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Abstract

One rationale for place-based policy is that local development produces positive productivity spillovers.
We examine the employment spillovers from a large local development project: opening a casino. Com-
paring employment in neighborhoods that won a casino license to runner-up neighborhoods that narrowly
lost, we find that casinos create jobs in their immediate vicinity. However, we estimate net job losses
overall when considering the broader neighborhood. Employment gains concentrate in the leisure and
hospitality industry, suggesting spillovers are industry-specific or are driven by demand-side forces like
trip-chaining. We develop theory to show that our estimates imply a rapid spatial decay of productivity
spillovers.
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1 Introduction

Governments implement local development policies to increase local employment, raise tax revenue, and
‘revitalize’ struggling areas on equity grounds. Economic development policy accounts for a large share of
government spending: state and local governments spend on average 40 percent of corporate tax revenue
on incentives for firms to operate within their jurisdictions (Slattery and Zidar, 2020). These policies often
take the form of marquee projects like the construction of sports arenas, casinos, presidential libraries, or
commercial districts. Such place-based policies are thought to have positive productivity spillovers, yielding
benefits that exceed costs (Kline and Moretti, 2014; Neumark and Simpson, 2015). This paper asks: how
spatially dispersed are the benefits of local development projects? We answer this question by examining the

employment spillovers created by a large local development project: opening a casino.

This question is of both practical and theoretical interest. To plan for local growth, policymakers ought to
know whether local development projects indeed affect the neighborhoods in which they occur. Economists
theorize that the mechanism through which development projects expand employment beyond their premises
is through agglomeration spillovers. A long tradition in urban economics posits that such agglomeration
forces operate at local levels, with productivity at one location spilling over onto nearby producers (Fujita
and Ogawa, 1982; Lucas, 2001; Ahlfeldt et al., 2015). Recent empirical work has sought to measure the
spatial extent of these externalities using matching estimators. This paper contributes to that literature by
leveraging a natural experiment and high-resolution spatial data, focusing on a particular industry that has

recently attracted attention for its potential to revitalize communities.

We employ a difference-in-differences design using granular labor market data to measure the spatial spillovers
created by casino entry. Using ‘runner-ups’ defined via the bidding process for casino licensure as counter-
factual locations, we estimate an average treatment effect on the treated that attenuates sharply in space,
eventually turning negative before rebounding to zero. We find that casinos create jobs at the casino site rel-
ative to counterfactual land use and that employment growth extends beyond their premises. However, while
employment increases occur in blocks close to the casino, casino entry decreases employment at slightly
more distant locations. In short, local development is hyper-local. A casino opening increases total employ-

ment in the casino’s block by more than a factor of 3, relative to control blocks. Within a five-minute drive



from the casino, employment at the block level increases by as much as 160% with the effect decreasing over
space. In blocks within a 5 to 7 minute drive from casinos in our sample, employment decreases, before

leveling out to zero change beyond an 8 minute drive.

In sum, casino entry reshuffles economic activity towards the casino. On average, we estimate that for every
job created at the casino, 1.4 jobs are created nearby, yet when we expand to the broader neighborhood we find
net job losses. In total, there is a net decrease in employment within a 10-minute drive which is statistically
indistinguishable from zero. Thus, the positive agglomeration effects associated with opening a casino are
outweighed by the ‘agglomeration shadow’ it casts. When the goal is to increase employment in the broader

area, opening a casino is an ineffective local development strategy.

Casinos make a good case study of how urban development projects impact local labor markets. First, they
are large: casino projects cost hundreds of millions of dollars and employ hundreds, if not thousands, of
people. Second, casinos are highly regulated, allowing us to track the licensure process, which in some
cases provides the locations of alternative sites strongly considered in the site-selection process. Finally,
as deregulation continues, casinos have become a common development strategy. For example, Virginia
recently legalized casino gambling, and major cities such as New York and Chicago have won approval for
additional licenses and which have begun to open. Our work speaks to the current policy debates on the costs

and benefits of large urban casinos.

Casino location is not random, and casinos may select to operate in economically improving areas. We
address the identification problem caused by endogenous site selection using ‘runner-up’ sites that competed
for the license but narrowly did not place a winning bid to open. The number of casino licenses in a given
city is typically capped at zero, one, or two casinos. When states expand the quota, the additional casino
is often awarded via a public bidding process. These are high-stakes bids; for example, bids ranged from
$1.3-2 billion for Chicago’s recently awarded license. We use the location of the runner-up bidder to define
a counterfactual site and neighborhood, mirroring the use of ‘almost-winners’ in the site selection process
for manufacturing establishments in Greenstone et al. (2010), or census tracts that applied for but did not
receive a federal Empowerment Zone designation in Busso et al. (2013). This allows us to compare labor
market outcomes in census blocks near the actual and counterfactual sites before and after casino opening,

and difference out trends common to both locations, which would otherwise confound the identification of



treatment effects.

Comparable work estimates agglomeration effects either at the county level using quasi-experimental vari-
ation, or at spatially granular levels with selection-on-observables designs. For example, Greenstone et al.
(2010) find that the entry of ‘Million Dollar Plants’ — large manufacturing establishments — has productiv-
ity spillovers that raise the productivity of establishments in the same county by 12%, while Adams (2016)
studies the employment gains associated with plant openings in car manufacturing, and finds evidence of
local input-output spillovers. With census tract data and a propensity-score matching design, Qian and Tan
(2021) show that the effect of high-skilled firm entry on labor market outcomes and welfare attenuate in
space, affecting residents within a twenty-minute drivetime to the treated site; however, their design lacks
a natural experiment that our setting provides and uses coarser spatial measures. Focusing on high-skill
service sector establishments, Baum-Snow et al. (2024) use rich panel data on firm location and revenue
alongside location fixed effects to estimate productivity spillovers that decay within 75 meters. We combine
quasi-experimental variation and spatially disaggregated data to address how quickly agglomeration forces
deteriorate over space following a large ‘place-based’ policy shock. While our design allows us to estimate

employment effects within the city, we cannot speak to citywide changes.

Productivity spillovers are driven by the diffusion of tacit production knowledge (Arzaghi and Henderson,
2008; Balsmeier et al., 2023), or other agglomeration economies associated with co-location, such as pe-
cuniary externalities from the spatial concentration of service sector establishments and chained shopping
trips (Shoag and Veuger, 2018; Koster et al., 2019; Miyauchi et al., 2025; Leonardi and Moretti, 2023;
Oh and Seo, 2023; Vitali, 2024). The positive employment spillovers we measure are concentrated within
the leisure and hospitality sector, consistent with within-industry technological spillovers or trip-chaining.
Casinos offer experience goods that may transform neighborhoods into destinations, similar to stadiums or
cultural venues. In such cases, the main thing that spills over is demand from consumers. The spatial reach
of spillovers depends on the initial impulse of demand, mobility — how easily consumers can move around,
by car, public transportation, or foot — and supply constraints. Past research has quantified agglomeration
forces using structural models that measure the magnitude and spatial reach of spillovers using variation
from historical shocks (Ahlfeldt et al., 2015; Dericks and Koster, 2021; Hornbeck et al., 2024). Using a

simple model of an urban labor market with productivity spillovers, we show that our estimates map onto



a parameter used in these structural models that governs the rate at which agglomeration spillovers decay.
Our quasi-experimental estimates are of comparable magnitude, consistent with prior evidence that points
to highly localized agglomeration economies in urban environments (Ahlfeldt et al., 2015; Rosenthal and

Strange, 2020).

Casinos reflect a specific industry that has garnered considerable interest for its potential to reinvigorate
communities. The gambling and tourism literature has generally associated the presence of casinos with
successful development policies. This literature on casinos focuses on county-level variation (Rephann et
al., 1997; Evans and Topoleski, 2002; Wolfe et al., 2012; Humphreys and Marchand, 2013), and tends to use
a differences-in-differences framework focusing on casinos that are often in rural areas with low economic
activity (such as those operated on tribal lands). In a city-specific case study, Scavette (2023) uses synthetic
controls to find that Atlantic City’s Eastern seaboard monopoly on gambling from 1978-1992 drove substan-
tial city-wide employment. In contrast, we find hyper-local spillovers that are on net zero, and use within-city

variation in cities that are not a specialized gambling destination.

A final consideration is how the specific nature of the casino industry might map to other development
projects. Casinos may generate negative externalities including congestion, crime, traffic fatalities, and prob-
lem gambling (Grinols and Mustard, 2006; Cotti and Walker, 2010; Scavette, 2023). To the extent that these
effects are salient, they could diminish the amenity value of the surrounding neighborhood with theoretically
ambiguous implications for demand externalities and thus labor market spillovers. The impact on spillovers
may depend on who sorts into and out of the neighborhood, as in Almagro and Dominguez-lino (2025).
In our case, we cannot reject a null impact on the size of working-age resident population in the neighbor-
hood surrounding the casino. Urban planners or policymakers using our results should bear in mind these

particularities.

Outline The paper proceeds by describing the institutional context (section 2). We then discuss data (section
3) and the empirical strategy (section 4). We then present and discuss our results (section 5) and conclude

(section 6).



2 Empirical Setting

During the Progressive Era, U.S. states banned nearly all forms of gambling, including state lotteries. In the
aftermath of the Great Depression, states slowly re-introduced parimutuel gambling at race tracks and jai alai
frontons. Most states continued to prohibit casinos, except for Nevada, whose state legislature introduced a
liberal regulatory scheme in 1931. This remained the status quo for 45 years. Then, starting with New Jersey
in 1976, states liberalized casino gambling regulation. By 2021, commercial casino operators oversaw 466

casinos in 25 states, often with large Vegas-style resort casinos.’

State regulations influenced the locations and types of casinos that opened. Avoiding the stigma of Ve-
gas’ organized-crime-connected resort-style casinos, early deregulation legislated nostalgic ‘kitsch’ gam-
bling venues. Along the Mississippi River, Illinois, Iowa, and Mississippi welcomed back riverboat casinos,
while Colorado and South Dakota authorized small casinos in former ‘Old West’ mining towns. States with
strong Tribe-operated casinos limited competition with commercial casinos, as in New York and Oklahoma.
States with race tracks such as Florida, New Mexico, and West Virginia authorized video lottery terminals at
the tracks, creating ‘racinos.” We focus on casinos in states like Illinois, Maryland, and Pennsylvania which

legislated large resort-style casinos on non-Tribal land in ‘new’ locations — not on top of operating race tracks.

Our data selection process begins with the universe of operating U.S. casinos from the American Gaming
Association. We subset this list by manually checking and removing casinos at racetracks (‘racinos’), river-
boats, or on Native land. Then, doing archival newspaper research, we identify casinos with a plausible
counterfactual site due to public bidding for a casino license. States deregulated casinos with varying de-
grees of competition for licenses and transparency in site selection. Some states distributed licenses through
a competitive bidding process. For example, Pennsylvania apportioned four licenses for resort-style casinos;
two for Philadelphia and Pittsburgh and two for the rest of the state, with at least two operators bidding for
each license. On the other hand, some states picked winners or winning locations in non-transparent ways
(Martino and Eadington, 2012). For example, Louisiana’s selection committee picked the exact location of

the New Orleans casino before awarding an operating license.> Two states relied on voters to decide whether

"Per the American Gambling Association https : //www.americangaming.org/state-of-play/. With 515 Tribe-operated
casinos in 29 states, the tribal-operated casino industry has grown over the same period spurred by the Indian Gaming Regulatory
Act of 1988 (see Akee et al. (2015)). These casinos have less flexibility in site selection.

This was an awkward strategy as one developer won the lease for the land while another won the casino operating license.


https://www.americangaming.org/state-of-play/

to license a casino. In Ohio, voters denied licenses to casinos throughout the state several times before -
nally approving four casino locations in 2009. We use one losing “bid' in Cleveland from 2006 as a plausible

counterfactual site.

For our main speci cation, we focus on large urban casinos with a relatively transparent alternative site and
employment data at the census block level several years before and after opening. This leaves us with six
sites: Allentown and Bethlehem, PA; Chicago, IL area (Des Plaines, IL); Washington, DC area (Oxon Hill,
MD); Cleveland, OH; Philadelphia, PA; and Pittsburgh, PA. These sites have at least one alternative site that
was considered by policy makers as a \ nalist". Pittsburgh and Oxon Hill have two alternative Sitesse

casinos are large in that they have gaming oors between 96,000 and 150,000 square feet (comparable to 1
block to 1.5 blocks in Manhattan) and promise between 800 and 3,800 new jobs at chEvéngd several
additional casinos with similar site selection processes, but that are located in more remote areas or have

limited time series data. We list all of these sites in Appendix Tablé A3.

3 Data

Casino opening dataWe construct a dataset of U.S. casino openings between 2000 and 2020 using the
administrative records of state regulators and news accounts. The dataset includes the date the project wins
approval, the date the casino opens, and the locations of the casino and the runner-up sites in the approval
process. There are often several years between the date a casino is approved and when it opens. Collecting
project approval dates allows us to account for anticipatory e ects that may occur between licensure approval
and casino opening. In Appendix Table A3, we discuss the site selection process in various states and the

extent to which we have a credible alternative site.

Employment dataOur labor force data comes from the Longitudinal Employer-Household Dynamics (LEHD),

3Note that each site and its alternatives are located within a commuting zone, which we call \city".

“These numbers are di cult to pin down. Casinos report job counts as part of the site selection process and through press
releases. Several of these casinos opened as part of larger projects which included hotels and restaurants on site, with the MGM
Casino at National Harbor the largest project promising be far the most jobs at 3,800. The next highest is 1,500. For comparison,
these blocks have on average roughly 200 jobs reported in the LODES-LEHD data pre-licensure. Nevertheless, they are in urban
neighborhoods with large labor markets. Within the 10-minute neighborhoods de ned below, LODES-LEHD report on average
60,000 jobs.

SFor example, the Boston area casino opened in Everett, MA in late June 2019. Consequently, there is little post-opening data,
and that which there is overlaps with the Covid-19 pandemic.



a partnered data e ort between the U.S. Census Bureau and U.S. states, which creates local snapshots of eco-
nomic conditions by combining Unemployment Insurance records with the Quarterly Census of Employment
and Wages data. We rely on their public-use product, the LEHD Origin-Destination Employment Statistics
(LODES) which include annual census-block-level pro les of workers and residents. Census blocks partition
the United States using visible features like streets and correspond roughly to city blocks within cities. The
data covers most states for the years 2002 to 2019. This allows us to measure changes in employment at a
granular level. LODES public-use data has limitations, like injected noise and imputation to protect workers'

privacy (Graham et al., 2014). We handle these concerns in Section 4.

Business formation dataTo measure business entry and exit, we use Infogroup's (now called Data Axle)
historical business census. This dataset is available from 2000 to 2020 and provides establishment-level
address and industry categorization. We aggregate this dataset to produce establishment counts and measures

of business dynamism at the census block level.

4 Empirical Strategy

Our approach relies on competition for licenses and the site-selection process of casino industry experts.
Changes in neighborhoods may be incidental to a casino opening, and we do not know what would have
happened in a neighborhood if the casino had not opened. We can temper these concerns by comparing
changes in casino entry neighborhoods with “control' neighborhoods. The empirical challenge is picking
credible control neighborhoods. The ideal quasi-experiment uses a control location that is not treated but
could have been selected if not for some arbitrary and capricious facts that are orthogonal to neighborhood
change. We argue that using ‘runner-ups' { sites that narrowly lost a bid to open and their surrounding

neighborhoods { satis es this criterion.

An anecdote illustrates the empirical strategy. After a protracted legal battle with a struggling riverboat
operator in the early 2000s, the lllinois Gaming Board opened bidding for the tenth casino license. Several
large casino operators undertook a costly site-selection process, which included nding a local government
host, paying a design rm to develop the concept, and building support among local constituents. Among

several competing sites, proposals to open casinos in Des Plaines, Rosemont, and Waukegan became nalists.



Adjusted di erences
Rest of CBSA Control Treated Treatvscontrol p-val Samplevs CBSA p-val

Household characteristics

Share white 0.68 0.60 0.60 0.02 (0:87) -0.17 (0:01)
Share black 0.23 0.28 0.28 -0.01 (0:89) 0.12 (0:06)
Share college degree 0.33 0.26 0.24 0.02 (0:55) -0.06 (0:01)
Share unemployed 0.07 0.09 0.10 -0.01 (0:59) 0.03 (0:02)
Share below poverty line 0.12 0.19 0.22 -0.03 (0:64) 0.09 (0:02)
Share above nat'| median hh inc. 0.56 0.43 0.40 0.02 (0:76) -0.12 (0:01)
Median household inc. (USD) 50,553 38,814 35,261 2,795 (0:66) -9,852 (0:01)
Housing market characteristics

Median home value (1000s USD) 146.99 104.95 98.05 2.01 (0:91) -26.92 (0:01)
Median gross rent 693.93 614.03 580.79 22.48 (0:61) -38.62 (0:14)
Share housing that is occupied 0.93 0.91 0.89 0.01 (0:65) -0.03 (0:02)
Share of units rented 0.34 0.45 0.45 -0.00 (0:99) 0.13 (0:01)
Share of units built before 1980 0.79 0.86 0.90 -0.03 (0:47) 0.07 (0:01)
Median housing construction year 1971 1972 1972 -0 (0:47) 0.36 (0:01)
Share housing from last 10 years 0.11 0.07 0.05 0.02 (0:45) -0.04 (0:01)

Table 1: Neighborhood balance test for tract-level characteristics in the 2000 ACS. "Adjusted di erences'
controls for CBSA-level xed e ects. To compute p-values, we cluster standard errors at the neighborhood
level.

The Des Plaines proposal won the deal with a 3 to 1 vote of the lllinois Gaming Board.

We use the runner-up site(s) and surrounding neighborhood(s) as the control in a di erence-in-di erences
design that compares outcomes in treated and control sites before and after the opening of a casino. Our
design measures an average treatment on the treated e ect, which in our context is the e ect of casino entry
at afocal site relative to the next bestland use. For example, the runner-up site in Cleveland went on to become
the Greater Cleveland AquariutrwWe identify changes in outcomes at the casino site that are “net' what is
created at the aquarium. In nearby blocks, the spillover estimates recover di erences in the local responses
to the change in economic activity at the focal site. Our main outcome of interest is job counts, which we
interpret as a proxy for overall economic activity. Thus, we attribute positive spillovers to increased economic
activity at the casino site. Our estimator relies on a parallel trends assumption: i.e., that employment growth
at the casino site and spillover locations would follow a similar trajectory to the runner-up site and comparable

locations if not for the casino entry.

While the site selection is not "as good as random,' the process provides highly vetted sites within the same

labor market. Table 1 highlights this. We take tracts for CBSAs in our sample and assign them to treatment,

8In Appendix Table D, we list the land use at alternative sites.



control, or other. From the 2000 American Community Survey (which occurs before any openings in our
sample), we compute unweighted means of tract-level characteristics. Tracts in treated and control samples
are similar on observables, but compared to the rest of the CBSA, tracts in treated and control units have fewer
people with an associate's degree or higher, higher unemployment rates, more households below the poverty
line, fewer households above the national median household income, and a much lower median household
income. Neighborhoods in treated and control samples have lower median home values and rents, higher
vacancy rates, more renter-occupied units, and an older housing stock. Thus, our empirical design selects
comparable neighborhoods that di er from the average tract in a CBSA. This is evidence of endogenous site
selection. Casino operators select poorer neighborhoods with a less educated workforce and cheaper land.
This is intuitive: casinos are a low-skill and land-intensive technology. Note, balance-in-covariates is not

required for the empirical strategy, which relies on a parallel trends assumption.

De nition of distance We use drivetime as the main distance concept between blocks and the casino. First,
the cities in our sample feature barriers such as rivers and highways that restrict tra ¢ ow across blocks and
partition neighborhoods, particularly in the areas around our casinos. Thus, using as-the-crow- ies distance
is not tenable when trying to capture the hyper-local spillovers. This observation motivates considering a
distance concept that considers local travel conditions. We prefer drivetime as it provides a comparable notion
of distance across cities which vary considerably in their average speed of tra c. In Appendix Figure Al, we
plot average speeds on routes for each city in our sample. Trips are almost twice as fast in Desplaines, IL, and
Oxon Hill, MD ( 50km/hr) as they are in Philadelphi@ 30km/hr). The results in Appendix Figure Al5,

suggest that using drive-distance or as-the-crow- ies distance yields qualitatively similar results to drivetime.

Neighborhood de nition We de ne "neighborhood' as the census blocks within a 10-minute drive to the
site. We compute the distance between blocks based on drivetime (and alternatively, drive-distance) between
the block centroid and the geo-coordinates of the focal site using Google M¥yes use this drivetime
horizon to limit spatial overlap between treated and control sites and maintain comparable sample sizes
across neighborhoods. Figure 1 illustrates blocks around each site in Philadelphia from which we draw the

sample.

"To avoid misassigning spillover e ects to mismeasured casino locations, we manually veri ed the census block to which each
casino belongs. In only one location does a casino complex span multiple blocks (Bethlehem, PA), and in that case, we collapse
blocks to a single observation which we code as containing the casino.



Figure 1: Winner and runner-up sites in Philadelphia, shaded by drive time to the casino. Casino sites are
marked with a star. When there is overlap of the spillover blocks, we assign such blocks to the nearest site
and show them in grey for the other site.

We choose 10-minute neighborhoods to limit the overlap of census blocks across neighborhoods as alternative
sites are often close to the casino. Overlap is an issue in Pittsburgh, Cleveland, and Oxon Hill (Washing-
ton, DC), primarily for blocks farther than an 8-minute drive from the casino. Beyond 10 minutes, there is
limited support in treated and control blocks across casino sites. We assign overlap blocks to the nearest
site. Appendix Figures A16 and A17 provides maps similar to Figure 1 for each of the sites which show the

10-minute neighborhoods as well as overlap.

Estimating spatial spillovers We estimate the average percent di erence in counts of jobs at blocks in the
casino neighborhood versus those in alternative sites, in the years after casino opening relative to the years
before the licenses are awarded. We disaggregate e ects over space using rings', de ning spillover regions
by drivetime in 1-minute bins, starting at a two-minute drivetime to the casino. For albingleart of city

(more precisely, commuting zong(b), we estimate,

X X
IogE ypt = ring opened treated + ring opened+ p+ by (1)

whereyy; are job counts in block at timet. The index enumerates drivetime rings to the casino, with

ringo representing the census block(s) in which the casino opens,indgating blocks within a 2-minute

10



drive time to the casino, ringndicating blocks that are a 2-3 minute drive to the casino, and so on, so that
every observation belongs in one ring.are xed e ects for the census blodk while (), are xed e ects
for city by time. These xed e ects are saturated for each casino-alternative pair so this is a “stacked' design,

which addresses recent issues in the two-way xed e ects literature (Baker et al., 2022).

The indicator variable treatgaquals one when blodiis in a casino-license winning neighborhood and
zero otherwise. Similarly, opengequals one if the casino is open at tim&he coe cient o measures the
approximate percent change in employment at the casino compared to the alternative sitie(s). 2
measures the spillover e ects at distance We estimate equation (1) using a pseudo-Poisson maximum
likelihood (PPML) estimator. PPML estimation provides consistent parameter estimates for log-linear mod-
els in the presence of heteroscedastic standard errors and allows us to handle block-years wittygeros in
without dropping rows (Silva and Tenreyro, 2006; Wooldridge, 2010; Correia et al., 2020). We allow for
serial correlation in units across time, and arbitrary spatial correlation within a year by two-way clustering

our standard errors at the census block and neighborhood-year level.

Nonparametric estimator We additionally employ a nonparametric estimator of the spillover e ects. Our

goal is to estimate,

()=(E[In(Yn) ] ; ; treateg =1;0pened=1] E[In(yn) | ; ; treateg = 1;opened= 0]) )
(ElIn(ypt) j ; ; treateg = 0;opened=1] E[In(yw) ] ; ; treated = 0;opened=10]) : @
We do so using a two-step method: rst, using a hyperbolic arcsin (asinh) transformation of employment
counts, which provides an approximately log transformation of the data that is de ned at zero, we partial
out all xed e ects of Equation (1), creating the residualized variabhi€y,;). Then, we model these
conditional expectations exibly using a local linear regressioméfy;) on drivetime separately for treated

and control observations prior to and after casino opening. This allows us to construct separate nonparametric

N
estimates of each of the conditional expectation terms in Equation@&then construct( ) using plug-in

8Coded blocks may change as the underlying census shape les evolve over time, and the LODES' aggregation to spatially
consistent blocks introduces measurement error. We observe large spikes in job counts in casino blocks around opening, suggesting
that this is not an issue for the casino sites themselves. We run several additional speci cations with alternative spatial concepts to
test the robustness of our results to this modeling decision, which are discussed in Appendix C.

We select the bandwidth by using a rule-of-thumb (RoT) bandwidth estimator by taking the average RoT estimate across treated,
control, pre- and post-opening estimations and then holding it xed across estimates. We use an Epanechnikov kernel.
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estimates for the estimated conditional expectatiSnale construct standard errors by bootstrapping blocks

strati ed by neighborhood and ne distance bins. As our sample includes treatment-induced zeros, we do
not view our nonparametric estimator as a reliable estimate of the treatment e ect of casino opening on
employment across space, since we use a transformation of the dependent variable that is scale dependent
(Chen and Roth, 2024}. For this reason, we instead view our nonparametric estimates as useful in revealing
that the pattern we estimate across drivetime distance using our semi-parametric Poisson estimator is not

driven by a choice of bin and is robust across the support of drivetime.

Sample restrictionsThe license is awarded 3 to 4 years before casinos open. To avoid anticipation e ects
that occur after the license is awarded, we drop the years between license award and casindopeéaing.
use data 4 years before license announcements, the year of opening, and 3 full years after opening to maintain

a balanced panel. This is because, in our sample, the DC area casino (Oxon Hill, MD) opens relatively late.

An additional concern is that the public-use LODES data has injected noise for di erential privacy concerns.
Moreover, this noise is nonclassical, as employment counts are censored at zero. Following McKinney et al.
(2021), who investigate the tness-for-use of the LODES' geocoded data products, we restrict our observa-
tions to only those with an employment count of0 employees on average in the four years before casino
approval. This drops census blocks from the data for which employment counts may be unreliable for sta-
tistical analysis. However, we do not drop units that fall below this threshold after the casino opens so as to

retain treatment-induced zeros.

1%0ne interpretation of our design is that the propensity score of treatment is the same across treated and control sites, so that we
do not need to adjust for the propensity score as in Abadie (2005).

in particular, using the asinh transformation means tifa) approximates the average treatment on the treated (ATT),
~) E[nyy Inyyj ;treated = 1]

where superscripts denote potential outcomes, but the approximation is biased when including treatment-induced zeros, because
asinh, like dn(y + 1) transformation, does not provide a scale-invariant transformation of the data. Our Poisson estimator recovers
the semielasticity,
=In E[yn j ; treated =1] InE[yy j ; treated = 1];
but can only semiparametrically estimate ATT heterogeneity by distance.
12l casinos but the one in Cleveland had approval in late December (Cleveland's casino was approved in early November). For
this reason, we treat the rst year following legislative approval as being contaminated by anticipation e ects.

12



Figure 2: Estimates of and their standard errors from estimating Equation (1). Also pictured: the den-
sity of observations (census blocks), as a grey histogram, and an alternative nonparametric estimator t on
asinh(ypt), with 95% con dence intervals constructed using 600 bootstrap samples. Point estimates are in
Appendix Table Al.

5 Results

Casino entry increases employment at the casino site and nearby. However, on net, job growth is on aver-
age zero within an 10-minute drive as employment decreases at more distant locations relative to control
neighborhoods before leveling out. Positive employment e ects are more pronounced in the “Leisure and
Hospitality' industry. We interpret this as evidence that casino entry creates an agglomeration of entertain-
ment jobs in a hyper-local neighborhood around the casino by changing the spatial allocation of employment

without a ecting aggregate labor demand.

Employment spillovers Figure 2 shows estimates of treatment e ects,in Equation (1), as well as non-
parametric estimates of approximate percent changes in employment over space. Casinos create an over
200% increase in employment at the treated site, attenuating in space, eventually turning negative before re-
bounding to zero. Within a 2-minute drive, employment increases by over 13®%r. blocks within a 2-3

and a 4-5 minute drive to the casino, employment increases by about 50%. E ects deteriorate and become

1Be.g. we estimate, = 0:96, andexp(0:96) 1 1.6
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modestly negative in the 5-9 minute range (about a 20% decline in employment) though within any of these

further distance band the e ects are indistinguishable from zero.

Robustness of the main result#\ppendix C fully investigates robustness of our main estimator. First, we
employ a variety of alternative estimators for Equation (1): we consider retaining observations with low-
employment counts<(10 employees) at baseline, using tract, instead of block, xed e ects, reweighting
observations inversely proportional to the count of blocks within a neighborhood-by-distance bin, and using
an OLS estimator with a logged lefthandside variable (which drops treatment-induced zeros). All of these
estimators show large treatment e ects at the casino site that decay in space, dipping below zero before

returning to zero, as shown in Appendix Figure A8, and using OLS or tract xed e ects sharpens our results.

Then, to rule out that a single casino and alternative site pair drive our main results, we estimate Equation
(1), city-by-city, as well as dropping cities one at a time. The left panel of Appendix Figure A9 shows
our results estimated casino-by-casino. All casino sites but Pittsburgh, PA (where one control site became
a hockey stadium) show strong treatment e ects at the casino site. For each casino site but Des Plaines,
IL, there is evidence of positive spillover in some distance bin. Since the individual casino neighborhoods
determine what distance bins are suitable for job growth the pattern of spatial decay is lumpier. Employment
growth requires incumbent rms that have the capacity to increase revenue productivity or space for new
rms to enter. Des Plaines is sandwiched between O'Hare Airport to the west and a forest preserve to the
east, limiting the potential for spillovers, while similarly land use is locked-in within a 2-minute drive to the
casino in Oxon Hill, MD, as the casino is surrounded by parks and a highway. Additionally, we estimate
Equation 1, dropping cities one at a time. Appendix Figure A9 shows the results of this “leave-one-out'
analysis: only when dropping the casino and runner-up site in Cleveland, OH deés = 2 attenuate to

zero; otherwise, “leave-one-out' estimates are close to the pooled estimate.

An additional robustness check we perform is to estimate Equation (1) in levels, and display the results in
Appendix Figure A10. Treatment e ects at the casino site are large in levels (exceeding 1,100 jobs) and
are positive for nearby locations, according with our results estimated with the psuedo-Poisson maximum

likelihood estimator.

Our main result focuses on a relatively short time horizon of four years after casino opening. This is because
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the casino at Oxon Hill, MD, opens relatively late in the sample. In the dense urban areas where these
casinos are located, it may take longer for land use to adjust and capitalize on the resulting spillovers. It is
plausible that over a longer time horizon, we would see di erent results. Dropping the casino at Oxon Hill,
MD, allows us to extend the post-opening sample and obtain estimates of treatment e ects at a longer time
horizon of seven years post opening. In Appendix Figure A11, we do so. The main empirical pattern holds
and coe cients are of similar magnitude, albeit the negative point estimates become slightly more positive,

as those estimated on only three years of post-opening data that include this DC-area casino site.

Last, we assess the robustness of our choice of distance bands. We approach this in two ways. First, we
parameterize the relationship between distance to the casino and changes in employment by interacting
treateg post with polynomials in drivetime. These results, shown in Appendix Figure A13, accord with

our main ndings: that positive employment spillovers exist within a 5-minute drive to the casino, become
slightly negative, and are ultimately zero beyond an 8 minute drive to the casino. Second, we use nonpara-
metric estimation techniques. In addition to that presented in Figure 2, Appendix C.6 reports an alternative
estimation strategy inspired by the “ring' approach of Butts (2023), applied to the spillover sites while ex-
cluding the casino site itself. This method combines the optimal binning procedure of Cattaneo et al. (2024)
with a triple-di erence design that in addition to using variation across sites and across time compares inner-
distance bins to the farthest distance band in each neighborhood. As shown in Appendix Figure Al4, the
results exhibit the same spatial pattern: large positive e ects close to the casino, which decay with distance,
brie y turn negative, and then atten out toward zero. Using the Butts (2023) estimator, we run a placebo test
using only pre-casino-opening data, and nd mostly null results on employment changes and a at employ-
ment gradient across space. Additionally, Appendix Figure A15 presents results using drive distances and
as-the-crow- ies distances. The results mirror the spatial pattern of the main estimates which use drivetime,

albeit noisier.

Randomization inferenceOur setting has a limited number of clusters, so one might question the validity

of cluster-robust t-statistics. To address these concerns, we report results from randomization inference in
Appendix C.4, following MacKinnon and Webb (2020). Our randomization inference procedure treats the

6 casino licenses competitions as experiments. Under the strong assumption that licenses were assigned

randomly, we test the sharp null that potential outcomes are una ected by treatment by permuting treatment
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Figure 3: Estimates of over time relative to the two periods before casino announcement, wlredexes
drivetime rings. Dashed lines re ect the widest anticipation period between licensure and opening in the
data. All six cities are only present in periods -7 through 3.

indicators within experiments. We compute p-values on estimated treatment e ects by assessing how extreme
our main estimates are compared to those estimated under the permuted treatment assignments. Overall, these

tests concord with our main results.

Parallel trends Our identi cation assumption is that parallel trends would hold in treatment and control units
absent treatment. While this is a counterfactual, we can test whether parallel trends hold before casino entry.
Failing to pass this test would lower our con dence that the parallel trends assumption holds. In Figure 3,

we plot estimates of over time for all locations.

We replace the indicator variable opep®dth an indicator for each yearand plot the resulting coe cients
relative to e ect estimates d@tinf 4; 5g, the last two periods in the data uncontaminated by anticipatory
e ects. Time is normalized so that= 0 re ects the year the casino opens. Periods from -3 to -1, denoted

by the dashed grey lines, re ect the lag between casino approval and opening. In almost all panels, treatment
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Figure 4: Estimates of from Equation (1), split for NAICS-7 jobs and all other jobs.

e ects are noisily estimated zeros before the announcement of the casino. Anticipatory e ects are visible at
the casino site itself, where employment falls, and then rapidly rises before opening. Following its opening,

employment grows at and around the casino site, but not at greater distances.

Results by industry codeThe observed negative e ects could re ect the spatial distribution of employment
shifting towards the casino: this is an “agglomeration shadow' where it is pro table for establishments that
provide intermediate or complementary goods to the casino to relocate closer to minimize transportation
costs (see, e.g., Chapter 9 of Fujita, Krugman, and Venables, 2001). Other potential mechanisms behind
the employment decrease include the casino bidding up land prices or increased output market competition
thinning markups and shrinking rms. Absent land or goods price data, we cannot disentangle the sources

of this "shadow.'

Figure 4 shows the positive spillover e ects are present across industries, but are largest in the "Leisure and
Hospitality' industry** The e ects in “Leisure and Hospitality' are the same order of magnitude or larger
than the e ects estimated for all other industries in the rst four rings closest to the casino. Appendix Figure

A2 repeats our industry-level analysis with a nonparametric estimatof ¢f(Equation 2), con rming the

That is, NAICS two-digit codes 71 (Arts, Entertainment, and Recreation) and 72 (Accommodation and Food Services).
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results of the semiparametric Poisson estimator. These nonparametric estimates suggest that at a 5-minute
drivetime or greater, employment declines are most pronounced in all other industries, rather than in “Leisure
and Hospitality." This is consistent with casinos crowding out employment in other industries and increasing
employment in the same sector as the casino. Overall, casino entry shifts the spatial pattern of employment

within the neighborhood and changes its aggregate industrial composition.

Results by wage binLODES-LEHD reports job counts in wage bins: annual wages b&bsy000 (Very
low wage), betweef15,000 andb40,000 (low wage) and ové40,000. Appendix Figure A3 shows results
for each wage bin mirror the main e ects. This suggests that casinos create jobs both at and beyond their

premises across the wage distribution, and not just in low-wage service sector jobs.

E ects on residencyA plausible alternative explanation for di erential changes in job counts is di erential
changes in the number of residents in the neighborhood. For example, if casinos' development projects are
coupled with new residential construction, neighborhoods could become denser, increasing local demand for
goods and services. In Appendix Figure A4, we estimate Equation (1) to trace out changes in the number of
workers who reside near and around the focal sites. While we observe positive e ects on worker population
growth within a 2 minute drivetime, con dence intervals at all other band include O and e ect sizes are
small. We interpret this as evidence that the increase in employment activity is not driven by sorting into
the neighborhood. These results accord with those of Huang et al. (2018), who use a matching estimator to
study casinos in Canada. They nd that while neighborhood amenity values decline (as capitalized in house

prices) in the presence of casinos, there is no signi cant e ect on the overall local populatios size.

E ects on business dynamismEstablishments may expand, relocate, or close in response to the casino
entry. Using our block-level panel of establishment counts from Infogroup, we estimate Equation (1) on the
total number of establishments in a block, as well as the sum of entry and exit which we label "churn.’ Figure

5 reports these results.

There is no impact on the number of establishments at any distance horizon from the casino. However, busi-
ness turnover rates diminish within a 4-minute drivetime to the casino, suggesting that exiting establishments

were replaced by entrants that have on average better year-over-year survival rates. In Appendix Figure A5,

However, they do observe a decline in the number of children living nearby. Our results should be interpreted with caution as
the outcome variable is the number of working-age adults and does not account for children or others outside of the workforce.
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Figure 5: Left: Estimates of from Equation (1), where the dependent variable is either total establishment
counts, or churn (entry exit counts). Right: Nonparametric t of( ) for churn.

we present estimates on entry and exit rates separately. While the decline in churn is driven by both falling
exit and entry rates, it is more strongly driven by a decline in establishment entry in spillover regions. We
take this as suggestive evidence that casino entry prompted the replacement of incumbent establishments

with larger, more stable establishments.

Jobs multiplier Policymakers care about the number of additional jobs created beyond those directly at-
tributable to the development project itself. A common statistic to measure this e ect is the “jobs multiplier'
(Moretti, 2010), which measures the ratio of excess jobs created for each new job created by the project. We
nd evidence of a positive jobs multiplier exceeding 1 nearby the casino, but a negative jobs multiplier when
expanding the neighborhood de nition to a 10-minute drivetime. In sum, we nd no evidence of net job

creation.
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We proceed by estimating the “jobs multipliers' by running regressions of the form,

total casino jobg = oopened treated+ ¢+ n+ Vet

()

total jobs;, openeqg treated+ ' ct+ ' n+ Uct:

In this estimating equation, the terng measures the average number of jobs created at the casino site relative
to the control site in the “Leisure and Hospitality' industry. Meanwhileneasures the average number of

jobs added after the casino opens in the entire neighborhood around the casino, relative to the alternative
neighborhoodgexcluding’Leisure and Hospitality' jobs at the casino site or alternative 'Sitdhe jobs
multiplieris = (. The formulation highlights a measurement challenge: we need to estimate the number of
jobs at the casino location, but do not have a direct measure of this. We proxy for jobs at the casino as jobs
in the "Leisure and Hospitality' industry. Given our results on industry-level spillovers, this suggests we

will over-estimate the number of jobs at the casiAd:he terms ¢t and , and' ¢t and' |, re ect city-year

and neighborhood xed e ects. We estimate Equations (3) with OLS in a seemingly unrelated regression to
allow for cross-equation correlation in; andvg;. We cluster our standard errors at the neighborhood-time
level. We focus on neighborhoods within 5 minutes (all census blocks within 5 minutes of the site besides
“Leisure and Hospitality' jobs at the site) or 10 minutes of the casino (all census blocks within 10 minutes

of the site besides "Leisure and Hospitality' jobs at the site).

We report estimates of Equation (3) and the corresponding jobs multiplier for various neighborhood de ni-
tions in Table 2. Casinos create on average roughly 940 "Leisure and Hospitality' jobs at the census block
containing the casino. This estimatey] is in line with the reported number of jobs created by the casinos
themselves in press brie ngs and reports to local governments. Casinos spur additional job creation within

their 5-minute neighborhoods, but the sign ips when we consider the broader 10-minute neighborhoods.

When restricting the neighborhood de nition to a 5-minute drive around the casino, we estimate a jobs

18That is, "Leisure and Hospitality' industry jobs in census blootsat the siteare captured in .

"The LODES data reports jobs at two-digit NAICS industry codes, and casinos in our sample t under two distinct codes 71 and
72.

18 The implications for over-counting the jobs at the casino on the estimate of the jobs multiplier depends on the size of the jobs
multiplier estimate. Suppose we estimate= % wheren is new jobs created in the neighborhood (not at the casinoxamd
the jobs labeled casino jobs, but potentially inaccurately. Supposing thexe>ai@ jobs mislabeled, then the true jobs multiplier
ism = . Whenm > 0,m >m andm is biased towards 0. Wheh>m > 1, m > m andm is biased away from
0. Whenm = 1,thenm = m. Else,ifm< 1, m <m andm is biased towards from 0. We nd positive estimates and
estimates less than -1, which are biased toward 0.
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Casino  Alljobs w/in 5 min  All jobs w/in 10 min  Total e ect

Treated Post 937.72 1343.09 -2757.14 -1819.42
(262.86) (946.88) (1333.83) (1340.26)
= 9 1.43 -2.94
:77) (1:.16)
Within R-squared 0.24 0.03 0.06 0.03
R-squared 0.66 0.98 0.99 0.99
Observations 124 124 124 124

Table 2: Estimates of the jobs multiplier for varying neighborhood de nitions. Standard errors in paren-
theses clustered at the neighborhood-time level. All regressions include neighborhood and city-year e ects.
Standard errors for estimates sf ¢ are computed using the delta method.

multiplier of 1.43 (s.e. 0.77), suggesting that for every job created at the casino, one or more are created
in the hyper-local neighborhood around the casino. However, using a 10-minute drive to the casino, our
multiplier estimate is 2:94 (s.e. 1.16).As spillover e ects are hyper-local, our results show that the spatial

de nition of treatment a ects the measured multiplier. In Appendix Figure A6, we show estimates of the jobs
multiplier at all distance horizons. The jobs multiplier is positive and statistically signi cant when computed

by aggregating blocks nearby the casino, peaking at 5 minute drivetime, and slowly attenuates to a negative

estimate as the neighborhood distance cuto increases.

We interpret our ndings as casino entry reshu ing the spatial distribution of employment towards the casino
without necessarily creating more employment opportunities in the broader neighborhood. Our 95-percent
con dence interval on the overall jobs multiplier ranges from -0.67 to -5.2. A jobs multiplier less than -1
implies that for every job gained at the casino, over one is lost in the broader neighborhood. The possibility
of netjob loss is driven by the small negative e ect on employment at larger distances from the casino. These

small estimates apply to a larger set of blocks, as the number of blocks increases in distance to the casino.

Model-based interpretation of local spilloversOur goal is to lay out an economic model that addresses
what we can learn about agglomeration spillovers in our context. We develop a simple theory of how spatial
productivity spillovers are re ected in labor market data in equilibrium. Then, we show how we can use
our quasi-experimental variation to estimate a parameter that governs the spatial reach of these productivity

spillovers.

We view casino entry as a site-speci ¢ revenue productivity shock that may have e ects on nearby loca-
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tions through either urban externalities or the general equilibrium reshu ing of rms and workers who
desire to be closer to the casino to minimize transportation and commuting costs for both workers and cus-
tomers. Throughout this section we discuss the spillovers as “revenue productivity' spillovers, re ecting that
spillovers may be pecuniary or purely technological. We follow a long tradition in urban economics in mod-
eling these externalities by assuming that a component of location-speci ¢ revenue productivity depends on
some distance-weighted average (‘kernel') of nearby productivity (Fujita and Ogawa, 1982; Lucas, 2001;

Ahlfeldt et al., 2015).

Let locations be ordered by their distance to the casingo that = 0 is where we assume revenue
productivityA(0) has been shocked. Suppose employment at each location is determined by the intersection
of local labor supply and local labor demand, and that location-speci ¢ productivity depends on a xed

component and a productivity kern&l,, so that,

_ o W() _
R TG ol et R ags Rt 2R
| Iabo?iupply labor demand xed  productivity kernel

whereL( ) is labor at location , w( ) is the wage and\( ) is (revenue) productivity. The total neigh-
borhood size is andL is total labor supply to the neighborhood. The labor supply functional form can

be microfounded by assuming, e.g., that households draw idiosyncratic workplace prefence shocks from a
Frechet distribution ovej0; ]. is the labor supply elasticity, is the (inverse) labor demand elasticity,

and > 0 governs the strength of spillovers. In equilibrium, a location-speci ¢ productivity shock shifts

employment to the rst order by,

(S)

dlogL( )= 1+ dlogA( ) ——~dlogA(s)ds + dlogL:

This equation expresses the fact that employment changedegtend on both the location-speci ¢ produc-
tivity shift relative to the neighborhood average, and the overall shift in labor supply to the neighborhood.
Holding xed L, this expression captures the "agglomeration shadow' e ect: some locations may receive a

positive productivity shock, but their relative productivity declines, resulting in employment decreases.
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Under the assumption the kernel takes the following form,

Z
K(;A)=exp s logA(s)ds ;
0

thendlogA( ) = dlog A(0) when onlyA(0) has been shocked. We seek to estimatihe elasticity

of the kernel weights to distance, which informs the rate at which spillovers decay in‘Sp@ce¢ake this
theory to the data, we require a mapping of drivetime distance to the model-relevant notion of distance,
We follow the literature in assuming that= exp( drivetime ), so that distance i when the drivetime is
zero and grows exponentially at rate Equation (1) estimateslogL ( ) with . Then, when there is no

change in the neighborhood labor supply such ¢HagL = 0,%°

et R L)
_exp( drlvgtlme) o 1 dlogA(s)ds
0 1, "OdlogA(s)ds '

This equation describes how the productivity spillovers frorA(8) shock impact relative employment
changes across space according to the kernel. We use this as an estimating equation, where the average
productivity changes is a quantity to be estimated. We report estimatesasfd the average productivity

change in Table 3 using our nonparametric estimatés) from Equation (2). We nd® = 0:45and es-

timate the change in average productivity(e@8. With these estimates, we nd that relative productivity

shifts (and therefore, employment e ects) fall to zero at a 5.47 minute drivetime from the casino (s.e. 0.21).
The model visually ts the data well (see Appendix Figure A7). We bootstrap the estimation procedure using

draws of (' )="(0) to construct con dence intervals and reject zero for both parameters.

To put this number into perspective, this implies that doubling productivity at locatien0 translates
into about 10.4% growth in productivity externalities at a drive time of 5 minutes away { a rapid decline of
productivity spillovers in space. For comparison, Ahlfeldt et al. (2015)'s estimates of a similar parameter

imply a productivity externality decrease of 16.4% at this same travel distance horizon.

%We have picked this functional form for the kernel for its tractability, andAi&s) in its argument rather thai(s). Under this
assumption, we trace out the direct e ect of a shock in one location on another, abstracting from “re ection' (Manski, 1993) { that a
productivity increase at one location is re ected back onto itself through the kernel. If endogenous e ects are present, our estimate
of will be biased upwards. Re ection magni es the e ect of local shocks, and we will confound endogenous ampli cation with a
slow spatial decay. Thus, we view our estimate as an upper bound on the decay of productivity spillovers.

20This assumption cannot be rejected by the data. See discussion of jobs multiplier or Table 2. Moreover, this assumption only
a ects the identi cation of the average productivity change.
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Point estimate 95% CI
. 0.453 [0:361; 0:560]
o “2dlogA(s)ds 0.084 [0:029 0:145]

Table 3: Estimate of the spatial decay parameteas well as the average change in productivity, estimated
using nonlinear least squares. 95% con dence intervals are constructed using 600 bootstrap estimates using
draws of the nonparametric t of( )= (0).

6 Conclusion

How di use are the employment spillovers from a large development policy? Using information from com-
petition for casino licensure coupled with spatially granular employment data, we estimate the labor market
impacts of casino openings with “almost-treated' counterfactual sites via a di erence-in-di erences strategy.
We nd a positive employment multiplier that attenuates sharply in space: at the treated location, employ-
ment increases by a factor of nearly three. These employment gains spillover to sites within a ve-minute
drive-time, but cause employment declines farther away. Employment gains are concentrated in the same
industry as the casino, suggesting that intra-industry spillovers, or demand-side forces like trip-chaining,
drive the results. Interpreting our results through the lens of a simple model of an urban labor market with

productivity spillovers, we show that our estimates imply a rapid spatial decay of productivity spillovers.

For every job created at the casino, a little over one is created nearby, but over two are lost in the greater
neighborhood, de ned by a ten-minute drive to the casino. We measure a negative e ect on net employ-
ment in the casino's local neighborhood that is statistically indistinguishable from zero. This suggests that
the positive agglomeration e ects associated with opening a casino are outweighed by the "agglomeration
shadow' cast at sites farther away. In short, casino entry shifts the spatial distribution of employment closer
to the casino. However, as a jobs policy, incentivizing casino entry does not e ectively promoteitocal

ban development despite creating hyper-local employment spillovers. We emphasize "urban,’ as the scope
of the spillovers may be impacted by land use and land use restrictions. These results are relevant both for
urban policymakers seeking to understand the impact of casino opening { a high-stakes and increasingly
popular urban development strategy { as well as economists interested in understanding the spatial decay of

employment spillovers.

24



References

Abadie, Alberto (2005). \Semiparametric di erence-in-di erences estimators". In: 72.1, pp. 4aR.10.
1111/0034-6527.00321.

Adams, Brian (2016). \The employment impact of motor vehicle assembly plant openingsUrtman 58,
pp. 57{70.doi: doi.org/10.1016/j.regsciurbeco.2016.02.005

Ahlfeldt, Gabriel M. et al. (2015). \The economics of density: Evidence from the Berlin Wall'E&ano-
metrica83.6, pp. 2127{218%oi: 10.3982/ECTA10876

Akee, Randall K.Q., Katherine A. Spilde, and Jonathan B. Taylor (2015). \The Indian Gaming Regulatory
Act and Its E ects on American Indian Economic Development". In: 29.3, pp. 185{@68.10.1257/
jep.29.3.185

Almagro, Milena and Toras Domnguez-lino (2025). \Location Sorting and Endogenous Amenities: Evi-
dence from Amsterdam". IrEconometricadoi: 10.3982/ECTA21394

Arzaghi, Mohammad and J. Vernon Henderson (2008). \Networking o Madison Avenue". In: 75.4, pp. 1011{
1038.doi: 10.1111/j.1467-937X.2008.00499.x

Baker, Andrew C., David F. Larcker, and Charles C.Y. Wang (2022). \How much should we trust staggered
di erence-in-di erences estimates?"In: 144.2, pp. 370{386i: 10.1016/j.jfineco.2022.01.004

Ballotpedia (2020a). \Ohio Casino Approval and Tax Distribution, Amendment 3 (2009)Bdltotpedia

| (2020b). \Ohio Casino Approval and Tax Distribution, Amendment 6 (2008)". IBallotpedia

Balsmeier, Benjamin, Lee Fleming, and Songeck (2023). \Isolating Personal Knowledge Spillovers: Coin-
ventor Deaths and Spatial Citation Di erentials”. In: Insights5.1, pp. 21{33.doi: 10.1257/aeri.
20210275

Baum-Snow, Nathaniel, Nicolas Gendron-Carrier, and Ronni Pavan (2024). \Local productivity spillovers".
In: 114.4, pp. 1030{106Yoi: 10.1257/aer.20211589 .

Busso, Matias, Jesse Gregory, and Patrick Kline (2013). \Assessing the incidence and e ciency of a promi-
nent place based policy". In: 103.2, pp. 897{946i: 10.1257/aer.103.2.897

Butts, Kyle (2023). \JUE Insight: Di erence-in-di erences with geocoded microdata". ltban 133.doi:
10.1016/j.jue.2022.103493

Cattaneo, Matias D. et al. (2024).\On Binscatter”. In: 114.5, pp. 1488{184410.1257/aer.20221576 .

25



Chen, Jiafeng and Jonathan Roth (2024). \Logs with zeros? Some problems and solutions". In: 139.2, pp. 891{
936.doi: 10.1093/gje/qjad054

Correia, Sergio, Paulo Guiraes, and Tom Zylkin (2020). \Fast Poisson estimation with high-dimensional
xed e ects". In: Stata20.1, pp. 95{115doi: 10.1177/1536867X20909691

Cotti, Chad D. and Douglas M. Walker (2010). \The impact of casinos on fatal alcohol-related tra ¢ acci-
dents in the United States". In: 29.6, pp. 788{788n: 0167-6296doi: 10.1016/j.jhealeco.2010.
08.002.

Dericks, Gerard H. and Hans R.A. Koster (2021). \The billion pound drop: the Blitz and agglomeration
economies in London". In: 21.6, pp. 869{8330i: 10.1093/jeg/Ibaa022

Evans, William and Julie Topoleski (2002)he Social and Economic Impact of Native American Casinos
doi: 10.3386/w9198.

Fujita, Masahisa, Paul Krugman, and Anthony Venables (2009.spatial economy: Cities, regions, and
international trade

Fujita, Masahisa and Hideaki Ogawa (1982). \Multiple equilibria and structural transition of non-monocentric
urban con gurations”. In: Urban 12.2, pp. 161{196doi: 10.1016/0166-0462(82)90031-X .

Graham, Matthew R., Mark J. Kutzbach, and Brian McKenzie (20Dékign Comparison of LODES and
ACS Commuting Data Products

Greenstone, Michael, Richard Hornbeck, and Enrico Moretti (2010). \Identifying Agglomeration Spillovers:
Evidence from Winners and Losers of Large Plant Openings".Ralitical 118.3, pp. 536{598doi:
10.1086/653714.

Grinols, Earl L. and David Mustard (2006). \Casinos, Crime, and Community Costs". In: 88.1, pp. 28{45.
doi: 10.1162/rest.2006.88.1.28

Hornbeck, Richard, Guy Michaels, and Ferdinand Rauch (20@ditifying agglomeration shadows: Long-
run evidence from ancient portdoi: 10.3386/w32634.

Huang, Haifang, Brad R. Humphreys, and Li Zhou (2018). \Do urban casinos a ect nearby neighbourhoods?
Evidence from Canada”. In: 97.3, pp. 757{7&&sn: 1056-8190doi: 10.1111/pirs.12277

Humphreys, Brad R. and Joseph Marchand (2013). \New casinos and local labor markets: Evidence from

Canada". InLabour 24, pp. 151{160doi: 10.1016/j.labec0.2013.08.006

26



Kline, Patrick and Enrico Moretti (2014). \People, places, and public policy: Some simple welfare economics
of local economic development programs”. In: 6.1, pp. 629{@kR: 10.1146/annurev-economics-
080213-041024.

Koster, Hans R.A., llias Pasidis, and Jos van Ommeren (2019). \Shopping externalities and retail concentra-
tion: Evidence from Dutch shopping streets". ldrban 114.doi: doi.org/10.1016/j.jue.2019.

103194

Leonardi, Marco and Enrico Moretti (2023). \The agglomeration of urban amenities: Evidence from Milan
restaurants”. In:: Insights5.2, pp. 141{157doi: 10.1257/aeri.20220011 .

Lucas, Robert E. (2001). \Externalities and cities". In: 4.2, pp. 245{2it4: 10.1006/redy.2000.0108 .

MacKinnon, James G. and Matthew D. Webb (2020). \Randomization inference for di erence-in-di erences
with few treated clusters". In: 218.2, pp. 435{4%ii: 10.1016/j.jeconom.2020.04.024

Manski, Charles F. (1993). \Identi cation of endogenous social e ects: The re ection problem". In: 60.3,
pp. 531{542.doi: 10.2307/2298123.

Martino, Stephen and William Eadington (2012). \Allocation of Gaming Licenses and Establishment of
Bid Processes: The Case of Kansas, 2008 and 2009UNhV Gamingl4.1.doi: 10.9741/2327-
8455.1101.

McKinney, Kevin L. et al. (2021). \Total error and variability measures for the quarterly workforce indicators
and LEHD origin-destination employment statistics in OnTheMap". In: 9.5, pp. 1146{1dd210.
1093/jssam/smaa029.

Miyauchi, Yuhei, Kentaro Nakajima, and Stephen J Redding (2025). \The Economics of Spatial Mobility:
Theory and Evidence Using Smartphone Data"Time Quarterly Journal of Economiagoi: 10.1093/
gje/qjaf038

Moretti, Enrico (2010). \Local Multipliers". In: 100.2, pp. 373{37doi: 10.1257/aer.100.2.373

Neumark, David and Helen Simpson (2015). \Place-based policies”. In: Handbook of Regional and Urban
Economics, vol. 5, pp. 1197{128doi: 10.1016/B978-0-444-59531-7.00018-1

Oh, Ryungha and Jaeeun Seo (2028hat Causes Agglomeration of Services? Theory and Evidence from
Seoul

Qian, Franklin and Rose Tan (202The E ects of High-skilled Firm Entry on Incumbent Residedts:
10.2139/ssrn.3982760 .

27



Rephann, Terance J et al. (1997). \Casino gambling as an economic development strategy”. In: 3.2, pp. 161{
183.doi: 10.1177/135481669700300204

Rosenthal, Stuart S. and William C. Strange (2020). \How close is close? The spatial reach of agglomeration
economies”. In: 34.3, pp. 27{4%90i: 10.1257/jep.34.3.27

Scavette, Adam (2023). \The economic impact of a casino monopoly: Evidence from Atlantic City". In:
Urban 103.doi: 10.1016/j.regsciurbeco.2023.103952

Shoag, Daniel and Stan Veuger (2018). \Shops and the City: Evidence on Local Externalities and Local
Government Policy from Big-Box Bankruptcies”. In: 100.3, pp. 440{488i: 10.1162/rest_a_
00703

Silva, J.M.C. Santos and Silvana Tenreyro (2006). \The Log of Gravity". In: 88.4, pp. 641{E5810.
1162/rest.88.4.641

Slattery, Cailin and Owen Zidar (2020). \Evaluating State and Local Business Incentives". In: 34.2, pp. 90{
118.doi: 10.1257/jep.34.2.90

Vitali, Anna (2024).Consumer Search and Firm Location: Theory and Evidence from the Garment Sector
in Uganda

Wolfe, Barbara et al. (2012).\The Income and Health E ects of Tribal Casino Gaming on American Indians".
In: Demography49.2, pp. 499{524doi: 10.1007/s13524-012-0098-8 .

Wooldridge, Je rey M. (2010)Econometric analysis of cross section and panel data

28



Online Appendix

A Additional tables and gures

Figure Al: Average speed on routes in our sample, computed from a regression of distance (measured in
kilometers traveled on the road network) on trip duration. Standard errors re ect clustering at the city level.
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Figure A2: Nonparametric estimates of ) from Equation (2), split for NAICS-7 jobs and all other jobs.
Con dence bands constructed using 600 bootstrap draws, strati ed by block and distance bin.

Figure A3: Estimates of from Equation (1), split by wage bins in the LEHD-LODES.
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Figure A4: Estimates of from Equation (1), with RACs residency counts on the lefthandside. Year 2002
population distribution shown as a grey histogram.

Figure A5: Estimates of when the dependent variable is the number of entering or exiting establishments
within a block.
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Figure A6: Point estimates of the jobs multiplier ¢ from SUR estimation of equation (3) at di erent
neighborhood distance horizons, so that at drivetime horiz¢x-axis), the jobs multiplier is computed
within a -minute radius of the casino, including jobs not in the "Leisure and Hospitality' industry at the

casino block itself.

Figure A7: Bootstrapped nonparametric estimates ef o and the t of the model. 95% con dence inter-
vals constructed using 600 bootstrap estimates.
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Logs Levels

Drivetime Drive distance Drivetime Drive distance

0 2.20 2.20 1184.02 1184.02
(0.53) (0.53) (413.21) (413.18)
2 0.96 0.18 333.40 19.75
(0.25) (0.12) (235.72) (28.31)
3 0.40 0.15 81.75 14.85
(0.19) (0.09) (62.71) (15.86)
4 0.01 -0.17 -51.26 -24.90
(0.17) (0.11) (82.34) (16.12)
5 0.40 -0.31 84.58 -55.45
(0.15) (0.21) (39.68) (37.15)
6 -0.20 -0.34 -60.89 -43.54
(0.14) (0.28) (35.45) (47.98)
7 -0.19 -0.64 -39.06 -81.43
(0.14) (0.38) (26.08) (46.44)
8 -0.06 -0.99 -15.06 -82.62
(0.13) (0.35) (18.67) (41.47)
9 -0.29 -42.81 0.00
(0.23) (32.12) (0.00)
10 0.06 3.26
(0.20) (29.71)
Observations 20,283 20,211 20,307 20,235
Pseudo R-squared 0.90 0.90 . .
R-squared 0.82 0.82
Ring Opened control X X X X
Block FE X X X X
City-year FE X X X X

Table Al: Estimates of for speci cations of Equation (1) using both drivetime (columns 1 and 3) and drive
distance (in km, columns 2 and 4) in a Poisson model (‘Logs') and in a levels model estimated with ordinary
least squares ("Levels'). In parentheses: standard errors two-way clustered at the tract and neighborhood-year
level.
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NAICS-7 jobs Other jobs

0 3.18 1.81
(0.51) (0.79)
2 0.79 0.86
(0.48) (0.22)
3 1.02 0.28
(0.42) (0.19)
4 0.25 -0.00
(0.40) (0.18)
5 0.65 0.30
(0.20) (0.15)
6 0.10 -0.22
(0.28) (0.15)
7 -0.28 -0.18
(0.28) (0.15)
8 0.05 -0.07
(0.16) (0.14)
9 0.36 -0.37
(0.26) (0.24)
10 0.09 0.05
(0.16) (0.23)
Observations 13,385 20,265
Pseudo R-squared 0.87 0.90
Ring Opened control X X
Block FE X X
City-year FE X X

Table A2: Estimates of for speci cations of Equation (1) split by NAICS-7 and non NAICS-7 jobs In
parentheses: standard errors two-way clustered at the tract and neighborhood-year level.
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B Data appendix

CasinosOur treatment and control casinos are available in Table A3 and re ect a manual data collection

process described in the main text.

Spatial data We use the U.S. Census Bureau's TIGER/Line shape les to de ne 2020 census blocks. We
remove from these blocks with zero land area (blocks entirely in water), and then proceed to crop out bodies
of water from the remaining shape les for display purposes. We de ne \neighborhood" by rst pulling the

set of 900 nearest contiguous census blocks to each potential winner. Then we compute drive time and subset
the data to minimize overlap and maintain roughly the same number of observations across sites within each

distance bin.

Employment dataOur employment data are the \Workplace area characteristics”" (WACs) using the LEHD-
LODES 8 data. The data covers most states for the years 2002 to 2019. The Census Bureau has released data
some years beyond 2020. We omit this data from our analysis due to the e ect the Covid-19 pandemic may

have had on local labor markets surrounding casinos.

The data have drawbacks. First, itis aggregated at the block level, which means we cannot view establishment-
level changes. Second, industry-level employment is binned at the two-digit NAICS code. Finally, covariates
are coarsely binned: the income measures are binned based on annual income which top$zijést

per year, and do not allow us to study e ects on wages.

Drivetimes and distancesWe use drive distances and times between block centroids by querying Google

Maps API, inputting the regular tra ¢ model, and assuming a Monday, 26 February 9 am CST arrival.

Business formation and churnOur data on local establishments comes from the Infogroup Business/Aca-
demic data provided by the University of Chicago Library. The business census is essentially a digitization
of the “yellow pages': public listings of business phone numbers and addresses. We treat the provided "ABI'
code as a unique business identi er in the dataset. To form the panel, we assume a business' NAICS-2 code

is the modal NAICS-2 code in the panel. We remove blank rows, duplicate observations, and observations
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without a geocoded address. This Itering process leaves some duplicate ABI-coded observations in the data.
As businesses move addresses over time, we treat each A&tsus block as a unigue business, so a move is
counted as an exit in one block and an entrance in another. We drop \establishments" associated with public
services (e.g., playgrounds) that appear in the data with NAICS 2-digit codes 92 (\Public Administration™)
and 99 (\Nonclassi able establishments"). While Infogroup collects additional variables such as the number

of employees, these numbers appear to be imputed and may be unreliable.
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State Winning Location  Alternative Location Opening Approval Story

IL Des Plaines Waukegan 2011 2008 License Competition
(41.9974, -87.8643) (42.3428,-87.8989)

MA  Everett Revere 2019 2014 License Competition
(42.3954,-71.0694) (42.3980, -70.9945)

MA  Spring eld Palmer 2018 2014 License Competition
(42.0985, -72.5875) (42.1739, -72.318)

MD  Oxon Hill Fort Washington (2 locations) 2016 2013 License Competition
(38.7951, -77.0089) (38.7977, -76.9626) + (38.7557, -76.9943)

PA Philadelphia Philadelphia (2 locations) 2021 2017 License Competition
(39.9093, -75.1647) (39.9603, -75.1628) + (39.9514, -75.1536)

PA Philadelphia Philadelphia 2010 2006 Second casino won

license
(39.9644, -75.1326) (39.9286, -75.1421) but company could not
complete the project

PA Pittsburgh Pittsburgh 2009 2006 License Competition
(40.4481, -80.0222) (40.4368, -80.0106) + (40.4396, -79.9895)

PA Bethlehem Allentown 2009 2006 License Competition
(40.6142, -75.3569) (40.631, -75.4526)

PA Mt Pocono Pocono Manor 2007 2006 License Competition
(41.1135, -75.3217) (41.1, -75.3918)

ME  Oxford Lewiston 2012 2010 Ballot Initiatives
(44.1153, -70.446)  (44.0968, -70.2192)

KS Mulvane Wellington 2011 2010 License Competition
(37.469, -97.3285)  (37.2798, -97.3509)

KS Pittsburg Cherkokee County 2017 2015 License Competition
(37.344,-94.7092)  (37.0134, -94.628)

OH Cleveland Cleveland 2012 2009 Ballot Initiatives
(41.499, -81.6932) (41.4961, -81.7032)

OH  Cincinnati Clinton County 2013 2009 Ballot Initiatives
(39.1084, -84.5068) (39.4874, -83.9491)

NY  Monticello Wawarsing + Thompson 2018 2014 License Competition
(41.6596, -74.649)  (41.6989, -74.4028) + (41.6745, -74.6594)

NY  Schenectady Rensselaer, Cobbleskill + East Greenbush 2017 2014 License Competition

(42.8233,-73.9372) (42.646, -73.7427), (42.7025, -74.398) +
(42.6404, -73.6989)
NY  Watterloo Johnson City 2017 2014 License Competition
(42.9701, -76.8434) (42.1238, -75.9979)

Table A3: casinos identi ed as having a potential viable alternative location. License competition includes locations that were in the nal
deliberation round for a license. In two cases, Philadelphia (2017) and lllinois (2010) a candidate site shares a block group with the winning site
and so we excluded it. Monticello (2014) had a number of additional alternative sites closer to New York City which the site selection committee
ruled out. Ballot Initiatives includes statewide ballot initiatives that failed. In Maine, the Lewiston site attempted to join the 2010 ballot, but began
organizing too late. The Cleveland alternative site and the Cleveland casino site were together on a failed 2006 ballot. The 2009 ballot only included
one Cleveland license. In 2009, Ohioans \authorize[d] only one casino facility at a speci cally designated location within each of the cities of
Cincinnati, Cleveland, Columbus, and Toledo" (Ballotpedia, 2020a). Penn National Gambling controlled two locations and Cleveland Cavaliers
owner Dan Gilbert the others. Ohioans rejected similar proposals in 1990, 1990, 1996, 2006, and 2008. Penn National Gambling funded the
opposition to the 2008 proposal, which provisioned one resort-style casino to southwestern Ohio run by a Minnesota-based company. (Ballotpedia,
2020b). The 2006 bid authorized racinos and two sites in Cleveland (one of which won the licensure in 2009), so we use the losing 2006 site as if
it were a ‘runner-up.' The Clinton County site lost in a 2008 ballot initiative, which would have provided a casino monopoly to their location. We
believe the losing versus winning ballot initiatives won or lost for reasons orthogonal to our outcomes of interest.
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C Statistical robustness of the main estimator

In Appendix Figure A8, we plot estimates of from Equation (1) under several di erent modi cations.
First, for reference, we plot the main speci cation results (solid black circles). Then, we re-estimate, but
weigh observations inversely proportional to the number of observations in a neighbortdisidnce bin,

so all sites contribute equally to the regression average. Following this, we estimate our main speci cation
(with no weighting) to include “small' units, de ned as having an average employmentl@employees in

the pre-period, excluding anticipation£ 5through 3). We then exchange tract xed e ects for block

xed e ects. Finally, we estimate Equation (1) with a log-linear OLS speci cation using a hyperbolic arcsin

transformation of employment counts.

Figure A8: Estimates of from estimating Equation (1), with slightly di erent estimation strategies.

Including “small' units increases the sample but includes units that have noisy employment counts due to
the di erential privacy concerns in the LODES data and are un t for analysis, following McKinney et al.

(2021). We retain units thésecome smalbllowing treatment so as to include treatment-induced zeros. The
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use of block, opposed to tract xed e ects, is more traditional in di erence-in-di erence analysis, but injects
noise as changing underlying block group de nitions over time can change the block group that contains an
employer in the harmonized block groups used in our analysis. Consequently, it can appear that employment
shifts in space at small spatial scales over time. The use of this within-block estimator thus injects noise
as blocks can have sudden, spurious declines in employment that are matched by employment booms in
neighboring blocks. An alternative approach is to use xed e ects at a larger spatial scale such as tracts;
The use of tract xed e ects may reduce noise from these spatially-small changes in employment over time.
However, tract xed e ects may introduce there own biases (such as omitted variable bias that is block-level
time-invariant) and/or change the interpretation of the estimates. In any case, the overall story remains similar

across these speci cations albeit with noisier estimates when small observations are retained.

The OLS estimator is very similar to the pseudo-Poisson maximum likelihood estimator, but omits treatment
induced zeros and is generally considered inappropriate for count data, especially in our context in which the
data is over-dispersed even after taking the log of job counts, which means the OLS estimator is no longer

e cient.

C.1 Stability of results across casino sites

In Appendix Figure A9, we repeat our main speci cation, Equation (1) at each casino site (left panel) and
using a leave-one-out (i.e., jacknife) estimator (right panel). Given small sample sizes in bin 2, we collapse
bin 2 and 3. All casino sites but Pittsburgh, Pennsylvania, show positive treatment at the casino site (one
alternative site in Pittsburgh became an ice hockey stadium) which decays in space, dipping below zero at a
6-7 minute drivetime before returning to a zero-jobs e ect at a distance horizon of 9-10 minute drivetime.
The right panel shows how stable the estimator is absent any particular casino site: the estimator is remarkably

robust and is not driven by a single casino opening experiment in our data.

C.2 Estimates in levels

We estimate Equation (1) in levels in Appendix Figure A10. The spatial pattern of treatment e ects closely

mirrors our main results.
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Figure A9: Left: Estimates of Equation (1) at each casino site. Right: leave-one-out estimates that drop
casino sites from the sample one at a time.

C.3 Estimates over a longer time horizon

Our main sample measures treatment e ects in the year the casino opens and three years after. This is because
the casino at Oxon Hill, MD, opens relatively late in the sample. Dropping the casino at Oxon Hill, MD,
allows us to extend the post-opening sample and obtain an estimate of treatment e ects at a longer time
horizon. In Appendix Figure A11, we do so. The main empirical pattern holds and coe cients are of similar
magnitude and precision as those estimated on only three years of post-opening data that include this DC-area

casino site.

C.4 Randomization inference

In this appendix, we take a design-based approach to inference, following the method of MacKinnon and

Webb (2020) who study the randomization inference in di erence-in-di erence settings. Our randomiza-
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Figure A10: Estimates of Equation (1), where the lefthandside variable is in levels, with an OLS estimator
and di erent samples and xed e ects.

tion inference procedures treat the 6 casino license competitions as experiments. There are 143 unrealized
hypothetical treatment assignmeftsFor each hypothetical treatment assignment, we run the regression
model and collect the resulting coe cients and their associated t-statistics. The p-value is then the fraction
of hypothetical statistics that are more extreme than the realizeéfone,

X

pP==< 1d>il)
r=1

Where is the estimated statistic observed in the dptg,is the absolute value of a statistic calculated for

randomizatiorr and there ar& possible re-randomizations.

Randomization inference tests the sharp null gt (1) = Y;(0)] = 0 and relies on an assumption of

A143=2* 3 1
2|n practice, we use the alternative p-val@@&'—l) discussed in Appendix A of MacKinnon and Webb (2020). This estimate
accounts for the fact that we include the realized randomization in the distribution of hypothetical estimates.
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Figure Al11l: Estimates of Equation 1, dropping Oxon Hill, MD and extending the post-opening sample to 7
years after casino opening.

random assignment{or that the investigator understands the assignment mechanism (MacKinnon and Webb,
2020). The random assignment assumption is stronger than parallel trends. MacKinnon and Webb (2020)
argue that randomization inference based on t-statistics provides a better test in settings with few clusters
compared to randomization inference based on coe cients or the wild-clustered bootstrap. However, the

cost is that Rl based on t-stats may be underpowered relative to these other tests.

In Appendix Figure A12, we visualize the distribution of t-statistics (above) and coe cients (below) attained
under the sharp null for each distance bin. The black point shows where our estimates fall on these distribu-

tions and we present p-values as de ned above.

The randomization inference results are consistent with our main estimates. At the site and within the 4{5
minute travel time bin, the treatment e ects lie in the upper tail of the randomization distribution. In the 6{7

minute band, the estimated e ects shift to the lower tail, and e ects stabilize in the outer distance bands. The
gure shows p-values below 0.05 at the site and in the 2 minute bins, and below 0.10 in the 5 and 6 minute
bin. Although estimates in the 3 minute bins do not attain conventional levels of statistical signi cance, the

spatial pattern of the e ects is broadly consistent with our main ndings.
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Figure A12: Randomization inference results based on t-statistics (above) and coe cients (below).

C.5 Parametric estimation

This section presents linear, quadratic, cubic, and quartic Poisson regressions of drivetime interacted with

the treated and post indicators to capture the global pattern of spillovers. The speci cation follows,

X
logE ypt = opost treateq + kpost treateq d'g+
k
X
opost+  post di+
k

opost focalsitg + ipost treated focalsite+ p+ )i
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