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In the United States, drug abuse continues to be a crucial public health challenge, especially in major cities like New York City.
The impact of drug activity isn’t simply confined to its clinical effects, and public drug use visibility undermines community
safety and well-being. While supervised consumption sites (SCS) have been reported to reduce overdose deaths and infectious
disease transmission, far less is known about their influence on public drug use visibility in surrounding neighborhoods. To
address this gap, this study analyzes the spatial relationships between the two SCS in New York City and two measures chosen
to serve as proxies for public drug use: EMS drug-related calls and 311 syringe disposal complaints. EMS calls showed modest
but significant clustering before and after SCS intervention (pre: I = 0.363, p = .003; post: I = 0.301, p < .001). 311 syringe
complaints also demonstrated slight but significant clustering in both time periods (pre: I = 0.146, p = .047; post: I = 0.260,
p = .006). Difference-in-differences estimates from a balanced ZIP code-month panel indicated a 2.5% reduction in EMS calls
(95% CI: [-27.0, 30.2]) and a 34.9% reduction in syringe complaints (95% CI: [-67.0, 28.7]) in areas near SCS. However, neither
of these estimates was significant. Event-study estimates showed that only the four months preceding the establishment of SCS
passed the parallel trends assumption and thus these estimates should be taken as associations rather than causal effects. Lastly,
four socioeconomic factors including non-white percentage, private insurance percentage, poverty rate, and median age were
tested for associations with proximity to SCS. Higher non-white percentage (p-adjusted = .018) and poverty rate (p-adjusted =
.007) were significant after Bonferroni correction, as well as lower private insurance percentage (p-adjusted = .005). Coupled
with Local Moran’s I analysis that highlighted ZIP codes in Midtown Manhattan as hotspots of EMS calls and 311 syringe
complaints, these results raise questions about what aspects should be considered when deciding present and future site locations.
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in addition to a biomedical issue.
To address these concerns, OnPoint NYC opened the first
publicly recognized supervised consumption sites (SCS) in the

Introduction

Drug use continues to be a serious public health issue in the

United States. Despite recent decreases in annual overdose
deaths, tens of thousands of Americans still die due to drug
overdoses year after year!. Within the United States, efforts
have been focused on combating the mortality rate and an-
alyzing law enforcement’s approaches to curb sale of drugs
and drug use?. However, less is known about the impact that
visibility of drug use in public spaces has on the communi-
ties hardest hit by the drug epidemic and its role in the drug
epidemic as a whole?. Discarded syringes, public drug con-
sumption, and overdose events increase the risk of physical
ailments like bloodborne infections as well as elevating fear,
stress, and the promotion of unsafe behaviors among the youth
population?. As these factors erode public trust and safety?,
drug use must be reexamined as a socio-environmental issue
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United States in two sites in New York City (NYC). Funded
by the NYC council, the OnPoint SCS are a part of a harm
reduction strategy to address the clinical and social conse-
quences of unsupervised public drug use®. These clinical
consequences include overdose, infectious disease, injection-
related injuries®, and acute medical complications such as
seizures’. By providing a space where people can consume
drugs safely under medical supervision, the SCS can reduce
overdose deaths and the transmission of infectious diseases?.
SCS staff are trained to intervene during an overdose, typi-
cally by administering naloxone, and to provide sterile injec-
tion equipment> which also reduces the risk of bloodborne in-
fections such as hepatitis C3. Previous studies from the United
States and other countries have shown that SCS are effective in
these clinical settings*-'?. In just the first two months of oper-
ation, the two OnPoint sites have recorded thousands of visits
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and over a hundred occurrences where the staff successfully
intervened in overdose events'!. SCS have also been noted to
reduce improperly discarded syringes and public drug use '>.
Additionally, the sites connect visitors to detoxification and
housing services, healthcare, and social support systems, al-
lowing SCS to impact both clinical outcomes and how drug
use proliferates throughout public spaces>!3.

However, as stated before, most existing research on the
impacts of SCS has been focused primarily on individual
health outcomes, leaving broader community effects largely
unexamined 3. Even among studies that do evaluate the
neighborhood-level impacts of SCS, few account for the so-
cioeconomic context in which the neighborhoods exist even
though neighborhoods in NYC vary widely in resources, in-
frastructure, and baseline exposure to drug-related harms 4.
Without accounting for these socioeconomic differences, it re-
mains unclear whether SCS meaningfully reduce visible drug
activity in surrounding neighborhoods or simply displace it
spatially 1. As a result, our understanding of how SCS shape
everyday experiences of New Yorkers remains limited.

To address this gap, our study conducts a geospatial anal-
ysis of SCS using publicly available data that act as a proxy
indicator of public drug visibility. 311 syringe disposal com-
plaints and emergency medical services (EMS) drug-related
calls data are accessed through NYC Open Data. By examin-
ing how patterns of public drug use change with distance from
the sites and factoring in underlying neighborhood socioe-
conomic characteristics, this research investigates how SCS
proximity is associated with visible drug-related activity.

Methods

To evaluate if SCS influence public drug visibility, this study
used a pre-intervention/post-intervention design where the in-
tervention is the opening of the SCS. There was a six-month
buffer period after the first date of the OnPoint SCS opera-
tion on November 30, 2021. This buffer period was created
to address how changes observed immediately after the open-
ing date cannot be attributed to the intervention alone since the
sites require time to be established within the community %17,
Therefore, the post-intervention period effectively started on
June 1, 2022. The buffer period was not cut out of the data
analysis and was instead an estimated term in the models to
test if there was any change during the buffer period.

The EMS calls data spanned from July 2018 to July 2024
while the 311 syringe complaints spanned from November
2019 to July 2024. The 311 syringe data had a shorter time
window because the data prior to November 2019 was not
available for collection. The two time windows both ended
on July 2024 for comparability.

The COVID-19 pandemic posed an issue in how it might af-
fect the underlying proxies during the pre-intervention period.

Due to the disruptive nature of the pandemic ¥, we decided to

exclude data from March 2020 (first confirmed COVID case
in NYC) to June 2021 (New York State fully reopens).
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Figure. 1 Timeline of EMS Drug-Related Call Study Periods
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Figure. 2 Timeline of 311 Syringe Disposal Complaint Study Peri-
ods

Both the EMS calls data (dataset ID: 76xm-jjuj) and the 311
syringes data (dataset IDs: erm2-nwe9 and 76ig-c548) origi-
nated from NYC Open Data. The EMS calls data contained
a wide variety of incident types that the New York City Fire
Department responded to and only the incidents that pertained
to overdose reports and drug-related emergencies were filtered
for the study. For the 311 syringes data, the original dataset in-
cluded all 311 service requests, so a filter for syringe-related
requests was implemented. All data was further filtered to
only include events that occurred in Manhattan specifically.
The 311 syringes data was point-based, with a latitude and
longitude coordinate for each complaint, while the EMS calls
data was pre-aggregated at the ZIP code level. Thus, to main-
tain the same level of granularity across the two datasets, the
311 syringe points were also aggregated at the ZIP code level.
Ultimately, both datasets were converted to ZIP code-month
units for analysis. ZIP code shapefiles from the U.S. Census
Bureau were used to define the boundaries of each ZIP code
for spatial joining and plotting.

The locations of the two SCS were collected by convert-
ing the official addresses of the two sites given by OnPoint
NYC into latitude and longitude. ZIP codes were then ei-
ther classified as “near” or “far” using a contiguity-based ap-
proach where any ZIP code that contained an SCS or shared a
boundary with a ZIP code containing an SCS was classified as
“near”. All remaining ZIP codes were classified as “far”.

Poverty rate, percentage of privately insured individuals,
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percentage of non-white individuals, and median age were the
four socioeconomic factors selected based on established so-
cial determinants of health!®. The socioeconomic data was
obtained from the U.S. Census Bureau and was pre-aggregated
at the ZIP code level. Poverty rate and private insurance cov-
erage rate measure economic stability and access to healthcare
as most private insurance is directly tied to full-time employ-
ment?’. The percentage of non-white individuals captures
disparities in healthcare access. In addition, it reflects how
drug enforcement has historically focused disproportionately
on marginalized communities?!. Median age was included
since mortality rates>> and public drug use rates vary across
age groups.

For analyzing the spatial clustering of both outcomes (EMS
calls and 311 syringe complaints), we used Global Moran’s I
to measure global spatial autocorrelation. Moran’s I can show
if nearby areas resemble each other more than expected by
random chance and has been applied in previous drug-related
spatial epidemiology studies?}. Values for I range from —1
(perfect dispersion) to +1 (perfect clustering), with —1/(n—1)
indicating a random spatial distribution. In our analysis, this
expected value for spatial randomness was —0.022.

In preparation for the Moran’s I analysis, we constructed
spatial weights via row-standardized queen contiguity. The
spatial matrix encoded which ZIP codes are neighbors by
sharing a boundary with one another. Then, Moran’s I
values and their respective significance were calculated for
the pre-intervention and post-intervention periods with 999
permutation-based Monte Carlo simulations. Since Global
Moran’s I cannot specify where the clustering exists, we also
computed Local Moran’s I and statistical significance for both
time periods. The Local Moran’s I analysis allowed us to in-
vestigate if the significantly clustered neighborhoods coincide
with the ZIP codes containing the SCS. This analysis relied
upon the same definition of neighbors and the same number
of Monte Carlo simulations for statistical significance. The
p-values were adjusted with the Benjamini-Hochberg correc-
tion to account for multiple testing. Both the global and local
statistics were computed on event rates per resident rather than
on raw counts because counts rise with population, so clus-
tering measured on counts partly reflected where people live
rather than where drug-related activity is concentrated.

To investigate the association between the establishment
of SCS and the two proxies of public drug use (EMS calls
and 311 syringe complaints), we employed a difference-in-
differences (DiD) analysis that could compare the changes in
the rates of these outcomes across different time periods and
proximities. Each proxy’s dataset was converted into a ZIP
code—month panel where each month for each ZIP code has
its own row with a count. If a certain ZIP code-month did not
have an event for a particular month, that row was kept, but
ZIP codes that did not have any events across all months were

excluded. In total, the EMS panel had 2,622 rows (46 ZIP
codes over 57 months) while the 311 syringe complaints panel
had 1,886 rows (46 ZIP codes over 41 months). The panels
also included if a ZIP code is near an SCS or not and which
time period (pre vs. post-intervention) the row belonged to.

We modeled the EMS call and 311 syringe complaint counts
using a Poisson regression with ZIP code and month fixed ef-
fects. The panels also included population counts, allowing
us to offset population estimates as rates instead of the raw
counts. To check for the Poisson modeling assumptions, dis-
persion statistics were also computed. Since there are only two
SCS, we supplemented conventional inference with random-
ization inference where treatment was reassigned at random
to 1,000 placebo pairs of ZIP codes more than 2 miles away
from a SCS and the placebo results were compared to the ac-
tual estimates. The standard errors were clustered by ZIP code
to account for error correlation within neighborhoods.

An event-study model was used to evaluate the parallel
trends assumption with separate estimates for each month be-
fore and after the intervention relative to the month before
SCS opening. Pre-intervention coefficients were tested jointly
for the entire pre-intervention period (including the pandemic)
and then also separately for pre-pandemic months, pandemic
months, and four months right before the sites opened. Given
the small number of treated areas, these tests were repeated
using a small-sample correction (CR2 and Hotelling’s distri-
bution). Sensitivity analyses using the Rambachan and Roth?*
method assess the robustness of the results by investigating
how large a difference from parallel trends would be needed
to overturn the finding.

Additionally, supplementary analyses performed robustness
checks and tested for confounding factors. We estimated four
placebo models that each used a fake opening date during the
pre-intervention time period. Next, we estimated the effects
separately for the East Harlem SCS site and the Washington
Heights site to check if combining the sites hide certain pat-
terns and signals. Then, we repeated the analysis with four
different definitions of the comparison group: all other ZIP
codes, ZIP codes > 2 miles from a site, 20 ZIP codes matched
based on pre-intervention rates and trends, and 1,000 meter
radius buffers around each site rather than relying upon ZIP
code boundaries and contiguity. Also, we analyzed potential
spillover effects by estimating associations across various dis-
tance bands of < 0.5 miles, 0.5 — 1 mile, 1 — 2 miles, and 2 — 3
miles from a site, relative to ZIP codes > 3 miles away. Lastly,
to account for other syringe service programs (9 operating in
Manhattan), we identified ZIP codes within 1,000 meters of
each program site and re-estimated models while adjusting for
their presence and excluding these ZIP codes from the com-
parison group.

For assessing the associations between socioeconomic fac-
tors and proximity to a SCS, we utilized a logistic regres-
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sion model where the covariates are non-white percentage,
private insurance percentage, poverty rate, and median age.
The outcome variable was whether a ZIP code is near a SCS
by the same contiguity definition used in prior analyses. Non-
white percentage, private insurance percentage, and poverty
rate were scaled per 10 percentage point increase. We an-
alyzed multicollinearity using variance inflation factors and
strength of model fit using McFadden’s pseudo-R-squared and
the Hosmer-Lemeshow test. Given the limited sample size of
46 ZIP codes where only 10 are considered near a SCS, we
also estimated univariate models and applied Bonferroni cor-
rection to the p-values.

Results

EMS Calls Percentile
100
50

25
0

[7]scs

@® Syringe Complaints

Figure. 3 Spatial Distribution of EMS Calls, Syringe Complaints,
and SCS Locations in Manhattan

We first tested whether drug-related events were geograph-
ically clustered rather than spread evenly across Manhattan,
using Moran’s I separately for the periods before and after
the sites opened. For EMS calls, Moran’s I was 0.363 before
the intervention (p = .003) and 0.301 after (p < .001). Both

values are positive and statistically significant, meaning EMS
calls were concentrated in particular areas rather than scattered
randomly, and that concentration did not change after the sites
opened. Syringe complaints showed a similar pattern. Be-
fore the intervention, Moran’s I was 0.146 (p = .047), consis-
tent with a slightly clustered distribution. Afterward, it rose to
0.260 (p = .006). Both proxies showed significant clustering
in all periods and no meaningful change between them.

Local Moran's I, EMS drug-related call rate, post-intervention

High-High
Low-High

Not significant

Open circles mark supervised consumption site locations.

Figure. 4 Local Moran’s I for post-intervention EMS call rates per
10,000 residents. Significant clusters (p < .05) are shaded; open cir-
cles mark the two supervised consumption sites, neither of which
falls within a significant cluster.

The local statistics showed where the clustering sits. For
EMS calls, three of the 46 ZIP codes showed significant local
clustering after the intervention. Two formed a cluster of high-
rate areas in Midtown Manhattan (10017 and 10036) and one
was a low-rate area below a high-rate area (10016). Neither
ZIP code hosting a site showed significant clustering: East
Harlem returned a local Moran’s I of —0.132 (p = .868) and
Washington Heights 0.084 (p = .370). The concentration of
drug-related emergency calls detected by the global statistic
is therefore in Midtown, not in the neighborhoods where the
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Local Moran's 1, 311 syringe complaint rate, post—intervention
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Figure. 5 Local Moran’s I for post-intervention 311 syringe com-
plaint rates per 10,000 residents. Significant clusters (p < .05) are
shaded; open circles mark the two supervised consumption sites, nei-
ther of which falls within a significant cluster.

facilities are located.

Similarly, the Local Moran’s I results for the 311 syringe
complaints showed four non-site ZIP codes as significant post-
intervention. The significant ZIP codes are located in Mid-
town Manhattan (10016, 10017, 10018, and 10036) and are
high-rate areas. Again, neither East Harlem, with a local
Moran’s I of —0.013 (p =.813), nor Washington Heights, with
a local Moran’s I of —0.503 (p = .469), showed significant
clustering.

The difference-in-differences analysis compared how EMS
calls and syringe complaints changed near the sites against
how they changed elsewhere. For EMS calls, the estimate was
—0.0253 (SE =0.1475, p = .864), a 2.5% reduction in near ar-
eas relative to comparison areas, with a 95% confidence inter-
val running from a 27.0% reduction to a 30.2% increase. For
syringe complaints, the estimate was —0.4286 (SE = 0.3475,
p =.217), a 34.9% reduction, with a confidence interval from
a 67.0% reduction to a 28.7% increase. Neither result can be

distinguished from no change at all. The terms for the six-
month establishment buffer were close to zero for both out-
comes (EMS: 0.0005, SE = 0.1570; syringe: 0.0562, SE =
0.2291), showing no differential change before the sites were
fully running.

Dispersion statistics were 2.53 for EMS calls and 1.51 for
syringe complaints. Values above 1 mean the data vary more
than a Poisson model assumes, which was most pronounced
for EMS calls, so we refitted both models using a negative bi-
nomial specification that allows for this extra variation. Under
that specification the EMS estimate was 0.0407 (SE = 0.0969,
p = .674), a 4.2% increase with a confidence interval from a
13.9% reduction to a 25.9% increase, and the syringe estimate
was —0.3789 (SE = 0.3349, p = .258), a 31.5% reduction with
a confidence interval from a 64.5% reduction to a 32.0% in-
crease.

The EMS estimate changes direction between the two mod-
els, from a 2.5% reduction to a 4.2% increase, while remain-
ing indistinguishable from zero in both. The syringe estimate
holds steady in both direction and size across specifications.
Because the syringe models exclude seven ZIP codes with no
complaints in any month, they are fitted to 1,599 rather than
1,886 ZIP code-months.

EMS drug-related calls, full study period
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Figure. 6 Event-study estimates for EMS drug-related calls, full
study period. Points are log rate ratios for near-SCS ZIP codes rel-
ative to comparison ZIP codes, with November 2021 (month —1) as
the reference. The elevated period from approximately month —21 to
—7 corresponds to March 2020 through May 2021. Months 0 through
5 are the establishment buffer.

The event-study estimates test whether near and far areas
were following similar paths before the sites opened. For
EMS calls, a joint test of all the pre-intervention terms re-
jected that assumption (F = 3.32, p < .001). Breaking the
pre-intervention period into windows showed the problem was
not limited to the pandemic. The months before March 2020
rejected the assumption (F = 3.17, p < .001), as did the pan-
demic months themselves (F = 5.86, p < .001), but the four
months immediately before the opening did not (F = 0.87,
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Table 1 Results of Spatial Clustering and Difference-in-Differences Analyses for EMS Calls and 311 Syringe Disposal Complaints
Moran’s I [Estimate (p)] DiD [Estimate (p)]
Pre-intervention Post-intervention Pre-intervention SCS Proximity
EMS Calls (2,622 ZIP code-months) 0.363 (p = .003) 0.301 (p < .001) — — —0.025 (p = .864)
311 Syringes (1,886 ZIP code-months) 0.146 (p = .047) 0.260 (p = .006) - — ~0.429 (p = .217)

Note. Difference-in-differences estimates are from Poisson models fitted to the ZIP code—month panel with ZIP code and calendar-month
fixed effects and a log-population offset. The pre-intervention and SCS proximity terms are absorbed by the fixed effects and are therefore not
estimated separately. Coefficients are on the log scale; exponentiating gives rate ratios of 0.975 for EMS calls and 0.651 for syringe complaints,
corresponding to the percentage changes reported in the text. Standard errors are clustered at the ZIP code level, and randomization-inference

Interaction Term

p-values are reported in the text.

EMS drug-related calls, pandemic months excluded

Table 2 Pre-Intervention Parallel-Trends Tests
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Figure. 7 As Figure 6, with March 2020 through June 2021 ex-
cluded.

p = .490). Applying the small-sample correction, those four
months remained consistent with parallel trends (F=1.25,p =
.446). The longer windows could not be corrected this way,
because the correction requires the number of terms being
tested to be smaller than the number of treated areas, which
in our case is 10. For syringe complaints, the overall pre-
intervention period test rejected the assumption (F = 3.06, p
=.009), as did the November 2019 to February 2020 window
(F = 4.21, p = .006). The four months immediately before
opening rejected it under the standard test (F = 3.35, p =.019)
but not under the small-sample correction (F =0.71, p =.636).
Parallel trends therefore holds only in the months immediately
before implementation, and the estimates are reported as asso-
ciations rather than as causal effects.

The sensitivity analysis asked how large a post-intervention
violation of parallel trends would be needed to overturn the re-
sults. The confidence set included zero at every violation size
tested, starting at one quarter of the largest violation already
visible before the intervention. No breakdown value could be
identified, which reflects the fact that the estimates already in-
clude zero rather than that they are robust.

Four checks tested whether the results depend on partic-
ular parameter choices. Fake opening dates placed at four
points before the real opening date produced estimates be-
tween —0.0347 and 0.0147, none close to significance (p =

Pre-intervention Outcome Cluster-robust F CR2-corrected F
window (p) (p)

Full pre-period EMS calls 3.32 (< .001) Not computable
Before March 2020 EMS calls 3.17 (< .001) Not computable
Pandemic window EMS calls 5.86 (< .001) Not computable
Four months pre-opening EMS calls 0.87 (.490) 1.25 (.446)

Full pre-period 311 syringes 3.06 (.009) Not computable
Nov 2019-Feb 2020 311 syringes 4.21 (.006) Not computable
Four months pre-opening 311 syringes 3.35(.019) 0.71 (.636)

Note. Tests are joint Wald tests of the null that all pre-intervention
interaction terms equal zero. CR2-corrected tests use the Hotelling
T-squared approximation and cannot be computed when the number
of coefficients tested exceeds the number of treated units.

.642, 931, .873, and .688), so no apparent effect shows up
in periods when nothing had happened. Estimated separately,
the East Harlem site was associated with an 8.4% reduction in
EMS calls (p = .580) and a 46.0% reduction in syringe com-
plaints (p = .250), while the Washington Heights site was as-
sociated with an 11.6% increase in EMS calls (p = .143) and
a26.1% reduction in syringe complaints (p = .107). The com-
bined EMS estimate therefore conceals opposite patterns at
the two sites. Across the four definitions of the comparison
group, the EMS estimate ranged from a 1.8% to a 6.4% reduc-
tion (p = .582 to .886) and the syringe estimate from a 36.5%
to a 37.7% reduction (p = .111 to .132). The syringe esti-
mate was notably stable across all four definitions, including
the one based on a 1,000 meter radius rather than ZIP code
boundaries.

Table 3 Distance-Banded Associations with SCS Proximity

EMS calls, % change [95% CI] 311 syringes, % change [95%
CI]

Distance band

0-0.5 miles 19.6 (9.1, 31.0] —37.81-469, —27.1]
0.5-1 mile —7.2[-304,23.5] —45.5[—80.1, 49.3]
1-2 miles 10.0[~1.5,22.9] —16.9 [—48.4, 33.8]
2-3 miles —2.4[-17.3, 15.3] —20.7 [-50.5, 27.1]

Note. Estimates are relative to ZIP codes more than three miles from
a site, from Poisson models with ZIP code and calendar-month fixed
effects and a log-population offset. Standard errors are clustered at
the ZIP code level.

The distance-banded models produced the largest coeffi-
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cients in the analysis, though not ones that hold up under test-
ing suited to this design. Compared with ZIP codes more than
three miles from a site, EMS calls in the closest band rose by
19.6% under the Poisson model and 18.1% under the nega-
tive binomial, while syringe complaints in that same band fell
by 37.8% and 46.4%. Using clustered standard errors, both
contrasts are significant at p < .001.

Two features of the design weaken these results consider-
ably. The closest band contains only one ZIP code, 10033,
which hosts the Washington Heights facility. The East Harlem
ZIP code falls into a more distant band because its center is
more than half a mile from the site. The comparison is there-
fore between a single ZIP code and the rest of Manhattan, not
between the two host neighborhoods and their surroundings.
Consistent with that, when we reassigned the closest band at
random to 1,000 placebo pairs of ZIP codes more than two
miles from a real site, the observed EMS coefficient fell at p
= .217 and the syringe coefficient at p = .230. Neither is dis-
tinguishable from what appears when an arbitrary ZIP code is
treated as the closest one, and the standard significance levels
substantially overstate the evidence. These results are there-
fore reported as descriptive contrasts, not as evidence of a lo-
cal effect.

Applying the same randomization approach to the main es-
timates, the observed EMS result fell well inside the placebo
distribution (p = .840). The syringe result fell near its edge (p
=.052). For syringe complaints the spread of the placebo es-
timates (0.166) was smaller than the clustered standard error
(0.347), meaning the standard error is too cautious for this out-
come. The syringe association is the one result in the analy-
sis that comes close to conventional significance under testing
suited to the design.

Eighteen of the 46 ZIP codes lie within 1,000 meters of a
syringe service program, thirteen of them in the comparison
group. When a term for the presence of such a program was
added, that term was itself associated with a 17.2% reduction
in EMS calls (95% CI: —27.0 to —6.2, p = .003) and a non-
significant 15.7% reduction in syringe complaints (p = .457).
The SCS proximity estimate for EMS calls shrank to —1.0%
(p = .925), while the syringe estimate strengthened slightly to
—39.0% (p = .135).

Removing every ZIP code containing a syringe service pro-
gram from the comparison group moved both estimates fur-
ther from zero. EMS calls became a 12.9% reduction (95%
CI: —32.2to 11.9, p = .280) and syringe complaints a 40.2%
reduction (95% CI: —67.1 to 8.5, p = .091), against 2.5%
and 34.9% in the main analysis. This is what we would ex-
pect if the comparison areas were partly treated themselves.
Other harm-reduction services operate in many of them, and
the EMS result shows those areas saw declines of their own, so
the main estimates understate the gap between SCS neighbor-
hoods and areas with no harm-reduction services at all. This

version also removes thirteen of the 36 comparison ZIP codes,
so the estimates are less precise and are best read as showing
the direction of the bias rather than as a preferred result.

We then examined whether neighborhood characteristics
predict which ZIP codes are near a site. In the model including
all four variables at once, none reached significance: median
age (b= —0.364, p =.313), non-white percentage (b =20.571,
p = .102), poverty rate (b = —35.176, p = .056), and privately
insured percentage (b =—21.283, p=.111). These coefficients
are on the logit scale and expressed per unit change in the un-
derlying proportion, so a coefficient of 20.571 describes the
difference between a population that is entirely white and one
that is entirely non-white. Converted to a ten-percentage-point
increase, the odds ratios are 7.82 for non-white percentage,
0.12 for privately insured percentage, and 0.03 for poverty
rate, and 0.70 per additional year of median age.

The imprecision here is not caused by overlap between the
variables. Variance inflation factors were 2.76 for non-white
percentage, 3.46 for privately insured percentage, 3.72 for
poverty rate, and 1.69 for median age, all comfortably below
the usual thresholds. Yet the model fits the data well. The Mc-
Fadden pseudo-R-squared is 0.755, residual deviance is 11.70
on 40 degrees of freedom against a null deviance of 47.67,
and the test of the model as a whole is highly significant (p
< .001) even though no single variable is significant. The
Hosmer-Lemeshow test shows no lack of fit (2 = 3.99, p =
.678). This pattern indicates near complete separation, mean-
ing the four variables together distinguish near ZIP codes from
far ZIP codes almost perfectly, which makes the individual es-
timates unstable.

Table 4 Logistic Regression Results for Socioeconomic Predictors
of SCS Proximity

OR[95% CI] Bonferroni-adjusted p

Non-white Percentage 4.90 [1.64, 14.66] 018
Privately Insured 0.16 [0.05, 0.49] .005
Poverty Rate 5.78 [1,93, 17.35] .007
Median Age 0.98 [0.83, 1.16] 1.00

Note. OR = odds ratio from a logistic regression. Odds ratios for
non-white percentage, poverty rate, and private insurance coverage
are per ten-percentage-point increase; the odds ratio for median age
is per additional year.

Each ten-percentage-point increase in non-white population
was associated with higher odds of being near a site (OR =
4.90, 95% CI: 1.64 to 14.66, Bonferroni-adjusted p = .018),
as was each ten-percentage-point increase in poverty rate (OR
=5.78,95% CI: 1.93 to 17.35, Bonferroni-adjusted p = .007),
while each ten-percentage-point increase in private insurance
coverage was associated with lower odds (OR =0.16, 95% CI:
0.05 to 0.49, Bonferroni-adjusted p = .005). Median age was
unrelated to proximity (OR = 0.98, Bonferroni-adjusted p =
1.00).
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Discussion

In the Global Moran’s I results, both EMS calls and 311 sy-
ringe complaints showed significant clustering in pre and post-
intervention periods. Therefore, while the spatial distribution
of these proxies seemed to be significantly concentrated, they
did not appear to have shifted in any meaningful way before
and after the implementation of SCS. With the Local Moran’s
I analysis, both proxies were clustered most strongly in Mid-
town Manhattan.

Given the results of the socioeconomic factors analysis, the
facilities appeared to have been built in neighborhoods bear-
ing a disproportionate share of the conditions associated with
problematic substance use>> and have thus been placed there
by need. As stated previously, three of the socioeconomic fac-
tors were closely related with healthcare disparities. Coupled
with the results from the Moran’s I analysis, there were other
factors that should be in consideration when deciding the next
possible locations for additional sites. The acute drug-related
proxy events were concentrated in Midtown where transit and
commercial activities are common, but residences are not.
Since the proxies were used in the Moran’s I analysis as a
per resident rate basis, the number of residents in a particu-
lar ZIP code could have a large impact in the resulting proxy
incidence rates.

Three out of the four ZIP codes recognized by the analy-
sis as high rate (10017, 10018, and 10036) have lower pop-
ulations than East Harlem and Washington Heights. There-
fore, the high rates of EMS calls and 311 syringe complaints
in these Midtown areas may be susceptible to claims that the
rates are artificially inflated due to their lower populations in
comparison to the SCS ZIP codes. However, after scaling the
rates to match East Harlem’s population (the less populated of
the two site locations), 10016 (Murray Hill), 10018 (Garment
District), and 10036 (Times Square) still stood out as areas
with high rates of EMS calls and 311 syringe complaints. For
EMS calls, the rates after scaling to East Harlem’s population
were all above two times the median Manhattan EMS calls
rate at 2.1 times the median for Murray Hill, 2.6 times the me-
dian for Garment District, and 2.9 times the median for Times
Square. For 311 syringe complaints, the rates were all above
four times the median Manhattan rate at 4.8 times the median
for Murray Hill, 5.2 times the median for Garment District,
and 5.8 times the median for Times Square. 10017 was close
to the median after rescaling for both proxies at 1.1 times the
median for EMS calls and 1.6 times the median for 311 sy-
ringe complaints. Thus, even though these three ZIP codes are
not residential like East Harlem and Washington Heights and
are more commercial, it does seem worthwhile for OnPoint to
consider placing a future SCS in one of these neighborhoods.

In the decomposition of the pooled estimate performed after
the null DiD analysis, separating the sites resulted in opposite

patterns for EMS calls. Due to the null result, the pooled es-
timate could not distinguish between no difference at all or
if the two sites were offsetting each other. Since East Harlem
contained 3.2 times the Manhattan median for EMS calls com-
pared to Washington Heights’ 1.1 times, this divergence be-
tween the two sites may point towards a fundamental gap be-
tween them and their baseline characteristics, leaving room
for us to believe that they have more heterogeneous burden
profiles.

The decomposition also aligned well with the outcomes of
the distance band analysis. The closest distance band only
contained Washington Heights and not any of its neighbor-
ing ZIP codes. Thus, the difference between the estimates for
the site-specific decomposition and the closest distance band
could be interpreted as the effects on the surrounding neigh-
borhoods to Washington Heights. When comparing the two
results, both EMS calls (19.6% to 11.6%) and syringe com-
plaints (—37.8% to —26.1%) drew closer to zero once sur-
rounding areas were added. This argues against the idea that
the sites act as a spatial sink that draws proxy rates from their
neighbors since the EMS calls increased while the syringe
complaints decreased closer to the sites. One possible ex-
planation might be that the SCS concentrate overdose events
around its immediate vicinity while removing injection equip-
ment from its surroundings. The increase in overdose events at
the site may be due to these overdose events being witnessed
and reported by staff and other visitors in greater numbers in-
stead of being unobserved.

When changing the underlying assumptions of the DiD
analysis, the 311 syringe complaints panel showed consistent
estimates across changing the model family from Poisson to
negative binomial (—34.9% to —31.5%), four different com-
parison group definitions (—36.5% to —37.7%), separate site
estimations (—46.0%/—26.1%), controlling for syringe ser-
vice programs (—39.0%), and removing the ZIP codes with
syringe service programs (—40.2%). While the EMS calls re-
sults did change signs in changing the model family (—2.5%
to +4.2%) and separate site estimations (—8.4%/+11.6%), the
difference in signs points to no underlying signals within the
data. The syringe results on the other hand were consistent
with a real effect and needs additional study with greater sta-
tistical power to confirm whether the effects truly exist. The
difference in EMS and syringe randomization inference met-
rics supports this idea, as the syringe complaint result (p =
.052) was much closer to significance compared to EMS calls
(p = .840).

While adding the presence of syringe service programs did
not produce a significant result for 311 syringe complaints,
for EMS calls, it produced a coefficient of —17.2% (95% CI:
—27.0, —6.2, p=.003). The disagreement between the proxies
is confusing, but one possible explanation could be that since
these programs distribute and collect injection equipment?®,
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the net effect on street littering may be ambiguous, but nalox-
one and overdose education may reduce EMS calls in the area.

The main limitation of this study stems from the fact that
our proxy data only relies upon two facilities that opened on
the same date. The current design and data cannot produce
useful estimates of neighborhood effects (regardless of how
many events are observed in these datasets) because precision
depends on the number of treated places rather than the num-
ber of events. Not only that, the failed parallel trends outside
of the four-month window immediately before the interven-
tion indicates that the analysis cannot provide precise causal
estimates of SCS effects, and the findings should be inter-
preted as associations instead. Future research will require a
combination of more sites, staggered implementation dates, or
synthetic controls that do not rely on parallel pre-intervention
trends.

Additionally, EMS calls and 311 syringe complaints should
be interpreted as complementary rather than interchangeable
indicators of public drug use. In the DiD analysis the EMS
estimates were inconsistent across different parameter spec-
ifications and indistinguishable from the null. The syringe
complaint estimates were consistently negative across various
sensitivity analyses but still remained statistically inconclusive
under randomization inference. Studies relying on only one of
these outcomes may reach different conclusions depending on
the type of event selected by the researchers.

Despite the data’s limitations, the spatial and socioeco-
nomic analyses nevertheless identify important considerations
for SCS siting. The existing facilities are located in ZIP codes
with higher poverty, larger non-white populations, and lower
private insurance coverage compared to other study-area ZIP
codes. These factors were used to characterize socioeconom-
ically disadvantaged neighborhoods but do not directly mea-
sure the need for drug intervention. The Local Moran’s I anal-
ysis highlighted ZIP codes in Midtown as having high per-
resident rates of EMS calls and syringe complaints. However,
these rates should not be interpreted as evidence that underly-
ing drug use is more prevalent there because commercial areas
have large daytime populations that are not a part of the res-
idential population. Together, these findings raise a broader
question about how present and future siting decisions should
weigh certain socioeconomic factors against the concentration
of drug-related events.
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