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SUMMARY

How can decision makers best choose among competing epidemic control
programs and populations? The problem of resource allocation for epidemic
control is complex, and differs in a number of significant ways from
traditional resource allocation problems. A variety of OR-based methods
have been applied to the problem, including standard cost-effectiveness
analysis, linear and integer programming, simulation, numerical procedures,
optimal control methodologies, nonlinear optimization, and heuristic
approaches. This chapter reviews a number of these models. This chapter
does not aim to be an exhaustive review of the literature; rather, we discuss
an illustrative subset of existing models. We conclude with discussion of
promising areas for further research.
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17.1 INTRODUCTION

According to the World Health Organization, the world is facing “an
infectious disease crisis of global proportions” [1]. Infectious diseases are
the world’s largest killer of children and young adults, accounting for more
than 13 million deaths per year and many more cases of illness [1]. The
greatest number of infectious disease deaths are due to HIV/AIDS, a disease
that is almost invariably fatal. In 1999, 2.8 million people worldwide died
from AIDS. At least 34 million people are currently infected with HIV and
the epidemic continues to grow rapidly, with no cure or vaccine in sight [2].
Diarrheal diseases, tuberculosis, malaria, measles, and influenza and
pneumonia also cause significant numbers of infectious disease deaths.
Some of these diseases are becoming increasingly prevalent because of HIV:
the weakened immune systems of HIV-infected individuals make them
prone to opportunistic infections such as tuberculosis and diarrheal diseases.
In addition to existing infectious diseases, new infectious diseases, such as
SARS (Severe Acute Respiratory Syndrome) continue to emerge and to
spread rapidly via global travel [3].

Infectious diseases can cause death directly. They can also cause death
indirectly by increasing the chance that an individual will contract other
diseases such as cancer. For example, infection with human papilloma virus
can lead to cervical cancer; schistosomiasis can lead to bladder cancer; and
infection with Hepatitis B or C can lead to liver cancer.

Although infectious diseases pose a serious threat to public health, resources
for controlling infectious diseases are limited. Decision makers must
determine how to allocate limited epidemic control budgets among
competing programs and populations so as to achieve the greatest health
benefit given the available prevention resources.

Competing epidemic control programs may include vaccination, prevention
programs, and treatment programs. Prevention programs include behavioral
and nonbehavioral programs. Behavioral programs are generally aimed at
inducing uninfected and/or infected individuals to change risky behavior.
Nonbehavioral programs include programs for ensuring the safety of the
healthcare system (e.g., universal precautions for health care workers; or
screening of donated blood, organs and tissues), immigration restrictions and
quarantine programs (e.g., quarantine of infected individuals), and
environmental abatement programs (e.g., treatment of outdoor areas with
insecticides or microbicides). Treatment programs may reduce the spread of
an infectious disease by reducing the infectiousness of infected individuals.
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Decision makers must also choose which populations to target with epidemic
control programs. Different subgroups of a population may have different
risk of infection depending on their level of exposure to the infection and
their susceptibility to infection. They may also have differing propensity to
change their risky behavior. Some prevention programs may be targeted to
infected individuals, whereas other programs may be targeted to uninfected
individuals.

How can decision makers best choose among competing epidemic control
programs and populations? As we discuss in the following section, the
problem is complex, and differs in a number of significant ways from
traditional resource allocation problems.

A variety of OR-based methods have been applied to the problem of
resource allocation for epidemic control, including standard cost-
effectiveness analysis, linear and integer programming, simulation,
numerical procedures, optimal control methodologies, nonlinear
optimization, and heuristic approaches. This chapter reviews a number of
these models. This chapter does not aim to be an exhaustive review of the
literature; rather, we discuss an illustrative subset of existing models. We
conclude with discussion of promising areas for further research.

17.2 EPIDEMIC CONTROL

The problem of allocating resources for epidemic control is complex. A key
reason is that epidemics of infectious disease are inherently nonlinear and
dynamic: the rate of new infections is proportional to the product of the
number of infected people and the number of uninfected people, and these
quantities change over time. As illustrated in Figure 17.1, a typical epidemic
follows an S-shaped curve. At first, few people are infected. As new people
become infected, the rate of new infection increases. Eventually, as more
people become infected, the growth of the epidemic slows.

Figure 17.1 Growth of a typical epidemic
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Epidemics are typically modeled using a system of nonlinear difference or
differential equations. To provide some insight into epidemic dynamics and
the problem of epidemic control, we present a very simple epidemic model.
A comprehensive discussion of epidemic models can be found elsewhere [4,
5].

Consider the following simple compartmental model that describes the
spread of an infectious disease in a single closed population. This model is
illustrated schematically in Figure 17.2. Let x(t) denote the number of
uninfected individuals in the population at time t and let y(t) denote the
number of infected individuals in the population at time t (these individuals
are assumed to be infectious). Every individual is either uninfected (and
thus counted as part of x(t)) or infected (and thus counted as part of y(t)).
Let N denote the (constant) size of the population. Let denote the rate of
infection-transmitting contacts at time t; this rate is referred to as the
sufficient contact rate. Let denote the rate of entry into and exit from the
population. The epidemic model can be written as

Figure 17.2  A simple compartmental epidemic model

The population size is constant: individuals enter the population at rate
and leave at rate where x(t)+y(t) = N. Infection occurs at rate

at time t; these individuals leave the uninfected group and enter
the infected group. All infected individuals are equally likely to mix with all
uninfected individuals; this is known as homogeneous mixing.
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Suppose now that two programs for slowing the epidemic have been
implemented, a vaccination program for uninfected individuals and an
educational program that aims to eliminate risky behavior among infected
individuals. Suppose that uninfected individuals are immunized at rate
at time t and that infected individuals are removed from the infectious
population at rate at time t. Let z(t) denote the number of individuals
who can neither acquire nor transmit infection at time t (these are vaccinated
susceptibles, and infected individuals who have been removed from the
infectious population). The above model can be rewritten as

This model is illustrated schematically in Figure 17.3. As before, the
population size is constant: individuals enter the population at rate and
leave at rate where x(t)+y(t)+ z(t) = N. Uninfected
individuals can become infected (the terms in (2a) and (2b)) or
immunized (the terms in (2a)). Infected individuals can be removed
from the infectious population (the terms in (2b) and (2c)).

Figure 17.3  A simple compartmental epidemic model with controls

The above models are quite simple. More realistic models may include
features such as subdivision of the population by risk group and disease
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stage, nonhomogeneous mixing, different types of infectious contacts,
nonconstant population size, different rates of exit/death from different
groups, and stochastic parameters. Whatever the form, however, all
epidemic models share the basic element of nonlinear dynamic infection
transmission.

Because epidemics grow nonlinearly and different population subgroups
often have different risk of infection, saving a high-risk person from
infection today may save scores of people from being infected later.
However, allocating all prevention resources to high-risk individuals may
allow a significant epidemic to occur among low-risk individuals. Thus, the
optimal resource allocation may not involve allocating all resources to high-
risk individuals.

A second complexity of the resource allocation problem is the relationship
between resources expended and program outcomes; we shall refer to this
relationship as a “production function”. In some cases, the production
function for a prevention program may be linear. For example, each
additional dose of a fully effective protective vaccine removes one additional
person from the susceptible population. However, in many cases, a
program’s production function may not be linear. A program may have
diminishing returns, for example, if people reached when more money is
invested in a program are less likely to change their risky behavior than
people reached when less is invested in the program. A prevention program
may have increasing returns to scale if a minimum level of investment is
necessary before the program has any significant impact on the spread of the
epidemic.

Additionally, epidemic control programs may not be independent:
investment in one program may change the effectiveness of other epidemic
control programs. For example, a general education campaign may increase
awareness of a disease and thus increase the effectiveness of other
prevention programs.

Finally, the time horizon considered by the decision maker can have a
significant impact on the best decision: the allocation of resources that
eradicates an epidemic in the long term may not be the same as the
allocation of resources that yields the maximum health benefit in the next
year.

We now describe different approaches that have been used to model the
problem of allocating epidemic control resources.
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17.3 RESOURCE ALLOCATION MODELS

17.3.1 General resource allocation models

Resource allocation has long been studied by operations researchers [6]. For
example, the classical knapsack problem can be framed as one of selecting
from a set of potential investments to maximize benefit subject to a budget
constraint. The problem can be formulated as an integer program or a linear
program. Such formulations generally assume that the effects of investment
are independent; that is, investment in one program does not affect the
benefits of other programs. Linear programming formulations assume that
programs are perfectly divisible (i.e., it is possible to invest in any fraction of
a program) with linear returns to scale (i.e., investing in 50% of a program
yields 50% of the benefit that would be obtained from full investment in the
program).

These assumptions are usually not realistic for epidemic control programs.
The relationship between resources invested and health benefits (such as
infections averted or years of life gained) is likely to be nonlinear, as
discussed above. Moreover, interventions often cannot be considered
independently because the health benefits that accrue from one intervention
may depend on the amount of money invested in other interventions.

17.3.2 Implicit resource allocation via cost-effectiveness analysis

Cost-effectiveness analysis, a standard tool in health economics, is a way of
evaluating the costs and benefits of one health intervention compared with
another [7]. For an evaluation of two interventions, A and B, the incremental
cost effectiveness of B relative to A is given by:

The above ratio expresses the cost per additional unit of health benefit
conferred by intervention B compared to intervention A. Costs represent
total expenditure on an intervention, plus resulting changes in health care
costs. Effectiveness can be expressed in natural units of outcome such as
new infections averted or years of life saved. To facilitate comparison of
alternative health care investments, health outcomes can be expressed in
terms of quality-adjusted life years (QALYs) lived [7].

The goal in allocating resources among health interventions is to maximize
health benefits subject to available funds. Standard cost-effectiveness
analyses call for spending money on those programs that yield the greatest
“bang for the buck” (measured as health benefits per dollar invested) until
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the budget is spent. This is based on the solution to the following simple
optimization problem. Let denote the effectiveness that accrues from
investment in intervention i, i = 1, …, n, and let B be the total available
budget. Let i = 1, …, n denote the level of investment in intervention i:
when is 1, the maximum amount is invested in intervention i. The
problem can be written as

The above problem is a linear programming (LP) knapsack problem. The
optimal solution is to allocate resources to interventions in order of
increasing cost-effectiveness ratios until the budget is spent.

The solution to the above LP knapsack problem is the optimal resource
allocation only if the following three conditions hold: (1) The interventions
are perfectly divisible (i.e., it is possible to invest in any fraction of a
program). (2) The interventions have constant returns to scale: thus, for
example, doubling the investment in a particular intervention doubles the
health benefits that accrue. (3) The interventions are independent: invest-
ment in one intervention does not change the incremental cost effectiveness
of any other interventions. Because these conditions are not likely to be met
for an epidemic control problem, standard cost-effectiveness analysis has
limited applicability for such problems.

17.3.3 Linear programming approaches

Several authors have proposed linear and mixed integer linear programming
formulations for the resource allocation problem that do not require the first
and second conditions (divisibility and constant returns to scale). If
interventions are not divisible, the above LP can be replaced with an integer
program (IP) where the decision variables are constrained to be either 0
or 1 [8, 9]. If an intervention is partially divisible – for example, if
investment in a program is constrained to one of several discrete levels, or if
investment in a program is constrained to be either nothing or at least p% of
full investment – then the constraint can be replaced with integer
constraints or mixed integer linear constraints [10]. If interventions do not
have constant returns to scale – for example, if a minimum level of
investment is required before any health benefits can be realized, or if
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programs have increasing or decreasing returns to scale – the optimization
problem can be modified by introducing integer indicator variables (to
include fixed cost) and/or by using piecewise linear approximations of the
cost-effectiveness functions (to include nonconstant returns to scale) [10].
However, such formulations do not capture the nonlinearities in cost
effectiveness caused by epidemic dynamics, nor do they capture possible
interactions between investment in one intervention and the effectiveness of
other interventions.

17.3.4 Optimal control approaches

An alternative approach that does capture epidemic nonlinearity applies
optimal control to an epidemic model. Such an analysis determines the
optimal application of epidemic control over time. The goal is to obtain
analytical results that characterize the form of the optimal solution. Thus,
most analyses consider a single epidemic control program applied in a single
population. Closed-form expressions for the compartment size functions
(e.g., the functions x(t) and y(t) in equations (1)) are only known for certain
very simple epidemic models [4, 5]. Thus, optimal control analyses use
relatively simple epidemic models such as that in equations (2), but usually
assuming only one type of control. Examples of controls typically
considered include vaccination (which increases the rate in (2)),
treatment or removal of infectious persons (which increases the rate in
(2)), and programs aimed at reducing the sufficient contact rate (the rate
in (2)).

A typical objective in the application of such control might be to minimize
the cost of control (e.g., variable vaccination cost plus the fixed cost of
establishing the vaccination program) plus a cost associated with the number
of individuals who become infected (e.g., treatment cost). Except for the
fixed cost of establishing the control program, costs are usually assumed to
be linear: the cost of control is a constant multiplied by the change in the
value of the affected parameter, and the cost of disease is a constant
multiplied by the number of people who become infected. Use of simple
epidemic models and a linear cost function allows for characterization of the
form of the optimal solution(s): for example, vaccination of susceptible
individuals until the disease prevalence is reduced below a certain level.

Such an approach has been applied to quarantine and removal programs
(e.g., [11, 12]), vaccination programs (e.g., [13, 14]), and other epidemic
control programs (e.g., [15-18]). The optimal control approach provides an
elegant solution, but has limited applicability since it is generally limited to a
single epidemic control program in a single population.
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17.3.5 Equilibrium analysis

If the goal of the control program is complete disease eradication or to
optimize some function of the long-term state of the epidemic (and a
sufficiently long time horizon is considered), then one need not consider
short-term epidemic dynamics but only the long-term epidemic equilibrium.
(Disease eradication corresponds to an equilibrium state with no infected
individuals.) This allows for the use of more complex epidemic models than
those used in the optimal control approach. For example, some authors have
based equilibrium analyses on epidemic models with different age groups or
different risk of becoming infected.

A typical equilibrium analysis determines the minimum level of control (for
example, the minimum number of individuals in each population group who
must be vaccinated) such that the disease is eradicated (e.g., [19, 20]). One
analysis determined the amount of a fixed Influenza A vaccine to distribute
among different age groups to optimize a function of the final (equilibrium)
state of the epidemic [21]. Two different objective functions were
considered: that of minimizing expected epidemic costs (health costs, costs
of lost wages, and costs of early mortality) and that of minimizing expected
years of life lost due to early mortality. The optimal vaccine distribution
was found via a numerical search procedure.

The equilibrium approach is limited by the assumption of a time horizon
sufficiently long for equilibrium to be reached and by the assumption that
the goal of the epidemic control program is to minimize some function of the
equilibrium state of the epidemic.

17.3.6 Simulation analysis and numerical procedures

Much of the above described work is theoretical in nature: one can generate
insights into the structure of the optimal control for a single epidemic control
program, but the assumptions underlying the analyses are quite limiting. An
alternative approach that generally requires fewer limiting assumptions is to
consider a finite set of resource allocation alternatives and simulate their
effects using a more realistic epidemic model. Although the results may not
be transferable to other populations or other epidemics, they are likely to be
useful for the specific epidemic and population considered. Simulation has
been applied, for example, to determine the most effective programs for HIV
control in different regions of Africa [22, 23]. Those analyses compare the
effects (in terms of reduced HIV prevalence) of different combinations of
interventions, but do not explicitly consider the cost of the interventions.
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Some simulation analyses use compartmental epidemic models (e.g., such as
those in equations (1) and (2)) in which the population is divided into
mutually exclusive, collectively exhaustive compartments. Other analyses
simulate an epidemic by simulating the health state of each individual in the
population. This latter approach requires significantly more computation
than the compartmental model approach.

A related approach for solving the resource allocation problem is the use of
numerical procedures in conjunction with an epidemic model. One analysis
evaluated the effectiveness of six different methods for preventing the spread
of gonorrhea [24]. Effectiveness was measured as reduction in equilibrium
gonorrhea prevalence among women. The authors numerically analyzed a
compartmental epidemic model to determine the equilibrium prevalence
associated with each control program. The authors did not consider cost of
the programs in the analysis, but mentioned that program costs and benefits
would have to be compared before the best control program could be chosen.
Another analysis used a simple epidemic model to evaluate the impact of
targeting an entire HIV prevention budget to different (noninteracting)
populations [25]. The prevention programs were assumed to have linear
production functions. The author showed that targeting prevention funds to
high-risk populations could avert significantly more HIV infections than
targeting funds to low-risk populations.

17.3.7

Use of simulation for solving the resource allocation problem limits the
analysis to consideration of a finite set of alternatives. Use of equilibrium
analysis limits the solution to a sufficiently long time horizon. A variety of
optimization approaches that overcome these limitations have been
developed. The optimization approaches usually employ either a very
simple epidemic model or an approximation of a more complex epidemic
model.

One analysis considered the optimal application of three types of programs
to control tuberculosis (vaccination, prophylaxis, and therapy) [26]. The
epidemic was modeled by a compartmental model with nine compartments.
The epidemic equations were approximated by linear equations for each year
in the time horizon. A schedule was set for the reduction in active cases
each year. The goal was to determine the allocation of resources that
achieves the schedule at lowest cost. The problem was formulated and
solved as an LP.

Some authors have developed optimization models for the resource
allocation problem that allow for the possibility of nonlinear production
functions; thus, parameters describing the epidemic (e.g., the sufficient

Optimization approaches
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contact rate) can change nonlinearly as a function of investment in an
epidemic control program. These models have the following general form.
Assume that n different prevention programs are available, with total funds
B that can be invested. Let denote the investment that is made in
prevention program i, i=1, …,n, and let Denote the upper
limit on investment in program i by   i = 1, ..., n. Let IA(v) denote the
number of infections that are averted over the time horizon of the problem
given investment v, and let QALY(v) denote the number of quality-adjusted
life years (QALYs) gained over the time horizon of the problem given
investment v. These functions are determined from the epidemic model and
from the production functions that describe how parameters of the epidemic
model change in response to investment in the prevention programs. In
some cases it may not be possible to write these functions in closed form,
since many epidemic models do not have a closed-form solution.

The resource allocation problem can be written as

The objective is to allocate a fixed budget among prevention programs to
maximize either infections averted or QALYs gained, subject to upper limits
on investment in each program. (The general formulation also allows for
nonzero lower limits on investment in each program, if desired.) The models
described below differ in their assumptions about the epidemic model, the
production functions, and the timing of investment in the prevention
programs. However, all have the same general form: maximization of a
nonlinear health-benefits function subject to linear constraints on
investment.

One analysis considers the allocation of epidemic control resources to
multiple non-interacting populations [27]. The epidemic in each population
is described by a simple epidemic model with two compartments
(susceptibles and infectives). Resources spent combating the epidemic
reduce the sufficient contact rate of the disease. A separate prevention
program is available for each population. Each prevention program reduces
the sufficient contact rate according to a general production function. The
authors developed analytical results characterizing the optimal solution for
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both objective functions (maximizing IA(v) or QALY(v)) for the case of a
sufficiently long time horizon.

A slightly more complex epidemic model was used in determining the
optimal allocation of HIV prevention resources between two independent
populations (injection drug users and non-users) [28]. Using data from a
local hospital, the authors estimated production functions for three different
prevention programs (HIV testing with routine counseling, HIV testing with
intensive counseling, and methadone maintenance for injection drug users).
The goal was to maximize the number of HIV cases averted over a fixed
time horizon. The optimal resource allocation was determined via a
numerical search procedure.

In other work, a more comprehensive optimization framework was
developed that allows for a general compartmental epidemic model with
interacting populations and interacting prevention programs [29]. The
authors showed that, for both objective functions (maximizing IA(v) or
QALY(v)), for the special case of linear production functions and first-order
approximations of the compartment size functions, the problem reduces to a
knapsack LP that has a greedy solution. The authors presented several
heuristics for solving the general resource allocation problem, and showed
that they yield near-optimal solutions.

The general framework [29] was applied to determine the allocation of a
limited budget among three types of HIV prevention programs (needle
exchange programs, methadone maintenance treatment, and condom
availability programs) in a population of injection drug users and non-users
[30]. The analysis allowed for interacting populations (injection drug users
could acquire HIV from non-users and vice versa) and interacting prevention
programs (the effectiveness of a prevention program could depend on how
much had been invested in the other programs). The optimal resource
allocation for each objective (maximizing IA(v) and QALY(v)) was
determined using the heuristic methods previously developed [29]. The
authors showed that simpler allocation methods (for example, allocation of
resources to population groups based on HIV incidence) might lead to
allocations that do not yield the maximum health benefit.

The above analyses [27-30] assume that resources are allocated at the
beginning of the time horizon and that the allocation cannot be changed
during the time horizon. This assumption was relaxed in later work [31],
which allowed for a limited epidemic control budget to be allocated over
multiple time periods, with funds allocated at the beginning of each time
period. For certain special cases with two time periods, multiple
independent populations, and linear production functions, the authors
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showed that the optimal solution involves investing in each period as much
as possible in some of the populations and nothing in all the other
populations. They presented heuristic algorithms for solving the general
problem, and showed that good allocations can be made based on some
fairly simple heuristics. The authors also showed that allowing for some
reallocation of resources over the time horizon of the problem, rather than
allocating resources just once at the beginning of the time horizon, can lead
to significant increases in health benefits. They concluded that allowing for
reallocation of funds might generate more health benefits than use of a
sophisticated model for one-time allocation of resources.

17.3.8

Many of the above models, particularly the optimization models described in
Section 17.3.7, involve the development and use of nonlinear dynamic
models and the application of sophisticated optimization techniques. Such
models may not be readily accepted by practitioners, and often require data
that are unavailable or difficult to obtain. An alternate stream of research
aims to develop resource allocation models that are simple for practitioners
to understand and implement. Much of this work has been done in the
context of HIV prevention.

A recent report from the Institute of Medicine [32] suggested the following
simple model for determining the allocation of HIV prevention resources
that maximizes the number of infections averted. Assume that a number of
different HIV prevention programs are available that can target risk groups,
indexed by j, in different geographic areas, indexed by i. Let denote the
amount of money invested in the program targeted to risk group j in
geographic area i. Let denote the number of people in risk group j and
geographic area i, and let denote the baseline number of new HIV
infections that will occur in that group over the time horizon of the problem
in the absence of additional investment in prevention. Let denote the cost
per person of an intervention that targets risk group j, the maximum
fraction of risk group j that can be reached with such an intervention, and
the percentage reduction in the rate of new HIV infections for those in
programs targeted to risk group j. The model can be written as

Heuristic approaches and tools for decision makers
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The objective is to maximize the number of infections averted, which in
group (i,j) is the product of the number of people reached by the prevention
program targeted to that group multiplied by the number of infections
averted per program participant Investment is constrained by the
number of people who could possibly be reached in each group as well
as the overall budget constraint. The model is a knapsack LP that has a
greedy solution.

The above formulation assumes that the number of new infections that will
occur over the time horizon of the problem in the absence of investment

is known exogenously, that populations and programs are
independent, and that the production functions for the prevention programs
are linear. An alternative formulation allows for general production
functions [33]. We drop the subscript j, and assume that target populations
and prevention programs are indexed by i only. Let denote the fraction
of infections in population i that will be averted by investment in the
prevention program targeted to population i. The model can be written as

If desired, nonzero lower limits on investment in each program can be
included. This model is a knapsack problem that can be solved using
nonlinear optimization techniques or dynamic programming.

Another formulation requires linear production functions but allows for a
general epidemic model, interacting populations and prevention programs,
and either objective function (maximizing infections averted or QALYs
gained) [29]. The model is created by approximating the general resource
allocation problem [29] using first-order approximations for the
compartment size functions in the epidemic model. The resulting problem is
a knapsack LP of the form
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where, as before, is the level of investment in program i. The coefficient
is an approximate measure of the number of infections that will be averted

(or the number of QALYs that will be gained) in population i per dollar
invested in the prevention program that reaches population i. Although the
coefficients are calculated from a first-order approximation of the
epidemic model, they reflect more than just a linear incidence rate [29].
This model has a greedy solution that can be determined from a simple
ordering of the objective function coefficients.

17.4 CONCLUSIONS AND FUTURE RESEARCH

Many of the resource allocation models described in this chapter are
grounded in theory from welfare economics and cost-effectiveness analysis:
they aim to maximize health benefit subject to a budget constraint. In
practice, the problem of allocating resources to control epidemics is more
complex. Policy makers may face political and social objectives. These
may include achieving equity among population groups or programs,
targeting resources to underserved populations, restricted access to certain
programs, and “earmarking” of funds from different sources (e.g., see [34]).
Further work could identify important considerations in real-world resource
allocation problems and extend existing models to reflect such situations.

Policy makers need accessible models for making resource allocation
decisions. Section 17.3.8 described several simple models that have been
developed for solving the problem [29, 32, 33]. An important next step is to
translate simple models of that type into tools that can help decision makers
make informed resource allocation decisions. Such a tool might take the
form of a spreadsheet model that users could tailor to their own particular
needs by specifying parameter values – for example, parameters that
describe the target populations, the epidemic that is to be controlled, and risk
behaviors within those populations, and parameters that describe the
production functions of the prevention programs. Ideally such a model
would determine the allocation of resources that maximizes health benefits,
with and without constraints on expenditure, so that decision makers could
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understand the cost (in terms of foregone health benefits) of different social
constraints.

Determining how best to allocate resources for epidemic control can be
difficult. The dynamics of epidemic growth in the population at large and in
various population subgroups may be complex. Policy makers must
typically choose between competing epidemic control programs (e.g.,
vaccination, prevention, and treatment programs) that can be targeted to
different population subgroups. The relationship between resources
expended and program outcomes may not be linear. The epidemic control
programs may not be independent. In addition to the goal of maximizing
health benefits, social considerations such as equity may be important.

Recently the U.S. government approved a five-year, $15 billion global AIDS
package aimed at combating AIDS, particularly in Africa. The government
must determine how this money should be allocated between treatment of
HIV-infected individuals, hospice care for those dying of AIDS, and
prevention. A recent news report indicated that, in trying to agree on how to
spend the money, members of Congress could not “get past basic questions
such as whether it’s more important to advise people to abstain from risky
sex or to give them condoms” [35]. Moreover, some of the money would be
allocated to the United Nations and World Health Organization’s Global
Fund to Combat AIDS, Tuberculosis, and Malaria, which some conservative
groups object to because they say it supports groups that condone abortion
[35].

Despite the difficulty of making decisions about allocating epidemic control
resources, decisions must be made. Infectious diseases are a critical public
health problem worldwide. OR-based models can help determine the
allocation of resources that maximizes health benefits, thus providing
important input to such decisions.
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