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Abstract

The elasticity of risky sexual behavior to changes in local HIV infection prevalence is esti-
mated using a longitudinal survey of the sexual behavior and health of gay men in San Francisco
during the 1980s. An average respondent decreases risky behavior by about 5% in response to a
10% increase in disease prevalence. The average response obscures substantial variation across
respondents: High-risk people reduce risky behavior less than low-risk people as prevalence in-
creases. This result is consistent with the predictions of theoretical economic epidemiology and
has implications for epidemic dynamics.
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1 Introduction.

As diseases spread and the risk of infection rises people respond by taking
measures to limit their exposure. These changes in behavior in turn affect
the spread of disease and the efficacy of policy interventions. How large these
effects are is an empirical question, but research empirically relating changes
in risk of infection to changes in behavior is scarce.

This paper develops and estimates econometric models of risky behavior
during the onset of the AIDS epidemic in the United States in the 1980s.
HIV+/AIDS disease is of particular interest because of associated mortality
and morbidity — some 25 million people have died and another 40 million are
infected as of 2005 (World Health Organization, 2005) — and because HIV is
almost exclusively spread by sexual contact and intravenous drug use. Risk of
exposure to HIV is a choice.

Longitudinal data documenting the sexual behavior and infection status of
gay men in San Francisco are exploited to investigate patterns of behavioral
response, thereby overcoming inherent difficulties with estimating behavioral
changes using aggregate data (Geoffard and Philipson, 1996). The San Fran-
cisco data are unique in that previous researchers have reconstructed HIV
prevalence over time using stored blood samples taken to screen for Hepati-
tis, but in other locations HIV prevalence is difficult to recover from observed
AIDS diagnoses. These data provide an opportunity to study changes in be-
havior in response to changes in prevalence as it rises from (subjectively) zero
in the 1970s and early 1980s to almost half this population by late 1984. The
econometric models use this rich source of information to provide estimates of
the distribution of prevalence elasticity of demand for risky partnerships.

The elasticity of demand for sexual partners to changes prevalence is an
outstanding but important empirical issue. Kremer (1996) shows that someone
with prevalence–elastic demand will choose to face more risk in response to
a decrease in prevalence. A policy intervention such as a partially effective
prophylactic vaccine (a vaccine which reduces risk of infection) could then
have the unintended consequence of spurring the epidemic because behavioral
change increasing risk more than offsets the vaccine’s biological effects.1 The
next section provides an elaboration on these ideas.

Previous empirical work on behavioral responses to risk of disease includes
Philipson (1996) and Mullahy (2000), who show demand for vaccination is
responsive to changes in local disease prevalence. Philipson et al. (1996) es-
timate that young adults are more likely to use condoms if they live in area

1See Blower and McLean (1994) and Bogard and Kuntz (2002).
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with higher AIDS prevalence, and Philipson and Dow (1998) show that HIV
susceptible men are less likely to match with infected men. In related contexts,
Geoffard and Mechoulan (2004) and Goldman et al. (2005) present evidence
that the availability of effective HIV treatments increases risky behavior. A
considerable medical literature documents the changes in behavior that have
occurred in populations at risk of contracting AIDS but these studies do not
attempt to systematically relate changes in behaviors to changes in incentives.2

The estimates in this paper provide the first evidence from microdata on
the elasticity of risky sexual partnerships to HIV prevalence. The major result
is that risky sexual behavior is prevalence inelastic for the most respondents:
A 10% increase in prevalence causes roughly a 5% decrease in risky behavior
for the average respondent. The average elasticity may be misleading because
the data also suggest substantial heterogeneity exists across respondents. Low
activity types exhibit large decreases in risky behavior in response to an in-
crease in prevalence, whereas high activity types exhibit little or no change in
risky behavior. These results are consistent with the predictions of theoretical
models such as Kremer (1996). Simulations show that an increase in preva-
lence leads to a decrease in mean number of risky partners but also an increase
in the dispersion of risky partners across people, and these two effects affect
spread of disease in opposite directions.

2 Predictions from economic epidemiology.

In this section I review some results from theoretical models of behavior during
an epidemic which can be addressed in the empirical work.3 Several recent
studies have provided theoretical analysis of behavior during an epidemic.
The central idea is that changes in the risk of infection lead to changes in the
net benefits of preventative behavior. For example, someone may choose to
use condoms if he believes his partner is infected with 30% probability, but
not 3%.

To fix ideas, consider a static model of optimal number of partners simi-
lar to that found in Kremer (1996). Preferences are represented by a utility
function over risky sexual partners s and expected health H. Let HI denote
health if the disease is contracted and HW if it is not, and let the probability
of infection be q(s|P ), where P is prevalence, the proportion of the population

2See Becker and Joseph (1988) for a review of this literature.
3See Philipson (2000) for a survey of related literature.
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infected. A rational individual solves

max
s

U [s, q(s|P )HI + (1 − q(s|P ))HW ]. (1)

The first–order condition

∂U

∂s
=

∂U

∂H

∂q(s|P )

∂s
[HW −HI ] (2)

equates the benefit of incremental partner with the expected loss of health,
measured in utility, from that partner. This condition implicitly defines the
optimal number of partners s∗ as a function of prevalence if optimal number
of partners is positive, but it may be optimal to not participate in the market
for risky partners, that is, choose the corner solution s = 0. The properties of
s∗(P ) are the focus of the empirical analysis to follow.

The literature stresses that the elasticity of risky behavior to disease preva-
lence is a key concern. Suppose that probability of infection is approximated
as proportional to prevalence and to number of partners,

q(s∗|P ) = δs∗(P )P, (3)

where δ is a biologically determined transmission parameter. Differentiate
with respect to P to find

d q(s∗|P )

dP
= δs∗

[
∂s∗

∂P

P

s∗
+ 1

]
= δs∗[η + 1] (4)

where η is the elasticity of number of partners to disease prevalence. If re-
sponse is elastic then risk decreases as prevalence rises because the decrease
in risky behavior more than offsets the increased probability of matching with
an infected partner. If response is inelastic and s∗ strictly decreases when P
increases then risk increases as prevalence rises, but by a lesser amount than
would occur if behavior were invariant to changes in prevalence. Whether re-
sponse is elastic is, then, an important empirical question. Policy questions
hinge on the magnitude this elasticity: a partially effective prophylactic vac-
cine, one which has the effect of reducing probability of transmission (reduces
δ), will unintentionally increase infections if behavioral response is elastic.

The distribution of behavioral responses across people also matters. Ob-
serve q(s|P ) cannot everywhere be linear in its arguments because probabilities
are bound between zero and one. As Kremer (1996) points out, concavity im-
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plies that
∂

∂P

∂q(s∗|P )

∂s
< 0 (5)

for all s∗ > s̄, where s̄ depends on functional form and P . Put another way, the
marginal cost of an additional partner decreases when prevalence rises if the in-
dividual selects a high enough number of partners. People with very high rates
of partner change may increase number of partners in response to an increase
in P , a response known as fatalism. Generally, a change in P leads to different
behavioral responses depending on selected rates of partner change: Low–risk
people will change behavior more than higher risk people when prevalence in-
creases. Auld (2003) emphasizes that small changes in prevalence can lead to
dramatically different responses when we consider that some people will move
to the corner solution, no risky partnerships. A small change in prevalence can
be expected to change the distribution of risky behavior in a complex manner.

Mathematical epidemiology shows that the variance and higher moments
of the distribution of rates of partner change affect epidemic dynamics. Aver-
aging behavioral response across types to produce “the” elasticity of response
with respect to prevalence could then be misleading. It can be shown that in
some simple models the expected number of infections one infected individual
would eventually cause in a completely susceptible population, called the basic
reproductive rate and commonly denoted R0, is given by

R0 = γ
[
µ + σ2/µ

]
, (6)

where γ is a biological parameter and µ and σ2 are the mean and variance of
the distribution of rates of partner change.4

Suppose the mean and variance are functions of prevalence. Then a change
in P induces

dR0

dP
∝ dµ

dP

[
1 − σ2

µ2

]
+

1

µ

dσ2

dP
. (7)

It is not enough to know how mean rate of partner change varies with preva-
lence (dµ/dP ). A mean–preserving spread in the distribution of rates of part-
ner change will spur the epidemic, for example (dµ/dP = 0, dσ2/dP > 0).
If an increase in prevalence decreases mean rates of partner change (because
demands s∗(P ) slope down) and increases dispersion σ2 (because of hetero-
geneous responses) then the reproductive rate could go up or down. The
epidemic could be spurred even if every individual reduces risky behavior.

4See Hyman and Li (2000) for a discussion of mathematical epidemiological models with
heterogeneous contact rates.
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In short, economic epidemiology predicts that the magnitude and possibly
even the sign of behavioral response to changes in risk will be heterogeneous.
Mathematical epidemiology predicts that heterogeneity can have large effects
on epidemic dynamics and steady states. The econometric goal, then, should
be to estimate the distribution of elasticities across individuals rather than
only the mean elasticity. The distribution of elasticities both provides a test
of economic theory and may help guide policy on matters such as the likely
consequences of public vaccinations.

3 The San Francisco data.

The main source of data is the first fourteen waves of the San Francisco Men’s
Health Study (SFMHS), which documents the health and behavior of men in
San Francisco between June, 1984 and August, 1990 and includes retrospective
information on prior behavior. The SFMHS was conducted in order to study
the natural history of AIDS. Participants were unmarried, English–speaking
men aged 25 through 55 as of the first wave who lived in one of 19 census
tracts in San Francisco where the epidemic was severe. Twice yearly, data
collection in the form of a lengthy questionnaire and a physical examination
was conducted. See Winkelstein et al. (1987) for more detailed information
concerning the sampling design. The variables used in the analysis include
basic sociodemographics, sexual behavior and infection status (provided by
the physical examination) over time, and data drawn from another source on
HIV prevalence among gays in San Francisco over time. The sample drawn
from the SFMHS includes only gay men who provided complete and consistent
information in at least the first wave of the survey in 1984. 632 of 1,044
respondents met these criteria. Of the 412 respondents omitted, 395 were
omitted because they were not homosexual, with the remainder dropped due
to missing data. Characteristics of the participants are displayed in Table 1.
The majority, 87 percent, of participants were white, more than half were
college educated, and the mean age as of 1984 was 35.5

Risky sexual behavior is measured by the number of different intercourse
partners the respondent reports in the interval since the previous interview.
Attention is restricted to contiguous spells, ignoring interviews which were
completed after one or more missing waves. Non-contiguous observations are
problematic since the questions regarding sexual behavior were asked in the

5A quadratic in age was included in preliminary specifications, but the inclusion of the
squared term never substantively changed the estimates of the other parameters and was
therefore left out in the interest of parsimony.
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mean std. dev. min max

age in 1984 35.51 6.75 25 54
white 0.87 0.34 0 1
college 0.56 0.50 0 1
partners per six months 7.63 23.29 0 850
partners = 0 0.34 0.47 0 1
total partners as of 1982 580.32 1141.76 0 9999
periods before attrition 11.25 3.54 3 14

Table 1: Characteristics of SFMHS participants. N=6,362 observations, on
632 individuals.

form “since last interview” rather than “in last six months.” Intravenous
drug use was ignored as a significant mode of transmission since only seven
respondents reported having shared a needle during the last month in 1984,
and the greatest number of episodes of sharing was four.

Since prevalence was high in 1984 and changes little over the remainder of
the sampling period, there is a great deal to be learned from data on behavior
prior to the epidemic. Information on pre–AIDS behavior can be constructed
by exploiting retrospective questions asked in the first wave of the survey.
In the first wave participants were asked the number of different partners
they had had in the six months preceding the interview, in the two years
preceding the interview, and the total number of partners they had had in
their lifetimes. They were also asked the age at which they first started having
regular intercourse (defined as a once per month or greater frequency). From
the responses, number of partners up until the second half of 1982 and number
of partners from the second half of 1982 until 1984 can be determined. These
values were converted to rates of partner change per six month period by
dividing through by the appropriate interval, and treated as if they were first
two waves of the survey. Unfortunately, more detailed data than number of
different partners — such as on condom use or number of acts per partner
— is not available retrospectively. Number of partners is the most important
predictor of risk and it is therefore typically rate of partner change per unit
time which is of concern in epidemiological models (Anderson and May, 1991).

Enormous heterogeneity in sexual activity is evident in the summary statis-
tics displayed in Table 1, which shows that total different partners as of 1982
varies from zero to over 10,000 (censored at 9,999 in the data), with the stan-
dard deviation roughly doubling the mean of 580. The median number of
partners per six–month interval is 1.9 whereas the mean is 7.6.
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Partners Proportion

wave year N mean std. dev. not participating HIV+

1 pre–1982.5 632 21.68 38.24 0.08 0
2 1982.5 – 84.0 632 12.52 26.39 0.19 0
3 1984.0 632 11.26 40.59 0.22 0.50
4 1984.5 538 5.75 13.71 0.26 0.51
5 1985 459 4.66 10.92 0.39 0.51
6 1985.5 429 3.98 8.47 0.41 0.51
7 1986 411 4.36 11.00 0.43 0.50
8 1986.5 383 3.36 8.27 0.41 0.50
9 1987 358 3.69 9.25 0.45 0.50
10 1987.5 341 3.65 12.72 0.48 0.50
11 1988 325 3.93 11.89 0.46 0.50
12 1988.5 311 4.64 16.72 0.44 0.50
13 1989 290 6.34 32.30 0.47 0.50
14 1989.5 267 4.24 10.72 0.45 0.49
15 1990 221 3.92 8.42 0.47 0.55
16 1990.5 133 5.52 9.65 0.24 0.84

Table 2: Summary statistics over time. Partners is expressed as a rate per six
months. Participation is defined as having at least one non-monogamous
partner.

Participation in the market for risky contacts is defined as having one
or more non–monogamous partners. Non–participation is then either strict
celibacy or a mutually monogamous relationship. If the number of different
partners reported since the last interview is zero, the respondent is consid-
ered to not participate in that period. Or, if the respondent reports one and
only one partner and he reports that his sole partner does not have sex with
others, he is defined as not participating in that period. A problem with the
retrospective data is that it is not possible to infer the proportion of time re-
spondents spent celibate or in monogamous relationships. For each of the two
pre–1984 periods, respondents were defined as participating if their mean rate
of partner change was greater than one per six months.

Table 2 shows summary statistics for selected variables over time. Low in-
cidence during the survey is striking: Although over half the cohort is infected
as of the first interview, only 36 become infected thereafter. Low incidence
occurs for three reasons: Decreased levels of risky activity; a decrease in the
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Period Year Percentage infected
(prevalence)

1 pre-1982.5 0%
2 1982.5–84 31
3 1984 33
4 1984.5 33
5 1985 33
6 1985.5 33
7 1986 31
8 1986.5 31
9 1987 29
10 1987.5 29
11 1988 27
12 1988.5 27
13 1989 25
14 1989.5 25
15 1990 25
16 1990.5 25

Table 3: HIV prevalence estimates, San Francisco. Source: Hethcote et al.
(1991b).

number of infected people who are highly infective (Jacquez et al., 1994); and
the “saturation effect” — individuals most prone to becoming infected tend
to do so first. That is, heterogeneity causes hazard rates into infection to
fall even if behavior doesn’t change. On average just under one in three men
was celibate or monogamous during a six month period. Participation rates
fall quickly for the first three waves and change little for the remainder of
the survey. Mean rates of partner change fall rapidly until the second half of
1986, then climb again; this is the “relapse” to unsafe behavior noted by Hart
et al. (1992). However, these statistics are calculated over different samples
because of attrition. Observed changes over time confound behavioral change
with changes in the composition of the sample.

Estimation requires the subjective per–contact probability of infection sus-
ceptible respondents face when making decisions. These probabilities are not
observed. I proxy them with HIV prevalence among the homosexual popula-
tion in San Francisco as estimated by Hethcote et al. (1991a,b). These authors
used an epidemiological simulation model calibrated using information on HIV
prevalence from other sources, notably blood samples originally designed to
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screen for Hepatitis B. Table 3 shows these estimated prevalences by wave, un-
der the strong assumption that individuals were unaware of the disease in the
pre–1982.5 period and learn of its existence and transmission vectors during
1982.

4 Empirical model of risky sexual behavior.

4.1 Equations to be estimated.

The econometric goal is to characterize how risky sexual behavior changes
when HIV prevalence changes. Risky sexual behavior is measured by the
natural logarithm of the number of partners a respondent has per six–month
interval.6 Individual i’s (log) rate of partner change in period t, s∗it is calculated

sit = ln

[
(182.5)

(
# partners between interview (t− 1) and t

#days between interview (t− 1) and t

)]
. (8)

This observed outcome is assumed to be generated through two latent pro-
cesses. The latent process driving rate of partner change is

s∗it = Xitβ + u1it, (9)

where Xit is a vector of covariates, u1it is a disturbance term, and β is a vector
of parameters to be estimated. A second process determines whether respon-
dent i participates, that is, has a non–zero rate of risky sexual partnerships,
indicated by Pit. Participation is generated by

Pit = 1(P ∗
it = Xitζ + u2it > 0) (10)

where 1(·) is the indicator function and ζ is a vector of parameters. Latent
rates of partner change are mapped to observed outcomes by,

sit =

{
s∗it if Pit = 1,

0 otherwise.
(11)

6The reader may wonder why rate of partner change was chosen over a count model.
First, as shown in Table 1, the mean number of partners per sampling wave is almost eight
and the reaches 28 at the 95th percentile (undisplayed), and such relatively high counts are
perhaps better approximated as continuous. Second, there is considerable variation in time
between interviews. Third, in the interest of computational feasibility.
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The determinants of number of partners at the margin are allowed to vary
arbitrarily from the determinants of participation. These equations form a
two–part model.7

Estimation is complicated by two concerns. First, attrition is a serious
problem. Table 1 shows that the number of respondents falls rapidly over
time such that only 133 of the original 632 respondents remain at the end of
the survey. There is no reason to suppose that attrition is ignorable because
the same unobserved characteristics which drive risky sexual behavior may
influence survey participation, and because high risk individuals are more likely
to attrit due to illness. This problem is addressed by estimating the equations
above simultaneously with a hazard for attrition. Second, the longitudinal data
lead to within–individual correlation. The same unobserved characteristics
which drive risky behavior and attrition in one year for a given individual are
likely to drive these outcomes in another year. This problem is addressed with
a random effects structure discussed in the next subsection.

Attrition is governed by a hazard of the form

Ait = 1(A∗it = Zitα + u3it > 0) (12)

where Ait indicates attrition, Z are covariates, and α are parameters, that is

Pr(not observed in t | observed in (t− 1), Zit) = Pr(A∗it > 0 | Zit). (13)

Formal identification can be achieved through distributional assumptions even
if Z includes the same regressors as X, that is, even if there are no variables
which influence probability of leaving the sample but do not affect risky sexual
behavior. Identification is more plausible if there are such variables. I have
used the number of sampling periods the respondent has been HIV+ as such
a variable. The longer a respondent has been HIV+ the more likely he is to
leave the sample due to his illness, but conditional on being HIV+ (a covariate
included in each equation) length of time since HIV diagnosis may not affect
sexual behavior. In the event, it will turn out that length of time since di-
agnosis has the expected sign in the attrition equation but is not statistically
significant so the plausibility of the correction for attrition depends on how
accurate the distributional assumptions are, a limitation of the analysis.

7See Jones (2000) for a survey of related literature.
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4.2 Structure of the error terms.

The same unobserved characteristics that influence risky sexual behavior pos-
sibly also influence attrition, and these characteristics are likely to be corre-
lated over time. A fixed effects estimation approach is problematic. Although
progress has been made on estimation of panel Tobit models with fixed effects
(Honoré and Kyriazidou, 2000, for example), these methods are not easy to im-
plement and, to the best of my knowledge, have not been derived for two–part
models. Further, the only time–varying covariates are prevalence and HIV+
infection status. Prevalence is the covariate of interest and it does not vary
across respondents within time periods so it is by construction orthogonal to
the individual effects, attrition notwithstanding. A random effects structure
is, then, a reasonable approach. For the same reason I do not implement a
Chamberlain–type approach to the random effects distribution.

Computational demands are reduced by assuming the random effects are
linearly dependent across equations (a common factor structure). The error
structure takes the form

u1it = µi + ε1it

u2it = φ2µi + ε2it (14)

u3it = φ3µi + ε3it

where µi is individual i’s unobserved “type,” which are distributed

µi ∼ N(0, σ2
µ)

and φ are factor loadings. The errors {ε1it, ε2it, ε3it} are distributed trivariate
normal with mean zero and covariance matrix

Σε =

 σ2
1 0 σ13

0 1 σ23

σ13 σ23 1

 . (15)

The unit restrictions follow from lack of scale in the participation and attrition
equations. The restriction σ12 = 0 is implicit in (some versions of) the two–
part model. Attempting to estimate the model without this restriction leads to
an ill–behaved likelihood. Notice that the errors in the equations determining
partners and participation are nonetheless correlated (for φ2 6= 0) because type
enters both equations. Also note that, conditional on type, period-specific
shocks which affect attrition are generally correlated with shocks which affect
sexual behavior.

11

Auld: Estimating Behavioral Response to the AIDS Epidemic

Published by Berkeley Electronic Press, 2006



4.3 Modeling heterogeneous behavioral response.

As discussed in section 2, economic theory predicts that responses will vary
across types. An econometric model which restricts response to be equal across
types cannot provide evidence on these theoretical insights. Consequently, I
relax the restriction of equal response across types by interacting the random
effect with the prevalence term. Substituting the resulting error structures,
the estimable equations are (suppressing interactions with HIV+ status),

s∗it = Xitβ + µi + γ1µiPt + ε1it

P ∗
it = Xitζ + φ2µi + γ2µiPt + ε2it (16)

A∗it = Zitα + φ3µi + γ3µiPt + ε3it.

A change in prevalence leads to a change in (latent) partners of

∂ s∗it
∂ Pt

= βP + γ1µi (17)

where βP is the slope coefficient on prevalence. Similar expressions can be de-
rived for participation and attrition. If γ1 > 0 then types of people who tend
to choose greater rates of partner change exhibit behavioral responses to an in-
crease in prevalence which are larger in magnitude (less negative). An increase
in P increases risky behavior for very high activity people, people for whom
γ1µi > −βP . Since HIV positive and negative people are expected to respond
differently to changes in risk, response is also allowed to differ arbitrarily for
these two groups by including interactions with the HIV+ dummy.

4.4 Estimation.

The system of equations to be estimated (16) is similar to panel labor sup-
ply models such as considered by Zabel (1998), with risky sexual partnerships
taking the place of wages and participation in the market for risky partners
taking the place of participation in the labor market. Two–step procedures
first estimating the selection equations then an equation for the endogenously
censored continuous outcome including selection regressors have typically been
employed. Full information maximum likelihood is preferable and used here.
FIML is more efficient, imposes no extra distributional assumptions, and gen-
erates a consistent estimate of the covariance matrix as a by–product of es-
timation whereas the two–step method requires a complex correction to the
second–step covariance matrix. The likelihood and computational details are
discussed in an Appendix.
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5 Estimation results.

5.1 Model specifications and selection.

Three specifications were estimated.

(1) Single equation. No random effects and no correlation between contem-
poraneous unobservables (σ2

µ = 0, σij=0 i, j = 1,2,3).

(2) Homogeneous response. Random effects and correlation between con-
temporaneous unobservables, but demand curves restricted to have same
slope across types (γi = 0, i = 1, 2, 3).

(3) Heterogeneous response. As (2), but demand curves slopes are allowed
to vary with type.

The first specification is equivalent to estimating each equation separately.
The second allows for correlated shocks affecting attrition and risky sexual
behavior and for random effects, but does not allow demand slopes to vary
across types. The third is unrestricted.

Parameter estimates for these three specifications are displayed in Table 5,
Table 6 and Table 7. Table 8 presents selected estimates from the partners
and participation equations as elasticities.

Log–likelihoods and covariance parameter estimates for the three specifi-
cations are displayed in Table 4. The results indicate that the most general
model (3) is preferred. The estimated covariance parameters are highly signifi-
cant in models (2) and (3), and the likelihood associated with specification (1)
shows a considerably worse fit than either of the less restrictive models. For-
mal tests of model (1) against models (2) or (3) are problematic because the
error structure implies that the coefficients on the random effects and inter-
action terms are unidentified under the null σµ = 0. The usual test statistics
will have non–standard asymptotic distributions (Andrews, 2001). However,
the change in the log–likelihood is large enough (roughly 1,600 in response to
relaxing three restrictions!) that we can also safely reject (1) in favor of the
less restrictive models. An LR test of model (2) against model (3) indicates
the data are incompatible with the homogeneous response assumption (χ2

5 =
64, p<10−10).

Unobserved shocks which affect attrition also affect sexual behavior, and
unobserved characteristics which affect rates of risky sexual partnerships also
affect both participation and attrition. When prevalence changes these unob-
served characteristics also affect how much risky sexual behavior changes in
response.
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5.2 Determinants of risky sexual behavior.

Table 5 presents estimates of the partners equation (9). The single equation es-
timates (model 1) suggest that susceptible respondents select much lower rates
of partner change when prevalence rises: A one percentage point increase in
prevalence decreases rate of partner change by 2.2% (t=12.2). Response is
estimated to be smaller after correcting for attrition and correlation between
determinants of partners and participation. Model (2) indicates the response
would be a 1.4% decrease (t=11.3). That estimate averages over types; model
(3) shows such averaging hides highly heterogeneous responses. The interac-
tion between type and prevalence is 1.04 (t=4.95), suggesting higher activity
types respond less than low activity types. The estimates on the demographic
characteristics suggest young, white, college educated respondents are more
likely to select higher rates of partner change.

Participation equation estimates are presented in Table 6. The single equa-
tion specification (1) and the homogeneous response specification (2) show
that, on average, an increase in prevalence reduces the probability a suscep-
tible respondent chooses to engage in risky partnerships. Model (3) reveals
that the average respondent’s propensity to participate varies very little with
prevalence: the coefficient falls to 0.07 and is not statistically significant. But
propensity to participate varies greatly with type (t=7.07) and the interac-
tion between type and prevalence (t=4.17). Low activity types are less likely
to participate at any prevalence, and reduce their propensity to participate
when prevalence rises. High activity types are likely to participate regardless
of prevalence. Demographic characteristics which are associated with higher
rates of partner change are also associated with higher probability of partici-
pation.

5.3 Determinants of attrition.

The estimates presented in Table 7 show that race has little effect on attrition
rates, but college educated individuals and younger individuals are less likely
to attrit. HIV+ individuals are more likely to attrit. Time since diagnosis
does not significantly affect attrition, a problem because it this is the only co-
variate included in the attrition hazard and excluded from the sexual behavior
equations. Unexpectedly, the coefficient on µ suggests that high–activity re-
spondents are less likely to attrit, other things including HIV+ status being
equal. Inspection of the covariance matrix of the contemporaneous shocks
shows that, nonetheless, unobservables which increase either rates of partner
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(1) (2) (3)

σ2
1 1.09 0.84 0.83

(135.3) (104.41) (106.82)

σ13 -0.36 -0.30
(11.74) (10.12)

σ23 -0.93 -0.95
(79.12) (92.16)

σ2
µ 0.70 0.54

(59.34) (21.11)

log-likelihood -12,044 -10,420 -10,388

Table 4: Covariance parameter estimates and model fit. Absolute t–ratios
in parentheses.

(1) (2) (3)

white 0.15 0.34 0.34
(5.31) (8.16) (8.11)

college -0.07 0.22 0.20
(4.32) (9.10) (8.24)

age -0.01 -0.04 -0.04
(11.33) (23.11) (23.76)

HIV+ -0.74 -0.32 -0.18
(3.35) (1.81) (0.93)

HIV prevalence -2.19 -1.40 -1.46
(12.27) (11.29) (11.36)

(prev.)(HIV+) 2.22 -0.26 -0.95
(2.94) (0.42) (1.47)

(µ)(prev.) 1.04
(4.95)

(µ)(HIV+)(prev.) 0.39
(3.18)

Table 5: Estimates of partners equation. Dependent variable is (log) number
of risky sexual partners per six months. Absolute t–ratios in parentheses.
Includes constant.
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(1) (2) (3)

white -0.14 0.13 0.14
(5.32) (2.35) (2.47)

college 0.04 0.29 0.27
(2.23) (9.18) (8.45)

age -0.03 -0.07 -0.07
(29.14) (28.93) (28.74)

HIV+ -1.35 -1.87 -1.02
(6.51) (8.23) (4.26)

HIV prevalence -1.54 -0.87 0.07
(5.62) (3.25) (0.20)

(prev.)(HIV+) 4.33 4.33 1.31
(6.08) (5.54) (0.20)

µ 1.16 1.04
(38.33) (7.07)

(µ)(prev) 2.01
(4.17)

(µ)(prev)(HIV+) -1.05
(5.65)

Table 6: Estimates of participation equation. Dependent variable is zero
when individual was celibate or mutually monogamous and unity oth-
erwise. Absolute t–ratios in parentheses. Includes constant.

change or probability of participation also increase attrition rates.8 It follows
that part of the apparent decreases in risky behavior over time, as displayed
in Table 2 and in the estimates of specification (1), is actually a result of
non–random selection out of the sample rather than behavioral change.

As a robustness check model (3) was estimated using only the first three
time periods, the first wave and the two periods based on retrospective infor-
mation. This short panel is balanced so the attrition equation and the related
covariance parameters are dropped. The results (not reported) for the part-
ners equation were qualitatively similar to the full model, albeit less precisely
estimated. For example, the coefficient on HIV+ prevalence in the partners
equation is -1.83 (t=8.01) as opposed to -1.46 (t=11.36) when estimated using
the entire panel. In the three–period model prevalence no longer has a statis-

8The estimated covariance between unobservables driving rates of partner change and
attrition is Cov(u1, u3) = φ̂3σ̂

2
µ + σ̂13 = 0.10. The analogous expression for participation is

estimated at 0.72.
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(1) (2) (3)

white -0.07 -0.02 0.01
(1.03) (0.33) (0.11)

college -0.03 -0.11 -0.11
(2.23) (2.51) (2.54)

age 0.02 0.02 0.02
(3.96) (5.38) (4.52)

HIV+ 0.310 0.42 1.02
(4.147) (6.67) (4.27)

Periods HIV+ 0.01 0.01 0.01
(0.65) (1.05) (0.32)

µ -0.19 -0.23
(6.43) (6.07)

Table 7: Estimates of the attrition equation. Positive coefficients indicate
higher hazard for attrition. Absolute asymptotic t–ratios in parentheses.
Includes constant.

tically significant effect on participation, although the point estimates suggest
the same pattern as estimates from the full panel. Since these results cannot
be an artifact of the modeling of attrition they give support to the conclusions
from the full panel.

5.4 Heterogeneous responses to changes in HIV preva-
lence.

The estimates suggest that a change in prevalence leads different people to
respond markedly differently. It is convenient to assess the magnitude of
this heterogeneity by calculating elasticities at various values of µ. To do so,
marginal effects resulting from a change in prevalence were calculated numer-
ically from the estimated models, averaged across individuals, and expressed
as elasticities. The expected number of partners,

E(sit|µ, X) = Pr(Pit = 1 | µ, X)E(sit|Pit = 1, µ,X) (18)

summarizes overall response taking into account both participation and part-
ners conditional on participation. For model (3), heterogeneous behavioral
response was evaluated by calculating marginal effects for realizations of the
random effect at mean (zero) and one and two standard deviations above and
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Elasticity with respect to
HIV+ prevalence

Model partners Pr(participate) E(partners)

(1) -0.72 -0.29 -0.96

(2) -0.46 -0.01 -0.55

(3)

µ = −2σ̂µ -0.82 -0.95 -1.69
= −σ̂µ -0.64 -0.25 -0.88
= 0 -0.48 0.00 -0.46
= σ̂µ -0.29 0.00 -0.26
= 2σ̂µ -0.11 0.01 -0.10

Table 8: Elasticities of risky sexual behavior to HIV prevalence. Elas-
ticities calculated from estimates in Table 5 and Table 6. Elasticity in
model (3) depends on the random effect µ; elasticities have been cal-
culated at multiples of its standard deviation σ̂µ. The column labelled
“partners” shows results for number of partners conditional on participa-
tion and E(partners) shows the results for expected number of partners
unconditionally. Calculations for susceptible individuals only.

below mean. For example, the marginal effect of prevalence on participation
evaluated at the median random effect is defined as

EX

[
∂Pr(Pit = 1 |µi = 0, Xit)

∂Pt

]
(19)

where EX denotes the expectation operator with respect to the distribution of
Xit.

Table 8 shows that Model (2) suggests that a 10% increase in prevalence
decreases rates of partner change by 4.6% and has almost no effect on propen-
sity to participate. Model (3) predicts roughly the same elasticities for the
mean respondent but also shows how much the elasticity of response varies
across types. An individual whose random effect is two standard deviations
below mean — a low–risk individual unlikely to participate and likely to select
a low rate of partner change if he does participate — exhibits near unitary
elasticity on both the intensive and extensive margins. For such an individ-
ual, a 10% increase in prevalence induces an 8.2% decrease in rate of partner
change and a 9.5% lower probability of participation which together reduce
expected number of partners by 17%. An individual with a random effect one
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Figure 1: Demand for risky sexual partnerships. Figure shows estimated demand
for number of risky sexual partners per six month interval as a function of HIV
prevalence. Model 2 restricts response to be equal across respondents. Demand
in Model 3 depends on types; the figure shows demand for individuals at the
mean type and one standard deviation above and below the mean.

standard deviation below mean exhibits less elastic response, selecting 6.4%
fewer partners and a 2.5% lower probability of participation. Response con-
tinues to become less elastic for riskier and riskier types. An individual with a
random effect two standard deviations above mean — an individual very likely
to participate and who chooses a high rate of partner change if he does par-
ticipate — reduces rate of partner change by only 1.1% and becomes slightly
more likely to participate in response to a 10% increase in prevalence.

These responses are illustrated in Figure 1 and Figure 2. Observe that as
prevalence varies from zero to one a high–activity type exhibits quite small
changes in number of partners selected, from about 27 at zero prevalence to
about 17 at 100% prevalence.9 A low–activity type selects four partners at
zero prevalence and less than one as prevalence increases beyond about 50%.
Similarly, Figure 2 shows that high activity types are likely to participate

9Figure 1 and Figure 2 show responses for a 20 year old, non–white person without a
college degree.
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Figure 2: Probability of participation in market for risky partners. Estimated
probability of having at least one partner per six month interval as a function
of HIV prevalence.

regardless how high prevalence becomes whereas low activity types rapidly
reduce propensity to participate as prevalence rises. These two effects com-
bine to produce highly elastic responses for low activity types and inelastic
responses for high activity types.

Taken together, these results are consistent with the predictions of rational
choice models discussed in section 2. High activity individuals reduce risky
behavior proportionately less than low activity types — or possibly even in-
crease risky behavior — in response to an increase in the probability a given
partner is infected.

5.5 Simulations using the estimated model.

The results presented in Table 8 suggest that both number of partners and
probability of participation are prevalence inelastic for almost all respondents
and vary systematically across high and low risk types. Recall section 2 re-
views literature showing that downward–sloping demand schedules for risky
behavior are not sufficient to conclude that behavioral response to increases
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in prevalence retards spread of disease. How these responses are distributed
across people also matters. This section reports on numerical simulations to
both shed light on how the estimated pattern of responses might affect disease
spread and to evaluate whether or not the more straightforward homogeneous–
response specification performs adequately in predicting disease spread. The
goal is not to investigate the effect of estimated behavioral patterns in a fully
specified epidemiological model but rather to show how the distribution of
behavior changes as prevalence changes, so prevalence is given exogenously.

A population of 250,000 susceptible individuals was constructed by first
resampling with replacement from the rows of X to create a large population
with demographic characteristics similar to those of the SFMHS respondents.
For each individual a type µ was drawn from N(0, σ̂2

µ). Risky sexual behavior
was simulated by drawing period shocks from their estimated distribution
N(0, Σ̂ε) and the estimated equations (9) and (10) for both specifications with
(model 3) and without (model 2) heterogeneous response. This experiment
was conducted 20 times, starting at zero prevalence and increasing prevalence
by 0.04 each experiment, keeping the draws of the random effects, period
shocks, and X constant across experiments. To translate risky behavior into
probability of infection the usual formula for at least one “success” in sir

independent trials was used as the functional form for q(s|P ),

Pr(Infectedir) = 1 − [1 − δPr]
sir (20)

where the probability of infection per contact in experiment r is δPr, the
product of the probability a given match is with an infected person and the
probability δ of disease transmission. δ was estimated by applying nonlinear
least squares to equation (20) using the SFMHS data, with the dependent
variable indicating seroconversion in period t. The least squares estimate
is δ̂ = 0.03 (t=13.0), that is, a match between an infected person and a
susceptible person causes an infection with three percent probability.

The results are presented in Figure 3. Mean number of sexual partners
falls with prevalence, at a somewhat higher rate under model (2) than under
model (3). Recall that as prevalence increases high activity types respond
proportionately less than lower activity types. Model (2) is unable to capture
this heterogeneity, predicting the standard deviation falls with prevalence at
roughly the same rate as the mean. Model (3) predicts that the dispersion
of partners is largely invariant to prevalence, increasing slightly as prevalence
becomes very high. We can see model (3) is more consistent with the data
by examining the means and standard deviations presented in Table 2 for the
first three periods, before attrition makes interpretation difficult.
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Figure 3: Results from numerical simulations. Summary statistics for number of
partners chosen, proportion of susceptible individuals becoming infected, and
eventual infections occurring from one new infection (R0, the reproductive
rate).

The proportion of the susceptible population which becomes infected de-
pends on the distribution of risky behavior. Panel C shows that if behavior
doesn’t change the proportion becoming infected increases roughly linearly
with prevalence. The estimated models show that behavioral change reduces
the proportion becoming infected as prevalence rises. Model (2) somewhat
overstates this attenuation in disease spread.

The dynamics of the epidemic depend not only on how many susceptible
people become infected in a given period but also on how many new infec-
tions will eventually occur as a result. Panel D shows the basic reproductive
rate, R0, calculated with equation (6). The models with and without hetero-
geneous behavioral change make dramatically different predictions. Model (2)
predicts that increases in prevalence reduce R0 whereas Model (3) predicts the
opposite. Put another way, the model with homogeneous behavioral response
predicts that an exogenous increase in prevalence would be partially offset by
behavioral responses. The model with heterogeneous responses predicts that
an exogenous increase in prevalence would also indirectly spur the epidemic
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by increasing the dispersion of rates of risky behavior despite decreasing the
mean. Notice that up until prevalence becomes very high the model with
heterogeneous response behaves strikingly similarly to epidemiological mod-
els with no behavioral response, because decreases in mean rates of partner
change are roughly offset by increases in dispersion.

Consider the policy implications. As noted in section 2, a prophylactic
vaccine is analytically equivalent to an exogenous decrease in prevalence. The
econometric specification which restricts behavioral response to be identical
across individuals predicts that the efficacy of such a vaccine would be blunted
by behavioral response: people would respond by increasing risky behavior, off-
setting the biological effects of the vaccine. The model which allows responses
to be heterogeneous predicts that behavioral response would have little effect
on efficacy. Introduction of the vaccine would increase mean levels of risky
behavior but also reduce dispersion, in roughly offsetting magnitudes.

6 Concluding remarks.

Theoretical economic epidemiology emphasizes that an individual will choose
to expose himself to a higher probability of infection when prevalence decreases
if demand for risky contacts is elastic. When behavioral responses are elastic,
interventions such as vaccines which reduce risk–per–contact could have the
unintended consequence of spurring epidemics. This paper develops a microe-
conometric model of such behavioral responses and presents estimates of it
from longitudinal data on the health and sexual behavior of homosexual men
in San Francisco during the 1980s in the midst of the HIV/AIDS epidemic.

The results suggest that a 10% increase in HIV prevalence decreases mean
rate of partner change by about 5%. The average response masks considerable
variability across individuals. Very low–risk types exhibit both rate of partner
change and participation elasticities of roughly unity, combining to produce an
elastic response of expected number of partners to disease prevalence. High–
risk types exhibit little behavioral response. These results are consistent with
the predictions of rational choice models of behavior during an epidemic.

The estimated model makes some possibly surprising predictions over some
aggregate outcomes. For example, an increase in disease prevalence leads to
a pattern of behavioral responses which increases the number of infections an
infected individual would eventually cause in a susceptible population, even
though each individual is predicted to decrease risky activity. Such results
arise because the model predicts that the dispersion of risky sexual behavior
rises with prevalence, and mathematical epidemiology shows that more dis-
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persion leads to faster spread of disease. An intervention such as a vaccine
which reduces the probability the disease is transmitted may then be effective
even though every individual responds to the vaccine by increasing risky be-
havior: because the individuals who respond the most are low–risk, dispersion
falls when the vaccine is introduced, which diminishes disease spread. Sim-
ple models in which behavior doesn’t change when prevalence changes provide
reasonably good predictions of some aggregate outcomes because increases in
mean levels of activity are offset by decreases in the dispersion when prevalence
increases.

This paper presents the first estimates of prevalence elasticities generated
from disaggregated data, the first estimates allowing both changes in levels
and changes in participation, and the first estimates characterizing how higher
moments of the distribution of risky activity change when prevalence changes.
They are, however, applicable only to a fairly small sample of gay men in one
city, they rest heavily on distributional assumptions to overcome selection bias
arising from attrition from the panel, and they do not consider behavioral re-
sponses other than changes in number of risky sexual contacts, such as condom
use. They should be interpreted with caution.

Appendix. The likelihood.

This appendix derives the likelihood for the model discussed in section 4. The
derivations are for the simpler model in which the random effects only shift the
constant; the expressions for the case in which random effects interact with
slope parameters follow in a straightforward manner.

Let I0
it indicate an observation on a participating individual who has not

attrited, I1
it = 1 denotes an observation on a non–participating individual who

has not attrited, and I2
it = 1 denotes an observation where t is the first period

in which individual i is not observed. Finally, let I3
it indicate observations

on in which the individual has previously attrited from the sample. These
classifications are exhaustive and mutually exclusive.

Let Lit(µ) denote the contribution individual i makes to the likelihood in
period t conditional on the random effect µ. Individuals who have not attrited
and are participating in t contribute

Lit(µ|I0
it = 1) =

∫ ∞

−Xitβ−φ2µ

∫ −Zitγ−φ3µ

−∞
φ(sit−µ−Xitβ1, e1, e2; Σε)de2de1 (21)

where φ(·; Σ) denotes the trivariate normal density with covariance matrix Σ
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and zero means. The contribution of an individual who has not attrited but
who does not participate follows in an obvious manner, defining Lit|I1

it = 2.
Finally, the first period in which an attriting individual is not observed con-
tributes

Lit(µ|I2
it = 1) =

∫ ∞

−Zitγ+φ3µ

f(s)ds (22)

where f(·) denotes the standard normal density function. The contribution
an individual makes conditional on µ is then

Li(µ) =
T∑

t=1

[I0
itLit(µ|I0

it = 1)+I1
itLit(µ|I1

it = 1)+I2
itLit(µ|I2

it = 1)+I3
it(0)]. (23)

The unconditional contribution an individual makes is found by integrating
out the random effect:

Li =

∫ ∞

−∞
Li(µ)f(µ)dµ, (24)

where f(·) denotes the univariate normal density with mean zero and variance
σ2

µ.
Estimation proceeds by maximizing

∑
i logLi over the slope parameters

in each equation, the elements of the Cholesky decomposition of Σε, and
σµ. Computational details are as follows. All integrals calculated by Gauss–
Hermite quadrature. Optimization was conducted using Nelder and Mead’s
simplex algorithm and Newton–Raphson methods. Standard errors calculated
from the outer product of the gradient approximation to the information ma-
trix. All routines were written in Fortran 90.

References

Anderson, R. and R. May (1991), Infectious diseases of humans: Dynamics
and control, Oxford: Oxford.

Andrews, W. (2001), “Testing when a parameter is on the boundary of the
maintained hypothesis,” Econometrica, 69(3):683–734.

Auld, M. C. (2003), “Choices, beliefs and infectious disease dynamics,” Journal
of Health Economics, 22(3):361–371.

Becker, M. and J. Joseph (1988), “AIDS and behavioral change to reduce risk:
A review,” American Journal of Public Health, 78:394–410.

25

Auld: Estimating Behavioral Response to the AIDS Epidemic

Published by Berkeley Electronic Press, 2006



Blower, S. and A. McLean (1994), “Prophylactic vaccines, risk behavior
change, and the probability of eradicating HIV in San Francisco,” Science,
265:1451–1454.

Bogard, E. and K. Kuntz (2002), “The impact of a partially effective HIV
vaccine on a population of intravenous drug users in Bangkok, Thailand:
A dynamic model,” Journal of Acquired Immune Deficiency Syndromes,
29:132–41.

Geoffard, P. and S. Mechoulan (2004), “Comportements sexuels risqués et
incitations: l’impact des nouveaux traitements sur la prévention du VIH,”
La Revue Economique, 55(5):883–899.

Geoffard, P. and T. Philipson (1996), “Rational epidemics and their public
control,” International Economic Review, 37(3):603–24.

Goldman, D., D. Lakdawalla, and N. Sood (2005), “HIV breakthroughs and
risky sexual behavior,” Working paper 10516, National Bureau of Economic
Research.

Hart, G., M. Boulton, R. Fitzpatrick, et al. (1992), “‘Relapse’ to unsafe be-
haviour among gay men: A critique of recent behavioural HIV/AIDS re-
search,” Sociology of Health and Illness, 14:216–32.

Hethcote, H., J. V. Ark, and I. Longini (1991a), “A simulation model of AIDS
in San Francisco: I. Model formulation and parameter estimation,” Mathe-
matical Biosciences, 106:203–22.

——— (1991b), “A simulation model of AIDS in San Francisco: II. Simula-
tions, therapy, and sensitivity,” Mathematical Biosciences, 106:223–47.
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