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Abstract: Substance use behavior among youth is a complex peer-group phenomenon shaped by
many factors. Peer influence, easily accessible prescription opioids, and a youth’s socio-cultural
environment play recognized roles in the initiation and persistence of youth nonmedical prescription
opioid use. By altering the physical surroundings and social environment of youth, in-person school
closures may change risk factors for youth drug use. Acknowledging past research on the importance
of the presence of peers in youth substance use risk behavior, this paper reports the findings from the
use of an agent-based simulation grounded in social impact theory to investigate possible impacts of
in-person school closures due to COVID-19 on the prevalence of nonmedical prescription opioid use
among youth. The presented model integrates data from the Ontario Student Drug Use and Health
Survey and characterizes the accessibility of within-home prescription opioids. Under the status
quo, the lifting of in-person school closures reliably entails an increase in the prevalence of youth
with nonmedical prescription opioid use, but this effect is ameliorated if the prescription opioids are
securely stored during the in-person school closures period.

Keywords: agent-based modeling; social impact theory; cellular automata; youth; nonmedical
prescription opioid use; in-person school closures; COVID-19-related public health order

1. Introduction

Youth are among the high-risk population for substance use behaviors [1,2]. Substance
use behavior among youth is a complex phenomenon and involves diverse influential
factors including the socio-cultural environment [3,4], substance-using peers, and personal
network characteristics [5–7]. Some youth initiate drug use because of friends and continue
it to fit in with their social network and environment. Such initiation is of particular signifi-
cance in that many adults have initiated substance use during their teen and young adult
years [8,9]. With growing appreciation for the impact of peers, families, and communities
on youth substance use, schools are also recognized as important social environments
affecting student knowledge, attitudes, and behavior toward substance use [10].

One of the initial actions taken during the COVID-19 pandemic to lower mortality and
avoid unsustainable acute care service utilization was the implementation of public health
orders that frequently included partial or full in-person school closures, and sometimes
encouraged families to minimize socialization and remain at home where possible [11]. In
Ontario, the first school closure was announced on 12 March 2020, in effect from 14 March
2020, and continued with several gradual and staggered reopening and closures throughout
the course of the following two years, as shown in Figure 1 [12]. Finally, Ontario schools
reopened for in-person learning on 17 January 2022 [13].

The presence of youth at home during in-person school closures may have positive
and negative implications for their mental health and propensity to use substances. While
a lack of in-person contact with classmates and instructors is likely to produce elevated
anxiety, boredom, and discontent in some young people, others may have welcomed less
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stressful peer interaction and a temporary decline in bullying and other forms of unpleas-
ant experiences associated with in-person learning [14]. Among youth, the adoption of
unhealthy coping mechanisms, such as substance use, as a result of pandemic-related stress,
are of particular concern, since they are less likely to consider the negative consequences of
their action [15]. The increased risk of opioid use among youth could result from elevated
accessibility of prescription opioids due to unsafe medication storage practices by family
members at home [16–18], witnessing elevated parental nonmedical prescription opioid
use [19], and increased alcohol and cannabis consumption among youth during the pan-
demic [20–22]. Such regularities and the prospects of requiring in-person school closures as
part of future public health orders suggest the importance of understanding the impact of
in-person school closures on substance use among young Canadians during and after the
COVID-19 pandemic.
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There is a body of research applying social network analysis to secure insights into
substance use behavior among youth [23–25]. Although social network analysis can offer
enormous insights into the social context of and influence on the use of drugs, reducing
an individual to a node in a network limits the integration of personal characteristics [26].
While incorporating such representation of network structures, an agent-based modeling
approach can more deeply analyze individual affiliative structures in the context of evolving
and actively interacting agents with varying characteristics [27,28].

To explore fundamental elements of substance use among youth, different agent-based
models have been built [29–36]. These models highlight the use of the computational mod-
eling method as a possible way to explore the complex concept of substance use amongst
youth. One little-explored approach to study the possible association between social in-
fluence and substance use amongst youth is through opinion dynamics computational
models. Opinion dynamics computational models can highlight mechanisms underlying
the convergence of behaviors and theoretical implications for imitator behaviors. There
is a substantial body of literature on opinion dynamics models, with model formulations
having been contributed from domains as varied as social psychology, statistical physics,
mathematics, and computer science. These varying angles of contributions have led to
a vast and diverse body of research [37–39]. Despite the breadth of past applications of
opinion dynamics models, there are few computational modelling studies that employ the
opinion dynamics model to study addictive behaviors [40,41], and none of them devote
particular attention towards how in-person school closures may affect youth nonmedical
prescription opioid use.

Broadly, opinion formation models can be categorized into discrete and continuous
models. Discrete models permit an agent to hold one of a finite set of opinions, whereas
continuous models allow for a real-valued opinion [38]. Below, we informally characterize
eight prominent subgroups in the opinion dynamics models within the literature [37],
recognizing that the taxonomy employed here is not a canonical one and that other forms
of classification of opinion dynamics models can be seen within the literature [38].

One of the earliest dichotomous discrete opinion dynamics models to simulate how
people’s attitudes evolve over time is the voter model. Each individual inside an arbitrary
network is selected randomly and adopts the state of a randomly chosen neighbor. Arrival
at a consensus is the main feature of the voter model [42]. Many variants of the voter
model have been examined, including a nonlinear formulation [43], alternative starting
network configurations [44], the impacts of “zealots” carrying invariant beliefs [45], and

https://creativecommons.org/licenses/by/4.0/


Systems 2023, 11, 72 3 of 20

those reflecting various co-evolutionary principles [46]. A second discrete model of opinion
dynamics —the majority rule model—considers a set of agents who have discrete opinions
and selects alternatives that enjoy majority support [47,48]. Third, the Sznajd model
provides a discrete model of opinion dynamics and implements a rule in which a pair of
neighbors is randomly chosen to change their nearest neighbor’s opinion; if that pair of
close neighbors agree, their nearest neighbors will eventually agree. By contrast, if the pair
disagree, the opinion of the nearest neighbors remains unchanged, with no common opinion
developing among their nearest neighbors [49–51]. Fourth, the bounded confidence model
was developed by Deffaunt et al. and consists of a stochastic model for the evolution of
continuous-valued opinions within a finite group of peers [52]. Fifth, the relative agreement
model is a variant of the bounded confidence model that uses individual uncertainty as
the criterion for deciding whether two agents can interact; uncertainty, as well as opinion,
can be modified by interactions within this model [53]. Sixth, the continuous opinions
and discrete actions model describes a situation in which agents hold real-valued opinions
yet may only express themselves in discrete terms [54]. Seventh, the social judgment-
based opinion model shares certain features with the continuous opinions and discrete
actions model with two alternative structures: one in which agents can express their
opinion as a real number and another in which they are restricted to one of a set of discrete
possibilities [55,56]. A final class of opinion dynamics models are those employing the
social impact theory model, which offers a discrete model of opinion dynamics based on
social impact theory in psychology [57]. Social impact theory associates each agent with
three variables—a level of persuasiveness, a level of supportiveness, and a binary opinion.
The model further presents a set of formulae to characterize the total impact on each agent
based on the number, strength, and immediacy of its neighbors [58]. This work employs
this final class of opinion dynamics models as an established theory of clear relevance to
study the impact on youth drug use of direct (in-person) peer influences at school and
indirect perceived norms from the socio-cultural environment.

The COVID-19 pandemic has had a profound impact on the lives of people around
the world, including youth. In particular, the closure of in-person schools has raised
questions about the potential impact on nonmedical prescription opioid use among youth.
The current study centers on the question of how in-person school closures during and
after the COVID-19 pandemic affect nonmedical prescription opioid use among youth,
and what measures can be taken to alleviate any potential risks or improve the situation.
The findings of this research can be utilized to develop policies and interventions aimed
at decreasing the risk of nonmedical prescription opioid use among youth during and
after in-person school closures. This study is one of the first to investigate the impact of
in-person school closures on nonmedical prescription opioid use among youth during
and after the COVID-19 pandemic in Canada. To support this investigation, this work
employed an agent-based model formulated based on the social impact model of opinion
formation [59,60], and was calibrated to reflect data from the Ontario Student Drug Use
and Health Survey (OSDUHS) [61,62].

The remainder of this paper is organized as follows: Section 2 describes the model, in-
cluding the agent-based formulation and the social impact theory implementation, cellular
automata spatial structure, and the experimental design. Section 3 elucidates the results.
Section 4 includes the corresponding discussion and concludes the paper.

2. Materials and Methods

Within this work, the influences of peers, families, and socio-cultural environment on
nonmedical prescription opioid use among youth are investigated using an agent-based
model (ABM) operating within a spatial grid-based network structure in accordance with
cellular automata (CA) principles. The data on the prevalence of nonmedical prescription
opioid use among youth, as well as the frequency and sources of use reported in the Ontario
Student Drug Use and Health Survey (OSDUHS) [61,62], were used to parameterize and
calibrate the ABM. The selection of the most appropriate agent-based modeling toolkit
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for this project was based on a variety of factors, including the programming experience
and abilities of the individuals involved, the activity of the toolkit’s community and the
availability of specialized resources, the scalability and adaptability of the platform, and the
built-in visualization options. Two separate reports [63,64] evaluated various agent-based
modeling toolkits against different criteria and offered recommendations based on specific
needs. For this study, the model was created using simulation software AnyLogic Version
8.8.1 [65] and the model was run for a time horizon from 2017 to 2025.

The design of the agent-based model drew on the social impact model of opinion
formation [59,60]. The agent-based model was created, parameterized, calibrated, and
used to investigate the prevalence of nonmedical prescription opioid use among youth,
their prescription opioids resources, and the frequency of nonmedical prescription opioid
use within the past year when varying peer influence, youth exposure to prescription
opioids at home, and the influence of the socio-cultural environment. To support this
investigation, the peer network context, families, and the socio-cultural environment
shaping nonmedical prescription opioid use in youth were captured within a three-level
CA context (corresponding to peers, families, and the socio-cultural environment), where
each youth’s nonmedical prescription opioid use evolved according to the social impact
theory of opinion formation.

2.1. Agent-Based Modeling

The use of agent-based modeling in this study supports the analysis of changes in the
prevalence of nonmedical prescription opioid use among youth and the characterization
of the effects of their peers, families, and socio-cultural environment. Hence, the model
features three type of agents: youth, family, and socio-cultural environment. Youth behavior
is governed by three different state charts depicted in Figure 2. These state charts collectively
characterize the possible state-space for a single youth and the events that lead to transitions
from one state to another.

The logic for transitions between states within the Youth Drug Use Opinion Evidence
state chart was informed by social impact theory. At the topmost level, the Youth Drug Use
state chart characterizes whether the individual currently uses nonmedical prescription
opioids. Youth who are not currently using nonmedical prescription opioids are divided
into two groups: youth who have never used nonmedical prescription opioids and youth
who previously used but have since quit by electing not to use nonmedical prescription
opioids when the opportunity arose. Youth who currently use nonmedical prescription
opioids are also divided into two groups: youth who are within their initial period of
nonmedical prescription opioids use and youth who relapsed after previously quitting.

The Frequency of Drug Use in the past year state chart represents the number of times
that youth used nonmedical prescription opioids during the past year, and it is updated as
time passes and as youth use nonmedical prescription opioids.

The Drug Sources state chart depicts two important sources for the most recent pre-
scription opioids use for youth: family and friends. Youth are considered to have a possible
opportunity to obtain opioids from family when their family includes at least one person
with an opioid prescription. In the absence of a family source, youth can seek available
prescription opioids amongst their close friends (considered to be those within their range
1 Moore neighborhood; see below); based on a probability, youth can obtain prescrip-
tion opioids from friends who are themselves nonmedical prescription opioid users. The
unspecified state reflects other sources of opioids.

Each youth is associated with a family, as represented by a family agent. Each such
family agent has a family size parameter, which is drawn from a Poisson distribution to
represent the empirical data that the average family size in Canada was 2.9 in 2019 [66]. The
probability of filling an opioid prescription per week for each family member previously
without an opioid prescription and the per week probability of ending opioid prescription
treatment for each family member with prescription opioids are calibrated to represent the
12.7% of Canadians who reported having used opioids pain relief medications in 2018 [67].
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If a member of any family has been prescribed an opioid, a child in the family might be
exposed to prescription opioids, with the level of exposure differing between families. The
child exposure to opioids parameter is calibrated to represent the 49.3% of Ontario youth
who reported using nonmedical prescription opioids, obtaining them from a parent, sibling,
or someone else with whom they live [61,62].
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The socio-cultural environment for contemporary youth is made up of neighbor-
hoods, recreation areas, social events, and other forces that affect a youth’s basic values,
perceptions, and preferences. Within the model, a socio-cultural environment agent is
implemented to reflect the idea that youth prescription opioid use is particularly high in
some specific demographics [68]. Part of the socio-cultural environment within the model
is therefore assumed to have some degree of bearing on the valence of a youth’s attitude
towards drug use.

2.2. Cellular Automata for Spatially Localized Networks

This model uses a three-level spatial grid-based network structure to capture the
social context of each youth. All youth are randomly and injectively placed into individual
cells (patches) in the cellular automata located in the global environment. The three-level
grid containing the youth, family, and socio-cultural environment is a square containing
100 columns and 100 rows. Each patch corresponds to the youth at CA level one (as
depicted in Figure 3a), the youth’s family at CA level two (as depicted in Figure 3b), and
the youth’s socio-cultural environment at CA level three (as depicted in Figure 3c).
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Figure 3. Three-level cellular automata—(a) Each patch presents a youth. Colors distinguish youth
who are absent nonmedical prescription opioid use experience in the past year (yellow) and with
nonmedical prescription opioid use experience in that interval (red). (b) Each patch represents family.
Corresponding colors for a family with at least one member with current prescribed opioids and
family without any prescribed opioids are pink and ivory, respectively. (c) Socio-cultural environment,
in which the black areas represent a positive perspective toward drug use and gradations towards
white represent successively more negative attitudes towards drug use.

This implantation provides a spatially explicit, grid-based network structure for the
youth, who remain immobile throughout the simulation. The lack of spatial mobility
reflects the fact that many youths exhibited high conservation in their social networks and
interaction patterns during and immediately after the pandemic, partly because of the fact
that such networks reflect the composition of the family and socio-cultural environment
in which the youth is nested [69]. Social network density for youth and their peers at CA
level one is operationalized by considering Moore neighborhoods with different diameters
(ranges) as shown in Figure 4.

2.3. Social Impact Model of Opinion Formation

The model characterizes how youths’ nonmedical use of prescription opioids might
be governed by environmental influences, availability of prescription opioids at home, and
the actions of their peers following a discrete opinion model based on social impact theory.
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The model consists of 10,000 youths and their corresponding family and socio-cultural
environment. Each youth is considered to have one of two opposite opinions on nonmedical
prescription opioid use, according to whether they currently nonmedically use prescription
opioids. The presence or absence of nonmedical prescription drug use is assumed to be
dictated entirely by the attitude (opinion) of the youth with respect to drug use.
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In accordance with social impact theory, each youth is characterized by two indepen-
dent parameters called persuasiveness and supportiveness. The strength of persuasiveness
is the ability to persuade another youth with a discordant drug use attitude to change their
current attitude. The strength of supportiveness characterizes the ability to support another
youth with an identical drug use attitude to persist in their current attitude [58].

Following the literature [58,70], the values of the persuasiveness and supportiveness
attributes are assigned as random real-number values uniformly drawn between 0 and 100;
when youth flip to an alternative attitude and associated behavior, their parameters for
persuasiveness and supportiveness are independently drawn from the same distribution.

Youth experience a net impact from interactions with the socio-cultural environment,
family, and peers. Employing a formulation drawn from the opinion dynamics litera-
ture [58,70], the model characterizes the quantitative value of that impact Ii for an agent i
at each drug use occasion with the equation shown in Equation (1).

Ii =

([
N

∑
j=1

pj

dij
a

(
1 − oioj

)]
−
[

N

∑
j=1

sj

dij
a

(
1 + oioj

)])
− oiEi − oi Mi (1)

where j denotes another agent influencing agent i, and oi and oj denote the dichotomous
(±1) opinion values of agents i and j, respectively, towards opioid use, where −1 indicates
an attitude disfavoring opioid use and +1 indicates an attitude in favor of opioid use.

pj and sj denote the persuasiveness and supportiveness of agent j, respectively. In
accordance with a gravity model formulation, dij represents the Euclidean distance between
youth i and j, and a defines the speed of drop-off of influence with distance. The current
model considers peers at Moore neighborhoods with three different levels of influence on
nonmedical opioids use for youth; therefore, d is equal to the minimum Moore neighbor-
hood radius with which agents i and j are connected (max = 3). For a given agent i, an agent
j lying outside the distance of 3 Moore neighborhoods surrounding agent i is assumed
to exert zero influence on agent i (that is,

pj
dij

a and
sj

dij
a are considered to be 0). Following

the literature [58,70] and consistent with calibrated results of the model, a is considered
equal to 2.

The peer impact on youth i is calculated as the difference between the collective impact
of the interacting youth exerting influence on youth i to change opinion (characterized
by the first bracketed term of Equation (1)) and the collective impact of peers exerting
influence to maintain youth i’s current opinion (the second bracketed term of Equation (1)).

Ei is a so-called socio-cultural environment pro-drug influence parameter reflecting
the level of promotion of drug use by youth i’s neighborhoods, recreation areas, social
events, and other forces (a value greater than 0 when there is a pro-drug influence and
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equal to 0 for areas without pro-drug influence). Mi is a child’s exposure to opioids at home
parameter (family influence), reflecting the level of unsafe opioid storage practices by the
youth’s family (a value greater than 0 when there is some opioid storage by the youth’s
family and equal to 0 for youth i in a family without prescription opioids).

If the overall impact from interacting with peers, families, and the socio-cultural
environment for a youth who is absent any nonmedical prescription opioids experience as
characterized by Equation (1) is greater than 0, then the current youth will immediately
initiate nonmedical prescription opioids use. Equation (1) individually governs initiation
behavior in youth who are absent nonmedical prescription opioid use experience, as they
do not have any acute withdrawal symptoms for opioids prior to any experience.

After initial experience with nonmedical prescription opioid use, the behavior of youth
continues to be influenced by peers, families, and the socio-cultural environment; however,
another key factor also arises at this point: the severity of acute withdrawal. This factor can
serve to either reinforce or discourage youth drug use [29].

Past research has suggested that the temporal evolution of the severity of acute
withdrawal symptoms for opioid drugs can be characterized by a lognormal function
of days from the last dose [71]. We employed a lognormal function where scale parameter
µ ranged between 0 and 1 and shape parameter σ ranged between 1 × 10−3 to 1.5 × 10−3.

The attitude of youth with nonmedical prescription opioid use experience may change
in each drug use situation according to Equation (2).

oi(t + 1) =


oi(t) with probability

exp
(−Ii

Ti

)
exp

(−Ii
Ti

)
+exp

(
Ii
Ti

)
−oi(t) with probability

exp
(

Ii
Ti

)
exp

(−Ii
Ti

)
+exp

(
Ii
Ti

) (2)

The parameter Ti represents the severity of acute withdrawal at the current time, and
may be interpreted as a personalized parameter to show randomness in the behavior of
youth, who may reject peers, families, and the socio-cultural environment’s impact about
nonmedical prescription opioid use and elect to quit or relapse. Although the impact (Ii) is
a deterministic endogenous parameter that represents a propensity to change—that is, it
causes youths who are absent nonmedical prescription opioid experience to initiate opioid
use (when the total impact is greater than 0)—any youth with experience of nonmedical
prescription opioid use may quit or relapse based on the probability calculated within
Equation (2). A higher value of Ii indicates a greater likelihood of changing behavior
within Equation (2). Equation (2) is a particular case of the system considered in the
literature [72,73].

2.4. In-Person School Closures Implementation Due to the COVID-19 Pandemic

The model characterizes in-person school closures associated with the COVID-19
pandemic as a change in the range of the Moore neighborhood mediating inter-youth
interaction starting on 14 March 2020. Specifically, mass in-person school closures are
implemented as a Moore neighborhood of range 0 (which has the effect of eliminating
the spread of direct—in person—influence between youth) and in the case of the Ontario
school closure timeline, the Moore neighborhood range differs for mass closure, partial
opening, and phased opening.

2.5. Parametrization, Calibration, and Validation

While the ABM presented in this study is a stylized one, it drew heavily on the
Ontario Student Drug Use and Health Survey (OSDUHS) [61,62] to provide data to char-
acterize dynamics of nonmedical prescription opioid use among youth in Canada. The
baseline empirically grounded model reflects nonmedical prescription opioids use among
students in Grades 7–12 from 2017 to 2021 based on OSDUHS [61,62] and projected until
the end of 2025.
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Ontario mass in-person school closures were characterized by imposing a Moore
neighborhood of range 0 in any phases of the lockdown. The first school closure period was
from 14 March 2020 to 8 September 2020, then from 20 December 2020 to 8 January 2021,
and finally from 12 April 2021 to 17 January 2022 [12,13]. The period of phased reopening
was characterized as imposing a Moore neighborhood of range 2 from 8 September 2020
to 21 September 2020, with partial reopening characterized as a Moore neighborhood of
range 1 from 8 January 2021 to 1 February 2021, and as a Moore neighborhood of range
2 from 2 February 2021 to 16 February 2021 to reflect the transition from the mass school
closure to full reopening. Finally, the full reopening of Ontario schools was characterized
as a Moore neighborhood of range 3.

The model was calibrated so as to match model output against the time-series of
the prevalence of youth with nonmedical prescription opioid use, and the time-series of
the prevalence of youth using nonmedical prescription opioids frequently (six times or
more over the past year) targets from 2017 to 2019 at 2-year intervals and data points of
the prevalence of youth using nonmedical prescription opioids obtained from different
resources (including families, friends, and unspecified resources) in 2019. During the
calibration process, we varied the following set of model parameters by hand until the
model outputs approximated empirical data.

Several model parameters were calibrated against the prevalence of youth with non-
medical prescription opioid use and the prevalence of youth using nonmedical prescription
opioids obtained from families. Youth exposure to prescription opioids at home was
calibrated against the prevalence of youth with nonmedical prescription opioid use and
the prevalence of youth using nonmedical prescription opioids obtained from families.
The severity of acute withdrawal from nonmedical opioid use was calibrated against the
prevalence of youth with nonmedical prescription opioid use. The percentage of the socio-
cultural environment with a positive drug use view and the level of drug promotion inside
the drug-positive socio-cultural environment were calibrated against the prevalence of
youth with nonmedical prescription opioid use. The probability that peers share drugs
with peers who request it was calibrated against the prevalence of youth using nonmedical
prescription opioids obtained from families. The rate of encountering drug use situations
for youth consisted of an initial amount and a coefficient to reflect the current socializa-
tion level, and both were calibrated against the prevalence of youth with nonmedical
prescription opioid use. The rate of opioid prescription for each family member without
prescription opioids and the probability that the duration of the opioid prescription ends
for each family member was calibrated to accord with the prevalence of Canadians with an
opioid prescription. See Table A1 for more details on parameter values and references.

Finally, to ensure the reliability, validity, and robustness of the current model, a com-
prehensive validation process was conducted in three phases [74,75]. The first phase,
verification, evaluates the correctness of the model by comparing the model’s assumptions
to the code logic. The second phase, validation, assesses the accuracy of the model’s
emergent behavior by comparing it to external criteria such as real-world data or expert
knowledge. The final phase, sensitivity analysis, examines how variations in model assump-
tions impact the model’s outcomes. The model demonstrates a visually good fit between
the observed and model-predicted prevalence of youth with a nonmedical prescription
opioid in 2021 during the COVID-19-related in-person school closures.

2.6. Scenarios

To investigate the impact of in-person school closures on nonmedical prescription
opioid use among youth, two sets of scenarios were examined. The first set of scenarios
examined outcomes from 6, 12, 18, and 24 months of mass in-person school closures
followed by partial opening, phased opening, or full opening (i.e., characterizing using
different Moore neighborhood ranges) after removing the mass in-person school closures
order. For the first set of scenarios, an ensemble of 30 realizations was conducted to secure
statistical confidence in results despite stochastic variability.
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The second set of scenarios sought to examine the impact of the Ontario school closure
timeline and further applied the intervention of reducing youth exposure to prescription
opioids at home by 20%, 50%, and 80% at three different time points, considered singly. For
the second set of scenarios, an ensemble of 100 realizations was conducted. Furthermore, to
generate outcomes of interest that are compatible with the empirical data for the baseline,
each simulation employed a 3-year burn-in period for the model. Following the burn-in
period, the model was run for a time horizon from 2017 to 2025. Outcomes of interest are
plotted daily to see the pattern of changes and recorded yearly to compare with the baseline.

3. Results

This section describes the results of model simulations. The Monte Carlo simulation
of the model utilized different realizations to generate a sample of potential outcomes,
given a set of inputs and assumptions. Each realization represented a single simulation
of the system, utilizing a randomly generated set of inputs. By conducting multiple
realizations and introducing randomness in the input parameters, the simulation aimed to
gain a deeper understanding of the uncertainty of the results. The results are divided into
three subsections, starting with the model-generated prevalence of youth with nonmedical
prescription opioid use in the past year for different durations of in-person school closures,
followed by a simulation of the model using the Ontario school closure timeline without
any intervention. Finally, the impact of safe storage of prescription opioids at home on the
prevalence of youth engaged in nonmedical prescription opioid use on the result of the
model using the Ontario school closure timeline is explored.

3.1. Results of the Simulation for the Prevalence of Youth with Nonmedical Prescription Opioid Use
in the Past Year for Different In-Person School Closure Durations

Figure 5 illustrates the model-generated prevalence of youth with nonmedical pre-
scription opioid use in the past year for the different durations of in-person school closures.
There is a small increase in the prevalence of drug use for the first six months of in-person
school closures. Following this initial increase in prevalence, scenarios exhibit a decline
to a steady level for the next six months of in-person school closures. Following that—for
sufficiently long durations of in-person school closures—a plateau persists until the end
of the in-person school closures. The prevalence of youth with nonmedical prescription
opioid use significantly increases after the lifting of the in-person school closures, regardless
of its duration. Nevertheless, the appearance of the increase remained consistent across
different levels of in-person socialization following the lifting of in-person school closures,
supporting the robustness of this conclusion (See Figures A1 and A2).

3.2. Simulation of the Model Using Ontario School Closure Timeline

Figure 6 represents the model-generated prevalence of youth exhibiting nonmedical
prescription opioid use in the past year based on the Ontario school closure timeline.
Figure 6 also demonstrates a visually good fit between the observed and model-generated
prevalence of youth with nonmedical prescription opioids, persisting even in the middle
of in-person school closures in 2021. After the first school closure came into effect on 14
March 2020, the model-generated prevalence of youth exhibiting nonmedical prescription
opioid use shows an increasing trend. The increase continues through the year as schooling
experiences were more differentiated across Ontario with the different possible levels of
socialization for youth. However, as the second mass in-person school closures due to the
COVID-19 pandemic lasted for more than six months, the model-generated prevalence of
drug use shows a downward shift. The model-generated prevalence of youth exhibiting
nonmedical prescription opioid use increases after the lifting of the in-person school
closures. Further, we used the model to estimate the overall impact of in-person school
closures through the COVID-19 pandemic on youth opioid use by comparing the model-
generated prevalence of drug use in 2025, with and without in-person school closures
due to the COVID-19 pandemic. The model-generated prevalence of youth exhibiting
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nonmedical prescription opioid use could show a significant increase (of +195%) in 2025 as
a consequence of in-person school closures. Furthermore, the distributions of simulation
outputs and the coefficient of variation remain relatively stable under different population
sizes (See Figure A3).
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Figure 5. Model-generated prevalence of youth with nonmedical prescription opioid use in the
past year for the different durations of in-person school closures (a–d). The model predicted the
prevalence of youth with nonmedical prescription opioid use in the past year for (a) 6-month in-person
school closures, (b) 12-month in-person school closures, (c) 18-month in-person school closures, and
(d) 24-month in-person school closures. In-person socialization following the lifting of in-person
school closures is characterized as a Moore neighborhood of range 3. The two vertical arrows
represent the start and end of the in-person school closures for each panel, respectively.
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3.3. Impact of Safely Storing Prescription Opioids at Home on the Result of the Model Using the
Ontario School Closure Timeline

Figure 7 illustrates the impact of safely storing prescription opioids at home on the
prevalence of youth with nonmedical prescription opioid use in the past year. Specifically,
it shows the impacts when youth exposure to prescription opioids at home is reduced
by 20%. Figure 7b illustrates a scenario in which the intervention of safely storing pre-
scription opioids with a decrease of 20% in youth exposure to prescription opioids at
home was implemented in 2017. Figure 7c depicts the effects of this intervention when it
was implemented at the start of the COVID-19-related in-person school closures, while
Figure 7d depicts the effects of the intervention of securely storing prescription opioids
when it was implemented at the start of the 2022–2023 academic year. Cases in which this
intervention was implemented before or early in the COVID-19-related in-person school
closures slightly mitigate the extent of the increase in prevalence of drug use after the lifting
of in-person school closures (Figure 7b,c). However, even a delayed implementation of
safely storing prescription opioids—where such precautions are introduced after the lifting
of the COVID-19-related in-person school closures—has also achieved a modest reduction
in the peak in the prevalence of youth with nonmedical prescription opioid use (Figure 7d).
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Figure 7. Model-generated prevalence of youth exhibiting nonmedical prescription opioid use in the
past year for the baseline scenario (a) and after applying safe storage intervention with a decrease
of 20% in youth exposure to prescription opioids at home beginning at different time points (b–d).
The two vertical black arrows represent the start and end of the Ontario school closure timeline.
(a) Model-generated prevalence of youth exhibiting nonmedical prescription opioid use in the past
year for the baseline scenario. (b) Model-generated prevalence of youth exhibiting nonmedical
prescription opioid use in the past year after applying safe storage in 2017. (c) Model-generated
prevalence of youth exhibiting nonmedical prescription opioid use in the past year after applying
safe storage at the beginning of the general COVID-19-related in-person school closures on 14 March
2020. (d) Model-generated prevalence of youth exhibiting nonmedical prescription opioid use in the
past year after applying safe storage at the start of the 2022–2023 academic year.
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Decreasing youth exposure to prescription opioids by 20% would reduce the preva-
lence of youth with nonmedical prescription opioid use after the lifting of the COVID-19-
related in-person school closures by 27% and 28% in 2025 relative to the baseline, depending
on whether the intervention was implemented before or at the beginning of the COVID-
19-related in-person school closures, respectively. However, late implementation of the
intervention at the start of the 2022–2023 academic year would also reduce the prevalence
of youth with nonmedical prescription opioid use in 2025 by 9%, relative to the result of
the model using the Ontario school closure timeline without any intervention.

The results of the model also indicate that decreasing youth exposure to prescription
opioids by 50% can lead to a significant reduction in the prevalence of nonmedical prescrip-
tion opioid use among youth after the lifting of the COVID-19-related in-person school
closures. Specifically, the prevalence of youth with nonmedical prescription opioid use
in 2025 would be reduced by 58% and 56%, depending on whether the intervention was
implemented before or at the beginning of the COVID-19-related in-person school closures,
respectively. With a late implementation at the start of the 2022–2023 academic year, the
prevalence of youth with nonmedical prescription opioid use in 2025 would still be reduced
by 19% in comparison to the model using the Ontario school closure timeline without any
intervention (See Figure A4).

Finally, a significant decrease in youth exposure to prescription opioids by 80% could
greatly reduce the prevalence of nonmedical prescription opioid use among youth following
the lifting of the COVID-19-related in-person school closures. The prevalence of youth
with nonmedical prescription opioid use in 2025 could be lowered by 68% and 66% if
the intervention was implemented prior to or at the beginning of the COVID-19-related
in-person school closures, respectively. Even with a delayed implementation at the start of
the 2022–2023 academic year, the prevalence of youth with nonmedical prescription opioid
use in 2025 could still be reduced by 21% compared to the model using the Ontario school
closure timeline without any intervention (See Figure A5).

4. Discussion

This simulation demonstrates that public health orders mandating in-person school
closures may have had direct and indirect effects on youth opioid use during and after
school closure. Limited in-person social interaction changes the circumstances surrounding
youth, resulting in unintended consequences on risk factors for opioid use. The simulation
illustrates that the pervasiveness of unsafely stored opioids in homes and limited in-person
social interaction with anti-drug peers could facilitate the initiation of opioid use among
youth. However, decreasing social events for recreational drug use, the absence of peers
who might encourage taking certain risks [76], and the negative effect of withdrawal
symptoms limit the increase of opioid use further during in-person school closures. The
lifting of in-person school closures may lead to a high increase in the prevalence of youth
engaged in nonmedical prescription opioid use. The “rebound” effect on the prevalence
of nonmedical prescription opioid use after in-person school closures end could occur
for several reasons. One possible explanation is that when in-person school closures end,
youths may be more likely to come into contact with peers who use drugs. These social
networks can play an important role in shaping youth drug use behaviors. The increased
socialization that occurs when school is in person can expose young people to a higher
risk of peer pressure and influence, which could lead to an increase in drug use. The
literature also argues the plausibility that ongoing effects of the COVID-19 pandemic
in North America will place youth at a greater risk for nonmedical prescription opioid
use [15,77,78]. Factors outside the scope of the model may have influenced such effects in
either direction. For example, while family members staying home from work may have
restricted youth access to opioids in some households, in some settings, the consequences
of concurrent parental unemployment and spending more time at home and witnessing
possible elevated levels of family member substance use [19] may put youth at a higher
risk for opioid use.
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The simulation outcomes demonstrate that interventions that decrease youth exposure
to prescription opioids in the home context could constitute an effective intervention
pathway to mitigate what could be a significant increase in youth opioid use following
the lifting of in-person school closures. Interventions targeting associated risk factors for
youth exposure to prescription opioids at home can be beneficial whenever they come into
effect, whether before or during in-person school closures; while the benefits secured by
intervention at those times are particularly pronounced, later implementations will also
help mitigate what could constitute a significant increase in youth opioid use.

The findings from this study should be interpreted within the context of the following
limitations. First, the current approach focuses specifically on the in-person peer social-
ization component of the peer influence process; this work therefore does not consider
either peer selection or online peer socialization, which may influence regular substance
use among youth [79,80]. Instead, our goal was to identify the extent to which lack of in-
person peer socialization as a result of in-person school closures could plausibly influence
nonmedical opioid use among youth. Second, research indicates that youth consumption
of prescription opioids may be mediated by anxiety and hopelessness [81], as contributed
to by the adverse psychological impacts on youth from the pandemic compounded by
in-person school closures and isolation from peers. Since this study focused on the soci-
ological aspect of substance use in particular, future research could study psychological
factors which may have a reinforcing effect on youth drug use. Third, the current modeling
analysis does not explicitly track the effect of opioid tolerance and possible overdoses on
later opioid use among youth. Fourth, the current level of model abstraction filtered out
some less-essential details for youth within the model, such as youth siblings, youth year
in school, and disconnection from peers after school. Finally, exploring alternative network
structures and theories of opinion dynamics among youth in future agent-based modeling
studies may be worthwhile. Of particular note, more extensive national data on youth
opioid use would especially inform the model parameterization and assumptions, support
testing the plausibility of model baseline scenario outcomes, and support critical evaluation
of the current conclusions.

Despite these limitations, identifying a potential increase in the prevalence of youth
with nonmedical prescription opioid use after the lifting of in-person school closures
suggests the importance of effective opioid surveillance, and awareness and availability
of naloxone and treatment options to prevent serious medical outcomes and death in this
vulnerable population. Furthermore, efforts to encourage new opioid packaging, such
as personalized pill dispensers, may lower the accessibility of incompletely dispensed
prescription opioids. It should be noted that a disruption to the supply of opioids from
home should be combined with supporting and promoting awareness of the risks of opioid
abuse amongst youth.
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Figure A2. Model-generated prevalence of youth with nonmedical prescription opioid use in the
past year for the different durations of in-person school closures (a–d). The model predicted the
prevalence of youth with nonmedical prescription opioid use in the past year for (a) 6-month in-person
school closures, (b) 12-month in-person school closures, (c) 18-month in-person school closures, and
(d) 24-month in-person school closures. In-person socialization following the lifting of in-person
school closures is characterized as a Moore neighborhood of range 2. The two vertical arrows
represent the start and end of the in-person school closures for each panel, respectively.
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the past year for the baseline scenario (a) and after applying safe storage intervention with a decrease
of 50% in youth exposure to prescription opioids at home beginning at different time points (b–d).
The two vertical black arrows represent the start and end of the Ontario school closure timeline.
(a) Model-generated prevalence of youth exhibiting nonmedical prescription opioid use in the past
year for the baseline scenario. (b) Model-generated prevalence of youth exhibiting nonmedical
prescription opioid use in the past year after applying safe storage in 2017. (c) Model-generated
prevalence of youth exhibiting nonmedical prescription opioid use in the past year after applying
safe storage at the beginning of the general COVID-19-related in-person school closures on 14 March
2020. (d) Model-generated prevalence of youth exhibiting nonmedical prescription opioid use in the
past year after applying safe storage at the start of the 2022–2023 academic year.
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the past year for the baseline scenario (a) and after applying safe storage intervention with a decrease
of 80% in youth exposure to prescription opioids at home beginning at different time points (b–d).
The two vertical black arrows represent the start and end of the Ontario school closure timeline.
(a) Model-generated prevalence of youth exhibiting nonmedical prescription opioid use in the past
year for the baseline scenario. (b) Model-generated prevalence of youth exhibiting nonmedical
prescription opioid use in the past year after applying safe storage in 2017. (c) Model-generated
prevalence of youth exhibiting nonmedical prescription opioid use in the past year after applying
safe storage at the beginning of the general COVID-19-related in-person school closures on 14 March
2020. (d) Model-generated prevalence of youth exhibiting nonmedical prescription opioid use in the
past year after applying safe storage at the start of the 2022–2023 academic year.

Table A1. Parameters, values, and references.

Parameter Values References

Youth population size 10,000 Assumed

Total number of family 10,000 Assumed

Family size Poisson probability distribution Assumed [66]

Moore neighborhood range 0–3 Assumed

Rate of opioid prescription for each family member without
prescription opioids (1/week) 0.003 Calibrated [67]

Probability that the duration of the opioid prescription ends for
each family member (1/week) 0.02 Calibrated [67]

Level of youth exposure to prescription opioids at home Uniform distribution between 450 and 900 Calibrated [61,62]

Percentage of the socio-cultural environment with a positive
drug use view 14% Calibrated [61,62]

Level of drug promotion inside the drug-positive
socio-cultural environment Uniform distribution between 1 and 1500 Calibrated [61,62]

Initial amount of encountering drug use situations for youth Lognormal distribution Calibrated [61,62]

Encountering drug use situations coefficient for different level
of socialization among youth Lognormal distribution Calibrated [61,62]
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Table A1. Cont.

Parameter Values References

Level of supportiveness for peers Uniform distribution between 0 and 100 Assumed [23,58]

Level of persuasiveness for peers Uniform distribution between 0 and 100 Assumed [23,58]

Severity of acute withdrawal from nonmedical opioid use Lognormal distribution Calibrated [71]

Probability that peers share drugs with peers who request it 0.075 Calibrated [61,62]
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