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Abstract

Injecting drug users (IDUs) are the largest risk group for HCV infection. Studying injecting by classical
epidemiological methods is no easy task, largely due to its hidden nature and low prevalence in general
population terms. Thus, mathematical modelling can be of major help in performing a qualitative and
quantitative evaluation of the costs and possible impact of the various interventions and to produce
forecasts of both injecting drug use and HCV spread among IDUs. In the present paper an epidemic
Mover-Stayer model for the spread of drug use, which has been recently proposed, is extended to mirror
the spread of an infectious disease, in particular hepatitis C, among the injecting drug user population.

In order to model the spread of a disease (HCV) among a population evolving following a different
epidemic (injecting drug use) all the compartments of the ‘external epidemic’ (injecting drug use) are
subdivided into two sub-compartments: the first one comprising individuals who are not affected by HCV
and the second one comprising individuals affected. The resulting model may be defined the ‘two epidemics’
or, better, the ‘nested epidemics’ model. The model is a Mover—Stayer model for what concerns the ‘external
epidemic’ (injecting drug use) but is a homogeneous epidemic model for HCV (all individuals are at risk of
HCYV the same). In the following, the dynamic equations are derived. Some qualitative analysis is per-
formed in order to evaluate the asymptotic behaviour and the impact of possible prevention or harm
reduction interventions. The results of a scenario analysis are also presented. The model, though simple,
seems to be a very valuable tool for policy makers.
© 2004 Elsevier Inc. All rights reserved.
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1. Introduction

Problem drug use represents an important social, criminal and public health issue. It is defined
as ‘injecting drug use or long duration/regular use of opiates, cocaine and/or amphetamines’ [3].
This definition excludes ecstasy and cannabis users, and those who never, or irregularly, use
opiates, cocaine or amphetamines.

Illegal drug use is concentrated in some groups of the population, in particular young adults,
males and urban inhabitants, although this varies across countries and differences tend to decrease
over time.

Drug injecting refers to the non-medical self-injection of drugs and excludes persons inject-
ing steroids for sporting and non-sporting purposes. In Europe, the main drugs involved
are heroin and, to a lesser extent cocaine or amphetamines. Cocaine is not usually injected,
except in combination with heroin. Other drugs, such as benzodiazepines, are also sometimes
injected.

There are probably between half and one million drug injectors in the EU today, excluding
those who inject occasionally or who have injected in the past. This represents less than 0.4% of
the EU population aged 15-64, and no more than 5% of the estimate 18 million who use illegal
drugs each year [6]. Young adults (aged 15-34 according to the EMCDDA standard with some
national differences) present rates up to double or more than those of the whole adult population
for injecting drugs. Drug injecting is the common denominator of most serious drug-related
health damage in the EU (e.g. HIV, hepatitis B and C, tuberculosis and endocarditis). Reusing
and sharing syringes, needles, and other drug injection equipment exposes injecting drug users
(IDUs) to the risk of contracting or transmitting HIV and other blood-borne infections such us
hepatitis B (HBV) and hepatitis C (HCV).

The study of infective pathologies related to drug injecting is one of the five key indicator
proposed by EMCDDA. In fact the information concerning the infections of HIV, hepatitis B and
C among IDUs are necessary to estimate the results obtained from previous strategies of pre-
vention and treatment and to plan further interventions.

IDUs have one of the highest HBV incidence rates among all risk groups, and at least half of all
new HCV cases occur among IDUs. Studies have shown that infection with HBV and HCV
frequently occurs soon after an individual begins injecting drugs. HCV has emerged as a major
epidemic among IDUs, with observed prevalence exceeding 70% in many countries in the EU. In
particular, in Italy the trend seems stable in the last 4 years for what concern national level while,
at local level, increases are reported in the Northeast area (from 75.8% in 1998 to 78% in 2001)
and decreases are reported in the Centre and South area (respectively from 69.6 % to 65.9% and
from 56.3% to 53.1%).

Many interventions are designed to prevent or to control the spread of blood-borne disease
among IDUs.

Such interventions include primary and secondary prevention to forestall initiation into drug
use, substance abuse treatment to reduce intensity and the duration of injection drug use, and
harm reduction interventions designed to make drug use less dangerous to active IDUs. Studying
drug injecting is no easy task, largely due to its hidden nature and low prevalence in the general
population terms.
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Thus, mathematical modeling can be of major help in performing a qualitative and quantitative
evaluation of the costs and possible impact of the various interventions and to produce forecasts
of both injecting drug use and health consequences, such as infectious diseases. On the other hand,
epidemiological information on incidence and prevalence of acquired infections can be useful to
estimate, on the basis of suitable models, the size of the hidden population of IDUs ([21,25]) and
evaluate the impact of interventions aimed at secondary prevention or harm reduction [24].

Several models for the spread of infectious diseases have been proposed in the literature
[1,9,10,15,16,19] but they just consider the epidemics into ‘close’ sub-populations at high risk of
infection (i.e. homosexuals, sex workers or injecting drug users). In the present paper the popu-
lation of problem drug users is modeled as an ‘open’ group with its own peculiar dynamics
[8,23,24].

There is evidence that drug use itself spreads as an infectious disease, i.e. the rate of new cases
depends on the number of existing cases and on the number of susceptible [2,12,17]. Thus,
mathematical models developed for epidemiological applications may be of use in this field, al-
though the sociological parameters needed to model drug-related problems may be more transient
than the biological parameters used to model infectious disease spread.

2. The nested epidemic model

Compartmental models represent a powerful mathematical tool well established in modelling
the spread of ‘diseases’ in a population [13]. Thus, they provide a framework in which numbers of
people in different compartments (each one homogeneous with respect to some specified char-
acteristics) and the relationships between such compartments, modelling the dynamics of the
population, can be described in mathematical terms.

The results from the model are the number of people in some compartment of interest at some
specific time (prevalence), or the number of people moving to and/or from some compartment
during a specified time interval (incidence). Once the population has been split into relevant
compartments, it is an easy task to describe mathematically how the size of these compartments
will change over time by means of suitable difference or differential equations, according to the
basic hypotheses of the model describing the dynamics of the population of interest.

The graph presented in Fig. 1 describes the main features of the model proposed in the present
paper to describe the HCV epidemic among IDUs. This model is an extension of a Mover—Stayer
type model ([24,25]) and could be seen as a ‘two floors’ model [8].

The first one (down), that is named ‘external epidemic’, mirrors the spread of IDUs from a
susceptible population subdivided into two groups: stayers consisting of individuals who, due to
their ‘prudent’ behaviour, are considered not to be at risk of ‘infection’ and the group of movers
consisting of individuals at risk of ‘infection’.

The other floor (up), that obviously is an ‘internal epidemic’, is intended to model the diffusion
of HCV among IDUs.

It should be noted that this model is a Mover—Stayer model in relation to the ‘external epi-
demic’ but is a homogeneous epidemic model in relation to HCV given that, to provide a tractable
analytic model, it is assumed that all IDUs are at an equal risk of HCV.
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Fig. 1. Graphical representation of the ‘nested epidemics’ model.

It must be observed that a Mover—Stayer model is characterised by the partition of the sus-
ceptible population into two groups:

e The Stayers, that is, those individuals who, due to their ‘prudent’ behaviour, cannot be infected
and, thus, are not at risk. They always remain in the compartment of susceptibles.

e The Movers, who are at risk of infection, represent the so called ‘core group’. They can move to
the drug user compartments and begin a ‘drug user career’.
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The movers can be infected either by a contact with an infectious individual (drug user) or by a
contact with a pusher operating in the black market of drugs.

A drug user passes through a period of ‘hidden’ use at the beginning of his/her career. This
period, called ‘latency period’ [3,5], can be split into several different phases. During this period
the drug users can:

1. stop using drugs;
2. continue using drugs;
3. die.

Afterwards, those who continue using drugs, due to health and criminal problems connected
with drug use, are normally recorded by some Agency and becomes ‘visible’. Usually, at this stage,
he/she starts to be assisted by health care services and can be cured. However, addictive use of
drug is a recidivant syndrome, thus, ‘recidivist use’ is a possible further phase of a drug user
career. For sake of simplicity, as in Rossi [24] and Esposito and Rossi [8], the model is set up
under the hypothesis that the new susceptibles, entering in the population of interest, are divided
into Stayers and Movers according to constant proportions Sy and M, = 1 — S, (stationarity),
with 0 < S < 1. Due to the structure of the ‘two floors” model described above, this model is
called ‘nested epidemic’ model (Table 1).

Table 1
Parameters and variables of the ‘nested epidemics’ model

Type Description
oy Transition rates Constant
i Mortality rates Constant
Vi Interaction rates Constant
X() Population of susceptibles (Compartment 1) Prevalence
S(1) Proportion of stayers Proportion
Y1(2) Light drug users (Compartment 2) Prevalence
Ya(¢) Hard drug users (Compartment 3) Prevalence
PAXY; (1) Incidence from susceptibles to light drug users Incidence
PAY Yh(t) Incidence from light drug users to hard drug users Incidence
Z(t) Clients of health care services (Compartment 4) Prevalence
PAY,Z(t) Incidence from hard drug users to clients Incidence
Wi(t) Recidivist drug users (Compartment 5) Prevalence
Wi (t) No use (Compartment 6) Prevalence
D(1) Deaths by any cause (Compartment 7) Cumulative prevalence
H,(t) Light drug users with HCV (Compartment 8) Prevalence
Hy(t) Hard drug users with HCV (Compartment 9) Prevalence
V(1) Clients of health care services with HCV (Compartment 10) Prevalence
K (1) Recidivist drug users with HCV (Compartment 11) Prevalence
K (1) No use with HCV (Compartment 12) Prevalence
PAY\H, (¢) Incidence from light drug users to light drug users with HCV Incidence
PAY,H,(t) Incidence from hard drug users to hard drug users with HCV Incidence

PAW K, (2) Incidence from recidivist drug users to recidivist drug users with HCV  Incidence
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The nested epidemic model is the simplest model (even if by representation it seems complex)
because the set of individuals who can develop hepatitis C only comprises IDUs and not the whole
susceptible population, which should be divided into various groups with different risk behaviour.
Such a model would thus require the estimation of a huge number of interaction parameters,
resulting in a quite unstable, over parameterised structure. On the other hand, the present model
comprises all the compartments of interest, but no more, according to the suggestion by Einstein:
“A model must be as simple as possible, but not simpler” [11].

It must also be observed that ‘natural history’ only refers to drug injecting and not to HCV,
since data on the HCV stage in IDUs is not available.

The capital letter inside each compartments represents the ‘level” of the compartment, i.e. a state
variable counting the number of individuals or the prevalence in the compartment, normalised if
needed.

In Fig. 1 there are two kinds of connection between the various compartments: arrows and
lines. The lines show that the connections are interactions (non-linear epidemic terms in the
equations) whereas the arrows are transitions (linear terms) that occur in their directions. In the
first floor, the lines connecting the drug use (infectives) compartments and the susceptible (or
temporary no-use) compartments denote the possible interactions which may produce transi-
tions from susceptibles (or temporary no-use) to infectives. The other possible transitions
from susceptibles (or temporary no-use) to infectives are induced by the pressure of the black
market.

As to the parameters and the distributions of the lengths of stay, some of them are already
available from the study of the latency period [3]. Others can be derived from therapy data already
available in some sites. The demographic parameters regulating the dynamics of the susceptible
population, namely p,, i 4, 717 are supposed to be known and are country-specific. The other
parameters 7 can be externally estimated using the information from mortality studies among
drug users, which are available for most countries in the EU [4]. The parameters p, 3, i3 4, 159 and
o 1o (natural history parameters) can be estimated on the basis of data available on the natural
history of drug use. The parameters puy s, fyg, Hsas Hse Hoso Ho1s Hio11> Hio,12> Hi1105 Hipi2> Mazg @and
2,11 (therapy parameters) can be obtained at least for order of magnitude from therapy data
available in most countries. The parameters i, g, (39, fis11> V28, V39 and vs;; are HCV infection
rates among IDUs. All the other parameters and the parameter ‘initial proportion of Stayers’, So,
can be used as scenario parameters.

All the parameters g, ; and m;; represent transmission rates per person of the origin compart-
ment per week and appear in the linear terms of the equations, instead the parameters v;; are
interactions rates per week per pair and appear in the bilinear terms of the equations.

The values of all these parameters for Italy (or their order of magnitude) are reported in Table 2
[3-5,8,24].

The parameters in bold character are ‘scenario’ parameters that can be modified to obtain
different simulated behaviours of the epidemics.

From the graph reported in Fig. 1, it is straightforward writing the difference equations of the
model that are reported in the Appendix A.

The state variables used in the model (with the exception of S(¢), which is the proportion of
Stayers at time ¢) are normalised per million inhabitants.
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Table 2
Values or order of magnitude of parameters

Connections between u n v (order of magnitude)
compartments

0-—1 0.00025

150 0.00002

152 1073/10°¢ 1073/10-°
153 1076/1073
1-5 1075/107°
1-7 0.00023

253 0.009

256 0.004/0.0004 1073/107¢
257 [0.0002-0.0008]

2538 1077 8.6677x107°
34 0.004

356 1076/1073
37 [0.0002-0.0008]

359 1077 8.6677x107°
45 [0.014-0.018]

456 [0.007-0.009]

47 [0.0002-0.0008]

54 0.001

56 [0.05-0.1] 1075/107°
557 [0.0002-0.0008]

5—11 1077 8.6677x107°
61 0.0096

6—>5 0.001

67 [0.0002-0.0008]

8—7 0.0014

8§—9 0.009

8—12 0.004/0.0004 1073/107°
97 0.0014

910 0.004

912 1073/10-¢
107 0.0014

1011 [0.014-0.018]

10>12 [0.007-0.009]

117 0.0014

11-10 0.001

11-12 [0.05-0.1] 1073/10-°
121 0.0096

1257 0.0014

1211 0.001

It must be observed that some hypotheses can be made in order to simplify the model, namely:

External epidemic
o Infectivity parameters are different for the interaction between light drug users and susceptibles
and hard drug users and susceptibles.
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Internal epidemic

e HCYV infected drug users can contract HCV either by the interaction with infected drug users
(bilinear term in the equations) or by the interaction with blood product or infected individuals
who are not drug users (linear term in the equations).

e Due to homogeneity and biological reasons, the infectivity parameters for all interactions
assume the same value.

e HCYV positive drug users can become susceptible again with respect to the external epidemic.
For the sake of simplicity, due to the low number of such cases, HCV+ status of such individ-
uals is neglected.

3. Epidemic/endemic behaviour for the external epidemic and prior evaluation of the impact of
primary and secondary prevention interventions

From the equation for the susceptible population and the equation for the proportion of
Stayers it is possible to carry out a qualitative analysis of the epidemic. The approach is similar to
that used in Rossi [24]. The analysis focus on the onset incidence indicator, that is, the number of
transitions from susceptibles to light drug users per unit time, which is a crucial indicator for
monitoring and evaluating drug policy [20].

Let us consider the equations for X (#) and for the ratio S(¢ + Dt)/S(¢):

Dividing the first equation by X (¢ 4+ Dt) we can write:

X()(1 —/4170—7'61,7) X(1)

1= X(r+ D) ~ X+ DD (1= S@O)][p2 +v12Y1(2) + visha(t) +visWi(2)]
X(1) (1)
m [Ho,l + e 1 m],

if the equation for S(z + Dt)/S(¢) is subtracted from the above, we obtain

p(t)=1 —Lt;(r:t)
= 1o P P B S0l 12K (04 s 50 v )L

The qualitative analysis of the epidemic is based on the study of the function p(¢).

In particular, if p(¢) < 0, then the epidemic is decreasing and going towards the endemic phase,
whereas if p(¢f) > 0 the epidemic is spreading [22]. These two situations are characterised by the
following relationships:

So } Ho1 X (1) + pe 1 WA(2)
X(t+ Dt)
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So | o1 X (@) + ps1 Wa(2)
p(t) < 0= [1 - S(t)] Yoy
X(f—l(—t)Dt) (1 —=S@)] [, +vipYi(t) +visYa(t) +visW(2)], )
where
[1 _ i] Ho X (1) + pg, Wa(1)
() X(t+ Dr)

represents the ‘demographic’ contribution to the dynamics and
[1=S@O][12 +vipYi(#) + visa(t) + visHi(1)]

represents the epidemic contribution to the dynamics.

Relation (1) implies that if S(¢#) = 1 (all the susceptibles are Stayers) then the epidemic con-
tribution vanishes, S(7) is decreasing (p(¢) > 0) and the endemic phase starts, whereas, from
relation (2), we have that if S(z) < Sp, then S(¢) is increasing (p(¢) < 0), thus, there exists a time ¢*
such that for # > ¢ S, <S(r) < 1. It follows that the values Sy =1 and S, =S, are reflecting
barriers for the process for ¢ > ¢*, thus there exists a positive value ¢ (0 < ¢ < 1 —S) such that if
S(t) > 1 — ¢, then the endemic phase of the epidemic starts and S(7) becomes a decreasing func-
tion, but, as soon as S(¢) < 1 — ¢ then a new epidemic wave starts and S(z) becomes an increasing
function. In other words we can say that the influence of the epidemic term is increasing for S(¢)
decreasing, whereas the influence of the demographic term is decreasing for S(¢) decreasing, thus
smoothed oscillations occur. We can define the value §* = 1 — ¢ the threshold epidemic value. It is
possible to express the relation to explicitate ¢ as a function of the interesting state variables and
transition parameters but it cannot be calculated analytically, thus simulation runs are required to
evaluate its value. In order to set up a simulation procedure hypotheses on the parameters of the
model should be discussed.

In the following, the analysis of the effect of possible prevention intervention is outlined. Let us
consider a primary prevention intervention with efficacy parameter 4, where 4 is the probability
that a mover becomes a stayer due to the intervention, and let us suppose that both, the inter-
vention and the effect, are observed in the same time unit. In order to evaluate the qualitative
impact of the intervention at population level we use, as an over all measure, the onset incidence
indicator. Let us consider the following equations:

Ay =X(t+Dt) — X(1)
=X () (o — o — m7) = X (@O = SO][p15 +vi2Y1(6) +visYat) + visWi(0)] + we, Wa()
+ 121 Ko (2)

and
A, =X(t+Dt) — X(¢)
=X () (o) — o —m7) = X(@O[(1 = S@)(1 — A)][p1 5 +vi2Y1(8) +visYa(t) + visWi(2)]
+ e WA (1) + p1n,1 Ka(2),

where the second relationship takes into account the effect of primary prevention intervention
with efficacy parameter 4. By calculating the difference of the two expressions, we obtain
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Ay — Ay = X ()AM (1) [y, + E(2)],

where M(t) =1—S(¢) is the proportion of movers at time ¢ and &(f) =vi2Yi(f)+
visYa(t) + visWi(2). Thus, it is easily seen that the impact of a primary prevention intervention,
with efficacy parameter 4, is bilinear with respect to such parameter and to the proportion of
movers among susceptibles. This implies, due to the results of the qualitative analysis of the M — §
model [24] showing that the proportion of movers is monotonically decreasing during the epi-
demic phase, that the effect of a primary prevention intervention is higher at the beginning of the
epidemic. It also implies that the effect of the observation of the adverse consequences of drug
abuse cannot be by itself highly effective as primary prevention, due to the long latency time [5].
This fact, unfortunately, prevents from observing such consequences for several years since the
beginning of the epidemic. When starting observing them, most movers will already be drug users.

Similarly, the effect of law enforcement interventions can be evaluated by reducing y; , and the
impact of secondary prevention interventions by reducing the v;; parameters or by modifying the
characteristic therapy parameters, producing a consequent reduction of the size of compartments
Y1, ¥ and 7. It can be immediately derived that the impact of such interventions is more effective
during a mature phase of the epidemic when the level of S(7) is high and the sizes of the three drug
use compartments is high as well.

Thus M(¢) can be used to measure the maximum expected instantaneous impact of primary
prevention interventions and &(¢) can be used to measure the maximum expected instantaneous
impact of secondary prevention interventions.

Similarly it is possible to consider a primary prevention intervention on the susceptibles of
the internal epidemic (hepatitis C) who, as described in Section 2, are the IDUs; in mathe-
matical terms this corresponds to the sum of the three drug use compartments Vi, ¥, and ;.
Let us suppose that, due to this intervention, some users change their behaviour becoming
more ‘prudents’, so they can be considered like stayers and do not take part in the spread of
HCV.

If we denote by S’ this proportion of HCV-stayers and by ¥ the efficacy parameter of the
intervention, that is the probability that an IDU become a stayer with respect to the internal
epidemic, we can evaluate the efficacy of the intervention. It should be noted that S” represents the
proportion of non-HCV infected IDUs who become ‘prudent’ due to the intervention. Thus,
S =0 in the absence of intervention under the hypothesis of homogeneity of the internal epi-
demic.

As above, let us consider the equations:

Ay = ("i(t + Dt) + H(t + Dt) + Wi(t + Dt)) — (Yi(1) + Yo (1) + WA (1))
= V() (—pa3 = toe — m27) + X (O[1 = S(O)][p1 2 + vi2Yi (1) + viaXa(t) + visM(0)]
+ 1O = S (O)](—pas — vas(Hi (1) + Ho(t) + Ki (1)) + Ya(0) (—tt34 — 737) + 131 (2)
[1 =S (O](—p30 — vao(Hi(1) + Ho(1) + Ki (1)) + Wi(t)(—pts g — s — Ts7)
+ Wa(t)[ug s + v26Y1(2) + v36Y2(2) + vss W (2)] + 1 sZ(2)
+ M@)[1 = SO (—ps11 — vsu(Hi (1) + Ha(t) + Ki(2)))

)
)

+ 1(t
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and the analogous equation taking into account the effect of the intervention characterised by the
efficacy parameter ¥:

Ay = (Y1(t + Dt) + Ya(t + Dt) + Wi(t + Dt)) — (Y1 (¢) + Ya(t) + Wi (1))
= Y(0) (a3 — tos — m27) + X (O)[1 = S@)][s12 + vi211 (1) +vi31a(2) +vi5W(1)]
+ 1)1 = S())(1 = V)(—pag — vas(Hi(1) + Ho(t) + Ki(2))) + Y2(0)(—p34 — 737)
+ uzng(t) + H(0)[(1=S"(0)(1 = V(=39 — vao(Hi (1) + Ha(t) + K1 (1))
M(t)(—psq — lsg — Ts7) + Wa(t)[tes + vaeY1(8) +v36Ya(t) + vse Wi ()] + pysZ(1)
MO =8 (@) (1 = V) (—ps1y — vsa (Fi (1) + Ha(t) + Ki (1))

Taking the difference of the last two equations, we obtain

Ay — Ay = PM'(t) (Y1 (1) + Ya(t) + Wi(2)) (o + Mz + Us 1y + &(1)],
where

M (t)=1-5()
and

E(t) = (vag + v39 + vs11) [Hi (2) + Ha(2) + Ky (2)].

For the internal epidemic the impact of a primary prevention intervention is bilinear with re-
spect to M'(¢) and to &'(¢), as it was for the external one. Thus, the same considerations apply.

4. An example of scenario analysis

The simulation procedure, used to obtain a scenario analysis, is written in S-plus 2000 for PC.
All the parameters can be modified at the beginning of each run by means of a user friendly
interface. The standard output comprises tables and graphs of prevalence and incidence curves,
related to the various compartments, and the various indicators to estimate the impact of pre-
vention interventions. The time unit for simulation is one week and all the values related to
incidence and prevalence curves are normalised and expressed per million inhabitants. The graphs
presented below (Fig. 2) show the curves corresponding to the prevalence of the three compart-
ments of drug use comparing them with the same prevalence curves related to the compartments
of drug use with HCV to highlights the delays between the peaks and, similarly, for the incidence
curves. Table 3 summarises the results obtained by simulation. The present scenario has been
obtained using the most reliable parameter estimates for the heroin epidemic in Italy [8,24].

The graph presented in Fig. 3 shows the behaviour of the proportion of HCV infected IDUs
among the clients of health care services: 3 +z' where V' is the prevalence of the clients with HCV
and Z that of the non-infected clients. such indicator represents the only available data for
monitoring HCV spread among IDUs at present and can be assumed as a measure of the impact
of the epidemic.

A fast increase can be observed for such indicator in agreement with empirical data available in
the EU.

It must be observed that, without any intervention, the indicator increases approaching, with a
velocity depending on the various parameters, the proportion of 100%, whereas it is expected that,
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Fig. 2. Prevalence and incidence curves of IDUs compartments. (a) Prevalence curve of light users. (b) Prevalence curve
of hard users. (c) Prevalence curve of recidivist users. (d) Prevalence curve of light users with HCV. (e) Prevalence curve
of hard users with HCV. (f) Prevalence curve of recidivist users with HCV. (g) Incidence curve from susceptibles to light
users. (h) Incidence curve from light users to hard users. (i) Incidence curve from light users to light users with HCV. (j)
Incidence curve from hard users to hard users with HCV.

if some intervention would produce an overall proportion of HCV-stayers S, then the limit of the
indicator would be 1 — §j.

These considerations allow to estimate the global proportion of HCV-stayers for various
countries of the EU simply observing the stationary ' proportion of the HCV-infected clients. For
example, for Italy, we can estimate that [7]:

¢ in the north-east area, the proportion §’ is less than or equal to 22% (indicator still increasing);

¢ in the Centre S’ = 30%;
e in the south ' =2 44%.

! This corresponds to the maximum in the time series of such proportions.
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Fig. 2 (continued)

Table 3

Location of the peaks of the IDUs compartments
State variable Location of the peak (weeks) HCV-delay
Y 450
H; 680 230
Y, 550
H, 730 180
/4 580
K 200
PA(XYy) 400
PA(VH,) 450 50
PA(Y,Y) 450
PA(Y,H,) 550 100

where HCV-delay represents the difference (in time) between the peaks of the correspondent
compartment (H,:Yy; Hy:Ys; Ki:Wy; PA(Y H,):PA(XY,); PA(Y,H,):PA(Y,Y,)). From the summary
results reported in Table 3 some policy considerations can be drawn:

o Incidence indicators are more useful to plan prevention interventions (smaller delays).
o Efficient incidence surveillance systems should be organised in order to monitor both drug use
trends and infectious diseases spread.
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Fig. 3. Behaviour of the proportion of HCV-infected IDUs among clients of health care services.

A Abstaining from injecting drug use

Decreasing Changing the mode of administration from injecting to
non-injecting routes

risk of HIV
Ceasing the sharing of injecting equipment
transmission
Thorough cleaning of injecting equipment that has been
previously used by others

Fig. 4. Hierarchy of intervention goals for reducing transmission of HIV. Source: N. Lintzeris, P. Spry-bailey, Harm
reduction with problem users. In: M. Hamilton, A. Kellehear, G. Rumbold (Eds.), Drug use in Australia. A harm
minimisation approach, Oxford, 1998, p. 240.

e Harm reduction interventions [14,18], aimed at preventing infectious disease spread should be
implemented soon, as the delay between the peaks of first use incidence curve and HCV inci-
dence curve is just about one year (50 weeks).

e The most valuable prevention interventions should be graduated as represented in Fig. 4.

Thus, in particular, safe injecting rooms such as those implemented in Francoforte, Madrid and
other EU cities can be particularly effective in preventing both overdose episodes and infections.

5. Final remarks

In the present paper a ‘simple’ operational model has been presented to mirror the spread of
infectious diseases in the ‘open’ population of IDUs. The model, though simple, allows:
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e to make qualitative analyses and evaluate the possible impact of prevention interventions;

o to make ‘what if” scenario analyses in order to obtain quantitative information about the spread
of infections and the impact of interventions;

o to get useful qualitative and quantitative information for decision makers in order to imple-
ment more efficient policies to control both problem drug use and risky behaviours of IDUs.

It would be very useful to implement epidemiological studies in order to obtain more reliable
estimates of ‘crucial’ epidemic parameters and to organise surveillance systems to monitor the
behaviours of IDUs and the spread the internal epidemics.

Acknowledgements

The work was partially funded by the European Monitoring Centre on Drugs and Drug
Addiction in the framework of the EU funded European Network to develop Policy Relevant 16
Models and socio-Economic Analyses of Drug Use, Consequences and Interventions (TSER/
DGXII project ERB 4141 PL980030). We want to thank the two anonymous referees who, with
their suggestions and comments, allowed to present a highly improved version of the paper.

Appendix A. Deterministic difference equations of the model

1. Susceptible population. State variable: X

X(t+Dt) =X)L+ pog — o — m7) = X(O[L = SO][p12 +v12Y1 (1) + vi3Ya(8) + visWi(1)]
+ 61 Wa(2) + 1y, Ka(2).

2. Light drug users. State variable: Y,

Yi(t+ D) = N(t)(1 = py3 — tag — tag — M27) + X () [1 = S(0)][s12 + vi2 Y1 (1) + vi312(0)
+ V]}sVV](l)] — Vz,ng(I)[Hl(f) +H2(I) + K (I)]

3. Hard drug users. State variable: Y,

W(t+Dt) = YH()(1 = t3g — a9 — T37) + 13 Y1(1) — v3oYa(8) [H (1) + Ha(1) + Ki (2))].
4. Clients of health care services. State variable: Z

Z(t+Dt) = Z()(1 — py5 — Hag — Ma7) + u34Y2(8) + ps M (0).
5. Recidivist drug users. State variable: W,

Wi(t+Dt) = M () (1 — psy — psg — psgy — 7s7) + Wa(t)[pes + vaeYi(t) + vieYa(t) + vseWi(t)]
+ py sZ(t) — vsu Wi () [Hy (1) + Ha(2) + Ky (1)].

6. No use (temporary). State variable: W,

Wi(t + Dt) = Wa(6)(1 — pgy — me7) — Wa(t) e s + v26Y1(2) + va6Ya(t) + vs s Wi (1)] + 1y 6Z(1)
+ 161 (1) + s Wi (1)
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7. Deaths for any cause. State variable: D
D(t+ Dt) = D(t) + 127 Y1(t) + m37Y2(t) + ma7Z(t) + s 1 Wi (t) + me7Wa(t) + s 7H, (2)
+ 797 Ho(t) + MoV (2) + 717K (8) + 127K (2).
8. Light Drug Users with HCV. State variable: H,
H(t+Dt) = Hi(1)(1 — pg 1 — pigg — 7s7) + pag V1 (¢) + vas Vi (1) [H1(2) + Ha(2) + Ki (1))
9. Hard drug users with HCV. State variable: H,
Hy(t + Dt) = Hy(1)(1 — o 19 — Mo7) + pg o1 (1) + 392 (1) + v30 Y2 (0) [H (1) + Ha(2) + Ki (2)).
10. Clients of health care services with HCV. State variable: V
V(t JFDt) = V(t)(l — Hyo,11 — Hpo12 — n10,7) + #9,10H2(t) + #11,10K1(t)-
11. Recidivist drug users with HCV. State variable: K,
Ki(t+Dt) = Ki()(1 = pyy 12 — taro — i17) + Ko(0)[piany + vs12Y1 (1) + vo121a(2)
F Vi M (0)] 4 oV (#) + ps n Wi(t) 4 vs i Wi (6)[Hi (2) + Ha(2) + Ko (2)].
12. No use (temporary) with HCV. State variable: K,

K(t+ Dt) = Ko (1)(1 = pyay — mi7) — Ko () [1201 4 vs,12Y1(2) + vo12Ya(2) + vin 12 (1))
+ g 12 HI (1) + 10,12V (8) + p11,12K1(0).-
13. Proportion of stayer. State variable: S

X()(1 = pyg—m7)

Ho 1 X (8) + pe WA (t) + 1yp1 Ko (2)
X(t+ Dr) '

S(t+ Dt) = S(¢) X(t+ D)

+ 8o

Functions and constants of the ‘nested epidemics’ model

M(1) Proportion of Movers/impact indicator of primary Proportion/function
prevention interventions for the external epidemic

p(1) Epidemic/endemic indicator Function

<40} Measure of expected impact of a secondary Function
prevention intervention for the external epidemic

A Efficacy rate of prevention intervention for the Constant
external epidemic

b4 Efficacy rate of prevention intervention for Constant
the internal epidemic

S'(¢) Proportion of HCV-stayer Proportion

M (1) Proportion of HCV-Movers/impact indicator of Proportion/function
primary prevention interventions for the internal epidemic

40) Measure of expected impact of a secondary prevention Function

intervention for the internal epidemic
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