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ABSTRACT
In 2015, the World Health Organization (WHO) announced revised guidelines for the
treatment of HIV, recommending immediate initiation of antiretroviral therapy (ART) for all
HIV-infected individuals worldwide. This recommendation was based on the results of several
landmark randomized controlled trials of immediate ART initiation that documented substantial
decreases in HIV transmission within couples and improvements in clinical outcomes in
individuals. However, the degree to which global scale-up of immediate ART initiation will
result in reductions in HIV transmission and gains in life expectancy depends on real-world
effectiveness. Outside of trials, a large proportion of HIV-infected individuals do not know their
status and resource constraints can affect the supply of ART.
Using the Africa Centre for Population Health’s demographic and HIV surveillance
program, a population-based open cohort that has been conducting annual surveillance since
2000, this dissertation evaluates the effectiveness of ART in a real-world setting at multiple
levels, including for individuals, within couples, and in households. First, this dissertation
analyzes the effect of ART uptake in serodiscordant couples in the risk of HIV acquisition by the
uninfected partner. Second, the effectiveness of immediate eligibility for ART on householdlevel HIV acquisition is assessed. Finally, the effect of immediate ART eligibility and uptake on
survival in HIV-infected individuals is examined using two causal modeling approaches.
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ART was found to be highly effective at preventing new infections and reducing
mortality in a hyperendemic region of rural KwaZulu-Natal. In serodiscordant couples, the use
of ART was associated with a 77% reduction in HIV acquisition in this cohort, a dramatic
decrease in HIV transmission despite the severe resource constraints of the area. As expected,
the effect in households where not all members are sexual partners was less pronounced, with a
53% reduction in HIV transmission. Finally, the use of ART led to a 35-40% decrease in allcause mortality. Taken together, these results indicate a strong protective effect of ART outside
of a tightly controlled clinical trial setting. The scale-up of immediate ART eligibility and
initiation in Sub-Saharan Africa likely will lead to significant reductions in the HIV epidemic
and in the survival of HIV-infected individuals.
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INTRODUCTION
Since antiretroviral therapy (ART) was introduced in South Africa in 2004, large gains in
life expectancy1,2 and reductions in HIV acquisition3,4 have been observed at the population
level. Two recent landmark randomized controlled trials, the HPTN-052 study and the START
trial, have assessed the efficacy of initiating ART immediately versus delaying to 250 cells/µl
(HPTN-052) and 350 cells/µl (START) on HIV transmission and clinical outcomes, including
mortality.5,6 In HPTN-052, a 96% reduction in linked and 89% reduction in unlinked HIV
transmission was observed in serodiscordant couples with the immediate initiation of ART, and a
27% reduction in mortality. In START, a 42% reduction in mortality accompanied immediate
initiation of ART. However, neither of these studies were powered to detect a difference in allcause mortality.
To date, the majority of the evidence related to the individual effects of initiation of ART
arises from randomized controlled trials. While these large, important studies provide critical
evidence of the efficacy of ART, in many respects they represent a best-case scenario. Existing
studies of serodiscordant couples, for example, rely on volunteer samples of serodiscordant
couples, each of whom know their own status and know their partner’s status. Furthermore,
these couples are typically engaged in clinical care, and receive extraordinary amounts of
counseling as part of their participation in the trial or study in which they are enrolled. In
addition, resource-rich trials do not suffer from many of the pitfalls of HIV treatment and care
programs in Sub-Saharan Africa, including stock-outs, losses to retention in care due to logistical
difficulties with getting to clinics, or understaffed clinics. While these trials allow for the best
estimate of the true potential effect of ART on HIV transmission and clinical outcomes, they do
not necessarily reflect real-life scenarios. When estimating the potential effect that scale-up of
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immediate ART initiation will have in populations, evidence from real-world population-based
cohorts is necessary – situations where people do not necessarily know their HIV status, they
may miss clinic appointments or be lost to care completely, and where busy and understaffed
clinics may not have the resources to provide comprehensive HIV transmission and ART
adherence counseling.7
The Africa Centre for Population Health (“Africa Centre”) began demographic
surveillance in 2000 and HIV surveillance in 2003 in response to a rapidly expanding HIV
epidemic in South Africa.8 The Africa Centre surveillance program takes place in rural
KwaZulu-Natal, one of the highest HIV incidence and prevalence areas in Sub-Saharan
Africa.9,10 The surveillance covers an area of approximately 438 km2 and a population of 85,000
people in 11,000 households. The demographic surveillance captures dynamics of household
and relationship structures within the population, economic factors such as household wealth
indices and employment information, and general health status. Individuals who live in the same
physical structure are captured as households, and cohabiting partners are identifiable via unique
relationship identifiers. Individual movement out of and into different physical structures within
the catchment area is captured through the surveillance program. The demographic surveillance
program is done via proxy interview, which allows for capturing information on individuals even
if they are not physically home via interview of the head of household. In addition, a homebased yearly HIV testing program has been in place since 2003. This house-to-house program
covers the entire catchment area of the demographic surveillance area and tests individuals on a
yearly basis, regardless of their HIV status. Finally, death data is collected via verbal autopsy.
More than 99% of all deaths that occur in the catchment area are captured as part of the verbal
autopsy program. Participation in the demographic surveillance is very high (>99%).
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Participation in HIV surveillance is substantially lower, with approximately 40% of eligible
individuals consenting to HIV testing, although participation in the HIV testing program is
improving.8,11
In addition to demographic and HIV surveillance, data from 17 nurse-led public HIV
treatment and care clinics have been routinely collected as part of a PEPFAR-funded monitoring
and evaluation of the Hlabisa HIV Treatment and Care Programme since 2004.12 Data collected
include routine CD4 count data, ART status (including dates of eligibility, counseling, and
initiation), and viral load monitoring for those on ART. These public sector clinics are the only
providers of HIV care in the region, and thus the vast majority of linkages to HIV care and ART
initiations are captured by the data arising from this program. A unique feature is that data from
the clinics has been linked to data from the Africa Centre surveillance via individual
identification numbers. This allows for identification of who, within the surveillance program,
has linked to HIV care and initiated ART, and when.
The Africa Centre demographic and HIV surveillance data provide a unique opportunity
for generating evidence related to the effectiveness of ART in a real-life setting with a high
burden of HIV. The aim of this dissertation is thus threefold – to describe the effectiveness of
ART in individuals (via assessing the effect of ART on mortality), in couples (via HIV
transmission in serodiscordant couples), and in households (via the effect of ART uptake by a
household member on HIV incidence in the household). Due to the observational nature of the
cohort, ART is non-randomly assigned, potentially resulting in confounding of the exposureoutcome relationship. A variety of methods are used and discussed to attempt to overcome this
limitation inherent in any observational epidemiologic study.
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Paper One focuses on the effect of ART uptake on HIV transmission within
serodiscordant couples. Couples are identified via demographic surveillance and are defined as
cohabiting partners, who may or may not be legally married. This paper assesses the effect of
ART by the HIV-infected partner on HIV acquisition in the HIV-uninfected partner in a situation
where such couples are not self-identified and where the HIV-infected partner is not necessarily
linked to HIV care. Paper Two focuses on the effect of immediate ART eligibility on household
HIV incidence, and assesses the effect of immediate eligibility for ART of the first HIV-infected
member of the household to link to HIV-related care on HIV incidence in their household
members, who are residence of the same physical space. Finally, Paper Three assesses the effect
of immediate ART initiation at the individual level, by analyzing the effect of ART on survival.
Paper Three uses two distinct epidemiologic methods, regression discontinuity and inverse
probability weighting of marginal structural models12-15, to attempt to address confounding
inherent in observational epidemiological data with two methods with very different assumptions
for exchangeability.
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ABSTRACT
Background. Antiretroviral therapy (ART) was highly efficacious in preventing HIV
transmission in stable serodiscordant couples in the HPTN-052 study, a resource-rich
randomized controlled trial. However, minimal evidence exists of the effectiveness of
ART in preventing HIV transmission in stable serodiscordant couples in real-life
population-based settings in hyperendemic communities of Sub-Saharan Africa, where
health systems are typically resource-poor and overburdened, adherence to ART is
suboptimal, and HIV status disclosure to sexual partners is inconsistent.
Methods. Data arose from a population-based open cohort in KwaZulu-Natal, South
Africa. HIV-uninfected individuals present between January 2005 and December 2013
(n=17,016) were included. Interval-censored time-updated proportional hazards
regression was used to assess how the ART status affected HIV transmission risk in
stable serodiscordant relationships.
Results. Of 17,016 individuals, 1,846 had an HIV-uninfected and 196 had an HIVinfected stable partner over the follow-up period. HIV incidence was 3.8 per 100 personyears (100PY) among individuals with an HIV-infected partner (95% confidence interval
[CI] 2.3-5.6), corresponding to 1.4 per 100PY (95% CI 0.4-3.5) among those with HIVinfected partners on ART and 5.6 per 100PY (95% CI 3.5-8.4) among those with partners
not on ART. Use of ART was associated with a 77% decrease in HIV transmission risk
amongst serodiscordant couples (aHR=0.23, 95% CI 0.07-0.80).
Conclusions. ART enrollment was associated with a very large reduction in HIV
transmission in serodiscordant couples in rural KwaZulu-Natal. However, real-life
effectiveness was substantially lower than in the HPTN-052 trial. To eliminate HIV
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transmission in serodiscordant couples, additional prevention interventions are likely
needed.
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INTRODUCTION
HIV transmission within stable heterosexual partnerships is thought to be a major
contributor to new HIV infection in Sub-Saharan Africa (SSA).1-3 In the pre-antiretroviral
therapy (ART) era, HIV incidence has been estimated at approximately 5 cases per 100
person-years among men and 10 cases per 100 person-years among women in
serodiscordant relationships in Tanzania4 and Uganda.2 Higher HIV incidence among
women in serodiscordant relationships may be related to higher per-act probability of
HIV transmission among women than men.5 In some studies from SSA, marriage has
been implicated as a risk factor for HIV acquisition among women,6,7 perhaps due to
greater vulnerability to HIV within marriage (e.g., difficulty with condom use
negotiation), or to women being more likely to acquire HIV prior to marriage.8-11
The introduction of ART has resulted in dramatic decreases in HIV transmission
globally.12-16 The landmark HPTN-052 study demonstrated near elimination in HIV
incidence in serodiscordant couples with immediate versus delayed initiation of ART.12 A
recent meta-analysis showed greatly reduced HIV transmission in serodiscordant couples
where the HIV positive partner is virally suppressed.13 Increasing ART coverage at the
community14 and household16 level is associated with decreased HIV transmission, and
modeling studies have suggested that HIV transmission could be eliminated at 90% ART
coverage.17 However, evidence of the efficacy of ART has primarily arisen from
randomized trials or cohorts of serodiscordant couples who volunteered to participate in a
clinical study by enrolling in serodiscordant couple clinics or partner testing programs.
These studies were highly controlled and resource-rich and thus do not represent the reallife settings of resource-poor public-sector health systems in the hyperendemic
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communities of SSA. In HPTN-052, viral suppression was greater than 89% among
individuals immediately initiating ART for the course of the study,18 compared to 77% in
public-sector ART clinics in KwaZulu-Natal19, which could lead to reduced effect sizes.
Importantly, all individuals in the prior studies were aware of their HIV status and had
disclosed their status to their partners.20-25 In real-life settings in SSA, individuals
commonly do not disclose their HIV status to their partners for fear of negative
consequences to their lives.26
To date, little empirical evidence on the effectiveness of HIV treatment-asprevention in serodiscordant couples exists from real-life population-based settings with
resource-poor health systems. In this study, we aim to establish such evidence in an HIV
hyperendemic rural community in KwaZulu-Natal.

METHODS
Study setting. Data arose from the population-based longitudinal surveillance program
conducted by the Africa Centre for Population Health (“Africa Centre”).27 This
surveillance program is located in a predominantly rural community of uMkhanyakude
district, KwaZulu-Natal. The Africa Centre has conducted an HIV surveillance program
since 2003, including confidential HIV testing, collection of sexual history and behaviors,
relationship status, and household demographic data. The surveillance covers a 438-km2
demographic surveillance area (DSA) and includes all members of all households.
KwaZulu-Natal is the province that bears the largest HIV burden in South
Africa.28-30 Age-specific incidence peaks at more than 6 cases per 100 person-years
(100PY) among women in KwaZulu-Natal and 4 cases per 100 person-years among
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men.14,31,32 Adult HIV prevalence in this region is 29%,33 and only 34% of working-age
adults are employed.34 ART coverage has increased rapidly since 2004 primarily via
nurse-led public sector ART programs,14,33 but viral suppression and immunologic
recovery among ART patients is comparatively low.19 ART is provided primarily via
primary care clinics that are run by nurses.19 Although ART coverage has expanded
rapidly14, the program suffers from drug stock-outs, difficulty with retention in care, and
lower viral suppression compared to other settings and studies.18,19

Participants and procedures. Data were available from January 2005 through December
2013. Participants were included in this analysis if they had a first negative HIV test
followed by at least one subsequent HIV test (regardless of result) and, for those in stable
relationships, reported only a single stable partner. Baseline was considered the earliest
date at which an individual tested HIV negative.
Ethical approval for data collection, linkage, and analysis was obtained from the
University of KwaZulu-Natal Biomedical Research Ethics Committee, and written
informed consent was obtained from all participants. The analyses presented here were
exempted from additional ethical review by the Harvard School of Public Health
Institutional Review Board due to their use of anonymized secondary data.

Outcome ascertainment. The primary outcome for analyses was time-to-HIV
seroconversion, where seroconversion required at least one negative HIV test followed by
at least one positive test.
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Exposure ascertainment. The primary exposures of interest were the HIV and ART status
of each respondent’s partner. In this region, a large number of individuals are in primary,
co-habiting, ‘conjugal relationships’ (henceforth, ‘stable partnerships’), who are members
of the same household, may have had children together, and are socially recognized as
being partners.35 These partnerships are more common among older individuals than
among younger individuals, who more frequently live in households headed by their
parents or kin. Stable partnerships were identified via demographic household
surveillance data. Unique Africa Centre identification codes were used to link partners to
one-another. Stable partnerships remain under observation until they are reported to have
ended by either partner during a household visit.
The HIV status of each stable partner was ascertained from HIV surveillance data.
Respondents were considered to be in a serodiscordant relationship if their stable partner
had tested positive before or at the same time as the respondent’s current negative test, or
if they had initiated ART prior to the respondent’s current test. Respondents were
considered to be in a seroconcordant negative relationship if their partner tested negative
on or after the day the respondent tested negative. Respondents were censored at the end
of the relationship, on the date of their first positive HIV test, or on the date of their last
negative HIV test, whichever was first.
To determine ART status of HIV-infected partners, we linked demographic
surveillance data to information from the Hlabisa HIV Treatment and Care Programme,
which provides ART through 17 public-sector primary care clinics locally. HIV-infected
partners were defined as being on ART at the time of a demographic surveillance visit if
they had a record of having initiated ART prior to this date.
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Respondents not in stable partnerships were categorized as being in a relationship
or not based on self-reported relationship status. Participants who reported being married
or engaged, but not co-habiting with their partner and thus not identified by the
demographic surveillance, were coded as being in a non-co-habiting relationship. Those
who did not report a current relationship were coded as such.
Partnership status was time-varying, as individuals could begin or end
relationships, and partners’ HIV or ART status could change. Individuals could
contribute person-time to multiple exposure categories.

Covariates. Time-varying potential confounders included respondent-reported current
completed education (none or primary: 0-7 years; secondary: 8-12 years; tertiary: >12
years), household wealth (quintiles of the first component identified by principal
components analysis of 32 household assets and characteristics), and in the past 12
months having had more than one partner or inconsistent condom use with any partner.
Additional covariates included age at baseline and sex.

Statistical methods. HIV seroconversion dates are not typically exactly observed in
cohort study research. Instead, the event time is ‘interval censored’, in that it is known
that it occurs within an interval of time (between the date of the last negative HIV test
and the date of the first positive HIV test). The standard approach to interval censored
data is to impute an exact seroconversion date, for example by assuming that the HIV
seroconversion occurred at the midpoint between last negative and first positive dates.36
However, this approach has been demonstrated to lead to underestimated standard errors,
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and can lead to misclassification if the date of the exposure is known with precision but
not the event date .36 To avoid such problems, we fitted interval-censored parametric
proportional hazards models, which appropriately account for both uncertainty regarding
HIV seroconversion timing, and the time-varying nature of the exposure and potential
confounders.37,38 ART initiation dates were known with precision, as they were derived
from patient medical records.
A series of three models were included for each contrast of interest (HIV-infected
versus HIV-uninfected partner; HIV-infected partner on ART versus not on ART). Model
1 contained an indicator term for each partnership status category, the individual’s age,
sex, and an indicator for year of observation. Model 2 added educational attainment and
household wealth. Model 3 further added sexual behavior variables. For models
considering the effect of partner HIV status on HIV incidence, the referent category was
having an HIV-uninfected partner. For models considering the effect of partner ART
status, HIV-infected partner’s ART status was modeled as the proportion of the interval
that was covered by ART, and thus the indicator variable could range from 0 to 1.
Several sensitivity analyses were run. First, given that ART use does not result in
immediate viral suppression, we modeled partner’s ART use with a ‘wash-in’ period of
30 days, assuming that the first 30 days following ART initiation were untreated in an
interval censored model. Second, a Cox proportional hazards model using a midpoint
imputed HIV seroconversion date was run, to compare the interval censored approach to
the more standard midpoint imputation approach. Analyses were performed in SAS 9.2
and Stata 13.1.
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RESULTS
Between January 2005 and December 2013, 17,016 individuals contributing
60,349 person-years of follow met the inclusion criteria. Of 2,029 individuals with a
stable partner during the follow-up period, 195 individuals had an HIV-infected stable
partner, and 1,846 individuals had an HIV-uninfected stable partner. Individuals were
tested for HIV between two and nine times (24.4% tested twice, 21.4% three times,
32.1% four to five times, 17.5% six to seven times, and 4.6% eight or nine times). The
median time between tests was 374 days (interquartile range 352 to 700 days). Table 1.1
lists baseline characteristics for the study sample. Approximately 63% of the study
sample was female, and women tended to be older than men (mean age of 36 versus 29).
At baseline, 29% of participants reported being aware of their HIV status.
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Mean age at baseline (SD)
Educational attainment
(N=15,684)
None or primary (0-7
years)
6,402 (40.8%)
Secondary (8-12 years)
8,668 (55.3%)
Tertiary
614 (3.9%)
Household wealth quintile
(N=14,278)
Lowest
2,809 (19.7%)
2nd lowest
3,813 (26.7%)
Middle
3,462 (24.3%)
2nd highest
2,351 (16.5%)
Highest
1,843 (12.9%)
Multiple partners, past 12
464 (3.3%)
months (N=14,293)
Any inconsistent condom
use, past 12 months
5,342 (37.4%)
(N=14,295)
Knows own HIV status
3,279 (29.3%)
(N=11,177)
SD: Standard deviation. N: Number of respondents.

All
(N=17,016)
33.2 (20.5)

1,799 (20.1%)
2,434 (27.1%)
2,150 (24.0%)
1,472 (16.4%)
1,114 (12.4%)
50 (0.6%)
3,665 (42.9%)
2,437 (34.1%)

414 (7.2%)
1,677 (29.1%)
842 (20.9%)

4,294 (43.2%)
5,212 (53.0%)
365 (3.7%)

2,153 (36.8%)
3,456 (59.0%)
249 (4.3%)
1,010 (19.0%)
1,379 (26.0%)
1,312 (24.7%)
879 (16.6%)
729 (13.7%)

Female
(N=10,661)
36.0 (20.5)

Male
(N=6,355)
28.6 (17.9)

Table 1.1. Baseline descriptive characteristics by respondent sex

Table 1.2 shows HIV incidence by partnership status. Overall HIV incidence was
2.7 new infections per 100PY (95% CI 2.6 to 2.8 per 100PY), with an incidence of 5.6
per 100PY among individuals with an HIV-infected partner who was not on ART (95%
CI 3.5 to 8.4 per 100PY), 1.4 per 100PY among individuals with an HIV-infected partner
who was on ART (95% CI 0.4 to 3.5 per 100PY), and 0.3 cases per 100PY among
individuals with an HIV-uninfected partner (95% CI 0.2 to 0.5). Men with HIVuninfected partners had higher HIV incidence than women with HIV-uninfected partners,
whereas women with HIV-infected partners had higher HIV incidence than men with
HIV-infected partners.
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Negative Partner
20
Positive Partner
27
On ART
4
Not on ART
23
Unknown partner
197 10,713 1.8 (1.6 to 2.1)
status
General
population, in
78
2,171 3.6 (2.8 to 4.5)
relationship
General
population, not
1,297 40,114 3.2 (3.1 to 3.4)
in relationship
Overall
1,619 60,349 2.7 (2.6 to 2.8)
N: number of seroconversions; PY: person-years

N

Overall
PY
Incidence
Rate
per 100 PY
6,644 0.3 (0.2 to 0.5)
707
3.8 (2.3 to 5.6)
294 1.4 (0.4 to 3.5)
413 5.6 (3.5 to 8.4)

Table 1.2. HIV incidence by partner status and sex

39,586

64

1,243

1,632

148

25,335

8,492

4
16

1,003

3,720
406
179
227

8
20

N

3.1 (3.0 to 3.3)

4.0 (3.7 to 4.2)

3.9 (3.0 to 5.0)

1.7 (1.5 to 2.0)

0.2 (0.1 to 0.4)
4.9 (3.0 to 7.6)
2.2 (0.6 to 5.7)
7.0 (4.0 to 11.4)

Women
PY
Incidence Rate
per 100 PY

376

294

14

49

12
7
0
7

N

20,763

14,779

538

2,221

2,923
302
116
186

PY

1.8 (1.6 to 2.0)

2.0 (1.8 to 2.2)

2.6 (1.4 to 4.4)

2.2 (1.6 to 2.9)

Incidence
Rate
per 100 PY
0.4 (0.2 to 0.7)
2.3 (0.9 to 4.8)
0 (0 to 3.2)
3.8 (1.5 to 7.8)

Men

All partnership categories had significantly elevated HIV incidence compared to
individual in stable partnerships with HIV-uninfected partners (Table 1.3). Individuals
with an HIV-infected stable partner had the greatest elevation in HIV incidence, with
more than 10 times the HIV incidence compared to individuals with HIV-uninfected
stable partners (aHR 10.04, 95% CI 5.51 to 18.32; Table 3). This result was robust to
adjustment for socioeconomic and sexual behavior-related factors (Table 1.3). The use of
ART by an HIV-infected partner was associated with a 77% reduction in HIV incidence
compared to no ART use by an HIV-infected partner (aHR 0.23, 95% CI 0.07 to 0.80;
Table 4; Figure 1.1). As expected, this effect was slightly stronger than that estimated by
the midpoint imputed Cox proportional hazards model (aHR 0.28, 95% CI 0.10 to 0.80;
Table 1.S4), with a slightly wider confidence interval. This result was robust to the
assumption of no effect of ART during the first 30 days of ART initiation (Table 1.S5).
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1.72 (1.56 to 1.92)

2.25 (1.76 to 2.88)

1.00
1.17 (0.99 to 1.37)
1.28 (1.09 to 1.50)
1.24 (1.05 to 1.46)
1.08 (0.90 to 1.28)

1.00
0.93 (0.81 to 1.07)
0.88 (0.67 to 1.14)

MODEL 21
MODEL 31
Hazards Ratio
Hazards Ratio
(95% CI)
(95% CI)
1.00
1.00
9.71 (5.36 to 17.60)
10.04 (5.51 to 18.32)
4.26 (2.63 to 6.90)
4.36 (2.67 to 7.13)
6.63 (3.95 to 11.10)
6.26 (3.71 to 10.58)
6.02 (3.75 to 9.66)
6.42 (3.97 to 10.40)
2.18 (1.93 to 2.45)
2.24 (1.98 to 2.54)
1.13 (1.10 to 1.16)
1.11 (1.08 to 1.12)
0.998 (0.997 to 0.998) 0.998 (0.997 to 0.999)

Negative partner
Positive partner
Unknown partner status
In relationship, non-conjugal
Not in relationship
Female sex
Age at baseline
Age squared
Educational attainment
None or primary (0-7 years)
1.00
Secondary (8-12 year)
0.99 (0.86 to 1.13)
Tertiary
0.94 (0.73 to 1.22)
Household wealth quintile
Lowest
1.00
2nd lowest
1.20 (1.02 to 1.41)
Middle
1.28 (1.09 to 1.41)
2nd highest
1.24 (1.06 to 1.46)
Highest
1.06 (0.89 to 1.26)
Multiple partners, past 12
months
Any inconsistent condom use,
past 12 months
1
Interval-censored parametric proportional hazards model; CI: confidence interval

MODEL 11
Hazards Ratio
(95% CI)
1.00
9.91 (5.48 to 17.94)
4.26 (2.63 to 6.89)
6.61 (3.94 to 11.06)
5.98 (3.73 to 9.60)
2.19 (1.94 to 2.46)
1.13 (1.10 to 1.16)
0.998 (0.997 to 0.998)

Table 1.3. Association between partner serostatus and HIV acquisition
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Table 1.4. Association between ART status and HIV acquisition
MODEL 11
MODEL 21
MODEL 31
Hazards Ratio
Hazards Ratio
Hazards Ratio
(95% CI)
(95% CI)
(95% CI)
Positive partner, not on ART
1.00
1.00
1.00
Positive partner, on ART
0.23 (0.07 to 0.80)
0.23 (0.07 to 0.80)
0.23 (0.07 to 0.80)
Negative partner
0.08 (0.05 to 0.15)
0.09 (0.05 to 0.16)
0.08 (0.04 to 0.15)
Unknown partner status
0.32 (0.21 to 0.50)
0.33 (0.21 to 0.51)
0.32 (0.21 to 0.50)
In relationship, non-conjugal
0.50 (0.31 to 0.80)
0.51 (0.32 to 0.82)
0.46 (0.29 to 0.73)
Not in relationship
0.46 (0.30 to 0.70)
0.46 (0.30 to 0.70)
0.47 (0.31 to 0.72)
Female sex
2.19 (1.95 to 2.46)
2.18 (1.94 to 2.45)
2.25 (1.99 to 2.54)
Age at baseline
1.13 (1.10 to 1.16)
1.13 (1.10 to 1.16)
1.11 (1.08 to 1.14)
Age squared
0.998 (0.997 to 0.998) 0.998 (0.997 to 0.998) 0.998 (0.997 to 0.998)
Educational attainment
None or primary (0-7 years)
1.00
1.00
Secondary (8-12 year)
0.99 (0.86 to 1.13)
0.93 (0.81 to 1.07)
Tertiary
0.94 (0.72 to 1.22)
0.89 (0.68 to 1.15)
Household wealth quintile
Lowest
nd
2 lowest
Middle
nd
2 highest
Highest
1.00
1.00
1.20 (1.02 to 1.41)
1.17 (0.99 to 1.38)
1.28 (1.09 to 1.51)
1.28 (1.09 to 1.51)
1.24 (1.06 to 1.46)
1.24 (1.05 to 1.45)
1.06 (0.89 to 1.26)
1.07 (0.90 to 1.27)
Multiple partners, past 12
2.26 (1.76 to 2.89)
months
Any inconsistent condom use,
1.73 (1.56 to 1.92)
last 12 months
1
Interval censored parametric proportional hazards model; CI: confidence interval

1"
0.9"

Adjusted Hazards Ratio

0.8"
0.7"
0.6"
0.5"
0.4"
0.3"
0.2"
0.1"
0"

Co-habiting, HIV+ Co-habiting, HIV+ Co-habiting, HIVpartner not on
partner on ART
partner
ART

Co-habiting,
partner status
unknown

In non-cohabiting Not in relationship
relationship

Figure 1.1. Adjusted hazards ratio for each partnership category compared to co-habiting couple,
HIV+ partner not on ART (reference category). Interval-censored time-updated proportional
hazards models adjusted for age, sex, educational attainment, household wealth, concurrent
partners, and condom use.
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DISCUSSION
In controlled and resource-intensive randomized trials and clinical cohort studies, early
initiation of ART dramatically reduces HIV transmission to uninfected partners in serodiscordant
relationships.12,15,39 In the landmark HPTN-052 study, immediate ART initiation resulted in a
96% reduction in linked HIV transmission and 89% reduction in overall HIV transmission
among serodiscordant couples.12 In the present study we tested the effectiveness of ART in
reducing HIV transmission in serodiscordant couples for the first time in a real-life populationbased setting. We find that ART is highly effective in reducing HIV transmission in
serodiscordant couples in a poor HIV hyperendemic community, despite severe resource
constraints in the public-sector health system in this setting. In this community, ART is
delivered through primary care clinics that are staffed and led exclusively by nurses. Supply
chain failures in this setting have frequently led to drug stock-outs over the observation period,
and patients commonly miss scheduled visits to the ART program and adherence to ART is
lower than is seen in more tightly controlled study settings. Despite these imperfections of reallife ART delivery, our results demonstrate that ART is highly effective in preventing HIV
transmission in serodiscordant couples. Because this study was population-based, including all
stable discordant couples in the community, our findings are generalizable beyond those of the
previous controlled clinical studies, which enrolled only individuals who utilized health care
targeting couples and who had disclosed their HIV status to their partner. 12,20-24,40
Our results must be considered in the context of several limitations. First, as with any
long-term population-based study, there was some attrition and nonresponse. Selection bias
could be introduced if those who tested systematically differed from those who declined testing.
Second, we cannot rule out bias due to unmeasured confounding. For example, individuals with
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greater health-seeking behavior may both be more likely to link to care and initiate ART and
more likely to use condoms. However, the longitudinal nature of this analysis allowed for
adjustment of time-varying confounding by a range of sociodemographic and behavioral factors,
that likely at least partially control for such effects. Importantly, the large effect sizes in this
study mean that any bias due to confounding would have to be considerable to nullify these
results.
Third, while this study represents a true population cohort, our findings may not be
generalizable to all contexts. In rural South Africa, co-habitation, which would lead to
documentation as being in a “conjugal relationship”, tends to occur at older ages,35 while HIV
incidence is highest in younger men and women.14,29 Similar sexual partnership structures are
found in other poor rural settings in Southern Africa. However, our results may not be
generalizable to communities with different partnerships structures, e.g., where serodiscordant
partnerships are prevalent among younger individuals. Finally, observed HIV incidence among
individuals with HIV-uninfected stable partners was relatively low, and while this may partially
reflect overall lower HIV risk behaviors among this older population, it may also reflect a
selection effect: in this very high HIV prevalence setting, those who have not already acquired
HIV by the time they enter a seroconcordant-negative stable partnership may have lifelong risk
behaviors that are qualitatively different from the rest of the population.

Conclusion
ART is a highly effective strategy to prevent HIV transmission in serodiscordant couples,
even when it is provided in a resource-poor, public-sector health care system in a hyperendemic
community. While the HIV prevention effect in this ‘real life’ study is large, it falls short of the
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near-complete elimination of HIV transmission observed in the HPTN-052 study, suggesting that
additional prevention interventions will likely be required to eliminate HIV transmission in
serodiscordant couples in SSA.
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APPENDIX 1.1. Supplementary information and sensitivity analyses
INTRODUCTION
We conducted a systematic review of the literature to characterize 1) the results to date of
clinical trials and observational studies assessing the effect of antiretroviral therapy (ART) on
HIV transmission in serodiscordant couples and 2) how studies to date have modeled HIV
seroconversion, given that the exact date of HIV seroconversion is unknown. In addition, we
present a breakdown of demographic characteristics by partnership category. Finally, we present
results from two sensitivity analyses assessing robustness of the primary results to different
specifications of the model. First, a standard Cox proportional hazards model using midpoint
imputation was run, to compare the results of standard modeling to the interval censored
approach used for the primary analysis. Secondly, we modeled a “wash-in” period for ART
effectiveness. In this model, we assume that ART has no effect until after 30 days after
initiation. In this model, individuals are coded as “not on ART” for the first 30 days after their
ART initiation date.

SYSTEMATIC REVIEW
We searched Medline (from inception to September 15, 2015) using the terms
(“discordant” AND “antiretroviral”), (“serodiscordant” AND “antiretroviral), (“heterosexual
couples” and “antiretroviral”), and (“treatment as prevention” AND “hiv”) and reviewed
previously published systematic reviews. A total of 18 studies were identified that investigated
the effect of antiretroviral therapy use on HIV acquisition among serodiscordant heterosexual
couples (summarized in Table 1). These studies included one randomized controlled trial, one
open-label randomized trial, 12 prospective cohort studies, and 4 retrospective cohort studies.
The majority of studies reported a significant, protective effect of antiretroviral therapy in
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heterosexual couples. Few studies reported cohorts in which couples were not mutually aware of
the other’s serostatus. The majority of studies relied on standard midpoint imputation methods
for dealing with the interval-censored nature of HIV seroconversion.
In this study, we estimate a 77% reduction in HIV acquisition among HIV-uninfected
individuals with HIV-infected partners receiving ART compared to those not receiving ART.
The results of the present study add to the existing evidence in two important ways. First, we
present estimates in a population-based cohort in which individuals are not told the results of
their HIV test, resulting in a “real world” population in which not all individuals have tested and
are aware of their, or their partner’s, serostatus. As a non-clinic based sample, these individuals
do not receive counseling on risk reduction or other behavioral interventions to prevent HIV. In
addition, we include HIV incidence data for all HIV-uninfected individuals in the entire
population, and allow for control for time trends in the HIV epidemic in the population. This
estimate therefore reflects more realistic conditions than can be expected in studies with strict
eligibility criteria and intervention components. Second, we present estimates for both a
standard Cox proportional hazards model assuming a midpoint date for HIV seroconversion and
an interval-censored parametric proportional hazards model. These results indicate that the
standard midpoint-imputed model underestimated the effect size relative to the interval-censored
model, with a hazards ratio of 0.28 in the midpoint model compared to 0.24 in the interval
censored model. Our findings add support to the existing literature and suggest that initiation of
ART, which includes being aware of one’s serostatus and linking to care, will have a significant
impact on the trajectory of the HIV epidemic.
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China

4,916

1,258

Yang
[2015]

Cohen
[2011]

Reynolds
[2011]

Jia [2013]

Jean
[2014]
Biraro
[2013]

Zhang
[2015]
He [2013]

China

6,548

1,763

251
Botswana,
Kenya, Malawi,
South Africa,
Zimbabwe,
Brazil, India,
Thailand,
United States

Uganda

China

Uganda

259

38,862

Côte d’Ivoire

China

1,101

957

China

1,854

China

Uganda

Country

586

N

Birungi
[2015]
Tang
[2015]
Smith
[2015]

Author
[Year]

2007-2011

2004-2009

2003-2011

1989-2007

2009-2011

2009-2011

1996-2013

2005-2007

2006-2012

2003-2013

2009-2011

Time Period

Randomized
controlled trial

Prospective
cohort

Retrospective
cohort

Prospective
cohort

Retrospective
cohort
Prospective
cohort
Randomized
open-label trial

Prospective
cohort

0.04 [0.01 to 0.27]11

010

0.74 [0.65-0.84]9

08

Yes

No

Yes

No

No

Yes

0.30 [0.10-0.86]6
0.10 [0.05 to 0.19]7

Yes

Yes

0.45 [0.28-0.71]5

0.02 [0.001-0.18]4

Yes

Yes

0.65 [0.51-0.83]2
0.52 [0.34-0.82]3

Yes

1.07 [0.41-2.08]1
(unadjusted)

Prospective
cohort
Prospective
cohort
Prospective
cohort

Mutually
Disclosed?

Effect estimate

Study design

NR

NR

NR

Midpoint

N/A

Midpoint

NR

Cumulative incidence

Midpoint

NR

NR

Method for dealing
with interval
censoring

Table 1.S1. Summary of published longitudinal studies of treatment as prevention for heterosexual serodiscordant couples
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93

926

393

436

Bunnell
[2006]

Castilla
[2005]

Musicco
[1994]
Italy

Spain

Uganda

Brazil

1987-1992

1991-2003

2003-2004

2000-2006

1989-2008

3,381

Spain

2004-2007

Botswana,
Kenya, Rwanda,
South Africa,
Tanzania,
Uganda, Zambia

476

2006-2008

China

1,927

Melo
[2008]

Del
Romero
[2010]

Wang
[2010]
Donnell
[2010]

Prospective
cohort

Prospective
cohort

Prospective
cohort

Retrospective
cohort

Prospective
cohort

Prospective
cohort

Retrospective
cohort

0.50 [0.10-0.90]18

0.14 [0.03-0.66]17

98% estimated
reduction16

015

014

0.08 [0.00-0.57]13

1.32 [0.78-2.22]12

Yes

Yes

No

Yes

Yes

Yes

Yes

Actual date

Midpoint

Cumulative incidence

N/A

NR

NR

Monitoring done every
3 months; any 3-month
period in which ART
was used considered
ART-exposed

Table 1.S1 (Continued). Summary of published longitudinal studies of treatment as prevention for heterosexual
serodiscordant couples

Abbreviations: NR=not reported; N/A=not applicable; 1Time-updated univariate Cox proportional hazards model;
2
Multivariable Cox proportional hazards model adjusted for duration of follow-up, sex, age, education, marital
status, occupation, route of HIV infection, baseline CD4 cell count in index patient; 3Time-varying marginal
structural model adjusted for age, sex, education, disease stage, time period; 4Multivariable logistic regression model
adjusted for age, viral load in index partner, and condom use in the past 6 months; 5Multivariable Cox proportional
hazards model adjusted for sex, index partner CD4 count, frequency of condom use in the past 3 months;
6
Multivariable Cox proportional hazards model adjusted for age, sex, education, HSV-2 serostatus in each partner,
and frequency of sex in the past 12 months; 7Model based on estimated per-coital-act probability of transmission in
the early ART initiation group compared to the delayed ART initiation group; 8No HIV seroconversions seen in 29
couples in which the index partner had initiated ART; 9Multivariable Cox proportional hazards model adjusted for
duration of follow-up, sex, age, education, marital status, occupation, route of HIV infection, and baseline CD4
count in the index partner; 10No HIV seroconversions among 32 HIV-infected index partners who received ART;
11
Cox proportional hazards model; 12Univariate Cox proportional hazards model; 13Exact Poisson model adjusted for
time on study and CD4 cell count; 14No HIV seroconversions seen in 144 couples; No HIV seroconversions seen in
41 couples; 16Estimated reduction in HIV transmission 6 months after initiating ART, based on number of partners,
condom use, partner HIV status, frequency of sexual behavior, and viral load; 17Multivariable logistic regression
model assessing HIV prevalence in the late HAART era (1999-2003) compared to pre-HAART (1991-1995)
adjusted for condom use in the past 6 months, CD4 count of the index case, AIDS-defining diseases in the index
case, sex, whether the relationship formed before or after HIV infection diagnosis, time since beginning of the
relationship, any sexually transmitted infection in the index case, and previous pregnancies; 18Multivariable Cox
proportional hazards model adjusting for condom use, peno-anal and peno-oral sex, indicators of the index partner’s
disease progression
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Mean age at baseline
(standard deviation)
Educational attainment
None or primary
Secondary
Tertiary
Household wealth
quintile
Lowest
nd
2 lowest
Middle
nd
2 highest
Highest
Multiple partners, past
12 months
Any inconsistent
condom use, past 12
months
46.0 (15.1)
1,286/2,045 (62.9%)
628/2,045 (30.7%)
131/2,045 (6.4%)
359/1,745 (20.6%)
498/1,745 (28.5%)
413/1,745 (23.7%)
262/1,745 (15.0%)
213/1,745 (12.2%)
29/1,763 (1.6%)
1,189/1,762 (67.5%)

1,255/1,839 (68.2%)
434/1,839 (23.6%)
150/1,839 (8.2%)
406/1,925 (21.1%)
530/1,925 (27.5%)
441/1,925 (22.9%)
295/1,925 (15.3%0
253/1,925 (13.1%)
43/1,424 (3.0%)
951/1,424 (66.8%)

Co-habiting
Relationship, Partner
Status Unknown

50.0 (14.6)

Co-habiting
Relationship,
Partner Status Known

311/479 (64.9%)

20/478 (4.2%)

88/415 (21.2%)
116/415 (28.0%)
101/415 (24.3%)
61/415 (14.7%)
49/415 (11.8%)

144/444 (32.4%)
261/444 (58.8%)
39/444 (8.8%)

32.9 (15.3)

Non-cohabiting
Relationship

Table 1.S2. Demographic and behavioral characteristics by baseline relationship status

2,891/10,630 (27.2%)

372/10,628 (3.5%)

1,956 /10,193 (19.2%)
2,669/10,193 (26.2%)
2,507/10,193 (24.6%)
1,733/10,193 (17.0%)
1,328/10,193 (13.0%)

3,717/11,356 (32.7%)
7,345/11,356 (64.7%)
294/11,356 (2.6%)

28.0 (18.9)

Not in Relationship

MIDPOINT IMPUTATION
In this model, we employed a standard Cox proportional hazards model using midpoint
imputation to model the date of HIV seroconversion. In observational HIV epidemiologic
research, the exact date of HIV seroconversion is generally unobserved. As demonstrated in the
systematic review, the vast majority of studies of the effect of ART on HIV transmission in
serodiscordant relationships either ignore the interval censored nature of HIV seroconversion
date or do not report how it was handled. The primary results of this study were modeled using
an interval-censored parametric proportional hazards model. Here, we present sensitivity
analysis modeling using a Cox proportional hazards model assuming an HIV seroconversion date
that is the midpoint between the last date the individual was known to be HIV-uninfected and the
first date they tested positive.
For the primary analysis, using the Cox model, we found a 72% decrease in HIV
acquisition (95% CI 0.10 to 0.80), compared to 77% reduction (95% CI 0.07 to 0.80). As
expected, the point estimate was biased towards the null in the midpoint imputation model
compared to the interval censored model. Furthermore, the confidence interval was slightly
wider in the interval censored model, reflecting uncertainty in the exact date of seroconversion.
These results underscore the importance of incorporating the interval censored nature of the data
in survival models of HIV seroconversion.
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Table 1.S3. Association between partner serostatus and HIV acquisition
MODEL 11
MODEL 22
MODEL 33
Hazards Ratio
Hazards Ratio
Hazards Ratio
(95% CI)
(95% CI)
(95% CI)
Negative partner
1.00
1.00
1.00
Positive partner
8.34 (4.67 to 14.89
8.32 (4.66 to 14.87)
8.70 (4.83 to 15.67)
Unknown partner status
4.05 (2.55 to 6.43)
3.75 (2.36 to 5.96)
3.88 (2.42 to 6.25)
Non-cohabiting
5.38 (3.27 to 8.86)
5.18 (3.13 to 8.55)
5.11 (3.07 to 8.53)
Not in relationship
5.97 (3.79 to 9.38)
5.67 (3.61 to 8.93)
6.08 (3.82 to 9.68)
1
Adjusted for sex, age, and visit year; 2Adjusted for sex, age, visit year, educational attainment,
and household wealth; 3Adjusted for sex, age, visit year, educational attainment, household
wealth, and sexual behaviors

41

Table 1.S4. Association between partner ART status and HIV acquisition
MODEL 11
MODEL 22
MODEL 33
Hazards Ratio
Hazards Ratio
Hazards Ratio
(95% CI)
(95% CI)
(95% CI)
Positive partner, no ART
1.00
1.00
1.00
Positive partner, on ART
0.28 (0.10 to 0.81) 0.28 (0.10 to 0.82) 0.28 (0.10 to 0.80)
Negative partner
0.09 (0.05 to 0.16) 0.09 (0.05 to 0.16) 0.09 (0.05 to 0.15)
Unknown partner status
0.35 (0.23 to 0.54) 0.33 (0.21 to 0.51) 0.32 (0.21 to 0.50)
Non-cohabiting
0.47 (0.29 to 0.75) 0.45 (0.28 to 0.73) 0.42 (0.26 to 0.68)
Not in relationship
0.52 (0.34 to 0.79) 0.50 (0.32 to 0.76) 0.50 (0.33 to 0.77)
1
Adjusted for sex, age, and visit year; 2Adjusted for sex, age, visit year, educational attainment,
and household wealth; 3Adjusted for sex, age, visit year, educational attainment, household
wealth, and sexual behaviors
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WASH-IN PERIOD
In this sensitivity analysis, we use an interval censored parametric proportional hazards
model that assumes a 30-day wash-in period for ART. Viral suppression following ART uptake
does not happen immediately. This analysis assumes that the first 30 days following the
initiation of ART are unexposed – that is, the 30 days of person-time following the ART
initiation date are coded as “no ART”.
In the model assuming a 30-day wash-in period, there was a 78% reduction in hazards of
HIV acquisition (95% CI 0.06 to 0.79). This result was slightly stronger than the primary
analysis, which did not include a wash-in period and modeled person-time as covered by ART
immediately after the ART initiation date. However, the results differed only very slightly,
suggesting that the primary result of the effect of ART on HIV transmission in serodiscordant
couples is not being driven by HIV transmissions that are occurring during the first 30 days
following initiation of ART, prior to viral suppression.
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Table 1.S5. Association between partner ART status and HIV acquisition
MODEL 11
MODEL 22
MODEL 33
Hazards Ratio
Hazards Ratio
Hazards Ratio
(95% CI)
(95% CI)
(95% CI)
Positive partner, no ART
1.00
1.00
1.00
Positive partner, on ART 0.23 (0.06 to 0.79) 0.22 (0.06 to 0.79)
0.22 (0.06 to 0.79)
Negative partner
0.09 (0.05 to 0.16) 0.09 (0.05 to 0.16)
0.08 (0.04 to 0.15)
Unknown partner status
0.32 (0.21 to 0.50) 0.33 (0.21 to 0.51)
0.32 (0.21 to 0.50)
Non-cohabiting
0.50 (0.31 to 0.80) 0.51 (0.32 to 0.82)
0.46 (0.29 to 0.74)
Not in relationship
0.46 (0.30 to 0.70) 0.47 (0.30 to 0.71)
0.48 (0.31 to 0.73)
1
Adjusted for sex, age, and visit year; 2Adjusted for sex, age, visit year, educational attainment,
and household wealth; 3Adjusted for sex, age, visit year, educational attainment, household
wealth, and sexual behaviors
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APPENDIX 1.2. Procedure for Fitting Time-Varying Interval Censored Proportional Hazards
Model

HIV seroconversion dates are typically not directly observed in observational epidemiology. In
general, with longitudinal HIV testing, the date an individual is last known to be negative and the
first date they are known to be positive are known with precision, but the actual date of
seroconversion is within the interval, and assumptions must be made related to the actual date of
seroconversion for modeling in survival analysis. Common methods for dealing with interval
censored data include midpoint imputation (i.e., assuming the seroconversion date is the
midpoint between the last negative and first positive dates) and random date imputation (i.e.,
randomly selecting a seroconversion date between the two dates). However, when intervals are
long, these methods can lead to incorrect point estimation and incorrect inferences.

In the current application, the interval-censored nature of the HIV seroconversion date may be
particularly problematic. In this analysis, ART initiation dates of partners are known with
precision, as these dates arise from clinic data, and many partners initiated ART over the followup period. However, the intervals in which HIV seroconversion may occur are quite long. The
potential for misclassification with either random date or midpoint imputation methods is
therefore high, as an individual who seroconverts in the same time interval as ART is initiated
may be wrongly classified as having a partner not on ART or on ART randomly due to either the
midpoint or the random date. This will likely lead to bias towards the null, as it is a case of
nondifferential misclassification. Here, we briefly describe the model fit to accommodate the
case of interval censoring with time-varying covariates.
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Although statistical software for interval censored models exists in platforms such as SAS, Stata,
and R, accommodation for time-varying covariates is not readily available. We adapted the Jain
et al (J Infect Dis, 2011:203, 1174-1181) method for implementing an interval censored
parametric proportional hazards model with a Weibull distribution in SAS.

To fit this model, the data must be set up in long format with multiple observations per
individual. To qualify for inclusion in this analysis, each individual was required to have at least
two HIV tests (with the first being negative). The data are set up with one line per interval, set
up into Ki intervals (one for each interval between HIV tests). We assume that time-varying
covariates are constant within the intervals and only change between the intervals. This is
achieved by modeling the proportion of the interval that is covered by ART.

Unlike in Jain et al, in the current application, there is no left censoring or late entry (left
truncation) in the cohort. Individuals are either right censored (observation of the individual
ended prior to an event) or they are interval censored. For each observation (line of the dataset),
we require a unique identification number for each participant (each of whom contributes
multiple observations), variables indicating the time of the start and end of the observation, the
time of right censoring or the left end of the censoring interval, an indicator variable for the first
and last observations for the individual, and an indicator for the type of censoring (whether the
individual was right censored or interval-censored). Finally, all covariates necessary for
adjusting the model must be included in the dataset, which can be time-updated variables if
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necessary or time-invariant variables. The data must be sorted by the unique ID number and the
start time of the time interval of the observation.

To fit the model, we used proc nlmixed in SAS. This procedure requires starting values for the
calculations. For optimizing the model to work, these must be a reasonable fit for the data.
Multiple iterations with different starting values may be required, which can be computationally
intense. Several rounds may be required to achieve convergence of the model.

Example code to fit the model can be found in the Supplemental Appendix of Jain et al. The
model described in Jain et al can also be extended to accommodate exactly observed events, leftcensoring, or late entry.
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ABSTRACT
Background. Immediate initiation of antiretroviral therapy (ART) reduces HIV transmission in
serodiscordant couples in randomized controlled trials. However, the effect of immediate ART
under real-life conditions is not well characterized. We investigate the effect of immediate ART
eligibility on HIV incidence among HIV-uninfected household members using a large
population-based longitudinal cohort in KwaZulu-Natal, South Africa. We use a quasiexperimental regression discontinuity design to estimate causal effects using the CD4 countbased threshold rule for ART initiation.
Methods. Household members of patients seeking care at the Hlabisa HIV Treatment and Care
Programme between January 2007 and August 2011 with CD4 counts up to 350 cells/µl were
eligible for inclusion if they had at least two HIV tests and were HIV-uninfected at the time the
index patient linked to care (N=4,115). A regression discontinuity design was used to assess the
intention-to-treat effect of immediate versus delayed ART eligibility on HIV incidence among
household members. Exploiting the CD4-count based threshold rule for ART initiation
(CD4<200 cells/µl until August 2011), we used Cox proportional hazards models to compare
outcomes for household members of patients who presented for care immediately above versus
immediately below the threshold.
Results. Characteristics of household members of index patients initiating HIV care were
balanced between those with an index patient immediately eligible for ART (N=2,489) versus
delayed for ART (N=1,626). In the immediate group, median age was 20 years (IQR 16 to 48)
and 61.4% were female, compared to median age 20 years (IQR16 to 47) and 62.4% female in
the delayed group. Seventy-eight percent of index household members immediately eligible for
ART initiated ART within 6 months of initiating care, compared to 22.3% of those delayed for
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ART. Overall HIV incidence among household members was 2.8 infections per 100 person-years
(95% CI 2.5 to 3.1). Immediate eligibility for treatment resulted in a 45% decrease in HIV
incidence in households (HR=0.55, 95% CI 0.35-0.87).
Conclusions. Outside of a tightly-controlled clinical trial setting, we demonstrate substantial
reductions in household-level HIV incidence with immediate eligibility for ART. The benefit of
ART uptake may extend outside of couples into spillover effects in households.
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INTRODUCTION
A growing body of evidence has documented the effectiveness of antiretroviral therapy
(ART) in reducing HIV transmission in serodiscordant couples.1-7 In the landmark HPTN 052
trial, a 96% reduction in linked HIV transmissions was reported in couples who immediately
initiated ART compared to those with deferred ART initiation.1 The causal mechanism for this
dramatic reduction in HIV acquisition is primarily biological. The probability of sexual
transmission of HIV to uninfected partners in heterosexual serodiscordant couples is a function
of HIV RNA levels in blood and the genital tract of the HIV-infected member of the couple.8,9
Early initiation of ART results in rapid and sustained viral suppression over time, whereas
individuals who delay antiretroviral therapy initiation are more likely to have a detectable viral
load.10,11 Although some evidence has suggested there may be changes in condom use following
early initiation of ART11, the primary protection against exposure to HIV among HIV-uninfected
partners is likely via viral suppression.
In addition to the role of ART use at the individual level on HIV transmission, recent
evidence has documented substantial decreases in HIV transmission with the expansion of ART
coverage at the community level.12,13 This association is likely a result of both biological and
social and behavioral causal mechanisms. Increasing ART coverage likely results not only in
reduced community viral load, reducing the probability of transmission at the community level,
but also affects HIV incidence through more distal effects. These could include increased HIV
testing and counseling, changes in sexual behaviors, and changes in ART optimism that affect
behaviors.12,14 The effects of ART uptake likely have spillover effects that affect HIV
transmission via pathways outside of immediate sexual relationships.
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Between the community and individual relationship level, there may also be unique
pathways between ART uptake and HIV incidence within households.15 At a more proximal
level than the community, individuals initiating ART in households may have social influence
over HIV-uninfected household members. In addition to direct biological mechanisms via
cohabitating sexual partners, individuals who initiate ART may be more willing to disclose their
serostatus to their families,16 and may discuss HIV prevention or elements from counseling with
family members, which could result in changes in HIV acquisition in households. This could
result in spillover effects including changes in sexual behaviors among household members, such
as increases in condom use or reductions in number of partners. Previous work has demonstrated
a benefit of increasing coverage of ART among opposite-sex household members on HIV
transmission.17 However, to date, there has been little evidence of HIV spillover effects in
members of the household more generally (including those not postulated to be potential sexual
partners).
A critical issue with the identification of effects of ART in population-based surveillance
cohorts is the reliance on observational data. A number of techniques meant to improve causal
inference in non-randomized studies exist, each of which contain a set of assumptions for
making valid inferences.18-21 A major concern with most observational data is unmeasured
confounding. Here, we apply a quasi-experimental approach, the regression discontinuity
design, which deals with unmeasured confounding by using a threshold rule and assuming that
individuals immediately above and below the threshold are exchangeable, to estimate the causal
effect of immediate versus delayed ART initiation on HIV incidence in household members.
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METHODS
Participants and procedures. Data for this analysis arose from the population-based
longitudinal surveillance program conducted by the Africa Centre for Health and Population
Studies (“Africa Centre”).22 The surveillance program is located in a predominantly rural
community of uMkhanyakude district, KwaZulu-Natal, and has been active since 2003. It
includes confidential HIV testing, household demographic data, collection of sexual history and
behaviors, and relationship status. In addition to longitudinal surveillance, data are routinely
collected from the Hlabisa HIV Treatment and Care Programme, a system of public ART clinics
serving the geographic area participating in the surveillance program. As the primary provider
of HIV care in the area, this system captures all linkages to ART care, longitudinal CD4 counts
(measured every 6 months), and dates of ART initiation.
As part of the routine demographic surveillance, information is collected about living
arrangements of each participant.17 Participants are linked to unique bounded structures, which
are physical places of residence for participants. A participant cannot be a resident of two
distinct bounded structures at the same point in time. To determine co-resident members of the
household, participants were linked to a bounded structure for each surveillance round.
Migration to different bounded structures within the surveillance area was captured during each
surveillance round.
Participants were eligible for inclusion in this analysis if they were HIV-uninfected and a
co-resident of the bounded structure at the time the first HIV-infected partner linked to HIV care
and had their first CD4 count measured, and had more than one HIV test as part of the
surveillance program. Due to uncertainty in the precise timing of HIV seroconversion dates, we
calculated the midpoint between the first HIV positive test and the last HIV negative test. Those
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whose seroconversion date was after the earliest date of initiation of HIV care for the first HIVinfected household member to link to care were included. We included the HIV-uninfected
household members who met these criteria of individuals whose earliest CD4 count date fell
between January 1, 2007 and August 1, 2011 and fell between 0 and 350 cells/µl. In order to
estimate the effect of immediate versus delayed ART initiation by the first member of the
household to link to care on HIV incidence in the entire household, we did not place any
restrictions on the age or gender of participants included in the analysis.

Regression discontinuity methods. The regression discontinuity design is a quasi-experimental
study design that can be implemented when an exposure of interest is at least in part determined
by a random variable measured continuously that is used to determine treatment.18,23,24 To date,
regression discontinuity has primarily been used in applications in the psychology, education,
and economics literature, although applications in epidemiology and public health are beginning
to emerge.23 Recent examples of applications of regression discontinuity in epidemiology
include the effect of human papillomavirus vaccination on cervical dysplasia and anal warts25
and sexual behaviors26, on immediate versus delayed ART initiation on mortality18, and the
effect of newer therapies on outcomes for age-related macular degeneration.27
Here, we exploit the fact that immediate ART initiation upon engaging in HIV-related
care is determined by CD4 count. Prior to August 2011, patients in South Africa were initiated
on ART if their CD4 count fell below 200 cells/µl. For those with a CD4 count of above 200,
ART initiation was delayed until the CD4 counts fell below 200. The standardized monitoring
schedule in this setting involves CD4 count measurement every six months to determine ART
eligibility. If individuals present over the 200 cells/µl threshold, they will not be assessed for
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eligibility again for six months, which could result in a delay in initiating ART for those who are
close to the threshold. CD4 counts are measured with some degree of error. For individuals who
engage in care with CD4 counts of approximately 200 cells/µl, whether or not they present just
above or just below the threshold is approximately random.18 Therefore, immediate versus
delayed ART initiation can be conceptualized as random with respect to whether or not an
individual presents immediately above or below the CD4 count threshold for initiating
antiretroviral therapy. Unlike most regression-based confounding adjustment methods,
regression discontinuity designs do not make the assumption of no unmeasured confounding, as
the distribution of measured and unmeasured confounders is expected to be similar on either side
of the threshold for individuals presenting near the threshold.
A key assumption with regression discontinuity designs is that individuals who are close
to the threshold are expected to be randomly distributed across the threshold. This assumption is
not expected to hold with increasing distance from the threshold. This has two primary
implications for the analysis and interpretation of results that distinguish results from standard
methods. First, regression discontinuity allows for the estimation of local effects. These are
effects that are valid near the threshold due to local randomness at the threshold. Second,
because regression discontinuity estimates local effects, analyses typically are presented for a
range of the forcing variable around the threshold. These varying bands around the threshold
reflect a bias-variance trade-off. Wider bands around the threshold will improve power by
including more individuals in the analysis, but will also increase bias, as the assumption of
randomness at the threshold is less likely to hold the further individuals get from the threshold.
Treatment assignment at the threshold can either be deterministic (“sharp” discontinuity)
or probabilistic (“fuzzy” discontinuity). CD4 counts determining ART initiation are an example
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of fuzzy regression discontinuity. The intention to treat (ITT) effect in a fuzzy regression
discontinuity design is estimated by β1 in the Cox proportional hazards model:

(2.1)

!" # $% = !( # ∗ exp (./ 1 $% < 2 + .4 $% − 2 + .6 $% − 2 ∗ 1 $% < 2 )

In this model, Zi<c is an indicator for being below the CD4 count threshold c, β3 is the slope for
those who present below the threshold, and β2 + β3 is the slope for individuals who present above
the threshold. The ITT is equivalent to the effect of the patient presenting just below the
threshold. This is analogous to the ITT calculated in a randomized controlled trial, which
represents the effect of randomized treatment arm and is agnostic to whether or not patients
actually took treatment.
We estimated the ITT by fitting a Cox proportional hazards models with terms for
presenting immediately below and above the threshold, and allowing the slope above and below
the threshold to differ (Equation 2.1). In addition, we conducted sensitivity analyses with
alternate specifications of the functional form for CD4 count above and below the threshold by
including a restricted cubic spline with knots at 100 cells/ul above and below the threshold. An
additional sensitivity analysis including baseline covariates was run to assess sensitivity of the
results to baseline covariates. If, as expected, baseline covariates are balanced above and below
the threshold, there should be no change in point estimates with the inclusion of additional
baseline covariates.28 Variables included in sensitivity analyses included the age, educational
status, and sex of the respondent and the household member linking to care as well as an index of
the household’s wealth. Finally, a sensitivity analysis included both a restricted cubic spline for
CD4 count and the additional baseline covariates previously described was run to assess
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robustness. Analyses for the ITT were run including multiple specifications of the hazard
function, including both exponential and Weibull distributions. Analyses were run in Stata 14.1
(StataCorp, College Station, TX).

RESULTS
A total of 4,115 individuals were HIV-uninfected at the time the first HIV-infected
individual in their household linked to care and had a presentation CD4 count between 0 and 350
cells/µl. Of these, there were 2,490 HIV-uninfected household members among HIV-infected
individuals who linked to care below 200 cells/µl (and thus eligible for ART) and 1,626 above
200 cells/µl (and thus ineligible). Baseline characteristics were roughly distributed between
those who started above and below 200 cells/µl (Table 2.1).
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Table 2.1. Baseline characteristics of study sample by household member ART eligibility
(N=4,115)

Age, years (median, IQR)
Female sex
Highest education attainment
Less than 7 years
7 to 12 years
More than 12 years
Knows HIV status
Household location
Urban
Peri-Urban
Rural
Household distance to clinic, km
(median, IQR)
Household wealth (quintile)
Lowest quintile
Second lowest
Middle
Second highest
Highest
Missing

Below Threshold
(N=2,489)
20 (16 to 48)
1,529 (61.4%)

Above Threshold
(N=1,626)
20 (16 to 47)
1,015 (62.4%)

1,026 (41.2%)
1,394 (56.0%)
63 (2.5%)
481 (19.3%)

682 (41.9%)
891 (54.8%)
51 (3.1%)
295 (18.1%)

42 (1.7%)
904 (36.3%)
1,544 (62.0%)

42 (2.6%)
536 (33.0%)
1,048 (64.5%)

2.7 (1.5 to 3.9)

2.7 (1.5 to 4.1)

728 (29.2%)
615 (24.7%)
527 (21.2%)
295 (11.9%)
178 (7.2%)
147 (5.9%)

481 (29.6%)
373 (22.9%)
366 (22.5%)
196 (12.1%)
115 (7.1%)
95 (5.8%)
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At CD4 count bandwidths of 0-350, 50-350, 100-300, 150-250, and 175-225 cells/µl, a
total of 4,115, 3,531, 2,464, 1,268, and 615 HIV-uninfected individuals were included for
regression discontinuity analyses, respectively. The probability of ART initiation within 6
months of the HIV-infected household member by first CD4 count at the clinic is displayed in
Figure 2.1. The probability of initiation of ART within 6 months was highest among individuals
who presented below 200 cells/µl, and there was a strong discontinuity at the threshold. A
histogram of baseline CD4 counts (Figure 2.2) demonstrated no bunching at the threshold,
indicating no evidence of manipulation of CD4 counts.
The discontinuity in HIV incidence by baseline CD4 count of the first HIV-infected
household member to link to care is shown in Figure 2.3. In a Cox proportional hazards model,
the ITT effect of the first individual in the household to link to care below or above the cutoff on
HIV incidence in the household ranged from a 32 to 60% decrease in household HIV acquisition
(Table 2.2) by CD4 count bandwidth. Models at wider bandwidths that included more flexible
modeling of the functional form of CD4 count were consistent with a 55 to 60% reduction in
HIV incidence, similar to effect estimates at the narrower bandwidths. In the widest bandwidth,
0 to 350 cells/µl, the hazard ratio with a linear functional form of CD4 count was 0.68 (95% CI
0.46 to 1.02), which reduced to 0.48 (95% CI 0.26 to 0.88) with a restricted cubic spline at 100
cells/µl above and below the threshold and 0.45 (95% CI 0.24 to 0.85) with a squared term for
CD4 count. At 50 to 350 cells/µl, the hazard ratio was 0.55 (95% CI 0.35 to 0.86), 0.57 (95% CI
0.31 to 1.05) with a restricted cubic spline, and 0.55 (95% CI 0.28 to 1.08) with a squared term.
At the narrowest bandwidth (175-225), the hazard ratio was 0.40 (95% CI 0.14 to 1.13). These
results were robust to inclusion of baseline covariates in the model (Table 2.3).
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Figure 2.1. Probability of ART initiation by baseline CD4 count
The probability of antiretroviral therapy (ART) initiation with 6 months of initiating HIV care
was calculated as the number of individuals who initiated ART within 6 months of the date of
their earliest CD4 count divided by the total number of individuals who had a first CD4 count
date. Probabilities were calculated by 10-cell/µl bins of earliest CD4 counts (the first CD4 count
the individual had after initiating HIV care).
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Figure 2.2. Histogram displaying distribution of baseline CD4 counts
The distribution of frequency of baseline CD4 counts of the first member of the household to
link to HIV-related care. This histogram demonstrates no evidence of bunching at the threshold
(200 cells/µl), indicating no evidence of manipulation of baseline CD4 counts. Manipulation of
baseline CD4 counts would result in bias in estimates of the effect of ART eligibility on
outcomes.
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Figure 2.3. HIV incidence by baseline CD4 count
HIV incidence in HIV-uninfected household members by the baseline CD4 count of the first
HIV-infected member of their household to link to HIV-related care. Orange dots indicate the
raw HIV incidence for each 10 cell/µl bin. Green lines indicate fitted regression lines estimating
the incidence of HIV as a function of earliest CD4 count above and below the threshold (red
line). The dotted green line is the projection for the curve below the threshold, which is the
estimate of what HIV incidence would be for individuals above the threshold (and thus not
eligible for immediate ART initiation) would have been if they had actually been eligible for
ART immediately. The discontinuity at the threshold is the estimate of the effect of ART
eligibility on incidence.
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Immediate ART
Slope above
Slope below

Immediate ART
Slope above
Slope below
100-300
Immediate ART
Slope above
Slope below
150-250
Immediate ART
Slope above
Slope below
175-225
Immediate ART
Slope above
Slope below

50-350

Range
0-350

615

1,268

2,464

3,531

4,115

N

0.61 (0.35 to 1.08)
1.001 (0.994 to 1.008)
0.994 (0.984 to 1.003)
0.47 (0.23 to 0.98)
0.986 (0.969 to 1.002)
1.014 (0.988 to 1.040)

0.61 (0.35 to 1.08)
1.000 (0.994 to 1.008)
0.994 (0.984 to 1.003)
0.47 (0.23 to 0.98)
0.986 (0.969 to 1.002)
1.014 (0.988 to 1.040)
0.39 (0.14 to 1.13)
0.979 (0.937 to 1.023)
1.008 (0.939 to 1.081)

0.61 (0.34 to 1.07)
1.000 (0.994 to 1.001)
0.994 (0.984 to 1.003)
0.47 (0.23 to 0.98)
0.986 (0.969 to 1.002)
1.014 (0.988 to 1.040)
0.40 (0.14 to 1.13)
0.980 (0.938 to 1.023)
1.001 (0.938 to 1.080)

0.40 (0.14 to 1.13)
0.979 (0.938 to 1.023)
1.007 (0.939 to 1.081)

0.55 (0.35 to 0.86)
0.999 (0.996 to 1.003)
0.994 (0.989 to 0.999)

0.68 (0.46 to 1.01)
0.999 (0.996 to 1.003)
0.998 (0.993 to 1.002)

Weibull

0.55 (0.35 to 0.87)
1.000 (0.996 to 1.003)
0.994 (0.989 to 0.999)

0.68 (0.46 to 1.02)
1.000 (0.996 to 1.003)
0.997 (0.993 to 1.002)

Exponential

0.55 (0.35 to 0.86)
0.999 (0.996 to 1.003)
0.994 (0.989 to 0.999)

0.68 (0.46 to 1.02)
0.999 (0.996 to 1.003)
0.997 (0.993 to 1.002)

Cox

Table 2.2. Regression discontinuity intention-to-treat effects of ART on household HIV incidence
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0-350
Immediate ART
Slope above
Slope below
50-350
Immediate ART
Slope above
Slope below
100-300
Immediate ART
Slope above
Slope below
150-250
Immediate ART
Slope above
Slope below
175-225
Immediate ART
Slope above
Slope below

Range

615

1,268

2,464

3,531

4,115

N

0.42 (0.21 to 0.86)
0.983 (0.969 to 0.998)
1.003 (0.925 to 1.088)

0.59 (0.33 to 1.03)
1.000 (0.993 to 1.007)
0.995 (0.986 to 1.005)

0.43 (0.22 to 0.87)
0.982 (0.968 to 0.997)
0.995 (0.917 to 1.081)

0.35 (0.12 to 1.01)
0.982 (0.940 to 1.025)
0.995 (0.925 to 1.071)

0.46 (0.22 to 0.96)
0.986 (0.970 to 1.002)
1.013 (0.987 to 1.039)

0.56 (0.30 to 1.02)
0.995 (0.986 to 1.005)
0.991 (0.972 to 1.010)

0.54 (0.34 to 0.85)
0.999 (0.995 to 1.003)
0.995 (0.990 to 1.000)

0.57 (0.31 to 1.05)
0.996 (0.987 to 1.006)
0.990 (0.971 to 1.010)

0.48 (0.27 to 0.88)
0.995 (0.986 to 1.005)
1.004 (0.992 to 1.016)

Spline + Adjustment for
Age and Sex

0.63 (0.42 to 0.95)
0.999 (0.995 to 1.003)
0.997 (0.993 to 1.002)

Adjustment for Age and
Sex

0.48 (0.26 to 0.88)
0.996 (0.987 to 1.006)
1.006 (0.994 to 1.018)

Spline

Table 2.3. Sensitivity analyses for the intention-to-treat effect of ART eligibility on household HIV incidence

DISCUSSION
The results of this study demonstrate a substantial reduction in HIV incidence
among HIV-uninfected household members when the first member of the household to
seek HIV-related care was eligible for ART immediately compared to delayed ART
eligibility. The ITT effect, which represents the effect of ART eligibility among patients
with baseline CD4 counts close to the threshold, indicated an approximately 55-60%
decrease in HIV acquisition among household members. The ITT is considered to be the
parameter of interest from a policy perspective as it considers the effect of the threshold
itself on outcomes. The results of this analysis indicate a substantial benefit in
households where ART is initiated immediately, suggesting that there may be benefits to
entire households with immediate initiation of ART that extend beyond the welldocumented benefits in couples.1,29,30 Notably, the effect estimate in this study was lower
than of randomized trials of immediate versus delayed initiation of ART among
serodiscordant couples1, which is to be expected given that the effect estimated in this
study includes both biological and behavioral pathways to HIV acquisition among HIVuninfected household members.
To date, the vast majority of studies assessing HIV infections within households
or families have focused on HIV transmission within couples or mother to child
transmission. In both scenarios, ART has been shown to be highly efficacious in the
prevention of HIV infection.29,31,32 Evidence from the United States demonstrated
substantial clustering of HIV within households of HIV-infected or high-risk women15,
with household infection more common among siblings than among intimate partners or
children. Residents of the same physical spaces likely share common characteristics,
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including socioeconomic, education, and behavioral characteristics, as well as community
characteristics that may influence HIV risk. Within households, it is possible that
individuals who immediately initiate ART more frequently disclose their status to
household members, which could lead to behavioral changes among household members.
It is also possible that HIV prevention messages from counseling in the clinic are more
likely to reach household members of those who immediately uptake ART, which could
result in decreases in household HIV acquisition.
Importantly, the results of this study represent the intention-to-treat effect, which
in the regression discontinuity design is interpreted as the effect of the threshold on
outcomes.18 This is analogous to the ITT in a randomized controlled trial (RCT), which
is interpreted as the effect of randomized treatment arm, with the important distinction
that the ITT in a regression discontinuity design can only be interpreted for individuals
who are at the threshold (who present to care close to 200 cells/µl), whereas the ITT in
and RCT can be interpreted for the entire population. The ITT, either in a regression
discontinuity design or in a randomized controlled trial, is agnostic to whether or not an
individual actually took the treatment they were assigned. In situations where there is
noncompliance, the ITT is thus expected to be an underestimate of true effect of
treatment.33 Instrumental variable methods18,20,21 can be applied in the regression
discontinuity case to estimate the effect of treatment itself on outcomes, an effect known
as the complier average causal effect (CACE). Interpretation of the CACE as a causal
effect requires additional instrumental variable assumptions, namely, 1) the exclusion
restriction (that the only effect of the threshold rule on outcome is via treatment
assignment) and 2) that there are no common causes of the instrument (the threshold rule)
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and the outcome. Additional evaluation of the validity of these assumptions is necessary
for interpretation of the effect of the CACE. However, the ITT is a valid test of the null
hypothesis; if the ITT is null, the CACE will also be null. Appendix 2.1 formally
describes the calculation procedure for the CACE as well as CACE results for the present
analysis.
There are several limitations to this analysis that must be considered in
interpreting these results. Because not everyone in the surveillance system participated in
HIV testing every year, it is possible that the decision to participate in testing was
affected by the exposure (immediate ART initiation by the HIV-infected household
member). However, data arose from two separate systems (the public sector ART clinic
data and the HIV surveillance system) and it is unlikely that these results are due to
differential non-participation. Without additional untestable assumptions18,34, the results
of this analysis are only be generalizable to individuals who present close to the ART
initiation threshold. To generalize the results beyond the threshold, additional
assumptions related to the functional form of how the unobserved potential outcome
changes with the assignment variable over the distribution of CD4 counts is required, an
assumption that is untestable and strong.34 This is therefore an issue of external, rather
than internal, validity as the effect may not be generalizable to a global effect.
A strength of this analysis is the nature of the regression discontinuity design,
which can yield internally valid results for individuals presenting at the threshold in the
presence of unmeasured confounding. With the exception of the randomized controlled
trial, traditional epidemiologic methods require the assumption of no unmeasured
confounding, an untestable and often strong assumption. Regression discontinuity
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designs offer an advantage in terms of interval validity, as they rely on the assumption
that a CD4 count measurement immediately above or immediately below the CD4 count
threshold for ART initiation is random, thus mimicking a randomized trial. There is
likely substantial unmeasured confounding in this analysis (such as characteristics of
households that are not measured such as healthcare-seeking practices and beliefs), the
use of the regression discontinuity design allows for overcoming this limitation by using
a different set of assumptions for the achievement of internal validity that may not have
been possible with covariate adjustment methods . Finally, a strength of this analysis is
the ability to link clinic-based data to household data, including HIV surveillance in
household members. This unique data structure allowed for estimation of effects within
households without relying on self-report from individuals linked to HIV care.
Using a rigorous regression discontinuity design, we found a substantial reduction
in HIV incidence in households where the first HIV-infected individual to link to care
presented immediately below the threshold for ART initiation compared to those
presenting immediately above. The results of this study provide further evidence of the
importance of immediate initiation of ART to reduce HIV transmission. Furthermore,
these results demonstrate that there are likely multiple pathways, including both
behavioral and biological pathways, to reduction of HIV incidence upon ART initiation
within households. Spillover effects of ART initiation beyond the biological effect of
ART uptake on HIV transmission likely play a role in reduction of HIV incidence at the
community level that has been previously noted with increasing ART coverage, and ART
initiation likely has benefits to members of the social network that extend beyond sexual
partners.
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APPENDIX 2.1. Calculation of the complier average causal effect (CACE)
INTRODUCTION
The intention-to-treat (ITT) effect that is calculated in a regression discontinuity
design represents the effect of the threshold on outcomes. For CD4 count-based ART
initiation thresholds, this represents the effect of immediate versus delayed eligibility for
ART. This may be an important effect from a policy perspective, as this can be
interpreted as the effect on outcomes had everyone been immediately eligible for ART
compared to if no one in the population had been immediately eligible for ART initiation
for individuals who present to care near the threshold (close to 200 cells/µl until August
2011). This has policy implications in that it can be interpreted as the effect of
immediate eligibility for ART treatment compared to deferred therapy.
While the ITT in a regression discontinuity design represents an important effect,
arguably the one most of interest for policy and programs, it does not necessarily reflect
the effect of treatment itself. In the fuzzy regression discontinuity case, where
individuals do not deterministically initiate ART because they are eligible or
deterministically not initiate ART because they are ineligible, this effect is only the effect
of the threshold. The ITT can only be interpreted as the effect of treatment itself when all
individuals below and no individuals above the CD4 count threshold initiate ART. To
estimate the effect of treatment itself, an instrumental variable approach has been
proposed, where the threshold is the instrument. This method estimates the so-called
“complier average causal effect” (CACE) or the “local average treatment effect” (LATE).
Of importance, this effect is only the effect of treatment in the compliers (i.e., in the
population that took treatment because of the threshold), a population that is not
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identifiable in the data. Furthermore, this effect remains a local effect at the threshold,
rather than a population-average effect. This appendix describes the methods for
calculated the CACE and presents results of the CACE for the effect of immediate ART
initiation on household HIV incidence using two modeling techniques.

COMPLIER AVERAGE CAUSAL EFFECTS
In addition to the ITT, the effect of therapy itself on those who take up treatment
because of the threshold can be estimated. This is analogous to the effect in a
randomized controlled trial of the effect of treatment itself on outcomes. The complier
average causal effect (CACE) is the ITT scaled by the difference in probability of
treatment at the threshold, which is equivalent to the instrumental variable estimator.1 As
with other instrumental variable frameworks2, the CACE requires the assumptions of 1)
monotonicity, which is the assumption that there are no “defiers”, that is, no patients
would have initiated ART if they were ineligible and refuse treatment if they were
eligible, and 2) the exclusion restriction, which states that the instrument (presenting just
below the threshold) only affects HIV incidence in households through initiation of ART.
As in instrumental variable approaches, if the ITT is null, the CACE will be null. If this
ITT is not null, the CACE is typically further from the null than the ITT, as it is directly
estimating the effect of treatment among the compliers.
Instrumental variable methods, which are used to estimate the CACE, are
relatively new in application to censored survival outcomes.3 Recently, methods have
been developed for instrumental variable estimation using an Aalen additive hazards
model.3 For binary exogenous variables (i.e., presenting below the threshold), the control
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function approach has been shown to be appropriate.3,4 This method involves estimating
deviance residuals from a first-stage regression model and including the residuals in a
second stage model. Furthermore, work has demonstrated that when the cumulative
incidence of disease over the follow-up period is rare, the control function approach may
be used in a Cox proportional hazards model.3 We therefore used two approaches to
estimate the CACE for the effect of immediate versus delayed ART initiation in the first
individual in the household to link to HIV care and HIV incidence in households.
To estimate the CACE, we fit a first-stage logistic regression model with terms
for presenting immediately above or below the threshold and the gap above and below
the threshold (to allow for differential slopes above and below the threshold). Residuals
were estimated from this model, which were then included in the second-stage model.
The second-stage model was a Cox proportional hazards model with terms for initiating
ART within 6 months, the gap above and below the threshold, and a term for residuals
estimated in the first stage model. Under the rare disease assumption, the Cox
proportional hazards model can be used for estimation of the CACE in a survival analysis
context. Because the inclusion of the residual term in the second stage model does not
account for uncertainty in residual estimation, all inferences were based on 5,000
nonparametric bootstraps. Analyses also accounted for clustering within physical
residencies.

COX PROPORTIONAL HAZARDS MODEL
The Cox proportional hazards model can be used for estimation of the CACE
under the rare disease assumption. The procedure for estimating the CACE in the
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regression discontinuity framework is based on a two-stage regression instrumental
variable approach. In the binary treatment case, the first-stage regression consists of a
model predicting the probability of treatment given the instrument (the threshold) as well
as terms for CD4 count above and below the threshold:

(2.S1) 89:;# Pr > = 1 $, 2 = @( + @/ $% + @4 $% − 2 + @6 $% − 2 ∗ 1 $% < 2

In Equation 2.S1, A is actual treatment received (ART or no ART), Z is eligibility based
on the threshold rule (the instrument), and c is an indicator for the CD4 count slope above
and below the threshold. The first stage regression model was estimated using
generalized linear model (GLM) with a logit link and binomial family that allowed for
clustering by physical residence. The residual error was then estimated from the GLM,
which is equivalent to the difference in the probability of treatment from the estimated
probability of treatment given the instrument.
In the second model, a Cox proportional hazards model was fit that included
terms for ART treatment status (A), the slope above and below the threshold, and the
residual error (Δ).

(2.S2) !" # >% , A, 2 = !( # ∗ exp (./ > + .4 $% − 2 + .6 $% − 2 ∗ 1 $% < 2 +
.B ∆)
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In this model, the inclusion of the residual error Δ estimated in the first stage model
captures variation in the hazard function that is due to unobserved correlates of A and is
used as a proxy measure of unobserved confounders.3
The assumptions required to interpret the effects estimated for the CACE are
identical to standard instrumental variable assumptions. In the context of the present
analysis, these assumptions include:
1. Z has a causal effect on A: The instrument Z must have a causal effect on
treatment A. In the regression discontinuity case with ART, the assumption that
eligibility for ART has a causal effect on initiation of ART is plausible.
2. The exclusion restriction: The exclusion restriction is the assumption that the
instrument Z has an effect on the outcome Y only through treatment A. For this
analysis, this assumption states that the effect of eligibility for ART only affects
HIV incidence via ART treatment. As with the ITT, the CACE can only be
interpreted as a valid effect without substantial additional assumptions for
individuals close to the threshold. The exclusion restriction is expected to hold
for individuals close to the threshold, but is considerably less plausible for
individuals who present to care further from the threshold.
3. No common causes of Z and Y: There must be no confounding of the relationship
between the instrument Z and the outcome Y. For this analysis, a common cause
of eligibility for treatment and HIV acquisition could be CD4 count itself. A
generalization of the instrumental variable approach includes covariates in the
first and second stage regression model. Here, models include both a term for
CD4 count and a restricted cubic spline to improve on the plausibility of this
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assumption. In these models, we assume that the instrument is valid conditional
on CD4 count. Sensitivity analyses in the next section further generalize to
assume that the instrument is valid conditional on CD4 count, age, and sex.
4. The effect is in the compliers: Finally, to interpret the CACE as the effect of ART
on HIV incidence, the assumption must be made that this effect is only in the
subpopulation known as the compliers. The compliers are the subpopulation of
individuals who always take treatment when they are below the threshold (i.e.,
who initiate ART because they are eligible) and who would never take treatment
if they are above the threshold (i.e., who never initiate ART when they are
ineligible). This subpopulation is not identifiable in the data, and therefore
assumptions about to whom the CACE is generalizable must be made.

Generalizability of the CACE is limited not just by the fact that this estimate is the effect
of treatment in the compliers, but also because this effect remains a local effect, that is,
the effect at the threshold. Without additional untestable assumptions about the
functional forms of the potential outcomes, as with the ITT, the effect is not generalizable
to individuals who present to care at CD4 counts far from the threshold (200 cells/µl).
Care must be taken, therefore, in interpretation of the CACE to ensure that it is very clear
to whom this effect can be generalized.
The overall effect in the CACE in the Cox proportional hazards model indicated a
substantial decrease in HIV acquisition in individuals with household members close to
the threshold who initiated ART because of the threshold (HR 0.09, 95% CI 0.007 to
1.20), but this was only statistically significant for the 50-350 cell/µl bandwidth. The
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wide confidence intervals seen in the CACE calculations, particularly in the models
which include a restricted cubic spline, indicate instability and likely low power in the
estimates. However, as with the ITT, in the CACE models at wider bandwidths including
a restricted cubic spline, point estimates were very similar to point estimates at the
narrowest bandwidth.
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Table 2.S1. Complier average causal effect estimates
Cox Proportional
Hazards Model

Spline

Immediate ART
Slope above
Slope below

0.09 (0.007 to 1.20)
0.996 (0.989 to 1.003)
0.998 (0.996 to 1.000)

0.002 (0.0001 to 1.28)
0.984 (0.961 to 1.007)
1.001 (0.997 to 1.022)

Immediate ART
Slope above
Slope below

0.02 (0.001 to 0.40)
0.994 (0.987 to 1.001)
0.995 (0.992 to 0.998)

0.005 (0.0001 to 3.16)
0.984 (0.962 to 1.007)
0.992 (0.971 to 1.012)

Immediate ART
Slope above
Slope below

0.05 (0.001 to 1.74)
0.996 (0.985 to 1.007)
0.996 (0.990 to 1.002)

0.001 (0.0001 to 1.95)
0.969 (0.941 to 0.998)
0.970 (0.892 to 1.054)

Immediate ART
Slope above
Slope below

0.01 (0.0007 to 1.42)
0.980 (0.959 to 1.002)
1.002 (0.983 to 1.021)

Immediate ART
Slope above
Slope below

0.005 (0.0004 to 5.53)
0.975 (0.925 to 1.027)
0.993 (0.941 to 1.049)

0-350

50-350

100-300

150-250

175-225
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SENSITIVITY ANALYSIS FOR THE CACE
As a sensitivity analysis, we repeated the procedure but included terms for age
and sex in the regression models. Inclusion of baseline covariates in the first and second
stage models allows for a test of the exclusion restriction and generalization to the case
where the threshold is a valid instrument conditional on covariates included in the
models. If the exclusion restriction (that the effect of the instrument on the outcome is
only through the treatment itself) does not hold unconditionally, inclusion of covariates
relaxes this assumption and allows for a conditionally valid instrument.
The results of the models presented in Table 2.S2 indicate that the exclusion
restriction was not sensitive to the inclusion of baseline covariates. For individuals close
to the threshold, these results give support to the threshold being a valid instrument for
ART status.
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Table 2.S2. Complier average causal effect estimates assuming a valid instrument
conditional age and sex
Age- and Sex-Adjusted
Cox Proportional Hazards
Model

Spline + Age- and SexAdjusted Cox
Proportional Hazards
Model

Immediate ART
Slope above
Slope below

0.06 (0.004 to 0.87)
0.995 (0.988 to 1.002)
0.998 (0.996 to 1.000)

0.004 (0.0001 to 2.32)
0.984 (0.961 to 1.007)
1.001 (0.994 to 1.018)

Immediate ART
Slope above
Slope below

0.02 (0.0007 to 0.40)
0.993 (0.986 to 1.000)
0.996 (0.993 to 0.999)

0.006 (0.00001 to 3.16)
0.984 (0.962 to 1.007)
0.990 (0.971 to 1.010)

Immediate ART
Slope above
Slope below

0.03 (0.0008 to 1.38)
0.995 (0.984 to 1.006)
0.997 (0.991 to 1.002)

0.001 (0.00001 to 2.32)
0.972 (0.943 to 1.001)
0.975 (0.900 to 1.056)

Immediate ART
Slope above
Slope below

0.006 (0.00004 to 1.07)
0.979 (0.959 to 1.000)
1.001 (0.983 to 1.020)

Immediate ART
Slope above
Slope below

0.002 (0.0001 to 3.30)
0.976 (0.924 to 1.030)
0.984 (0.929 to 1.043)

0-350

50-350

100-300

150-250

175-225
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DISCUSSION
In addition to estimation of the ITT, regression discontinuity designs allow for
estimation of the complier average causal effect (CACE), which is the effect of initiating
ART because an individual of the threshold rule. This effect is limited in its
interpretation to individuals who comply with the treatment; that is, individuals who
always take treatment if they link to care below the threshold and individuals who never
take treatment if they link to care above the threshold. As expected, in this study the
CACE was substantially larger than the ITT. Whereas the ITT is considered the
parameter of interest from a policy perspective, the CACE is likely of additional interest
for clinicians. In the population of compliers, the results of this study suggest a dramatic
reduction in HIV acquisition in households when the earliest member of the household to
link to HIV care does so immediately below the threshold for initiating ART.
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ABSTRACT
Estimation of causal effects from observational data is a primary goal of epidemiology.
The use of multiple methods with different assumptions relating to exchangeability
improves causal inference by demonstrating robustness across assumptions. Here, we
demonstrate two methods with substantially different assumptions: the regression
discontinuity design (RDD), and inverse probability weighting of marginal structural
models (IPW), with an application to the question of the effect of ART on mortality. We
demonstrate that the two methods yielded consistent but non-identical results (RDD
hazards ratio (HR) 0.66, 95% CI 0.35 to 1.26; IPW HR 0.62, 95% CI 0.50 to 0.76). We
discuss the plausibility of the assumptions inherent in each method in this application, as
well as the strengths, limitations, and interpretations of each. The differences in
modeling approaches and external validity of each method may explain differences in
effect estimates, but the consistency of the results lends support for causal inference of
the effect of ART and mortality from these data.
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INTRODUCTION
Estimation of causal effects from observational data is a primary ambition in
epidemiology. Unlike in randomized controlled trials (RCTs), where a random allocation
algorithm implemented by a researcher assigns exposure status to participants and is expected to
ensure a balance of measured and unmeasured covariates at baseline, exposures in observational
studies are assigned non-randomly. The resulting challenge for the epidemiologist is how to
adequately account for confounding to estimate unbiased causal effects.
The most commonly-used epidemiologic methods for identification of causal effects rely
on the untestable assumption of no unmeasured confounding.1 Recently, non-randomized study
designs have been classified into two broad categories based primarily on the underlying
assumptions for internal validity.2 “Quasi-experimental” study designs have been defined as
those that utilize an exogenous source in variation in exposure assignment (i.e., a source of
variation arising from outside of the causal structure under study). Because the source of
variation in treatment assignment is not related to the causal structure of the problem, these study
designs do not require the typical assumption of no unmeasured confounding, as they do not
require explicit modeling of or adjustment for covariates. However, in order for valid causal
inferences to be drawn, these designs each require their own set of assumptions to be met, some
of which are not empirically verifiable. If all assumptions are met, the exogenous source of
variation in treatment assignment has the potential to result in “as good as random” exposure
assignment.
The second category, “non-experimental” studies, encompasses study designs in which
exposure allocation is modeled as an endogenous process to the causal structure under study.
Because exposure is allocated not as a result of an exogenous source of variation (such as
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random treatment assignment in a randomized controlled trial), these study designs require
measurement and adjustment of all potential confounders. The models used under this umbrella
must explicitly model all potential common causes of exposures and outcomes to identify causal
effects, and thus they require the assumption of no unmeasured confounding.
Different classes of approaches for causal inference involve not only different
assumptions for internal validity, but differ in populations to which results can be generalized.
Quasi-experimental methods are frequently only locally generalizable, that is, in the
neighborhood of the exogenous process that affects exposure allocation, without significant
additional assumptions. Conversely, non-experiments are frequently generalizable to much
larger populations. It is therefore possible that the same research question approached with two
distinct methodologies could reach difference conclusions due to differences in external validity.
Although triangulation with multiple methodologies for estimating causal effects is undoubtedly
the best approach to causal inference1, careful evaluation of the conditions that must be met for
internal validity for each method and to what extent they are reasonable, as well as to what
populations the result can be generalized, are essential.
In this paper, we compare the assumptions and external validity of the regression
discontinuity design3-6, classified as a quasi-experimental approach, to that of inverse probability
weighting of marginal structural models7, classified as a non-experimental approach. We then
illustrate the comparison of approaches with an application to assess the effect of antiretroviral
therapy on survival in rural KwaZulu-Natal, South Africa.
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REGRESSION DISCONTINUITY DESIGN
Overview of the Regression Discontinuity Design
The regression discontinuity design was first introduced in the educational psychology
literature in 19608 and has since been adapted and applied in economics9 and, more recently,
epidemiology.3,4,10 Regression discontinuity can be used in settings where an exposure is
assigned based on a threshold rule based on a continuously-measured variable. Examples of
such threshold rules in health include birth weight above or below 1500 grams determining
whether or not newborns receive specialized medical care9, age determining legal drinking
status11, and prostate-specific antigen determining eligibility for further diagnostic workup for
prostate cancer.12 In the presence of random measurement error, individuals who present close
to the threshold who are measured just above and just below the threshold are expected to be
similar with respect to the distribution of measured and unmeasured covariates. This can be
conceptualized as analogous to an RCT, where instead of a researcher randomly assigning
exposure, random measurement error results in random allocation of exposure. Thus, in
expectation, patients immediately above and below the threshold will be exchangeable.
The regression discontinuity design takes advantage of this expected exchangeability
among patients close to the threshold to estimate causal effects. A discontinuity in treatment
assignment occurs when, informally, the probability of receiving treatment given that a patient is
above the threshold does not equal the probability of receiving treatment given that the patient is
below the threshold. Assuming the data generation process occurred as expected, it follows that
causal effects can be estimated in a small neighborhood around the threshold. This process has
been formally described elsewhere.3 When the assignment procedure is deterministic (for
example, every patient above the threshold receives treatment and no patients below the
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threshold receive treatment), the procedure is known as “sharp regression discontinuity”. In the
probabilistic case, where not all patients receive the treatment they are assigned by which site of
the threshold they fall on, the procedure is known as “fuzzy regression discontinuity”.

Estimation of Causal Effects with Regression Discontinuity Designs
In the survival analysis case, the general form of a Cox proportional hazards model fit to
estimate the effect of presenting just below the threshold is presented in Equation 3.1,

(3.1)

!" # $% = !( # ∗ exp (./ 1 $% < 2 + .4 $% − 2 + .6 $% − 2 ∗ 1 $% < 2 )

where ./ is the difference in expected value of the outcome at the cutoff (i.e., the effect of
presenting immediately below the threshold c compared to presenting immediately above the
threshold), .4 is the slope of the line above the threshold, and .4 + .6 is the slope of the line
above the threshold. In practice, a bias-variance tradeoff exists in the estimation of these models.
While theoretically resulting in the least biased estimate of the causal effect, pragmatically,
restricting an analysis only to individuals immediately above and below the threshold would
have insufficient power for detection of effects. As a result, information must be borrowed for
individuals at wider bandwidths around the threshold. However, as the bandwidth around the
threshold widens, correct modeling of the functional form of the expected value of the outcome
given the assignment variable Z becomes increasingly important. Although the sample size, and
thus power, increases as the bandwidth widens, the potential for bias also increases as
assumptions about the functional form on either side of the threshold become stronger.
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In the case of sharp regression discontinuity, the effect estimated by ./ in Equation 3.1 is
equal to the average causal effect, where patients below the threshold are assigned treatment
deterministically and those above the threshold do not receive treatment. In the fuzzy regression
discontinuity case, where treatment is assigned probabilistically, this effect becomes the
intention-to-treat (ITT) effect, or the effect of presenting immediately below the threshold. This
is analogous to the ITT effect commonly estimated in an RCT13,14, the effect of randomized
exposure status on outcomes, where a patient is assigned to an exposure based on a random
number but may not take the exposure they were assigned.
Of note, in fuzzy regression discontinuity, an alternative effect of interest may be the
effect of the exposure itself on outcomes. This effect can be estimated using instrumental
variable approaches3,15,16, where the instrument is treatment assignment by the threshold rule and
is used to predict actual treatment (analogous to the RCT in which randomized treatment
assignment is used to predict actually taking treatment). Methods for estimating the complier
average causal effect, and the additional assumptions necessary for its calculation, are described
elsewhere and are outside the scope of this text.3,4 This paper focuses specifically on estimation
of the ITT.

Assumptions for Estimation of the Intention-to-Treat Effect
There are two primary identifying assumptions that must be evaluated and met for
estimating the causal effect in the ITT for regression discontinuity designs. First, the assignment
variable Z must be continuous at the threshold c. Second, potential outcomes must be
continuous at the threshold (referred to as the continuity assumption). This means that there can
be no unobserved confounding of the threshold. If there exist other variables that are
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discontinuous at the threshold and also affect outcomes, the continuity assumption would be
violated and causal inference jeopardized. In practice, when an assignment variable is measured
with random noise, we expect this assumption to be met for individuals close to the threshold.

INVERSE PROBABILITY WEIGHTING OF MARGINAL STRUCTURAL MODELS
Overview of Inverse Probability Weighting of Marginal Structural Models
Inverse probability weighting of marginal structural models is a method for estimating
causal effects in observational data that reduces bias in the presence of time-varying confounding
by variables that are affected by previous treatment and that also confound the relationship
between time-updated exposure and outcome.7 Conventional multiple regression models result
in bias in the presence of time-varying confounding, as they rely on conditioning on all
covariates in the model (Supplemental Figures 3.S1 and 3.S2). Inverse probability weighting of
marginal structural models overcomes these limitations by effectively creating a
pseudopopulation in which there is no association between time-varying confounding variables
and treatment by estimating the probability of receiving the treatment that the subject actually
received at time k, conditional on past treatment and risk factor history.1,7 In the
pseudopopulation, under the assumption of no unmeasured confounding (i.e., under the
assumption of conditional exchangeability in the original population), the unexposed and
exposed are expected to be unconditionally exchangeable, and causal effects can be estimated.1

Estimation of Causal Effects with Inverse Probability Weighting of Marginal Structural Models
Estimating the parameters of the marginal structural model requires first estimating
inverse probability weights. Inverse probability of treatment weights can be estimated by
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calculating the probability of receiving treatment at time k as a function of past treatment and
covariate history. Stabilized weights, which improve efficiency, can be calculated where the
numerator is a model predicting treatment status as a function of baseline covariates and the
denominator a model predicting treatment status as a function of both baseline and time-varying
covariates. These models are used to estimate the quantity Equation 3.2,

(3.2)

DE% # =
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A(k) denotes treatment status at time k, V is the vector of baseline covariates, and L(k) is a
vector of time-varying covariates, where L(0) includes the baseline covariates V. A similar
method can be used to estimate inverse probability of censoring weights, instead predicting the
probability of being censored by time k as a function of treatment and covariate history. The
joint distribution of inverse probability of censoring and treatment weights can then be obtained
by multiplying the sets of weights.
To estimate the effect of treatment in the marginal structural model in a survival analysis
case, a Cox proportional hazards model can be fit, such as that in Equation 3.3,

(3.3)

!" # > " , S = !( # ∗ exp (./ > # + .4 S)

where the contribution of each subject is weighted by the stabilized weights previously
calculated. In Equation 3.3, ./ can be interpreted as the effect of treatment. In practice, these
models are generally fit using a pooled logistic regression model to estimate a discrete-time
hazards model, since most standard software do not allow for time-varying weights in a Cox
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model. The pooled logistic regression model is fit with robust variance estimators since the use
of weights induces within-subject correlation.7 Because time can be discretized into short
intervals, the hazard can be small for each time period, and the pooled logistic regression
parameters are essentially equivalent to those that would be estimated by the Cox model.

Assumptions for Estimation of Effects
The primary assumption for identification of causal effects in inverse probability
weighted marginal structural models is that of conditional exchangeability. Any unmeasured
variables that are associated with both the exposure of interest in the outcome would jeopardize
causal inference in this framework. If the exposed and unexposed are conditionally
exchangeable in the original population, they will be unconditionally exchangeable in the
pseudopopulation, allowing for identification of marginal causal effects. However, if the
assumption of conditional exchangeability (i.e., no unmeasured or residual confounding) does
not hold in the original population, the exchangeability assumption will not hold in the
pseudopopulation. This assumption is empirically unverifiable. Researchers must rely on
subject-matter knowledge to assess the degree to which this assumption is reasonable.

95

Table 3.1. Comparison of regression discontinuity and inverse probability-weighted marginal
structural models as causal modeling strategies
Causal question
Effect estimated
Confounding assumption
Handling confounding

Power relative to
standard cohort methods

Regression Discontinuity
The causal effect of immediate
ART eligibility on mortality
Local treatment effect
No confounding of the
threshold (continuity
assumption)
Whether or not a person near
the threshold presents to the
clinic just above or just below
the threshold is assumed to be
random
Very reduced
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Marginal Structural Model
The causal effect of ART
initiation on mortality
Average causal effect
No unmeasured confounding
Creating a pseudopopulation
where treatment is random
conditional on measured
covariates
Reduced

AN APPLICATION OF RDD AND MSM: THE CAUSAL EFFECT OF ART
INITIATION ON MORTALITY
Recently, several RCTs have assessed the effect of immediate versus delayed ART
initiation on survival in HIV-infected individuals.17-19 In Haiti, Severe et al17 document a 75%
reduction in mortality with immediate initiation of ART among patients with CD4 counts under
350 cells/µl compared to waiting until CD4 counts fall below 200 cells/µl. In HPTN-052 and the
INSIGHT START trial, a reduction of mortality of 27%18 with initiation of ART at below 250
cells/µl compared to immediately and 42%19 with initiation of ART at below 350 cells/µl
compared to immediately were documented, respectively, however neither trial was powered to
detect a difference in mortality.
Identification of the effect of ART on mortality in observational data using traditional
covariate-adjustment regression methods is limited by confounding by indication. ART
initiation is a function of CD4 count, which is also an indicator of disease progression, and thus
is associated with mortality. Failing to account for CD4 count as a confounder of this
relationship will therefore lead to incorrect inferences.7 Regression discontinuity and inverse
probability weighting represent two alternative approaches to account for this confounding to
estimate causal effects. Regression discontinuity aims to mimic a randomized controlled trial
where treatment is assigned at baseline (immediate versus delayed start) where treatment is
“randomized” by the threshold rule rather than the investigator. Inverse probability of treatment
weighting handles this situation by creating a pseudopopulation in which there is no association
between the confounding variables in the model and the exposure of interest.
We utilized data from a large population-based cohort in rural South Africa20 to illustrate
the similarities and differences between each method. We included data for all patients initiating
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care at public-sector ART clinics between 2007 and 2011 who had a presentation CD4 count
between 0 and 350 cells/µl. Data from the public sector ART clinic were linked to the
population-based demographic surveillance, in which all members of households in a 438-km2
demographic surveillance area are followed longitudinally. Household response rates exceed
99%.20 Data collected include demographic, socioeconomic, and health indicators. Mortality is
assessed via verbal autopsy.21 The household of the deceased for each death observed in the
surveillance area is visited by a trained nurse who conducts a verbal autopsy interview. For this
analysis, all-cause mortality was the outcome of interest. A patient’s follow-up time included
time from the date of their first CD4 count in the HIV care system (as a proxy for the date of
initiation of HIV care) until their last observed date in the surveillance system, classified as
either the end of follow-up (censored) or death.
A total of 4,435 individuals initiated care between 2007 and 2011 with a baseline CD4
count between 0 and 350 cells/µl. Of these, 935 individuals died over 19,269 person-years of
follow-up (incidence rate of mortality of 4.9 per 100 person-years). Of the 935 deaths, 734 were
among individuals who were eligible for ART at baseline (incidence rate 6.6 per 100 personyears) and 201 among those who were not eligible (2.5 per 100 person-years). Mortality
decreased as baseline CD4 count increased, and there was evidence of a discontinuity at the
threshold (Figure 3.1).
ART initiation in this context is assigned via threshold rule: until August 2011, patients
with HIV were eligible for ART once their CD4 counts dropped below 200 cells/µl. For the
regression discontinuity method, we estimated the intention-to-treat effect (i.e., the effect of
eligibility for treatment due to the threshold rule) using a discreet time hazards model as
described by Equation 1. This effect was estimated for four bandwidths of CD4 count around
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the threshold: 0 to 350 cells/µl (the entire study sample; N=4,435), 50 to 350 cells/µl (N=3,746),
and 150 to 250 cells/µl (N=1,304), and 175 to 225 cells/µl (N=626). Figure 3.2 demonstrates
evidence of a discontinuity in probability of initiating ART within 6 months by baseline CD4
count. Baseline characteristics for the overall sample were roughly balanced between those who
were eligible versus not eligible for treatment at baseline (Table 3.2), but were more closely
balanced for those closer to the threshold (Supplemental Table 3.S1). Sensitivity analyses were
run with additional functional forms for CD4 count above and below the threshold, including 1)
a squared functional form for CD4 counts below the threshold; 2) a restricted cubic spline at 125
cells/µl (75 cells below the threshold); 3) addition of age at baseline and sex as additional
covariates in the model (Supplemental Table 3.S2).
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Figure 3.1. Incidence of all-cause mortality as a function of baseline CD4 count

Incidence of mortality by baseline CD4 count. Orange dots indicate raw mortality incidence for
each 10 cell/µl bin. Green lines indicate fitted regression lines estimating the incidence of
mortality as a function of earliest CD4 count above and below the threshold (red line). The
dotted green line is the projection for the curve below the threshold, which is the estimate of
what mortality incidence would be for individuals above the threshold (and thus not eligible for
immediate ART initiation) would have been if they had actually been eligible for ART
immediately. The discontinuity at the threshold is the estimate of the effect of ART eligibility on
mortality incidence.
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Figure 3.2. Probability of ART initiation within 6 months by baseline CD4 count

Probability of ART initiation within 6 months of the earliest CD4 count was calculated by
baseline CD4 count as the number of individuals in a given 10-cell/µl bin over the total number
of individuals in that bin. A discontinuity in probability of ART initiation is evident at the 200
cell/µl threshold.
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Table 3.2. Baseline characteristics for the study sample (N=4,435)

Age (median, IQR)
Female sex
Baseline CD4 count (median,
IQR)
Asset index quintile
Lowest
Second lowest
Middle
Second highest
Highest
Missing
KM to nearest clinic (median,
IQR)
Residence
Rural
Peri-Urban
Urban
Missing
Educational attainment
None or primary (0-7 years)
Secondary (8-2 years)
Tertiary
Missing

Below Threshold (Eligible)
(N=2,751)
33.1 (27.5 to 41.4)
1,790 (65.1%)

Above Threshold (Ineligible)
(N=1,684)
31.3 (24.8 to 40.3)
1,278 (75.9%)

101 (49 to 149)

268 (233 to 306)

594 (21.6%)
571 (20.8%)
488 (17.7%)
404 (14.7%)
347 (12.6%)
347 (12.6%)

402 (23.9%)
357 (21.2%)
315 (18.7%)
239 (14.2%)
241 (14.3%)
130 (7.7%)

2.6 (1.5 to 3.4)

2.4 (1.5 to 3.5)

1,249 (45.4%)
918 (33.4%)
252 (9.2%)
332 (12.1%)

813 (48.3%)
553 (32.8%)
189 (11.2%)
129 (7.7%)

920 (33.4%)
1,523 (55.4%)
246 (8.9%)
62 (2.3%)

564 (33.5%)
951 (56.5%)
133 (7.9%)
36 (2.1%)
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The parameters of a marginal structural model were estimated by first estimating stabilized
inverse probability weights according to Equation 2, with age at baseline, sex, and educational
status as time-invariant covariates, and CD4 count, household wealth (estimated as a composite
variable of a number of asset indicators combined via principal components analysis and
discretized into quintiles), distance from the patient’s place of residence to the clinic in
kilometers, and whether the patient lived in an urban or rural area. The weights were truncated
at a maximum value of 10 to avoid influence of outliers on the variance, as previously
described.22 The distribution of stabilized inverse probability of treatments weights had a mean
of 1.003 (1st percentile: 0.85, 99th percentile: 1.13). A discrete time hazards model was used to
estimate the marginal structural model. Because the denominator of the stabilized inverse
probability of treatment weights estimated the probability of treatment at time t as a function of
baseline covariates, the marginal structural model was fit including baseline covariates.
The primary analysis using the inverse probability weighted approach was uncensored,
and individuals were followed until the end of follow-up (December 2014) or death, whichever
was first. In this analysis, we carried forward the last observed CD4 count before a given time
point. Because not all individuals had laboratory measurements every 6 months as
recommended by monitoring guidelines, and some were lost to care, in a second analysis we
administratively censored individuals who had not had a laboratory measurement for 12 months
or more. A sensitivity analysis adjusting for potential selection bias arising from administrative
censoring was also run (Appendix 3.1). Finally, we included a third model that included both
censoring at 12 months and an interaction term for ART status by time, which allowed for
estimation of heterogeneity of effects over time.
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Figure 3.3 graphically displays the results of each analysis. In the regression
discontinuity model at a bandwidth of 0 to 350 cells/µl, there was a 41% reduction in mortality
with immediate eligibility for ART (HR 0.59, 95% CI 0.42 to 0.81; Figure 2), which reduced to a
30% reduction in a model with a restricted cubic spline (HR 0.70, 95% CI 0.46 to 1.05) and in a
model with a squared functional form for CD4 count (HR 0.70, 95% CI 0.43 to 1.13). This was
similar in magnitude to the effect at a narrower bandwidth of 150 to 250 cells/µl (HR 0.66, 95%
CI 0.35 to 1.26). These estimates were robust to the inclusion of baseline covariates in the model
(Supplemental Table 3.S2).
In the inverse probability weighted model, the use of ART was associated with a 38%
reduction in all-cause mortality (HR 0.62, 95% CI 0.50 to 0.76) and 46% reduction when
censoring individuals without a laboratory test in the previous 12 months (HR 0.54, 95% CI 0.41
to 0.70). In the censored model with an ART status by time since initiation interaction term,
there was significant evidence of an increase in the protective effect of ART over time (HR 0.84
per year, 95% CI 0.76 to 0.94).
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Hazard Ratio (95% CI)

1.4
1.2
1
0.8
0.6
0.4
0.2

Figure 3.3. Primary analysis results for regression discontinuity, inverse probability weighted,
unadjusted, and baseline covariate-adjusted models
Primary analysis results for the regression discontinuity effect at 4 bandwidths (blue), the inverse
probability weighted marginal structural model (both with individuals without laboratory tests
censored at 12 months and uncensored and a model with an interaction term for ART status by
time, green), the unadjusted effect of ART on mortality (red), and the effect adjusted for baseline
covariates (black). *Indicates that there was a significant ART by time interaction, suggesting
heterogeneity of effects over time. The interaction term suggested a decrease in the hazards ratio
of the main effect of ART of 0.84 per year.
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DISCUSSION
Estimation of causal effects from observational data is a primary goal of epidemiology.
Each method for estimating causal effects requires a set of assumptions for valid inference, and
requires additional considerations with regards to external validity and the interpretation of the
causal effect estimated. Utilization of multiple methods for estimation of causal effects, each
with distinct sets of assumptions and methodology, may allow for the highest level of evidence
for causal inference possible with observational data. Consistent results despite differences in
assumptions suggest that the methods may be triangulating on the true causal effect. Here, we
considered two methods that deal with the exchangeability assumption in distinct ways under
distinct assumptions, and produce effects with differential external validity. The inverse
probability weighted model suggested an approximately 40% decrease in mortality following the
uptake of ART, compared to a 35% decrease estimated by the regression discontinuity model.
These results are consistent with one another, with overlapping confidence intervals, and overall
suggest that ART use results in a reduction of mortality on the order of 35-40% in this
population.
Even when the exchangeability assumptions of each model are met, there are several
reasons why these effects are not expected to be identical. Firstly, inverse probability weighting
of marginal structural models estimates a marginal effect in the entire population. Conversely,
without additional strong and untestable assumptions, the effect estimated in the regression
discontinuity design is local at the threshold.5 Although the regression discontinuity model can
borrow information from a larger population (i.e., from individuals who are further away from
the threshold) at a larger bandwidth by modeling the functional form of CD4 count above and
below the threshold, the estimate is still interpreted as the effect at the threshold. Interpretation
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of this result for the entire population requires an untestable assumption about the full functional
form of potential outcomes (i.e., the outcome across the entire population had it been treated
versus the outcome across the entire population had it be untreated). The generalizability of the
effect estimated in the regression discontinuity design is generally limited to the area
immediately around the threshold, whereas the effect of the inverse probability weighted model
can be generalized across the entire distribution of CD4 counts in the study. It is possible that
the inverse probability weighted effect was stronger because the effect of ART is stronger at
lower CD4 counts (i.e., in individuals who are sicker at baseline), compared to the effect of ART
for those whose baseline CD4 count was 200 cells/µl.
An additional substantive difference between the two models is how they model the
exposure, ART status. The inverse probability weighted model treats ART status as a timevarying exposure, where ART status can be updated at each time interval. Conversely, the
regression discontinuity design attempts to mimic a randomized controlled trial where exposure
status is assigned at baseline, and the intention-to-treat effect is the effect of treatment
assignment on outcomes (in this case, assigned by the threshold rather than investigator
randomization). The effect estimated by the ITT in the regression discontinuity design is the
effect of immediate eligibility versus delayed eligibility for ART on outcomes, a baseline
characteristic. Differences in effect estimates likely reflect the different assumptions implicit in
how exposure status is modeled.
Although both regression discontinuity designs and inverse probability weighted models
assume exchangeability between the treated and untreated populations, the methods for
achieving exchangeability differ substantially in practice. Regression discontinuity relies on an
exogenous source of variation in treatment assignment to result in a balance in the distribution of
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baseline covariates around the threshold. In expectation, this will result in a balance of both
measured and unmeasured covariates at the threshold, as in a randomized trial. Balance tables
can be used as evidence regarding whether or not the exogenous source in variation “assigned”
treatment as expected, as in a trial. As expected, here, the distribution of covariates was similar
for narrower bandwidths around the threshold. For models using wider bandwidths, the
assumption of exchangeability becomes conditional on no misspecification of the modeling of
the functional form of the assignment variable (CD4 count), but the estimand remains a local
effect at the threshold.
In contrast, inverse probability-weighted models must explicitly model the endogenous
processes of the causal structure under study to achieve causal effects. In practice, this requires
the measurement of and adjustment for all confounding variables of the relationship between
ART status and mortality. The use of inverse probability weighted models overcomes
limitations of traditional multiple regression models by creating a pseudopopulation in which the
treated and the untreated are exchangeable conditional on measured covariates in the original
population, rather than by stratifying on time-updated variables in a model. However,
exchangeability will not be achieved in the pseudopopulation if there is residual or unmeasured
confounding in the original population. In the example presented in this paper, perhaps the
largest potential source of confounding arises from CD4 count, which is a strong determinant of
both treatment and outcome. However, in this study, CD4 count data arise from a clinical
database. In a prospective cohort study, greater effort may be made to ensure that participants
return for regular study visits. In a busy clinic setting, patients do not necessarily attend clinic
visits on the recommended schedule (every 6 months for CD4 count monitoring). This may
result in residual confounding, as the most recent CD4 count prior to a particular time interval
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may be from earlier in the disease course. Plausibly, individuals who have initiated ART may
have more consistent contact with the clinic, and as a result, more regular CD4 count
measurements and better confounding control compared to those who have not initiated ART.
This may introduce some bias into effect estimates. In this analysis, models in which individuals
were censored after 12 months without a laboratory measurement yielded stronger effects than
those in which such individuals were not censored. This may indicate the presence of residual
confounding due to measurement error in CD4 count for individuals who did not return for
laboratory testing. Because the regression discontinuity design does not rely on time-varying
CD4 counts, but instead only relies on baseline CD4 counts (which are measured for everyone
who initiates care), measurement error of time-varying CD4 counts is not of concern in the
regression discontinuity design.
One of the primary limitations of the regression discontinuity method is power.
Regression discontinuity relies on variation in treatment assignment by a threshold, and results in
an effect that is local to the threshold. However, in practice, in most datasets an insufficient
number of individuals will be found in extremely narrow bandwidths around the threshold in
which internal validity is the highest. In our application, this reduction in power can be seen
with increasing confidence interval width, as the bandwidths around the threshold get narrower.
This power requirement results in a bias-variance tradeoff. Power improves (and the variance
gets smaller), at wider bandwidths, but the risk of bias increases at these bandwidths as the
correct estimation of the effect relies on correctly modeling the functional form of CD4 count
above and below the threshold. In sensitivity analyses, including a more flexible functional form
for CD4 count resulted in estimates at the wider bandwidths (0-350 and 50-350) yielded
estimates that were very similar in magnitude to the estimate at the narrower bandwidth (150-
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250), although with narrower confidence intervals. Modeling multiple functional forms of the
assignment variable may improve confidence in inferences.
For both techniques, the data used for these analyses had significant strengths. The
public sector ART clinic provides the vast majority of HIV care in this region, and thus
misclassification of exposure is likely minimal. All-cause mortality data are very complete via
the surveillance program, and loss to follow-up was minimal, reducing both the potential for
outcome misclassification and selection bias. Use of complete, high-quality data allows for more
direct comparison and analysis of estimates between the two techniques, specifically in how they
approach the exchangeability requirement for causal inference from observational data, as well
as generalizability of each estimate.
The results of this analysis demonstrate that regression discontinuity designs and inverse
probability weighted models yield both consistent and complementary information. Although, as
expected, the effect estimates were not identical, they were similar in magnitude, which give
strong evidence of a protective effect of ART on all-cause mortality among HIV-infected
individuals engaged in care in rural South Africa. That the inverse probability weighted model’s
estimate is similar to the regression discontinuity estimate suggests that, although the regression
discontinuity effect is a local effect at the threshold, it may be generalizable to individuals with
baseline CD4 counts further from 200 cells/µl. When available covariate data are well-measured
and available, inclusion of an inverse probability weighted model as a sensitivity analysis may
yield greater information than the regression discontinuity effect alone, as both a method with
alternative exchangeability assumptions and one that yields complementary information
regarding external validity.
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APPENDIX 3.1: Supplementary information and sensitivity analyses
INTRODUCTION
In this appendix, we present results of sensitivity analyses for the regression discontinuity
and marginal structural model analyses. The purpose of these analyses and additional
information is to assess the plausibility of assumptions required for causal inference in the
regression discontinuity case. First, we present a breakdown of baseline characteristics for
individuals in the 150 to 250 cells/µl bandwidth. We expect that baseline characteristics should
be roughly balanced above and below the threshold.
Second, we present results of models including baseline covariates in the ITT models for
regression discontinuity for each of the three bandwidths. If the balance of covariates above and
below the threshold is evenly distributed, as we expect for individuals who are close to the
threshold, the inclusion of baseline covariates such as age and sex should not affect the point
estimates from the models. We therefore expect the point estimates to be the same for the
models that include baseline covariates as compared to those that do not, although we expect the
confidence interval to be somewhat wider with additional covariates in the model.
Third, we present results adjusting for censoring in the inverse probability weighted
model where individuals are censored when they have not had a laboratory test for at least 12
months. Overall, loss to follow-up in this setting is low due to the comprehensive nature of the
demographic surveillance and verbal autopsy. However, individuals do not always return for
laboratory testing as scheduling and do not always remain engaged in care. Two analyses were
conducted for the inverse probability-weighted model. First, we did not account for loss of
retention in care, and carried over the most recent CD4 count prior to a visit (last observation
carried forward). Second, we censored individuals who had not had a laboratory test in the

114

previous 12 months. In this appendix, we present results of the model that censors individuals at
12 months including additional adjustment for censoring, by using the joint distribution of
weight for confounding and selection bias.

DISTRIBUTION OF COVARIATES FOR THE NARROWEST BANDWIDTH
Table 3.S1 displays the distribution of baseline covariates for individuals in the narrowest
bandwidth around the threshold, 150 to 250 cells/µl. Overall, the covariates were well balanced
above and below the threshold. Of note, although there was an approximately 10% difference in
the proportion of individuals who were female below versus above the threshold in the overall
sample, approximately 70% of individuals above and below the threshold were female for
individuals closer to the threshold. These results indicate that the data generating process is
operating as expected. If, at the area around the threshold, the threshold is truly a source of
exogenous variation in treatment assignment, we expect the distribution of covariates to be
roughly balanced above and below the threshold. Importantly, that the balance of covariates
appears to be closer to random for individuals presenting to care at a narrower bandwidth around
the threshold underscores the importance of interpretation of effects from the regression
discontinuity model as local effects. Substantial, and untestable, assumptions are required to
interpret the effects recovered from the regression discontinuity model as global effects.
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Table 3.S1. Baseline characteristics for the study sample at 150-250 cells/µl bandwidth
(N=1,304)

Age (median, IQR)
Female gender
Baseline CD4 count (median,
IQR)
Asset index quintile
Lowest
Second lowest
Middle
Second highest
Highest
Missing
KM to nearest clinic (median,
IQR)
Residence
Rural
Peri-Urban
Urban
Missing
Educational attainment
None or primary (0-7 years)
Secondary (8-2 years)
Tertiary
Missing

Below Threshold (Eligible)
(N=676)
32 (27 to 41)
483 (71.6%)

Above Threshold (Ineligible)
(N=628)
34 (27 to 43.5)
464 (73.9%)

173 (162 to 186)

225 (213 to 236.5)

137 (20.3%)
141 (20.9%)
127 (18.8%)
113 (16.7%)
88 (13.0%)
70 (10.4%)

149 (23.7%)
141 (22.5%)
109 (17.4%)
90 (14.3%)
94 (15.0%)
45 (7.2%)

2.2 (1.3 to 3.4)

2.2 (1.4 to 3.5)

291 (43.1%)
254 (37.6%)
63 (9.3%)
68 (10.1%)

215 (34.2%)
299 (47.6%)
70 (11.2%)
44 (7.0%)

216 (32.0%)
382 (56.5%)
60 (8.9%)
18 (2.7%)

210 (33.4%)
359 (57.2%)
46 (7.3%)
13 (2.1%)
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BASELINE COVARIATE-ADJUSTED ITT ESTIMATES
In this sensitivity analysis, we included baseline covariates in the intention-to-treat (ITT)
regression discontinuity model for the effect of ART on mortality. This sensitivity analysis tests
the assumption that the distribution of baseline covariates is balanced above and below the
threshold, and that the effect of ART on mortality is not being driven by a confounding variable.
If the estimates are not being driven by confounding by an imbalance of other covariates, we
expect the point estimate will not change compared to the model without the inclusion of
baseline covariates.
In the sensitivity analysis presented in Table 3.S2, we report age- and sex-adjusted ITT as
well as the age- and sex-adjusted ITT that includes a restricted cubic spline for CD4 count.
These models show very little movement in the point estimate. The change in hazard ratio for
most bandwidths was 0.01, and the largest change was 0.02. These results indicate that the
results of the regression discontinuity analysis were robust to the inclusion of two of the
strongest determinants of mortality, age and sex, suggesting that the effect at the threshold was
not driven by endogenous factors. Although this sensitivity analysis cannot rule out the
influence of unmeasured factors, it gives strong support to the data generating process behaving
as expected. Close to the threshold, the variation in treatment assignment appears to be primarily
driven by chance, rather than by other causal processes.
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Table 3.S2. Intention-to-treat estimates adjusted for baseline covariates
Bandwidth
0-350
50-350
150-250

Baseline covariate adjusted
ITT
0.58 (0.42 to 0.81)
0.64 (0.45 to 0.91)
0.69 (0.36 to 1.30)
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Baseline covariate adjusted ITT
with restricted cubic spline
0.72 (0.48 to 1.08)
0.69 (0.44 to 1.07)

INVERSE PROBABILITY WEIGHTED MODEL ADJUSTED FOR CENSORING
This sensitivity analysis includes weights for both selection bias (censoring) and
confounding in the model in which individuals are censored if they have not had a laboratory test
after 12 months. In this model, the joint distribution of weights for censoring and confounding is
estimated by first estimating stabilized inverse probability weights for confounding as described
in the main text. We then repeat the procedure to estimate weights predicting the probability of
remaining uncensored. This joint distribution of weights creates a pseudopopulation in which
everyone remains uncensored and there is no association between time-varying confounding
variables and treatment. Under the assumption of no unmeasured confounding, the effect can be
interpreted as the effect of ART on mortality had everyone been uncensored, or had everyone in
the population received ART, compared to if no one had received ART.
In the inverse probability-weighted model adjusted for both confounding and censoring,
had everyone received ART, there would have been 50% of the hazards of mortality had no one
received ART (HR 0.50, 95% CI 0.37 to 0.66). This was similar in magnitude to the model in
which individuals were censored if they had not had a laboratory measurement for 12 months but
there was no adjustment for censoring (HR 0.54, 95% CI 0.41 to 0.70). Both of these models
indicated a stronger effect of ART than the model in which there was no censoring (HR 0.62,
95% CI 0.50 to 0.76). This is as expected, as in the uncensored model, CD4 counts, a major
cause of time-varying confounding of the association between ART status and mortality, are
carried forward. This can result in residual confounding, which may have biased effects towards
the null in this case.
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APPENDIX 3.2. Directed acyclic graphs for the effect of ART on mortality

Antiretroviral therapy (ART) is a time-varying exposure, as in observational setting
individuals do not necessarily initiate ART at “baseline” (defined in this analysis as the date of
earliest CD4 count). The directed acyclic graph (DAG) in Figure 3.S1 illustrates the timevarying nature of this exposure and displays why conditioning time-updated CD4 count in a
standard regression model results in biased estimates of the effect of ART on mortality. Figure
3.S2 illustrates the bias induced by stratification of time-varying confounding variables. Using
an inverse probability-weighted model, we overcome these biases by removing arrows from
confounding factors into treatment, rather than conditioning on them, illustrated in Figure 3.S3.
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Figure 3.S1. Directed acyclic graph (DAG) for the relationship between ART initiation and
mortality

Antiretroviral therapy (ART) is a time-varying exposure. This directed acyclic graph (DAG)
displays the relationship between time-updated ART status, CD4 count, socioeconomic status
(SES), and distance to clinic with mortality (under the null). In the time-varying case, CD4
count is used by clinicians to determine ART status, and is a marker for disease progression, and
thus is causally associated with time-updated ART status. SES and distance to clinic can be
associated with CD4 count, since patients who live further from the clinic or are of lower SES
may delay seeking care and thus have lower CD4 counts at presentation. They may also delay
ART initiation, and may have higher mortality.
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Figure 3.S2. DAG with conditioning on time-varying confounders and unmeasured confounding
This DAG illustrates the bias of traditional covariate-adjustment methods in the case of timevarying confounding. Conditioning on time-varying confounders (indicated by boxes) not only
blocks the flow of association between the exposure of interest and outcomes, but creates
collider-stratification bias in the presence of an unmeasured common cause of a confounder and
the outcome. When there is stratification by time-varying CD4 count, which is also a collider, a
backdoor path is opened between mortality and ART initiation via U, which can result in bias
and jeopardizes causal inference.
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Figure 3.S3. DAG in the pseudopopulation following inverse probability weighting
This DAG illustrates the causal structure in the pseuopopulation created by inverse probability
weighting. In the pseudopopulation, there is no longer an association between the time-varying
confounders CD4 count, socioeconomic status, or distance to clinic and ART status. No
conditioning on confounders is necessary in the pseudopopulation in this causal structure to
eliminate all backdoor paths between ART status and mortality. Note that if the causal structure
included an unmeasured confounder between ART initiation and mortality, causal inference
would be jeopardized.

123

