we nd a strong familiarity premium and
exposure e ect, suggesting exploration risk is not the entire story. While we do not nd
evidence that actual exploration risk or navigation costs fully explain the exposure e ect,
miscalibrated beliefs about these quantities could play a role.

Third, our ndings are also consistent with psychological xed costs like processing u-
ency (Jacoby and Dallas 1981; Jacoby and Whitehouse 1989; Winkielman et al. 2003). In this
account, when experiencing a novel environment individuals may have to exert more e ort
until they learn which parts of the environment they can ignore. These mechanisms could
also be interrelated, for example if having to pay less attention to stimuli in a neighborhood
makes it feel safer.

Taken together, our results imply that exposure impacts preferences over spatial choices
primarily by removing a xed cost of rst-time visits. We nd no evidence that this cost
re ects realized navigation or travel costs, and weak evidence for rst-time exploration risk.
The xed cost could re ect miscalibrated beliefs about the size of these costs, or psycholog-
ical and e ort costs, such as people being uncomfortable or more alert the rst time they
visit a place. Our experimental design rules out explanations based on well-calibrated un-
certainty about neighborhood quality, but miscalibrated beliefs about neighborhood quality
may contribute to the familiarity premium and exposure e ect. We nd no evidence that
the familiarity premium re ects sorting on the true utility of working in the neighborhood.

In our fourth step, we consider how prior exposure a ects theonsideration of locations
as employment options. So far, we elicited preferences by confronting participants with
neighborhood options. In the real world, choices often require individuals to construct con-
sideration sets (Goeree 2008; lyengar and Lepper 2000; Conlon and Mortimer 2013; Phillips,
Morris, and Cushman 2019; Bordalo, Gennaioli, and Shleifer 2020). Familiarity and new
exposures may shape these consideration sets by increasing the likelihood a neighborhood is
retrieved from memory as a potential option.

To study the impact on consideration sets we use an open elicitation for half of the
sample where subjects are told that there are jobs available in di erent neighborhoods in
Nairobi, and asked to tell the surveyor where they would most like to work, followed by

that the neighborhood is of persistently bad quality, which we discussed previously.
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where they would next like to work, and so on. Subjects are told that we will assign them
to the highest neighborhood on their list where a job is availabfe. Unlike our preferences
elicitation, these participants must generate potential work locations, allowing us to study
how exposure a ects the formation of consideration sets.

Using this data, we rst analyze the predictors of whether a neighborhood is mentioned
in the list.1® Baseline familiarity and training strongly positively predict whether a neigh-
borhood is mentioned. The e ect of a single exposure to a location partially undoes the
familiarity premium. We also estimate a model with both preferences and consideration
costs, and nd that baseline familiarity, the training, and exposure all signi cantly a ect
consideration costs. Our results show that people struggle to consider unfamiliar neigh-
borhoods as potential places to work. Thus, familiarity and exposure can a ect both the
construction of consideration sets and choices within these sets.

Lastly, we nd some evidence that exposure to an initially unfamiliar neighborhood has
persistent e ects on individuals' willingness to return. We measure persistence in three
ways. First, we nd that the baseline familiarity premium is relatively stable for locations
visited within the last three years. Second, we o0 er new paid opportunities two to four
months after the intervention and measure whether participants take them up. Baseline
neighborhood familiarity strongly predicts show-up all else equal, and the experimentally
induced exposure is positive, roughly two thirds in magnitude, but imprecisely estimated
because of ceiling e ects at high wage$. Third, based on endline phone and SMS surveys,
training in a location leads participants to return there to search for work, fun/leisure,
and errands. While this e ect is not di erential between baseline familiar and training
neighborhoods, participants returning to previously unfamiliar neighborhoods because of
the experiment suggests that participants value being exposed to these neighborhoods.

Our results extend the existing literature on the economics of experience goods and a
diverse literature in economics and nance studying the importance of experience and ex-
perimentation for learning (Milgrom and Roberts 1986; Scharfstein and Stein 1990; A. V.
Banerjee 1992; Eyster and Rabin 2010; Hanna, Mullainathan, and Schwartzstein 2014; Mal-

SWe view this method as a bridge between methods that elicit preferences from explicit choice sets and
methods that measure what is top of mind more directly (Haaland et al. 2024).

181n the logit consideration model from Goeree (2008), this is the same as estimating consideration sep-
arately from preferences. At the wages we o ered, participants prefer working in any neighborhood to not
working at all, so they should rank all neighborhoods in their consideration set.

" These results hold for wage o ers 500 KSH. For wages 600 KSH, show-up is at around 80% and
none of the job and neighborhood attributes, including distance or wage, predicts show-up. When the ceiling
e ect on show-up was detected during eld work, we lowered the entire wage distribution. For completeness,
we present the full set of results, but focus on the wage levels where job o er attributes a ect decisions and
the rounds with the reduced wage o er distribution.



mendier 2021; Foster and Rosenzweig 1995; Weitzman 1979) by demonstrating additional
possible e ects of exposure in addition to resolving uncertainty. Our work is also related to
a large literature in marketing that studies the mechanisms and e ects of advertising (e.g.
Shapiro 2018; Shapiro, Hitsch, and Tuchman 2021; Keller 1987; Milgrom and Roberts 1986;
Kihlstrom and Riordan 1984; Nelson 1970; Nelson 1974; Sahni and Nair 2020; Ackerberg
2003; Ackerberg 2001). Our results imply that experience may be important for economic
choices, even when there is no potential uncertainty about the quality of an opportunity.
Future work should assess whether similar exposure e ects are important in other economic
domains such as occupation choice or technology adoption.

Our paper builds on several areas of psychology. First, we build on an extensive literature
studying the mere exposure e ect and its underlying mechanisms (Zajonc 1968; Bornstein
1989; Montoya et al. 2017). This literature predominantly focuses on repeated and controlled
exposure for short durations (including subliminal exposures) to a variety of speci ¢ stimuli in
the laboratory. We extend this literature by focusing on a longer duration, single exposures
to holistic environments. We also relate to the literature demonstrating an aversion to
unfamiliar individuals, and that individuals can fail to anticipate how much they will enjoy
conversing with strangers (Allport 1954; Epley and Schroeder 2014; Schroeder, Lyons, and
Epley 2022). We extend this literature by examining how prior exposure a ects spatial
preferences. Finally, we also draw inspiration from a diverse literature on how past experience
can shape mental representations and how these representations can be used in planning and
decision making (Schank 1982; Simon and Gilmartin 1973; Mack and Palmeri 2024; M. K. Ho
et al. 2022; Thalmann, Souza, and Oberauer 2019; Bordalo, Gennaioli, Lanzani, et al. 2025).
We extend this literature by focusing on a naturalistic, high-stakes task and demonstrating
the separate contributions of exposure through preferences and formation of consideration
sets.

Our paper has implications for realizing the bene ts of urban agglomeration in developing
countries (Duranton 2015; Chauvin et al. 2017; Lall, Henderson, and Venables 2017; Bryan,
Glaeser, and Tsivanidis 2020), complementing previous work that measures and unpacks
transportation costs in these contexts for di erent groups (Borker 2021; Kreindler et al.
2023; Grosset-Touba 2024; Tang 2024; Jalota and L. Ho 2024; Cook, Currier, and Glaeser
2024), and research on policies that reduce transportation costs (Habyarimana and Jack
2015; Gonzalez-Navarro and Turner 2018; Tsivanidis 2023; Balboni et al. 2021; A. Banerjee
and Sequeira 2023; Franklin 2018; Abebe et al. 2021; Field and VWborny 2022). Policies
to encourage exposure may be additional tools, beyond reducing access costs, to increasing
e ective access to opportunities. Indeed, in our setting, a fth of the utility cost of distance
in job choice is in fact due to the aversion to unfamiliar locations.



The exposure e ect we demonstrate here o ers a possible micro-foundation for several
results showing people are reluctant to explore new locations or travel routes and persistence
when people are exposed to such locations (Bryan, Chowdhury, and Mobarak 2014; Larcom,
Rauch, and Willems 2017; Okunogbe 2024; McKenzie 2024; Brady and McNulty 2011). It
also may help explain why economic bene ts may not equalize across space. For example,
in recent work in Kampala, Pelnik (2024) uses new data and an experiment to show that
small entrepreneurs can earn substantially di erent pro ts in di erent neighborhoods. Our
paper is particularly relevant for recent work that proposes that the aversion to rural to
urban migration falls with experience in the city (Lagakos, Mobarak, and Waugh 2023).
The exposure e ect is also an additional type of spatial friction, complementing work that
studies information frictions in commuting, migration and trade (Vitali 2024; Baseler 2023;
Wiseman 2023; Porcher, Morales, and Fujiwara 2024).

2 Participant Sample: Casual, Underemployed Workers

We recruited study participants in three low-income neighborhoods of Nairobi (Kibera,
Kawangware, and Viwandani, see Figure A.1) on a rolling basis between October 2023 and
January 2024. Surveyors recruited participants in person based on a canvasing exercise,
and participants who passed an initial Iter were later invited to a nearby study venue for
two days of additional surveys. The two surveys included demographic and employment
guestions, urban familiarity questions (discussed in section 3.1), and several measures of
spatial ability. In order to limit selection into the study sample based on willingness to
explore, each of the three home neighborhoods where we recruited had its own study venue
located within the neighborhood.

A canvased participant was eligible for the study if they were older than 18 years old, lived
in one of our three study neighborhoods, were casual workers actively searching for work and
stated that they were available to work every day for the next 7 day¥ Participants who
did not show up for the two initial surveys at the study venue within a day of the invitation
date were excluded from the sample. We also excluded from the experimental sample some
participants with very high or very low familiarity of Nairobi, based on their responses in
the rst baseline survey, because we could not randomize them appropriately to the familiar
or unfamiliar training locations.

We collected information from 1704 participants during the in-person recruitment. Of

B\We de ne a casual worker as someone who does not work as a permanent employee but rather does
short-term daily contract jobs. A participant is classi ed as actively searching for work if they searched for
work for at least three days in the past two weeks.



these participants, we invited 1600 who were eligible to participate in a baseline survey.
Among these eligible participants,1168attended the rst baseline survey, where915 were
eligible for the study intervention and thus invited to a second baseline survey. Of tH#5
eligible at Baseline 1831 attended Baseline 2, and99 of them began the rst training day
and hence constitute our experimental sample.

Table A.1 reports descriptive stats for the experimental study sample. The median
participant is a rural migrant who has been living in Nairobi for 13 years. Three quarters
are women. This sample is considerably under-employed. Participants have searched for
work an average of 6.6 days in the past two weeks and only worked half that. Those who
worked or searched for work outside their home neighborhood (around two thirds of the
sample) also travel a signi cant distance, up to 8 km or one hour on average. The most
common job occupations for women involve working for other households doing laundry,
cleaning or other house-help (Table A.2). Occupations for men are more heterogeneous
and typically include manual and semi-skilled work such as carpenter, mason, factory work
and electrician work. Table A.3 shows that referrals are the most common way that this
group searches for and nds employment, yet participants also rely signi cantly on spatial
search strategies such as going door to door, traveling to hiring spots, and visiting potential
employers to submit resumes.

3 Neighborhood Familiarity Patterns

Throughout this paper, we say a participant isfamiliar with a neighborhood if they
report having ever been to that neighborhood in the past. In this section we rst discuss
how we measured familiarity in our sample, and then present several stylized facts.

3.1 Measuring Familiarity

We partition Nairobi into the 61 neighborhoods with commonly used and recognized
names. We coordinated a mapping team of Busara Center for Behavioral Economics em-
ployees with in-depth knowledge of Nairobi and asked them to generate the neighborhood
names and boundaries and to seek input from eld guides in various neighborhoods when
necessary. Figure A.1 displays the resulting neighborhoods. We tested and piloted the
neighborhood names extensively to make sure they are broadly and reliably recognized by
the population which we sample. The mapping team also generated 341 sub-neighborhoods
within these 61 neighborhoods. Most of our analysis uses the main neighborhoods. We
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dropped 17 neighborhoods deemed irrelevant for the stuéfy.

For each home neighborhood (Kibera, Kawangware, and Viwandani), we elicit participant
familiarity with neighborhoods that are within 75 minutes walking or by transit (whichever is
shortest) from the study venue in that neighborhood, based on data from Google Maps. This
led to lists of 33, 30, and 31 neighborhoods for the three home neighborhoods, respectively.
Figure A.2 plots the set of neighborhoods we ask about for each home neighborhood.

In the rst baseline survey, we ask participants about all neighborhoods in this list,
randomizing the order. We initially loop over all neighborhoods and ask two types questions
for each neighborhood®

1. Have you ever been to the neighborhood of?

2. (if yes) When was the last time you went to the neighborhood oX ?

2. (if no) Have you ever heard of the neighborhood of ?
We use responses to the rst question as our main measure of familiarity due to high test-
retest reliability in piloting. We then collect additional data on each neighborhood. We ask
participants if they know how to get to X, and ask them to tell us a location, landmark or
road in the neighborhood oiX .

3.2 Neighborhood Familiarity Patterns

We begin with a descriptive analysis that shows that participants in our sample have
signi cant spatial familiarity gaps. We focus on familiarity patterns for neighborhoods that
are at most 75 minutes away from the respondent's home neighborhood. Figure la displays
the CDF for our main measure of familiarity. It shows that the median participant has never
visited around half of the 30-33 neighborhoods in the sample. A quarter of participants have
visited less than40% of the neighborhoods.

Table 1 reports results from di erent measures of familiarity and varying the sample of
neighborhoods around the respondent’'s home neighborhood. The rst three columns reports
results for the sample of neighborhood within 75 minutes (like in Figure la), and the last
three columns further restrict to only neighborhoods within 8 kilometers of the participant's
home neighborhood, which is the mean maximum commuting distance that participants
report who travel outside of their home neighborhood in order to work or search for work.

19 Appendix A.5 discusses neighborhood selection in detail. Dropped neighborhoods include national parks,
the airport, and neighborhoods that are informal settlements, which are unlikely to have work opportunities
and may have been unsafe. This may bias our sample towards better neighborhoods, which may a ect our
results. However, we show later that our results are robust to restricting to unfamiliar neighborhoods that
participants are con dent are safe or very safe (Table A.14).

20This design ensures that each participant answers the same number of questions regardless of their
answer to the rst question, which avoids incentives to misreport in order to change the duration of the
survey.
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The table highlights several results. First, participants have heard of almost all of the
neighborhoods. The average rate is 92% and the median participant has heard of 94% of
neighborhoods within 75 minutes. These numbers are slightly higher for the second (smaller)
sample of neighborhoods. This shows that unfamiliarity is not driven by confusion about
the names we use to refer to neighborhoods.

Second, familiarity is low, and even lower for more demanding de nitions of familiarity.
Focusing on the second column, the median participant reports ever having been do
passed by63% of the neighborhoods, and ever been to 52% (Figure 1a uses this de nition).
The median respondent only has ever been and knows how to reach 43% of neighborhoods
and can name a landmark for only 34% (around 13 and 10 neighborhoods, respectively).
We later show in Section 5.1 that these more demanding measures are strong predictors of
participants' willingness to work in a neighborhood.

To provide a more granular view of familiarity patterns, Figure 1b displays the levels of
familiarity for each participant from Kibera. Each row is one of the 30 neighborhoods and
each column is a respondent, with both axes sorted by average level of familiarity. A cell is
grey if the respondent has been to the row neighborhood and black if they have not.

The key takeaway is that there is a signi cant amount of seemingly idiosyncratic variation
in familiarity patterns. There are few neighborhoods that are very familiar or very unfamiliar,
and few participants who know most or none of the neighborhoods. This suggests that
familiarity patterns are not driven by consensus views of neighborhood attributes.

To evaluate whether this variation is driven by individual-neighborhood match character-
istics, we t a series of four random forest models that exibly predict whether individual is
familiar with neighborhoodj. Figure 1c presents ROC curves and the area under the ROC
curves, which can be interpreted as the probability that the model correctly ranks which of
two individual-neighborhood pairs is more likely to be familiar than another. The standard
gravity predictors of neighborhood xed e ects and distance from home neighborhood do
signi cantly better than a chance ranking of 0.5, giving an 86% chance of correctly ranking
the pairs. We then add individual characteristics, neighborhood characteristics and both
at the same time. These additions (and their interactions allowed by the random forest)
do nothing to improve our accuracy! As far as we can observe, individual-neighborhood
match characteristics are not important drivers of familiarity beyond distance and destina-
tion neighborhood xed e ects.

To understand more about what types of people are more likely to have higher levels

2lWe also analyze whether Nairobi residents partially sort to destination neighborhoods based on ethnicity.
Table A.4 studies whether the respondent sharing an ethnicity with the plurality of the population of a
neighborhood is an important driver of familiarity. While shared ethnicity alone is predictive, this e ect
vanishes after controlling for distance.
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of familiarity, in Table A.5 we regress the average level of familiarity at the individual-level
on several demographic indicators and an index of spatial ability. We nd that men, those
that are older, those with more years of education or years living in Nairobi, and those with
higher spatial skills have greater average levels of familiarity. In general this heterogeneity is
meaningful, but not overwhelming. For example, men are 0.3 SD more familiar than women
on average and an additional 10 years in Nairobi is associated with an increase of 0.1 SD.

4 Experimental Overview

In order to experimentally identify the e ect of novel exposure, we need to induce in-
dividuals to travel to unfamiliar locations without generating experimenter demand e ects,
and we need to be able to control for any recency e ects where participants in general prefer
more recently visited locations.

Air Pollution Measurement Jobs. To accomplish these objectives, we o er short-term
job opportunities to participants in our sample in di erent locations throughout the city.
Participants are asked to collect data on air quality in a speci ¢ neighborhood. These jobs
obviously require being in a speci c location, and they make it plausible to vary the location
where the participant is working.

To complete the task individuals wear a backpack used in Berkouwer and Dean (2024)
(Figure A.3), that contains a PM 2.5 or CO sensor and a smartphone, and carry it from
the study venue in their home neighborhood to an assigned locatiéh After arriving at the
location, participants use an app on the phone to begin data collection and con rm they are
inside the correct neighborhood. They remain outdoors for one to two hours and then return
to the study venue. In order to ensure subjects were not simply unable to get to unfamiliar
neighborhoods, all participants were o ered paper directions to the locations.

Participant Timeline and Randomization. Figure A.4 presents an overview of the
study timeline from the participant perspective. The rst two days consist of baseline survey
data collection at the study venue in the participant's home neighborhood. On the rst day,
participants provide demographic information and answer the familiarity questions discussed
in section 3.1. On the second day, participants return to the study venue and complete
the second baseline survey, which collects more demographic data, data on networks, more
detailed employment data, data on self-reported spatial ability, and beliefs about the labor

22Neither type of sensor displays the pollution level, which rules out participants learning about neighbor-
hood pollution levels from the task.
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market and safety of neighborhoods. Participants who complete this second survey and show
up the next day form the analysis sample for the experiment.

We randomize participants who nish the second survey into completing the job training
in familiar neighborhoods (control group) or unfamiliar neighborhoods (treatment group).
We cross-randomize the method by which we will elicit their work location preferences, which
we discuss below. We stratify the randomization by home neighborhood and familiarity level
(above- and below median). Tables A.6 and A.7 report randomization balance comparisons.

The main intervention takes place over the next three days. Participants begin the day
at the study venue where they answer a short survey, then travel with the guide to the target
neighborhood where they get trained. The participants returns on their own to the study
venue to return the air pollution measurement equipment and answer a short survey. Each
eld guide trains a single participant at a time. Participants are trained in three di erent
neighborhoods on three days.

Participants work unaccompanied for the following three days. They again start and end
the day at the study venue in their home neighborhood, where they answer short surveys
before and after the job.

Participants are later contacted by SMS and by phone for endline data collection at least
a month after they begin training. We discuss this study component in section 7. Two
to four months after the training, they receive invitations for a separate survey in various
neighborhoods. We analyze their show-up decisions to these invitations in section 7.

Target Neighborhoods. After the rst baseline survey, we select 10 neighborhoods for
each participant, which we henceforth refer to as target neighborhoods. We make this
selection for all participants, before we randomize them into the di erent groups.

We select 6 familiar neighborhoods and 4 unfamiliar neighborhoods for each persohve
then randomly designate 3 familiar and 3 unfamiliar neighborhoods as main familiar and
main unfamiliar neighborhoods, respectively. Figure A.5 plots the target neighborhoods of
one participant to illustrate.

Participants will complete their training on the air pollution job in neighborhoods from
one of these groups, depending on their treatment assignment. Control participants will
visit the three target main familiar neighborhoods, while treatment participants will visit
the three target main unfamiliar neighborhoods.

The remaining familiar neighborhoods allow us to identify any recency e ects induced
by visiting a neighborhood. The remainingunfamiliar neighborhood allows us to identify

23Recall from Section 2 that we exclude participants from the sample who do not have 4 unfamiliar and
6 familiar neighborhoods.
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any potential spillover e ect of increased willingness to visit unfamiliar neighborhoods.

We select the target neighborhoods to minimize spatial spillovers between categories (e.g.
accidentally inducing a visit to an unfamiliar neighborhood while traveling to a familiar one),
to keep neighborhoods in each category close to each other, to balance distance from home
to each category, and to prioritize nearby neighborhoods. (See appendix A.6 for details.)
Table A.8 shows that the unfamiliar neighborhoods we choose using this procedure are very
similar to unfamiliar neighborhoods we do not choose.

Inducing Familiarity using Job Training. On each of the three training days, partici-
pants visited their assigned neighborhoods and received training on how to perform the air
pollution task. Each participant was accompanied by a eld guide, and each guide accom-
panied a single participant at a time?* Field guides used a pre-speci ed route to reach the
assigned location, and they were instructed to point out landmarks along the route to the
participant and generally ensure that the participant understands the route (in case they
need to return there). Once in the neighborhood, they instructed the participant how to
collect data (stay outdoors, stay in vicinity of major roads, stand at the same location or
move around as they prefer, and how to use smartphone app).

Field guides then left the participant to continue their task in the neighborhood for one
hour. Each participant was informed that they would return on their own from the training
neighborhood. Participants were paid 700 Ksh for each training day, and given 200 Ksh for
transportation.

In order to minimize experimenter demand e ects, participants were told that the pur-
pose of the study was to to better understand how casual workers travel in Nairobi and
how this a ects their search for work opportunities. We also did not make explicit that
we were randomizing training locations based on familiarity, instead telling participants
based on random computer assignment, today we will be taking you faame of training
neighborhood] Surveyors and eld guides were also not informed of individual participants'
treatment status and eld guides were not informed of the design or purpose of the experi-
ment.

Compliance with the training assignment was almost universd). On average, 99% of

24Field guides were recruited by Busara from each home neighborhood and trained for this study.

25\We re-measure familiarity when participants return from the training to the study venue. Table A.10
displays the results. In the control group, 88% of respondents report having visited that neighborhood
before the training day, which means that 12% had never been there, despite reporting in the baseline
survey that they had. In the treatment group, 34% of participants report having already traveled to the
assigned neighborhood, despite reporting in the baseline survey that they had never been. Anecdotally, this
is primarily due to either disagreement about the name of a location or visiting the location reminding the
treatment group of a time that they had visited. In the rest of this paper, we report intent to treat (ITT)
results using the baseline familiarity measure.
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participants who showed up for their rst day complied with their treatment assignments
and completed the three days of training, and average show-up for the three employment
days was97% overall. Show-up is slightly lower in the treatment group, but this di erence

is not statistically signi cant (Table A.9). %6

Eliciting Job Preferences and Consideration. We use two di erent methods to elicit
jobs choices during the three employment days that follow the training period, and randomize
the method across participants.

For half of the participants, we use a preferences elicitation method (Mas and Pallais
2017). We use binary choices where individuals choose between two potential jobs given the
neighborhood where the job takes place, duration, wage, etc. These structured choices allow
us to price the disutility of traveling to an unfamiliar neighborhood, because we directly
confront the individuals with the possibility of working in unfamiliar neighborhoods.

However, people may also be less likely to consider unfamiliar neighborhoods in the rst
place. To measure this e ect, for the other half of participants we use an open elicitation
method. We tell participants that jobs are available in di erent neighborhoods across Nairobi
and ask them for their most preferred location, the next most preferred location, and so on.
In this elicitation, participant responses are a combination of their preferences and how likely
they are to consider a given neighborhood.

5 Impact of Neighborhood Exposure: Results

5.1 The Revealed Preference for Familiar Neighborhoods

Job Choice Elicitation. We begin by discussing results for the half of our study sample
where we elicit job preferences by o ering choices between options. After the three days of
training, participants are invited to the study venue for three additional days of employment.
Each morning, they answer a series of seven binary choice questions about the air pollution
job they will perform that day. Each question presents two job variants job and asks the
respondent which one they prefer for that day. For each option, we randomly vary the neigh-
borhood where the job will take place selecting from among the ten target neighborhoods
for that respondent and the wage, job duration, upfront cash to nance transportation,
and how much of the compensation is in the form of a risky bonus payment. Participants are
informed that one of the questions will be randomly picked and implemented. To ensure and
check comprehension, the surveyor rst goes through a practice session with the participant.

26We show in Appendix A.2 that this small imbalance cannot explain our main results.
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Participant responses to these real-stakes questions allow us to estimate preferences for
working in dierent types of neighborhoods, the e ects of the training, and the impact
of inducing familiarity via training. Because the questions list speci ¢ neighborhoods as
options, we interpret the results as preference estimates under full consideration. We return
to the issue of whether unfamiliar neighborhoods are less likely to enter consideration sets
in section 6 using our open elicitation method.

Job Choice Model and Estimation. We use the binary choices between potential jobs
to estimate a random utility model?’ In order to estimate the impact of our experiment on

the familiarity premium of working in an unfamiliar neighborhood, we make the following

assumptions:

1. Visiting a familiar neighborhood during the training does not a ect the utility of

working in any other target neighborhood.

2. Visiting an unfamiliar neighborhood during the training does not a ect the utility of

working in any familiar target neighborhood.
These two assumptions essentially state that participants have made up their minds about
familiar neighborhoods. That is, we assume no cross-neighborhood spillovers in the util-
ity of working in a neighborhood involving familiar neighborhoods. Note that this is not a
statement on the probability of deciding to work in one of these neighborhoods, e.g. visiting
a familiar neighborhood may make itrelatively more or less attractive than other neighbor-
hoods. Note that these assumptions do not preclude participants in the treatment group
becoming more open to unfamiliar neighborhoods in generaf.

Given these assumptions, the utility of working innon-visited familiar neighborhoods is
una ected by either treatment assignment. This provides a stable utility benchmark and
allows us to identify both any recency e ect due to training (comparing visited and non-
visited familiar neighborhoods) and the additional e ect of exposure (comparing the e ect
of visiting a familiar neighborhood to the e ect of visiting an unfamiliar neighborhood).

We further parameterize this relationship and assume that the utility of job oerj 2

2TWe also allow participants to turn down both jobs. Due to the underemployed sample and the competitive
wages, this was extremely rare, only 0.35% of the time. We study extensive-margin decisions for a di erent
type of work opportunities in section 7.

280ne example of how these assumptions might fail is when a trip to a training neighborhood exposes
participants to other target neighborhoods. This is why our algorithm for choosing target neighborhoods is
designed to minimize the possibility of these spatial spillovers.
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f 1, 2g in target neighborhoodn, for individual i is given by
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where Familiar i, is an indicator for i being familiar with neighborhoodn at baseline,
din is distance from the study venue tan, and the set of randomly allocated job covariates
Xjj includes the wage, duration, whether a portion of the compensation is a risky potential
bonus, and any amount paid up front to reduce liquidity constraints. The terms;, are
idiosyncratic preference shocks drawn from a Gumbel (extreme value type 1) distribution
with scale parameter 1.

The term Train;, measures whetheii was trained in neighborhoodn. This includes
control participants trained in baseline familiar neighborhoods, and treatment individ-
uals trained in baseline unfamiliar neighborhoods. The termUnfam;, is de ned as
1 Familiar i,, so the interaction termTrain;, Unfamj, is switched on only for treatment
group participants and the (baseline unfamiliar) neighborhoods where they are trained in.
Hence, V gives the e ect of training while Y provides the additional e ect of having been
trained in an unfamiliar location, which we call the exposure e ect.

We also estimate versions of equation (1) with xed e ects for neighborhood {) or for
home neighborhood by destination neighborhood {yn).

Benchmark Model. In order to structure the interpretation of these coe cients we now
present a benchmark model for how a Bayesian expected utility maximizer's revealed pref-
erences vary with familiarity and how they would be a ected by a one-visit exposure.

Consider an expected-utility maximizing agent. When they enter the experiment, the set
of all neighborhoodsN is partitioned into baseline unfamiliar and baseline familiar such that
Fi[ U = N. We assume that the agent receives utility uj, from working in neighborhood
n. We assume that the agent knows the utility they would receive if the neighborhood is
familiar, and that they have a calibrated priorp; overu;, for unfamiliar neighborhoods?® We
discuss model predictions with potentially miscalibrated beliefs in section 5.2 and Appendix
Al

We further assume that exposure (training) in an unfamiliar neighborhood reveals infor-

29We do not impose other restrictions on how the setdJ; and F; emerged. For example, our model covers a
situation where previously, the agent decided which neighborhoods to visit based on noisy signals about these
neighborhoods. We can also extend the model to allow the prior to be conditional on known characteristics
X, of the neighborhood.
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mation about u;, and that the agent forms a Bayesian posteriog,. We also allow for a
xed utility cost ¢ which the agent pays the rst time they visit a new neighborhood. This
might capture costly navigation, safety risks during exploration, or a psychological cost of
being in a new place?®

Thus, in the experiment for a given individuali in location n, our binary choices elicit
the following valuation

8 .
2 Up ifn2 Fi;
Yin = S E,lun] ¢ ifn2U andDi, =0;
Eq, [Uin] fn2 U and D, =1;

where Dy, is an indicator that personi visited neighborhoodn during training. We show
our derivations in Appendix A.1.

Our rstresultis that the coe cient  F on baseline familiarity from equation (1) identi es
a mix of sorting and average xed cost.

Fo= Fi[En[uinjn 2 Fi]{z Ep [Uinji;n 2 Uiy"' F{&CI}]
Sorting Fixed Costs

That is, the baseline familiarity premium identi es the di erence in expected utilities
between familiar and unfamiliar neighborhoods and the xed costs of visiting the unfamiliar
neighborhoods.

Our second result is the causal e ect of exposure is the average xed cost:

Y = Eig];

In this model, uncertainty about the utility of unfamiliar neighborhoods does not con-
tribute to the e ect of exposure. This happens because we estimate the revealed utility of
working in a given neighborhood and, by de nition, expected utility maximizing agents are
risk-neutral over utilities, even though they may be risk-averse over the underlying neigh-
borhood attributes. We discuss tail risk and nite sampling at the end of this section.

We bring this model to the data using the speci cation (1) without neighborhood e ects,
so as to not condition on the realized value of average utility in speci ¢ neighborhoo#fs.

30In the empirical analysis based on equation (1), we also allow training to have an e ect vV across all
neighborhoods. For simplicity, in this model we abstract from this e ect, although including it would not
change our results.

31To see why this type of conditioning might be problematic, consider a case where agents have the
same preferencesli, = u, and initial familiarity patterns are determined by initial noisy signals of quality.
Across neighborhoods, our result still applies and agents should be correct about the utility of working in an
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Revealed Preference Results. We estimate equation (1) using a binary logit model, and
later show that results are qualitatively unchanged when we use a linear speci cation.

Table 2 shows the results. The sample includes nine target neighborhoods for each partici-
pant, the six main familiar and main unfamiliar neighborhoods, and the three other familiar
neighborhoods’? The rst column omits neighborhood xed e ects. The second column
adds home by destination neighborhoods xed e ects, which makes distance drop out. The
nal column uses neighborhood xed e ects, which allows the distance coe cient to be iden-
ti ed because of variation in distance to a neighborhood based on the home neighborhood.
The large overall scale of coe cients indicates that the logit model explains a large share
of participant decisions. Results are generally similar across speci cations, so here we only
discuss the results from the rst column.

Our rst main result is that participants strongly prefer to work in neighborhoods that
they are already familiar with, with a utility e ect of 0.85. The magnitude is equivalent
to 112 Kenyan shillings (Ksh) of additional compensation, which we obtain by dividing
the baseline familiarity coe cient by the expected compensation coe cient (0.76). This
baseline familiarity premium is a large amount given that the median daily wage outside
the experiment is 500 Ksh. Equivalently, participants are willing to travel an additional
3.54 kilometers or work for more than an additional hour to avoid working in an unfamiliar
neighborhood.

Our second main result is that the single one-hour long exposure during training is
su cient to erase this familiarity premium. Training in an unfamiliar location increases the
utility of working there (0.83), equivalent to increasing the wage by 109 Ksh or bringing the
neighborhood 3.46 km closer. This e ect is in addition to the general e ect of training in a
neighborhood, which is also positive but smaller (0.29), and which applies both to familiar
and unfamiliar neighborhoods. This exposure e ect is indistinguishable from the familiarity
premium, and their ratio has a 95% con dence interval 0f0:73; 1:36]

Results are very similar with a linear speci cation (Table A.11). Participants are 8-10
percentage points more likely to pick a familiar neighborhood option over an unfamiliar
neighborhood, and experimental exposure has an e ect of 9-10 pp. We show in Appendix
A.2 that our results cannot be explained by the small amount of di erential attrition (3.9%

unfamiliar neighborhood. However, for a given neighborhood which corresponds to including neighborhood
xed e ects those who are unfamiliar with it had worse realizations of the signal, so will update up on
average. The fact that our results are very similar with and without neighborhood xed e ects suggests that
homogeneous valuations and sorting on past noisy signals is not the main driver of familiarity.

3270 test for spillovers, we add the tenth target, unfamiliar neighborhood and estimate a separate co-
e cient for its interaction with treatment. This neighborhood is unfamiliar and was not included in the
training. Table A.20 shows the results. We nd a positive yet imprecisely estimated positive spillover to
other unfamiliar neighborhoods.
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vs 1.3%) during employment days.

Discussion. We rst interpret these results through the lens of our benchmark model
and then consider potential deviations from the assumptions. In the model, the baseline
familiarity premium is a combination of sorting and xed costs while the exposure e ect
is entirely xed costs. The fact that the exposure e ect is similar in size to the baseline
premium implies that, on average, participants do not have a systematically di erent utility
cost of working in familiar vs unfamiliar neighborhoods. That is, it does not appear that
the aversion to unfamiliar neighborhoods we observe is due to sorting on quafiy.

The large experimental exposure e ect indicates that participants on average expect to
experience a signi cant xed cost when working for the rst time in an unfamiliar neigh-
borhood. This rationalizes why they avoid working these neighborhoods unless other job
attributes compensate this exposure disutility. After a single visit to the neighborhood
during training, this cost is sunk and participants no longer treat these neighborhoods dif-
ferently compared to those they were already familiar with at baseline. In section 5.2, we
look at di erent types of xed costs such as navigation time, likelihood of getting lost, or a
psychological cost of exposure.

Tail Risk and Finite Samples. Could our results be explained by a calibrated belief of
a small risk of unfamiliar neighborhoods having an extremely bad, persistent attribute? (We
consider the role of transient risks experienced during rst-time exploration below.) If this
rare realization does not occur in our nite sample of exposure events, this might explain
why we observe participants reluctant to visit unfamiliar neighborhoods but this vanishes
after training.

We believe this is very unlikely to explain our results for several reasons. First, given our
pattern of results this type of risk would need to be serious, rare, immediately recognized
based on a short exposure, and speci ¢ to the individual's experience of the neighborhood.
This seems implausible. In the preferences sample, we conducted almost 600 training
sessions in initially unfamiliar neighborhoods. Thus the risk would need to be very rare in
order for it to not happen in our sample. This in turn implies that, to explain the baseline
familiarity premium we estimated, the tail neighborhood quality must be extremely bad.
Next, to justify the fact that a short, one-time exposure entirely erases the premium, the
bad quality must also be something that is easy to recognize completely based on spending

33This is not a statement about whether baseline familiarity patterns are optimal or not. Our experiment
is designed to measure the utility cost of traveling to and working in a neighborhood, but we do not measure
the real-world bene ts participants enjoy from di erent neighborhoods. (Our design controls these bene ts
of work and keeps them constant across neighborhoods.)
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an hour in the neighborhood during training. Additionally, Figure A.6 shows there are no
outliers in the distribution of neighborhood xed e ects estimated in column 3 of Table 2.
The worst neighborhood has a (precisely estimated) disutility of around 125 KSH relative
to the mean. This means that any quality tail risk must be individual-neighborhood speci ¢
rather than neighborhood speci c.

To further test whether serious neighborhood risk may explain participants' reluctance
to work in unfamiliar neighborhoods, we separate our analysis by individual baseline beliefs
about safety in an unfamiliar neighborhood. If concerns about tail risk of neighborhood
quality are driving our results, we would expect the premiums that we estimate to be con-
centrated among those who give the neighborhoods low safety ratings or express uncertainty
in their responses. We de ne an indicator for the participant rating an unfamiliar neighbor-
hood as Safe or Very Safe, and for which they report being Completely Con dent about
the rating. We nd that 35% of all unfamiliar neighborhood ratings satisfy both conditions.
Table A.14 runs the analysis interacting unfamiliar coe cients with this measure and re-
ports the results from Table 2 for comparison. We nd very similar familiarity premium
and exposure e ects. These results are not consistent with participants avoiding unfamiliar
neighborhoods because of safety concerns.

Overall, we nd no evidence that our results can be explained by a calibrated belief
that an unfamiliar neighborhood has a very low probability of being a very bad type of
neighborhood.

Heterogeneity.  In general, we nd limited evidence of heterogeneous e ects of familiarity
and exposure. First, we nd similar results when focusing on participants with low or high
initial levels of familiarity (Table A.16). Next, we nd similar e ects of familiarity, both
baseline and experimental, regardless of whether the neighborhood is close or far to the
participant's home neighborhood (Table A.17). We nd that familiarity matters more for
men in our sample, but that a single exposure erases the premium for both men and women
(Table A.18).

One exception is that we nd our baseline familiarity premium e ects are stronger for
more familiar neighborhoods. In Table A.19, we separate tlieamiliar ;;, measure in equation
(1) based on whether the participant reported at baseline knowing how to get there, or not,
and based on whether they were able to mention a landmark in the neighborhood. For both
de nitions, the familiarity premium is larger when the participant is more familiar with the
neighborhood.
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5.2 Mechanisms

In this section we consider what mechanisms may drive this e ect of exposure. We
begin by considering whether deviations from the benchmark beliefs model can explain our
results, and then turn to assessing di erent sources of xed costs and alternative psychological
explanations.

Poorly-calibrated priors. Can deviations from well-calibrated priors explain our results?
For example, if individuals hold overly pessimistic priors they will systematically update pos-
itively after exposure. This mechanism is closely related to the original a ective conditioning
explanation for the mere exposure e ect (Zajonc 1968).

We collect data on beliefs for the main six target neighborhoods (three familiar and three
unfamiliar) during the second baseline survey for all participants. After each training day,
when participants return to the study venue, we collected the same beliefs questions again
referring to the neighborhood that was just visited.

We measure ve dimensions of beliefs about labor market potential and safety. For
each neighborhood, we ask participants about the likelihood of nding a daily or casual
work opportunity in that neighborhood, both for the average person in the same home
neighborhood as them, and for the respondent themselves. We next ask whether the pay is
good conditional on nding a job, whether the trip to the neighborhood is safe, and whether
the neighborhood itself is safe. We record responses on a likert-like scale and code responses
on a scale from 1 to 5, where 5 is the best outcome. For each question, we also ask how
con dent the respondent is in their answer. See Appendix A.7 for precise question wording.

For respondenti, a neighborhoodn wherei was trained, and data collection timet = 0
(baseline 2) ort =1 (after training), we estimate:

Belief,, = AfterTrain + BeforeTrain ; Treated+ AfterTrain ; Treated+ ix: (2)

Belief i, Is the belief or certainty rating from 1 to 5, for one of the ve belief outcomes
described above. We also report results with home by neighborhood xed e ectsy(i)n).

Respondents in the control group are asked about familiar neighborhoods, while those in
the treatment group are asked about unfamiliar neighborhoods. We interact the treatment
indicator with pre- and post- indicators to compare how beliefs vary across familiarity and
across time.

Table 3 shows the results. At baseline, individuals are on average more pessimistic about
unfamiliar neighborhoods, as indicated by the negative coe cients. Respondents rate
unfamiliar neighborhoods 0.25 points lower on their likelihood of nding a causal job in
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the neighborhood, and 0.25 points lower for the likelihood for an average resident of their
neighborhood. We see no di erences for wages. Travel safety to an unfamiliar neighborhood
is rated 0.44 points lower, while the neighborhood's safety is 0.17 points lower.

After the training, these di erences vanish. All coe cients are smaller in magnitude,
close to zero, and never statistically signi cant at the 5% threshold. The probability of
others nding a job remains signi cant at the 10% level, but the coe cient still shrinks
substantially. This means that on average, a single in-person visit eliminates the initial
imbalance in ratings about these neighborhood$.

Do Subjects Anticipate How Their Preferences Change After Exposure? To
further explore the role of beliefs about neighborhood quality as a mechanism while allow-
ing for miscalibrated priors, we assess whether individuals change their choices for future
employment after learning they will visit a neighborhood during training.

If the aversion to unfamiliar neighborhoods stems from miscalibrated concerns about
neighborhood quality, the training location announcement should not change choices be-
cause it does not a ect information available when the choice is made. This argument also
applies to a wider class of models where agents only change their beliefs about neighborhood
guality in response to new information including non-standard updating procedures and am-
biguity aversion (Gilboa and Schmeidler 1989). Because the agent's information about the
neighborhood's quality has not changed, within this class of models, any choices which are
a result of their beliefs about neighborhood quality should also not change.

In contrast, if xed costs are the mechanism shaping choice, agents should alter their
choices. The announcement informs agents that, by the time the employment day arrives,
they will have already paid any xed costs. Thus, before learning the training location,
agents should factor these xed costs into their decisions, but after the announcement they
should ignore these xed costs as sunk.

To test this, we elicited choices during the three training days. On training day 2
f1;2; 3g, surveyors asked participants about their employment preferences for employment
day d + 3 that is, for employment three days in the future. Crucially, each respondent
received these questionafter learning where they will train on dayd, but beforethey have
actually visited the location. Participants received the exact same seven questions that
they later received on the corresponding employment days+ 3. These questions were
incentivized: respondents were informed that each question has an equal chance of being
selected to be implemented three days later.

We estimate a similar logit model as previously, but we now include the choices made

34For the interested reader, we present additional results on beliefs in Appendix A.8
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on training days when individuals knew they were about to visit the neighborhood, but had
not yet done so. The utility of working in neighborhoodn is given by

Ujn = " Familiar j, +

lﬁ{zaﬁ,} + | YTraini, %Jnfamiliar i + (3)

{

training e ect exposure e ect

AV AnticipTrain i, + , ~Y AnticipTrain ,, Unfamiliar , +
| Sy ARkl b_ralg n

anticipation anticipation exposure e ect
training e ect

|>fzi'} + Pdpn + n

randomized
job attributes

The coecients AV and AY capture how participants value training that is about to
happen in neighborhood, in general and the additional e ect for unfamiliar neighborhoods,
respectively. The corresponding variables are switched on in the choices that participants
make on training days, speci cally for the neighborhood that will be visited that day. In
the benchmark model from section 5.1, agents have well-calibrated priors and anticipate the
xed cost, which predicts AY = Y = E;g. We show in Appendix A.1 that if we extend
the model to allow for poorly-calibrated beliefs, Y becomes the sum of the anticipated xed
costs and the average belief update due to the incorrect priors about neighborhood quality,
while AY becomes only the anticipated xed costs.

We estimate equation (3) using a binary logit model. Table 4 shows the results. We use
the pooled data on training days and employment days. We ndY =0:77and AY =0:48
Thus, on average, subjects make choices as if the treatment e ect will be approximately 64%
as large as what we observe, with a 95% con dence interval [@0% 100%)] Column 2 shows
similar results with neighborhood xed e ects. Finally, in column 3, we only use data from
the training period. The advantage of this speci cation is that all choices made during this
period are for a time in the future, whereas in column 1 we also include choices from the
employment period which were made for the same d&y.We nd quite similar results with
aratio of AY= Y =0:51 The fact that subjects partially anticipate being more willing to
return after visiting, suggests that even with poorly-calibrated priors about neighborhood
guality, subjects act as if xed costs are responsible for approximately half to two-thirds of
the baseline premium.

An alternate explanation is that the positive AY re ects option value. In this scenario,

35To identify the e ect of training in column 3 we leverage variation in realized familiarity induced by
training on previous days.
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subjects know that after they do the training, they can later opt out of the task they se-
lected, if they learn that working in the neighborhood is worse than their outside option of
not working at all. We think this is unlikely because ex-ante individuals have a very strong
preference for employment over unemployment, including in unfamiliar neighborhoods. Re-
spondents only choose to decline to leave for the job assigned to them 0.35% of the time.
Among jobs assigned based on choices made during the training days, the refusal rate is ve
out of 584 overall, and one out of 89 for unfamiliar neighborhood chosen right before training
was about to happen there.

Another possibility is that participants viewed their training assignments as endorsement
of neighborhood quality. We view this as unlikely for two reasons. First, participants were
(truthfully) told their training locations were randomly chosen by a computer. And second,
it is not clear why participants would view this as a di erential endorsement relative to being
o ered a job in the location as part of the measurement of our primary outcome.

These results are consistent with subjects who partially anticipate a xed cost of explo-
ration. The training announcement changes choices because they know that this cost will
be incurred during the training. We now turn to assessing di erent types of xed costs.

First-time Navigation Costs. We nd little evidence that rst-time travel costs are large
enough to explain the familiarity premium. Individuals are willing to travel an additional 3.5
km and work for more than an additional hour in order to work in a familiar neighborhood.
Thus, for rst-time navigation costs to explain the premium, we would expect travel times
to increase by a similar amount. This does not appear to be the case.

In Table 5 we regress the travel time it takes participants to reach a neighborhood where
they work, on baseline familiarity and experimentally induced visits. We use a Heckman
(1976) two-step selection model to control for selection into working in an unfamiliar neigh-
borhood, using the randomly allocated compensation and other job attributes as instruments.

It takes participants slightly longer to reach neighborhoods they have never been to
before, but we can reject an increase of greater than 15 minutes for the entire trip there
and back. Training has a small e ect on travel times, but we do not nd any additional
e ect for training in unfamiliar neighborhoods. Table 5 also includes self-reported measures
of navigation such as getting lost and asking for directions. Only 6% of respondents report
getting lost during the trips and this is not di erential by the familiarity status of the
neighborhood.

Exploration Risk. Another potential source of xed-costs is if visiting a new neighbor-
hood for the rst time is risky. We nd mixed evidence for this channel. First, there is
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relatively little potential for risk in the experiment. Individuals are only in the locations
for an hour or two, and their payment and employment status are guaranteed. We also do
not observe any participants in our experiment encountering adverse experiences. Thus, for
exploration risk to explain the premium we estimate, it must be a rare, non-employment risk
that can occur in a short time period and that vanishes after one visit. The results in the
previous section already speak to this issue by showing that the risk of getting lost along the
way a plausible proxy for more signi cant risks is not statistically higher when travel-

ing to unfamiliar neighborhoods. On the other hand, we do see a (marginally insigni cant
p=0.12 to 0.13) smaller premium and e ect of exposure in neighborhoods that respondents
are con dent it is safe to travel to, suggesting some potential role for exploration risk (Table
A.15). However, even in this sample there is a sizable premium and e ect of exposure and
we do not nd any heterogeneity by beliefs about the safety of the neighborhood itself (Table
A.14) suggesting this is unlikely the entire story.

Psychological Fixed Costs. We believe our results are consistent with two kinds of
psychological xed costs. First, it is possible that participants hold incorrect beliefs about
the size of real xed costs. For example, agents might be overly pessimistic about how long
it will take them to reach a location for the rst time or overestimate their vulnerability

in unfamiliar locations. This could then be consistent with the rapid updating either if
individuals learn their beliefs were incorrect or only hold the distorted beliefs for rst-time
navigation costs.

Our results are also consistent with an e ort required to travel to and spend time in a new
location for the rst time, for example due to processing uency (Jacoby and Dallas 1981;
Jacoby and Whitehouse 1989; Winkielman et al. 2003). In this account, when exposed to a
neighborhood, individuals must exert more e ort to attend to all of the novel stimuli. Over
time participants then learn which stimuli they can ignore. This increase in uency then
may improve individuals' willingness to work in a neighborhood. This mechanism may also
be interrelated with incorrect perceptions of other xed costs. For example, if individuals
feel less safe when the stimuli they are processing are not uent.

6 The E ect of Familiarity on Consideration Sets

So far, we discussed results from preferences elicited from study participants by con-
fronting them with speci ¢ neighborhood options. This method plausibly measures respon-
dent preferences for working in di erent types of neighborhoods, but it shuts down any role
that exposure may have on how likely people are to consider a neighborhood as an option,
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to begin with. If individuals are less likely to retrieve unfamiliar locations from memory
when constructing consideration sets, exposure may a ect choices beyond the e ects on
preferences that we have studied so far (Bordalo, Gennaioli, and Shleifer 2020; Phillips,
Morris, and Cushman 2019). In this section, we study whether unfamiliar neighborhoods
are less likely to be considered as potential places to work and whether exposure changes
consideration sets.

To measure how familiarity a ects consideration sets, for half of our sample we elicit
choices by asking respondents an open-ended question about locations where they would
like to work. For each of the three employment days, when workers show up at the study
venue in the morning, a surveyor tells them that air pollution monitoring jobs are available
in some neighborhoods and not others that day, and that availability is random, with each
neighborhood having an independent 1 in 4 chance of a job available. The wage and duration
are the same for all neighborhoods, and we randomize these at the participant by day level.
The surveyor then asks the participant to begin to report an ordered list of neighborhoods
where they would be willing to work, and the surveyor records the neighborhoods listed by
the respondent, one by one. After the list is complete, the surveyor leaves to check which
neighborhoods are available that day, and the respondent is assigned to work that day in
the rst available neighborhood on their list.

Under this elicitation method, respondent choices re ect a mix of preferences and con-
sideration. Respondents have an incentive to report neighborhoods in decreasing order of
preference of performing the air pollution job in that location. However, because participants
need to come up with the neighborhoods they want to rank, ease of consideration may also
play a role.

We begin by interpreting this data using the classic logit consideration model from Go-
eree (2008). In this model applied to our elicitation, each participant rst comes up a
consideration set over neighborhoods and an outside option, then ranks the options within
the consideration set based on a ranked logit model. Neighborhondenters the considera-

tion set with probability i,, independent across neighborhoods and participants, given by

exp( &)

C = CFramiliar i, + “VTrain,+ “YTrain;, Unfamj+ “Pd,+ .+( ©)Xi; ()

where , are a full set of neighborhood xed e ects, andX; includes the randomly drawn

job wage and job duration, which do not depend on the neighborhood in this elicitation. The

outside optionn = 0 of not working that day is always in the consideration set (o = 1).
Under this model, respondents in the open elicitation will rank all neighborhoods in their
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consideration set that have utility above the outside option of not working that day. We
documented earlier that in our choice elicitation both jobs are refused only 0.35% of the
time, so we bring this model to the data by assuming that participants mention all the
neighborhoods in their consideration set. We estimate a binary logit model for whether a
given neighborhoodch was mentioned anywhere in the list, using equation (4), on the sample
of all neighborhoods within 75 minutes from the participant's home neighborhood.

Table 8 reports the determinants of consideration on the rst day of the open elicitation,
when participants had to rst generate their consideration sets. Participants are more likely
to consider familiar neighborhoods, and less likely to consider distant neighborhoods. We
stress that through the lens of our model, these results only measure whether participants
think about these options, not how much they like them, because participants should mention
all jobs they are willing to work in and almost never turn down jobs. The fact that we nd
similar e ects on preferences and consideration is consistent with work showing that people
are more likely to consider options that have been more useful in the past (Phillips, Morris,
and Cushman 2019¥°

The coe cient ¢V that measures the e ect of training in a familiar neighborhood has a
very large coe cient of around 1:4 log odds points on consideration. This means that train-
ing neighborhoods were very top of mind for study participants. On average, participants
mentioned 80% of the familiar neighborhoods where they trained.

Above and beyond this e ect, training in an unfamiliar neighborhood has a positive
e ect of 0:4-0:5 on consideration, signi cant at the 5% level. This means that experimental
exposure partially eliminates the initial consideration familiarity premium3’ On days 2 and
3 the training coe cient is larger and experimental exposure no longer has an e ect on
consideration (Tables A.28 and A.29).

These results suggest that participants are less likely to consider unfamiliar neighbor-
hoods, and, at least initially, a one-time short exposure reverses part of this e ect. The
main advantage of the logit consideration model is that it is widely used to study the dis-
tinction between preferences and what people consider. One possible issue with this model
is that it ignores the sequential nature of the elicitation procedure, whereby participants
mention neighborhoods one by one and later ranked choices were much less likely to be
implemented, because an earlier choice is likely to have a job available. Thus the value of
generating additional neighborhoods for consideration depends on the position in the R&t.

36Choices made under partial consideration lead to welfare losses relative to full consideration. When
the determinants of consideration and preferences are positively correlated, these losses are lower than with
random consideration, but not completely eliminated.

37Note, however, that due to the large ¢V coe cient, participants are more likely to consider an unfamiliar
neighborhood where they trained than a familiar neighborhood where they did not train.

38Indeed, we nd that if we estimate a ranked logit with the lists, the preference rankings become atten-
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We now model this sequential process explicitly.

6.1 A Two-Self Sequential Model with Memory Costs

We next set up a simple model of the process by which respondents list neighborhoods in
our open elicitation task. The model includes preferences over jobs similar to those outlined
previously in equation (1), but also leaves room for recall costs that may di er based on
neighborhood characteristics.

Each respondent has two selves. The memory self has access to all neighborhoods and
their utilities, but for each neighborhood faces a cost to transmit this neighborhood to the
action self. The memory self optimally chooses which neighborhood to transmit. The
action self simply tells the surveyor the neighborhood that they receive.

The memory self for ageni knows preferences

— U n
Uin = Xin + in

for each neighborhoodh where X, is a vector of neighborhood characteristics, including
baseline familiarity and training indicators, and a constant term. We use exactly the same
speci cation as in equation (1) except that we use more compact notation, and we also
include a constant term. We assume that;, has variance equal to 1, and we normalize the
utility of not working to ujp = "jo.

For the k-th neighborhood to be ranked, the memory self incurs (negative) transmission
cost

_ c
Crk = ~“Xin + ink

where , are iid shocks with standard deviatior~ 0. (Xi, is the same as above and
includes a constant term.) We normalize the memory cost associated with stopping, that is,
not ranking any other neighborhoods, t@o = jok-

The neighborhood rankedk-th on the list carries weight y 1. Neighborhoods further
down the list are less likely to be relevant as a previous neighborhood is likely to have a
job available. Given that in reality we allow each neighborhood to have a job available with

1 3

probability 0:25, the objective weights are y = 7 3 <1 However, we do not impose this.

We further assume that at stepk when the memory self is asked to transmit a neighbor-

uated as we include more elements from the list (Table A.30). This is inconsistent with the ranked logit
model, which assumes preference coe cients would be stable, and it is consistent with memory costs being
relatively more important for neighborhoods ranked later on the list.
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hood, they act myopically and send the neighborhodd
n, 2 arg mnax kUin + Gk Or stop (with assumed net utility "o+ jok):

Neighborhoods with higherc,x are easier to recall and hence more likely to be transmitted.

We estimate this model using maximum likelihood based on the rsK options ranked
by the participant (or fewer if they stopped earlier), varyingK 2 f5;10;15,20g. We X
the preference parameters over baseline familiarity, distance, training, and training in an
unfamiliar location, to the values we estimated using binary choices (Table 2, column 3). We
estimate the other parameters, including how participants value the job wage and duration
(which vary at the participant level), the subjective job success probability (), all the cost
coe cients and the standard deviation of idiosyncratic cost shocks.

Table 9 reports the results for the top ve neighborhoods listed on the rst day. We
estimate that baseline familiar neighborhoods are easier to remember, with a memory cost
coe cient of 2:53. One way to interpret this magnitude is by comparing it to the disutility
incurred for each kilometer of distance the agent must travel. We estimate that our subjects
act as-if remembering an unfamiliar neighborhood is as costly as having to travel more
than 10 km. Having trained in a neighborhood has a large e ect on memory costs, with a
coe cient of 2:02, while the additional e ect of having trained in a neighborhood that was
unfamiliar at baseline is also positive and signi cant but smaller, with a coe cient 0f1:08
and a bootstrapped95% con dence interval of [0:37; 2:13] Distance also matters ( 0:4 for
memory costs compared to 0:25 for preferences). We estimate a relatively high memory
cost standard deviation 2, and a subjective probability of around half that a given
neighborhood has a job on a given day (compared to the true = 0:25). The relative
magnitudes of the rst four coe cients are broadly stable to changing the speci cation, the
number of ranked choices used in estimation, and the day when choices are elicited (Tables
A.31 and A.32).

Overall, the results from the open elicitation method show that above and beyond the
fact that people dislike to work in unfamiliar neighborhoods, they also seem less likely to
consider these places as options in the rst place.

39The model where the memory self is fully forward looking and optimizes over the entire list poses
signi cant complications due to the combinatorial nature of that problem.
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7 Persistence

We next consider whether the increased willingness to visit an unfamiliar neighborhood
induced by exposure persists. We analyze persistence using a cross-sectional analysis, and
two medium-term follow-up exercises, one experimental, and the other based on survey data.

Cross-sectional persistence.  We rst examine the cross-sectional evidence by estimating
our logit equation based on equation (1), but splitting the cross-sectional familiarity term

by how recently the individual reported having visited the neighborhood. Table A.23 shows
that the familiarity premium is relatively stable up to neighborhoods that the respondent

visited within the last 3 years. While cross-sectional, this pattern suggests that the e ects
of exposure are likely to persist.

Show-Up to Medium-run Task Invitation. We next examine whether participants
remain more likely to return to neighborhoods they visited during the experiment when
invited back. Approximately 2-4 months after the intervention, we organized new work
opportunities in di erent neighborhoods and invited study participants to attend. Each
invitation was to a short (5-minute) survey on how long it takes to travel in Nairobi, scheduled

to take place in a given neighborhood two days later. Because the survey focused on urban
travel, inviting participants to di erent neighborhoods did not appear arti cial.

Invitations were issued in two rounds, with participants receiving three invitations per
round, spread over about 10 days. The survey neighborhood, and the o ered wages were
randomized?® Surveyors recorded whether the respondent showed up on the designated
survey day. After initially launching these invitations with wages randomized between 500
and 1,000 KSH we observed show up rates in excess of 80%. To mitigate ceiling e ects, we
then reduced the distribution of wages, eventually settling on a distribution between 100 and
400 KSH.

We estimate equation (1) using these show-up data in a binary logit model, including
xed e ects for the survey date, randomization strata, and the number of prior invitations
made. To deal with ceiling e ects we take two approaches. First, we split the results by
whether the wage was above or below 500 KSH using the entire sample. We do this because
for wages higher than 500KSH, show-up plateaus around 80% (Figure A.7) and none of the
neighborhood or job characteristics, including distance and wage, a ect show-up. Second,

4ONeighborhoods were randomly selected from the participants' nine target neighborhoods (three main
familiar, three main unfamiliar, and three other familiar), and the invitation order of neighborhood type
was strati ed across participants, separately for the two rounds. Neighborhoods used in the rst round were
excluded from the second round.
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we present the results after restricting the sample to the second round of invitations where
wages were randomized between 100 and 400 KSH.

Table 6 reports the results. In the rst three columns, we replicate the speci cations from
Table 2, and additionally interact with wage below500 KSH, as described above. Baseline
familiarity strongly predicts show-up for the survey. The experimental e ect of training in
an unfamiliar neighborhood is positive and its magnitude is around two thirds of the baseline
e ect. However, this exposure e ect is imprecisely estimated, with p-values between 0.27 and
0.29. The reduced e ective sample size due to the ceiling e ects signi cantly limits statistical
power. With our estimated standard errors, the minimum detectable e ect is larger than
the baseline familiarity premium which ranges from 0.46 to 0.39. Distance and wages also
matter for show-up for wages below 500 KSH, with smaller magnitude than those estimated
in the main experiment (Table 2). This is consistent with a higher dispersion of idiosyncratic
shocks for this extensive margin decision. We nd similar results when we restrict to rounds
after wages were reduced (column 4-6), and when using a linear probability model (Table
A.24).

Do participants return to visited neighborhoods? Finally, we examine whether in-
dividuals return to the neighborhoods on their own as reported through SMS and endline
phone surveys.

Table 7 reports the results. The outcomes in columns 1-9 are from directly asking re-
spondents about whether they have visited the target neighborhoods in the past two weeks,
and if so for what purpose. The SMS survey results reported in the last two columns are
unprompted, asking participants if they worked or searched for work the day before, and
if so, where (in their own words). We then code their response to our neighborhood fit3

We nd that respondents return to initially unfamiliar neighborhoods when they are
trained there. This e ect is captured by the sum of the Training and Training Unfa-
miliar coe cients, which is positive and signi cant for most visit types.4

Participants return for a variety of reasons, including to search for work, as well as

4lwhen we estimate a linear model with individual-level xed e ects to absorb some of the variation in
show-up across participants, the exposure e ect is more precisely estimated (Table A.25).

42Table A.26 reports the results without neighborhood xed e ects.

4“3We also collect travel information in less prompted ways in the endline survey and present the results
in Table A.27. In the rst three columns, we ask participants to tell us where they have been for di erent
purposes, but without asking about any particular neighborhoods. These results are qualitatively similar to
those in Table 7, but are less precise. The last two columns report trips as measured by our GPS tracking
app. Unfortunately, we were only able to obtain this data for 15% of the sample, but we include the results
for completeness.

44Unlike our previous results, the coe cient on Training Unfamiliar is smaller than that on Baseline
Familiar, which means that while participants return to these places, they do not treat them exactly the
same as other familiar neighborhoods.
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for non-work reasons such as leisure, and errands. We do not nd any e ect on working in
unfamiliar neighborhoods, although our estimates are noisy so we cannot reject a meaningful
e ect relative to the baseline mearf> Furthermore, participants did search for work in these
neighborhoods (column 2). Direct labor market outcomes may take time to realize.

Overall, these results show that individuals continue to revisit the neighborhoods that
they visited during training, including those that were unfamiliar at baseline.

8 Discussion

We have shown that prior exposure with city neighborhoods matters for how casual
workers in Nairobi choose work opportunities, and a single experimentally induced exposure
erases the initial aversion to work in unfamiliar neighborhoods. In our context, these results
are most consistent with a xed cost of exposure, which participants are partially aware of,
and with incorrect beliefs about the xed cost of exposure. We nd some evidence of miscal-
ibrated beliefs about unfamiliar neighborhoods, but this cannot explain the entire exposure
e ect, and we nd no evidence of sorting. We also nd that exposure may additionally a ect
choice by increasing the probability a neighborhood enters the consideration set.

We hypothesize that spatial exposure e ects may be particularly important for take-up of
services and opportunities in cities in low-income countries, where people are often required
to visit new locations, such as to get vaccinated (Jee, Karing, and Naguib 2025), to respond
to advertisements for factory jobs (Grosset-Touba 2024), or to apply for social protection
(Alatas et al. 2016). The fact that one exposure has large e ects suggests that low-cost
policy interventions to increase urban and spatial exposure may have a dividend in terms of
e ectively increasing market access for urban residents, both for employment and for other
opportunities found in cities.

Additionally, policy makers may be able to decrease the cost of exploration by investing
in making their cities more readable. This is a concept from urban studies that notes that
the logic of some cities is easy to infer (e.g. the grid structure of New York City) while for
others it is dicult (e.g. Boston). This may be particularly useful if the xed costs are
driven by processing uency, and rapid growth in low and middle income contexts may lead
to cities that are particularly di cult to read.

Exposure e ects may help explain prior results showing that people are reluctant to mi-
grate, and the persistence of temporary interventions or shocks that encourage migration or
other spatial choices (Bryan, Chowdhury, and Mobarak 2014; Larcom, Rauch, and Willems

4SWe cannot rule out e ects of up to +0:012 on the probability of working in a speci ¢ unfamiliar neigh-
borhood, relative to a mean of0:069
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2017; Okunogbe 2024; McKenzie 2024; Lagakos, Mobarak, and Waugh 2023).

Urban and spatial quantitative models can accommodate exposure e ects in commuting,
migration and other spatial choices by assuming agents incur a xed cost when they rst
visit a location. This might take a similar form to xed costs of entering a distant market
in trade models (Melitz 2003; Allen 2014).

Finally, we have shown that spatial decision are a compelling context to study the role
of prior exposure; however, exposure may also be important in other economic domains.
For example, one might expect past exposure to opportunities shape choices in occupation,
schools, or technologies. Two questions for future work are how exposure e ects vary across
economic domains and across di erent types of exposure.

References

Abebe, Girum et al. (2021). Anonymity or distance? Job search and labour market exclusion
in a growing African city . The Review of Economic Studie§8.3, pp. 1279 1310.

Ackerberg, Daniel A. (2001). Empirically Distinguishing Informative and Prestige E ects
of Advertising . The RAND Journal of Economics32.2, pp. 316 333.

(2003). Advertising, learning, and consumer choice in experience good markets: an em-
pirical examination . International Economic Review44.3, pp. 1007 1040.

Alatas, Vivi et al. (Apr. 2016). Self-Targeting: Evidence from a Field Experiment in In-
donesia .Journal of Political Economy 124.2, pp. 371 427.

Allen, Treb (2014). Information Frictions in Trade . Econometrica 82.6, pp. 2041 2083.

Allport, Gordon W (1954). The nature of prejudice . Reading/Addison-Wesley

Balboni, Clare et al. (2021). Could Gentri cation Stop the Poor from Bene ting from Ur-
ban Improvements? In: AEA Papers and ProceedingsVol. 111. American Economic
Association 2014 Broadway, Suite 305, Nashville, TN 37203, pp. 532 537.

Banerjee, Abhijit and Sandra Sequeira (2023). Learning by searching: Spatial mismatches
and imperfect information in Southern labor markets .Journal of Development Eco-
nomics 164, p. 103111.

Banerjee, Abhijit V (1992). A simple model of herd behavior .The quarterly journal of
economics107.3, pp. 797 817.

Baseler, Travis (2023). Hidden income and the perceived returns to migratiomrAmerican
Economic Journal: Applied Economicsl5.4, pp. 321 352.

Berkouwer, Susanna B. and Joshua T. Dean (2024). Cooking, health, and daily exposure
to pollution spikes . Mimeo.

35



Bordalo, Pedro, Nicola Gennaioli, Giacomo Lanzani, et al. (20257 Cognitive Theory of
Reasoning and Choice

Bordalo, Pedro, Nicola Gennaioli, and Andrei Shleifer (Aug. 1, 2020). Memory, Attention,
and Choice .The Quarterly Journal of Economics135.3, pp. 1399 1442.

Borker, Girija (2021). Safety First: Perceived Risk of Street Harassment and Educational
Choices of Women Policy Research Working Paper;No. 9731

(2024). Understanding the constraints to women's use of urban public transport in de-
veloping countries .World Development180, p. 106589.

Bornstein, Robert F. (1989). Exposure and a ect: Overview and meta-analysis of research,
1968 1987 .Psychological Bulletin106.2. Publisher: American Psychological Association,
pp. 265 289.

Brady, Henry E. and John E. McNulty (2011). Turning Out to Vote: The Costs of Finding
and Getting to the Polling Place . American Political Science Reviewl05.1, pp. 115 134.

Broderick, Tamara, Ryan Giordano, and Rachael Meager (July 2023)\n Automatic Finite-
Sample Robustness Metric: When Can Dropping a Little Data Make a Big Di erence?

Bryan, Gharad, Shyamal Chowdhury, and Ahmed Mush g Mobarak (2014). Underinvest-
ment in a pro table technology: The case of seasonal migration in BangladeslEcono-
metrica 82.5, pp. 1671 1748.

Bryan, Gharad, Edward Glaeser, and Nick Tsivanidis (2020). Cities in the developing world .
Annual Review of Economicsl2, pp. 273 297.

Bryan, Gharad and Melanie Morten (Oct. 2019). The Aggregate Productivity E ects
of Internal Migration: Evidence from Indonesia .Journal of Political Economy 127.5,
pp. 2229 2268.

Chauvin, Juan Pablo et al. (2017). What is di erent about urbanization in rich and poor
countries? Cities in Brazil, China, India and the United States Journal of Urban Eco-
nomics 98, pp. 17 49.

Conlon, Christopher T. and Julie Holland Mortimer (Nov. 2013). Demand Estimation un-
der Incomplete Product Availability . American Economic Journal: Microeconomics5.4,
pp. 1 30.

Cook, Cody, Lindsey Currier, and Edward Glaeser (2024). Urban mobility and the experi-
enced isolation of students Nature Cities 1.1, pp. 73 82.

Davis, Lucas W (2021). Estimating the price elasticity of demand for subways: Evidence
from Mexico . Regional Science and Urban Economid87, p. 103651.

Duranton, Gilles (2015). Growing through cities in developing countriesThe World Bank
Research ObserveB0.1, pp. 39 73.

36



Epley, Nicholas and Juliana Schroeder (2014). Mistakenly seeking solituddaurnal of Ex-
perimental Psychology: General43.5, pp. 1980 1999.

Eyster, Erik and Matthew Rabin (2010). Naive herding in rich-information settings Amer-
ican economic journal: microeconomic2.4, pp. 221 243.

Field, Erica and Kate Wborny (2022). Women's Mobility and Labor Supply: Experimental
Evidence from Pakistan Rochester, NY.

Foster, Andrew D and Mark R Rosenzweig (1995). Learning by doing and learning from
others: Human capital and technical change in agricultureJournal of political Economy
103.6, pp. 1176 1209.

Franklin, Simon (2018). Location, Search Costs and Youth Unemployment: Experimental
Evidence from Transport Subsidies The Economic Journal 128.614, pp. 2353 2379.

Fyhn, Marianne et al. (2004). Spatial representation in the entorhinal cortex Science
305.5688, pp. 1258 1264.

Gigerenzer, Gerd and Daniel G. Goldstein (2011). The recognition heuristic: A decade of
research .Judgment and Decision Making.1, pp. 100 121.

Gilboa, ltzhak and David Schmeidler (Jan. 1989). Maxmin Expected Utility with Non-
Unique Prior . Journal of Mathematical Economicsl8.2, pp. 141 153.

Goeree, Michelle Sovinsky (2008). Limited Information and Advertising in the U.S. Personal
Computer Industry . Econometrica 76.5, pp. 1017 1074.

Goldstein, Daniel G. and Gerd Gigerenzer (2002). Models of ecological rationality: The
recognition heuristic. Psychological Reviewl09.1, pp. 75 90.

Gonzalez-Navarro, Marco and Matthew A Turner (2018). Subways and urban growth: Evi-
dence from earth .Journal of Urban Economics108, pp. 85 106.

Grosset-Touba, Florian (2024). Complementarities in Labor Supply: How Joint Commuting
Shapes Work Decisions Working Paper.

Haaland, Ingar K et al. (May 2024).Understanding Economic Behavior Using Open-ended
Survey Data Working Paper 32421. National Bureau of Economic Research.

Habyarimana, James and William Jack (2015). Results of a large-scale randomized behavior
change intervention on road safety in Kenya Proceedings of the national Academy of
Sciences112.34, E4661 E4670.

Hanna, Rema, Sendhil Mullainathan, and Joshua Schwartzstein (2014). Learning through
noticing: Theory and evidence from a eld experiment The Quarterly Journal of Eco-
nomics 129.3, pp. 1311 1353.

Heckman, James J. (Oct. 1976). The Common Structure of Statistical Models of Truncation,
Sample Selection and Limited Dependent Variables and a Simple Estimator for Such

37



Models . In: Annals of Economic and Social Measurement, Volume 5, number MBER,
pp. 475 492.

Ho, Mark K. et al. (June 2, 2022). People construct simpli ed mental representations to
plan . Nature 606.7912, pp. 129 136.

lyengar, Sheena S. and Mark R. Lepper (Dec. 2000). When choice is demotivating: Can one
desire too much of a good thing?Journal of Personality and Social Psychology9.6,
pp. 995 1006.

Jacoby, Larry L and Mark Dallas (1981). On the Relationship Between Autobiographical
Memory and Perceptual Learning .Journal of Experimental Psychology: General10.3,
pp. 306 340.

Jacoby, Larry L and Kevin Whitehouse (1989). An lllusion of Memory: False Recognition In-
uenced by Unconscious Perception Journal of Experimental Psychology: Generdal18.2,
pp. 126 135.

Jalota, Suhani and Lisa Ho (2024). What Works for Her? How Work-from-Home Jobs A ect
Female Labor Force Participation in Urban India .Working Paper.

Jee, Edward, Anne Karing, and Karim Naguib (2025)The Social Multiplier from Image
Concerns: Experimental Evidence from Dewormingech. rep.

Keller, Kevin Lane (1987). Memory Factors in Advertising: The E ect of Advertising Re-
trieval Cues on Brand Evaluations .Journal of Consumer Researcti4.3, pp. 316 333.
Kennan, John and James R. Walker (2011). The E ect of Expected Income on Individual

Migration Decisions . Econometrica 79.1, pp. 211 251.

Kihlstrom, Richard E. and Michael H. Riordan (1984). Advertising as a Signal Journal of
Political Economy 92.3. Publisher: University of Chicago Press, pp. 427 450.

Kreindler, Gabriel et al. (2023).Optimal Public Transportation Networks: Evidence from the
World's Largest Bus Rapid Transit System in Jakarta Tech. rep. National Bureau of
Economic Research.

Lagakos, David, Ahmed Mush g Mobarak, and Michael E Waugh (2023). The welfare e ects
of encouraging rural urban migration . Econometrica 91.3, pp. 803 837.

Lall, Somik V., J Vernon Henderson, and Anthony J Venables (2017Africa’s cities: Opening
doors to the world World Bank Publications.

Larcom, Shaun, Ferdinand Rauch, and Tim Willems (2017). The bene ts of forced exper-
imentation: Striking evidence from the London underground network The Quarterly
Journal of Economics132.4, pp. 2019 2055.

Lee, David S. (July 2009). Training, Wages, and Sample Selection: Estimating Sharp Bounds
on Treatment E ects. The Review of Economic Studie§6.3, pp. 1071 1102.

Lynch, Kevin (1960). The Image of the City Cambridge, Massachusetts: MIT Press.

38



Mack, Michael L. and Thomas J. Palmeri (June 25, 2024). Discrimination, Recognition, and
Classi cation . In: The Oxford Handbook of Human Memory, Two Volume Pack: Foun-
dations and Applications Ed. by Michael J. Kahana and Anthony D. Wagner. Oxford
University Press, p. 0.

Malmendier, Ulrike (2021). Experience e ects in nance: Foundations, applications, and
future directions . Review of Finance25.5, pp. 1339 1363.

Mas, Alexandre and Amanda Pallais (Dec. 2017). Valuing Alternative Work Arrangements .
American Economic Reviewl07.12, pp. 3722 3759.

McKenzie, David (2024). Fears and Tears: Should More People Be Moving within and
from Developing Countries, and What Stops this Movement?The World Bank Research
Observer39.1, pp. 75 96.

Melitz, Marc J. (2003). The Impact of Trade on Intra-Industry Reallocations and Aggregate
Industry Productivity . Econometrica 71.6, pp. 1695 1725.

Milgrom, Paul and John Roberts (1986). Price and Advertising Signals of Product Quality .
Journal of Political Economy 94.4. Publisher: University of Chicago Press, pp. 796 821.

Montoya, R Matthew et al. (2017). A re-examination of the mere exposure e ect: The in u-
ence of repeated exposure on recognition, familiarity, and likingPsychological bulletin
143.5, p. 459.

Nelson, Phillip (1970). Information and Consumer Behavior Journal of Political Economy
78.2. Publisher: The University of Chicago Press, pp. 311 329.

(1974). Advertising as Information . Journal of Political Economy 82.4. Publisher: Uni-
versity of Chicago Press, pp. 729 754.

O'Keefe, John and Jonathan Dostrovsky (1971). The hippocampus as a spatial map: pre-
liminary evidence from unit activity in the freely-moving rat. Brain research

Okunogbe, Oyebola (2024). Does exposure to other ethnic regions promote national inte-
gration? Evidence from Nigeria .American Economic Journal: Applied Economicsl6.1,
pp. 157 192.

Pelnik, Carolyn (2024). Moving to Pro tability? Alleviating Constraints on Microen-
trepreneur Location . Working Paper.

Phillips, Jonathan, Adam Morris, and Fiery Cushman (Dec. 2019). How We Know What
Not To Think . Trends in Cognitive Science23.12, pp. 1026 1040.

Porcher, Charly, Eduardo Morales, and Thomas Fujiwara (2024Measuring Information
Frictions in Migration Decisions: A Revealed-Preference Approachlech. rep. National
Bureau of Economic Research.

39



Sahni, Navdeep S and Harikesh S Nair (2020). Does Advertising Serve as a Signal? Evi-
dence from a Field Experiment in Mobile SearchThe Review of Economic Studie87.3,
pp. 1529 1564.

Schank, Roger C. (1982)Dynamic Memory: A Theory of Reminding and Learning in Com-
puters and PeopleNew York, NY: Cambridge University Press.

Scharfstein, David S and Jeremy C Stein (1990). Herd behavior and investmenthe Amer-
ican economic review pp. 465 479.

Schroeder, Juliana, Donald Lyons, and Nicholas Epley (2022). Hello, stranger? Pleasant
conversations are preceded by concerns about starting ondournal of Experimental
Psychology: Generall51.5, pp. 1141 1153.

Shapiro, Bradley T. (2018). Positive Spillovers and Free Riding in Advertising of Prescrip-
tion Pharmaceuticals: The Case of Antidepressantslournal of Political Economy 126.1.
Publisher: The University of Chicago Press, pp. 381 437.

Shapiro, Bradley T., Gunter J. Hitsch, and Anna E. Tuchman (2021). TV Advertising
E ectiveness and Pro tability: Generalizable Results From 288 Brands Econometrica
89.4, pp. 1855 1879.

Simon, Herbert A and Kevin Gilmartin (1973). A simulation of memory for chess positions .
Cognitive Psychologys.1, pp. 29 46.

Tang, Yulu (2024). To Follow the Crowd? Bene ts and Costs of Migrant Networks Working
Paper.

Thalmann, Mirko, Alessandra S. Souza, and Klaus Oberauer (2019). How does chunking
help working memory? Journal of Experimental Psychology: Learning, Memory, and
Cognition 45.1, pp. 37 55.

Tsivanidis, Nick (2023). Evaluating the impact of urban transit infrastructure: Evidence
from Bogota's Transmilenio . University of California, Berkeley.

Vitali, Anna (2024). Consumer search and rm location: Theory and evidence from the
garment sector in Uganda Working Paper.

Weitzman, Martin L. (1979). Optimal Search for the Best Alternative . Econometrica 47.3.
Publisher: [Wiley, Econometric Society], pp. 641 654.

Winkielman, Piotr et al. (2003). The hedonic marking of processing uency: Implications for
evaluative judgment . In: The psychology of evaluation: A ective processes in cognition
and emotion Mahwah, NJ, US: Lawrence Erlbaum Associates Publishers, pp. 189 217.

Wiseman, Eleanor (2023). Border trade and information frictions: Evidence from informal
traders in kenya . Working Paper.

Zajonc, Robert B (1968). Attitudinal e ects of mere exposure. Journal of personality and
social psychology.2p2, p. 1.

40



Figures and Tables

Figure 1: Urban Familiarity Patterns

(a) CDF of Average Familiarity of Neighborhoods Within 75 Minutes from Home

(b) Idiosyncratic Variation in Familiarity (Kibera) (c) No Evidence of Match-Speci ¢ Familiarity

Notes: Panel (a) plots the CDF of our main familiarity measure across all 1,168 participants who com-
pleted the rst baseline survey. Neighborhoods are restricted to within 75 minutes (walking or transit) of
respondents' homes, approximately 30 per home neighborhood. The X axis shows the share of neighbor-
hoods for which a respondent answers yes to Have you ever been kb? Panel (b) displays the familiarity
matrix for Kibera participants who completed the rst baseline survey, across all 30 neighborhoods asked
about; grey indicates the respondent has visited that neighborhood, black otherwise. Rows and columns
are ordered by average familiarity. Panel (c) shows ROC curves for four random forest models predicting
individual-neighborhood familiarity. Distance and neighborhood xed e ects alone (yellow) predict better
than chance; adding individual and neighborhood characteristics (gray, blue, red) does not meaningfully
improve prediction.
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Table 1: Participants Have Signi cant Familiarity Gaps

Nbhd sample:

Share of Neighborhoods Visited

< 75min < 8km

p25 p50 mean p25 p50 mean

Measure of familiarity:
Heard of
Ever been OR passed by
Ever been

Ever been + knows get there 0.33 0.43

Ever been + gave landmark

0.89 094 092 091 0.97 0.94
0.50 063 062 064 0.79 0.75
039 052 052 055 0.65 0.66
0.45 042 058 0.57

0.24 034 035 0.33 050 0.46

Notes: This table reports statistics for the share of neighborhoods that a participant is familiar with. The
sample of neighborhoods is restricted to within 75 minutes (shortest among walking or by transit) of the
respondent's home neighborhood in the rst three columns, and to within 8 km in the last three columns. We
pick this cuto because among participants who work or search for work outside their home neighborhood
(two thirds of the sample), the mean participant travels up to 8 km to work or search for work.
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Table 2: Revealed Preference Estimates from Job Choices

(1) (2) (3)

Baseline Familiar 0.85***  0.76**  0.86***
(0.120) (0.121) (0.118)
Training 0.29**  0.33*  0.30**
(0.109) (0.103) (0.105)
Training  Unfamiliar 0.83***  0.93**  0.91***
(0.211) (0.205) (0.199)
Distance (km) -0.24*** -0.25%**
(0.016) (0.019)
Job duration (hrs) -0.58*** -0.62*** -0.59***

(0.062) (0.061) (0.059)

E Compensation (100 KSH)  0.76%*  0.83**  0.80%**
(0.027) (0.029) (0.027)

Cash Upfront (100 KSH) 0.06 0.06 0.07
(0.045) (0.046) (0.042)
Bonus (100 KSH) -0.21%**  -0.22%** -0.22%**
(0.010) (0.011) (0.010)
N 6,756 6,756 6,756
Home neighborhood FE Yes
Neighborhood FE Yes

Notes: This table reports binary logit estimation results based on equation (1) of choice data where individu-
als chose between two potential job o ers. The sample is 400 participants in the preferences elicitation, and
all choices during the three employment days, where both jobs are in one of the nine target neighborhoods,
excluding the unfamiliar spillover neighborhood. (See Table A.20 for results using the full sample of seven
choices each day, including all 10 target neighborhoods.) Baseline Familiar is an indicator equal to one if
the respondent reported during the rst baseline survey they have been to the neighborhood. Training is
an indicator equal to one if a participant trained in the neighborhood, while Training  Unfamiliar is con-
structed similarly but only switched on for participants in the treatment group, for whom the neighborhood

is always unfamiliar at baseline. The other job attributes are randomized: job duration, total compensa-
tion, the amount o ered in advance to ease liquidity constraints, and the amount that depended on a risky
bonus. Standard errors in parentheses based on 500 individual-level bootstrap runsp 0:05, p 0:01,

p 0:001
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Table 3: Beliefs about Neighborhoods Before and After Exposure

Dependent variable:
Find Job Find Job (Others) Pay is Good Travel Safety Overall Safety

@) @ 3 4 )

After Training 0.134 0.189 0.055 0.140 0.237

(0.039) (0.039) (0.037) (0.033) (0.037)
Before Training Treated 0.247 0.249 0.050 0.393 0.170

(0.056) (0.053) (0.058) (0.053) (0.053)
After Training  Treated 0.077 0.092 0.012 0.003 0.024

(0.051) (0.052) (0.047) (0.040) (0.041)
N 4,584 4,575 4,468 4,587 4,518
Mean 3.418 3.427 3.58 4.03 3.844
SD 1.022 0.996 1.047 0.887 0.975
Before Train. T=After Train. T, p-val 0.003 0.004 0.492 0.000 0.001

Notes: This table reports results from regressions based on equation (2). The sample consists of participants
in the treated group who rate their three main target unfamiliar neighborhoods, and participants in the
control group who rate their three main familiar neighborhoods. These beliefs are elicited twice, rst during
the second baseline (Before Training) and again after participants return to the study venue after training

in the respective neighborhood (After Training). The outcomes are beliefs about attributes of the visited
neighborhoods. All outcomes are rated on a likert scale from 1 to 5 with 5 being the most positive outcome.
The table shows that while beliefs are initially more negative for unfamiliar neighborhoods, the gap closes
after visiting. Table A.21 repeats the analysis when we add home by neighborhood xed e ects, and Table
A.22 repeats the analysis using belief con dence as the outcomep 0:05, p 001, p 0:001
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Table 4: The Impact of Realized and Anticipated Familiarity on Job Choices

(1) (2) (3)

Baseline Familiar 0.78*** 0.81*** (0.79***
(0.071) (0.069) (0.076)

V' Training 0.18*  0.20* 0.01
(0.088) (0.086) (0.115)

Y Training  Unfamiliar 0.77** 0.78*** (0.80***
(0.149) (0.138) (0.184)
AV' Anticipate Training -0.06 -0.04 -0.05

(0.095) (0.097) (0.086)
AU Anticipate Training ~ Unfamiliar ~ 0.48**  0.45**  0.41**
(0.159) (0.154) (0.147)

N 13,658 13,658 6,902
P-value Y= AV 0.026 0.012 0.020
Sample: Training Yes Yes Yes
Sample: Employment Yes Yes
Neighborhood FEs Yes Yes
Job Attribute Controls Yes Yes Yes

Notes: This table reports binary logit estimation results of equation (3). Columns 1 and 2 pool all the
choice data for the three training days, and for the three employment days. Column 3 only uses the training
days data, leveraging variation in realized familiarity induced by training on previous training days (e.g. if

respondenti visits neighborhoodn on day 1 of training, then Training i, = 1 for choices made on training
daysd 2 f 2;3g. Coe cients on expected compensation, liquidity, bonus and distance are included but not
reported to save space.p 005 p 001, p 0001
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Table 5: Selection Model For Duration and Navigation to Unfamiliar Neighborhoods

Duration (hours) Get Lost Ask Directions

ToJob FromJob ToJdob From Job To Job From Job
1) (2 (3) 4) (5) (6)

Baseline Familiar -0.06 -0.07 -0.01 0.00 -0.10 -0.04
(0.04) (0.04) (0.02) (0.00) (0.04) (0.02)
Training -0.07 -0.02 -0.05 0.00 -0.18 -0.01
(0.03) (0.04) (0.01) (0.01) (0.02) (0.01)
Training  Unfamiliar  0.05 -0.02 0.01 0.01 -0.07 -0.03
(0.06) (0.06) (0.02) (0.01) (0.04) (0.02)
Distance (km) 0.09 0.10 0.00 0.00 0.01 -0.00
(0.00) (0.01) (0.00) (0.00) (0.00) (0.00)
Data Source: Task App Survey Post-Training
N 2,291 2,257 2,318 2,318 2,318 2,318
Control Mean 1.23 1.30 0.06 0.00 0.31 0.05

Notes: This table presents estimates from a Heckman (1976) two-step selection model with a probit selection
equation. The sample includes participants in the preferences elicitation group who completed the job
during the employment period. Each day, we focus on the job choice question (among the seven questions
asked) that was randomly selected to be implemented. The outcomes correspond to the job selected by the
participant. We use the di erence between the two job options of the (randomly chosen) job attributes as
instruments for the selection problem: wages, wage bonus, job duration, and whether there was cash upfront.
Travel duration is measured between the study venue (using survey data timestamps) and the job (using
the smartphone task app check-in/check-out). The outcomes in the last four columns are based on survey
responses when participants return to the study venue after the job. Odd columns refer to the trip toward
the job, and even columns refer to the return trip to the study venue. Standard errors in parentheses based
on 1,000 individual-level bootstrap runs. p 0:05 p 001, p 0:001L
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Table 6: Impact of Familiarity and Experimental Exposure on Medium-run Job Acceptance

All Invites Second Round Invites

1) 2) 3) (4) (5) (6)

Baseline Familiar (Wage 500 0.39 0.32 0.31 0.47 0.44 0.46
(0.12) (0.13) (0.13) (0.14) (0.17) (0.16)
Training (Wage 500 0.13 0.17 0.14 0.19 0.26 0.21

(0.12) (0.12) (0.12) (0.14) (0.15) (0.15)
Training  Unfamiliar (Wage 500 0.24 0.24 0.25 0.27 0.17 0.26
(0.22) (0.22) (0.22) (0.26) (0.28) (0.27)

Distance (km) (Wage 500 -0.15 -0.16 -0.14 -0.13
(0.02) (0.02) (0.02) (0.03)
Wage (Wage 500 0.53 0.54 0.54 0.57 0.60 0.59
(0.04) (0.04) (0.04) (0.05) (0.05) (0.05)
(Wage > 500 1.7 3.0 1.8
(0.69) (0.61) (0.70)
Baseline Familiar (Wage> 500 0.09 -0.25 -0.06
(0.25) (0.27) (0.26)
Training (Wage> 500 0.09 0.07 0.11

(0.25) (0.27) (0.26)
Training  Unfamiliar (Wage > 500 -0.07 0.02 -0.08
(0.41) (0.44) (0.43)

Distance (km) (Wage> 500 -0.01 -0.03

(0.03) (0.04)
Wage (Wage> 500 0.06 0.07 0.07

(0.07) (0.07) (0.07)
N 3,960 3,939 3,960 1,814 1,795 1,803
Baseline Familiar/Training  Unfamiliar 0.63 0.73 0.81 0.58 0.37 0.57
Survey Day FE Yes Yes Yes Yes Yes Yes
Invite Sequence FE Yes Yes Yes Yes Yes Yes
Randomization Strata FE Yes Yes Yes Yes Yes Yes
Home Neighborhood FE Yes Yes
Neighborhood FE Yes Yes

Notes: This table reports binary logit estimates using a version of equation (1) for the show-up outcome
for the travel survey invitations 2-4 months after the intervention. The outcome is an indicator for whether
the participant showed up. We include survey date, invite sequence, and randomization strata xed e ects.
We interact all coe cients with an indicator for wage larger than 500 KSH due to persistently high show-up
rates above that level (see Figure A.7). Columns 4 - 6 report results from the second round of invitations
where all wages were below 500 KSHp 005 p 001, p 0:001L
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Table 7: Travel Patterns One Month After the Experiment

Endline Survey (prompted)

SMS (unprompted)

In the last two weeks Yesterday
Any Trip  Search Work Work School  Shopping Fun/Leisure Healthcare Other Errands Other Visited  Num Visits
@ @ (©) 4) ®) (6) ) (8 9 (10) (11)
Baseline Familiar 0.149 0.062 0.027 0.002 0.004 0.023 0.004 0.024 0.015 0.008 0.048
(0.014) (0.009) (0.008) (0.002) (0.004) (0.005) (0.003) (0.006) (0.004)  (0.003) (0.013)
Training 0.088 0.039 0.026 0.003 0.001 0.014 0.005 0.008 0.001 0.020 0.109
(0.019) (0.015) (0.012)  (0.003) (0.005) (0.008) (0.004) (0.007) (0.005)  (0.005) (0.026)
Training  Unfamiliar 0.022 0.004 0.022 0.004 0.0004 0.002 0.007 0.003 0.003 0.010 0.069
(0.028) (0.021) (0.015)  (0.003) (0.006) (0.011) (0.004) (0.010) (0.006)  (0.006) (0.031)
N 6,927 6,927 6,927 6,927 6,927 6,927 6,927 6,927 6,927 5,163 5,163
Mean 0.267 0.113 0.069 0.003 0.015 0.039 0.006 0.035 0.016 0.027 0.151
Training + Training  Unfamiliar 0.066 0.043 0.004 -0.001 0.002 0.016 -0.002 0.011 0.004 0.009 0.041
(se) (0.014) (0.009) (0.004) (0.001) (0.003) (0.005) (0.001) (0.004) (0.001)  (0.003) (0.006)
[p-value] [0.000] [0.000] [0.341] [0.160] [0.534] [0.002] [0.008] [0.006] [0.004] [0.001] [0.000]
Home Neighborhood FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table reports OLS results based on equation (1). All outcomes are measures of whether the individual reports returning to a neighborhood.
The sample is all respondents and the nine target neighborhood, excluding the unfamiliar spillover target neighborhood. Columns 1-9 are trips measured
using the over-the-phone endline survey while columns 10 and 11 are visits measured by the high-frequency SMS. The results show that people re-visit
the neighborhoods from the study, including initially unfamiliar neighborhoods, for a variety of reasons. Table A.26 presents the results without xed

p 0:001

eects. p 0:05

p 0:01,



Table 8: Determinants of Consideration in Open Elicitation (Day 1)

(1) (2) (3)

Baseline Familiar 1.06*** 0.79**  (0.92***
(0.062) (0.073) (0.077)
Training 1.44%%* ] 38*** ] 309%**
(0.126) (0.149) (0.139)
Training  Unfamiliar 0.39* 0.54* 0.45*
(0.187) (0.228) (0.197)
Distance (km) -0.19%** -0.21%**
(0.011) (0.013)
Job Compensation (100 KSH) 0.08 0.09* 0.08*
(0.041) (0.039) (0.039)
Job Duration (hours) -0.11 -0.13 -0.12
(0.084) (0.085) (0.082)
NBH x home FE Yes
NBH FE Yes
N 10,443 10,443 10,443

Notes: This table reports estimates of the determinants of consideration in a model based on Goeree (2008),
using a binary logit model based on equation (4). The outcome is an indicator of whether the respondent
mentioned a speci ¢ neighborhood in their ranked list. The sample is all neighborhoods within 75 minutes
of the respondent's home neighborhood. The three columns use the speci cations from Table 2. The data
is from the rst day of job elicitation. Tables A.28 and A.29 report analogous results for days 2 and 3.

p 005 p 001, p 0001
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Table 9: Estimates of Memory Costs from Open Elicitation

Utility ( Y) Cost ( ©)

Baseline Familiar 0.86 2.53
[1.67, 4.02]
Training 0.30 2.02
[1.34, 3.12]
Training  Unfamiliar 0.91 1.08
[0.37, 2.13]
Distance -0.25 -0.40
[-0.62, -0.28]
Constant 2.49
[1.19, 5.42]
Cost variance 1.98
[1.40, 2.90]
Subjective 0.50
[0.36, 0.66]
N 54,155
Participants 391
Top K choices 5

Notes: This table reports maximum likelihood estimates of the two-self memory model from section 6. We
X the rst four preference parameters to those estimated in Table 2 column 3, and estimate the remaining

parameters, including the memory cost parameters, using the ranked neighborhood data from the open
preference elicitation on the rst day of employment. We use the rst (up to) 5 ranked neighborhoods,

including the decision to stop ranking. We parametrize = (1 )k 1 and estimate the subjective job

probability . Individual-level bootstrapped 95% con dence intervals in parentheses. Tables A.31 and A.32
report results varying changing the speci cation, the number of ranked choices used in estimation, and the
day when choices are elicited.
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A.1 Model Derivations and Extension with Miscalibrated Priors

We rst derive the baseline familiarity premium estimated from job choice data. This
measures the average utility di erence between familiar and unfamiliar neighborhoods.
Through repeated application of the law of iterated expectations, we obtain:

F = E(i;n)[Yinjn 2 Fi; Din = O] E(i;n)[Yinjn 2 Ui; Din = 0]

Ei[Enlunjn 2 K]l  Ei[Ep[uinjiin 2 U] ¢

Fi[En[uinjn 2 Fi]{z Ep [Uinji;n 2 Ui];"' F{&CI}]
Sorting Fixed Costs

That is, the baseline familiarity premium identi es the di erence in expected utilities
between familiar and unfamiliar neighborhoods plus the xed costs of visiting the unfamiliar
neighborhoods.

Our second result is the causal e ect of exposure is the average xed cost:

U = EglYinjn2U;Din =1] Egn)[Yin jn2 Ui;Diy =0]
EinYn jn2 F;Din =1]  E@n)[Yin JNn 2 Fi;Din =0]

En)[Eg, [Un JN2 U]l En)[Eplun jn2 U] ¢

Ei[En[Eq, [Un Jn2 U]l Ep[uin jn2 U]+ Ei[c]

Eilc];

where the last line follows because the assumed accuracy of priors over neighborhoods implies
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Adding Miscalibrated Beliefs. We now allow for potentially incorrect beliefs about both
quality and the xed costs. Denotep;, the perceived distribution of neighborhood quality
and g, be the resulting posterior. (We allow a single exposure to provide some information
about the true neighborhood qualityu;, but not necessarily reveal it fully, sog, need not
be a point mass atuj,.) We also allow participants to have miscalibrated beliefs about the
xed costs, and denoteg; the perceived xed costs.

To obtain the new baseline familiarity premium coe cient we rst substitute in p; and
& into our previous result and then add and subtracEy, [ui, j n 2 U;] to obtain

o= Ei[Fn[uinjn 2 Fi] {ZEpi [Uinji;n 2 Uiﬂ'{'
Correct Sorting

Folunjiin 2 Ul Ep, [uniiin 2 Ull+  Fyls)

Incorrect beliefs Fixed Costs

Now, mis-perceived priors about the neighborhood quality also a ect the familiarity pre-
mium. For example, even if familiar and unfamiliar neighborhoods do not di er on average
(the correct sorting term is zero), individuals may believe this to be the case, which may
explain why they are unwilling to work in baseline unfamiliar neighborhoods.

For our second result on the exposure e ect, we can substitute &, and & to obtain

Vo= Ei[En[Fqn [Uin jN 2 Ui]]{z Ep, [Un JN 2 Uiﬂ] + F{EG}J ;

Belief updating Fixed costs

where the rst term is no longer zero because we no longer assume priors about neighborhood
quality are well calibarted.

Finally, in the anticipation elicitation described in section 5.2, the agent does not update
their beliefs since no information about neighborhood quality has been revealed, and only
expects to pay the xed costs. Thus

A= Eils]

Note that in this formulation of the model, the true xed costsc, never a ect choices because
before visiting the agent cares about the anticipated xed costs and after visiting the xed
costs are sunk, regardless of whether the agent correctly perceived them or not.
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A.2 Attrition Robustness: Revealed Preference Results

Participation in the study was very high but slightly imbalanced by treatment group. In
the preferences elicitation group, in the control group one out of the 202 participants did
not show up for any of the employment days, and the daily level no-show rate was3%
(598 out of 606 person-days). In the treatment group, four out of 198 did not show up for
any of the employment days, and the daily level no-show rate was9% (571 our of 594
person-days).

Di erential attrition may in principle bias the results from Table 2 if the additional par-
ticipants who do not show up in the treatment group have a strong aversion to the unfamiliar
neighborhood they were trained in. This could make it look like treatment eliminates the
aversion towards unfamiliar neighborhoods.

The very low overall level of attrition and the small degree of imbalance means that this
type of bias cannot explain our results. We show this using three exercises. First, given the
very small imbalance and large exposure e ect we nd, the di erential attriters would have
to have an extremely strong preference against their neighborhoods. Using baseline belief
data we see that individuals in the treatment group who did not show up for employment
days (and hence for whom we do not have job choice data) rate their unfamiliar training
neighborhoods around 0.3-0.4 points lower than non-attriters on measures of safety, on a
scale of 1 to 5. However, the vast majority of attriters (80-87%) rate the neighborhoods as
Neutral, Safe or Very Safe for neighborhood and travel safety, suggesting they do not
have a strong aversion towards these neighborhoods.

Second, in Table A.12 we estimate a linear version of the analysis in Table 2 using bounds
based on Lee (2009). In order to apply this procedure, we restrict to job choices between
a non-target familiar neighborhood and a target unfamiliar neighborhood. In this context,
the treatment indicator captures the sum of the Trained and Trained Unfamiliar co-

e cients, explaining why in column 1 we nd a coe cient of 0.14 (compare with Table
A.11). In column 2, we drop the (randomized) controls for job attributes, and in column 3
we aggregate the data from the choice to the individual level. Column 3 is thus a simple
treatment versus control comparison with the outcome given by the shared of choices where
the participant chose the unfamiliar neighborhood. In the last column, we implement the
Lee (2009) bounds, and nd they are very tight, precisely estimated, and far from zero.

Third, in the spirit of Broderick, Giordano, and Meager (2023), we study the sensitivity
to dropping multiple in uential participant by day combinations until the control and
treatment groups are balanced. We de ne the in uence of a participant day combination
as the e ect on a coe cient or statistic of interest after dropping the observations for that
participant and day. Table A.13 shows that our results are robust to this exercise. The
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bounds for the baseline familiarity and exposure e ect, both in absolute levels and relative
to the total compensation coe cient, are far from zero, across all speci cation Table 2.

Overall, these results show that our main results cannot be explained by the small degree
of di erential attrition.

A.3 Appendix Figures

Figure A.1: Division of Nairobi Into Neighborhoods

Notes: This gure shows the partition of the main neighborhoods in Nairobi. The orange polygons represent
the home neighborhoods Kibera, Kawangware, and Viwandani where participants were recruited. The
location of the study venues are highlighted in red. The remaining 58 neighborhoods are represented by light
blue polygons.
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Figure A.2: Familiarity Elicitation Neighborhoods

Notes: This gure replicates Figure A.1 for each home neighborhood and highlights the set of main neigh-
borhoods for which we elicited familiarity. We elicited familiarity in 33 neighborhoods of Kibera, 30 in
Kawangware, and 31 in Viwandani. For each home neighborhood, these neighborhoods were reachable in at
most 75 minutes from the study venue. A small number of neighborhoods were dropped (see Appendix A.5
for a complete discussion of neighborhood selection).
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Figure A.3: Backpacks Used in Employment Task

Notes: This gure shows a picture of an air pollution backpack used by study participants during training
and employment days. The backpack contains an air pollution sensor (which has no display so does not
reveal the air pollution level) and a smartphone with an app used to check-in and check-out from the job.
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Figure A.4: Timeline of Study

Notes: This gure shows the timing outline of the study. In the rst two days, participants provided infor-
mation about their neighborhood familiarity, demographics, beliefs about target neighborhoods, employment
and job search status, and spatial ability. Over the next three days, participants were asked to collect air
pollution data in either familiar or unfamiliar neighborhoods and received training on how to do so. Upon
returning, they were asked about belief updating and familiarity with the neighborhood visited. Partici-
pants assigned to the preferences elicitation group were asked about their job preferences one day at a
time for the upcoming employment days. On the last three days, participants worked in their top-preferred
neighborhood, as elicited through either an open or preferences binary choices Section 4 discusses the
preferences surveys in more detail. They concluded the employment days with a survey about trip dura-
tion, directions, and familiarity checks. After a month, participants were contacted by phone and SMS for
an endline survey.
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Figure A.5: Example of 10 Target Neighborhoods for One Participant

Notes: This map plots the ten target neighborhoods for one participant from the home neighborhood of
Viwandani. Non-target neighborhoods are shaded in purple if they had ever visited at baseline or white
if they had not. The four target categories are shared in di erent colors: blue for the three main famil-

iar neighborhoods, green for the three other familiar neighborhoods, yellow for the three main unfamiliar
neighborhoods, and red for the single other unfamiliar neighborhood. The walk or transit route to each

neighborhood is also plotted.
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Figure A.6: Distribution of Neighborhood Fixed E ects

Notes: Estimated neighborhood xed e ects from column (3) of Table 2, alongside their bootstrapped
standard error on the vertical axis. The xed e ects capture the average attractiveness of each neighborhood
in the job choices.
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Figure A.7: Show-up for Job Invitation 2-4 Months After Intervention: High Wage Plateau

Notes: This gure plots average show-up for the travel survey task by (random) wage o er. These job o ers
were made by phone 2-4 months after the intervention. Participants were invited for a short (5-minute)
survey on long it takes to travel in Nairobi.
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