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Public health involves improving the health
of a community (as opposed to an individ-
ual) by preventive measures, control and
treatment of communicable diseases, health
education, regular monitoring, and surveil-
lance of diseases. Activities in ensuring public
health can be generally classified as ‘‘public
goods.’’ The benefits from public health activ-
ities are of a community nature and its mode
of delivery does not always allow targeting
and exclusion. It typically costs very little for
an additional individual to enjoy the benefits
accruing from a public health intervention
and it is generally difficult or impossible
to exclude individuals from consuming the
benefits. A fundamental problem with public
health (and more generally all public goods)
is the inability of all segments of the popu-
lation to pay for health and in some cases,
the difficulty of motivating individuals to pay
because a portion of the resulting benefits
from public health expenditures are benefit
externalities for them. Poverty and more com-
peting needs for expenditure severely limit
the ability of large segments of the popula-
tion in the developing world to pay for bet-
ter health. Public health is therefore mostly
financed by national governments with the
objective of controlling the spread of disease
and ensuring better health of their citizens
or by supranational agencies to ensure bet-
ter global health. The resources committed
to public health are generated from tax and
other governmental revenues and thus lend
themselves as ideal candidates for using oper-
ations research (OR) techniques in resource
allocation and deployment. In the last cen-
tury, we have seen remarkable progress in
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the field of public health in large parts of the
world, a part of which can be attributed to
the use of scientific methods to allocate and
deploy public health interventions.

Unfortunately, the spread of infectious
diseases such as HIV/AIDS and the resur-
gence of malaria combined with severe
resource constraints have resulted in little
progress on this front in low income coun-
tries, especially in sub-Saharan Africa. As
an example, the average life expectancy is
merely 39.6 years in Swaziland and 42.1
years in Zambia as compared to 82.6 years in
Japan or 78.2 years in the United States (the
world average is 67 years) [1]. The public
health situation in low income countries
today corresponds in many respects to the sit-
uation observed in the rich OECD countries
a few decades ago. However, the technical
and scientific knowledge for overcoming
some of the diseases such as diphtheria,
diarrhea, typhoid fever, and malaria already
exists now. In addition, reasonable (although
not sufficient) financial resources have been
committed by institutions such as the Global
Fund to Fight AIDS, TB, and Malaria and
the US President’s Emergency Program
for AIDS Relief to counter these diseases.
Unlike in the OECD countries where health
care is financed either through government
or individual private expenditure, financial
resources for improvement of health in
developing countries come from a variety
of sources including bilateral government
aid, multilateral aid institutions, private
philanthropic organizations, other non-
governmental organizations (NGOs), and
government loan readjustments with the
World Bank (Fig. 1).

This variety in the sources of financing
further exacerbates the complexities in
resource allocation because not-for-profit,
government, and for-profit stakeholders very
often have different objectives. Given the
overall scarcity of resources and a complex
multistakeholder environment, the foremost
need in developing countries is now to
apply OR techniques to ensure the optimal
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Figure 1. Sources of financing for global health. [Source: Source data obtained from
the Institute for Health Metrics and Evaluation. http://www.healthmetricsandevaluation.
org/resources/datasets/2009/dah.html]

allocation, utilization, and deployment of the
available economic and material resources.
OR can be applied to optimize efficiency of
different public health programs in countries
with high disease burdens and scarce
resources. As an illustration, the budget allo-
cated to OR in grants allocated by the Global
Fund increased from a total of US $42 million
for all grants between 2001 and 2005 to US
$27.3 million for grants in 2006 alone [2].

OR techniques have traditionally been
used in the field of health care for a range of
problems such as hospital capacity planning,
health-care facility location, outcomes and
pharmaco-economic analysis [3]. This article
will provide an introductory overview for
an OR practitioner/researcher considering
applications of OR which have specific
relevance to public health in the developing
world. The purpose is not to provide a
comprehensive survey nor a taxonomy of
OR problems in public health in developing
countries but instead to provide the reader
an overview of the nature of problems in
global public health that are suitable for the
use of OR techniques.

OPERATIONS RESEARCH IN PUBLIC HEALTH:
DEFINITIONAL ISSUES

A review of literature and technical reports
in public health reveals that the definition
of public health and even more so the def-
inition of OR varies significantly amongst
public health practitioners and researchers.
A quick review of the existing definitions is
presented before we delve further into the
topic.

Winslow [4] first defined public health
as ‘‘the science and art of preventing dis-
ease, prolonging life, and promoting health
through the organized efforts and informed
choices of society, organizations, public and
private, communities and individuals.’’ In
a more recent definition, the Institute of
Medicine [5] defines public health as ‘‘fulfill-
ing society’s interest in assuring conditions in
which people can be healthy by applying sci-
entific and technical knowledge to prevent
disease and promote health.’’ For a more
detailed discussion on activities that are con-
sidered as public health, see Ref. 6.

Similarly, a review of the OR activity
description of the Global Fund, the WHO
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and various other agencies involved in pub-
lic health revealed that a commonly accepted
definition is ‘‘the use of systematic research
techniques to provide policy makers and pro-
gram managers with evidence that they can
use to improve program performance.’’ The
definition in public health practice is in tune
with the early definition by Morse and Kim-
ball [7] and Waddington [8], which includes
activities such as impact assessment, out-
come measurement, and metric design as a
key part of OR. In this article, we work with
a more restrictive definition, that is, ‘‘the use
of mathematical models, statistics and algo-
rithms to aid in decision making with the
goal of optimizing performance on specific
metrics.’’

KEY METRICS IN PUBLIC HEALTH

Although the core techniques of OR do not
change much upon their application in public
health, the nature of the objective function
and output metrics are considerably different
in many cases. As public health deals with
the overall state of health of the population,
almost all analysis hinges on being able to
measure the state of health. Public health
operational research also focuses on the
efficiency of an intervention through the use
of cost-effective measures. The costs and
public health effects of an intervention are
assessed to determine whether the public
health intervention is worthwhile from
an economic perspective. When resources
are inadequate to meet all possible health
needs—as they almost always are in the
case of developing countries—being able
to quantify the outcomes using a common
health metric aids the efficiency of resource
allocation. Several different measures have
thus been proposed and we present the most
commonly used ones. Some of these metrics
are also widely used in health care OR.

Mortality

Mortality rate is a key measure of the health
of a population and captures the number of
individuals who die each year by age, sex,
and the cause of death classified according
to standard medical criterion. Most countries

collect such data but the quality, coverage,
and completeness varies significantly. A 2003
WHO study [9] found that there are 28 coun-
tries where less than 70% of the mortality
data are complete or an incorrect cause of
death was assigned to more than 20% of
deaths.

Morbidity

The number of cases of a particular disease
occurring in a year is usually reported as
cases per 1000. When looking at morbidity it
is important to differentiate between preva-
lence and incidence.

Incidence describes the occurrence of new
disease in the population in a given time
period, whereas prevalence is a static mea-
sure of the proportion of a population that
has the given diseased, whether the disease
cases occurred recently or at some previous
point in time. For infectious diseases of short
duration such as malaria or diarrhea, the dif-
ferences are not significant between the two,
but for more chronic communicable diseases
such as HIV/AIDS and sexually transmitted
infections, there are significant differences
between prevalence and incidence.

Life Expectancy

Life expectancy measures the average
remaining life span of individuals in a given
population group. A commonly used measure
is life expectancy at birth.

The above metrics only measure the
impact of disease or ill-health as either death
or prevalence/incidence. The longer term
impacts of disease such as disability and loss
of quality of life have a significant cost to the
society and an overall public health impact
but they are not considered in the three
metrics presented earlier. Quality-adjusted
life year (QALY) and Disability-adjusted life
year (DALY) are two economic measures of
health that combine the duration and quality
of life.

Quality-Adjusted Life Year (QALY)

QALY is a metric which measures the dura-
tion and quality of life [10]. The number of
QALYs lived by an individual in one year
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is equal to the health-related quality of life
weight attached to that year of the individ-
ual’s life. An individual’s quality-adjusted life
expectancy at age a can be written as

∑a+L
t=a Qt

where L is the remaining life expectancy at
a. However, the value of life in a given year
is not the same as life in future years and
hence a discount factor δ is used. Typically a
3% discount factor is used [11].

Thus, QALYs gained as a result of a
specific intervention can be written as
∑ a+Li

t=a
Q i

t
(1+δ)t

− ∑a+L
t=a

Q t
(1+δ) t , where Qi

t and Qt

represent the quality of life weight with and
without the intervention respectively for
each time period t and Li is the remaining
life expectancy after the intervention. It is
important to note that QALYs do not have an
age-weighting function, that is, apart from
discounting one QALY has the same value
regardless of the age at which it is lived.

Disability-Adjusted Life Year (DALY)

A DALY is a health outcome measure which
like the QALY measures both the quality
of life reduced due to a disability after the
disease and the lifetime lost due to prema-
ture mortality. One DALY can be viewed as
one lost year of ‘‘healthy’’ life. The concept
of DALY was first presented in World Bank
[12]. DALY = YLL + YLD, where YLL are the
years of life lost due to premature mortality
(average life expectancy at age of death due
to disease) and YLD are the years lost due to
disability. YLD are calculated by multiplying
the number of cases of the disease by the
average duration of a case and a specifically
chosen disability weight for each health con-
dition. The disability weight is determined by
expert valuations on a scale from 0 (perfect
health) to 1 (death).

A key difference between the DALY and
the QALY is that in DALY calculations the
value attached to life is weighted so that
years of life in childhood and old age are
counted less [13]. Also, DALY involves con-
tinuous discounting, whereas QALY is based
on discrete discounting. Ignoring continuous
discounting, age weighting and the way the
disability/quality scores are computed, one
DALY saved compares to one QALY gained,
that is, QALY = 1 − DALY.

There has been considerable critique
of the DALY (and QALY) as a metric for
resource allocation decisions in public health
[13,14]. One of the main critiques is its use
of different age weights in order to capture
lesser economic value creation as a child or
as an older person. However, such weighting
may work against resource allocations that
alleviate diseases prevalent only in children
in favor of those diseases that are more
prevalent in working adults. Additionally,
public health interventions often result in
nonhealth related economic benefits and
using DALY minimization as the objective in
resource allocation may ignore some of these
interrelationships [14]. Also, when used for
resource allocation, DALY discriminates
against those who are already disabled as
their DALYs are lower.

Public health OR modelers require metrics
so that health outcomes can be expressed
in common units to analyze the trade-offs
between health and economic benefits. Mea-
suring health outcomes in common units is
such a complex process that some of these
shortcomings are likely to be present in any
economic metric created for this purpose.
Despite the shortcomings, QALY and DALY
continue to be used as a metric for measur-
ing the impact of health interventions. While
QALYs are more commonly used in developed
countries, DALYs are used for measuring
burden of disease and cost-effectiveness of
health interventions in low income countries.
Threshold values on cost per DALY saved
with a public health intervention in develop-
ing countries have emerged as thumb-rules
for practitioners in the field of public health
to accept or reject an intervention. A common
threshold for interventions in low income
countries is $100 per DALY saved [15].
Table 1 shows some common interventions
in developing countries and their cost-
effectiveness ratios measured in US$/DALY
averted. The ranges of the cost-effectiveness
ratios for many of these interventions are
wide and vary according to the local setting
due to varying ability to target specific
populations. It is also evident that although
the $100 per DALY averted thumb rule is
mostly used, in instances such as HIV/AIDS
where the disease can have a much wider
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Table 1. Cost-effectiveness (US$/DALY) for Some Common Public Health Interventions in
Developing Countries

Disease Intervention Cost Effectiveness Cost Effectiveness
(US$/DALY) Range (US$/DALY)

HIV/AIDS Antiretroviral therapy 922 350–1494
HIV/AIDS Condom promotion and distribution 82 52–112
HIV/AIDS Mother-to-child transmission prevention 192 7–377
HIV/AIDS Peer and education programs for high-risk

groups
37 6–68

HIV/AIDS Treatment of opportunistic infections 156 3–310
HIV/AIDS Voluntary counseling and testing 47 10–85
Malaria Insecticide treated bed-nets 11 5–17
Malaria Intermittent preventive treatment in

pregnancy with sulfadoxinepyrimethamine
19 13–24

Malaria Residual household spraying 17 9–24
Tuberculosis Directly observed short-course chemotherapy 301 84–551
Traffic accidents Increased speeding penalties, enforcement,

media campaigns, and speed bumps
21 3–38

[Source: Data obtained from disease control priorities project. http://www.dcp2.org.]

social impact than captured in DALYs,
resources are allocated to recommended
interventions such antiretro viral treatment
despite their high cost per DALY averted.

DISTRIBUTIONAL EQUITY
CONSIDERATIONS IN PUBLIC HEALTH

OR models for public health are distinct
from other OR models because apart from
commonly used objectives such as profit,
output, and costs, they often also consider
equity of outcomes. Effective public health
requires that there are no large disparities
between the availability of medicines, pre-
ventive health services, and other inputs
across different socioeconomic segments
of the population. OR models commonly
incorporate equity constructs by setting
constraints on minimum and/or maximum
levels of an output provided to a given
socioeconomic segment and in some cases by
minimizing the sum of absolute deviations
from the mean level of product or service
provision.

A commonly used measure is the con-
centration curve, which is a plot of the
cumulative proportion of the specific health-
related variable being measured (income,
health, medicine availability, distance to
nearest facility etc.) against the cumulative

proportion of the population ranked by
income, beginning with the poorest, and end-
ing with the richest. Equality on the curve
is represented by a diagonal line of slope 1,
and the greater the deviation of the curve
from this line, the greater the inequality.
So for instance, if everyone, irrespective of
his or her income, has exactly the same
value of the variable which measures poor
health status, the concentration curve will
be a 45-degree line. On the other hand,
if the health variable takes higher values
(reflecting poorer health status) among
poorer people, the concentration curve will
lie above the line of equality. The farther the
curve is above the line of equality, the more
concentrated is poor health among the poor.

Figure 2 shows the infant mortality mea-
sured as deaths of children under five years
of age against the cumulative births ranked
by income. The curve for India lies above
the line of equality, indicating that under-
five child deaths in India are concentrated
among the poor. In comparison, the Mali
curve lies everywhere below that of India
implying there is less inequality in under-five
child deaths in Mali than in India.

Such concentration curves provide useful
visual representation of inequality but pro-
vide limited ability to rigorously compare the
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Figure 2. Lorenz curves for inder-five deaths in India and Mali. Source: Doorslae. et al. 2008 [16].

Table 2. Gini Index of Health Facilities in
the Lagos State of Nigeria

Facility Type Gini Index

Primary health center 0.12107
Public secondary health facility 0.32567
Private hospital 0.23163
Public and private secondary

health facilities
0.14015

[Source: Data obtained from Oguntade and N.A. Yusuph
[18].]

extent of inequality across units of geograph-
ical analysis and over time. Different curves
can be superimposed on each other as in
Fig. 2 to see the difference but the number of
such comparisons is limited.

An alternative method is thus to compute
the Gini coefficient [17] of the public health
input or output metric. The Gini coefficient G
is defined as the mean of absolute differences
between all pairs of individuals for a chosen
measure.

G =

n∑

i=1

n∑

j=1

∣∣ xi − xj
∣∣

2n2x
,

where xi = observed value of the mea-
sure, x = mean of the observations, and
n = number of observations. The minimum
value of G is 0 implying perfect distributional
equality and the maximum value is 1 which
is perfect inequality (implying one individual
possesses all of that measure).

A very common use of the Gini coeffi-
cient is to measure the distribution of access
to health facilities by population in facility
location problems or the distribution of avail-
ability of drugs by socioeconomic quintiles.
Table 2 shows the Gini coefficient for the
state of Lagos in Nigeria for different types of
health facilities. If the entire population has
perfectly equal access to a health facility, the
Gini coefficients would be 0.

The success of vaccination programs in
low income countries typically is measured
not just on the total number or proportion of
children vaccinated but the Gini coefficient is
calculated to understand any distributional
inequities. Design of targeted programs for
vaccination, the location of new vaccination
clinics and mass distribution campaigns are
all driven by such analysis.
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BASICS OF DISEASE MODELING

Understanding and quantifying the impact
of public health interventions requires
some preliminary understanding of disease
transmission. Although a detailed discussion
of disease transmission model is beyond
the scope of this article, a basic model
of disease transmission is discussed to
give the OR practitioner a general idea.
Ross [19] first developed a mathematical
model of infectious disease transmission,
which was used extensively by Macdonald
[20] for studying malaria transmission.
Commonly known as the Ross and McDon-
ald model, it is now the basic building
block in our understanding of disease
transmission.

Most disease models are compartmental
models and in the simplest sense they split
the human population into a proportion of
those who are susceptible to an infection,
those who are infected, and those who
have recovered and acquired temporary or
permanent immunity (Fig. 3). Recovered
and immune individuals can return back to
the susceptible state after a certain period
and birth and natural or disease induced
death occur in the different compartments.
The changes in the proportions of these
three categories are described by differential
equations where the parameters are esti-
mated from field studies and vary depending
upon the nature of the disease and infection
dynamics. Models with more number of

states (or compartments) are closer at
depicting reality but the resulting system
of differential equations becomes complex to
solve. For a detailed discussion of dynamic
models of disease progression, see Anderson
and May [21].

A key parameter of the disease model
is the basic reproduction rate R0, which is
the number of secondary infections that can
arise when a single infected individual is
introduced into a population where everyone
is susceptible. Very simply stated, if R0 = 2,
there will be two new individuals who will be
infected in the first round of transmission,
4 in the second, 8 in the third, and so on.
If R0 = 100, there will be 100 secondary
infections in the first round, 10,000 in the
second, and so on. In reality, the dynamics
are more complicated as the susceptible
population itself changes. Theoretically,
if R0 > 1, the number of infected people
will grow exponentially until the entire
population is infected. In reality, however,
the development of immunity and other
factors may arrest the development of
disease. If R0 < 1, the number of cases
declines exponentially until the infectious
disease can be eliminated or eradicated.
Using malaria as an example we present
some more details of the Ross and McDonald
model

R0 = ma2pnl
− loge p

,

Birth

Susceptible
(uninfected) Infected Immune

DeathDeath

Mosquito bite

Death

Figure 3. Basic compartmental model of
malaria transmission.
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where m is the number of female mosquitoes
per person in the region, a is the rate
at which each mosquito bites, p is the
proportion of mosquitoes that survive
from one day to the next, n is the mat-
uration period of the parasite in the
mosquito, and l is the duration of a single
infection.

The rate a at which mosquitoes bite
appears as a squared term because a cycle of
transmission requires one bite to infect the
mosquito and one to pass the infection back
to a human. More involved versions of the
model also include a probability that a bite
from an infected mosquito results in human
infection.

The interventions to control malaria
can be broadly categorized into three main
types: indoor residual spraying, distributing
insecticide treated bed-nets, and treatment
or prophylaxis with drugs. Transmission of
malaria is influenced by many factors and an
operations researcher needs to understand
which interventions will have the strongest
impact on reducing transmission in order
to be able to develop allocation models.
The above model makes it clear that mea-
sures which can reduce p, the proportion of
(infected) mosquitoes that survive, is far more
beneficial in reducing disease transmission
than, for example, insecticidal spraying on
mosquito breeding sites, which only impacts
m. We can also see that parasite elimination
through prompt treatment of infected indi-
viduals is also very beneficial as it decreases
the duration of an infection l but may also
indirectly decrease a. This demonstrates
why a good understanding of the underlying
disease transmission model is essential for
building usable OR models for public health.

Admittedly, the above model was a
simplified model only to illustrate how
understanding and modeling of disease
models remain key for optimal resource allo-
cation. In reality, however, most infection
transmission models have nonlinearities
that can either lead to stable or unstable
equilibrium points. Analysis of resource
allocation decisions where disease pro-
gression follows a nonlinear transmission
presents a complex problem which requires
sophisticated OR techniques to solve.

OPERATIONS RESEARCH AND RESOURCE
ALLOCATION FOR PUBLIC HEALTH
INTERVENTIONS

Public health policy makers at different
levels (global, national regional) face a range
of resource allocation problems. First, they
have to decide the allocation of resources
between different diseases (e.g., malaria,
HIV/AIDS, diarrhea, tuberculosis, maternal
health); secondly, the allocation of resource
between multiple interventions within each
disease area (e.g., indoor insecticide spray-
ing, distribution of bed-nets, distribution
of medicines for treatment, and chemo-
prophylaxis); and thirdly, the allocation of
resources to specific operational and tactical
models for delivery of each intervention. As
discussed in the section titled ‘‘Key Metrics
in Public Health,’’ a commonly used method
for resource allocation is cost-effectiveness
analysis based on cost per DALYs saved or
cost per QALY gained. Notwithstanding the
shortcomings of QALYs and DALYs, other
issues further exacerbate the complexity
of public health resource allocation deci-
sions. Some of these include nonconstant
returns to scale; differences in measures
of cost-effectiveness; high dependence of
cost-effectiveness on the spatial distribution
of incidence; trade-off between increased
efficiency and effectiveness through interven-
tion targeting versus ensuring distributional
equity; and interconnectedness of returns
from each intervention. We start with a sim-
ple example to illustrate resource allocation
in public health.

Imagine there are two diseases: Disease A
kills 5000 people per year, and Disease B kills
only 50 people per year. It costs $100 per per-
son to prevent people from dying of Disease A
and $50 per person to prevent death from Dis-
ease B. The public health resource allocator
has $10,000 for disease control. How should
he spend the money? Note that a naı̈ve public
resource allocator would set priorities based
on the high mortality from Disease A and
allocate all the resources available ($10,000)
to Disease A and save 100 lives. If the objec-
tive is to maximize the total number of lives
saved, a simple linear programming formu-
lation would give us the optimal resource
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allocation.

xA = Budget allocated to Disease A,

xB = Budget allocated to Disease B
Maximize number of lives saved = xA

100
+ xB

50

Subject to
xA + xB = 10,000

xA

100
≤ 5,000 ; xB

50
≤ 50.

Clearly, the optimal allocation is xA =
$7500 and xB = $2500 with a total of
125 lives saved.

Typically, the cost of interventions are
not linear. For example, it is easier and
cheaper to conduct insecticide spraying (or
drug distribution) in urban areas as popu-
lations are easier to reach and population
density is higher. The cost of spraying
(or drug distribution) is much higher for
rural populations, which are more difficult
to reach [22]. Thus, the cost per-unit of
output for an intervention depends upon
the level of that intervention. A piecewise
linear model with decreasing returns is
commonly used to capture this in public
health resource allocation models. Often, it
is also difficult to separate the benefits from
each intervention.

The cost per DALY saved in Table 3 is an
average measure for each intervention and
they vary considerably across and within
countries depending on the degree of malaria

Table 3. Cost-Effectiveness of Selected
Malaria Interventions

Intervention Cost per DALY
Saved (Range)

Insecticide treated bed-nets
(net + insecticide treatment)

$11–$17

Indoor residual spraying (1
round)

$9–$12

Indoor residual spraying (2
rounds)

$17–$24

Intermittent preventive therapy
during pregnancy

$13–$24

[Source: Data obtained from Jamieson et al. [23], Disease
Control Priorities in Developing Countries, 2nd edition,
2006.]

incidence [24]. The wide ranges in the cost
per DALY saved is attributed to challenges
in measurement due to varying scales of
the intervention and nonlinearity in the
costs. This shows that the design of optimal
resource allocation models has to be region-
and context-specific as they will depend
on the level of disease incidence, current
scale of existing interventions, geo-spatial
distribution of populations at risk, and
other health infrastructure related issues.
Resource allocation managers and public
health OR analysts must acknowledge that
it is not going to be easy to obtain specific
recent estimates of the cost-effectiveness of
every intervention for each specific context.
Therefore, OR models need to be built based
on results from other contexts using care-
fully selected extrapolation and statistical
matching methods.

One approach to enhance the allocative
efficiency between different interventions is
to stratify regions in terms of their epidemiol-
ogy, sociology, and other characteristics and
select targeted region-specific interventions.
However, this approach may also lead to
lower distributional equity of the interven-
tions or their outcomes. Carefully managing
the dual objectives of efficiency and equity is a
challenge that resource allocation managers
in public health constantly face. In addition
to the distributional equity considerations,
epidemiological or sociodemographic data is
hard to obtain in low income countries, which
often makes the costs of identifying and/or
stratifying the target populations extremely
high.

In the long term, resource allocation
decisions are a vector of allocations to
each intervention for each time period
and the optimal allocation will vary con-
siderably based on whether the objective
is to eradicate a disease or control a
disease. The dynamics of disease progres-
sions imply that there is high degree of
complementarity between the interven-
tions and the presence of one intervention
positively impacts the benefits from the
other. Such interrelationships become com-
plex to model in traditional OR models
and sometimes require systems dynamic
models [25]. Similarly, there are positive
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complementarities across disease-specific
interventions implying that a disease-specific
public health intervention has benefits for
other diseases.

EXAMPLES OF OR PROBLEMS IN PUBLIC
HEALTH

With a background on the metrics, objectives,
and other notable considerations in OR for
public health, we now turn to a few applica-
tion areas. In Table 4, we present the most
commonly observed challenges in develop-
ing country public health programs and the
nature of OR models that could potentially
be used to address that problem.

We describe a few important classes of
problems which have particular relevance to
public health in the developing world.

Facility Location Problems

Facility location problems have been a cor-
nerstone of OR since the work of Weber
[26], who considered the problem of locat-
ing a warehouse to minimize the total travel
distance between the warehouse and a set
of customers. Much later, Hakimi [27] con-
sidered the more general problem of locating
one or more facilities to minimize either the
sum of distances or the maximum distance
between facilities and customers. Determin-
ing the optimal number of facilities was also
considered in many location models. For a
detailed review on facility location problems,
see Brandeau and Chiu [28].

In traditional facility location models, the
objective is to minimize either the weighted
sum of distance or the maximum distance
traveled. However, a public health planner
may want to minimize the maximum dis-
tance (or a nonlinear function of maximum
distance) traveled to capture the equity con-
siderations presented earlier. The model of
Maimon [29], which looks at facility location
for public sector applications by incorporat-
ing equity and variance of distance traveled
in the formulation is particularly applica-
ble to public health settings. Similarly, the
model of Schilling [30] considers multiple
objectives in locating facilities with public
sector objectives.

Traditional location models work under
the assumption that individuals choose
the facility that is closest to them.
Given the social stigma associated with
diseases such as HIV/AIDS and sexually
transmitted infections, individuals in a
public health setting may not always choose
facilities closest to them. Literature in public
health also shows that attendance at public
health clinics falls with increasing distance
to the facility [31,32]. For diseases such as TB
and HIV/AIDS that require long-term treat-
ment nonadherence to treatment can lead to
higher costs as nonadhering patients migrate
from first-line to more costly second-line
treatment. For TB, Shargie and Lindtjørn
[32] show that treatment adherence
decreases as distance traveled by patients to
the clinic increases. Using that premise [33]
investigated the impact of patients’ travel

Table 4. Public Health Challenges in Developing Countries and Potential OR Models

Public Health Challenge in Developing Countries Potential OR Models

Poor physical accessibility to health facilities • Facility location

High waiting time at public health facilities • Capacity management

Acute shortage of health care workers • Capacity management
• Staff deployment

Nonavailability/shortages of drugs, vaccines, and
other health products at public health facilities

• Network design
• Optimal multiechelon inventory control
• Inventory rationing
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distance to HIV/AIDS clinics on treatment
adherence and developed a model for locating
new HIV/AIDS clinics in Zambia to maximize
adhering population. Their simulation model
shows that taking into account patient
attendance and adherence in optimal ARV
facility location placement could lead to a
potential 3% increase in patients starting
and adhering to treatment.

Another area of concern to public health
is the average or maximum response time of
a facility location model to contain disease
outbreaks. In such circumstances, opening
new temporary facilities to quickly distribute
(vaccines, drugs, and therapeutics) to the
affected population [34,35] is an effective out-
break containment strategy. The economic
trade-off is between the number of facilities
to open and the facility capacity versus the
distance traveled and its impact on outbreak
containment. OR models [35] determine how
many new facilities should be opened and
where and also rules on the assignment of
individuals to the facilities. Heier et al. [36]
consider the more general problem of decen-
tralized facility assignment in such a scenario
when the users pick the facility themselves
and establish the cost of ‘‘anarchy’’ in such
a system. They show that in some cases
when patients pick their facilities based on
full information about facility status and
travel distances, it results in greater total
travel time than a centralized solution where
patients are allocated to facilities or when
patients do not have full information about
facility status.

Another key concern for public health
in developing countries is the performance
of a facility model when hospital infec-
tions such as MRSA (methicillin-reistant
Staphylococcus aureus) or machine and
equipment failures that are common in
developingcountries could temporarily shut
down a health clinic. Berman et al. [37] look
at the classical p-median facility location
problem and introduce the possibility that
a facility might suffer a disruption. Using
the example of Toronto hospitals, they show
that considering the probability of failure
in the facility location model results in a
higher degree of centralization. Their results
corroborate the colocation and centralization

observed in Toronto and many other hospital
systems.

The choice of the location of public health
facilities is a key strategic decision variable
in the design of public health systems. OR
techniques with carefully selected objectives
functions can help find facility locations
which can maximize public health impact
through better access to those requiring
treatment or preventive interventions.
Future research could focus on incorporating
patient’s health facility choice models and
other benefit externalities into the optimal
facility location problem.

Capacity Management Models

The emergence of new infectious diseases
or the resurgence of old ones like malaria
suddenly presented additional demand on
the public health system, but the system
could not develop as quickly due to financial
and human resource constraints. The lack of
human resource capacity is illustrated by the
fact that sub-Saharan Africa which has over
25% of the global burden of disease has only
2–3% of the world’s health workers. Unfortu-
natey, the money to hire, train, and sustain
new health care workers is not available and
is not likely to be available in the medium
term [38]. This acute scarcity of health care
workers in developing countries, especially
in sub-Saharan Africa, offers limited ability
in the short- to medium-term to apply mod-
els that help determine optimal staffing or
capacity levels for clinics. The proper deploy-
ment of health staff and careful management
of the available capacity in clinics can be a
key approach to maximizing public health
outcome in such an environment. This is cur-
rently lacking and long queues continue to
form at many points within the public health
system.

Many different queuing models for
capacity management in health-care setting
have been developed [39,40]. An important
point of difference in the case of public
health clinics in developing countries is that
in many cases average capacity to serve
patients is less than the arrival capacity.
Thus, in such systems, patients reneging
or service rationing is the only way that a
system can attain the state of equilibrium;
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otherwise, queue lengths keep increasing
with time (the analysis of transient queue
behavior is beyond the scope of this article).
When server utilization is very high, average
waiting time can be minimized by giving
priority to patients who require shorter
service times. Thus, the shortest processing
time rule instead of the first-in first-out
queue discipline could minimize total waiting
times. However, such a rule is difficult to
implement in practice due to its perceived
unfairness amongst the patients especially
in single server systems. If there were two
servers, a system like the one observed
commonly in supermarkets where there is
dedicated express service counter for shorter
processing time customers could be envis-
aged. Using a lesser trained health worker to
treat shorter processing time patients can be
an effective means of capacity management
in public clinics. Thus, a triage step to
know patient needs when they enter the
queue is important whether to enforce the
shortest processing time discipline or direct
them to the lesser trained health worker.
In reality, health systems are organized
as tiered networks with referrals from one
stage to the other. Thus, an overall analysis
of public health systems requires analyzing
queuing networks. Discrete event simulation
could thus be a very important OR technique
to utilize in the public health system. An
overview of applications of discrete event
simulation in health care can be found in Ref.
41. Also Hopp and Spearman [42] provide
easy to use queuing approximations which
can be used for modeling multistation public
health systems and to analyze the impact of
different parameters and flow arrangements
in a public health clinic on waiting time,
throughput, and variability propagation.

Since public health is usually free and
does not involve any price mechanisms
to regulate demand and supply, revenue
management based methods of service
differentiation or capacity management are
not applicable in this setting. Pure rationing
to restrict demand is not ethical and creates
many sociocultural problems. The reneging
process works in a manner that individuals
who can afford to obtain care at other
locations quickly drop out of the system. The

long waiting time in public health clinics in
some developing countries acts as a rationing
system which favors those who have a
low opportunity cost of time and penalizes
those who have short or long term formal
employment [43]. Thus, on the surface it
appears that long queuing automatically
leads to socially efficient rationing on the
basis of socioeconomic factors. In reality,
however, informal arrangements lead to
queue jumping which benefits those with
more resources making the queue reneging
phenomenon into an inequitable and unjust
rationing approach. Queuing based analysis,
nevertheless, can be an important tool to
devise capacity management strategies
for public health clinics in developing
countries. Future research could focus
on modeling the impact of different task
shifting interventions (point-of-care testing,
nurse triage, telemedicine, decoupling drug
dispensing from care provision) and varying
queue disciplines in developing country
health programs with severe capacity
constraints.

Stock Rationing Models

Availability of drugs, vaccines, and other
health supplies is very low at the clinic
levels in many developing countries. Aver-
age availability at public health facilities
in certain regions within a group of 36
surveyed countries was as low as 29.4%
[44]. The typical structure for distribu-
tion of medicines in the public sector in
most developing countries consists of a
central/primary warehousing and distri-
bution point which supplies to one or two
downstream stock holding points depending
upon the distribution of population and
administrative structure of a country. The
level of availability is low at each of the
stocking points in the supply chain and
thus each stage in the system has to engage
in stock rationing. In systems where stock
rationing is very common, if the rationing
is done based on a fixed proportion of the
order size, each downstream unit (clinics
or sub-warehouses) inflates its orders to
get a bigger share of the available supply
[45,46]. If past consumption is used to
allocate stock [46], changes in seasonality
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and consumption patterns as a result of
epidemiological patterns or differential
coverage of preventive interventions are not
adequately captured. In addition, the degree
of lost sales at each clinic continues to get
repeated in the future.

The traditional models of inventory
rationing in OR analyze the problem of how
to allocate inventory to different customer
classes [47,48] by setting a threshold of
inventory for each class of customers. Most
of these models assume a known revenue
or cost for each customer class and define
the optimal threshold levels for rationing
based on overall revenue maximization or
cost minimization. Pibernik and Yadav [49]
consider a model of capacity reservation,
based on service-level objectives when
long-term cost or revenue measures of each
customer class are not available. Zenios et al.
[50], in their model for allocating cadaveric
kidneys among various patient segments,
consider an objective function incorporating
QALYs. Also, in most of these models, the
customer segments are independent with
no overlap. Optimal rationing of drugs at
the clinics to achieve better public health
outcomes will be based on customer seg-
ments that are defined by demographic and
health characteristics (medical threshold
e.g., CD4 count or severity of disease or
income level, sex, age). This implies that
their membership in a customer segment
is itself dependent upon the rationing
decision. Deo [51] considers such a model
where a public health planner who wants
to maximize the total expected QALYs over
a long time horizon, creates the optimal
rationing strategy for HIV/AIDS patients.
The determination of future QALYs from
the rationing decision is captured through a
simple disease transmission model. Through
numerical analysis he shows that a rationing
policy that follows open enrollment with
enforced prioritization of current patients
out-performs rationing heuristics that are
commonly used in practice.

Stock rationing and allocation problems
in public health require a model which con-
siders the long-term objective of maximizing
public health outcomes (DALYs, QALYs)
with disease models to understand the

impact of the rationing strategy on long-term
disease progression. Better understanding
of behavioral issues involved in rationing
health commodities is also needed for the
rationing models to be put into practice.

CONCLUSION

This article presents an overview of the
use of OR in public health in developing
countries by first introducing the objective
functions and output metrics commonly
used by public health decision makers.
A discussion of DALY and QALY metrics
reveals that although they are commonly
used in OR models for public health, their
design is not flawless. The simple Ross
and Macdonald model of disease trans-
mission applied to malaria illustrates that
resource allocation problems in OR need
basic understanding of disease transmission.
The concept of distribution equity is key
to many public health OR problems and
besides simple max–min formulations,
commonly used measures of inequity such
as the Gini coefficient and concentration
curve are also required in many public
health OR models. The number and scope of
OR models for public health in developing
countries continues to grow as work in this
field continues apace. Understanding the
main needs for OR in developing country
public health programs and working closely
with implementation partners are crucial
for the OR/MS practitioner. Application
areas of OR/MS in developing country
health programs are highlighted along with
opportunities for future research in this
area.
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