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Abstract—In rural areas availability, price, and legal
consequences can force some drug users to switchtvibeen
primary drugs of choice. For example, as a consequoee of
stricter law enforcement policy in rural Ohio we olserved a
shift from methamphetamine use to heroin and presdption
opiate use. We propose a polydrug agent-based modgiat
describes drug users interconnected in a network. éhavior
rules are based on our ethnographic research. The rag
selection mechanisms are dictated by drug liking, rdig
availability, drug cost, perception of health and ther life
consequences, perception of potential punishment dpressure
from the peers. The model produces time series ofsers’
choices of one or concurrent drugs. Modeling and
ethnographic data collection are interlinked i.e. mdel results
lead to the improvements in quantitative measuremes, which
in turn improve the model. Polydrug trends are of m@rticular
interest to policy makers because short-term interentions can
lead to long-term adaptation.
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patterns and feedbacks that could predict qualdbtior
quantitatively the response resulting from thecegtitaken.
Such understanding is complicated by a lack of |alt
data and a lack of experience in collecting thatridata. In
this sense, to develop the right understanding,efivagl and
data collection should complement each other iiteaative
manner. Data collection about illegal and adaptigbavior
could benefit from model-based suggestions abouthwh
aspects of behavior to include as data items, andessely,
the collected data should educate the model about
unexplained events and possible adaptations. IMNGDA-
funded study we employ this approach. Based oralinit
ethnographic information we have developed a behali
model which is now providing suggestions about Hgec
aspects of ethnographic information that needs & b
collected to further develop the model. The model i
theoretical, meaning that the goal is to forma#flact our
qualitative “understanding” of rural drug use paite The
model is not supposed to reproduce numericallytiserved
data but rather identify qualitative trajectoridsiradividual
and collective response to external interventions.

Our agent-based model describes individual drugceso

National and regional drug use patterns have beeuander the conditions of drug availability, perceivesk of

changing, reflecting changes in individual choioésirugs,
for example, marijuana in the late 1960s and 19868in
epidemic waves of the early 1950s and 1970s (197A1
the crack epidemic in the late 1980s, and

methamphetamine epidemic in late 2000s [1]. The=mds
are difficult to predict because they reflect sal@daptive
factors including individual choices, public poljcpublic
acceptance, and the adaptation of the supply sidtheo
market. Despite the “war on drugs,” drug use pasteand
trends surprisingly persist [2]. Individual choicasd drug
trajectories have been extensively described byraber of
researchers [3,4,5]. On the other hand, markettatiap has
been extensively studied from a cost-effectivermsat of
view [6]. However, these two components are selgh
together with a few exceptions [7,8]. Understandisaga

drug use, impact of social network, and drug useribut.”
Although there are a few models that describe tbegss of
drug use and operation of drug markets [4,6,10,0&re

thewas little focus on modeling the switch betweengduse.

We considered two models: a simplified model fodusa
the specific phenomenon of switching between
methamphetamine and opiates and an extended niuatel t
considers a greater variety of drug choices as althe
evolution of the supply side of the market. In thaper we
focus on the simplified model because it servesstieific
purpose of the study and provides a basis for gended
model under development. In the next section werdes
the model’'s assumptions and the basic rules tedodowed

by drug using and market agents. Then we present ou
preliminary results and discuss the implication fimta

critical component in policy and decision makingy B collection, policy analysis, and future work.

“understanding,” here, we mean the identificatidrcausal
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II. METHODS

To provide suggestions about specific aspects o

ethnographic information that needs to be collected
understanding switches between markets we develaped
theoretical agent-based model that describes
understanding of market functioning. The model isltb
using the Overview Design concepts and Details (DD
protocol that was introduced and standardized hisiack
and Grimm [9]. The ODD is designed to demystify ABM
and provide the reader with a clear descriptiotheflogic,
structure, and components of the model. The resthef
section is structured according to this protocol.

A. Purpose

The purpose of this model is to describe the méhifo
drug use patterns leading to community responsieug use
interventions. The model will help to understandvharug
preference, drug-acquiring effort levels, drug
consequences, and drug-sticking factors in a négudor
population affect the decision to switch the usemé drug

our

Never used the

Continued use
drug

Occasional use

Past Use

Figure 1. State chart for an agent in the multiple drug usedel

The population of drug users is interconnected.gDru
users are linked to a number of other drug usersglthe
simulation. The linkage between two drug users
maintained during the entire simulation.

is

useC. Process Overview and Scheduling

This model proceeds in monthly time steps. Withaohe
month or time step, four phases are processed én th

for another. Drug preference identifies how much ang|iowing order: drug selection probability calctiéms,

individual likes a specific drug at a specific time

selected drugs identification, drug use state wdatd drug

The model translates ethnographic observations a”Hreference update.

narratives into formal causal rules and paramedkres. The
model can then be used to generate simpler aggregstem
dynamics and statistical models that in turn coblel
calibrated and validated to “hard” survey data.

B. Entities, Sate Variables, and Scales

The model includes individuals who are drug users.

There is a constant population of drug users dutiegentire
simulation.

The simpler model contains only three reinforcers:

Heroin, Opiates, and Other. Note that “Other” caunldude
other drugs such as alcohol and marijuana, butradsedrug
reinforcers such as sporting activities. For sigigli we

separate methamphetamine and opiates from the oth

reinforcers.

The agents in the model use one, two, or all threﬁ

reinforcers. We do not distinguish between occadi@amd
regular use; however, we distinguish between nesey first
use, and use of the reinforcer. The reason for distimction
is that the effect of the drug on individual peto@p of
liking can change after first use and then afterseguent
use. Thus, in relation to each of the drugs antagmuid be
in one of the following non-overlapping states: Beused,
tried it, use it, and used in the past. The exténdasion of
the model also considers occasional and regulalkigare
1).

Each individual can be in the community or
institutionalized (incarcerated or in treatmentpck drug
state is characterized by attitudes toward the ¢irag drug
liking) and a number of external factors. The titos
between the stages is additionally governed by reate
factors such as peer pressure.

Copyright (c) IARIA, 2014.  ISBN: 978-1-61208-371-1

At each time step an individual considers a nundfer
competing priorities, and evaluates them according
combination of six drug factors:

Drug liking

Drug availability

Drug cost

Perception of health and other life consequences
Perception of potential punishment

Pressure from peers

These factors can change in time according to rexter
internal factors. For example, external influencesm be
related to drug availability, activities of drugrtes, or the

erception of punishment, which could increase doe

rmation of a police task force to fight a specifirug.
Internal influences are associated with the in@esds‘drug
king” after prolonged use. We also consider thattime
some drugs could lead to “burnout” and decreadkiimg.
Although we use the term “drug liking” for the daption of
both positive and negative reinforcement, we inifhjic
distinguish between them by assuming that occasis®is
a result of positive reinforcement and dependesce result
of negative reinforcement. The resource can bdestaer
time or get reduced because of loss of a job calbsed
addiction. Thus, a number of complex feedback ldoymact
the formation and development of individual and owmity
drug use patterns in the drug market environment.

Agents can get institutionalized depending on peece
punishment. Although the punishment perception khou
follow the severity of the punishment we assumé these
factors are immediately correlated and controllegtraally
by an observer or external input.

Timeline. We are more focused on long-term changes
rather on daily behavior. The time horizon in tivawdation
is 10 years. The time steps are of 1-month duration
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Scheduling. At each timestep each agent first etedu that choice. If the relative score is betw8drandT2, where
the external and internal factors and then makdecésion T2 is a lower threshold, then the user will try te@nforcer,
about which drugs to use for the next timestep. Agno and if the score is less thag then the user will not be using
external factors we consider the prevalence of dwgg that drug. The natural low limit foF2 is 1/3 given that we
among agents’ peers. In a simplest implementatian whave 3 choices of reinforcers. This will guarartes at least
assume that the community is closed and everyone e choice will be made. The example of the retagieore is

connected to everyone, so rather than considerzagrgplex
social network we average the drug use in the camitynto
create the “peer pressure” factor. In a more rigalgetting
we consider two overlapping networks:

heroin and

presented in Figure 2.

Adaptation. Agents assess their social network and

include the assessment in the objective function.
Learning. Agents’ learning ability is representedtie

methamphetamine. The assessment of the networkne d form of drug-liking dynamics. The more an agentsutiee

before any individual state changes.

D. Design Concepts

The model design assumes that each person
interconnected with a number of people in the patparn.
The model hypotheses are that changes of use fnentype

drug the more it “likes” the drug. We use the téliking” as
a surrogate of the actual liking and dependencthoAbh
one of the characteristics of drug addiction is atieg
reinforcement (i.e., an individual uses a drug éduce
discomfort) we consider that limited to the dynasnid the
drug-liking function (i.e., they can move from osmal to

of drug to another depends on drug preference, -drugegular users). Future model versions will haveatfiaity to

acquiring efforts levels, drug use consequences, cang-
sticking factors.

their drug using group as a part of generating ‘foothas
an additional factor impacting the choice of drug.

The model design assumes that drug supply is a

commodity that is always available. Drug supplien®
different for different drugs. Drug preference ches over
time for each type of drug. If a person has nutf@rence for
a drug, the only way to change it to a positivefgmence is
through social pressure exerted by the personigarkt

Emergence. We do not consider explicit emergen

behavior, but rather expect that emergent behasomid
form on its own from existing rules. We might exptrsee
that the impact in one limiting parameter suchrasdase in
punishment for a single drug without providing aitive
reinforcement option for “no use” could lead to therease

in other drugs becoming dominating depending on th

punishment and availability of the new drug. Thugh the
delay in response we might expect long-term wanedrig
use that have been historically observed in theddrnbtates
and worldwide.

@
=
@
=]
~

T T
Meth Opiates Other

Reinforcers

Agent objectives. Agents have their resources amd aFigure 2. Example of the relative score diagram. “Other”

willing to spend them depending on the current essent
of the situation. They do not have any long-terrjectives,

but rather make a choice according to the critesised on a
combination of expected effect and risks.

In real life individuals have resources such astand
funds that they spend on their priorities. The veses act as
limiting factors that control the mix of drugs amdividual
can use. By considering other reinforcers we ctiverentire
space of choice possibilities that compete forahresources.
Rather than have an explicit set of resources wsider a
relative score which is defined as a scaled absaslcre and
the agent makes choices based on the values ofelative
score. For each choice we define an absolute S¢paes

follows:
Liking+*Availability+PeerInfluence

i = (1+Price)(1+HealthProb)(1+Punishment)’ (1)
where each of the components is defined on a fwate

0 to 100. The relative score is definedSas L We also

provide the rule for making the choice to tr)L/ anduse the
drug. If for a specific drug the sco8>T1, whereTl is an
upper threshold, then the individual will becomeiser of
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reinforcement shows the highest score thus thistagd choose
the “Other” reinforcement.

We distinguish growth in drug use liking after fitsse
and tempering out with time reflecting the “burrt"an drug
use. This is done by multiplying the liking by tbernout
function which has a logistic shape with charasteritime.
The functional form for the growth and burnout iiirlg is
represented with a function with interpretable &oiefts:

L. = ath 1 (2)

L7 (1+ath) (1+Ce(d(t—t’)))'

where t is the time since the first try, a, b, @rdl t' are
scaling parameters with a corresponding to the dspefe
initial growth and is used to distinguish betweegasional
and regular use. Parameter b is characteristiciftdreht
drugs, parameter ¢ corresponds to the end pointthfer
liking, d corresponds to the speed at which thédjkis
reduced, and t’ to the timing of the decline inidik The
largest possible liking corresponds to the valugGdf.
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Figure 3. Liking function for heroin.

In Figure 3 we present the shapes of the liking:tion
for a drug such as heroin as it progresses in titrtakes a
short period of use to get addicted but after @ Iperiod of
use the liking is lowered because of the detraihiegith and
lifestyle effects. The characteristic times of thiking
dynamics could be defined as times when the likeaches
70 of the maximum value. In Figure 3 these timedl wi
correspond to points where the liking function eess the
horizontal (green) line.

Prediction. The agents do not make any predictdh.
prediction is described by an immediate assessafdrgalth
and punishment risks.

Sensing. Agents sense the state of the membeteiof t
network (currently everyone).

Interaction. Agents do not directly interact witlach
other, they only sense the state of network members

Stochasticity. In the current
deterministic by choosing the “best” combinationdofigs;
however, there is an option to randomly make tbehststic
choice with probability of choosing being proponiid to the
relative score of the drug choice. The stochasimmponent
is introduced at the level of creating connectiona social
network. The potential usage of a drug is a binemtable
that depends on the individual's social index. HBuoeial
index is computed as a function of the individualigevious
drug use and the previous drug use of the indiVisipeers.
The potential use is then computed using a Bernoull
distribution with social index as the parameteitidhdrug
preference values and initial drug use states ameamly
selected from a set of four possible states, eatthangiven
probability.

Collectives. Collectives are defined accordingh® type
of reinforcer they use. Thus, an individual coutdib more
than one collective at a time.

Observation. The observer has options to impacy dru
availability and perceived drug punishment. At eatgdp we
record the individual’s drugs of use which are rded in the
output file and then can be analyzed.

Initialization. A randomly linked network is inifig
created and used for each simulation. Each drug isse
initialized by assigning a random number of linkeebple
and the values of drug preferences and drug clesistats.

A number of other structured networks has beenidered,
e.g. scale-free and a small world, but actual ailich of the
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the

network structure is not feasible at this pointistve use the
simplest random arrangement.

Ill.  MODELAPPLICATIONS

The model was developed as a standalone
application as well as a NetLogo model. The modedse
verified through a system of sequential testsa(tpllection
of individual users, no market agent (drug charéttes do
not change), no networks; (2) addition of networks,
market agent; and (3) network and agents. Althougat
direct validation of the model has not been feasl¥case
of the lack of direct measurements in the real evsstting,
the face validity of the resutls were discussedhvilie
ethmographers and law enforcement respresentatives.

The main application of this model resulted in design
of a set of six questions aimed to calibrate thelehoThese
questions corresponded to the items in the scadewaare
defined at a 10-scale level. This questionnaire iwalsided
into a longer ongoing ethnographic survey of drisgra.
Upon the completion of the study the data will lsedifor
model calibration and validation on historic data.

Here we present the results of a hypothetical stena
After the market locally stabilizes, the action w
enforcement leads to the increase in consequerfcése o
local methamphetamine market, which in turn leadshe
reduction in meth use and increase in other reiefoents
available in the social network. Because heroinanhigher
addictive potential than “other” reinforces it ewaaly wins
over the community with a temporary dominance dfeot
reinforcements. Figure 4 shows the results of mprihe
simulation for 2 years.

Java

version agents are

2 J Percent use

Meth

= Heroin
Other

Percent Using

time, manths

Figure 4. Drug use trends corresponding to the scenarigevhe
law enforcement activities led to the reductiomethamphetamine
use and the increase in heroin use.

After users try heroin they get quickly addicted! &y
time methamphetamine is reintroduced to
community many former meth users are on heroin.ithad
of methamphetamine increases the chance of usiig bo

the

V. DISCUSSION
We present a model that describes individual pgigsrin

the choice of drug and the relationship between the

individual choices, drug supply adaptation anditheact of
community and law enforcement which sometimes l¢ads
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short time success followed by long-term resistanne
opposite results. Our model provides a possibldaegpion

on why law enforcement strategies often fail. Wiies law
enforcement attempts don't consider long-term ntarke
adaptation and with limited resources the succesglickly
diminished by the adaptation in a different dimensiThese
adaptations sometimes make drug markets moreesfticis

in [10] or dominated by a more addicted drug athencase

of Summit County considered in this paper. Histaric 3]
precedents support the need for a systems appréach.
example, the increase in border control betweenUthieed
States and Mexico in 1969 (Operation Intercept) teechn
increase in the use of other drugs (76% of studemis84%
percent of patients reported that they increaseeir th [4]
consumption of one or more other drugs (includiloglzol)
because of the wunavailability of marijuana) [11].
Additionally, smugglers have found more efficienays to
smuggle the drug into the United States and domesti
marijuana growth has increased, which made theallle
market more efficient [11].

Although our paper presents a simple theoreticaleho
ethnographic research can play a key role in aisti&al
understanding of feedback processes and consegueifice
interventions. Ethnographic research allows onedlbect
data on the actual reasoning and causal relatipnshat are
often hidden from standardized surveys. Althougtitéd to
a smaller number of individuals, ethnographic datavide
the basis for the development of theoretical memiadiels.
The process of building ABMs allows one to conutlese
mental models into formal rules and parameters.
simulating trajectories from these ABMs one canaobt
understanding of the main consequences and adaystaine
can expect from the interventions. Although moféatilt to
calibrate and validate microsimulation have an athge of
capturing non-linearities that occur due to complexision
making and networks structures. As shown in [13] a
simplification of an ABM by aggregating over the
population agents and time requires careful arglysi [11
otherwise a simplified aggregated model will notguahtely
represent the dynamics of the full model. Afteesghg the
best theoretical scenarios ABMs can provide thasbfas
population-based data collection through more bédia
means such as representative surveys. The advasftageh
an approach is that now the surveys are groundeshlistic
causal pathways and thus their predictive valithégomes
much more prominent.
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