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Abstract 

Background:  Fatal overdoses from opioid use and substance disorders are increasing at an alarming rate. One 
proposed harm reduction strategy for reducing overdose fatalities is to place overdose prevention sites—commonly 
known as safe injection facilities—in proximity of locations with the highest rates of overdose. As urban centers in 
the USA are tackling legal hurdles and community skepticism around the introduction and location of these sites, 
it becomes increasingly important to assess the magnitude of the effect that these services might have on public 
health.

Methods:  We developed a mathematical model to describe the movement of people who used opioids to an over-
dose prevention site in order to understand the impact that the facility would have on overdoses, fatalities, and user 
education and treatment/recovery. The discrete-time, stochastic model is able to describe a range of user behaviors, 
including the effects from how far they need to travel to the site. We calibrated the model to overdose data from 
Philadelphia and ran simulations to describe the effect of placing a site in the Kensington neighborhood.

Results:  In Philadelphia, which has a non-uniform racial population distribution, choice of site placement can 
determine which demographic groups are most helped. In our simulations, placement of the site in the Kensington 
neighborhood resulted in White opioid users being more likely to benefit from the site’s services. Overdoses that 
occur onsite can be reversed. Our results predict that for every 30 stations in the overdose prevention site, 6 per year 
of these would have resulted in fatalities if they had occurred outside of the overdose prevention site. Additionally, we 
estimate that fatalities will decrease further when referrals from the OPS to treatment are considered.

Conclusions:  Mathematical modeling was used to predict the impact of placing an overdose prevention site in the 
Kensington neighborhood of Philadelphia. To fully understand the impact of site placement, both direct and indirect 
effects must be included in the analysis. Introducing more than one site and distributing sites equally across neigh-
borhoods with different racial and demographic characteristics would have the broadest public health impact. Cities 
and locales can use mathematical modeling to help quantify the predicted impact of placing an overdose prevention 
site in a particular location.
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Background
The opioid epidemic in the USA is worsening, with over-
dose mortality rates continuing to rise [1]. Pennsylvania 
has the third highest overdose rate in the USA, with an 
annual rate of 36 per 100,000. Within PA, Philadelphia 
has an overdose death rate of 70 per 100,000, the high-
est among all counties in the state, and almost double the 
state average [2].

To address the opioid crisis, the city of Philadelphia 
created a task force and multi-pronged approach to 
address this public health problem. This included the 
Resilience Project [3], a collaboration of 35 city depart-
ments that worked together across seven key mission 
areas to address the opioid epidemic: (1) closing encamp-
ments and providing alternate housing and recovery 
services to its residents; (2) reducing criminal activity in 
areas with high drug activity; (3) reducing the number 
of unsheltered individuals; (4) reducing trash and litter 
including drug paraphernalia; (5) reducing overdoses and 
the spread of infectious diseases; (6) increasing treatment 
options; and (7) mobilizing community resources [3].

To date, the Resilience Project has had some successes: 
expanding emergency and temporary housing, hosting 
litter cleanups, distributing education about judicious 
opioid prescribing, increasing HIV testing, and increas-
ing awareness about treatment availability, among other 
initiatives. However, despite progress, overdose rates 
remain high, with over 1100–1200 overdose deaths in 
Philadelphia annually since 2017. The crisis remains 
prominent with the COVID-19 pandemic introducing 
heightened challenges for people who use drugs [3, 4].

To address the wider opioid crisis, a collaborative 
group of city officials, local nonprofits, and community 
organizers came together to found Safehouse, a privately 
funded Pennsylvania nonprofit corporation whose mis-
sion is to save lives by providing a wide range of over-
dose prevention services throughout the city (https://​
www.​safeh​ousep​hilly.​org/​about). One innovative goal of 
Safehouse is to open multiple overdose prevention sites 
(OPSs) throughout the city. An OPS is a well-lit hygienic 
space where people can use illicit drugs under the super-
vision of trained health personnel. The main goal of OPSs 
is for trained health personnel to reverse injection drug 
overdoses when they occur. Secondarily, OPSs also edu-
cate clients about how to avoid injection-related harms, 
provide clean injecting supplies to reduce disease spread, 
and offer linkages to treatment and social services.

Although sites that exist in this fashion have oper-
ated successfully for over three decades in Europe, and 
for two decades in Australia and in Canada, the legality 
of OPSs in the USA has been a matter of intense debate 
[5, 6]. OPSs attract high-risk drug users and show posi-
tive outcomes in decreasing overdose fatalities, infec-
tious disease spread, and public consumption, while 
also improving public amenity, increasing safe-injecting 
practices, promoting effective treatment methods, and 
yielding cost savings by preventing blood-borne infec-
tions and fatal overdoses. At the same time, research has 
shown that they do not increase drug use and related 
risks or neighborhood crime [7, 8]. Yet, attempts at open-
ing such facilities in the USA have collided with federal 
drug laws. In 2019, a motion was filed to prevent Safe-
house from opening OPSs in Philadelphia on the grounds 
that such facilities are illegal, and that they would pro-
mote rather than curb the use of opioids. In February of 
2020, a federal judge entered a controversial final ruling 
that Safehouse’s supervised injection site does not violate 
federal law. This ruling legally cleared the way for Safe-
house to announce that the nation’s first OPS would open 
in South Philadelphia. Other US cities, including Seattle, 
New York, San Francisco, and Somerville, Massachusetts, 
are also considering opening supervised injection sites 
[9].

The opening of OPSs poses several challenges, none 
more immediate than choosing the location to build such 
a facility. As soon as Safehouse was given legal clearance 
to build an OPS in South Philadelphia, backlash emerged 
from residents and politicians representing this neigh-
borhood. As a result, Safehouse struggled to secure a site 
for their OPS, and on February 27, 2020, they announced 
that the opening of an OPS in Philadelphia would be 
delayed until the community could agree on the optimal 
location for a first site [9].

Given the controversy surrounding the opening of an 
OPS in Philadelphia, there is a clear need to present the 
community with compelling evidence of the efficacy and 
safety of such facilities. Just as importantly, the success 
of an OPS will be highly dependent on its location. If an 
OPS is built too far from people who use drugs, the facil-
ity is unlikely to be used and the benefits to society will 
be minimal. However, there are understandable desires 
to keep these facilities away from schools and other com-
munity locations, which imposes constraints on where 
such sites can be built.

Keywords:  Fatal overdose, Harm reduction, Markov model, People who use drugs, Supervised injection facility, 
Geospatial analysis, Overdose prevention site
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The goal of this work is to use mathematical modeling 
to measure the potential impact of an OPS on over-
dose rates in the city of Philadelphia. Others have used 
dynamic models to study the opioid epidemic, both 
deterministically [10] and stochastically, including an 
optimal control study of a related stochastic compart-
ment model [11, 12], a more detailed compartment 
model that aims to quantify the effect of nearly a dozen 
policy responses [13], a compartment model that inves-
tigated the impact of prescription drug monitoring pro-
grams [14], and an age-structured compartment model 
that focuses on the incidence of hepatitis C infections in 
young people who inject drugs [15]. Agent-based models 
of opioid use have also been developed [16, 17]. Unlike 
compartment models, these models are intended to cap-
ture more localized features of an epidemic. An excellent 
review of how computational approaches are more gen-
erally being applied to understand and improve opioid 
use disorder can be found in Griffin 2020 [18].

To our knowledge, simulation-based modeling has not 
been employed to explicitly measure the impact of an 
OPS. Herein, we formulate a Markov-type model of opi-
oid use and analyze the model both with and without an 
OPS. Our model uses overdose location data to approxi-
mate where people who use opioids live and inject in the 
city of Philadelphia. Other parameters are chosen to cor-
respond with data from other studies about OPS usage. 
After calibrating the model to existing data, we utilize the 
model to estimate the direct and indirect impact of plac-
ing an OPS in the Kensington neighborhood of Philadel-
phia. In particular, we investigate how many fewer fatal 
and nonfatal overdoses will occur under various assump-
tions and analyze the demographics of the people who 
will be affected.

Methods
In this section, we describe in detail the mathematical 
model used to study the effect of establishing an OPS in 
an urban center. We parameterize our model using loca-
tion-specific nonfatal (January 1 to December 31, 2018) 
and fatal (July 1, 2017 to June 30, 2018) opioid overdose 
data from the city of Philadelphia received from the Divi-
sion of Substance Use Prevention and Harm Reduction of 
the Department of Public Health.

Mathematical model
The model is close to a discrete Markov chain, and so 
we call it a “Markov-type” model. It is a discrete-time, 
probabilistic mathematical model describing movement 
between a finite number of states. We divide opioid users 
into a discrete set of states. The model then assigns prob-
abilities of people transitioning between states at each 
30-min time step. A key characteristic of a Markov model 

is that these transition probabilities only depend on the 
current state, and this is true in our model, with one 
exception: the probability of transitioning into the “OPS” 
state is limited by the maximum capacity of the OPS. Our 
model assumes that people who use opioids can exist in 
one of six states (Fig. 1a):

State 1: Opioid users not currently using drugs These 
individuals can decide to use drugs at the next time 
step, or to stay in the “not currently using” state. If 
they decide to use drugs, they may decide to try to do 
so at the OPS (State 3) or not (State 2). They may also 
decide to go from State 1 (this state) to a Treatment/
Recovery state (State 4), where they are no longer 
using drugs unless they reenter State 1.
State 2: Using drugs outside of the OPS From this 
state, an opioid user can overdose, either fatally 
(State 6) or non-fatally (State 5). If they do not over-
dose, they may go back to State 1, or they may go to 
the Treatment/Recovery state (State 4).
State 3: Using drugs in the OPS Individuals who are 
in this state have the same transition options as 
those who are using drugs outside of the OPS (State 
2). However, we assume that no fatal overdoses 
occur in the OPS [19]. Therefore, opioid users who 
are in the OPS can transition to the non-fatal over-
dose state (State 5), the Treatment/Recovery state 
(State 4), or back to State 1.
State 4: Treatment/Recovering (not currently using 
opioids) Individuals in the Treatment/Recovery state 
can either stay in the Treatment/Recovery state at 
the next time step (stay at State 4) or start using opi-
oids again and move back to the User state (State 1).
State 5: Non-fatal overdose state Individuals in this 
state overdose, but do not die. We assume that all 
overdoses are non-fatal if they occur in the OPS. 
From this state, a user can either return to State 1, or 
go to Treatment/Recovery (State 4).
State 6: Fatal overdose state Individuals in this state 
remain in this state. In the language of Markov 
Chains, State 6 is an absorbing state.

A schematic of these six states and the possible tran-
sitions between them is given in Fig.  1a. The Markov-
type model is completely described by estimating the 
probabilities of transitioning between states (See Model 
Parameters).

We note a few additional modeling assumptions. First, 
we incorporate the observation that the probability of 
going to an OPS decreases with the user’s distance from 
the OPS [20]. Second, we account for the finite capacity 
of the OPS. If an OPS is full, a user is unable to enter. As 
a result, the probability of a transition to the OPS state 
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(State 3) is a function of the number of individuals who 
use opioids who are trying to enter the site at that time 
step.

Model parameters
Parameter values for the model were estimated from the 
overdose data described above and from the literature. 
Following news reports [21, 22], we conservatively esti-
mated that there were approximately 55,000 regular opi-
oid users in Philadelphia.

To estimate the percentage of opioid users that will 
enter treatment/recovery over a year, we compared 
sources. One source stated that “almost 21 million 

Americans have at least one addiction, yet only 10% of 
them receive treatment” [23]. This percent, however, is 
not specific to opioid use and is not a yearly statistic. A 
retrospective cohort study out of Massachusetts found 
that 34% of adults who survived an overdose from 2012 
to 2014 took medication for their opioid use disorder 
within one year of their overdose [24]. This percentage 
likely overestimates the number of individuals using 
opioids who received medication, as it only tracks those 
who overdosed and were therefore forced to receive 
medical attention. Given these two data points, we esti-
mated that 15% of opioid users seek treatment per year 
at baseline, but we also varied this parameter under 
other assumptions (see “Results”).

Fig. 1  a Model schematic. b Percent of Philadelphia opioid users located within specified distance from proposed OPS site
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Although many individuals using opioids enter treat-
ment/recovery each year, the NIH reports that approxi-
mately 40–60% of individuals with an addiction relapse. 
Opioid relapse rates tend to be higher than this [25], with 
some studies placing the relapse rate of opioid users as 
high as 80% [26]. For our purposes, we conservatively 
estimated that 50% of opioid users will relapse during 
each year.

Assuming that 55,000 opioid users enter treatment/
recovery at a rate of 15% per year and relapse at a rate 
of 50% per year, the equilibrium number of opioid users 
in treatment/recovery at any time is nearly 13,000. The 
simulation was started with the equilibrium number 
of people in treatment/recovery. Under the guidance of 
Safehouse, we chose an expected location for the first 
OPS in the Kensington neighborhood of Philadelphia. 
The proportion of individuals using opioids and subjects 
in treatment/recovery in each location ring around the 
OPS was estimated from the proportions of overdoses 
in the respective locations (Fig.  1). We used non-inter-
secting distance rings around the OPS and set the per-
centage of opioid users in each ring proportional to the 
percentage of overdoses that occurred in these rings in 
the one-year period. The distances and percentages are 
summarized in Fig. 1b.

Following data from a safe injection facility in New 
York City, we assumed that the farther away a user is 
from the OPS, the less likely they were to try to enter the 
OPS to use drugs [20]. We fit an exponential distribution 
to the numerical data given in [20] to be able to predict 
the probability of trying to enter an OPS for other dis-
tances that were not measured in that work. The model 
further assumed that opioid users who were within 0.25 
miles of the OPS had a 67% chance of attempting to go to 
the OPS to use drugs. Discretizing the exponential dis-
tribution to match the states in the model (the “distance 
rings” shown in Fig. 1), this probability was then reduced 
by a factor that depends on the distance from the OPS, 
resulting in the probabilities given in Table 1.

We assumed that on average, users used drugs four 
times a day [27], and that overdose rates were esti-
mated from the number of overdoses in the data and 
the assumption that there were 55,000 active opioid 
users. This led to rates of 6.9% of opioid users nonfatally 

overdosing per year and 1.88% of opioid users fatally 
overdosing per year. All rates were converted from yearly 
to half-hourly rates for the model. For the baseline model, 
we assumed that the maximum capacity of the OPS was 
30, but this was varied in later experiments. These data 
came from the Division of Substance Use Prevention and 
Harm Reduction of the Department of Public Health 
and therefore likely represent an underestimate of the 
true rate that people overdose from opioid use. There are 
likely many more overdoses happening in the community 
that are not reported. Other studies suggest much higher 
overdose rates [28, 29], and it is also likely that the type of 
opioid used will influence this proportion [30]. Because 
of this underestimate of overdose rates, our results pro-
vide a lower bound for the effects of the overdose preven-
tion site.

We assumed that the OPS would be open 20 h a day, 
7  days a week. We also assumed that new users would 
enter the population at nearly the same rate as those that 
were fatally overdosing, here estimated at 3 per day on 
average.

Results
Summary of data
The age, gender, race, and ethnicity breakdown (where 
available) for the location-based Philadelphia over-
dose data are summarized in Table 2. There were 3788 
reported nonfatal overdoses during the specified one-
year period of time, with an average age of 41.5 years. 
Female opioid users were responsible for 27.6% of all 

Table 1  Probability of visiting an OPS based on distance from site (data from Behrends et al., [20]), scaled by 0.67 to indicate that not 
all users within a fixed distance will attempt to enter an OPS

Distance from OPS (mi) [0, .25] (.25, .5] (.5,.75] (.75,1] (1,1.5] (1.5,2]

Probability of visiting 0.67 0.67 × 0.85 0.67 × 0.72 0.67 × 0.58 0.67 × 0.47 0.67 × 0.29

Distance from OPS (mi) (2,2.5] (2.5,3] (3.5,4] (4,5] (5,6]  > 6

Probability of visiting 0.67 × 0.18 0.67 × 0.09 0.67 × 0.051 0.67 × 0.023 0.67 × 0.010 0.67 × 0.0027

Table 2  Demographics of nonfatal and fatal overdoses ((31) and 
data from the Division of Substance Use Prevention and Harm 
Reduction of the Department of Public Health)

Gender Race Ethnicity

Nonfatal ODs Male: 70.83%
Female: 27.59%

N/A N/A

Fatal ODs Male: 73.48%
Female: 26.52%

White: 69.70%
Black: 29.33%

Hispanic: 12.78%
Non-Hispanic: 
86.16%

City Demograph-
ics

Male: 47.3
Female: 52.7%

White: 40.7%
Black: 42.1%

Hispanic: 14.7%
Non-Hispanic: 
85.3%
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overdoses. There was no breakdown by race or ethnic-
ity for nonfatal overdoses.

There were 1033 reported fatal overdoses during the 
specified one-year period of time, with an average age 
of 43.91 years. Females and males made up 26.5% and 
73.5% of these fatal overdoses, respectively. Nearly sev-
enty percent (69.70%) of fatal overdoses are attributed 
to White individuals, though they represent only 41.2% 
of the city’s population ([31] and data from the Divi-
sion of Substance Use Prevention and Harm Reduction 
of the Department of Public Health). In contrast, while 
Black individuals represent 42.3% of the City’s popula-
tion, they composed only 29.3% of the fatal overdoses. 
Hispanic and Non-Hispanic individuals made up 12.8% 
and 86.2% of the fatal overdoses, respectively (Table 2).

Given that the use of an OPS is greatly influenced by 
proximity, we also looked at the identity and location 
of individuals who overdosed relative to the proposed 
OPS site. Figure 2 breaks down the demographics (race 
and ethnicity) of those who have overdosed based on 
their distance from the proposed OPS. What is evident 
is that the proposed site is more likely to benefit White 
opioid users as they represent over 80% of fatal over-
doses that occurred within 1.5 miles of the proposed 
OPS (even though only 69.7% of fatal overdoses are in 
the White population). Similarly, the site also dispa-
rately benefits Hispanic opioid users as they represent 
over 30% of fatal overdoses that occur within 1.5 miles 
of the proposed site (even though only 12.8% of fatal 
overdoses are in the Hispanic population).

Model calibration to data
All simulations were run for one year, with a time step of 
one-half hour. For a given set of parameters, 3000 repli-
cate simulations were run, and the value reported is the 
end of year average value over these replicates.

Our first aim was to benchmark the model overdose 
results with the overdose data from Philadelphia. The 
data report 1033 individuals using opioids fatally over-
dosed in a one-year period and 3788 individuals using 
opioids nonfatally overdosed. Using the baseline param-
eter values described above with no OPS in place, our 
model predicts that 1045 opioid users will fatally over-
dose and 3933 will nonfatally overdose, numbers near the 
true values.

Model prediction: direct effects of OPS
OPSs around the world report no fatal overdoses occur-
ring on their premises [32–34]. We therefore assume that 
any overdose that occurs inside of the OPS is a nonfatal 
overdose. In our first experiment, we assumed that the 
only effect of a 30-person capacity OPS was to eliminate 
fatal overdoses at the OPS. To model this assumption, 
we changed the nonfatal overdose rate in the OPS to be 
the sum of the fatal and nonfatal overdose rates in the 
population and set the fatal overdose rate in the OPS to 
zero. In this case, the model predicts that the OPS would 
reduce the fatal overdose rate by approximately 6 and 7 
deaths per year while increasing the nonfatal overdose 
rate by about the same amount (Fig.  3, OPS = 30, pro-
portion = 1). This increase in nonfatal overdoses occurs 
because the overall overdose rate does not change but 

Fig. 2  Demographics of individuals who overdosed based on distance from proposed OPS
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instead, overdoses that occur in the OPS that would have 
been fatal are revived. An unexpected consequence of the 
decrease in fatal overdoses is that there are more active 
opioid users in the system over time. This allows for more 
total overdoses to occur, though in this particular sce-
nario, the numbers are too small to make a noticeable 
difference.

In our next experiment, we varied the maximum 
capacity of the OPS from 30 to 300, in increments of 30 
(Fig.  3, proportion = 1). We see an approximately linear 
reduction of 6 fatalities per year for every 30 extra seats 
in the OPS. Results suggest that increasing the capacity 
of the facility to treat 300 opioid users simultaneously 
would result in reducing fatal overdoses by over 58 while 
increasing nonfatal overdoses by a similar (but slightly 
larger) amount, 60. The larger increase in nonfatal over-
doses versus reduction in fatal overdoses is likely due to 
having more individuals using opioids over time since 
less people are dying.

Since opioid users near the OPS are more likely to 
use drugs there instead of on the street or at home, the 
placement of the OPS will have a larger effect on the 

population living in close proximity to the site. Deter-
mining where to place the OPS will also determine who 
is being helped most. Out of the 58 fatalities that were 
averted when the max capacity was 300, 43 out of 58 
(74%) revived in the OPS lived within a 1-mile radius of 
the OPS, though only 30% of all individuals using opioids 
lived within a 1-mile radius. Further, 50 of the 58 (86%) 
that were revived in the OPS lived within a 1.5-mile 
radius of the OPS while individuals in this region only 
made up 38% of all of the opioid users in Philadelphia.

In our simulations, the OPS is always full because of 
the large number of opioid users compared with available 
stations in the OPS. We expect that increasing the avail-
ability of OPS resources would reduce fatalities from opi-
oid use linearly until resource availability better matches 
demand.

Model prediction: indirect effects of the OPS on overdose
OPSs provide more services than just reviving individu-
als who have overdosed. They also provide safer spaces 
to inject, can test drugs for more deadly unwanted addi-
tions like fentanyl, and provide safety instructions and 

Fig. 3  Top: Reduction in non-fatal overdoses as a function of OPS capacity and proportion of original non-fatal overdose rate in the OPS (in which 
individuals in OPS nonfatally OD at the same rate of those outside OPS). Positive numbers indicate a reduction in non-fatal ODs, whereas negative 
numbers indicate an increase (due to more opioid users surviving ODs)
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clean instruments to opioid users before they use opioids. 
These services are likely to reduce the overall overdose 
rate in the OPS, including the nonfatal overdose rate. 
To determine the effects of these safety precautions on 
the overall number of nonfatal overdoses seen in a year, 
we varied the nonfatal overdose rate in the OPS (Fig. 3, 
changing proportion). As an example, setting the pro-
portion equal to 0.6 means the non-fatal overdose rate is 
60% the rate without an OPS. This is in comparison with 
the prior section where only direct effects were consid-
ered, and therefore, the non-fatal overdose rate was fixed 
at the value seen without an OPS. In combination with 
this, we also varied the maximum capacity of the OPS to 
determine how the total number of nonfatal overdoses is 
affected by the ability to serve more clients (Fig. 3). Fatal 
overdoses are not changed by varying the rate of over-
doses in the OPS because we assumed that all individuals 
who overdose can be revived in the OPS. Recall that in 
the model, the baseline overdose rate for the OPS is the 
nonfatal plus the fatal overdose rate since we assumed 
that all fatal overdoses become nonfatal in the OPS. Also 
recall that this led to an increase in nonfatal overdoses 
over time if the OPS is placed in the city.

In our previous simulation, the only effect of the OPS 
was to change fatal overdoses to nonfatal overdoses by 
reviving those individuals who overdose in the OPS. 
Because of this, when fatal overdose rates were reduced, 
we saw a similar increase in the nonfatal overdose rate. 
In the next set of simulations, we assumed that using 
opioids in the OPS is safer than outside, and we incre-
mentally reduce the nonfatal overdose rate in the OPS. 
We found that if the interventions of the OPS reduce the 
overall overdose rate in the OPS by 30% (Fig. 3, propor-
tion = 0.7), the overall effect of the OPS will be a reduc-
tion in the total number of nonfatal overdoses in the 
whole population. Since increasing the maximum capac-
ity alone increases the number of nonfatal overdoses, 
and since reducing the overall overdose rate in the OPS 
decreases the number of nonfatal overdoses, we won-
dered if the two effects would balance at some point. 
Varying the two parameters together showed the point 
where the effects balanced out, here between 20 and 30% 
reduction in nonfatal overdose rate in the OPS, for any 
OPS capacity between 30 and 300.

Model prediction: increasing treatment/recovery rate 
for all individuals who use opioids
Another aspect of an OPS is the education provided to 
clients about entering treatment/ recovery [35]. The 
OPS will serve as a safe place for opioid users, as well 
as a place where they can find resources for entering 
treatment/recovery and for general safer use practices. 
As a first pass at estimating the overall effect on the 

community from having an OPS, we varied the overall 
rates of treatment/recovery for the entire population. 
Here, we assume that by having an OPS in the city, the 
overall rates of treatment/recovery will increase. In the 
baseline simulation, we assumed that 15% of opioid users 
would go to treatment/recovery over a one-year period 
and that 50% of those would leave treatment/recovery 
and start using again (see Model Parameters). Assuming 
that the overall rate at which individuals using opioids 
move to treatment/recovery increases to 20% (from 15%) 
per year, the model predicts that there would be 90 fewer 
nonfatal overdoses and 23 fewer fatal overdoses in total 
(see Fig. 3b). If instead, the OPS could increase the over-
all treatment/recovery rate through education to 25% 
per year (from 15% per year), there would be 181 fewer 
nonfatal overdoses and 47 fewer fatal overdoses. Here, 
we kept the assumption that 50% of these individuals 
would leave treatment over the year and start using opi-
oids again. In general, increasing the general population’s 
treatment/recovery rate by having an OPS in the city has 
a profound effect on the rates of overdose. The more the 
OPS can do to educate the general public, the larger the 
effect will be.

Discussion
In this study, we predicted the effects of placing an over-
dose prevention site (OPS) in the Kensington neigh-
borhood of Philadelphia, PA. We utilized data from the 
Philadelphia Department of Public Health describing 
overdoses over a one-year period. Under the assumption 
that there are 55,000 active opioid users, we found from 
the overdose data that approximately 6.9% of opioid users 
nonfatally overdose and 1.88% fatally overdose in a one-
year period in the absence of an OPS in Philadelphia.

We then used these statistics, in combination with 
overdose location data, to build a Markov-type model to 
investigate the dynamics of drug use, overdose, and treat-
ment/recovery assuming an OPS is present in the Kens-
ington neighborhood of Philadelphia. We found that the 
direct effect of having an OPS, limited to only those that 
would be revived in the OPS, was small if the capacity of 
the OPS was limited to 30 individuals, but increased lin-
early with increasing capacity.

If we included certain indirect effects of the OPS such 
as providing a safer environment, fentanyl testing, and 
education about safer use and treatment/recovery in our 
analysis, we found that the inclusion of an OPS could 
result in a much greater reduction in fatal overdoses. As 
shown in Fig. 3, nonfatal overdoses in the total popula-
tion could be reduced if, for example through the testing 
of drugs, supervision, and other interventions, the OPS 
provided just a 20–30% reduction in overdoses, relative 
to the rate of overdoses outside the OPS. Our results 
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suggest that the biggest benefit of the OPS would come 
from indirect effects that would assist the entire user 
population of Philadelphia. Exploring increased treat-
ment/recovery rates of the total population (Fig.  4), we 
found that overdose rates were markedly reduced when 
user entrance into treatment/recovery increased from 15 
to 20 percent per year. OPS education would likely cause 
other positive indirect effects such as disease reduction. 
In addition, the OPS could have other indirect effects 
such as lower contamination rates and lower rates of HIV 
transmission. In future work, we plan to explore these in 
an agent-based model where we can track which opioid 
users have been to the OPS and when.

Location of OPS placement will affect which individu-
als are helped the most, since those nearest to the OPS 
will be most likely to utilize the facility. Importantly, all 
analysis in this paper is based on the placement of the 
OPS in the Kensington neighborhood of Philadelphia 
with a maximum capacity of 300. If the OPS is placed at 
the proposed location in Kensington, the overdose data 
suggests that the OPS will disproportionality benefit 
White opioid users, as they represent over 80% of the 
fatal overdoses that occurred within 1.5 miles of the pro-
posed site (as compared to being 69.7% of all individuals 
who use opioids in the city). Our simulations suggested 
that of those revived in the OPS, 86% of them would 
come from an area within 1.5 miles radius of the pro-
posed OPS. We also plan to use the agent-based model 
to solidify our understanding of which individuals will be 
most helped by placing the OPS in various locations, as 

well as the demographic effects and cumulative impact of 
multiple OPSs in various locations in the city.

Conclusions
The opioid epidemic continues to be an escalating prob-
lem in the USA. The COVID-19 pandemic introduced 
heightened challenges [4] for people who use drugs and 
paused some of the traction around the opening of an 
OPS. In addition, barriers to legally opening an OPS in 
the USA remain [36]. As cities such as Philadelphia begin 
to reopen, there may be an increased effort to open an 
OPS as part of a multifaceted response to rising rates of 
fatal overdose. This research lends insight not only to the 
direct and indirect benefit of an OPS but offers specific 
implementation considerations to optimize impact. Spe-
cifically, cities such as Philadelphia that are considering 
an OPS would benefit from multiple sites with sizable 
capacities. This would not only reduce the direct rate of 
fatal overdose, but also disperse services equally across 
neighborhoods with varying racial and ethnic character-
istics. In addition, consistent with the model proposed 
by Safehouse, offering educational services and addi-
tional harm reduction strategies, such as fentanyl and 
syringe exchange, in conjunction with a safe place to 
use drugs reaches people who use drugs both indirectly 
and directly, thereby providing the greatest public health 
impact.
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