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Abstract

To meet the needs of diverse communities, public health authorities are increasingly reliant on
hyperlocal interventions targeting specific health issues and distinct populations. To facilitate
epidemiological evaluation of hyperlocal interventions on community-level outcomes, we
developed a framework of six practice-based considerations for researchers: spatial zone of
impact, temporal resolution of impact, outcome of interest, definition of a plausible comparison
group, micro vs. macro impacts, and practitioner engagement. We applied this framework to a case
study of an impact evaluation of the New York City (NYC) overdose prevention centers (OPCs)
on neighborhood-level drug-related arrests. We used drug arrest data from NYC from January

1, 2014, to September 30, 2023 and US Census data to conduct synthetic control modeling,
comparing pre- and post-OPC arrests in the neighborhoods surrounding the two NYC OPCs (East
Harlem and Washington Heights). We conducted sensitivity analyses to validate our results and
compare our findings with those from a prior published study. Our findings indicate no significant
change in drug-related arrests following the OPC openings. The mean absolute differences in
daily drug-related arrests between the OPCs and their synthetic controls were 0.63 (p=0.19) in
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East Harlem and 0.14 (p=0.22) in Washington Heights. Sensitivity analyses corroborated our
main results. Overall, findings demonstrate how our framework can be used to guide future
epidemiological evaluations of diverse, hyperlocal public health interventions.
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Introduction

Promoting health equity remains a guiding principle and pressing challenge for public
health researchers and practitioners in the face of growing community health disparities
along racial and ethnic,! socioeconomic,? and geographical® lines. To meet the needs of
diverse communities and cultivate health equity, health authorities have become increasingly
reliant on “hyperlocal” interventions targeting specific health issues and tailored to distinct
populations with narrowly defined implementation geographies.* Sometimes described as
interventions designed for communities, neighborhoods, or small-areas, such hyperlocal
interventions have been implemented across a range of public health domains, including,
for example, mobile fruit and vegetable distribution to promote nutrition in food deserts,>
barbershop-based outreach to increase primary and preventive healthcare utilization among
Black men,® and the use of community mediation outreach (i.e., “violence interrupters”)

to prevent gun violence.” By prioritizing the needs and well-being of marginalized
communities, such hyperlocal interventions hold promise for addressing health disparities.?

Despite the deployment of hyperlocal interventions across these diverse public health
domains, their impact evaluation presents significant challenges within the applied and
localized public health context.9 While substantial attention has been paid to the evaluation
of the effect(s) of hyperlocal interventions on the health of people receiving such
services, 1011 |ess attention has been paid to the unique methodological challenges that
arise when evaluating their impact to estimate their causal effects on their surrounding
communities. For example, identification of a catchment area (i.e., the neighborhood

or community in which a hyperlocal intervention is implemented) that is small enough
for an impact to be detected, but large enough for valid estimation, presents a critical
epidemiological challenge.? Within a plausible catchment area, the hyperlocal context
presents additional difficulties to researchers’ understanding of the core components

of epidemiological research—e.g., measuring an exposure, specifying an outcome, and
defining a target population—all of which have important implications for the findings of
a given study. However, to our knowledge, no guidance about the conduct of area-level
impact evaluations of hyperlocal interventions to estimate causal effects using methods
for policy evaluation currently exists. In this article, we provide a framework to guide
applied epidemiologists and public health practitioners in conducting community-level
impact evaluations of hyperlocal interventions.

We define “hyperlocal” program evaluation to mean estimation of the small-area
neighborhood- or community-level impact of a given intervention, for which impact is
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assumed to differ across sub-municipal contexts. While a broad and deep body of social
epidemiological literature has been generated about neighborhood effects on health,13-16
program evaluation at the hyperlocal level remains less developed. As such, most policy

and program evaluation studies estimate at either the level of individual patients, for
program evaluation, or broad population domains (e.g., cities, states, or countries), for policy
evaluation.

These approaches present a gap for epidemiologists who wish to estimate the impact

of programs and policies for which a geospatial effect is anticipated at the small-area
level. When evaluating the effect of hyperlocal public health programs on the surrounding
community, epidemiologists must situate the core components of epidemiological study
design within that local context. To aid epidemiologists and public health researchers, we
present six considerations for the evaluation of the neighborhood or community effects of
hyperlocal public health programs:

1. Spatial zone of impact, or the plausible intervention catchment area;

2. Temporal resolution of impact, or the plausible time period during which an
intervention impact could be detected;

3. Outcome of interest, or the appropriately interpretable specification of the
outcome at the hyperlocal level;

4. Definition of a plausible comparison group, and by extension, the identification
of confounding structures and their implications in the local context, for which
residential segregation and other manifestations of structural racism may be
particularly salient;

5. Micro vs. macro impacts, or the estimation of individual or joint impacts of
multiple, hyperlocal interventions in a single parent jurisdiction; and

6. Practitioner engagement, or the inclusion of program operators and secondary
data stewards throughout the research process.

These considerations correspond to six guiding questions to which epidemiological
researchers and practitioners can jointly respond when estimating the impact of hyperlocal
programs (Table 1). We illustrate the utility of our evaluation considerations through a case
study of the two New York City (NYC) overdose prevention centers (OPCs; also known as
“supervised consumption sites” or “drug consumption rooms”), which are community-based
facilities where individuals can consume pre-obtained controlled substances under medical
or peer observation.1’

Case study: The New York City overdose prevention centers

Unintentional drug overdose remains a leading cause of accidental death in the United States
(US),18 with marked recent increases following the introduction of illicitly manufactured
synthetic opioids into US drug markets and disruptions associated with the COVID-19
pandemic.19-21 In response, a range of policy and program interventions to reduce and
prevent overdose have been implemented.?2 While many of these interventions have been
implemented at the national, state, or local levels (e.g., state policies mandating prescriber
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use of prescription drug monitoring programs23 and programs to universally equip local

first responders with the opioid overdose antidote naloxone24), other interventions have been
implemented hyperlocally to serve specific communities at high risk of overdose mortality
(e.g., harm reduction vending machines).2®

OPCs are one such hyperlocal intervention. At an OPC, trained staff are equipped to
intervene to reverse overdoses that may occur, as well as to refer and connect people

to healthcare and social services.28 At the neighborhood level, research has shown that
OPCs are associated with reductions in overdose mortality,27-28 reductions in emergency
service calls for overdose response,29 and decreased or unchanged drug-related crime in
the neighborhoods in which OPCs are situated.3%31 As a low-threshold harm reduction
intervention, OPCs have been implemented globally, including in Europe, Canada, and
Australia.32 To date, only two publicly recognized OPCs, however, exist in the US, both in
NYC.33

The NYC OPCs of focus in this analysis are embedded within the syringe service program
(SSP) OnPoint NYC, which maintains two storefront locations: OnPoint-East Harlem
(OPEH) and OnPoint-Washington Heights (OPWH, see Figure 1).34 Each SSP provides

a range of services, including syringe access and disposal, overdose education and naloxone
distribution, primary care, HIV and hepatitis C testing and treatment, drop-in center services
with access to nutrition and hygiene programs, computer and internet access, holistic health
services (e.g., acupuncture, reiki, and meditation), crisis and peer-supported mental health
counseling, buprenorphine medication for opioid use disorder and referrals to substance use
disorder treatment services, case management and benefits access, and drug checking.34
OnPoint NYC added OPC services to both sites on November 30, 2021.3° The NYC OPCs
constitute an additional service within the larger OnPoint NYC program infrastructure.

The NYC OPCs represent a community-based service designed for a highly vulnerable
population of people who use drugs. During the first year of OPC operations, 22% of

OPC clients were street homeless, with an additional 20% reporting precarious housing
conditions.3® The OPCs received a median of 167 daily visits comprised of a median of 108
daily participants.36 Given the volume of visitation and large proportion of vulnerable and
street-based individuals using the OPC services, we hypothesized that the community-level
impact of the OPC services necessarily will be hyperlocal within the neighborhoods in
which they are situated.

The anticipated hyperlocal effect of these interventions presents challenges to impact
evaluation. Two prior studies have estimated the neighborhood-level impact of the NYC
OPCs.3137 One study estimated an 83% decrease in drug-related arrests, among other
outcomes, in the neighborhoods surrounding the OPCs using a difference-in-differences
(DID) design3L; another study estimated a 167% increase in property crimes surrounding
the OPCs using a synthetic control design.3” Furthermore, non-peer reviewed reports

have suggested that neighborhood patterns of arrest may have changed after the OPCs
opened.34:38 While generating critical early evidence on the impact of OPCs in the US,
these prior empirical studies have important limitations. Specifically, they use intervention
catchment areas that do not include areas where OPC clientele are known to congregate
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(e.9., a large, adjacent park), as well as buffers that may be too small to account
for the surrounding communities’ unique characteristics, therefore resulting in residual
confounding.

Due to the political controversy surrounding OPCs in the US,39 rigorous evaluation is
critical to inform federal, state, and local policymakers as jurisdictions nationally attempt

to open OPC services. With scant and uncertain evidence on their community-level impact
in the US, the NYC OPCs are an optimal intervention through which to illustrate the

key methodological issues that arise when evaluating the community effects of hyperlocal
interventions. Here we apply the hyperlocal evaluation framework detailed above to a
quantitative case study of the impact of the NYC OPCs on neighborhood-level drug-related
arrests. The study is intended to broadly inform applied epidemiologists working to evaluate
hyperlocal interventions, as well as researchers evaluating OPCs in the US.

Data sources

We used two data sources to evaluate the effect of opening the NYC OPCs on drug-

related arrests in the surrounding neighborhoods: NYC Police Department (NYPD) arrest
records and US Census/American Community Survey (ACS) data. We obtained NYPD
de-identified, individual-level arrest records from January 1, 2014 through September 30,
2023 through NYC Open Data.*041 We selected January 1, 2014 as our start data to

align with the change in NYC Mayoral Administration, which corresponded to changes

in NYPD community policing policy and practices.*2 We compared drug-related arrests
prior to the opening of OPCs (January 1, 2014-November 30, 2021) and following OPC
openings (December 1, 2021 — September 30, 2023). Drug-related arrests were defined as
arrests assigned a New York State Penal Code charge beginning with 220 or 178, which
correspond to drug possession and sales. We compared drug-related arrests pre- and post-
OPC opening in the neighborhoods surrounding the OPCs to comparable neighborhoods
with SSPs but without OPC exposure. To identify comparable neighborhoods, we used 2019
ACS estimates on neighborhood demographic, social, and economic characteristics from the
US Census (Supplemental Table 1).43 This study was deemed exempt by the NYU Langone
Health Institutional Review Board because it did not involve human subjects.

Statistical analysis

We used the synthetic control method (SCM) to compare neighborhood-level changes in
post-OPC drug-related arrests surrounding the two OPCs, OPEH and OPWH, and their
estimated counterfactual comparison groups, after matching on the pre-OPC period. The
SCM is well suited for estimating the impact of hyperlocal interventions with few treated
units (here, OPEH and OPWH).#* In contrast to DID, which requires an assumption

of parallel trends across treated and control units,® SCM constructs synthetic pre- and
post-intervention counterfactual units (here, OPEH and synthetic OPEH and OPWH and
synthetic OPWH for the pre- and post-OPC periods).#> The synthetic units are derived as
weighted averages of the outcomes in the untreated or “donor” units.#® In our case, our
outcome of interest was drug-related arrest and our donor units were those neighborhoods
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with SSPs that did open OPCs. We describe our donor unit selection process in greater detail
below.

Since validity of the SCM hinges on the plausibility of the synthetic treated unit as a
counterfactual for the observed outcomes of the treated unit, we evaluated pre-intervention
fit between the synthetic and observed treated units using the root mean square prediction
error (RMSPE) of the synthetic control. The RMSPE is a measure of the lack of fit between
the path of the outcome variable for our treated units and their synthetic counterparts. As
such, we sought to minimize RMSPE. As the scale of RMSPE is specific to a given outcome
variable, there are no established values for acceptable amounts of error, although smaller
prediction errors are desirable with a caution toward overfitting (e.g., RMSPE values of 0 or
approximately 0); however, we considered RMSPE values below 5 to indicate acceptable fit,
consistent with prior work.4447 For all models, we estimated the pre-intervention fit between
the synthetic and observed treated units with and without ACS covariates. We performed all
analyses in R version 4.2.0 (R Project for Statistical Computing), using the synth package
for synthetic control modeling.48

Considerations for evaluation in the hyperlocal context

Given that our evaluation of the NYC OPCs occurred in the hyperlocal context of the NYC
overdose crisis, we applied the SCM to the unique challenge of evaluating the community-
level effects of a hyperlocal intervention and outline below our stepwise considerations for
demonstration purposes.

Spatial zone of impact: First, we carefully considered and selected a catchment area
within which we hypothesized a detectable intervention impact (if present). Specifically,

we identified the plausible catchment area as closely linked to the primary outcome (here,
drug-related arrests). Prior evaluations of OPCs on health- and safety-related outcomes

have used a range of spatial zones of impact—including buffers using 500-meter radii,2”4°
administratively defined boundaries (e.g., postal codes, public health area),22:°0:51 and non-
administrative approaches (e.g., tessellated hexagonal arrays).3! While some studies conduct
sensitivity analyses (e.g., varying the buffer radii or hexagonal array size), the shape and
structure of the catchment area is most often arbitrarily defined.

We modeled the impacts of OPEH and OPWH using both 500-meter buffers and police
precinct boundaries, selecting 500-meter buffers as our primary spatial zone of impact. We
used 500-meter buffers because this radius has been used in a number of other spatial OPC
evaluation studies?”:4%:52 and, in the neighborhoods around the NYC OPCs, is large enough
to capture public spaces where OPC clients are known to congregate.>3 In the NYC context,
100 meters approximates 1 street block or 0.5 avenue blocks; thus, in the local context,

our 500-meter buffer represents an approximately 5-block radius around the OPCs. We
hypothesized that a 500-meter buffer would be small enough to plausibly detect an effect
of the OPCs, while large enough to facilitate valid modeling and neighborhood coverage

of areas where OPC clients gather. For our primary donor pool, we used 500-meter buffers
around all static site and mobile SSPs in NYC, excluding any sites with overlap in the
500-meter buffers. This yielded 26 potential donor units for analysis. We used 500-meter
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buffers around only static site SSPs as a donor pool for secondary analyses. As SSPs in
NYC are not randomly assigned to neighborhoods—nor were the NYC OPCs randomly
assigned—our use of all static site and mobile SSPs ensured a broad and diverse enough
donor pool to generate well-fitted synthetic controls while minimizing the risk of overfitting.

We selected precincts as a secondary unit of analysis because these align uniformly with law
enforcement jurisdictions and are the units at which drug-related arrests are systematically
recorded and managed in NYC. In contrast to distance buffers that may straddle multiple
precincts, this choice ensures that our primary outcome measure—drug-related arrests—is
accurately captured within a single intervention area of influence. While other neighborhood
delineations offer alternative ways to define local contexts, they often do not correspond
directly with the operational boundaries of police activities. NYPD precincts are large

and complex—with over 117,000 residents in Precinct 34, which contains OPWH, and

over 47,000 residents in Precinct 25, which contains OPEH®4—and, as such, their size

may obscure a hyperlocal effect. However, precincts allowed us to leverage existing
administrative boundaries that directly reflect the operational and reporting structures of

the NYPD as a robustness check to our primary analysis leveraging distance buffers. We
excluded Precinct 22, which has no permanent residents and includes only Central Park,

and Precinct 33, which straddles the precinct in which OPWH is located to avoid spillover
effects, from the possible donor pool. We included all other precincts as potential donors to
ensure a diverse donor pool, maximize the size of our potential donor pool, and minimize
the risk of overfitting in this secondary analysis.

Temporal resolution of impact: To identify the optimal and plausible temporal
resolution for this evaluation, we compared several temporal resolutions within the spatial
zones of impact described above: daily, weekly, monthly, quarterly, and 7- and 30-day
rolling averages. These were selected to reflect potential detectable short-term changes in
police activity (e.g., daily or weekly changes), while including longer time horizons (e.g.,
monthly and quarterly) to assess for potential longer-term changes and reduced noise.?> We
used rolling averages to smooth data, despite the necessary limitations to interpretability.56
Each resolution was assessed for its ability to capture the intervention’s effect on drug-
related arrests over the given time horizon. We used RMSPE to evaluate the fit of each
temporal resolution, aiming to minimize RMSPE while avoiding overfitting. Ultimately,
we selected daily counts of arrests as our temporal resolution of interest, as we were

able to achieve a suitable pre-intervention fit while balancing interpretability. Substantively,
street-level policing can change from day to day, allowing us to estimate granular changes in
community policing activity.

Outcome of interest: We selected counts of drug-related arrests as our outcome
specification, rather than arrest rates, for several reasons. First, arrest counts provide a direct
measure of police activity and intervention impact without requiring population estimates,
which can introduce variability and reduce precision, especially in small, hyperlocal
contexts. Second, using counts the interpretation of intervention effects, making it easier

to track absolute changes in arrests during the pre- and post-intervention periods. Third,
arrests represent an outcome for which an appropriate denominator may not be available, as
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we are unable to assume that all individuals arrested in a given catchment area are residents
of that catchment area. Finally, counts are less susceptible to fluctuations in population size
(which occurred during the COVID-19 pandemic in New York City) than rates, which is
important in the context of differential neighborhood size and hyperlocal targeting by police.
This approach ensures that our analysis accurately reflects the intervention’s direct impact
on drug-related law enforcement.

Plausible comparison group: Regardless of the method used, causal epidemiological
estimation requires a plausible comparison group. In broad terms, this necessitates an
identification of relevant confounding structures and their implications in the hyperlocal
context. When considering hyperlocal impact evaluation in the US, it is crucial that
researchers consider structural confounding due to racial residential segregation,®’ as has
been discussed in detail in the epidemiological neighborhood effects literature,>8-60 and
other manifestations of structural racism.

In our case, our two treated units represent two distinct NYC neighborhoods: East Harlem
and Washington Heights. When considering comparison groups for OPEH and OPWH
with respect to drug-related arrests, we faced challenges due to the unequal distribution

of drug-related arrests across NYC neighborhoods. As displayed in Figure 2, the NYPD
precinct containing East Harlem historically has experienced high levels of drug-related
arrests relative to the rest of NYC, with the mean number of daily drug-related arrests the
highest in this precinct during our study period (January 1, 2014-September 30, 2023). That
one of our treated units is an extreme outlier with respect to our outcome of interest reflects
the historical legacy of racialized policing—both generally and drug policing—in East
Harlem, a historically Black neighborhood.62:62 Inextricable from the history of redlining
and racialized urban development in NYC,3 the history of racialized over-policing in East
Harlem is well documented,54 and, despite changes to racialized policing practices during
the study period (e.g., procedural curtailing of the NYPD’s stop-and-frisk activities at the
start of the de Blasio Administration,5® the emergence of the Black Lives Matter movement
in 2020,56 and a growing popular movement to end racialized policing throughout the years
2014-202157), the legacy of structurally racist policies remains measurable in our outcome
and functions as structural confounding to any hyperlocal estimation of changes in policing
practices in East Harlem.

The method that we used, SCM, rests on the identification of a plausible comparison group
constructed from donor units.*> Given that the spatial zone of impact inclusive of our treated
unit was located in East Harlem—and, thus, necessarily an outlier relative to other potential
donor units across NYC—uwe relied on a model-based approach to identify a plausible
comparison unit, as measured by RMSPE to evaluate model fit. For those models using
donor units with acceptably low RMSPE values, we relied on substantive interpretation

and expertise in collaboration with study community partners to gauge plausibility based

on the computed donor pool and prioritized interpretability of estimates where possible.

We considered the breadth of the donor pool to ensure that models were not subject to
overfitting.68
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Micro vs. macro impacts: When evaluating hyperlocal interventions, the anticipated
impact necessarily is sub-jurisdictional (e.g., community, neighborhood, precinct, or another
spatial zone of impact). Given micro-implementation, multiples of the same intervention
would be implemented within a single parent jurisdiction. As such, researchers must decide
whether to estimate impacts for multiply implemented interventions individually or jointly,
effectively isolating or pooling estimated hyperlocal impacts.

In our case, we estimated the impact of two OPCs in NYC separately, sited in distinct

and separate neighborhoods. We elected to estimate the impacts separately for several
reasons. OPEH and OPWH operate with different staffing models—medically staffed and
peer staffed, respectively. Additionally, the neighborhood surrounding OPEH is an extreme
outlier along our outcome, and the East Harlem and Washington Heights neighborhoods
have distinct sociodemographic profiles.59 Estimating the impacts separately furthers our
substantive interest in OPCs as a potential intervention with which to build community
health equity. This may warrant different approaches due to distinct neighborhood histories,
and we considered that any differential estimates between sites would be meaningful.

Practitioner engagement: Finally, we propose that epidemiological researchers actively
seek the active involvement of the people and institutions responsible for creating,
managing, and acting upon both the hyperlocal program of interest and the data created

and used for any given evaluation. In our case, this included consultation with OPC
program operators and public health agencies. Consistent with principles of community-
based participatory research (CBPR),’? such engagement can support more contextually
appropriate study design, clarify the operational meaning of key outcomes, and improve
interpretation of results. Incorporating practitioner perspectives throughout the research
process may also build trust and facilitate triangulation across studies with divergent
findings,’! such as the current study and prior research on the NYC OPCs.

Sensitivity analyses

Results

Upon selection of a model for our main analyses, we conducted a series of sensitivity
analyses to compare our main analyses to those from a prior published study evaluating

the impact of the NYC OPCs on drug-related arrests.31 These including fitting our model
using the same time period as a prior study (January 1, 2019-December 31, 2022), as well
as using a 200-meter catchment area around the NYC OPCs designed to approximate the
approximately two-block radius enclosed in the tessellated hexagon used by the prior study
(Supplemental Figure).31 As donor units for our SCM in this sensitivity analysis, we used a
200-meter catchment area surrounding both static-site SSPs and static-site and mobile SSPs.

Drug-related arrests

In the 500 meters surrounding OPEH, the average numbers of daily drug-related arrests
were 1.96 in the pre-OPC period (January 1, 2014 — November 30, 2021) and 1.57 in the
post-OPC period (December 01, 2021 — September 30, 2023). In the 500 meters surrounding
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OPWH, the average numbers of daily drug-related arrests were 0.39 in the pre-OPC period
and 0.26 in the post-OPC period.

OnPoint-East Harlem

The East Harlem synthetic control was composed of five donor units with nonzero weights.
The pre-OPC daily drug arrest was well fitted between the 500-meter buffer surrounding
OPEH and its synthetic control (pre-intervention RMSPE = 2.73). Figure 3 displays the
daily counts of drug-related arrests in our primary catchment areas during the study period.
Following the opening of OPEH, the mean absolute difference in daily drug-related arrests
was 0.63 arrests between the synthetic control and the 500 meters surrounding OPEH.
Placebo tests (Figure 4) suggested that these findings were not statistically significant, with
a permuted Pvalue of 0.19, indicating that the difference in drug-related arrests in the buffer
had a higher probability of being due to chance than to the opening of OPEH.

OnPoint-Washington Heights

The Washington Heights synthetic control was composed of four donor units with nonzero
weights. The pre-OPC daily drug arrest was well fitted between the 500-meter buffer
surrounding OPWH and its synthetic control (pre-intervention RMSPE = 1.05). Figure 3
displays the daily counts of drug-related arrests during the study period. Following the
opening of OPWH, the mean absolute difference in daily drug-related arrests was 0.14
between the synthetic control and the 500 meters surrounding OPWH. Placebo tests (Figure
4) suggested that these findings were not statistically significant, with a permuted Pvalue
of 0.22, indicating that the difference in drug-related arrests in the precinct had a higher
probability of being due to chance than to the opening of OPWH.

Consistency of findings across temporal resolutions and comparison groups

Consistent with our considerations for hyperlocal evaluation, we modeled a series of
temporal resolutions and potential donor comparison groups to check the robustness of our
findings (Table 3). In addition to 500-meter buffers surrounding storefront and mobile SSPs,
we modeled the following spatial zones of impact as donor pools for our synthetic controls:
500-meter buffers surrounding only storefront SSPs in NYC and NYPD police precincts.
For each, we modeled the following temporal resolutions of drug-related arrests: weekly,
monthly, quarterly, 7-day rolling average, and 30-day rolling averages. Across all three
spatial zones of impact—when modeled with and without covariates—weekly, monthly,
and quarterly arrests consistently generated poor model fit for OPEH, and monthly and
quarterly arrests generated poor model fit for OPWH, as indicated by the pre-intervention
RMSPE values displayed in Table 3. For example, the pre-intervention RMSPE values for
the weekly, monthly, and quarterly counts of arrests with covariates for OPEH within a
500-meter buffer of NYC storefront SSPs were, respectively, 10.91, 38.42, and 148.03.

For OPWH, the pre-intervention RMSPE values for monthly and quarterly arrests with
covariates in that same catchment area were, respectively, 7.40 and 12.00. For combinations
of spatial zone and temporal resolution with pre-intervention RMSPE values below 5
(indicating acceptable pre-intervention fit), we present substantive estimates in Supplemental
Table 2. Across all scenarios modeled with adequate fit, findings were consistent with our
main results.
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Sensitivity analyses to compare to prior study

Findings from our sensitivity analyses to approximate the assumptions of a prior published
study were consistent with our main analyses and indicated no change in arrest after

the OPCs (Supplemental Table 3). Models using a shorter study period (January 1, 2019-
December 31-2022) and a 200-meter catchment area around static-site and static-site and
mobile SSP donor units were well fitted, with pre-intervention RMSPE values below 5 for
all models for both OPEH and OPWH.

Discussion

In this study, we proposed a series of considerations for epidemiologists and public health
researchers when evaluating the impact of hyperlocal interventions. Key considerations
included the plausible catchment area within which to expect a program impact, the
plausible time period during which a program impact may be detected, the appropriate
specification of a given outcome, the relevant confounding structures and case-specific
implications, and the surrounding jurisdictional context within which a program is
established. These considerations are broadly applicable across epidemiological and public
health research for the evaluation of community health initiatives.

We started by asking: What is the plausible intervention catchment area within which we
would expect to detect program impact? Identification of an appropriate intervention unit

is crucial to all public health evaluation research,’2 but we situated ours in the context of
hyperlocal interventions. In our case study, we selected a 500-meter buffer around each

of the OPCs as the appropriate spatial zone of impact, with police precinct presented

as a secondary catchment area. Our use of a primary distance buffer with a secondary
administrative buffer was in contrast to the two prior studies estimating the impact of the
NYC OPCs on crime, which used only tessellated hexagonal arrays and distance buffers of
500-2000 feet.31:37 Our use of multiple buffers was to avoid the arbitrary exclusion of areas
in the surrounding neighborhoods where OPC clients are known to spend time38 Notably,
prior work using flexible distance buffers to estimate the impact of the NYC OPCs on crime
identified different results depending on the buffer selected,3” underscoring the need for
researchers to pre-specify the plausible spatial zone of impact. Likewise, our choice to use
a 500-meter distance buffer was determined through ongoing engagement with the program
operators, who informed our decisions about how to capture the potential movements of
their client population through administrative data. We saw the balance struck between
hyperlocal programmatic knowledge and rigorous modeling as working within a tradition of
community-engaged epidemiological research.”

After identifying an optimal spatial zone of impact, we turned to the temporal resolution
and outcome of interest. Here we sought to balance the applied context within which
drug-related arrests occur, interpretability of results for clear communication to practitioner
partners, and appropriate model fit. The two prior studies of the NYC OPCs used

monthly and weekly counts of arrests.3137 In our case, we selected daily counts, because
we were unable to achieve suitable model fit for weekly or monthly counts for both
treatment precincts. While we achieved suitable fit using rolling averages—consistent with
other literature assessing highly variable outcomes’4—the challenges to interpretation of
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these outcomes for our practitioner partners positioned them as suboptimal for our case.
Instead, we considered our rolling average models as confirmatory of our primary findings.
Likewise, police behavior, which drives arrests, can shift at a daily unit of time,’® imbuing
confidence in our use of a daily resolution.

Finally, we considered the relevant, hyperlocal confounding structures and, once identified,
assessed how they relate to our choice to estimate separate or joint program impacts. In
our case, the primary confounding structure was the history of racialized drug policing

in East Harlem, which necessarily positioned the neighborhood as an outlier in NYC

for drug-related arrests.”®77 While the historical disparities in drug enforcement are
well-documented, the East Harlem neighborhood’s density of social and health services
and frequent citizen complaints related to “quality-of-life” issues may also contribute to
heightened police presence and enforcement.”87° Our study does not seek to adjudicate
these complex and interrelated drivers of disparities in drug enforcement but rather our
evaluation framework highlights the need to account for structural and community-driven
influences on law enforcement at the hyperlocal level. Given East Harlem’s outlier status,
we considered this confounding structure as central to our analysis and ability to evaluate
the OPC’s impact. Thus, we prioritized model fit for East Harlem, interpretability of our
findings, and estimated separate, rather than joint, OPC effects.

Comparison with prior studies

To assess why our findings differed from those of a prior study (Chalfin et al.) that
estimated an 83% reduction in drug-related arrests in the neighborhoods surrounding the
NYC OPCs, we conducted sensitivity analyses to approximate their study period (January
1, 2019-December 31, 2022, compared with our January 1, 2014-September 30, 2023)

and catchment area used to identify comparison groups (a 200-meter buffer around SSPs

to approximate their roughly two-block tessellated hexagon). Across these analyses, our
findings were consistent with our main results: We estimated no difference in the change

in neighborhood-level drug-related arrests before and after the NYC OPCs relative to the
synthetic control. While we did observe an absolute decrease in the number of average daily
arrests between our pre- and post-OPC periods, we did not estimate these findings to be
different from the comparison group. This suggests that the differences between our findings
and those of the prior study are unlikely to be driven by the study period selected but rather
may be determined by pre-intervention trends in the outcome between treated and control
groups, as well as the method selected (i.e., SCM vs. DID).

A key difference between our study and a prior evaluation of the impact of the NYC OPCs
on drug arrests was our respective selection of comparison groups.3! The prior study used
a DID approach with buffers surrounding non-OPC SSPs as the primary comparison group,
whereas we employed the SCM and selected donor units based on model fit. While DID

is a powerful approach when parallel trends can be assumed, its validity depends on the
pre-treatment similarity between intervention and comparison groups.8% However, SSPs in
NYC are not randomly distributed, and many are sited in unique neighborhood contexts
with varying levels of drug enforcement, structural policing practices, and community
characteristics.81
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The empirical tests of parallel trends that Chalfin et al. presented raise concerns about

the validity of this assumption in their study, which the authors acknowledge in the
supplement to their published paper. Specifically, they present marked differences in pre-
intervention trends for drug-related arrests which reflect, as they state, “considerably higher
preintervention levels of drug arrests than comparison sites” (Chalfin et al. Supplement

1, p. 3). Given the higher levels of pre-intervention drug arrests among treated sites,

the NYC OPC use case may violate the parallel trends assumption on which the prior
study’s DID design hinges, introducing the possibility of residual confounding in their DID
estimates.82 Our use of the SCM directly addresses this issue by ensuring trend equivalence
in the pre-intervention period. This is an especially important consideration when evaluating
interventions in neighborhoods with structurally distinct drug enforcement histories, such as
East Harlem.

Our use of SCM leveraged a data-driven selection of comparison units, weighting donor
units to best approximate pre-intervention trends around the OPCs.#® This approach
explicitly prioritized comparability in outcome trajectories, reducing confounding bias
introduced by unmeasured structural differences across neighborhoods, assuming that
neither the OPCs nor other SSPs are randomly assigned to neighborhoods in NYC.83
While SCM in our use case did not impose a strict “apples-to-apples” comparison, it
facilitated estimation of the counterfactual by ensuring that synthetic control units shared a
similar pre-intervention trajectory in drug-related arrests.** We acknowledge that the prior
study’s use of DID aligns with programmatic logic and represents a meaningful alternative
approach. However, given the structural disparities between neighborhoods in which OPCs
and non-OPC SSPs are located and the challenges in achieving parallel trends across these
units, our approach offers an alternative framework that may be particularly useful when
policy evaluations are concerned with hyperlocal implementation contexts.83

A further key difference between our approach and that of Chalfin et al. is that we estimated
disaggregated impacts for East Harlem and Washington Heights, rather than pooling them
into a single treatment group as was done in the prior study. Our choice reflects both
substantive and methodological considerations related to the evaluation of micro vs. macro
impacts at the hyperlocal level. As we discussed, East Harlem is a structural outlier in
drug-related arrests in NYC, with levels exceeding those of all other treated and control
neighborhoods in both the present and prior studies. We suggest that pooling the effect of
such a structurally distinct site (East Harlem) with another, non-outlier site (Washington
Heights) risks obscuring meaningful heterogeneity and potentially introducing bias into
estimates of overall intervention impact.84 By modeling the two OPCs separately, we sought
to preserve internal validity across the two sites and allow for clearer interpretation of
hyperlocal effects.

Additionally, it remains possible that our definition of drug-related arrests differed from
that the prior study’s; the NYS Penal Codes used to defined drug-related arrests were not
reported in the prior publication.3! Ultimately however, findings from both this and the
prior study estimate no /increase in drug-related arrests in the time after the NYC OPCs
opened. As such, we see our findings as consistent with the prior study’s inasmuch as both
studies’ findings offer evidence that the NYC OPCs did not increase drug-related crime—
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and concomitantly, drug enforcement measured by arrests—findings that are consistent with
studies conducted in other countries.32:85

As epidemiologists expand partnerships with local communities, consideration of the
hyperlocal context is an increasingly essential piece of program and policy evaluation.
While our framework was applied to a novel drug policy implemented at the neighborhood
level in NYC, we see the considerations that we outline as applicable to a broad range of
public health programs implemented hyperlocally, including across injury prevention (e.g.,
community-based violence prevention programs®®), chronic disease (e.g., community health
worker models for care engagement87), and infectious disease (e.g., locally implemented
COVID-19 responses®8). In sum, our case study illustrates the need for context, clarity, and
practitioner engagement across the full life of the program or policy evaluation to maximize
rigor when presented with hyperlocal problems.89

This study has several limitations. First, although we achieved acceptable preintervention

fit between East Harlem and its synthetic control, our East Harlem synthetic control

was constructed with a small number of donor units (1-5 donor units), variable by the
spatial zone of impact and temporal resolution. However, the unique history of drug
policing in East Harlem positioned it as an extreme outlier along our outcome, which
presented serious challenges to the identification of a counterfactual in the hyperlocal
context. We considered overfitting when assessing models with few donor units, opting

not to present models with a single donor unit as our primary result.58 However, we
acknowledge that this approach does not fully eliminate the risk of overfitting. Future
studies should consider incorporating formal validation techniques, such as cross-validation
or alternative regularization approaches, to further reduce the risk of overfitting in the
context of hyperlocal program evaluation.®? Relatedly, while our use of the SCM allowed
for the selection of donor units that best approximated preintervention trends, no comparison
unit can fully capture the structural and historical factors that shaped enforcement in this
neighborhood. Given this, our framework offers a strategy for applied epidemiologists and
public health researchers to consider structural confounding in the face of similar challenges
to hyperlocal program evaluation. Future research could consider the use of novel methods
to outlier detection and synthetic control estimation as strategies to impact evaluation in the
presence of structural racism and other structural confounding.9!

Second, the synthetic control method may be subject to residual and unmeasured
confounding and, as such, our estimated synthetic control may not provide a good estimation
of the counterfactual. However, given that we achieved acceptable pre-intervention fit

for both treated sites, it is unlikely that we are subject to large degrees of unmeasured
confounding.92 Relatedly, the quality of synthetic controls depends on the selection of donor
units.%3 Given the structural uniqueness of East Harlem as an outlier in drug-related arrests,
our pool of comparable donor units was constrained. We mitigated this by ensuring that

no single donor unit dominated the synthetic control weights and by conducting sensitivity
analyses using alternative donor pools. Likewise, SCM also does not generate traditional
confidence intervals but relies on permutation-based inference, which may be sensitive to
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the number of available donor units.%* To account for this, we used placebo tests to assess
statistical significance and evaluated multiple model specifications for consistency. While
SCM offers advantages over DID when parallel trends cannot be assumed,® our findings
differ from prior DID-based analyses, likely due to differences in pre-intervention trends
between treated and comparison units. Despite these limitations, our findings remained
stable across multiple sensitivity analyses, reinforcing the robustness of our conclusions.

Third, as a demonstration of our considerations for applied epidemiologists and public
health researchers, our case study focused on drug-related arrests and did not assess other
policing outcomes relevant to the growing OPC literature (e.g., public order policing,
violence-related arrests).3! Future evaluation research should consider these and other
outcomes (e.g., emergency service calls, community complains for litter) to generate a more
comprehensive view of the neighborhood-level impacts of OPCs, and our framework may
be useful in the conduct of those studies. Fourth, our outcome was drug-related arrests,
which reflect police enforcement against drug-related crimes and serve as an imperfect
proxy for drug-related crime. As such, we are unable to interpret our findings as causally
related to the impact of OPCs on drug-related crime in neighborhoods following their
implementation. Likewise, police maintain considerable discretion related to enforcement
during stops,% and we are unable to assess changes in police behavior around the NYC
OPCs, as well as policing strategy, discretion, or policy maintained at an institutional level
over the study period. As stated above, non-peer-reviewed reports have suggested that
neighborhood enforcement practices may have changed after the OPCs opened.38 Likewise,
it remains possible that the launch32 and continued operation of the NYC OPCs may reflect
in part an evolving law enforcement posture toward harm reduction in the US,%” which may
influence the implementation and sustainability of these and other such sites. Future research
may consider, where possible, direct indicators of police deployment, discretion, or policy
change—including police stops as a prelude to arrest—to further interpret and contextualize
the hyperlocal effects of OPCs.

Despite these limitations, given the history of over-policing in NYC—in particular, in
East Harlem®1.62__and consistently high levels of drug enforcement activity in both
neighborhoods during our study period, we posit that it is unlikely that our findings are
driven by substantial changes in police activity.

Fifth, our decision to use drug-related arrest counts rather than rates was intended to avoid
reliance on potentially unstable denominator estimates, particularly in a hyperlocal context
where precise population estimates may be difficult to ascertain. However, this approach
assumes a relatively stable underlying population over time,%8 which we did not explicitly
test. As such, it is possible that population shifts in NYC—such as those influenced by
COVID-19 or broader neighborhood demographic changes—could have contributed to
observed trends.%® Future research could explore the impact of population changes on arrest
patterns to better contextualize hyperlocal enforcement dynamics.

Sixth, while our study did not detect a statistically significant change in drug-related
arrests following OPC implementation, this does not preclude the possibility of a small
but meaningful effect. The permuted A-values that we estimated (0.19 for OPEH, 0.22 for
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OPWH) indicate a potential for Type Il error.190 As such, it is important to caveat that our
findings of statistical non-significance do not necessarily imply a definitive absence of effect
but rather that any potential change may be smaller than our study was powered to detect,
particularly in the context of low arrest counts in our small catchment area.19° However, our
triangulation of findings across donor pools and catchment areas indicates consistency in our
results.

Seventh, our selection of our primary and secondary spatial zones of impact were informed
by ongoing engagement with program operators to ensure alignment with service delivery
and administrative data structures. However, we recognize that this approach does not
fully capture the perspectives of OPC practitioners, clients, and other community members
who interact with these spaces and their surrounding neighborhoods, nor does it capture
the perspectives and input of the creators and stewards of the administrative data that we
used (i.e., NYPD). Incorporating insights from people with lived experience—including
OPC participants and residents of their surrounding neighborhoods—and relevant data
stewards—including NYPD officers and administrators working in the relevant precincts
—could further enhance the validity of spatial assumptions made in future crime-related
OPC research, as well evaluation research in other hyperlocal contexts, to ensure that
studies reflect community-identified realities and priorities.101.102 We suggest that future
research explicitly engage CBPR principles to avoid a potential “arm’s length approach”
to epidemiological research,103 ensuring that community-level evaluations are in fact
community-based evaluations.

Conclusions

This study discussed a series of considerations for the epidemiological impact evaluation of
hyperlocal programs and demonstrated the application of the considerations to a case study
of the NYC OPCs. As an evaluation support tool, our considerations have the potential to
inform the generation of epidemiological evidence about hyperlocal health programs, which
require particular care from evaluators when compared to policy evaluation or patient-level
program evaluation.
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Highlights
. We present an epidemiologic framework to evaluate hyperlocal health
interventions.
. We applied our framework to evaluate New York City’s overdose prevention
centers.
. We estimated the centers’ impacts on drug arrests using a synthetic approach.
. We found no neighborhood change in drug arrests post-implementation.
. Our framework can guide future evaluations of hyperlocal interventions.
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Figure 1.
Location of overdose prevention centers and syringe service programs with 500-meter

buffers
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Figure 2. Mean number of daily drug-related arrests by New York City police precincts, January
1, 2014-September 30, 2023

Note: Boundaries denote New York City police precincts; points reflect donor sites with
500-meter buffers
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Figure 3. Daily counts of drug-related arrests, 500-meter buffers centered around East Harlem
and Washington Heights overdose prevention centers, January 1, 2014-September 30, 2023

Note: OPEH vs. synthetic OPEH (A) and OPWH vs. synthetic OPWH (B), January 1,
2014-September 30, 2023. The vertical lines indicate the opening of the overdose prevention
center services. All control units reflect an unweighted average of daily drug arrest counts
over the study period, inclusive of all control buffers surrounding syringe service programs.
Abbreviations. OPEH, OnPoint-East Harlem; OPWH, OnPoint-Washington Heights
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Figure 4. Placebo tests of daily drug-related arrests, 500-meter buffers centered around East
Harlem and Washington Heights overdose prevention centers, January 1, 2014-September 30,

2023

Note: Each panel displays the difference between the observed and estimated daily counts of
drug-related arrests within 500-meter, circular buffers centered around surrounding OnPoint-
East Harlem (A) and OnPoint-Washington Heights (B). The vertical lines indicate the

opening of the overdose prevention center services.

Abbreviations. OPEH, OnPoint-East Harlem; OPWH, OnPoint-Washington Heights
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Considerations for the evaluation of hyperlocal public health programs using secondary data

Consideration

Guiding Question

Case Application

Spatial zone of impact

What is the plausible intervention catchment area within
which we would expect to detect program impact?

Considered distance-based and administrative
catchment areas

Temporal resolution of
impact

What is the plausible time period during which an
intervention impact could be detected?

Considered daily, weekly, monthly, quarterly
counts and 7- and 30-day rolling averages

Outcome of interest

What is the appropriate specification of the outcome?

Considered counts versus rates of drug-related
arrests

Plausible comparison
group

What are the relevant confounding structures and their
implications in the hyperlocal context?

Considered neighborhood historical context as
related to racialized policing as a structural
confounder

Micro vs. macro impacts

What is the surrounding jurisdictional context within which
we could estimate individual or joint impacts of multiple,
hyperlocal interventions?

Estimated intervention impacts separately due
to differences between program operations and
surrounding neighborhoods

Practitioner engagement

How have the individuals or institutions responsible for
implementing the intervention and generating the relevant
data been engaged in the design or interpretation of the
evaluation?

Ensure collaborative research design and
interpretation with program operators (i.e.,
OnPoint NYC) and creators and stewards of
relevant administrative data (i.e., NYPD)
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Table 2.
Difference in daily drug-related arrests between East Harlem and Washington Heights 500-meter buffers and

synthetic controls in the postimplementation period, November 30, 2021-September 30, 2023

Variable East Harlem | Washington Heights
Mean post-OPC difference 0.63 0.14
Pre-RMSPE 2.73 1.05
Post-RMSPE 2.20 0.74
Post/pre-RMSPE ratio 0.81 0.71
Permutation ratio (permuted A) 0.19 0.22

Abbreviations. OPC, overdose prevention center; RMSPE, root mean squared prediction error

Note: Synthetic control donors included all stationary and mobile syringe service programs in New York City
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Table 3.

Pre-intervention model fit comparisons

Root Mean Square Prediction Error

Outcome East Harlem Washington Heights
Synthetic Control Donors: Stationary Syringe Service Programs (500-meter buffer)
Daily Arrests 2.99 1.02
With covariates 2.72 1.06
7-day Rolling Average of Daily Arrests 1.59 0.41
With covariates 1.55 0.42
30-day Rolling Average of Daily Arrests 1.30 0.25
With covariates 1.29 0.25
Weekly Arrests 11.17 2.79
With covariates 10.91 2.92
Monthly Arrests 38.67 7.44
With covariates 38.42 7.40
Quarterly Arrests 148.03 18.05
With covariates 148.03 12.00

Synthetic Control Donors: All Syringe Service Programs (Stationary and Mobile, 500-meter buffer)

Daily Arrests 2.99 0.99
With covariates 2.73 1.05
7-day Rolling Average of Daily Arrests 1.59 0.39
With covariates 1.56 0.40
30-day Rolling Average of Daily Arrests 1.30 0.24
With covariates 1.29 0.23
Weekly Arrests 11.17 2.68
With covariates 11.00 2.80
Monthly Arrests 38.67 7.16
With covariates 38.61 6.68
Quarterly Arrests 148.03 16.51
With covariates 148.03 13.76

Synthetic Control Donors.: New York City Police Precincts

Daily Arrests 4.67 1.53
With covariates 4.18 1.56
7-day Rolling Average of Daily Arrests 2.39 0.62
With covariates 2.28 0.61
30-day Rolling Average of Daily Arrests 1.48 0.405
With covariates 1.43 0.34
Weekly Arrests 16.94 4.31
With covariates 16.26 4.15
Monthly Arrests 43.19 12.12
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Root Mean Square Prediction Error
Outcome East Harlem Washington Heights
With covariates 41.60 10.16
Quarterly Arrests 126.14 26.33
With covariates 119.28 14.40

Note: Excluding Precinct 22 (Central Park) and Precinct 33 (precinct Washington Heights location straddles)
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