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High-risk sexual behaviours are generally unobserved and difficult to identify. In this paper, we investigate
the accuracy of two risky-behaviour measures: biomarkers for sexually transmitted infections (STIs) and
self-reported data. We build an epidemiological model to assess the relative performance of biomarkers
versus self-reported data. We then suggest an econometric strategy that combines both types of measures
to estimate actual unobserved risky sexual behaviours. Using data from the Demographic and Health
Survey in 28 countries, we calibrate the model and provide conditions under which self-reported data are a
better proxy for risky sexual behaviours than biomarkers. In countries with low STI prevalence,
biomarkers have a higher probability of misclassification than self-reported answers. We apply our
econometric strategy to the data and show that the probability of acrual risky behaviour is much higher
than the probability of self-reported risky behaviour and of testing positive for an STI.

INTRODUCTION

Unsafe sexual behaviour and the associated exposure to infection is one of the major
causes of preventable mortality in low-income countries (after childhood underweight
and unsafe water) (World Health Organization (WHO) 2009). It is the main mode of
transmission of sexually transmitted infections (STIs), including human
immunodeficiency virus HIV/AIDS, and human papillomavirus, which together
annually kill more than one million people worldwide.! Correctly measuring risky sexual
behaviour is therefore key to targeting disease prevention to vulnerable individuals and
to designing effective strategies for improving global health.

However, sexual behaviours are largely private and it is difficult to measure them
precisely. Early studies on the determinants of risky sexual behaviours mainly use self-
reported data. Those have been criticized as unreliable because respondents may be
uncomfortable disclosing their high-risk activities or may prefer to give socially desirable
answers.”> Underreporting of sex-related behaviour is a well-documented phenomenon in
both the medical and economic literatures (Fenton e al. 2001; Ozler 2013; Gersovitz
et al. 1998; de Paula et al. 2014). For example, de Walque (2007) shows that married
people tend not to report extramarital sexual relationships, and Palen ez al. (2008) find
that adolescents may not report that they have already had sexual intercourse.” Recent
research has therefore started to collect biological markers (or biomarkers) for STIs (i.e.
syphilis, trichomoniasis, gonorrhea, etc.) as an objective measure of risky sexual
behaviours (Juerges et al. 2013; Carrieri and Jones 2015), providing some evidence that
self-reported answers might underestimate high-risk activities.* Given that STIs result
only from unprotected sex with infected individuals, biomarkers for STIs are becoming a
popular method to objectively measure unsafe sexual behaviours in experimental and
non-experimental studies, and to identify riskier subpopulations in HIV/AIDS
prevention programmes® (Cleland er al. 2004; Gallo et al. 2006; Mauck and Straten
2008; de Walque et al. 2012; Anderson et al. 2013; Gong 2015; Bjorkman Nyqvist et al.
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2015; Tennekoon and Rosenman 2014). However, like other indirect records of risky
behaviour, biomarkers themselves are not perfect: individuals who adopt risky sexual
behaviours may remain uninfected and hence be misclassified as not having behaved in a
risky manner.

The goal of this paper is twofold. First, we investigate, theoretically and empirically,
the relative accuracy of two risky-behaviour measurements: biomarkers for STIs—both
curable (e.g. syphilis) and non-curable (e.g. HIV)—and self-reported data. Second, we
suggest an econometric method to estimate unobserved actual risky behaviour in a given
population by combining data on biomarkers and self-reported responses.

To the best of our knowledge, no previous research has so far evaluated the reliability
of biomarkers in the context of sexual behaviour: whether unsafe sexual behaviours are
better measured by self-reported data or biomarkers or a combination of both remains
an open question. Identifying the most rigorous method by which to measure sexual
activities is crucial to targeting riskier individuals, to boosting safer sexual behaviours
and ultimately to reducing HIV/AIDS prevalence. Among its most recent policy
recommendations, UNAIDS argues that social behavioural programmes need to be more
strategically focused on groups at higher risk of infection (UNAIDS 2013).°

First, we extend a standard epidemiological model to characterize the probability of
misclassification of risky sexual behaviours with biomarkers. Risky sexual behaviours are
misclassified by biomarkers when they are not detected by the presence of an STI (i.e.
testing negative for an STI but having behaved in a risky manner). We use the model to
compare the misclassification rate of biomarkers with self-reported data on risky sexual
behaviour.”

In the model, the probability of transmission of an STI from an infected person to an
uninfected person depends on the proportion of infected people in the population, the
number of partners, the number of sexual contacts per partner, the probability of
infection from an infected partner and, finally, on the likelihood of meeting an infected
partner. By using STIs as a proxy for unsafe sexual behaviours, individuals who become
infected in a given period are tagged as having behaved in a risky manner. The
probability of correct classification using biomarkers for those who engage in risky
sexual behaviour is therefore equal to the probability of transmitting disease from an
infected individual to an uninfected individual. On the other hand, the probability of
correct classification using self-reported sexual behaviours is defined as the likelihood of
eliciting truthful answers in a survey. Since misclassification is possible in both cases, it is
not ex ante clear that either one is a superior marker for risky behaviour.

Second, we suggest an econometric framework that combines both types of measures
—biomarkers and self-reported data—to improve the estimation of correlates of risky
sexual behaviours and to estimate the probability of true unobserved risky behaviour.
Our strategy uses the information from biomarkers for STIs (i.e. STI-positive or STI-
negative) to estimate the probability of correct classification with self-reported data. This
strategy turns on the idea that the proportion of STI-infected people who report not
having engaged in risky activities is informative about the rates of misclassification
arising from self-reported behaviour. Building on previous work by Hausman et al.
(1998), we provide a consistent estimator for the parameters of a binary outcome
econometric model for risky behaviour. The estimator can be easily computed by a
generalized method of moments (GMM), using commercially available packages.

Third, we calibrate the parameters of the epidemiological model using data on 28
countries from all the Demographic and Health Surveys with publicly available
information on STIs and sexual behaviours, and show the conditions under which self-
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reported data are a better proxy for risky sexual behaviours than biomarkers, and vice
versa. Results show that in countries with low STI prevalence, the biomarkers have a
higher probability of misclassification than self-reported answers.

Finally, we estimate the association between several individual characteristics and
actual risky sexual behaviour using our proposed empirical strategy. We find a huge
discrepancy in the fraction of high-risk individuals measured in three different ways: self-
reported data, biomarkers, and the combination of the two measures with our proposed
GMM strategy. In particular, our GMM strategy estimates that the probability of actual
risky behaviour is 78.7%, while the estimated probability of self-reported risky behaviour
is 17.4% and the predicted probability of testing positive for an STI is 4.3%.

We believe that our findings may help researchers and policymakers to estimate risky
sexual behaviours in a more rigorous way. First, we show that when self-reported data
and biomarker baselines are both available or easy to collect, a combination of these two
measures would provide a more reliable proxy for risky sex. Precisely measuring risky
sexual behaviour is important, for example, in cases when biomarkers for only one STI
are available but not for other common ones, or in cases when risky sexual behaviours are
correlated with other types of dangerous behaviours such as alcohol consumption, drug
abuse and criminal activities (see, for example, Connor et al. 2015; Choudhry et al. 2014;
Siegal et al. 1999). However, when baseline and endline biomarker data are available,
they may still be a better proxy for risky sex compared to self-reported measures.®

Second, our econometric strategy can be applied to estimate risky behaviours in other
contexts. Indeed, our estimator will be feasible as long as an assessment for the
probability of truthful reporting is viable. One possibility is to infer the probability of
truthful reporting using the proportion of individuals who admit the ‘risky’ behaviour
among those who are positively marked for that behaviour. An example would be in the
analysis of models for tax evasion or avoidance. Here, elicited responses on tax (non-)
compliance would be the elicited behavioural response, and one could use reporting
among those that do not have a registration with the tax authorities similarly to our use
of self-reported behaviour among those infected with an STI. Another potential
application would be in the context of list randomization, a technique developed to elicit
truthful responses to sensitive questions. List randomization has been used to study, for
example, microfinance loans (Karlan and Zinman 2012), illegal migration (McKenzie
and Siegel 2013), and the use of condoms among Senegalese sex-workers (Treibich and
Lépine 2016). The procedure relies on providing a list of non-sensitive questions with yes
or no answers (‘control group’) and including the sensitive question for a randomly
selected subset of respondents (‘treatment group’). Each respondent reports only the
count of affirmative answers in the list, but not which. If affirmative and negative answers
for the non-sensitive questions are approximately balanced, respondents will be less likely
to worry that their answer to the sensitive question can be identified. An estimate of the
proportion of individuals (truthfully) answering yes to the sensitive question is then the
difference in average counts between ‘treatment’ and ‘control’. If the questionnaire also
elicits direct responses for the sensitive question, it is possible to obtain an estimate for
the probability of correct elicitation (given the behaviour of interest).

The remainder of the paper is organized as follows: Section I provides an
epidemiological model to compare the probability of misclassification of risky sexual
behaviour using biomarkers for STIs and self-reported data; Section II combines the two
in a new estimator. Section III describes the data used for simulating the model, and in
Section IV we show the results. Section V concludes and discusses the implications of our
findings.
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1. AN EPIDEMIOLOGICAL MODEL FOR BIOMARKER MISCLASSIFICATION
Setup

In this section, we present a model of misclassification of risky sexual behaviours when
they are measured by biomarkers for STIs. Risky sexual behaviours are misclassified when
they are not detected if measured by the presence of an STI. We use the model to draw
comparisons with the probability of self-reporting information on risky sexual behaviours
in a survey, and generate suggestions to improve inferences on such behaviours.

We define a risky sexual intercourse as one that allows for the transmission of the
STI. On the contrary, protected sexual contacts that preclude the transmission of the STI
(by, for instance, using condoms) are not classified as risky behaviour in the model. °

Our theoretical framework is built on epidemiological models of disecase dynamics
(see, for example, Anderson and May 1991; Hethcote 2000; Hyman et al. 2001). The key
output of the model is the transmission rate of the disease, 4, that is, the rate at which
uninfected individuals are infected by infected partners.'” We suppose that the (annual)
transmission rate 1 depends on the number of partners per individual (p), the total share
of infected individuals in the population (/), the average number of sexual contacts per
partner (c(p)), and the probability of infection by an infected partner (f(p)). Following
Hyman et al. (2001), we model the average number of sexual contacts with each partner
as a decreasing function in the number of partners per year:

(1) c(p) =104p™" + 1,

where 7 is a positive parameter that controls how fast the number of sexual contacts
decreases with the number of partners. As in Hyman ez al. (2001), we set 1 equal to 1. With
one partner per year (p = 1), the above functional form reasonably implies 105 instances of
sexual intercourse in a year: roughly two per week. Using data from the Malawi Diffusion
and Ideational Change Project for 2004, for example, about one-third of unmarried female
respondents report having sexual intercourse at least twice a week (see Table Al in the
Appendix). With 20 partners per year (p = 20), for instance, the number of sexual contacts
per partner would be 6.2 per year. So as the number of partners increases, the number of
encounters per partner tends to 1. If the number of contacts per partner is not available
from the data, one can use equation (1) to bound the probability of misclassification, since
in the case above, 1<c(p)<105."" Note that alternative functional forms may also be used to
calibrate the number of sexual contacts per partner and to incorporate other observables
(whenever those are available) such as the length of partnership.

Following Hyman et al. (2001), if someone has p partners and a given partner is
infected, then the probability of infection from that partner, f(p), depends on the average
number of sexual contacts with a given partner, ¢(p), and is given by the probability that
the disease is transmitted in at least one sexual encounter:

2 Bp)=1-01-)",

where £ is the probability of transmission from a single contact with an infected person,
and (1—¢)“? is the probability that an individual will avoid infection when he or she has ¢
(p) contacts with an infected partner.'?

Finally, we assume that infected and uninfected individuals may have different
numbers of sexual partners (p; and p;, respectively). We model the probability that an
uninfected person meets an infected partner as
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Py — ppid
prd +py(1=1)’

where p > 0 controls the degree of sorting between infected and uninfected individuals.
When p = 1, the person meets every individual with equal and independent probability
regardless of their infection status. There is perfect sorting when p = 0: an uninfected
individual meets only other uninfected individuals. Finally, when p—©00, uninfected
individuals meet only infected ones.'?

The likelihood that an uninfected individual becomes infected during a given year is
therefore

(4 pril -
B i=l <1 ﬁ(pU)pszpu(l—l)) '

This probability is equal to the probability that the disease is transmitted by at least one
of the sexual partners, which is obtained as one minus the probability that it is not
transmitted by any of them. The probability that the disease is transmitted by each one of
the sexual partners is given by the probability that this person meets an infected partner,
Py;, and the disease is transmitted by that partner, f(py). Since there are py sexual
partners, this is given by

ppil
Plro) ppd +py(1 = 1)

One minus this term equals the probability that the disease is not transmitted. Raising
this term to the power p;; gives the probability that the disease is not transmitted by any
sexual partner. 4 is the probability of the complementary event.

If p; = py = p, then 1is given by

. ol ’
@ im0

A limitation of equations (3) and (4) is that since the information is generally self-
reported, one may have only imperfect data on the number of sexual partners. If
individuals overreport the number of sexual partners, then the calibrated value of 1 will
be larger than if the value were obtained with truthful reports. To see this, assume for
simplicity that p;; = p; = p. Then expressing /4 as 1— exp ( In (I1—2)) shows that

di din(1 - 2)
R T
= d(1- 50 5t 5)
=—(1-21) P
_ pl  dB(p)
_(l_i)pIJr(lfI) dp > 0.
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The second equality uses equation (4), and the inequality stems from df(p)/dp > 0. This
is positive since an increase in p leads to a reduction in the number of sexual contacts per
partner (equation (1)), which in turn leads to a higher probability of transmission in at
least one sexual encounter f(p) (equation (2)). An analogous argument states that when
individuals underreport the number of sexual partners, Z is lower than if the number of
partners is truthfully reported.

To partially address this limitation, in the empirical analysis we provide lower and
upper bounds on the number of partners. Specifically, as a lower bound we considered
the number of partners reported by married women—who generally tend to underreport
them—and as an upper bound we look at the number of partners reported among single
men—who tend to overreport them. The discrepancy in self-reported risky behaviour
among married women and single men is well established in the literature (see, for
example, Wellings et al. 2006; Nnko et al. 2004; Oster 2005). This evidence may be
indicating underreporting or overreporting by both genders relative to their true
measures of risky sex.

Of course, when panel data are available, it is possible to estimate the true value of 4
by computing the rate at which individuals who were previously STI-negative contract an
infection a year later. If direct measurement of / is not possible, then an epidemiological
model like the one described above allows for the translation of alternative available
information (on prevalence, etc.) into the transmission rate 4.

Comparing biomarkers and self-reported measurements

Biomarkers can record whether or not an individual adopted a risky sexual behaviour
(i.e. the ‘extensive margin’), but they are less informative about its intensity (i.e. the
‘intensive margin’). Hence, in our comparison between biomarkers and elicited measures
of risky behaviours, it seems adequate to encode those into a binary variable.

Let Y’ describe whether an individual fruly engaged in risky behaviour (¥* = 1) or not
(Y' = 0). Denote by Y° the variable indicating whether elicited behaviour (e.g. in a
survey) is reported to be risky (Y¢ = 1) or not (¥ = 0). Finally, « denotes the probability
of correct classification (i.e. marking someone who engaged in risky behaviour as having
behaved in a risky way) using elicited sexual behaviour: « = P(Y* = 1|Y" = 1). Here,
we assume that people have no incentives to report risky sexual behaviours if they did not
engage in such behaviours (i.e. P(Y* =0[Y =0) =1, and consequently
P(Y = 1Y =0) = 0).

On the other hand, by using biomarkers for STIs as a proxy for risky sexual
behaviours, all those who become infected in a given period are tagged as having behaved
in a risky manner. Here, we assume that all the biomarkers for STIs are able to detect the
disease.'

The probability of correct classification using biomarkers for those who engage in
risky sexual behaviour is then given by 4 € [0,1]. We also assume that those who do not
engage in risky sexual behaviour are not infected (though see note 9). This means that the
probability of correct classification using biomarkers for those who do not behave in a
risky manner is 1.

Since misclassification is possible in both cases, it is not ex ante clear that either one is
a superior marker for risky behaviour. For example, when the infection rate is low
enough (either because of low prevalence or because of low transmission rates), the
biomarkers would misclassify risky behaviour more often. This is formalized in the
following result.

Economica
© 2018 The London School of Economics and Political Science



2019] RISKY SEXUAL BEHAVIOURS 235

Proposition 1 If A <P(Y® = 1), then the biomarker has a higher probability of
misclassification of risky behaviour than behaviour elicited by the survey questionnaire.

This result is easily established by noting that AP(Y’ = 1) < Aand

P(Yr'=1)=P(Y=1Y=1)x P(Y' = 1) + P(¥ = 1|Y' = 0) x P(Y' = 0)
=P(Y=1Y=1)xP(Y =1)
=oP(Y' =1).

If Z2<P(Y*=1), then we get that A<oaP(Y = 1). This implies that
AP(Y" = 1) <oP(Y" = 1)and thus A < a.

An interesting aspect of this proposition is that we can compare data on elicited
sexual behaviour with reasonable values for 4 to establish whether the above inequality
holds." Note also that it is possible to have 4 > P(Y* = 1) = aP(Y" = 1) and 1 < a,
and biomarkers may still be less reliable even if the transmission rate A is higher than the
elicited rate of risky sexual behaviour P(Y* = 1).

For treatable STIs (e.g. syphilis), the calibrated rate / is a measure of risky sexual
behaviour over the reference period of interest (e.g. a year) and is therefore seen as an
incidence rate. Note that the incidence rate for curable STIs with short cycles in a given
population is usually close to the prevalence rate for curable STIs (WHO 2008). For non-
treatable STIs (e.g. HIV) or treatable STIs not cured within the reference period, other
measurements, such as the prevalence rate 7, may also be used to assess risky behaviours
over a longer horizon and as a lasting marker for past risky behaviours (Bairder al.
2014). In this case, one can just replace 4 with 7 in Proposition 1.

In the above result, a maintained assumption is that P(Y* = 1|Y" = 0) = 0. This is
a realistic assumption, but circumstances where individuals misreport a non-risky
behaviour can be postulated. Whereas Proposition 1 would not accommodate this, our
econometric strategy below can be adapted to such circumstances. In this case, one can
estimate P(Y* = 1|Y" = 0) and test whether this probability is equal to zero.

II. AN ECONOMETRIC MODEL COMBINING MEASUREMENTS

The epidemiological model developed in the previous section allows us to establish the
best marker for risky sexual activities (see Proposition 1). In this section, we describe how
the combination of biomarkers and self-reported data can be used to address the
misclassification issue and more precisely estimate actual unobserved risky sexual
behaviours. Specifically, we suggest an econometric framework to estimate a set of
parameters 0 that characterize the correlates of risky sexual behaviours by combining
biomarkers and self-reported data. We then show how to estimate the probability of
actual high-risk behaviours. Our estimation strategy builds on previous work by
Hausman et al. (1998). But while they exploit non-linearities in the econometric model to
obtain identification using one potentially misclassified measurement of the outcome of
interest, we use two measurements of the same outcome.

We start by setting the relationship between risky sexual behaviours and observable
covariates of interest (i.e. the determinants of risky sexual behaviours). In particular, we
assume that the relationship between risky sexual behaviour and observable covariates
can be summarized by the following conditional probability specification:
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() P(Y'=1[X) = F(X;0),

where X are the covariates of interest. Here, F(-) is known up to parameters 0 and
differentiable in 0 (e.g. F(X;0) = ®(X'0) if the model corresponds to a probit, F(X;
0) = A(XT0) if the model corresponds to a logit, or F(X;0)=X'0 if the model
corresponds to a linear probability model). Then the probability of reporting risky
behaviour given X is

P(Y'=1X)=P(¥'=1|Y =1, X) x P(Y' = 1|X)
+P(Y=1]Y =0, X) x P(Y =0|X).

Assume that P(Y=1Y =0,X)=0 and, for simplicity, that
P(Ye = 1|Y =1, X) = P(Y° = 1]Y" = 1). Using equation (5), we obtain

6)  P(Y=1X)=P(Y° = 1Y = )FX;0) = 2F(X;0).

This relationship implies that a model using elicited behaviour alone as a proxy for risky
behaviour would lead to bias in the estimation of 0 (see Hausman et al. 1998). Similar
arguments establish that using biomarkers alone would also lead to bias in the estimation
of 0.

For example, in a linear probability model where F(X:;0) = X0, the probability that
Y¢ = 1given Xis

P(Y=1X)=P(Y=1Y =1)X"0=0a0"X,

and a linear probability model would estimate «0, which is smaller in absolute value than
0 (since o < 1). Similarly with biomarkers:

P(YSTI =1X) = p(ySTI =Y =1)X"0= 207X,

where A0l < [I0l). Consequently, estimation of 0 based solely on elicited behaviour or
biomarkers will suffer from attenuation bias (see Hausman et al. 1998).

Assume now that the probability of correct classification with elicited sexual
behaviours can be inferred from the proportion of individuals who admit to having
engaged in risky behaviours among those tested positive for the STI:

(7) P(Y=1Y =1)=PY =1y =1).

Note that there are situations when the above assumption may be inappropriate. This
would happen, for instance, if the subset of individuals who became infected misreported
differently from those who did not (this would imply that P(Y¢ = 1Y’ = 1, Y57 = 1)
is not equal to P(Y* = 1|Y" = 1)). When respondents are unaware of their status prior
to the survey, this concern is less plausible. Another possibility is that someone reports
(correctly) no risky sexual behaviour, but tests positive for the STI after being infected
non-sexually (e.g. blood transfusion or needle-sharing). This would imply that
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P(Y¢ = 1|YS™ = 1) is not necessarily equal to P(Y* = 1|Y" = 1, Y51 = 1). Insofar
as such non-sexual transmission channels are infrequent, again this would not be a cause
for the inadequacy of equation (7) (Schmid ez al. 2004; Hall et al. 2008; Tennekoon and
Rosenman 2014). Note that equation (7) can also be made conditional on observable
covariates (i.e. individual specific characteristics).

Substituting equation (7) into equation (6), we obtain

P(Y* = 1|X) = P(Y* = 1| Y5 = 1)F(X;0).

Since both P(Y* = 1|X) and P(Y* = 1|Y57! = 1) are estimable, the above relationship
can be used to consistently estimate 0. We also note that the probability of
misclassification by self-reported risky behaviour can be made dependent on covariates,
yielding a straightforward generalization of the equations above.'®

Our approach is based on the regression model

Ye=P(Y = 1Y = 1)F(X;0) +u
and uses the moment condition
E[Y* — P(Y° = 1|Y5TT = 1)F(X;0)X] = 0.
Let & be the estimator for P(Y¢ = 1|Y5™" = 1) based on the frequency of individuals for

whom Y° = 1 among STI-positive individuals. Then one estimator for 0 is the non-linear
least squares estimator, defined by the minimizer of the quadratic function

N
(8) EZ —och,,H}

i=1

where i indexes the individual observations, and N is the sample size. The
estimator can be framed as a GMM estimator and computed in standard packages
(e.g. Stata). Standard textbook arguments deliver consistency and asymptotic
normality for the above estimator. We summarize those results in the following
proposition.

Proposition 2 Under random sampling, assume that

E[sup |0pF(X;0)||] <oco and E[sup [|07, F(X;0)]|] < o0,
0 0

and that the parameter space for 0 is compact. Then the estimator 0= argming Q,(0) is
(1/n-) consistent for 6 and asymptotically normal:

o Vi1 -[2]) —ivoesen,

o
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where G and S are given by

G — £ | 200F(X;0)0,F(X;0)"  F(X;0)9,F(X;0)
- 0 YST[

and
G [E[ (aF(X;0) — Y 0,F(X; 0)8pF(X;0) " (aF(X;0) — Y°) YST (0 — Y*) 3y F(X; 6)
L @F(X;0) — YO YST (o — Y9) 8y F(X;0) " VSTl (o — Y°)? '

Proof The estimator can be cast as the GMM estimator minimizing

N 2

D &(Z,(0,9) im(oy s 161

i=1

)

where
g(Z:,(0,0)) = (aF(X;0) — Y)IF(X;0) YS! (o0 — ¥°) .

This estimator is consistent and asymptotically normal with displayed asymptotic
variance where G = [E[0y,)g(Z;, (0,2))] and S = var(g(Z;,(0,0))) (see, for example,
Hayashi 2001). The dominance condition E[sup, ||0yF(X;0)||] < oo guarantees the
dominance condition for consistency (see Hayashi 2001, prop. 7.7), and both dominance
conditions guarantee the dominance condition for asymptotic normality (see Hayashi
2001, prop. 7.10).

For a linear probability model, the estimator for 0 can be simply computed as the
ratio between the OLS estimates, where the dependent variable is Y*, and 4, the
proportion of people reporting risky sex among the STI-positive respondents. In the
linear model, standard errors need nevertheless to be adjusted as indicated in expression
(9). More generally, this estimator can be estimated in most statistical packages (using,
for example, the command gmm in Stata).

Our strategy can be employed in different contexts whenever the probability for
truthful reporting or correct classification follows equation (7). That is when it is possible
to infer the probability of truthful reporting using the proportion of individuals who admit
the ‘risky’ behaviour among those who are positively marked for that behaviour. One
example would be in analysing models for tax evasion or avoidance. More or less direct
questions on individuals’ attitudes toward tax avoidance or evasion are sometimes used as
an indication for individual tax compliance. In this case, the outcome Y° in equation (7)
would indicate elicited tax non-compliance (i.e. equal to 0 if a firm is reporting to pay
taxes, and 1 otherwise). In that equation, Y77 could be whether a firm does not have a tax
registration with the authorities. In this case, equation (7) would hold if the probability of
(elicited) non-compliance given (true) non-compliance is the same as the probability of
(elicited) non-compliance given that a firm does not have a registration with the authorities.
Our estimation strategy could then be used to investigate the proportion of firms who truly
do not pay taxes and the correlates of tax non-compliance.
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Another potential use of our proposed estimator among applied economists is in the
context of ‘list randomization’. List randomization has been used in several papers
(Karlan and Zinman 2012; McKenzie and Siegel 2013; Treibich and Lépine 2016) to
obtain estimates of the fraction of individuals with an outcome for which direct
elicitation may be prone to misclassification. The procedure relies on providing a list of
non-sensitive questions with yes or no answers and including the sensitive question for a
randomly selected subset of respondents. Each respondent reports only the count of
affirmative answers in the list. If affirmative and negative answers for the non-sensitive
questions are approximately balanced, then respondents will be less likely to worry that
their answer to the sensitive question can be identified. An estimate of the proportion of
individuals (truthfully) answering ‘yes’ to the sensitive question is then the difference in
average counts between ‘treatment’ and ‘control’. If the questionnaire also elicits direct
responses for the sensitive question, then it is also possible to obtain an estimate for
P(Y* = 1]Y" = 1). If one takes the difference between the averages of affirmative
answers for ‘treatment’ and ‘control’ questionnaires among those that provide an
affirmative answer to the elicitation question, then one gets an estimate for
P(Y" = 1|Y° = 1), and multiplying this by the proportion of individuals who answer
yes to the elicitation question, which is an estimate of P(Y* = 1), one can then obtain an
estimate for P(Y® = 1 and Y’ = 1). The difference between the average counts for
‘treatment” and ‘control’ questionnaires gives an estimate for P(Y’ = 1), which can be
combined with the previous estimate to obtain P(Y* = 1|Y* = 1). This can be used in
the same way as the proxy in equation (7) to analyse the correlates of Y’. Hence our
strategy can also be seen as a way to incorporate survey instruments in (possibly non-
linear) regression settings.

III. DATA AND DESCRIPTIVE STATISTICS

The data used to calibrate the epidemiological model (described in Section I) and to
estimate actual risky behaviour using our GMM procedure (described in Section IT)
come from the Demographic and Health Surveys (DHS). We include all the most recent
DHS with available information on biomarkers for curable and non-curable STIs and on
self-reported sexual activities, ending up with a sample of 28 countries. Table A2 in the
Appendix reports the list of countries and the years included in the analysis.

The DHS are nationally representative, and the survey methodology is uniform
across countries. Data are collected using a two-stage sampling design. In the first stage,
a sample of clusters is selected from a list of enumeration areas from the latest national
census of each country. In the second stage, a complete list of households is created in
each cluster. In each randomly selected household, all women aged 15-49 and all men
aged 15-59 who were either permanent residents or visitors present in the household on
the night before the survey were eligible to be interviewed. Crucially for our purposes, the
DHS, besides eliciting detailed information on respondents’ sexual behaviour, include
data on biomarkers for STIs: all women and men eligible to be interviewed were asked to
voluntarily provide a blood sample to be tested for HIV in order to determine national
prevalence rates, and in a subsample of every three households, a syphilis test was
performed on eligible women and men who consented to be tested. In particular,
biomarker data on a curable STI (syphilis) are available for Zambia and on a non-
curable STI (HIV) are available for all the countries listed in Appendix Table A2. The
STI tests were conducted after the survey. Table A2 also reports the share of individuals
who voluntarily decided to take the HIV and syphilis tests, and those who replied to the
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survey questions on sexual behaviours. On average, more than 60% of respondents have
been tested for HIV, while given the sampling procedure, only 18% of respondents in
Zambia have been tested for syphilis. Looking at the non-response rate on sexual
behaviours, 44% of the respondents answered the question on condom use during the
last intercourse, 63% reported the number of partners in the last 12 months, and 36%
replied to the question on extramarital affairs."

Our final sample, after discarding observations with missing information on
biomarkers for HIV, includes 426,527 individuals, 53% of women and 47% of men.
Table 1 reports the features of the sample. In panel A, we report sociodemographic
characteristics. The average age of the individuals in the sample is nearly 30 years, and
approximately 60% of them are currently married. Looking at the highest educational
level, 25% of the respondents did not have any formal education, 31% have primary
education, and about 44% have achieved secondary education or a college degree.

TABLE 1
DESCRIPTIVE STATISTICS

Obs. Mean S.D. Min Max

(1) (2) (3) “) (5)
Panel A: Sociodemographic characteristics
Female 435,375 0.53 0.50 0 1
Age 435,375 29.67 10.70 15 64
Married 435,375 0.60 0.49 0 1
No education 435,375 0.25 0.43 0 1
Primary education 435,375 0.31 0.46 0 1
Secondary education and above 435,375 0.44 0.50 0 1
Urban 435,375 0.40 0.49 0 1
Panel B: Biomarkers
Syphilis-positive 2,392 0.04 0.20 0 1
HIV-positive 435,375 0.04 0.20 0 1
Panel C: Self-reported sexual behaviours
Condom used last intercourse 304,818 0.15 0.36 0 1
Number of partners in last 12 months 304,786 1.15 0.87 1 60
Extramarital sex last intercourse 246,978 0.02 0.15 0 1
Risky sex 302,689 0.11 0.31 0 1
Notes

Pooled sample of all Demographic and Health Surveys data with available information on biomarkers for HIV,
syphilis and sexual behaviour. In panel B, biomarker data on syphilis are available only for Zambia. In panel C,
we include the sample of individuals who had sex at least once. ‘Condom used last intercourse’ is a binary
variable equal to 1 if the respondent reported using a condom during the last intercourse, 0 otherwise, ‘Number
of partners in last 12 months’ is the number of sexual partners the respondent reported to have had in the last 12
months for respondents who had at least one partner. ‘Extramarital sex last intercourse’ is a binary variable
equal to 1 if a married/cohabiting respondent reported that the last sexual intercourse was not with
spouse/cohabiting partner. ‘Risky sex’ is an indicator equal to 1 if a non-married respondent reported that a
condom was not used the last time he or she had sexual intercourse, or a married respondent reported that the
last sexual intercourse was not with spouse/cohabiting partner and no condom was used; the indicator equals 0
if a non-married respondent reported using a condom during last intercourse or a married respondent reported
not having extramarital sex or having extramarital sex with a condom.

Source: Demographic and Health Surveys of the following countries: Burkina Faso 2010, Burundi 2010,
Cambodia 2005, Cameroon 2011, Congo 2013, Ivory Coast 2011, Dominican Republic 2013, Ethiopia 2011,
Gabon 2012, Ghana 2014, Guinea 2012, Haiti 2012, India 2005, Kenya 2008-9, Lesotho 2009, Liberia 2013,
Malawi 2010, Mali 2012—13, Namibia 2013, Niger 2012, Rwanda 2010, Sao Tome and Principe 2008, Senegal
2010, Sierra Leone 2013, Swaziland 20067 , Togo 2013, Zambia 2007, Zimbabwe 2006.
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Panel B reports the fraction of individuals testing positive for syphilis and HIV. The
prevalence rate of syphilis is equal to 4%, and it is very similar across genders. Nearly
4% of the respondents have tested positive for HIV, 5% among women and about 3%
among men. There is a large discrepancy in HIV prevalence across countries, with the
lowest rates found in India (0.04%), Cambodia (0.05%), Niger (0.05%) and Senegal
(0.07%), and the highest rates found in Swaziland (26%), Lesotho (22%), Zimbabwe
(18%) and Zambia (15%). Looking at self-reported data on sexual behaviour (panel C),
15% of the respondents reported having used a condom during their last intercourse, and
the average number of sexual partners in the last 12 months (for those who had at least
one sexual partner) is approximately 1.15. Among the subsample of married or
cohabiting respondents, 2% declared that the last sexual intercourse was not with their
spouse/cohabiting partner. Finally, we construct an aggregate indicator of risky sexual
behaviour: ‘Risky sex’ is a binary variable equal to 1 if an unmarried respondent reported
that a condom was not used the last time that he or she had sexual intercourse, or a
married respondent reported that his or her last sexual intercourse was not with the
spouse/cohabiting partner and no condom was used; the variable is equal to 0 if a non-
married respondent reported using a condom during last intercourse or a married
respondent reported not having had extramarital sex or had extramarital sex with a
condom.

In Table 2 we show the share of respondents reporting risky sexual behaviours by STI
status to investigate any relationship between self-reported behaviour and the
biomarkers data. In panel A, we focus on the sample of respondents interviewed and

TABLE 2
RISKY SEXUAL BEHAVIOURS AND BIOMARKERS

Obs. Mean Obs. Mean

(1) (2) (3) (4) (5)
Panel A: Curable STIs Syphilis- Syphilis-negative  p-value (P=N)
positive (P) (N)
Condom used last intercourse 88 0.16 1,731 0.17 0.71
Number of partners in last 12 months 88 1.23 1,729 1.13 0.01
Extramarital sex last intercourse 75 0.04 1,302 0.02 0.14
Risky sex 88 0.14 1,718 0.15 0.79
Panel B: Non-curable STIs HIV-positive HIV-negative p-value (P=N)
P) (N)
Condom used last intercourse 14,434 0.28 290,384 0.14 0.00
Number of partners in last 12 months 14,305 1.16 284,257 1.15 0.00
Extramarital sex last intercourse 10,352 0.04 236,626 0.02 0.00
Risky sex 14,267 0.16 288,422 0.11 0.00

Notes

The p-values tested the null hypothesis that the means between P and N are equal. Variables are defined as in
Table 1.

Panel A includes Zambia only. Panel B includes Burkina Faso 2010, Burundi 2010, Cambodia 2005, Cameroon
2011, Congo 2013, Ivory Coast 2011, Dominican Republic 2013, Ethiopia 2011, Gabon 2012, Ghana 2014,
Guinea 2012, Haiti 2012, India 2005, Kenya 2008-9, Lesotho 2009, Liberia 2013, Malawi 2010, Mali 201213,
Namibia 2013, Niger 2012, Rwanda 2010, Sao Tome and Principe 2008, Senegal 2010, Sierra Leone 2013,
Swaziland 2006-7, Togo 2013, Zambia 2007, Zimbabwe 2006.

Source: Demographic and Health Surveys.
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tested in Zambia, and look at the correlation between the prevalence of syphilis and high-
risk behaviour. We note that, on average, the fraction of individuals reporting risky
sexual behaviours is higher among those who tested positive for syphilis. In particular, a
lower fraction of respondents reported having used a condom in their last intercourse
among those who tested positive for syphilis (16%) compared to those who declared
having used a condom in their last intercourse among the STI-negative respondents
(18%), but this difference is not statistically significant (p-value 0.66). Looking at the
number of partners in the last 12 months, we observe a statistically significant difference
among the number of partners declared by syphilis-positive respondents (1.07 partners)
compared to the number reported by syphilis-negative individuals (0.86 partners). The
probability of extramarital sex in the sample of syphilis-positive respondents is also
higher: approximately 5% of syphilis-positive married individuals reported that their last
sexual intercourse was not with their spouse, compared to about 2% of the STI-negative
respondents (p-value 0.02). It is important to note that only 15% of the respondents who
tested positive for syphilis reported unsafe behaviours (measured using the aggregate
indicator for ‘Risky sex’), suggesting that underreporting might be happening. Even
more interesting, there is no statistically significant difference between the fractions of
individuals reporting risky sexual behaviour in syphilis-positive and syphilis-negative
respondents.

We should note that if the horizon over which the risky behaviour is elicited in the
survey (e.g. the last 12 months) is longer than the cycle of the STI, then the STI test
conducted at the end of the questionnaire may not be able to detect the risky behaviour.
If this is the case, then the individual may correctly report a risky activity in the last 12
months but test negative. This happens because exposure may have been too recent for
effective detection by the test or because the STI might have spontaneously resolved prior
to the test. In the case of syphilis, for example, detection is difficult in the initial
asymptomatic weeks after exposure. In subsequent stages, it can be cured with adequate
treatment. If someone engaged in risky behaviour in the last 12 months and contracted
the disease as a consequence, then it may still go undetected because of the initial latency
period or because this person may have detected and treated the disease before the
biomarker is collected. This may happen even if the person truthfully self-reports having
engaged in risky behaviour. In practice, this will only exacerbate the mismeasurement by
biomarkers and it highlights the need to carefully define the horizon over which the risky
behaviour is elicited by the survey or revealed by a biomarker.

In panel B of Table 2, we look at the correlation between HIV prevalence and risky
sexual behaviours. Once again, on average, the fraction of individuals reporting risky
sexual behaviours is higher among those who tested positive for HIV. An exception is in
the use of condoms. A higher fraction of HIV-positive individuals declared having used a
condom during the last sexual intercourse (28%) compared to the HIV-negative
respondents (14%). This may be driven by a higher willingness to reduce HIV
transmission among infected individuals.

IV. RESULTS
Comparing biomarkers and self-reported measurements

We next use the DHS data to fix a set of parameters to simulate the theoretical model
described in Section I.
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TABLE 3

PARAMETERS

Panel A: Curable STIs

Share of syphilis-infected individuals in population I 0.04
Probability of transmission from single contact with an infected person ¢ 0.20
Parameter that controls how number of contacts varies with number of partners n 1
Parameter that controls for degree of sorting between infected and uninfected individuals p 1
Number of sexual partners in last 12 months p 1.14
Number of sexual partners in last 12 months for single men p 141
Number of sexual partners in last 12 months for married women p 101
Panel B: Non-curable STIs

Share of HIV-infected individuals in population I 0.04
Probability of transmission from single contact with an infected person ¢ 034
Parameter that controls how number of contacts varies with number of partners n 1
Parameter that controls for degree of sorting between infected and uninfected individuals p 1
Number of sexual partners in last 12 months p 115
Number of sexual partners in last 12 months for single men p 1.55
Number of sexual partners in last 12 months for married women p 101
Notes

Samples as in Table 2.

Source: Demographic and Health Surveys for all parameters except & which comes from Nelson and Masters
Williams (2007, p. 978).

More precisely, we simulate A, the probability of correct classification of risky sexual
behaviours using biomarkers, with the parameter values reported in Table 3. In panel A
we report the parameters used to estimate the probability of correct classification of risky
behaviours using biomarkers for curable STIs, and in panel B we show the parameters
for simulating the probability of correct classification using biomarkers for non-curable
STIs. Recall that ¢ is the probability of an STI being transmitted from an infected to an
uninfected individual during a given unprotected sexual contact. Following Hyman et al.
(2001), we set 1, the parameter that controls for how the number of contacts varies with
the number of partners, equal to 1. Finally, we also set p equal to 1, allowing for a person
to meet every individual with an equal and independent probability regardless of their
infection status. However, we show in Figures Al and A2 of the Appendix how our
results change by setting p > 1 and p < 1.

We then apply Proposition 1 and compare the simulated value of 4 with the self-
reported risky behaviours, measured by the aggregate variable ‘Risky sex’ described in
Table 1.

Figure 1(a) shows the theoretical combinations of /—the curable STI prevalence rate
in a given country in a given year—and A—the probability of correct classification of
risky sexual behaviours using biomarkers for curable STIs. The vertical dashed line
indicates the value of syphilis prevalence, equal to 0.043, used to simulate 4. When
1=10.043,p = 1.14, p = 1 and 5 = 1, the simulated A is equal to 0.047. From Figure 1(a),
a positive relationship emerges between the probability of correctly measuring risky
behaviours with biomarkers (4) and the prevalence of STIs in a given country. Hence
countries with a high prevalence of STIs are more likely to get a good proxy of risky
sexual behaviours using biomarkers compared to countries where the prevalence is low.
The intuition behind this result is very simple: if an STI is common in the population,

Economica
© 2018 The London School of Economics and Political Science



244 ECONOMICA [APRIL

(a) Curable STIs—syphilis

0.2 0.3

lambda

0.1

| | | T | T
0.00 0.02 0.04 0.06 0.08 0.10
I

(b) Non-curable STIs—HIV

0.2 0.3 04

Jlambda

0.1

0.0

| | | T | T
0.00 0.02 0.04 0.06 0.08 0.10

FIGURE 1. STI prevalence and probability of correct classification using biomarkers.

Notes: /. is the probability of correct classification of risky sexual behaviours using biomarkers for STIs, and /
is syphilis prevalence in panel (a) and HIV prevalence in panel (b). In both panels, p = 1. Panel (a) includes
the sample of respondents in Zambia. Panel (b) includes the sample of respondents in Burkina Faso 2010,
Burundi 2010, Cambodia 2005, Cameroon 2011, Congo 2013, Ivory Coast 2011, Dominican Republic 2013,
Ethiopia 2011, Gabon 2012, Ghana 2014, Guinea 2012, Haiti 2012, India 2005, Kenya 20089, Lesotho 2009,
Liberia 2013, Malawi 2010, Mali 2012-13, Namibia 2013, Niger 2012, Rwanda 2010, Sao Tome and Principe
2008, Senegal 2010, Sierra Leone 2013, Swaziland 2006-7, Togo 2013, Zambia 2007, Zimbabwe 2006.

Source: Demographic and Health Surveys.

then the probability that an individual who engaged in risky sexual intercourse will be
infected is higher, compared to settings where the same STI is less common. Thus if the
probability of infection is higher, then the probability of detecting the infection with
biomarkers is also higher. The picture looks very similar when we consider non-curable
STIs (Figure 1(b)). The higher the prevalence of HIV, the higher the probability of
correct classification using this biomarker’s incidence rate A.

Given that the number of partners used to estimate 4 is self-reported, in Figure 2 we
plot the relationship between A and [ for two different values of p. In particular, we
consider the number of partners declared by married women, who are more likely to
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FIGURE 2. Comparison between biomarkers and self-reported risky behaviour for lower and upper bounds
on the number of partners.

Notes: See Figure 1. ‘Self-reported risky sex’ is an indicator equal to 1 if a non-married respondent reported
that a condom was not used the last time he or she had sexual intercourse, or a married respondent reported
that the last sexual intercourse was not with spouse/cohabiting partner and no condom was used; the
indicator equals 0 if a non-married respondent reported using a condom during last intercourse or a married
respondent reported not having extramarital sex or having extramarital sex with a condom.

Source: Demographic and Health Surveys.

underreport them, as a lower bound for p, and the number of partners mentioned by
single men, who are more likely to overreport them, as an upper bound for p (Oster
2005).%° In the sample of respondents interviewed in Zambia (Figure 2(a)), the average
number of partners in the last 12 months for single men is 1.41, while the average number
of partners for married women is 1.01. In the pooled sample of countries for which HIV
prevalence is available (Figure 2(b)), the average number of partners in the last 12

Economica
© 2018 The London School of Economics and Political Science



246 ECONOMICA [APRIL

months for single men is 1.55, while the average number of partners for married women
is 1.01. In Table A3 of the Appendix, we provide the average number of partners by
country, splitting the sample between married women and single men. The number of
partners reported by married women is consistently lower than that reported by single
men. This discrepancy in self-reported risky behaviour among married women and single
men is also well-documented in the previous literature (see, for example, Wellings et al.
2006; Nnko et al. 2004; Oster 2005).

We then compare the estimated value of 4 with the horizontal lines in the graphs of
Figure 2, indicating the fraction of people reporting risky sexual behaviours in the DHS
(P(Y® = 1)), using the aggregate measures of risky sex reported in Table 1. We show
that as the number of reported sexual partners increases for a given 7, the probability of
correct classification using biomarkers also increases. Thus in countries with a low
prevalence of STIs and low average number of sexual partners per individual, 4 is lower
than P(Y® = 1), and the biomarker has a higher probability of misclassification of risky
behaviours than behaviours elicited by a survey questionnaire (as mentioned in
Proposition 1). In other words, the intersection between the horizontal line indicating
self-reported behaviour and the upward sloping curve describing the relationship
between A and [ provides the threshold above which biomarkers are a better proxy for
risky sexual behaviours. For values of 7 above this threshold, biomarkers have a smaller
probability of misclassification compared to self-reported data. Figure 2(a) shows that in
the case of Zambia, where syphilis prevalence is 4.3%, if the person meets every
individual with equal and independent probability regardless of their infection status
(p = 1), then biomarkers have a lower probability of correctly measuring risky sexual
behaviours than self-reported responses. Positive assortative matching (p < 1), which is a
plausible scenario,?' leads to an even more favourable picture for elicited behaviour. We
report the graphs for different values of p in Figures A1 and A2 of the Appendix.

These results can be an important tool to enable researchers and policymakers to find
the best measure of risky behaviours before designing interventions or programmes
aimed at targeting individuals at highest risk of HIV infection in a given country.

Combining biomarkers and self-reported measurements

Table 4 compares the parameters on the determinants of risky sexual behaviours using as
dependent variable self-reported indicators for risky sex (columns (1)—(3)), the biomarker
for syphilis (columns (4)—(6)), and the probability of actual risky sexual behaviour
estimated using the GMM procedure described in Section II (columns (7)—(9)). For each
dependent variable, we estimate a linear probability model, a probit model and a logit
model.

Looking at columns (7)—(9) of Table 4, the probability of eliciting truthful answers
among those who engage in risky behaviour (o) is estimated at 14.3%. We note that even
in cases when this rate is less favourable compared to the probability of correct
classification by the biomarkers, the combination of both sources allows one to more
accurately estimate the correlates of risky sexual behaviour.

By comparing the determinants of risky sexual behaviour using self-reported
information, biomarkers, and the combination of the two measures, we note a huge
discrepancy in terms of both the magnitude and sign of the coefficients. For example,
being a woman is negatively and significantly correlated with the probability of reporting
risky sex (columns (1)—(3)), but is positively associated with the probability of testing
positive for syphilis (although the coefficient is not statistically significant) (columns (4)—

Economica
© 2018 The London School of Economics and Political Science



247

*L00T A9AIng I[edH pue orydeISowa(] BIquIeZ :90IN0g
"K19A103dSa1 °01"0>d *G0"0>d 10"0>d AVBOIPUL . “yy “see
“1 9[qe L Ul PaqLIosap I (¢)—(]) suwnjod ur 9[qeLiea juopuadop oy,

RISKY SEXUAL BEHAVIOURS

2019]

SJON
9081 9081 9081 T6£T 76T T6£T 8918 8918 8918 SUONBAISqQ
[osz ¥l oLy 1] [ov0°1] [c8t 0] [1zzol [0zo 0] [661°0] [901°0] [1z0°0]
##%SST91 #2%600°8 % CSL'E ##%889°€—  5xx000T— 6100 swsLLT'1 wxxP8Y°0 swsxPLY0 ueISu0)
[ove 1] [1€s0] [1s1°0] [8zT 0] [c01°0] [010°0] [cL070] [ot0°0] [600°0]
L6S°1 1%9°0 1220 €91°0 ¥L0°0 L0070 #x£ST°0 #x£60°0 #6100 ueqrn
[0zg ¥l [000°2] [osz ol [c1t70] [881°0] [810°0] [ov1°0] [6L0°0] [S10°0] oA0qQe pue
096 v— LLL'T— LYT°0 6£0°0— ¥10°0— 200°0— 18070 €000 9000 uonEINPa AIBPU0IAS
[ozes] [torel [ovz 0l [F6€°0] [8L1°0] [L10°0] [ov1°0] [sL0°0] [c10°0]
65€°9— LEY €~ 6€€°0— 120°0— 010°0— 100°0— €20°0 920°0— 100°0 UonrINps ATeULIg
[0L1°0] [0s0°0] [0zo70] [800°0] [+00°0] [000°0] [900°0] [€00°0] [000°0]
S0g€0— #xS€1°0— #%xx£L0°0— %9100 %%x800°0 #x100°0 #%xx701°0— #xx160°0— #xx010°0— By
[008°s] logL 1] [oL170] [+0z 0] [c60°0] [800°0] [890°0] [8€0°0] [800°0]
€T T ¥12°0 #0970~ 080°0 1+0°0 €000 wsl €V 0~ 226070~ 4%xLS0°0— S[ewWd{
HDOTSNSOL
Axpstx ur a3e3ud
Jey) 2soy} Suowe
[0+:0°0] [0t0°0] [0%0°0] UOIBIIDID 1001109
#:x9€1°0 #xx9€1°0 #xx9€1°0 Jo £iqeqoud o
(6) (8) L) 9) (©) () (€) @ (N s[qerrea juspuado
313077 1nqoId ST10 11507 1qoId ST0 ygo] 1qoId ST0

INOIARYQQ AYSLI [BNIOR JT [ ININD

(strqd4s) aanisod-11.S Jr [

SINOIABYQQ [eNXas AYSLI pajIodal-J[as Ji |

ANOIAVHAY AMSTY TVNLOY ANV ST LS d14ViIND ‘SUNOIAVHAG AMNSTY A4LI0dTA-ATdS 40 SALVIIII0D)

$ 219V L

Economica

© 2018 The London School of Economics and Political Science



248 ECONOMICA [APRIL

(6)). Looking at the GMM specifications in columns (7)—(9), the coefficient on female is
negatively and significantly correlated with the dependent variable, but it is statistically
significant only in the linear specification. Age is negatively and statistically significantly
correlated with the probability of reporting risky sexual behaviour (columns (1)—(3)) and
with the likelihood of true risky sexual behaviours (columns (7)—(9)), suggesting that
older people are less likely to behave in a risky manner. But on the other hand, the
coefficient on age turns out to be positive when looking at the probability of testing
positive for syphilis. Both primary and secondary education are negatively correlated
with the dependent variables in all the specifications (although statistically significant
only on the probability of reporting risky sex), suggesting that more educated individuals
are less likely to engage in risky behaviour. The coefficients on urban areas are not
statistically significant. As expected, the magnitude of the coefficients estimated with the
GMM is larger compared to those estimated in columns (1)—(6).

In Table 5, we do a similar exercise by using the sample of countries for which we
have information on non-curable STIs. In particular, we compare the parameters on the
determinants of high-risk sexual behaviours using as dependent variable self-reported
indicators for risky sex (columns (1)—(3)), the biomarker for HIV (columns (4)—(6)), and
the probability of true risky sexual behaviour estimated using the GMM procedure
described in Section II (columns (7)—(9)). For each dependent variable, we estimate a
linear probability model, a probit model and a logit model. Once again, we note a huge
discrepancy in the importance of the determinants of risky behaviour using self-reported
data or biomarkers. In columns (7)—(9) we show that the probability of eliciting truthful
answers among those who engage in risky behaviour (o) is estimated at 15.5%.

The main point to be taken from Tables 4 and 5 is therefore that different measures of
high-risk health behaviours provide completely different results on the determinants of
such behaviours.

Using the GMM coefficients estimated in the previous tables, in Table 6 we compute
the probabilities of true risky sexual behaviour for individuals with different
sociodemographic characteristics. For example, a 30-year-old man with a secondary
education who lives in an urban area has an 86% chance of adopting risky sexual
behaviours. On the other hand, a 40-year-old woman with a primary education living in a
rural area has only a 20% probability of behaving in a risky manner.

Table 7 shows the distribution of the predicted probability of self-reported risky
behaviour, of biomarkers and of unobserved actual risky behaviour. The predicted
probabilities have been computed with a probit regression using as dependent variables
our aggregate measure of ‘Risky sex’ (column (1)), biomarkers for STIs (column (2)) and
actual risky behaviour as estimated from the GMM specification described in
equation (8) (column (3)), and ‘Female’, ‘Age’, ‘Primary education’, ‘Secondary
education and above’ and ‘Urban’ as covariates. Panel A includes the sample of
individuals tested for syphilis, and panel B includes individuals tested for HIV.

Looking at panel A of Table 7, we note that with an estimated probability of self-
reported risky behaviour of 17.4% and a predicted probability of testing positive for
syphilis of 4.3%, our GMM strategy estimates the probability of actual risky behaviour
to be 78.7%. Hence the probability of true risky behaviour is higher, but much more
dispersed (the standard deviation is very high and equal to 0.303) than the predicted
probability using elicited risky behaviour and biomarkers. In addition, the predictions
here do not take into account the statistical uncertainty from the estimation of the
coefficients in the model.
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TABLE 6
PROBABILITY OF ACTUAL RISKY BEHAVIOUR, BY SOCIODEMOGRAPHIC CHARACTERISTICS

Probability
Secondary of actual
Primary education risky
Female Age education and above Urban behaviour

0 1 30 40 0 1 0 1 0 1
Panel A: Sample of curable STIs
X X X X X 88%
X X X X X 68%
X X X X X 20%

X X X X X 98%

X X X X X 76%

X X X X X 27%
Panel B: Sample of non-curable STIs
X X X X X 86%
X X X X X 47%
X X X X X 35%

X X x x X 1%

X X X X X 27%

X X X X X 59%
Notes

The probability of actual risky behaviour reported in the final column, for panels A and B, is based on the
probit estimated coefficients reported in Tables 4 and 5, respectively.

Similarly, in panel B of Table 7, 13.4% is the probability of self-reported risky
behaviour, 4.2% is the probability of being HIV-positive, and 83.3% is the probability of
engaging in truly risky behaviour. Underreporting of sex-related behaviours is a well-
documented phenomenon in both the medical and economic literatures (see, for example,
Fenton et al. 2001; Ozler 2013; Gersovitz et al. 1998; de Paula et al. 2014; de Walque
2007). People are understandably reluctant to admit personal transgressions. Anedoctal
evidence from the USA in 2006 suggests that the probability of extramarital sex
measured through anonymous telephone polls is about 18 times higher than the same
probability measured through self-reported questions.”*>* The sizeable discrepancy in
the fraction of high-risk individuals measured in three different ways suggests that social
scientists need to think carefully about the best proxy for risky sexual behaviour in the
context of their study.

V. CONCLUSIONS

The conventional wisdom is that biomarkers for high-risk health behaviours are a
superior measure to self-reported data. In this paper we challenge this notion in the
context of risky sexual activities, the main cause of the spread of HIV/AIDS.

We build an epidemiological model to show that, as happens with self-reported data,
misclassification of risky sexual behaviours is also possible when using biomarkers for
sexually transmitted infection (STIs). We then suggest an econometric framework by
proposing a new GMM estimator to precisely estimate correlates of risky sexual
behaviours and unobserved actual risky behaviour, by combining biomarkers and self-
reported data.
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TABLE 7
DISTRIBUTION OF THE PREDICTED PROBABILITY OF RISKY BEHAVIOUR

Self-reported sexual behaviour Biomarkers Actual risky behaviour
(1) (2) (3)

Panel A: Curable STI (syphilis)

Mean 0.174 0.043 0.787
S.D. 0.112 0.008 0.303
25% 0.078 0.037 0.668
50% 0.160 0.041 0.960
75% 0.264 0.047 0.997
Panel B: Non-curable STI (HIV)

Mean 0.134 0.042 0.838
S.D. 0.086 0.027 0.277
25% 0.059 0.021 0.820
50% 0.122 0.037 0.988
75% 0.203 0.055 0.999

Notes

See Table 1 for the definitions of the variables.

The predicted probabilities in column (1) have been computed with a probit regression using as dependent
variable ‘Risky sex’. The predicted probability in column (2) uses as dependent variable a dummy equal to 1 if
the respondent tested STI-positive. In column (3), actual risky behaviour has been estimated from the GMM
specification described in equation (8) using ‘Female’, ‘Age’, ‘Primary education’, ‘Secondary education’,
‘Urban’ as covariates.

Samples as in Table 2.

Source: Demographic and Health Surveys.

Using the most recent Demographic and Health Survey for all countries with publicly
available biomarkers and self-reported data on sexual activity, we calibrate the model
and we find that in countries with a low prevalence of STIs and a low average number of
sexual partners per individual, the biomarkers have a higher probability of
misclassification than behaviours elicited by a survey questionnaire. We then apply our
econometric framework to the DHS data and show a huge discrepancy in the prevalence
of risky activities using three different measures: self-reported data, biomarkers, and the
combination of the two with our proposed GMM. In particular, our GMM strategy
estimates the probability of actual risky behaviour to be 78.7%, while the estimated
probability of self-reported risky behaviour is 17.4% and the predicted probability of
testing positive for an STI is 4.3%.

Our results and econometric framework have important implications for policy,
especially given the growing number of studies on the HIV/AIDS epidemic which rely on
STIs to infer risky sexual behaviour. First, they provide insights to policymakers and
researchers on the most accurate measure of high-risk behaviours—biomarkers or self-
reported data. Second, they have the potential to help in estimating the actual prevalence
of unobserved risky behaviours in a population, a crucial step to design efficient
programmes targeted to individuals with the highest health risks. We also believe that
our findings open up new avenues for future research on risky-behaviour measurement.
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FIGURE Al. Comparison between biomarkers and self-reported risky behaviour, by number of partners

(p <.

Notes: /. is the probability of correct classification of risky sexual behaviours using biomarkers for STIs, and /7
is syphilis prevalence in panel (a) and HIV prevalence in panel (b). In both panels, p = 0.5. See Figure 2 for
the definition of ‘Self-reported risky sex’. See Figure 1 for samples.

Source: Demographic and Health Surveys.
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FIGURE A2. Comparison between biomarkers and self-reported risky behaviour, by number of partners
(0> 1.

Notes: See Figure Al.

Source: Demographic and Health Surveys.
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TABLE Al
FREQUENCY OF SEXUAL CONTACTS

[APRIL

Sexual contacts Frequency Y
More than 3 per week 20 9.57
2 per week 46 22.01
2 per month 73 34.93
<2 per month 63 30.14
Missing 7 3.35
Notes

Sample of unmarried women.
Source: Malawi Diffusion and Ideational Change Project (MDICP).
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TABLE A3
NUMBER OF SELF-REPORTED PARTNERS IN THE LAST 4 MONTHS
All Married women Single men

Burkina Faso 1.14 1.00 1.26
Burundi 1.14 1.00 1.40
Cambodia 1.11 1.00 2.61
Cameroon 1.41 1.05 1.93
Congo 1.26 1.03 1.56
Ivory Coast 1.33 1.01 1.87
Domican Republic 1.44 1.03 2.09
Ethiopia 1.06 1.01 1.21
Gabon 1.35 1.09 1.58
Ghana 1.13 1.00 1.34
Guinea 1.19 1.03 1.34
Haiti 1.34 1.02 1.79
India 1.02 1.00 1.40
Kenya 1.11 1.01 1.33
Lesotho 1.21 1.09 1.44
Liberia 1.21 1.05 1.44
Malawi 1.08 1.01 1.22
Mali 1.10 1.01 1.26
Namibia 1.09 1.02 1.22
Niger 1.09 1.00 1.31
Rwanda 1.05 1.00 1.25
SaoTome and Principe 1.12 1.01 1.22
Senegal 1.13 1.00 1.27
Sierra Leone 1.24 1.06 1.43
Swaziland 1.13 1.02 1.37
Togo 1.15 1.00 1.31
Zambia 1.15 1.01 1.41
Zimbabwe 1.08 1.00 1.27
Average 1.15 1.01 1.55
Source: See Table 1.
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NOTES

1. Recent estimates indicate that approximately 1.1 million individuals worldwide died from HIV/AIDS in
2015 (UNAIDS 2016), and 270,000 women died from cervical cancer due to papillomavirus in 2012 (WHO
2018).

2. The issue of social desirability bias in self-reported answers has been discussed in settings other than health.
For example, Baird and Ozler (2010), using data from a randomized cash transfer programme in Malawi,
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10.

11.

12.

13.

14.

compare self-reported data on school attendance with administrative records. They show that participants
significantly overstate their school participation, and this overreporting is higher in the control group, thus
producing biased impact estimates. In a more recent paper, Karlan and Zinman (2012) test the validity of
self-reported data on loan expenditure for consumption or for investment purposes. They find that
respondents were more likely to admit using their loan for household items and medical/educational
expenses on an anonymous survey than they were in response to direct questioning.

. To address the issue of misreporting risky behaviours during face-to-face interviews, audio computer-

assisted self-interviewing techniques have been used to collect data in the USA (Tourangeau and Smith
1996; Hewitt 2002). Results from recent randomized evaluations show that indeed, there is a higher
probability of reporting risky behaviours with a computerized mode of interviews than with face-to-face
interviews (Hewett er al. 2008).

. The discrepancies between biomarkers and self-reported answers have been tested in other domains. For

example, Connor et al. (2009), using a meta-analysis of 67 studies, shows the divergence between self-
reported smoking status and smoking status determined through measures of cotinine in biological fluids.
Subar et al. (2003) assess dietary measurement error using self-reported dietary instruments and unbiased
biomarkers of energy and protein intakes. Hellhammer ez al. (2009) attempted to objectively test the level of
psychological stress through salivary cortisol.

. In experimental studies, the use of biomarkers on STIs as a marker for risky sexual behaviour is sometimes

motivated by the fact that data on HIV incidence may be expensive to collect, given the sample size required
to detect any effect of HIV/AIDS prevention interventions (Fishbein and Pequegnat 2000).

. Recent studies on modes of transmission have documented new infections among high-risk populations to

be an important component of the national prevalence. For example, globally, female sex workers are 13.5
times more likely to be living with HIV than other women, and a substantial proportion of new infections
(10-30%) are estimated to occur as a result of sex work in Uganda, Swaziland and Zambia (UNAIDS
2013).

. Although we are aware that unsafe sex is a multidimensional phenomenon, biological markers can record

only whether or not an individual adopted a risky sexual behaviour. Hence, in our comparison between
biological markers and elicited measures of risky behaviours, it seems adequate to encode those into a
binary variable.

. Among highly mobile populations such as migrants, who are above all considered a highly risky population

for STI/HIV transmission, it is particularly challenging to collect both baseline and endline data (Corno and
de Walque 2012).

. If a non-risky sexual behaviour (e.g. the proper use of a condom during sexual intercourse) significantly

reduces the probability of transmission of the STI but nonetheless still allows it, another type of
misclassification would arise: being tagged as risky when the behaviour is non-risky. This would be the case,
for example, with genital herpes, which can be transmitted when outbreaks occur in areas not protected by
the condom but that still come into contact during the sexual act (Centers for Disease Control and
Prevention 2014). Another example could be if a person contracts an STI from his or her spouse even if that
person is faithful but the spouse is not.

Note that STI transmission can also happen through channels other than sexual intercourse (e.g. through
the share of infected tools). However, data from WHO shows that in 2004, unsafe sex was estimated as
being responsible for more than 99% of HIV infection in Africa. Elsewhere, the proportion of HIV/AIDS
deaths due to unsafe sex ranges from around 50% in the low- and middle-income countries of the WHO
Western Pacific Region to 90% in the low- and middle-income countries of the Americas.

This point is important given that most of the standard national representative surveys eliciting information
on sexual behaviours, such as the Demographic and Health Surveys (DHS), do not include questions on the
number of instances of sexual intercourse per partner or per month.

For simplicity, we assume that the rate of transmission is homogeneous across different stages of the STI. If
transmission rates vary according to the stage of the infection, then stage-specific transmission rates could
be employed and equation (2) would have (p) as a mixture over the proportion of individuals at each stage.
This, of course, would involve an extra layer of calibrations for stage-specific transmission rates and the
proportion of infected people at each stage.

Since our focus is on the misclassification of risky sexual behaviour for uninfected individuals, we abstract
from the equilibrium characterization of the matching process.

STI testing today is quite accurate when it is guided by proper clinical information. However, no test is
going to be always accurate all of the time. The probability of false negatives/positives may depend on the
type of testing: whether it is conducted in the laboratory or with rapid tests, and by the type of rapid test
itself. For example, Ripa and Nilsson (2007) investigate the reliability of different types of tests for
chlamydia in Sweden, and find different prevalences depending on the test used. Repeat testing may
therefore occasionally be needed. Bjorkman Nyqvist ez al. (2015) conducted three tests to detect chlamydia
and trichomonas vaginalis among patients in Lesotho as follows. If the first test result is negative, then the
individual is considered STI-negative; if the individual tests positive, then the protocol requires a second
confirmatory test. If a second test is positive, then the individual is considered STI-positive; if, however, the
second test is negative after an initial positive result, then a third test is done for verification.
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15. Note that Proposition 1 holds even when individuals overreport the number of partners, since in this case
the calibrated A will be larger than the one computed using the actual number of partners.

16. The most common treatable STIs are chancroid, chlamydia, crabs, gonorrhea, scabies, syphilis,
trichomoniasis, yeast infection, vaginosis; the most common incurable STIs are hepatitis B, C and D, HPV,
HSV2, HIV (Centers for Disease Control and Prevention 2014).

17. If misreporting of non-risky behaviour is possible, then the expression in (7) becomes
P(Y* = 1|X) =  + (¢ — B)F(X;0), where § = P(Y* = 1|Y" = 0). As pointed out previously, this can
be accommodated in the estimation strategy described below by having f as an additional parameter to be
estimated.

18. To properly distinguish covariates affecting the probability of misreporting and covariates directly affecting
the probability of risky behaviour, the sets of covariates affecting one and the other should not completely
coincide.

19. Problems like attrition and non-response are a separate issue from the one on which we focus in this paper,
and may exist with or without misreporting. Those problems can sometimes be dealt with using selection
methods (see, for example, Hausman and Wise 1979), and we believe that these remedies could also be
employed in conjunction with our proposed strategy.

20. As indicated in Section I, because 4 is overestimated when individuals overreport the number of sexual
partners and underestimated when individuals underreport them, these bounds would be wider if those
reports were not truthful.

21. For example, Dow and Philipson (1993) find that HIV-positive individuals in San Francisco are twice as
likely to have an HIV-positive partner than an HIV-negative one.

22. Tom Smith, director of the General Social Survey (GSS) at the National Opinion Research Center (NORC)
at the University of Chicago, mentioned that the best estimates in the USA in 2006 are that about 3-4% of
currently married people have a sexual partner besides their spouse in a given year. GSS data are collected
using self-reported questions. A new poll from Gallup—a famous data collection agency in the USA—in
2008 instead found a much higher figure, of around 55%. The difference between NORC and Gallup is that
the second used telephone polls where respondents are less exposed to interviewers and are likely more
comfortable at reporting on sensitive topics. This is, of course, not rigorous evidence, but if one believes the
Gallup poll to be closer to actual behaviour, then this is about 18 times higher than the self-reported
behaviour estimates collected in the NORC survey (Tourangeau and Smith 1996).

23. Also note that when we focus on one risky behaviour only, instead of looking at our aggregate measure
‘Risky sex’, the gap between the probability of self-reporting behaviour and actual behaviour may change.
For example, the self-reported probability of not using a condom during the last sexual intercourse is equal
to 82%, compared to the actual probability of not using a condom equal to 99% in the sample of
individuals tested for HIV.
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