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Abstract. To allocate HIV prevention resources effectively, it is important to have information about the effectiveness of alternative prevention
programs as a function of expenditure. We refer to this relationship as the “production function” for a prevention program. Few studies of HIV
prevention programs have reported this relationship. This paper demonstrates the value of such information. We present a simple model for
allocating HIV prevention resources, and apply the model to an illustrative HIV prevention resource allocation problem. We show that, without
sufficient information about prevention program production functions, suboptimal decisions may be made. We show that epidemiologic data,
such as estimates of HIV prevalence or incidence, may not provide enough information to support optimal allocation of HIV prevention
resources. Our results suggest that good allocations can be obtained based on fairly basic information about prevention program production
functions: an estimate of fixed cost plus a single estimate of cost and resulting risk reduction. We find that knowledge of production functions
is most important when fixed cost is high and/or when the budget is a significantly constraining factor. We suggest that, at the minimum, future
data collection on prevention program effectiveness should include fixed and variable cost estimates for the intervention when implemented

at a “typical” level, along with a detailed description of the intervention and detailed description of costs by category.
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1. Introduction

HIV prevention is a critical problem worldwide. More than 42
million people are infected with HIV/AIDS; 5 million people
became newly infected in the year 2002 alone [26]. The World
Health Organization estimates that another 45 million people
will become infected by 2010 unless prevention efforts are
significantly improved [26].

However, resources for HIV prevention are limited. Avail-
able funds are insufficient to meet all prevention needs. Thus,
policy makers must determine how best to allocate available
prevention funds among competing programs and populations.
Although political and social goals may be important when al-
locating HIV prevention funds [16,22], a key goal is to prevent
new HIV infections. Thus, policy makers need to know how
many HIV infections are likely to be averted as a consequence
of different allocations of funds.

The problem of allocating HIV prevention resources to avert
the maximum number of HIV infections is complex, so deci-
sion makers often use simple rules to help guide the alloca-
tion of HIV prevention resources [11,14,16]. In some cases,
such decision rules do not take into account any information
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about program effectiveness. For example, some HIV Preven-
tion Community Planning Groups have been reported to assign
priorities to population groups (e.g., based on HIV incidence)
and to allocate resources according to those rankings, with-
out explicit regard to the effectiveness of programs that target
those population groups. In this paper we demonstrate how
increased knowledge of prevention program effectiveness—in
particular, knowledge of the number of HIV infections likely
to be averted for different levels of investment in a prevention
program—Ieads to improved allocation of HIV prevention re-
sources.

In order to know how many HIV infections will be averted
by any given allocation of prevention resources, decision mak-
ers need information about the effectiveness of competing pre-
vention programs. They need to know how effective a given
prevention program is in preventing new HIV infections, and
how the program’s effectiveness will vary as a function of ex-
penditure. We refer to the latter relationship as the “production
function” for the prevention program.

Some authors have defined the production functions for HIV
prevention programs as the function that relates dollars in-
vested in a program to the number of HIV infections averted
[12-14,16]. However, studies of prevention program effec-
tiveness often report only intermediate measures of program



20

effectiveness (e.g., condom use, number of new sexual part-
ners over time, or needle sharing episodes over time) rather than
HIV infections averted. Thus, we define production functions
in terms of an intermediate outcome—risk reduction—that de-
termines infections averted.

Some models for allocating HIV prevention resources im-
plicitly assume that the relationship between resources ex-
pended on a program and the resulting risk reduction is linear
(e.g., [12,22,25]). Thus, for example, doubling the investment
in a given prevention program is assumed to double the risk re-
duction. In some cases this may be a good approximation. For
example, each incremental treatment slot added to an already
established methadone maintenance program is likely to yield
an approximately constant reduction in risk if the number of
incremental slots is small relative to the size of the existing
program. Under these conditions, it is reasonable to assume
that each person newly enrolled in the program reduces risky
behavior by the same amount as individuals already in the pro-
gram.

However, the relationship between the level of investment in
a prevention program and the corresponding reduction in risk
may not always be linear. For example, a minimum level of
investment in a prevention program may be needed before any
behavior change occurs: increased expenditure has no impact
if the total is below the fixed cost. The fixed cost may represent
the initial cost of establishing a prevention program (for exam-
ple, salary for a program administrator, rent for office space, or
the fixed cost of educational materials) as well as the minimum
level of investment required before any individual’s behavior
changes. A new HIV prevention program may become rela-
tively more effective once some threshold level of investment
has been reached. Such a program has increasing returns to
scale. An existing program may have been very effective ini-
tially, but may have already reached most of the people that it
is likely to help, so the program may have decreasing returns
to scale. A program may also have decreasing returns to scale
because of the behavior of individuals reached by the program:
if, with each additional dollar invested in a program, the result-
ing incremental risk reduction of each individual diminishes,
then the program has decreasing returns to scale. Kaplan [13]
estimated that the New Haven needle exchange program had
decreasing returns to scale. A prevention program could also
incorporate all of these effects: some startup is required; then
the program exhibits increasing returns to scale as more money
is invested; but eventually, as more money is spent, the pro-
gram becomes relatively less effective and exhibits decreasing
returns to scale.

Numerous evaluations of HIV prevention programs have
appeared in the literature. The results of many of these stud-
ies have been summarized in a number of reviews and meta-
analyses [4,6,7,9,10,17,19,20,23,24,30]. All of these studies
report the average level of behavior change induced by a pre-
vention program for a single level of investment per person
(or, equivalently, for a single program intensity). Very few
studies report program effectiveness as a function of invest-
ment. Moreover, for many published HIV prevention program
evaluations, program cost is not explicitly stated, even for the
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single level of investment that is considered. Instead the stud-
ies report measures such as the number and type of sessions
comprising the intervention (e.g., [19]) or the total number of
hours of the sessions (e.g., [20,24]). The cost of the programs
must be inferred from the description of the intervention.

Only afew published studies have estimated prevention pro-
gram production functions. Richter [21] estimated production
functions for counseling and testing programs targeted to in-
jection drug users and non-users. Wilson and Kahn [28,29],
in analyzing the allocation of resources between a methadone
maintenance program and street outreach, estimated that the
programs would have decreasing returns to scale but no fixed
cost. Using data from several sources, Zaric and Brandeau [31]
estimated production functions for a condom availability pro-
gram and for a methadone maintenance program. Kaplan [13]
analyzed data from the New Haven needle exchange program
to estimate a production function for the program. By and
large, however, good information about prevention program
production functions has not been gathered.

In this paper we demonstrate the value of such informa-
tion. Previous analyses have shown how the form of the op-
timal resource allocation (e.g., whether all funds should be
devoted to a single program or a single population) is af-
fected by the production functions for the prevention programs
[2,32]. In this paper, we show how improved knowledge of pre-
vention program production functions can improve decisions
about allocating HIV prevention resources. We use a simple
resource allocation model that is solved in a spreadsheet. We
apply the model to an illustrative HIV prevention resource al-
location problem. We show that, without basic information
on prevention program production functions, suboptimal deci-
sions may be made. We provide qualitative insight into when
knowledge of production functions is most important, and dis-
cuss needs for future data collection on prevention program
effectiveness.

2. A simple resource allocation model

We considered two populations to which HIV prevention pro-
grams are to be directed. We assumed that the two popula-
tions are independent: infection transmission does not occur
between the two populations. The epidemic in each popula-
tion is modeled by a simple susceptible/ infected (SI) model
where, for each population i, S;(¢) denotes the fraction of in-
dividuals in population i at time ¢ who are susceptible, I;(¢)
denotes the fraction of individuals in population i at time ¢
who are infected, A; is the sufficient contact rate, and §; is the
replacement rate. The rate A; is the rate of contact between
two individuals (one susceptible, one infected) sufficient for
disease transmission; its value incorporates rate of contact and
chance of infection transmission per contact. The rate §; is the
rate at which people enter and leave the population: total entry
into the population equals total exit from the population. All
new entrants are assumed to be uninfected, whereas exit oc-
curs from both the infected and susceptible groups. The rate
d; reflects exit from the population for any reason (e.g., death
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from any cause or maturation out of the population); exit due to
death from disease is not distinguished from exit due to other
reasons.

The equations of the SI model [1] for each population
i(i=1,2)are

dS;(t) =68 — M Si(OI; (1) — 8;Si(t)
dt

dli(t) = M8, () — 8;1:(r)
dt

Sit)+ Ii(r) =1

Using the above notation, S;(0) and /;(0) denote the fraction
of individuals who are susceptible and infected, respectively,
in population i at time zero. We assume that 0 < 1;(0) < 1 for
each population i.

We assume that for each population, one HIV prevention
program is available. The prevention program targeted to popu-
lation i reduces 1;, the sufficient contact rate in that population.
We let v; denote the amount of money invested in the program
targeted to population i. A fixed budget B is available to invest.
This budget cannot be exceeded, so v; + v, < B.

We denote the production function for prevention program
i by fi(v;). We assume that the production function acts as a
multiplier on the sufficient contact rate: thus, f;(0) =1 (in-
vesting nothing in population i leaves the sufficient contact
rate unchanged), and f;(B) > 0 (the sufficient contact rate
cannot be reduced below zero). We assume that the func-
tion f;(v;) is continuous and nonincreasing in v;: incremen-
tal investment can never increase the sufficient contact rate.
We assume that investment in program i changes A; immedi-
ately and that this change lasts over the time horizon of the
problem.

We assume that the production function for each prevention
program i is given by a function of the form illustrated in
figure 1. A certain level of investment F; is required before
any behavior change occurs; this is illustrated by the horizontal
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Figure 1. Prevention program production function. The function f;(v;) is a
multiplier on the sufficient contact rate in population i (4;) as a function of
investment in prevention programi (v; ).
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line at the beginning of the function. Then, above this level of
investment, risky behavior begins to decrease. (Because of the
initial fixed cost, the program has, in effect, increasing returns
to scale near the point where fixed cost is replaced by variable
cost.) Once risky behavior begins to decrease, the program has
diminishing returns to scale: each incremental amount invested
leads to less reduction in risky behavior. This is illustrated by
the convexity of the curved part of the function in figure 1.
Eventually, no more behavior change can be achieved. This
is illustrated by the horizontal asymptote of f;(v;) as v; gets
large.

We assume that the goal in allocating resources is to mini-
mize the total number of new HIV infections that occur in the
two populations over a given time horizon (from time zero until
time 7'). The number of new infections that occur in population
i up to time 7 given investment v; is

T
N; / SipAL;(1)S; (1) dt,
0

where N; denotes the (constant) size of population i.
The resource allocation problem can be written as

T
min N} / Siw)A I ()S(2) dt
0

V1,02

T
N /0 FDAbOS0)di

st. vy+v,=B8B

v; >0 i=1, 2

where the functions S;(¢) and /;(¢) are determined by the equa-
tions of the SI model. The budget constraint is binding in an
optimal solution because the production functions are mono-
tonically nonincreasing; thus the budget constraint is expressed
as an equality in the above formulation.

We now illustrate the application of the simple resource al-
location model. Section 3 describes the data we used and our
assumptions about the production functions. Section 4 shows
how different levels of knowledge of prevention program pro-
duction functions lead to different decisions about allocating

HIV prevention funds, and thus to different levels of health
benefit.

3. Data

3.1. Epidemic data

We considered two independent populations, one of men
who have sex with men (MSM) and one of injection drug
users (IDUs). We fit the SI models to data from 2001
California estimates of HIV prevalence, incidence, and risk
group sizes [8]. These estimates were generated during Con-
sensus Meetings on HIV/AIDS Incidence and Prevalence in
California that brought together experts from universities,
local health departments, private research entities, and the
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California Department of Health Services [8]. Replacement
rates were based on published mortality rates [27]. Popu-
lation 1 comprised 759,500 MSM, and Population 2 com-
prised 230,000 IDUs. For the MSM population, we assumed
20% initial HIV prevalence and replacement rate §; = .104.
For the IDU population, we assumed 8% initial HIV preva-
lence and replacement rate §, = .134. We calculated the suf-
ficient contact rates that would yield incidence rates equal
to those in the California consensus estimates. For the SI
model, the approximate number of new infections in one year
is N; x A; x §; x I;, so we estimated A; = (number of new
infections)/(N; x S; x I;) . The MSM population was esti-
mated to have 5150 new HIV infections annually [8], so we
estimated A; = (5150)/(759000 x .80 x .20) = .042; the IDU
population was estimated to have 1049 new infections annu-
ally [8], so we estimated 1, = (1049)/(230000 x .92 x .08) =
.062.

3.2. Complete knowledge of production functions

We assumed that the exponential function would be a good
representation of the cost-effect relationship in a region where
the prevention program has decreasing returns to scale. The
exponential function exhibits constantly decreasing returns to
scale and, with proper parameter selection, can be used to re-
flect a wide variety of cost-effect relationships. Accordingly,
we represented the complete production functions (figure 1)
by

0<v <F

i=1,2
F,<v <B

ﬁ(vi) = ai + bie—Ci(v[—Fi)

where a;, b;, and ¢; are parameters characterizing the shape
of the exponential part of the function, and F; is the fixed
cost. The value g; is the minimum value that the function can
take; it represents the maximum attainable level of behavior
change. The maximum value of the function is given by a; + b;;
since we assume that the maximum value is 1 (which occurs
when no money is spent on program i), we have b; =1 —
a;. The parameter c; characterizes the shape of the exponential
curve: larger values of ¢; lead to a flatter function, meaning that
less money must be spent to achieve a given level of behavior
change (all other things being equal).

We estimated parameters for the above functions based on
published sources. A wide range of risk reduction from HIV
prevention programs has been reported. The results of many
of these studies have been summarized in a number of reviews
and meta-analyses [4,6,7,9,10,17,19,20,23,24,30]. A review of
prevention programs targeted to MSM found an overall risk re-
duction of 26%, with separate odds ratios of .61 for condom
use and .74 for number of sexual partners [10]. A meta-analysis
of programs intended to reduce sexual risk behaviors among
IDUs found an odds ratio of .86 [24]. Two studies of programs
targeting IDUs found significant reductions in injection risk
[3,18]; one of those studies found larger reductions associ-
ated with injection risk than with sexual risk [18]. Kaplan and
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O’Keefe [15] estimated that the New Haven needle exchange
program led to a 33% reduction in risk among program partic-
ipants. In the base case we assumed that a typical prevention
program, at a typical level of investment, would lead to a 25%
reduction in risk behaviors among those targeted. We varied
this number in sensitivity analysis.

None of the above studies reports program cost, though
many of them report information related to cost such as the
number, size, and type of sessions involved in the prevention
programs. From this information, a wide range of program
costs can be inferred. A meta-analysis of programs targeted
to adolescents found that 11 of 16 programs involved more
than six group sessions, and these were frequently conducted
in a classroom setting [19]. A study of programs targeted to
adult heterosexuals found that half the programs investigated
involved five or more hours of group sessions [20]. A study of
prevention programs targeted to IDUs found that the interven-
tions required an average of ten hours over five sessions [24]. In
the base case, we assumed that the counseling sessions would
be conducted by a registered nurse and would require one hour
per participant. (This could be an individual one-hour session
or a total of ten hours of group sessions for ten people, or any
other combination that yields one hour per person). We thus
assumed that a 25% average risk reduction would be achieved
with one hour of intervention per person, which we estimated
would cost $20 per person. In terms of the above production
functions, this means that we estimated f;(20 x N;) = .75.

In sensitivity analysis we also considered both $65 and $125
as the cost to achieve the 25% average risk reduction. The New
Haven Needle Exchange program cost approximately $125
per IDU in the program ($150,000 annual cost/1,200 IDUs
served [15]) and achieved a 33% reduction in risk. We assumed,
therefore, that an upper limit on the expenditure required to
achieve a 25% reduction in risk would be $125 per person. We
also considered an intermediate cost (between $20 and $125)
of $65 per person.

We assumed that 5% of the $20 (or $1 per person) comprised
fixed cost (the amount that must be spent before any behavior
change is achieved); this is equivalent to f;i(I1xN;) = 1. In
sensitivity analysis, we assumed that the fixed cost fraction
(the fraction of the cost per person required to achieve the 25%
risk reduction which comprises fixed cost) could be as high as
50%.

Few studies in the literature report risk reduction greater
than 40% for HIV prevention programs targeted to MSM and
IDUs, although odd ratios as low as .26 have been reported
[24]. We assumed that the maximum level of risk reduction
among both MSM and IDU would be 50%; this is equivalent
to f;(co) = .5. We varied this number in sensitivity analysis.

We used these data points to estimate the following pa-
rameter values for the above production functions: a; = a, =
S,bi=by=.5,c,=480x107%,¢, =159 x 1077, F; =
759, 500, F, = 230, 000. For both production functions, the
maximum risk reduction is 50% (equivalent to a multiplier of
.5), so a; = a, = .5, and the minimum risk reduction is zero
(equivalent to a multiplier of 1), so by = b, = .5. We assumed
that, in both populations, $1 per person would have to be spent
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before any behavior change occurs, so F; = Ny = 759, 000,
and F, = N, = 230, 000. We assumed that, in both popula-
tions, spending $20 per person would yield a 25% reduc-
tion in risk (equivalent to a multiplier of .75). When taking
into account the different sizes of the two populations (N} =
759, 000, N, = 230, 000), we obtain ¢; = 4.80 x 1078, ¢, =
1.59 x 10~7. The value c; is larger than c|, meaning that less
total money must less be spent in the IDU population (Popula-
tion 2) than in the MSM population (Population 1) to achieve
the same risk reduction (this is because the IDU population is
smaller).

3.3. Incomplete knowledge of production functions

A planner wishing to allocate HIV prevention resources may
not have good information about how a prevention program’s
effectiveness will vary as a function of investment in the pro-
gram and may have to rely on a poor approximation of the
production function in order to make a decision. We consid-
ered four cases for knowledge of the production functions,
illustrated in figure 2.

In the first case (figure 2(a)), we assumed that no informa-
tion about prevention program effectiveness would be taken
into account when the resource allocation decision is made.
We assumed that in this case, resources would be allocated
in proportion to relative HIV incidence in the two popula-
tions. This is similar to the allocation criterion reportedly
used by some HIV Prevention Community Planning Groups

Y

= =+

a. No knowledge of
production function

Jiv) &

0 B

c. Assumption of convex production
function, and no startup costs
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[11,14,16]. Thus,

o = B|: N1 851(0)11(0)
NiA1S1(0)11(0) + N2A282(0)1>(0)

]; v, =B — v

In the absence of any new investment, 5150 new infections
are projected to occur in the MSM population, and 1049 new
infections are projected to occur in the IDU population. An
allocation based on these incidence figures gives 83% of the
budget to MSM (who would accrue 5150, or 83%, of the total
6199 new infections projected to occur), and 17% to IDUs
(who would accrue 1049, or 17%, of the 6199 new infections
projected to occur). Funds are allocated to each population in
proportion to the number of new HIV infections projected to
occur in that population, as a fraction of the total number of
new HIV infections projected to occur in all populations under
consideration.

In the second case (figure 2(b)), we assumed that a planner
would have a single cost-effectiveness data point from the pro-
duction function, and would use this data point to estimate a
linear production function with no fixed cost. Using the above
estimate that a $20 per person expenditure will yield a 25%
average reduction in risk behavior, we fit a linear production
function of the form

fivi) =1 —a;v;
to the points f;(0) = 1 and f;(20 x N;) = .75. This yielded
a; =1.65x 108 and a, = 5.43 x 1078,

In the third case (figure 2(c)), we assumed that a plan-
ner would also have information about the maximum level

Sivi) &

1.0

.
™ ¥
B
b. Assumption of linear production
function, and no startup costs

Silvi) &

1.0

| e
1 o

0 F,

d. Assumption of linear production
function, with startup costs

Figure 2. Alternative assumptions about production functions for prevention programs.
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of behavior change that could be achieved by each prevention
program, so that a production function with decreasing returns
to scale could be estimated. With this information, we fit an
exponential production function of the form
fivi) = a; + bie™ "

to the points f;(0) =1, f;(20 x N;) =.75, and fi(oc0) =
.50. This yielded a; =ay =.5,by = by =.5,¢c; =4.56 X
1078, ¢, = 1.51 x 1077,

The above three functions do not take into account knowl-
edge of the programs’ fixed cost. In the fourth case (figure 2(d)),
we assumed that a planner would have information about a sin-
gle fixed point on the production function, along with informa-
tion about program fixed cost, but would not have information
about the maximum achievable level of behavior change. This
yields a function of the form

1 0<v <F
a; — b;v; F,'<U,'§B.
Based on the data points f;(1 x N;) =1 and f;(20 x N;) =

.75, we estimated a; = a, = 1.013,b; = 1.73 x 1078, b, =
5.72 x 1078,

fitv) =

4. Allocating HIV prevention resources: The effect of
production function knowledge

The model was implemented in a spreadsheet and solved nu-
merically. We considered a budget of $1 million, and a time
horizon of one year. The budget was allocated using the fully
specified production functions, and also considering the four
cases for incomplete knowledge of the production functions.
The SI model has a closed-form solution [1]. We used this for-
mula to calculate the number of infections that would occur in
one year for any given allocation of resources. To determine
the optimal allocation of resources under different assump-
tions about the production functions, we set v, = B — v; and
searched over values of v; in increments equal to 5% of the
total budget.

When the allocation is made based on the fully specified pro-
duction functions (lastrow of table 1), 100% of the budget is al-
located to the IDU population, and 61.5 infections are averted.

If the allocation is made proportional to the baseline in-
cidence figures (first row of table 1), with no knowledge of
potential behavior change accruing from the prevention pro-
grams, 83% of the budget is allocated to MSM, and 17% is
allocated to IDUs. This results in 9.0 infections averted (mea-
sured using the true (fully specified) production functions).
When the allocation is made using the linear production func-
tions, which incorporate our estimate that a $20 per person
investment can achieve a 25% reduction in risk, 100% of the
budget is allocated to the program targeted to MSM, and 30.0
infections are averted (second row of table 1). When the allo-
cation is made based on the exponential production functions,
which additionally incorporate information about the maxi-
mum attainable level of behavior change, 100% of the budget
is allocated to the program targeted to MSM, and 30.0 infec-
tions are averted (third row of table 1).
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Table 1
Allocations based on varying levels of knowledge of production functions.*

% of % of Number
budget budget of
allocated allocated infections
Knowledge of production functions toMSM  toIDU  averted**
No knowledge of production functions
Allocation proportional to incidence 83 17 9.0
Incomplete knowledge of production
functions
Linear 100 0 30.0
Exponential 100 0 30.0
Linear with fixed cost 0 100 61.5
Complete knowledge of production
functions
Exponential with fixed cost 0 100 61.5

* Results in this table assume a $1 million budget.

** This column shows the number of infections that would actually be averted,
were the allocation to be made. The number of infections averted was calcu-
lated using the fully specified production functions (which are exponential
with fixed cost; see text), because we assume that these are the true production
functions (the functions that will occur when investment is made).

The above three allocations do not take into account knowl-
edge of the programs’ fixed cost. Because of this fixed cost, it
is not worthwhile to allocate any funds to the MSM population.
When the allocation is made using the linear production func-
tions that incorporate fixed cost (fourth row of table 1), 100%
of the budget is allocated to the IDU population, and 61.5 in-
fections are averted. In this case, the allocation is the same
as the allocation achieved when the fully specified production
functions are used, even though the production functions do not
have exactly the same form as the true production functions.

For this example, when fixed cost is not considered, it ap-
pears optimal to allocate all funds to the MSM population.
However, no behavior change occurs until at least $1 per per-
son has been spent. For the MSM population, this is equivalent
to $759,000 (76% of the total budget). Not taking fixed cost
into account makes it appear that the risk reduction in the MSM
population is significantly higher than it actually will be: using
the linear production function with no fixed cost, it appears
that spending $1 million on the MSM population will reduce
risk in that population by 1.65% (linear production function
value .9835) and that it is optimal to spend all funds on the
MSM population; when the fixed cost is taken into account,
the risk reduction associated with spending $1 million on MSM
is found to be, in fact, only about .43% (value of the linear pro-
duction function with fixed cost is .9957) and it is found to, in
fact, be optimal to allocate all funds to the IDU population.

This example illustrates how increasing knowledge of the
production functions can improve the allocation of resources.
The poorest allocation occurred when no knowledge of the
production functions was used when making the allocation de-
cision. Using a linear production function improved the alloca-
tion; incorporating knowledge of fixed cost further improved
the allocation.

We performed sensitivity analysis on all parameters of
the problem. As the budget becomes sufficiently large (or,
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Table 2
Sensitivity analysis: Percentage of maximum number of infections averted
when allocation is made under different levels of knowledge of production
functions, with different levels of fixed cost per person and different cost per
person to achieve a 25% risk reduction.*

Cost/person to achieve
25% risk reduction

Proportion FC**  Assumed production function ~ $20 $65  $125
5% No Form Assumed*** 99.9 935 87.8
Linear 98.1 100.0 100.0
Exponential 100.0 100.0 100.0
Linear, FC 98.1 100.0 100.0
Exponential, FC 100.0 100.0 100.0
10% No Form Assumed*** 99.9 88.6 72.2
Linear 98.9 100.0 100.0
Exponential 100.0 100.0 100.0
Linear, FC 98.9 100.0 92.0
Exponential, FC 100.0 100.0 100.0
25% No Form Assumed*** 98.3 57.6 0.0
Linear 100.0  100.0 0.0
Exponential 98.3  100.0 0.0
Linear, FC 100.0 972 100.0
Exponential, FC 100.0 100.0 100.0
50% No Form Assumed**#* 91.3 0.0 0.0

Linear 100.0 0.0 0.0
Exponential 90.8 0.0 0.0
Linear, FC 100.0 100.0 100.0
Exponential, FC 100.0 100.0 100.0

* Assumes a budget of $20 million. Percentage of maximum number of infec-
tions averted is calculated as number of infections averted given the current
allocation as a percent of the number of infections that would be averted if
the allocation were made using the fully specified production functions (ex-
ponential with fixed cost).

** Percentage of cost per person (rightmost columns) that represents fixed
cost. For example, if the cost to achieve a 25% risk reduction is $20/person,
then the row 5% (first row) corresponds to a production function with $1 fixed
cost/person (before any behavior change is achieved).

**% Allocation is proportional to HIV incidence.

equivalently, as the cost of achieving the 25% risk reduction
becomes sufficiently small), knowledge of production func-
tions becomes less important because sufficient funds are avail-
able to avert most infections. Similarly, when HIV prevalence
and/or incidence become sufficiently small, knowledge of pro-
duction functions becomes less important because there are few
infections to avert.

Table 2 shows the results of sensitivity analysis on program
costs—in particular, the cost per person to achieve a 25% re-
duction in risk, and the fraction of that cost that represents
fixed cost. Our base case analysis (table 1) assumed that a
25% reduction in risk would be achieved for a cost of $20 per
person, and that 5% of this cost ($1) would comprise fixed
cost. Table 2 shows results for cases when the cost required to
achieve a 25% risk reduction is $20, $65, and $125, and for
cases when the fraction of that cost comprising fixed cost is
5%, 10%, 25%, or 50%. All of the non-base-case analyses in
table 2 assume more expensive programs than the base case:
either it costs more to achieve a 25% reduction in risk and/or
it costs more to achieve any behavior change at all (because
of a higher fixed cost). Thus, we considered a budget of $20

25

million for the analyses in Table 2. (Note that if the cost per
person to achieve a 25% risk reduction is $20 (first column of
table 2), then the $20 million budget is enough to reduce risk
among all 989,000 individuals by 25%; if the cost per person to
achieve a 25% risk reduction is $65 (second column of table 2),
then $65 million would be required to reduce risk by 25%; and
if the cost to achieve the 25% risk reduction is $125 (third
column of table 2), then approximately $125 million would
be required to reduce risk by 25%.) The optimal allocations
for the problems in table 2 varied: in some cases, the entire
budget is allocated to IDUs; in some cases, the budget is split
between IDUs and MSM; and in other cases, the entire budget
is allocated to MSM.

As programs become increasingly expensive relative to the
budget (i.e., moving across columns of table 2), the allocations
based on incidence or linear or exponential production func-
tions with no fixed cost become worse relative to the optimal
allocation. Similarly, as the fixed cost becomes increasingly
large relative to the budget (i.e., moving down the sections
of table 2), the allocations based on incidence or a linear or
exponential production functions with no fixed cost become
worse relative to the optimal allocation. The effect is most pro-
nounced when total cost and fixed cost are both relatively high.
For example, if fixed cost is 50% of the cost per person needed
to achieve a 25% risk reduction (bottom section of table 2),
then when the cost per person required to achieve a 25% risk
reduction increases to $65 or $125, the allocations based on
incidence or a linear or exponential production functions with
no fixed cost all avert no new HIV infections.

When the cost to achieve behavior change is relatively small
(low fixed cost or low cost to achieve a 25% risk reduction)
compared to the budget (upper and leftmost entries in table 2),
then knowledge of production functions is less important than
when the cost to achieve behavior change is large compared to
the budget (lower and rightmost entries in table 2). If the fixed
cost is much larger than we assumed and the cost per person
to achieve a 25% risk reduction is larger than we assumed,
then the allocations that do not consider fixed cost (i.e., the
allocation proportional to incidence and the allocations based
on linear and on exponential production functions) all avert no
new infections because they do not allocate sufficient funds to
either population to exceed the fixed cost. Conversely, if the
fixed cost is small (e.g., 5%), then the allocations based on
the linear and exponential production functions avert almost
as many infections as the allocations when fixed cost is consid-
ered. The analyses in table 2 assume a budget of $20 million.
Results are qualitatively similar when a smaller budget is con-
sidered: when fixed cost is high and/or it is relatively expensive
to achieve a 25% reduction in risk, knowledge of production
functions becomes increasingly important.

In almost all cases, the allocation proportional to initial HIV
incidence yielded the lowest health benefit. (In a few instances
the allocation proportional to incidence was not the poorest
allocation, but this only occurred in situations when all alloca-
tion methods performed relatively well, and when this occurred
the allocation proportional to incidence yielded health benefits
close to those of worse allocations.) The allocations based on
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the linear and exponential production functions with no fixed
cost were similar to one another and yielded good solutions
except when the fixed cost was high (25% or higher) and the
budget constraint became tighter ($65 or $125 per person to
achieve a 25% risk reduction). The allocations based on the lin-
ear production function with fixed cost were optimal or close
to optimal (in terms of HIV infections averted) in almost all
cases. These results suggest that the most important production
function information to incorporate in the allocation decision
is the prevention program fixed cost and a single estimate of
cost and resulting risk reduction. These two data points al-
low one to fit a linear production function with a fixed cost
component. If the fixed cost is small, use of a linear produc-
tion function can provide a near-optimal allocation. Our results
also suggest that knowledge of production functions is most
important when fixed cost is high and/or when the budget is a
significantly constraining factor.

5. Discussion

We have presented a simple model for allocating HIV pre-
vention resources that allows one to incorporate knowledge
of production functions for the prevention programs. We have
shown that improved knowledge of production functions leads
to improved allocation of HIV prevention resources. In the ex-
ample we presented, incorporating no knowledge of program
effectiveness into the allocation decision led to significantly
less health benefit than the maximum that could be achieved.
Assuming constant returns to scale and no fixed cost (a linear
production function with no fixed cost) yielded good alloca-
tions except when the fixed cost was high or the budget was
significantly constraining. In the latter cases, inclusion of a
fixed cost estimate in the production function led to signifi-
cantly improved solutions.

HIV prevention needs and resources vary widely in differ-
ent regions of the world, but all decisions about allocating HIV
prevention resources share acommon trait: information on pro-
gram effectiveness is essential to determining the allocation of
resources that maximizes health benefit. Our analyses showed
that epidemiologic data, such as estimates of HIV prevalence
or incidence, may not provide enough information to support
optimal allocation of HIV prevention resources. Our results
suggest that good allocations can be obtained based on fairly
basic information about prevention program production func-
tions. This includes an estimate of fixed cost plus a single point
on the production function curve.

Little data is available on production functions for HIV pre-
vention programs. This paper has shown that the value of such
information can be significant. A first step toward the gener-
ation of such functions is for program evaluations to include
cost estimates for the intervention when implemented at a “typ-
ical” level, specifically the fixed cost of the program and the
variable cost. The results of such evaluations will be most use-
ful to planners considering the application of such prevention
programs in other settings if a detailed description of the in-
tervention (e.g., initial brief counseling session followed by
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a half-hour counseling session) and detailed cost categories
are provided (e.g., types of fixed and variable cost, and associ-
ated effort levels, if relevant). More comprehensive evaluations
could include estimates of how program effectiveness changes
as a function of investment, and estimates of the maximum
behavioral change that could be achieved.

In the absence of comprehensive information on preven-
tion program production functions, decision makers can im-
prove allocation decisions with basic estimates of fixed cost
and a point estimate of program cost and associated behavior
change. When applying estimates from past studies to future
programs, decision makers must make assumptions about how
the new program setting will affect the production function. For
anew prevention program, the population served and details of
the program implementation may differ from that in the study
program. For an expanded prevention program, it is important
to understand the extent to which prevention services can be
added to an additional program: in some cases, little fixed cost
may be incurred; in other cases, significant fixed cost may be
incurred. Although such production function estimates are in-
herently uncertain, sensitivity analysis on key parameters of
the production functions can be used to identify regions for
the parameters over which allocations are robust. Sensitivity
analysis can also identify the most important parameters for
which further data are needed.

The simple model that we have presented allows one to
explore the consequences of different assumptions about pre-
vention program production functions. Other simple resource
allocation models can also be used (for example, that of Kaplan
[14] or the approximations in Zaric and Brandeau [32]). Analy-
ses of this type can help decision makers understand the health
consequences of different allocations of HIV prevention funds,
and thus make informed allocation decisions. Such analyses
can also be extended to other communicable diseases such as
other sexually transmitted diseases.

Our analysis has several limitations. Our goal has been to
illustrate the importance of using production function infor-
mation when making resource allocation decisions. For actual
resource allocation decisions, more sophisticated modeling of
the epidemic, prevention programs, and target populations may
be needed. When a significant amount of disease transmission
occurs between population subgroups, or when individuals
who do not know they are HIV infected behave very differ-
ently from individuals who do know they are infected, the SI
model may be inappropriate as a foundation for resource al-
location. In such cases, a more sophisticated epidemic model
(e.g., [5,33,34]) could be used. Similarly, we illustrated our
ideas assuming that all MSM and all IDUs could potentially
be reached by the interventions. Decision makers might wish to
consider interventions that reach only some individuals within
a population group (e.g., those at highest risk for acquiring
or transmitting HIV infection, or those who can be most eas-
ily reached). However, even if a different epidemic model or
different types of interventions are considered, our qualitative
results regarding the importance of prevention program pro-
duction functions are unlikely to change.
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Our model estimates the number of HIV infections averted
for a given allocation of resources. Although health benefit
is of key importance in resource allocation decisions, polit-
ical, social, and other factors may also be important. Our
model can be used to quantify the reduction in health bene-
fits associated with restrictions on the allocation of prevention
resources.

In response to the HIV epidemic, significant amounts of
money and effort have been devoted to evaluation of HIV pre-
vention programs. However, most existing evaluations report
the level of risk reduction achieved for a single level of effort,
but do not report the cost of that effort, nor the extent to which
risk is reduced for different levels of investment. Our analysis
has shown that, without knowledge of such production func-
tions, poor allocation decisions may be made. Moreover, our
analysis suggests that even very basic knowledge of produc-
tion functions can lead to allocations with greatly improved
health outcomes. To help policy makers make the best use of
limited prevention resources, more effort should be devoted
to collecting good data on the production functions for HIV
prevention programs.
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