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1 Introduction

The AIDS epidemic has exacted a terrible toll worldwide and Sub-Saharan Africa has beared a dispro-

portionate burden of the virus. In particular, South Africa's HIV/AIDS adult prevalence rate of 18.3%1

is among the highest in the world. While prevalence rates in Sub-Saharan Africa have been projected to

increase (Young, 2005), free AIDS treatment has been rapidly extending to most of the continent. This

rapid di�usion of HIV drugs has transformed the disease from a death sentence into a manageable condition.

South Africa's treatment program is the largest in the world2 even though it has treated only a fraction of

its HIV+ individuals. Treatment provides enormous mortality bene�ts to infected individuals3 but because

it immunologically insulates people, it could also stir potential perverse behavioral responses subsequent to

provision. Using a �eld experiment conducted in South Africa, I examine whether changes the individual

economic incentives (due increased longevity and immunological risk-insulation) induce subsequent unsafe

sexual behavior by HIV+ patients. Speci�cally, I focus on two key outcomes: (1) HIV+ patient's own

sexual behavior, (2) HIV− family members' sexual behavior.

The �rst major contribution of this paper relates to testing the theoretical possibility that treatment could

induce perverse behavioral responses. This prediction is the so-called Peltzman e�ect, which posits that that

people o�set safety measures by increasing unsafe behaviors (Peltzman, 1975). I empirically examine whether

AIDS treatment induces patients' moral hazard4. The concept underlying our test is simple: when the price

of more unsafe sexual behavior (e.g., the probability of dying) is lowered, people choose to engage in more

unsafe sex. Peltzman's (1975) economic framework in the context of seatbelts � that drivers exhibit a demand

for accident risk that is inversely related to risk price � formalizes this testable prediction. Any activity that

alters the probability of a fatality, i.e. risk price, will �induce individual responses working in the opposite

direction� (Peltzman, p. 698). One objection to the proposed argument is that unsafe sex is not in any

sense a �commodity� that people would ever choose to purchase. But despite the risks associated with them,

unsafe sex and recklessness are �commodities� in the sense that people seem to engage in them and thus

�want� them. Choosing to engage in more unsafe sex or more reckless behavior is tantamount to choosing

more accidents, at least in a probabilistic sense.

Treatment could induce negative behavioral responses for both HIV+ and HIV− individuals. From the

1Figure 1 details epidemic statistics within South Africa.
2The government began providing free ARV drugs in July 2004 � much later than most developing countries � but scaled

up rapidly, increasing patient enrollment to about 1.4 million by May 2011 (AVERT, 2011).
3See Hammer et al. (1997), Hogg et al. (1998), Palella et al. (1998), Floridia et al. (2002), Laurent et al.(2002), Marins

et al. (2003), Koenig et al. (2004) for evidence in high-income countries and Coetzee et al. (2004), Wools- Kaloustian et al.
(2006).Coetzee et al. (2004), Bekker et al. (2006), Sterne et al. (2005), Cole et al. (2003), Cole et al. (2005), Fairall et al.
(2008) for evidence in low-income countries.

4I postulate a framework where (1) objectives of principal and agent con�ict, (2) there is non-contractible information, (3)
the action chosen can not be inferred by the outcome alone, and (4) di�erent actions have di�erent utility costs to the agent
and the principal cannot observe the action the agent takes.
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perspective of an HIV+ individual, availability of free AIDS treatment lowers the cost of future dangerous

behavior because treatment provides an immunologic bene�t by boosting the CD4 count. From the perspec-

tive of an HIV+ individual, even though infected, one still has an incentive to refrain from future unsafe

sex (possible reinfection with more aggressive HIV strains, either because of co-infection or superinfection5

decreases CD4 count even faster and signi�cantly decreases life expectancy6). However, ARV provision

partially insulates HIV+ individuals from health and immunology risk and patients may, in theory, start

behaving di�erently than if they were fully exposed to the future health risk. From the perspective of an

HIV− individual, living with a patient and being able to observe that a patient achieves a dramatic health

improvement subsequent to treatment may engender complacency. Such perceptions could stir current risky

sexual behavior of family members who are currently uninfected.

This potential positive relationship between treatment and risky behavior has important implications for

welfare and behavior. HIV treatment may not have unambiguous bene�ts for the uninfected. While the cost

of being infected falls, the risk of infection rises with the stock of HIV+ people, who now live longer and

more sexually active lives. Treatment provision can reduce expected welfare among the uninfected if the cost

of higher infection risk more than o�sets the welfare gain from the reduced cost of infection.

A second major contribution of the paper relates to its robust identi�cation strategy. Because we use a

�eld experiment, we can identify true causal e�ects. In general, existing epidemiology studies have found no

association between treatment and unsafe sexual activity (Hethcote and Yorke, 1984; Over and Piot, 1993).

There is anecdotal evidence of fatalism among some IV drug users and homosexuals in developed countries

(Marder, 2005). Crepaz, Hart and Marks (2004) explore the overall e�ect of treatment on unsafe sex without

exploring the contribution of each submechanism of behavior change. They �nd no support to reject the

hypothesis that AIDS treatment in�uences unsafe sexual activity. However, the robustness of their causal

methods is questionable. Their analysis relies on OLS estimates. Magnitude of selection bias and reverse

causality with nonexperimental estimators can often be quite large in practice.

A �nal contribution relates to our ability to identify the magnitude of sub-mechanisms driving the be-

havior change for the outcome of interest. Several mechanisms underlie the empirical analysis of the �eld

experiment. First, holding testing likelihood constant, ARVs lower the cost of getting HIV: this is the direct

and most straightforward e�ect (let's call this margin (a)). However, as treatment quality improves, HIV

prevalence is expected to rise: this stems from the increase in the proportion of healthier HIV+ individuals

present in the market for risky exposures: this is the indirect e�ect (call this margin (b)). ARVs also reduce

5Co-infection is infection with two separate strains either simultaneously or within a brief period of time before infection
with the �rst strain is established; Superinfection is sequential infection with a heterologous strain after an immune response
has been established to the initial strain.

6See Jost et al. (2002); Koelsch et al. (2003); Gottlieb et al. (2004, 2007); Grobler et al. (2004); Smith et al. (2004);
Jurriaans (2008).
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the average concentration of virus, thus lowering the risk of transmission per risky act (margin (c)). Finally,

AIDS treatment improves physical health and individual capacity to carry out sexual activity regardless of

any other mechanism. Margins (a), (c) and (d) suggest more risk-taking while margin (b) suggests less:

which among these is theoretically ambiguous ex ante.

The structure of the paper is as follows. Section two describes the conceptual framework guiding the

comparative statics. Section three describes the experimental design, data sources and provides some sum-

mary statistics. Section four describes the empirical strategy and main results. Section �ve o�ers some

preliminary conclusions and interprets the results in terms of the estimated bene�ts of mortality reduction

compared to the costs of increased unsafe sexual activity.

2 Theoretical Framework

We outline a simple theoretical model to analyze sexual behavior choice in a world with ARV treatment

following very closely Kremer (1996) and Lakdawalla, Sood and Goldman (2006)7.

An individual lives for a maximum of two periods. γ1 represents HIV prevalence among the sexually

active population. We assume that all individuals engage and value risky sexual activity. HIV+ individuals

engage in risky behavior σpos. They receive the corresponding level of per-period utility w(σpos)
8. With

probability (1−p), an HIV+ individual dies or gets too sick to be able to engage in sex. For a sexually active

infected individual w(σpos)/(1− pβ) represents his or her lifetime utility;β is the period discount factor.

Uninfected individuals derive utility u(σneg) from risky behavior σneg. The probability of infection

φ rises in a person's own risky behavior σpos, the prevalence of HIV γ1, and the risky behavior of the

HIV+ individuals σpos : φ(σneg;σpos, γ1). r∗neg represents the equilibrium level of risky behavior among the

uninfected and γ2 is next period's prevalence. The uninfected person lifetime utility can be written as9:

7This model di�ers both from traditional epidemiological models, which take behavior as independent of treatment, and
from the few attempts to introduce behavioral considerations into epidemiology, which does not formally model how decisions
about the rate of partner change depend on the availability of treatment. Models without behavioral response typically generate
a unique stable steady state. Analyses in which behavior is an ad hoc declining function of prevalence typically imply that anti-
AIDS policies, such as prevention e�orts or imperfect vaccines, will be counteracted by behavioral response, at least partially,
and possibly more than fully [Philipson and Posner 1993; Castillo-Chavez and Hadeler 1994]. If these analyses implicitly or
explicitly assume that behavior is a function of lagged prevalence, they will generate cycles in prevalence [Avery, Heymann, and
Zeckhauser 1994; Velasco-Hernandez, Brauer and Castillo-Chavez 1994]. In contrast, this paper's framework formally models the
way in which decisions about the rate of partner change depend on the availability of ARV treatment. This modelling suggests
that there may be positive feedbacks in behavior, and possibly even multiple steady states. This implies that behavioral response
may sometimes decrease the e�ectiveness of treatment policies.

8We assume w(·) to be concave
9A single uninfected individual is assumed to have no control over r∗neg .
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υ(γ1) = max

{
u(σneg) + βφ(σneg;σpos, γ1)

w(σpos)

1− pβ
+ β(1− φ(σneg;σpos, γ1))v(γ2)

}
(1)

subject to:

γ2 =
γ1p+ (1− γ1)φ(σneg;σpos, γ1)

γ1p+ (1− γ1)
(2)

The value function υ(γ1) is convex decreasing10. Therefore, the �xed point of the mapping must also be

convex decreasing. We provide assumptions that we need for the uniqueness and existence of a steady state.

We detail the assumptions in Appendix A:

Most importantly, the unique pair of steady-state risk-taking and disease prevalence levels satis�es:

du

dσneg
− β ∂φ

∂σneg

(
υ − w(σpos)

1− pβ
)

)
= 0 (3)

γ1(1− p)− φ(σneg;σpos, γ1) = 0 (4)

2.1 Comparative Statics

Each equation de�nes a relationship between and σneg (risky behavior by HIV− individuals), γ1 (HIV

prevalence among the sexually active population), indexed by the two correlates of HIV+ individual's

health, p (probability of living to engage in sex) and σpos (risky behavior by HIV+ individuals).

• Equation (3) characterizes the relationship between overall prevalence and individual risk-taking: un-

infected individuals are more cautious when faced with higher disease prevalence. Breakthroughs in

treatment shift this curve up by improving the welfare of the HIV+ (i.e., raising (σpos, p)), which

10Because its associated functional mapping satis�es Blackwell's su�cient conditions for a contraction mapping and because
that mapping takes a convex decreasing function and produces another convex decreasing function (cite relevant Theorem from
Stokey and Lucas, 1989): if υ is convex decreasing, and φ is concave increasing in γ1, βφ ∗ [(w)/(1 − pβ) − υ(γ2)] + βυ(γ2) is
convex decreasing in γ1.
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makes the uninfected more willing to risk infection at a given level of exposure risk. This translates to

Proposition 1 below.

On the other hand, the �Steady-State Risk � relationship, de�ned by Equation (4), characterizes the steady-

state relationship between risk-taking and prevalence: more risk-taking results in higher prevalence. Break-

throughs shift the curve, which is de�ned by this question, down, because a given level of prevalence can be

supported by less risk-taking on the part of the uninfected. In other words, increases in survival and sexual

activity among the HIV+ multiply the e�ects of risky behavior among the uninfected, so that less of it is

needed to sustain the disease at a given level.

• dσpos

dp > 0. If the probability of dying before reaching the next period is lower, the number of sexual

partners increases. From (3), γ1(1 − p) − φ(σneg;σpos, γ1) = 0. From this equation, if p increases

φ(∗;σpos, ∗) decreases. From previous assumptions imposed on φ(·), it follows that σpos increases. This

translates to Proposition 2 below.

This very simple framework formalizes several intuitions. Equation (3) can illustrate two forces that combine

to increase prevalence: there are more sexually active HIV+ people who can spread infection; this is

reinforced, because the uninfected take more risk at any given level of prevalence. However, the e�ects on

precaution are o�setting and ambiguous: the lower cost of infection encourages risk-taking, while higher

prevalence discourages it.

2.2 Testable Hypotheses

• Proposition 1. On average, HIV− individuals, in a household cohabited by a HIV+ patient, should

increase their risky sexual behavior.

The household survey includes household-wide questions on HIV− individuals. I can test the second propo-

sition using both self-reported and indirect measures of sexual activity for HIV−household members.

6



• Proposition 2. On average, HIV+ individuals should increase their unsafe sexual practices as ARV

treatment increases.

Because the baseline and follow-up household surveys as well as the patient survey include sexual behavior

questions, I can test this hypothesis using both self-reported and indirect measures of sexual activity.

3 Background and Study Design

The experimental intervention11 targeted 648 ARV households at 12 sites in South Africa's Free State

starting in October 200712 and was started on top of the national South Africa ARV Programme described

below. The criteria for ARV initiation in adults and adolescents was CD4 < 200 cells/mm3 irrespective of

stage or WHO Stage IV AIDS-de�ning illness, irrespective of CD4 count, and expressed patient willingness

and readiness to adhere to ARV treatment.

3.1 South Africa's Treatment Program

The South African National Department of Health (DOH) launched the national �roll-out� plan for anti-

retroviral treatment (ARV) via the public sector in 2003 because of dramatic drop in costs for triple-drug

therapy strong causal evidence of the e�ectiveness of ARV in slowing the progression of AIDS (Concorde

Coordinating Committee, 1994; Havlir, 1998, Lange et al, 2004; Zewdie, Lange and Kuritzkes, 2004). Its aim

was to achieve universal ARV access (an estimated 1.4 million people in need of ARVs at that stage) within 5

years (Department of Health, 2003). Although the OP's stated aim was to provide comprehensive HIV care

in an integrated fashion, the roll-out was delivered as a vertical programme with dedicated funding, sta�ng

and administration, and closely controlled national accreditation of ARV sites13.

From 2005, the provincial scale-up of ART programmes across South Africa's nine provinces began though

at a staggering pace. In the absence of guidelines, norms or standards issued by the National Department

of Health, the Free State developed its own systems for scale-up (Schneider et al. 2010: 13). The province

struggled to initiate patients onto ARVs quickly enough to meet the high demand for treatment, and its

model of ARV provision through a small number of centrally located clinics meant that treatment remained

11The treatment regimes used in the public service are the following: regimens 1a (d4T /3TC / efavirenz), 1b (d4T / 3TC /
NVP), and 2 (AZT /ddI / lopinavir / ritonavir). The treatment readiness assessment, monitoring processes and other protocols
are described in detail in the relevant guidelines (National Department of Health, 2004: 3).

12The Centre for Health Systems Research & Development University of the Free State has collected baseline and follow-up
information on the subjects has been collected since October 2007

13For more details on program roll-out, see Figure 2 and Tables 2 and 3 of Appendix C.
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inaccessible for many. This was partly the result of the laborious accreditation process for ARV sites, and

partly because of human resource shortages and infrastructural constraints. The concentration of services in

urban centres meant that many patients had to travel long distances to access care, and lengthy waiting lists

at central facilities indicated the high unmet demand for ARVs (Ingle et al. 2010: 3). By the middle of 2008,

568,000 HIV-infected patients were receiving ART in South Africa, with the public health sector accounting

for 79% of this total. Based on the 2008 Department of Health criteria for de�ning anti-retroviral eligibility

(CD4+ count < 200/µL or World Health Organization [WHO] stage IV), anti-retroviral coverage in adults

was only 40.2% in 2008. Moreover, coverage varied signi�cantly between the provinces, with the Free State,

the subject of this study, ranking last (25.8%).

3.2 The Free State Program

In the Free State province, the �rst patients started receiving ARV treatment in June 2004. ARV treatment

was available at some thirty-one primary health clinics or community health centers14. After testing HIV

positive at any Free State clinic, patients were referred to nurse-run assessment sites. Patients with World

Health Organization (WHO) stage 4 or a CD4 cell count of 200 cells/µL or less were referred to a physician

at a treatment site for possible initiation of HAART. For patients with active tuberculosis or other serious

opportunistic infections, HAART was deferred until theywere clinically stable or until the intensive phase of

tuberculosis treatment was completed. Of patients receiving HAART, 68.3% started treatment with stavu-

dine, lamivudine, and efavirenz, and 29.7% started treatment with stavudine, lamivudine, and nevirapine.

Cotrimoxazole prophylaxis was indicated if the CD4 cell count was 200 cells/µL or less or if WHO stage 3 or

4 disease was present. By December 31, 2006, the number of patients on ARV treatment in Free State stood

at approximately 12,000 according to o�cials from the Free State Department of Health. Because the Free

State is among the poorest regions in South Africa (Ardington et al, 2005) and one with the highest preva-

lence and incidence rates of HIV infection (Shisana et al, 2005; Dorrington et al, 2006; National Department

of Health, 2007b), �scal capacity to carry out an e�ective ARV roll-out was most acute.

3.3 Study Design

We conducted the study in twelve phase I ARV assessment sites in the Free State province15.

14 For more details on the Free State program, see Figures 3-4 and Tables 5 and 6.

15 Sites where ARV treatment �rst became available when the ARV treatment program was launched in the Free State

province in 2004.
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Table 1 and Figure 2 (Appendix B) respectively detail the list of speci�c primary health clinics (PHC )

or community health centers (CHC ) facilities and their location in the study in the Free State province.

We track 648 households with a member currently on ARV treatment. Upon enrollment, participants were

randomzied into one of four groups of households, three of which include patients on ARV treatment (Table

2 in Appendix B).

1. ARV provision only (Group A),

2. ARV provision with encouragement support (Group B),

3. ARV provision with encouragement support and a nutritional supplementation. (Group C).

The study also randomly selects households from the general community served by the selected health facility,

excluding households where someone is known to receive ARV treatment (n=180) [Group D]

3.4 Overview of outcomes

• Own Sexual Behavior: Sexual behavior is measured using a variety of self-report measures: reported

number of regular and non-regular partners, and reported frequencies of protected and un-protected

intercourse with regular and non-regular partners.

• Family Member Sexual Behavior: Sexual behavior is measured using a variety of self-report

measures: reported number of regular and non-regular partners, and reported frequencies of protected

and un-protected intercourse with regular and non-regular partners.

• Fertility: We capture the number of children born per female after the study enrollment.

4 Identi�cation Strategy

4.1 E�ects on Sexual Behavior Outcomes

In general, the goal in this paper is to estimate an equation of the form:
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Si = ς1Ti + ς2Xi + εi (5)

where Si is a measure of sexual behavior of individual i, Ti is the ARV provision status for the same individual

and Xi is a set of individual and cluster-level controls. To identify true causal e�ects of the research questions

outlined in 2.2, the relevant counterfactual to HIV+ on treatment (i.e. Group A) (treatment e�ect on

outcome for this group is E[Si|Ti = 1]) is individuals from Group D (outcome in absence of treatment for this

group is E[Si|Ti = 0]. However, Group D while randomly picked, it is not experimentally assigned (i.e. ARV

treatment was not denied to them), so simply comparing the observed sexual activity di�erential by treatment

status is a biased measure of the e�ect of treatment on the treated, because E[S0i|Ti = 1] − E[S0i|Ti = 0]

(the selection into treatment bias) is unlikely to be zero. Naïve OLS estimation of (5) in practice will likely

su�er from a number of econometric issues (selection, sorting, omitted variable bias and possibly reverse

causality).

While our main identi�cation route for estimating causal e�ects of treatment is the encouragement design

we outline below, we also detail two alternative strategies for estimating the behavioral response to free ARV

provision in Appendix E. We do this mainly for robustness reasons.

4.2 Encouragement Design Experiment

To overcome estimation problems plaguing the OLS method, we employ an instrumental variables (IV )

strategy exploiting the encouragement design experiment. The encouragement design is a special case of

an experimental design used in situations with little control over subjects' compliance or when randomizing

into treatment arms might be unethical. The key idea is that instead of randomizing the application of

the intervention itself, what is randomized is encouragement to receive the treatment. Although treatment

remains endogenous, for such cases, Imbens and Angrist (1994) and Angrist et al. (1996) showed that

econometric instrumental variables (IV ) methods can be interpreted as estimating a well-de�ned causal

e�ect under the potential outcomes approach to causal inference advocated by Rubin (1974, 1978, 1990b),

often referred to as the Rubin Causal Model (Holland, 1986)16.

Because of designing a variable (the instrument, which well call Zi), that is correlated with the causal

variable of interest, Ti, but uncorrelated with any other determinants of the dependent variable, we can obtain

unbiased estimates of both the encouragement and the intervention itself1718. We can use the encouragement

16The IV estimand is predicated on the notion that the �rst stage is not zero, but this is something we can and do check in
the data. We also consider the consequences of econometric `exclusion' restrictions that disallow, for various subpopulations,
direct links between assignment and outcome other than through the e�ect of assignment on the treatment received.

17This is shown formally by Theorem 4.4.1 in Angrist and Pischke (2009).
18 Here, the phrase "uncorrelated with any other determinants of the dependent variables" is like saying Cov(errorterm;Zi) =
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support provided (present in both Group B and Group C) as an instrument Zi for treatment take-up. In

particular, we instrument for treatment status using indicator variables for whether the person is getting

an encouragement support (i.e. whether individual is in Group B) or is getting encouragement support +

nutritional intervention (i.e. individual falls in Group C):

Tit = αi + β1Encouragementit + β2EncouragementAndNutritionit + εit (6)

where Tit is the actual treatment status.

For each person i we observe: a binary variable Encouragementit , the `assignment' or `encouragement',

equal to one if patient i received encouragement support visitor bi-weekly and zero otherwise; a binary

variable EncouragementAndNutitionit , equal to one if patient i received encouragement support visitor

bi-weekly and nutritional supplement and zero otherwise; a binary variable Tit, the `treatment', equal to

1 if person i received the ARV treatment and 0 otherwise; a binary outcome Si, equal to the number of

sexual partners or 1, which we de�ne as having used a condom during the last sexual encounter, and 0

otherwise. The vectors Encouragement , EncouragementAndNutition , T , S and are N -dimensional

vectors with ith elements equal to Encouragementit , EncouragementAndNutitionit , Tit , Si, respec-

tively. The N × Z matrix Xobs has ith row equal to (Xobs
i1 , Xobs

i2 ). For simplicity, we assume that

each patient has a distinct encouragement supporter, so that i indexes distinct doctor�patient pairs. Table 6

(Appendix D) presents some summary statistics for the sample, classi�ed by assignment, Encouragementit

, EncouragementAndNutitionit, and treatment status, Tit . As can be seen in Table 6, the randomization

of the assignment leads to the pretreatment variables being closely balanced in the two subsamples de�ned

by assignment19.

The conventional ITT approach to estimation of treatment e�ects compares outcomes by assignment,

that is, by the receipt of the encouragement by the patient, ignoring the actual receipt of treatment, that

is, ignoring the receipt of the ARV drugs. In our case the `assignment' is merely an encouragement to

take the treatment, so that nonencouraged patients may end up receiving the treatment, but this does not

compromise the validity of standard methods for estimating ITT e�ects, which rest on the randomization

of the encouragement groups.

0; or, equivalently, Zi is uncorrelated with εi.

19 The randomization does not, however, imply that the pretreatment variables are balanced in the subsamples de�ned by

the actual treatment status.
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Our experiment partitions the population of patients by `compliance' behavior (the same as the encour-

agement). The combination of responses to the two assignments de�nes the compliance behavior of unit i ,

which we denote by Ci:

Ci =



c (complier) Ti(z) = z z = 0, 1

n (never − taker) Ti(z) = 0 z = 0, 1

a (always− taker) Ti(z) = 1 z = 0, 1

d (defier) Ti(z) = 1− z z = 0, 1


We observe the compliance behavior only partially, through the response to the actual assignment, T obsi =

Ti(Z
obs
i ). We do not observe the response to the alternative assignment, Tmisi = Ti(1− Zobsi ). Because

the type of a unit is a function of both compliance under assignment to the treatment and compliance

under assignment to control, which we can never jointly observe, we generally cannot know a unit's type,

merely that the unit belongs to the subset of types consistent with its observed compliance behavior20. Let

C(t) = {i|Ci = t} for t ∈ {c, n, a, d}; C is the N component vector with ith element Ci, and Nt is the number

of units of type t.

We de�ne for z = 0, 1 the potential outcomes Si(z, Ti(z)) : Yi(z, Ti(z)) is equal to 1 if given assignment z

and given receipt of treatment Ti(z), unit i is hospitalized, and 0 otherwise; S is the N × 2 matrix with ith

row equal to Si(0, Ti(0)), Si(1, Ti(1)). Using this notation, the ITT e�ect of assignment on the outcome can

be de�ned as the weighted average

ITT =

∑
Nt · ITTt/N,

t ∈ {c, n, a, d}

where, for t ∈ {c, n, a, d},

ITTt =

∑
[Si(1, Ti(1))− Si(0, Ti(0))]/Nt.

i ∈ C(t)

is the average ITT e�ect of Zobsi on S for each of the four subpopulations de�ned by compliance behavior,

and Nt/N is the weight assigned to ITTt . We observe for each unit i the actual assignment Zobsi , the actual

treatment T obsi = Ti(Z
obs
i ), the actual outcome Sobsi = Si(Z

obs
i , Di(Z

obs
i )), and the pretreatment variables

Xobs
i1 and Xobs

i2 .

Random assignment of the encouragement support Z implies

20Zobs
i is the general notation for the N -dimensional vectors with ith elements equal to Encouragementit and

EncouragementAndNutitionit.
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Pr(Zi|Ti(0), Ti(1), Si(0, 0), Si(0, 1), Si(1, 0), Si(1, 1), Xi1, Xi2) = Pr(Zi).

A few important assumptions that need to hold for estimation to give an unbiased estimate:

Assumption 1 (Ignorability of Treatment Assignment)21

Pr(Zi|Ti(0), Ti(1), Si(0, 0), Si(0, 1), Si(1, 0), Si(1, 1), Xobs
i1 , Xobs

i2 ) = Pr(Zi|Xobs
i1 , Xobs

i2 ).

Assumption 2 (Monotonicity)22

For all i,

Di(1) ≥ Di(0).

This assumption rules out the existence of de�ers, patients who would receive the ARV treatment if they

were not encouraged to do so, but would not receive the ARV treatment if they were encouraged to do so.\

Assumption 3 (Exclusion)23

Pr(Si(1, Ti(1)) = 1|Xi1, Xi2, Ci = n) = Pr(Si(0, Ti(0)) = 1|Xi1, Xi2, Ci = n)

and

Pr(Si(1, Ti(1)) = 1|Xi1, Xi2, Ci = a) = Pr(Si(0, Ti(0)) = 1|Xi1, Xi2, Ci = a).

We assume that within subpopulations of never-takers with the same values of the co-variates, the

distributions of the two potential outcomes are the same; in the second component of the assumption, we

assume that within subpopulations of always-takers with the same values of the co-variates, the distributions

of the two potential outcomes are the same.

21 The IV variable is in fact randomly assigned; those assigned to encouragement receive it, and the rest do not. We provide

evidence with balancing tests that this condition indeed holds in Appendix D, Table 6.

22Put simply, the IV variable (encouragement support) cannot have perverse consequences; it cannot make subjects less
likely to receive the treatment. This is often a reasonable assumption, but we provide evidence that as the the values of the
IV variables increase, treatment likelihood also monotonically increases. This can also be veri�ed by checking that treatment
intensity is indeed higher in the group that receives the encouragement than in the group that does not.

23 Put simply, the IV variable has no direct e�ect on results, except via increasing the probability of receiving treatment.

Encouragement support in this case was kept as simple as possible.
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With these assumptions, we can estimate the e�ect of the treatment by adjusting the ITT e�ect by the

amount of non-compliance. This yields to the local average treatment e�ect (LATE), computed as:

LATE = ITT
Compliance Rate

where Compliance Rate = Fraction of Subjects that were treated in the treatment group - Fraction of

Subjects that were treated in the control group. If the compliance rate is 100%, LATE = ITT24, we have

perfect compliance, and all assigned to the treatment take the treatment and all those assigned to the control

do not take the treatment. The compliance rate can be thought of as the fraction of subjects that fall into

the sub-population of �compliers�, the group for whom the decision to take treatment was directly a�ected

by the assignment.

4.3 Characterizing the Compliers

Because of the imperfect compliance to treatment, we can only estimate causal e�ects for a subset of the

population of eligible units. Speci�cally, the program's average impact is computed from the group of

individuals who take the treatment only when encouraged to do so. Therefore, it is important to characterize

the complier group in terms of socio-economic characteristics.

The �rst component of describing the compliers is the size of a complier group: it is easy to measure. This

is just the Wald �rst-stage. We can also tell what proportion of the treated are compliers since, for compliers,

treatment status is completely determined by Zi. Start with the de�nition of conditional probability:

P [T1i > T0i|Ti = 1] =
P [Ti = 1|T1i > T0i]P [T1i > T0i]

P [Ti = 1]
=
P [Zi = 1](E[Ti|Zi = 1]− E[Ti|Zi = 0])

P [Ti = 1]

In other words, the proportion of the treated who are compliers is given by the �rst stage, times the

probability the instrument is switched on, divided by the proportion treated. We present the proportion of

treated with ARVs in Table 9-10.

In terms of describing the actual characteristics, we can describe the distribution of the complier char-

acteristics. What we need to know can be learned from variation in the �rst stage across co-variate groups.

For example, the relative likelihood a complier is a college graduate is given by the ratio of the �rst stage

for college graduates to the overall �rst stage. More formally, for each characteristic Xi, the we can formally

describe the population for each characteristic Xi by:

24This is the e�ect of the encouragement itself
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P [x1i = 1|T1i > T0i]

P [x1i = 1]
=
P [T1i > T0i|x1i = 1]

P [T1i > T0i]
=
E[Ti|Zi = 1, x1i = 1]− E[Ti|Zi = 0, x1i = 1]

E[Ti|Zi = 1]− E[Ti|Zi = 0]

4.4 Limitations

An important limitation of the identi�cation strategy used is the local estimate of the causal e�ect. It is

local in two ways: both because if it comprises only the complier group and local because it represents the

causal e�ect at the average for the treatment provided. We present characteristics of the complier group to

the entire population in Appendix D.

5 Results, Discussion and Conclusions

We present very preliminary results in Appendix D of the paper. We plan to discuss them at the

presentation. Based on our speci�cations treating the endogenous variable as both a dummy (de�ned by any

positive movement in the CD4 count) and continuous variable (using the CD4 bloodcell count), we test our

hypotheses on two key outcomes, condom use and number of sexual partners. We �nd preliminary evidence

that access to AIDS treatment does increase unsafe sexual behavior and decreases condom use among HIV+

individuals but moderately so.

We provide preliminary analyses on both behavioral responses among HIV+ and HIV− family members

after AIDS treatment in Appendix D below.
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Appendix A: Theoretical Framework Details and Proofs

Assumption 1.

(
∂

∂γ1
)

[
(
du

dσneg
)− β(

∂φ

∂σneg
)(vpp − w

1− pβ
)

]
< 0;

Assumption 2.

1− p− φγ1 > 0.

Assumption 1 means that the private marginal utility of risk-taking falls when prevalence rises. Assump-
tion 2 implies that higher steady-state prevalence levels must be supported by higher levels of risk-taking by
the uninfected.

Assumption 1 is nontrivial, because increased prevalence has o�setting e�ects on the marginal utility of
risk-taking: it raises the impact of risk-taking on exposure (φσnegγ1 > 0), but it lowers the lifetime utility of
a healthy person relative to a sick one. High prevalence could encourage risk-taking, because staying healthy
becomes more costly. This point is emphasized by Kremer [1996]. For observed U. S. prevalence levels
(lower than developing country levels), it appears that prevalence discourages risk-taking [Ahituv, Hotz, and
Philipson 1996; Philipson 2000].

Assumption 2 is very likely to hold in the pre-ARV equilibrium, and thus is useful for assessing the
e�ect of ARV. Note that, at any steady state, it must be true that 1 − φγ1 > 0. Therefore, when survival
rates s are low, the assumption condition is also likely to hold. Comparative dynamics that begin with the
post-ARV equilibrium might be di�erent, if rates of healthy survival increase dramatically so as to violate
this assumption. This would lead to unstable equilibria.

Given Assumption 1, the optimal risk-taking level falls with prevalence (which lowers the marginal utility
of risky behavior), and rises with breakthroughs in treatment p (which lower the cost of infection, holding
prevalence �xed). Given Assumption 2, the steady-state risk level rises with steady-state prevalence, but
falls with p. When p is higher, infected people live longer, and it requires less risk-taking to support a given
level of prevalence.

Finally, we make an assumption analogous to Assumption 1.

Assumption 3.

∂

∂σpos

[
du

dσneg
− β ∂φ

∂σneg
(υpp − w

1− pβ
)

]
< 0

This assumption implies that the increase in risky behavior by the HIV+ lowers risktaking among the
HIV− individuals. Generally, there are two o�setting e�ects: increases in σpos lower the relative bene�t of
remaining healthy, but raise the risk of infection. Just as with prevalence, we assume that the latter e�ect
dominates the former in developed countries.
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Appendix B: Facility Names and Randomization Arms

Table 1: Study Clinics in the Free State.

Facility Name Town District

Matjhabeng Welkom Lejweleputswa

Phomolong Hennenman Lejweleputswa

Welkom Welkom Lejweleputswa

Batho Bloemfontein Motheo

Heidedal Bloemfontein Motheo

MUCPP Bloemfontein Motheo

Namahali Phuthadjithaba Thabo Mofutsanyana

Tseki Phuthadjithaba Thabo Mofutsanyana

Tshiame Harrismith Thabo Mofutsanyana

Refengkgotso Deneysville Fezile Dabi

Zamdela Sasolburg Fezile Dabi

Itumeleng Jagersfontein Xhariep
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Table 2: Randomization Arms.

Group A: Households including

ARV patients who receive the ARV

treatment and associated support

provided as part of government's ARV

treatment programme

[Sample size: n=216; 18 patient

households/site]

Group B: Households including ARV

patients who receive the ARV

treatment and associated support

provided as part of government's ARV

treatment programme PLUS

Adherence support provided by a

trained peer adherence supporter

during twice weekly visits to the

patient

[Sample size: n=216; 18 patient

households/site]

Group C: Households including

ARV patients who receive the ARV
treatment and associated support
provided as part of government's ARV
treatment programme PLUS
Adherence support provided by a
trained peer adherence supporter
during twice weekly visits to the
patient PLUS Nutritional
supplementation: weekly delivery of
two 400g cans of meatballs and
spaghetti in tomato sauce by peer
adherence supporter

[Sample size: n=216; 18 patient

households/site]

Group D (not randomly assigned
but randomly selected!):

Randomly selected households from

the general community served by the

selected health facility, excluding

households where someone is known to

receive ARV treatment [Sample size:

n=180; 15 households/site]
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Appendix C: General Data Overview

Figure 1: HIV surveillance sites in South Africa.
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Figure 2: Gegraphic Distribution of ARV clinics in South Africa.
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Figure 3: Geographic Distribution of ARV clinics in Free State
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Figure 4: Population Density of the Free State (South Africa) as of 2001.
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Figure 5: Distance to nearest clinic in South Africa
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Table 2: ARV clinics in South Africa
Province % of Population Health Center Hospital Total

Eastern Cape 14 7 33 40
Free State 6 25 9 34
Gauteng 20 22 27 50
Kwa-Zulu Natal 21 13 57 70
Limpopo 12 1 35 36
Mpumalanga 7 0 19 19
Northern Cape 2 6 5 11
North West 8 2 21 23
Western Cape 10 27 30 58
Total Percent 100 103 236 339

30.4 69.6 100
Column 2 shows percent of South African population residing in each province.
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Table 3: Comparing Characteristics at treatment baseline for all clinics in South Africa for
Black men (2004-2007)

Variable Nearer Baseline Farther Baseline t-Stat on di�

Age 33.06 32.86 1.18
Yrs of primary education 5.75 6.38 -7.88
Yrs of secondary education 2.19 2.93 -8.22
Completed Matric (H.S.) 0.25 0.38 -6.00
Some post-Matric educ. 0.02 0.03 -2.00
Never held a job 0.26 0.22 2.00
Ever married 0.45 0.46 -0.50
Spouse resides in hhold 0.33 0.37 -2.00
Number of adults in hhold 3.17 2.81 4.00
Number of kids in hhld 1.51 1.09 7.17
Senior in hhold 0.23 0.11 12.00
Lived here 6 months ago 0.97 0.96 1.00

Notes: Nearer de�ned as closer than median (7.5 miles) from nearest clinic in �rst wave of sample. Change de�ned as change in value
of variable between �rst wave (Sept 2004) and last wave (Sept 2007) of sample. Distance calculated from centroid of neighborhood to
clinic location. Sample includes individuals aged 25-44 who live in households containing a 25-44 year old (including self). Standard
errors clustered at the main place level.

Table 4: Comparing Characteristics at treatment baseline for all clinics in South Africa for
Black women (2004-2007)

Variable Nearer Baseline Farther Baseline t-Stat on di�

Age 33.42 32.97 3.00
Yrs of primary education 5.77 6.37 -10.00
Yrs of secondary education 2.18 2.88 -10.00
Completed Matric (H.S.) 0.24 0.33 -10.00
Some post-Matric educ. 0.01 0.03 -1.00
Never held a job 0.43 0.39 1.50
Ever married 0.56 0.54 1.00
Spouse resides in hhold 0.33 0.42 -4.50
Number of adults in hhold 3.33 3.08 3.57
Number of kids in hhld 2.44 1.88 8.14
Senior in hhold 0.22 0.13 9.00
Lived here 6 months ago 0.98 0.98 0.00

Notes: Nearer de�ned as closer than median (7.5 miles) from nearest clinic in �rst wave of sample. Change de�ned as change in value
of variable between �rst wave (Sept 2004) and last wave (Sept 2007) of sample. Distance calculated from centroid of neighborhood to
clinic location. Sample includes individuals aged 25-44 who live in households containing a 25-44 year old (including self). Standard
errors clustered at the main place level.

30



Table 5: Characteristics of Patients at the Time of Enrollment in the Free State Program
Variable All Patients

Enrolled in the
Program
(n=14,267)

Ever Received
HAART After
Enrollment
(n=3125)

Body weight, kg 55 (48-64) 55 (48-63)
Age, years 35 (29-41) 36 (30-42)
Female sex 9320 (65.3) 2022 (64.7)
Previous tuberculosis 1791 (12.6) 993 (31.8)
Actibe tuberculosis 416 (2.9) 204 (6.5)
Previous HAART 173 (1.2) 105 (3.4)
CD4 cell count
<25 1140 (8.0) 420 (13.4)
25-49 965 (6.8) 381 (12.2)
50-99 1742 (12.2) 782 (25.0)
100-199 3042 (21.3) 1542 (49.3)
200-349 2352 (16.5)
>350 2348 (16.5)
Unknown 2678 (18.8)
First viral load
<400 471 (3.3) 145 (4.6)
400-999 33 (0.2) 25 (0.8)
1000-9999 189 (1.3) 133 (4.3)
>10000 1535 (10.8) 1298 (41.5)
Unknown 12039 (84.4) 1524 (48.8)
World Health Organization
1 450 (3.2) 249 (8.0)
2 1327 (9.3) 750 (24.0)
3 2572 (18.0) 1434 (45.9)
4 518 (3.6) 223 (7.1)
Unstaged 9400 (65.9) 469 (15.0)

Notes: Abbreviation: HAART, highly active triple antiretroviral treatment. Data are given as median (interquartile range) or as

number (percentage).
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Table 6: Characteristics of Patients at the Time of Enrollment in the Free State Program
between 2004-2006.
Variable Category 2004 2005 2006 Total χ2test

Age 37.9 (9.0) 37.7 (8.3) 36.1 (7.7) 37.4 (8.4) 3.192 (2,844)

Personal Monthly

Income

1774.2 (1439.0) 1737.6 (1486.8) 1007.9 (760.3) 1657.8 (1411.9) 1.727 (2,108)

Dwelling Size (Number

of rooms)

3.9 (1.9) 3.7 (1.6) 4.0 (1.7) 3.8 (1.7) 0.044 (2,844)

Transport Cost 6.8 (9.1) 8.5 (12.4) 10.1 (14.7) 8.4 (12.2) 3.259 (2,589)

CD4 cell count at ART

initiation

109.3 (73.7) 138.9 (73.6) 120.8 (74.8) 4.229 (1,109)

Viral load at ART

initation

327113.4

(710803.5)

255867.3

(511759.9)

302490.1

(646032.4)

0.638 (1, 226)

Days since �rst HIV+

diagnosis

772.7 (971.7) 625.4 (747.8) 545.9 (748.3) 642.9 (806.9) 3.756 (2, 820)

Sex Male 35.8 27.6 24.6 28.9 <0.05

Female 64.2 72.4 75.4 71.1

Population Group Black 94.7 94.7 91.1 94.0 <0.05

Coloured 4.1 5.3 8.9 5.8

White 1.2 0.0 0.0 0.2

Marital Status Married, living

together

21.9 19.0 14.1 18.6 n.s.

Unmarried,

living together

7.3 10.3 10.5 9.7

No cohabitation

with partner

70.8 70.7 75.4 71.7

Education No formal

education

3.1 5.2 3.5 4.4 <0.05

Primary

education

23.3 33.8 33.3 31.3

Some secondary

education

52.3 45.4 46.8 47.2

Grade 12 15.5 14.0 15.2 14.6

Tertiary

education

5.7 1.6 1.2 2.5

Work for pay No 80.8 85.4 80.7 83.4 n.s.

Yes 19.2 14.6 19.3 16.6

Labor force No 63.5 57.9 46.1 56.9 <0.005

Yes 36.5 42.1 53.9 43.1

Social welfare grant No 47.7 43.2 46.2 44.8 n.s.

Yes 52.3 56.8 53.8 55.2

Dwelling Type Formal 77.7 74.2 82.5 76.7 n.s.

Informal 22.3 25.8 17.5 23.3

Toilet Type Flush toilet 60.1 68.7 87.1 70.4

Pit latrine 30.1 20.8 11.2 21.0

Bucket latrine 8.8 9.1 1.8 7.5

Chemical toilet 0.5 1.0 0.0 0.7

None 0.5 0.4 0.0 0.4

Toilet Site Inside dwelling 28 31.5 49.4 34.3 <0.001

On-site/in yard 69.4 63.5 49.4 62.0

O�-site/outside

yard

2.6 4.9 1.2 3.7

Moved for ART No 98.4 99.0 99.4 98.9 n.s.

Yes 1.6 1.0 0.6 1.1

Previous ART No 88.6 94.0 97.0 93.4 <0.005

Yes 11.4 6.0 3.0 6.6

Notes: n.s. (p>0.05)
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Appendix E: Alternative Identi�cation Strategies

Option 2: Treatment E�ects Model

The �rst step is to build a model that allows for the joint determination of treatment status and sexual
activity. A simple way to do this is to use a standard �treatment e�ects� model with instrumental variables.
Speci�cally, we use a two-equation model where the �rst-stage models the binary receipt of ARV treatment
as a probit, and the second-stage is a linear model for the number of sexual partners.

Let T ∗
i represent the latent index function that measures the treatment propensity for HIV+ patient i.

T ∗
i = β1Xi + β2Zi − εT,i (7)

The vector Xi represents observed exogenous co-variates that determine treatment propensity: age,
gender, education, along with state-level social and economic factors.

Zi is the vector of variables or a variable that in�uences the probability of the ARV take-up independent of
numbers of sexual partners. We can use a combination of any the following variables as plausible instruments:

• time to clinic;

• variables that generate variation (nutritional supplementation or nurse support) for Groups B and C
from Section 3.3;

• CD4 < 200 as an indicator variable25

Our instruments could fail if they are correlated with unobserved determinants of sexual activity. To address
this issue, we will examine evidence that our instruments are related to di�erences in sexual activity only
through their e�ects on ARV treatment receipt, and not otherwise.

Treatment is also assumed to depend on a random error component εT,i that is uncorrelated with Xi and
Zi. De�ne Ti as the indicator variable for whether individual i actually received ARV; it equals unity if and
only if the latent index T ∗

i exceeds zero.
Let Si represent the number of sex partners for HIV+ patient i:

Si = ς1Ti + ς2Xi − εS,i (8)

For simplicity, we assume Si depends linearly on Xi. To complete the model and allow for correlation
between treatment and sexual activity, we assume the errors εS,i and εT,i are jointly distributed as bivariate
normal with correlation coe�cient ρ. It is useful to think of this correlation ρ as unobserved health. That
is, patients with poor unobserved health are more likely to get treatment and they are also less likely to be
sexually active. We estimate this joint model via maximum likelihood26.

Computationally, we can use the standard �treatreg� command (with weights and robust standard errors
clustered at the state level) in Stata version 10. The command uses maximum likelihood methods to estimate
the probit treatment equation and linear outcome equation simultaneously.

A Count Data Model of Sex Partners

While the simple treatment e�ects approach is standard, its limitation is the modeling of sex partners as a
continuously distributed variable, instead of an integer-valued count. Therefore, we present an alternative
�count data� approach where the number of partners follows a negative binomial distribution, but ARV
receipt continues to be modeled simply as a probit27.

Suppose there is some common unobserved component in the treatment and sex partner equation. Con-
cretely, one can think of this as health status. This component, η, is assumed to be distributed as a standard
normal random variable, so that the latent treatment equation reads as:

T ∗
i = δ0 + δ1Xi + δ2Zi − νT,i − ηi (9)

25We can code the CD4 threshold as a dummy variable.
26Maddala [1986] derives the maximum likelihood estimator.
27See Deb and Trivedi, 2004, for a detailed exposition of the model
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We assume that νT,i and ηi are distributed standard normal, and that Ti continues to follow the latent
index T ∗

i . Therefore, conditional on η, Ti follows a probit as before. E�ectively, unobserved heterogeneity in
the treatment equation is decomposed into one component that is not correlated with sexual behavior (νT,i)
and another one that is (ηi).

The number of sex partners is distributed as a Poisson process with mean/variance parameter exp(θ0 +
θ1Xi + θ2Ti − ληi − νS,i). Just as in the treatment equation, heterogeneity in the number of sex partners
is decomposed into a component that is uncorrelated with treatment, νS,i, and one that is, ηi. Notice that
λ� is the covariance between the correlated errors in the two equations. If νS,i is assumed to follow a Γ(α)
distribution, Si is distributed as a negative binomial with mean µ ≡ exp(θ0 + θ1Xi + θ2Ti − ληi − νS,i). We
can estimate the parameters of this model via Maximum Likelihood.

Option 3: Matching Methods and Control Function Estimation

The last option for identi�cation is a semi-parametric generalization of the Heckman selection correction
model though either (1) selection on observables accounted for with a matching technique or (2) selection on
observables accounted for with a control function estimation. Its advantages are a more general �rst stage
equation and a better diagnostic for assessing the comparability of the treatment and comparison groups
(how balanced are the co-variates of treatment and comparison group members with similar propensity
scores). Because this approach relies selection on �observables� or �unobservables�, this propensity score
method is most useful when the econometrician observes all of the variables used in selection but does not
know the exact form of the "rule" that leads to selection into treatment.

The exact matching estimator approach will be to match treatment (coming from our Groups A, B, C)
and control observations (from Group D) by X (all observable characteristics used in estimation), get the
di�erence in mean outcomes (the treatment e�ect at X = x) at each value of X, and then get the TOT
(Treatment on the Treated) by averaging these estimated treatment e�ects over the distribution of X for
the treatment group.

Thus, in this case of selection on observables, adjusting for the propensity score removes the biases
associated with di�erences in co-variates. Why is it su�cient to condition just on the propensity score? The
reason is that under the Rosenbaum-Rubin assumptions for selection on observables (co-variates X), the
co-variates are independent of assignment to treatment conditional on the propensity score. In other words,
the distribution of co-variates should be the same across treatment and comparison groups for observations
with the same propensity score. This implication of the assumptions for the propensity score approach to be
appropriate provides a diagnostic: one can group observations in strata based on the estimated propensity
score and check whether the co-variates are balanced across the treatment and comparison groups in each
strata.

There are a number of di�erent semi-parametric ways to use the propensity score to estimate the TOT
given that you have achieved "balance" in the co-variates. The multiplicity of methods arises when the true
functional form of the second stage equation is unknown:

1. Control Function: Use your �rst stage equation to form the Heckman selection correction term and
add it to your second stage regression

2. Stratify : Divide the data into blocks based on the propensity score. Run the second stage equation
within each block (this might just be the mean di�erence in outcomes for treatment and comparison
observations in each block). Calculate the weighted mean of the within-block estimates to get the TOT
(weight by number of treatment observations in each block).

3. Match: Match each treatment observation with a comparison observation, based on similar propensity
scores (�nd closest match). Treat the data like panel data (like twins data) and run within-match
(match �xed e�ects) models of the treatment e�ect.

4. Weight : Weight each observation by its propensity score and estimate the second stage equation
(Hirano, Imbens and Ridder 2003).

In the context of labor market interventions in the U.S., Dehejia and Wahba (1999) illustrate these methods
and show that once one achieves "balance" of co-variates within blocks that these propensity score methods
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come quite close to the experimental estimates for the NSW demonstration in the U.S. in contrast to the
lack of reliability of other the traditional econometric non-experimental estimators examined by LaLonde
(1986).
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