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Abstract
Introduction: Tracing patients lost to follow-up (LTFU) from HIV care is widely practiced, yet we have little knowledge of
its causal effect on care engagement. In a prospective, Zambian cohort, we examined the effect of tracing on return to care
within 2 years of LTFU.
Methods: We traced a stratified, random sample of LTFU patients who had received HIV care between August 2013 and
July 2015. LTFU was defined as a gap of >90 days from last scheduled appointment in the routine electronic medical record.
Extracting 2 years of follow-up visit data through 2017, we identified patients who returned. Using random selection for trac-
ing as an instrumental variable (IV), we used conditional two-stage least squares regression to estimate the local average
treatment effect of tracer contact on return. We examined the observational association between tracer contact and return
among patient sub-groups self-confirmed as disengaged from care.
Results: Of the 24,164 LTFU patients enumerated, 4380 were randomly selected for tracing and 1158 were contacted by
a tracer within a median of 14.8 months post-loss. IV analysis found that patients contacted by a tracer because they were
randomized to tracing were no more likely to return than those not contacted (adjusted risk difference [aRD]: 3%, 95% CI:
–2%, 8%, p = 0.23). Observational data showed that among contacted, disengaged patients, the rate of return was higher in
the week following tracer contact (IR 5.74, 95% CI: 3.78–8.71) than in the 2 weeks to 1-month post-contact (IR 2.28, 95%
CI: 1.40–3.72). There was a greater effect of tracing among patients lost for >6 months compared to those contacted within
3 months of loss.
Conclusions: Overall, tracer contact did not causally increase LTFU patient return to HIV care, demonstrating the limited
impact of tracing in this program, where contact occurred months after patients were LTFU. However, observational data
suggest that tracing may speed return among some LTFU patients genuinely out-of-care. Further studies may improve tracing
effectiveness by examining the mechanisms underlying the impact of tracing on return to care, the effect of tracing at different
times-since-loss and using more accurate identification of patients who are truly disengaged to target tracing.

Keywords: causality; HIV; instrumental variable; lost to follow-up; retention in care; tracing

Additional information may be found under the Supporting Information tab of this article.

Received 9 April 2021; Accepted 17 November 2021
Copyright © 2021 The Authors. Journal of the International AIDS Society published by John Wiley & Sons Ltd on behalf of the International AIDS Society.
This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.

1 INTRODUCT ION

Consistent engagement in HIV care is critical for patient
health [1–5] and achieving global epidemic control targets
[6]. Retention is challenging, however, with approximately one-
third of patients on antiretroviral therapy (ART) [7] in sub-
Saharan Africa considered lost to follow-up (LTFU). While

some patients return to care, many do not. Observational
estimates of re-engagement in care in Africa and the United
States range from one-quarter to three-quarters [8–13].
As HIV programmes transition from an emergency-focused
response to a long-term maintenance service delivery model,
they must allocate limited resources to interventions that sup-
port sustained patient engagement [14].
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Tracing patients LTFU from HIV care is widely practiced,
yet we have little knowledge of its causal effect on care
engagement. Tracing patients identified as having missed an
HIV visit using phone calls or home visits is the standard of
care in many countries, and the U.S. President’s Emergency
Plan for AIDS Relief requires it [15]. Although useful in deter-
mining patient outcomes among those LTFU [16–21], there is
limited evidence of its effectiveness re-engaging out-of-care
patients. Several studies [22–25] of variable quality [26] have
assessed the impact of tracing on return to care, producing
effect estimates ranging from null to a significant improve-
ment in re-engagement. Rigorous causal evidence is needed to
guide the use of tracing.

Using an instrumental variable (IV) approach, we estimated
the causal effect of tracing on return to care within 2 years of
patient loss in a prospective cohort of Zambian patients. This
analysis informs interventions to support HIV care engage-
ment continuity.

2 METHODS

Our study leveraged the “Better Information for Health in
Zambia” (BetterInfo) study, which generated representative
estimates of HIV programme outcomes by tracing a large,
random sample of LTFU patients to ascertain their outcomes
(i.e. undocumented in-care, out-of-care and deceased) [17,18].
Our study exploited the fact that BetterInfo patients were
randomly selected for tracing to use random selection for
tracing as an IV. BetterInfo was conducted in 71 public health
facilities supported by the Zambian Ministry of Health and
Centre for Infectious Disease Research in Zambia across four
provinces: Eastern, Lusaka, Southern and Western.

2.1 Study population

Drawing from BetterInfo, our study population included
patients who had at least one HIV care visit between 1st
August 2013 and 31st July 2015 at a study facility and were
then LTFU, defined as a care gap of >90 days according to
the electronic medical record (EMR) and subsequent unknown
care status. We conducted the study during a period with free
HIV-related care for all patients, ART eligibility CD4 <500
and stable ART patients receiving 90–180 days ART supply
[27].

2.2 Procedures and measurements

The BetterInfo study randomly sampled patients for trac-
ing by first enumerating the 2013–2015 patient population
across 71 facilities. Thirty-one facilities, where tracing would
occur, were selected using probability proportional to size
sampling from strata defined by facility type (hospital, urban
or rural health centre) and province. LTFU patients were then
selected through simple random sampling at facility level [17];
selected patients were traced in a random order per facility.

Tracing occurred from 23rd September 2015 through 17th
July 2016 by study-trained peer educators knowledgeable
about the community served by the facility from which they
conducted tracing (tracers). Tracing included: (1) reviewing the
patient’s paper medical file for confirmed death or recent

Figure 1. Analysis population.

facility visit not documented in the EMR. If found, the patient
outcome was recorded and tracing ended. (2) If an outcome
was not established, tracers attempted to contact the patient
using phone calls and in-person visits guided by contact infor-
mation in the patient’s medical file [17]. Tracers made at least
three in-person attempts to contact a patient over several
months until an updated status was ascertained by the tracer
and recorded in the study survey form, or the tracing period
ended.

Upon contact, tracers verbally encouraged disengaged
patients to return to care. Although not systematically
offered, tracers sometimes accompanied patients to the facil-
ity or met them there for their return visit. Tracers made
no further follow-up after one-time, successful in-person con-
tact. Tracer contact with the patient was documented, includ-
ing the contact date and means of communication (phone or
in-person), using the study tracing form, and stored in an elec-
tronic study database. LTFU patients not sampled for trac-
ing were not precluded from non-study, facility-led follow-up;
however, little non-study follow-up occurred during the study
period.

Our study outcome, return to care, was measured using
EMR visit data. In 2018, we extracted 2 years of follow-up
patient visit data (through 2017) from all LTFU patients in
the 2015 cohort. We linked follow-up visit records through
unique EMR patient identification numbers (Figure 1) at the
71 sites. Thus, our study population included patients who,
since their last EMR-documented facility visit in 2013–2015,
were deceased, were alive and in care, alive but not seek-
ing care or deceased. The date of patient loss from care
and demographic, social and clinical characteristics at the
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Table 1. Assumptions necessary for a valid instrumental variable (IV) analysis

Assumption Theoretical justification

1. The instrumental variable (randomization to

tracing) is associated with the treatment

(successful tracer–patient contact)

Based on the study design, only patients randomized to tracing could be contacted

by a study tracer. Not being randomly selected for tracing identifies those who

did not have tracer contact. (Examined empirically in the first stage of two-stage

least squares regression.)

2. There are no unmeasured common causes

between randomization to tracing and the

outcome

Randomized assignment to tracing should balance patient characteristics between

the two arms, eliminating unmeasured confounding. (Examined empirically

assessing balance in measured potential confounders.)

3. The effect of the randomization to tracing on

patient return is fully mediated through the

tracer–patient contact

The instrumental variable, randomization to tracing, was only used to determine

study tracing interactions. It did not affect any other treatments that a patient

received.

4. Monotonicity (i.e. no “defiers”): Randomization

to tracing only increased the likelihood of

patient–tracer contact [32]

Only participants randomized to tracing could have received tracer–patient contact

provided by the study. No one was prevented from being traced because they

were randomized to tracing.

5. Stable unit treatment value assumption: one

patient’s randomization to tracing does not

affect another patient’s outcome

Patients were unaware of their randomization status. Randomization was only linked

to study tracing.

time of loss were extracted from the EMR. Missing data
were imputed using chained equations [28] to create a single
imputed dataset.

2.3 Analysis

We defined patients as returned to care (the outcome variable)
if they had a visit date in the EMR within 2 years following
their loss date. The return date was the first facility visit date
post-loss. We considered patients to have received the treat-
ment if they were contacted over the phone or in person by
a study tracer before their return visit or within 2 years after
loss.

2.3.1 Intention-to-treat analysis

To perform an intention-to-treat (ITT) analysis, we used the
Kaplan–Meier method to estimate the cumulative incidence of
return within 2 years according to random treatment assign-
ment (randomized to study tracing or not) and a log-rank test
to compute the associated p-value. The time origin was the
date of patient loss (missed, scheduled appointment date+90
days or last clinic visit+180 days if scheduled appointment
undocumented in EMR). The time scale was days-since-loss.
The event was patient return or censor at 2 years post-loss.

2.3.2 Instrumental variable analysis

To estimate the causal effect of tracing on return, we lever-
aged the experiment inherent in the BetterInfo study design,
which randomly assigned patients to tracing. The association
between successful tracer–patient contact (i.e. the treatment)
and a patient returning to care within 2 years post-loss (i.e.
the outcome) was likely confounded by numerous, unmea-
sured common causes of a tracer’s ability to make contact and
the patient’s return behaviour. In short, the same things that

enable a tracer to successfully contact a patient likely also
help the patient to return.

Using randomization to tracing as an IV can yield an unbi-
ased estimate, even in the presence of unmeasured confound-
ing, provided that it meets several key assumptions: (1) the
IV (randomization to tracing) is associated with the treatment
(successful tracer–patient contact), (2) there are no common
causes between being randomized to tracing and the out-
come, (3) the effect of the randomization to tracing on patient
return is fully mediated through the tracer–patient contact
(the treatment), (4) randomization to tracer contact will only
increase, not decrease, a patient’s likelihood of tracer contact
(monotonicity) and (5) one patient’s randomization to tracing
does not affect another patient’s return to care (stable unit
treatment value assumption) [29–31]. Under these assump-
tions, the IV analysis estimates the causal effect of tracer–
patient contact on return to care among patients who would
not have been contacted by a tracer had they not been ran-
domized to tracing (the local average treatment effect [LATE])
[29]. Assumptions 1, 3, 4 and 5 are supported by the study’s
design or theoretically justified [29] (Table 1). We empirically
examined assumptions 1 and 2.

To evaluate assumption 1 and estimate the LATE risk dif-
ference (RD), we used two-stage least squares regression
(2SLSR) using ivreg2 in Stata [33]. To improve the robust-
ness of the analysis, given the binary outcome, we also esti-
mated the marginal RD with binary probit regression [34]
using the biprobit Stata command. We used descriptive statis-
tics to examine covariate balance between the two treat-
ment arms (examining assumption 2 to the extent possible)
and to estimate the proportion of patients assigned to trac-
ing who were successfully contacted by a tracer (“compliers”).
The instrument was randomly assigned, but we conditioned
on covariates due to outcomes from the stratified sampling
schema. These covariates showed an imbalance between the
two treatment assignments, including ART initiation status,
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time from enrolment to loss, prior gaps in care and facility
type (Table 2). For model inclusion, the relationship between
covariates and the outcome was assessed using descriptive
statistics for categorical and LOWESS plots for continuous
covariates. Based on hypotheses of causal relationships and
empirical review of patient characteristics, we believe that it
is plausible to assume no other unmeasured confounding.

2.3.3 Instrumental variable analysis sensitivity
analyses

To examine potential differential effects by strata, we con-
ducted stratified analyses by (1) ART initiation status at loss,
(2) health facility and (3) time from loss to randomization
assignment.

There was a gap of approximately 6 weeks between when
patients could be identified as LTFU (31st July 2015) and ran-
domization assignment (15th September 2015), after which
treatment exposure was possible. We conducted a sensitivity
analysis estimating the LATE on patients who remained LTFU
at randomization (no EMR-documented return visit between
lost date and date of randomization in follow-up data). Expo-
sure was tracer contact with the patient before return or
within 2 years after randomization, and an outcome was a
facility visit within 2 years after randomization. We controlled
for time from loss to randomization, in addition to other
covariates.

2.3.4 Incidence rate of return relative to tracing
exposure in patient sub-groups

The causal analysis limits assessment of patient sub-groups,
such as LTFU patients known to be out-of-care, which may
be of interest in programmatic intervention implementation.
We estimated the incidence rate (IR) of return relative to
different tracing experiences among patient sub-groups; this
allowed us to assess the observational association between
tracer–patient contact and return to care. We estimated the
IR: (1) throughout the 2 years of follow-up among all patients,
randomized to tracing or not, (2) in the 2 weeks before and
2 weeks after tracer contact among patients who had con-
tact with a tracer (in-person, on the phone or through a rela-
tion and were confirmed to be alive), (3) at varying time
points post-tracer-contact among patients who had phone or
in-person contact with a tracer and who were confirmed to be
alive and disengaged from care at the time of tracer contact.
The time origin, scale, event and censor were the same as in
the ITT analysis.

Analyses were conducted using Stata 15.1 IC (StataCorp,
2018).

2.4 Ethical review

This study was approved by the University of Zambia
Research Ethics Committee, the Zambian Ministry of Health
and the University of Alabama at Birmingham Institutional
Review Board, which determined that programmatic EMR
data analysis did not require additional consent. Voluntary,
written informed consent was obtained following in-person
patient–tracer contact.

Figure 2. Kaplan–Meier failure estimate of return to care by 2
years post-loss stratified by randomization to tracing.

3 RESULTS

3.1 Cohort description

We included 24,164 participants in the analysis (Figure 1).
The majority of the cohort was female (n = 14,580, 60.3%),
with a median age at LTFU of 35.5 years (IQR: 29.7–42.3),
median CD4 at last visit of 363 cells/μmol (IQR: 200–550),
mean 43 weeks from loss to randomization assignment (SD:
26, min: 7, max: 98 weeks) and 69.6% (n = 16,824) ART-
initiated (Table 3). Among the 4380 patients randomized to
tracing, 13% died, 23% were alive and in-care at their orig-
inal facility, 14% were alive and in-care at a different facil-
ity, 13% were alive and disengaged from care, 8% were alive
with unknown care status and in 30% tracing was unsuccess-
ful. Of the 3034 patients eligible for phone or household trac-
ing after paper health record review, 1158 had tracer con-
tact before return or 2 years of follow-up (the treatment),
which is 26.4% of patients randomized to tracing (proportion
of compliers) (Figure S1). Most tracer–patient contacts, 95%,
were in-person, with 5% over the phone. Among those suc-
cessfully contacted, median time from patient loss to tracer
contact was 14.8 months (IQR: 10.8–18.8).

3.2 Intention-to-treat analysis

Patients randomized to tracing were not significantly more
likely to return to care, with a 1.6% absolute difference in
the failure function (not randomized to tracing: 25.1%, 95%
CI: 24.5–25.8%; randomized to tracing: 26.7%, 95% CI: 25.4–
28.0%, p-value 0.06) (Figure 2). The crude estimated hazard
ratio of return for randomization to tracing is 1.06 (95% CI:
1.00–1.13, p-value 0.06).

3.3 Instrumental variable analysis

Regressing the treatment on the IV in the first stage
of the adjusted 2SLSR supports assumption #1, showing
that randomization to tracing is strongly associated with
tracer–patient contact, first-stage partial r2 = 0.22,
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Table 2. Patient characteristics by randomization to tracing (instrumental variable)

Not randomized to

tracingt̄
Randomized to

tracingt̄ Total

n = 19,784 n = 4380 24,164

n % n % n p-value*

Characteristics
Sex 24,164 0.94

Female 11,935 60.3 2,645 60.4 14,580

Male 7849 39.7 1735 39.6 9584

Age at loss (years) 24,102 0.16

18–24 2069 10.5 473 10.9 2542

25–34 7425 37.6 1588 36.4 9013

35–44 6686 33.9 1456 33.4 8142

45+ 3563 18.0 842 19.3 4405

Ever initiated antiretroviral therapy 24,164 <0.01

No 5819 29.4 1521 34.7 7340

Yes 13,965 70.6 2859 65.3 16,824

Weeks from time of enrolment to loss (mean, standard

deviation)

18.4 18.5 16.8 17.1 24,164 <0.01∧

Weeks from date of loss-to-follow-up to date of randomization

(mean, standard deviation)

42.5 25.7 42.8 25.7 24,164 0.45∧

Number of prior gaps in care 24,164 <0.01

0 gaps 10,343 52.3 2478 56.6 12,821

1 gap 5065 25.6 1057 24.1 6122

2–3 gaps 3797 19.2 714 16.3 4511

4 gaps or more 579 2.9 131 3.0 710

Facility type 24,164 <0.01

Rural health centre 1522 7.7 996 22.7 2518

Urban health centre 13,902 70.3 2283 52.1 16,185

Hospital 4360 22.0 1101 25.1 5461

Marital status 19,703 0.55

Single, never married 2161 13.4 509 14.2

Married 10,225 63.5 2237 62.4

Divorced 2316 14.4 528 14.7

Widowed 1413 8.8 314 8.8

Education 19,073 <0.01

No formal education 918 5.9 338 9.9 1256

Lower-mid basic 5580 35.6 1259 36.9 6839

Upper basic – secondary 8475 54.1 1662 48.6 10,137

Tertiary 683 4.4 158 4.6 841

Last CD4 count (cells/μmol) before loss 20,575 0.04

< = 100 1976 11.5 408 11.9 2384

101–350 6255 36.5 1246 36.2 7501

351–500 3717 21.7 681 19.8 4398

>500 5189 30.3 1103 32.1 6292

Treatment

Patient contacted by tracer before return or 2 years follow-up 24,164 <0.01

No 19,784 100.0 3222 73.6 23,006

Yes 0 0.0 1158 26.4 1158

Outcome

Return visit within 2 years of loss 24,164 0.04

No 14,811 74.9 3212 73.3 18,023

Yes 4973 25.1 1168 26.7 6141

*chi-square test.
∧t-test.
t̄Percentages may not add to 100 due to rounding.
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Table 3. Patient characteristics at time of loss to follow-up by tracer contact

No tracer contact before return

or 2 years follow-upt̄

Tracer contact before

return or 2 years

follow-upt̄ Total

n = 23,006 n = 1158 24,164

n % n % n p-value*

Characteristics

Sex 24,164 0.11

Female 13,855 60.2 725 62.6 14,580

Male 9151 39.8 433 37.4 9584

Age at loss (years) 24,102 <0.01

18–24 2388 10.4 154 13.3 2542

25–34 8553 37.3 460 39.8 9013

35–44 7761 33.8 381 33.0 8142

45+ 4245 18.5 160 13.9 4405

Ever initiated antiretroviral

therapy

24,164 <0.01

No 6795 29.5 545 47.1 7340

Yes 16,211 70.5 613 52.9 16,824

Weeks from time of enrolment to

loss (mean, standard deviation)

18.3 18.3 13.8 15.6 24,164 <0.01∧

Weeks from date of loss to

follow-up to date of

randomization (mean, standard

deviation)

42.7 25.9 40.5 21.2 24,164 0.01∧

Number of prior gaps in care 24,164 <0.01

0 gaps 12,108 52.6 713 61.6 12,821

1 gap 5871 25.5 251 21.7 6122

2–3 gaps 4340 18.9 171 14.8 4511

4 gaps or more 687 3.0 23 2.0 210

Facility type 24,164 <0.01

Rural health centre 2257 9.8 261 22.5 2518

Urban health centre 15,584 67.7 601 51.9 16,185

Hospital 5165 22.5 296 25.6 5461

Marital status 19,703 0.21

Single, never married 2524 13.5 146 15.0 2670

Married 11,834 63.2 628 64.3 12,462

Divorced 2719 14.5 125 12.8 2844

Widowed 1650 8.8 77 7.9 1727

Education 19,073 0.12

No formal education 1183 6.5 73 8.0 1256

Lower-mid basic 6532 36.0 307 33.6 6839

Upper basic – secondary 9652 53.2 485 53.1 10,137

Tertiary 793 4.4 48 5.3 841

Last CD4 count (cells/μmol)

before loss

20,575 <0.01

< = 100 2318 11.8 66 7.4 2384

101–350 7193 36.5 308 34.6 7501

351–500 4201 21.3 197 22.1 4398

>500 5973 30.3 319 35.8 6292

*chi-square test.
∧t-test.
t̄Percentages may not add to 100 due to rounding.
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Table 4. Instrumental variable estimate: treatment effect of tracer contact on return to care among patients LTFU

Two-stage least squares regression, adjusted*∧
Binary probit regression,

adjusted*#

Risk

difference 95% CI p-value

Risk

difference 95% CI p-value

Patient contacted by tracer

before return or 2 years

follow-up versus not

0.03 –0.02 0.08 0.23 0.05 –0.02 0.11 0.16

*Adjusted for sex, age at LTFU, ART initiation status, time since HIV care enrolment, prior care gaps, facility type, highest education attained
and CD4 at last visit before loss.
First stage: adjusted RD 0.26 (95% CI: 0.26, 0.27, p = <0.01), partial r2 = 0.22, F = 6805.30.
∧Ordinary least squares regression (OLS), crude: –0.08 (95% CI: –0.10, –0.05, p = <0.01); OLS, adjusted: –0.07 (95% CI: –0.09, –0.04, p =
<0.01).
#Probit regression, crude: –0.27 (95% CI: –0.35, –0.18, p = <0.01); probit regression, adjusted: –0.23 (95% CI: –0.32, –0.14, p = <0.01).

f-statistic = 6805.30, p<0.01, aRD 26.4%, 95% CI: 25.7–
27.0%) [29].

Patients who were contacted by a tracer because they were
randomized to tracing were not significantly more likely to
return than those not contacted (aRD: 3%, 95% CI: –2%, 8%,
p = 0.23) (Table 4). The adjusted effect estimate was simi-
lar using bivariate probit regression (aRD: 5%, 95% CI: –2%,
11%, p = 0.16) (Table 4). The 2SLSR and bivariate probit mod-
els (error term rho chi2 = 16.2, p <0.01) suggest that selec-
tion bias is a concern in descriptive regressions, demonstrat-
ing the importance of controlling for unmeasured confounding
(Table 4; effect estimates for all included covariates: see Table
S4).

The findings were robust and maintained in sensitivity anal-
yses (Tables S1–S3). While confidence intervals were wide,
facility-level stratified analyses demonstrated effect hetero-
geneity (Figure S2). In analyses stratified by time-since-loss,
there was a greater effect of tracer–patient contact among
patients lost for >6 months than those contacted within 3
months of loss (Figure S3).

3.4 Incidence rate of return

Among patients who spoke with a tracer and were confirmed
as disengaged from care at the time of tracer contact, the
IR of return to care was higher in the week following tracer
contact (IR 5.74, 95% CI: 3.78–8.71) than in the 2 weeks
to 1 month following tracer contact (IR 2.28, 95% CI: 1.40–
3.72) and in subsequent time periods (Table 5). Overall, 117
of the disengaged patients with tracer contact returned to
care within 2 years of loss, with 18.8% returning the first
week post-tracer contact, 28% within the 2 weeks post-tracer
contact and 42% within a month of tracer contact. Among
patients of any care status (in-care, disengaged and unknown
status) confirmed to be alive through tracer contact, the rate
of return was higher in the 2 weeks after tracer contact (IR
3.03, 95% CI: 2.34–3.94) than in the 2 weeks before tracer
contact (IR 0.59, 95% CI: 0.32–1.10) (Table 5).

4 D ISCUSS ION

Tracer contact did not significantly increase return to HIV
care within 2 years of loss in a prospective cohort of patients

from 31 facilities across four provinces in Zambia. Using an
IV approach, the causal effect of tracer–patient contact on
return to care among LTFU patients was a non-significant
increase of 3% (95% CI:–2%, 8%). Tracing may be more effec-
tive among patients remaining lost for >6 months–1 year
(13%, 95% CI: 0.06–0.20) and >1 year (7%, 95% CI: 0.01–
0.13) compared to <3 months (–21%, 95% CI: –0.42, –0.01).
Observational data suggest that tracer interaction speeds
return among truly disengaged patients; the estimated rate of
return was significantly higher in the week immediately fol-
lowing tracer contact (IR 5.74, 95% CI: 3.78–8.71) compared
to return during the 2 weeks to 1-month post-contact (IR
2.28, 95% CI: 1.40–3.72), and any subsequent time.

While tracing has increased engagement in other disease
areas, such as cervical cancer [35] and tuberculosis [36], it has
yielded small effect sizes that vary over time. Programmatic
data have shown patients living with HIV to be less respon-
sive to tracing than patients with other chronic diseases [22].
Our findings expand the extant literature on the effect of trac-
ing on re-engagement in HIV care [20,37,38], suggesting that
broadly applying tracing to all LTFU patients, as defined by a
> 90-day gap in the EMR, may have limited effect.

As with any IV, we must consider the effect estimate’s
external validity [32]. The causal effect estimate applies to
patients who would not have had tracer contact had they not
been randomized to tracing (i.e. the LATE). At the time of
our study, non-study tracing efforts were limited. Additionally,
we used EMR data and a standard definition of LTFU (>90
days from last missed appointment) to identify patients for
tracing, a common process in non-study settings. Our findings
are thus likely applicable in regional programmatic settings to
clinic-based service delivery models.

Compared with the study period, current HIV program-
matic tracing is more active, targeted at re-engagement and
attempted as soon as possible after missed appointments [15].
In our study, tracing occurred a median of 14.8 months after
LTFU. Other studies have shown benefits of early tracing [39],
which our study treatment may not capture. Further, tracing
timing may have a differential impact depending on barriers
to care [9,11,40]. Our findings suggest that, while rapid return
is preferable, the use of tracing as a re-engagement tool may
be best applied after a certain threshold, such for those as
remaining lost for 6 months.
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Table 5. Incidence rate of return among patient sub-groups at varying periods relative to tracing

Patient sub-group Period na

Incidence

rate per

1000 py 95% CI

All patients in study not randomized to

tracing

2 years of study follow-up 19,784 0.41 0.40–0.42

All patients in study randomized to tracing 2 years of study follow-up 4380 0.44 0.41–0.46

Phone or in-person contact between tracer

and patient, or tracer and person known to

patient, patient confirmed alive (includes

in-care, disengaged and unknown care

status)

2 weeks before tracer

interaction

1310 0.59 0.32–1.10

2 weeks after tracer

interaction

1283 3.03 2.34–3.94

Phone or in-person contact between tracer

and patient, patient confirmed alive and

disengaged from care at time of tracer

contact

Up to 1 week after tracer

contact

496 5.74 3.78–8.71

1–2 weeks after tracer

contact

468 3.42 1.90–6.18

2 weeks–1 month after

tracer contact

450 2.28 1.40–3.72

1–2 months after tracer

contact

424 1.56 1.00–2.45

2–6 months after tracer

contact

387 0.74 0.51–1.06

Abbreviation: py, patient years.
aNumber of patients who did not exit (return or reach 2 years of follow-up post-loss) by period of interest.

Qualitative studies and conceptual work demonstrate that
re-engagement is complex [40–44]. A single intervention, such
as tracing, may contribute a small effect when applied across
a broad HIV service programme. Our observational data on
truly disengaged patients showed an increased rate of return
soon after a tracing interaction. The disengaged patients rep-
resent only those tracers were able to reach, likely giving
a biased effect estimate. However, patients traceable in the
study were probably similar to those that a programmatic
tracing effort could successfully contact in real-world imple-
mentation.

The study’s tracing efforts were extensive, including multi-
ple attempts at patient contact and interpersonal communi-
cation supportive of return [17]. They were, at a minimum,
consistent with standard health facility verbal encouragement
to return. Studies from higher resourced settings have shown
that effective tracing contacts include in-depth dialogue and
navigation support [45–47]. Positive relationships between
patients and healthcare workers and social support for con-
tinuity of care are also important for success [41,44,48–50].
Programmes may improve tracing effectiveness by identifying
and targeting patients who are more susceptible to tracing
and by understanding facility-level influences that may medi-
ate intervention effects [17,18]. More data are needed on the
mechanisms through which tracer–patient contact influences
return.

To support re-engagement, research is needed on appropri-
ate combinations of tools [44,51] and how to optimize sup-
port based on patient sub-groups [52–53] and time since
LTFU. Targeting tracing efforts may help optimize their effec-

tiveness. Targeting would be served by improving EMR data
accuracy, including linking patient visits at different facilities
to the same patient record. EMR accuracy would help identify
truly disengaged patients by reclassifying those with undocu-
mented facility transfers. Studies to identify indicators of like-
lihood to disengage [52], including reasons for loss [43,54],
could guide targeted tracing efforts and help maximize trac-
ing effectiveness. A broad application of tracing may not war-
rant the required investment based on the limited causal
effect. However, understanding which barriers tracing over-
comes, and for whom, is critical to leveraging the benefit of
tracing.

IV analysis validity depends on meeting IV assumptions. We
empirically verified those assumptions that were verifiable.
While unmeasured confounding, monotonicity and stable unit
treatment value are ultimately unverifiable, they are highly
plausible since we used randomization as an IV. Routine data
sources present limitations, including missing data. We could
not identify individuals who returned to a facility outside of
the 71 BetterInfo study facilities or to one of our study sites
under a newly assigned unique patient number. The EMR
may not have captured some return visits due to missing
data. Although this may underestimate return, misclassifica-
tion would still be non-differential by randomization status as
outcome ascertainment were based solely on EHR data and
not related to tracing activities. Approximately 30% of partic-
ipants were ART naïve at loss. Tracing failed in approximately
one-third of patients randomized to tracing. Thus, the effect
of tracer contact cannot be generalized to this group, which is
likely to have worse HIV outcomes.
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Per the BetterInfo tracing timeline, we could not exam-
ine the effect of tracer contact before 7 weeks post-loss.
Although findings were robust when restricted to an ART-
initiated sub-group, the effect of tracer contact on return
may not be generalizable in the treat-all era. Similarly, to the
extent that the effect of tracing is associated with the broader
service delivery context, differences in HIV service delivery
since 2017 limit the generalizability of study findings in pro-
grammes implementing revised practices. These differences
include expanded differentiated care models, extended visit
spacing, integration of HIV and other health services [55],
and effects of COVID-19 [56–58]. Research assessing tracing
within current models is warranted to inform current practice.

5 CONCLUS IONS

As dynamic cycles of disengagement and re-engagement are
increasingly recognized as part of the HIV care experience
[59–61], there is an urgent need for effective re-engagement
interventions. Our findings suggest that targeting tracing
based on patient characteristics and trajectories may help
optimize its effect. This likely requires improved EMR data
and more sensitive assessments of out-of-care status. A better
understanding of the mechanisms associated with return to
care, intervention timing and targeting those likely to respond
to tracing is needed to guide efficient health system practice.

AUTHORS ’ AFF I L IAT IONS

1Department of International Health, Johns Hopkins Bloomberg School of Pub-
lic Health, Baltimore, Maryland, USA; 2Department of Medicine, Washington
University School of Medicine, St. Louis, Missouri, USA; 3Centre for Infectious
Disease Research in Zambia, Lusaka, Zambia; 4Department of Health Policy and
Management, Johns Hopkins Bloomberg School of Public Health, Baltimore, Mary-
land, USA; 5Department of Epidemiology, Johns Hopkins Bloomberg School of
Public Health, Baltimore, Maryland, USA; 6Department of Biostatistics, Johns
Hopkins Bloomberg School of Public Health, Baltimore, Maryland, USA; 7Center
for Innovation in Global Health, Georgetown University, Washington, DC, USA;
8Division of Infectious Disease, Johns Hopkins University School of Medicine, Bal-
timore,MD, USA; 9Department ofMedicine, University of Alabama at Birmingham,
Birmingham, Alabama, USA

COMPET ING INTERESTS

The authors declare no competing interests.

AUTHORS ’ CONTR IBUT IONS

LKB, EHG, CBM, IS and CM conceptualized and designed the study. The study pro-
cedures and data collection were implemented by KS, PS, SS and PK. Study analy-
ses were completed by LKB with input from LHN, AM, SS, IEW, JP and JM. LKB
wrote themanuscript. JAD, EHG, SS, IEW, AM, LHN and IS led review and substan-
tive contributions to manuscript revisions, which all authors supported. All authors
have read and approved the final manuscript.

ACKNOWLEDGEMENTS

We deeply appreciate the contributions of the Better Information for Health in
Zambia study participants and research team, without whom this work would not
have been possible. We gratefully acknowledge the study implementation work,
data management, and quality assurance conducted by our deceased colleague, Dr.
Nancy L. Czaicki. Thank you to Drs. David Celentano and Caitlin Kennedy for their
feedback on the manuscript. Thank you to Anne N. Connor who provided editorial
support through the Johns Hopkins Editorial Assistance Services Initiative.

DATA AVAILAB I L ITY STATEMENT

The Government of Zambia allows data sharing when applicable local con-
ditions are satisfied. To request data access, contact the CIDRZ Ethics
and Compliance Committee Chair/Chief Scientific Officer, Roma Chilengi
(roma.chilengi@cidrz.org), or the Secretary to the Committee/Head of Research
Operations, Hope Mwanyungwi (hope.mwanyungwi@cidrz.org), mentioning the
intended use for the data.

FUNDING

Research reported in this publication was supported by the National Institute
of Mental Health of the National Institutes of Health under Award Number
F31MH109378. This research was also supported by the Bill and Melinda Gates
Foundation grant number OPP1105071 and the Johns Hopkins University Center
for AIDS Research P30AI094189.

DISCLA IMER

The content is solely the authors’ responsibility and does not necessarily represent
the official views of the National Institutes of Health.

REFERENCES

1. Ahonkhai AA, Adeola J, Banigbe B, Onwuatuelo I, Adegoke AB, Bassett IV, et al.
Impact of unplanned care interruption on CD4 response early after ART initiation
in a Nigerian cohort. J Int Assoc Provid AIDS Care. 2017;16(1):98–104.
2. Ahonkhai AA, Noubary F, Munro A, Stark R, Wilke M, Freedberg KA, et al. Not
all are lost: interrupted laboratory monitoring, early death, and loss to follow-up
(LTFU) in a large South African treatment program. PLoS One. 2012;7(3):e32993.
3. Crawford TN, Sanderson WT, Thornton A. Impact of poor retention in HIV
medical care on time to viral load suppression. J Int Assoc Provid AIDS Care.
2014;13(3):242–9.
4. Giordano TP, Gifford AL, White AC, Jr., Suarez-Almazor ME, Rabeneck L, Hart-
manC, et al. Retention in care: a challenge to survival withHIV infection. Clin Infect
Dis. 2007;44(11):1493–9.
5. Saafir-Callaway B, Castel AD., Lago L, Olejemeh C, Lum G, Frison L, Khar-
fen M. Longitudinal outcomes of HIV- infected persons re-engaged in care using
a community-based re-engagement approach. AIDS Care. 2020;32(1):76–82.
http://doi.org/10.1080/09540121.2019.1619662
6. UNAIDS. Miles to go: closing gaps, breaking barriers, righting injustices.
Geneva: UNAIDS; 2018.
7. Fox MP, Rosen S. Retention of adult patients on antiretroviral therapy in low-
and middle-income countries: systematic review and meta-analysis 2008–2013. J
Acquir Immune Defic Syndr. 2015;69(1):98–108.
8. Nsanzimana S, Binagwaho A, Kanters S, Mills EJ. Churning in and out of HIV
care. Lancet HIV. 2014;1(2):e58–9.
9. Lee H, Wu XK, Genberg BL, Mugavero MJ, Cole SR, Lau B, et al. Beyond
binary retention in HIV care: predictors of the dynamic processes of patient
engagement, disengagement, and re-entry into care in a US clinical cohort. AIDS.
2018;32(15):2217–25.
10. CunninghamCO, Buck J, ShawFM, Spiegel LS, HeoM, Agins BD. Factors asso-
ciated with returning to HIV care after a gap in care in New York State. J Acquir
Immune Defic Syndr. 2014;66(4):419–27.
11. Camlin CS, Neilands TB, Odeny TA, Lyamuya R, Nakiwogga-Muwanga A,
Diero L, et al. Patient-reported factors associated with reengagement among HIV-
infected patients disengaged from care in East Africa. AIDS. 2016;30(3):495–
502.
12. Beres LK, Schwartz S, Simbeza S, McGready J, Eshun-Wilson I, Mwamba C,
et al. Patterns and predictors of incident return to HIV care among traced, disen-
gaged patients in Zambia: analysis of a prospective cohort. J Acquir Immune Defic
Syndr. 2021;86(3):313–22.
13. Baldé A, Lièvre L, Maiga AI, Diallo F, Maiga IA, Costagliola D, et al.
Re-engagement in care of people living with HIV lost to follow-up after ini-
tiation of antiretroviral therapy in Mali: who returns to care? PLoS One.
2020;15(9):e0238687.
14. El-Sadr WM, Harripersaud K, Rabkin M. Reaching global HIV/AIDS goals:
what got us here, won’t get us there. PLoS Med. 2017;14(11):e1002421.
15. U.S. President’s Emergency Plan for AIDS Relief. Monitoring, evaluation, and
reporting indicator reference guide (Version 2.3 FY19). 2018.
16. Geng EH, Odeny TA, Lyamuya R, Nakiwogga-Muwanga A, Diero L, Bwana M,
et al. Retention in care and patient-reported reasons for undocumented transfer

9

http://onlinelibrary.wiley.com/doi/10.1002/jia2.25853/full
https://doi.org/10.1002/jia2.25853
http://doi.org/10.1080/09540121.2019.1619662


Beres LK et al. Journal of the International AIDS Society 2021, 24:e25853
http://onlinelibrary.wiley.com/doi/10.1002/jia2.25853/full | https://doi.org/10.1002/jia2.25853

or stopping care among HIV-infected patients on antiretroviral therapy in Eastern
Africa: application of a sampling-based approach. Clin Infect Dis. 2016;62(7):935–
44.
17. Holmes CB, Sikazwe I, Sikombe K, Eshun-Wilson I, Czaicki N, Beres LK,
Mukamba N, Simbeza S, Bolton Moore C, Hantuba C, Mwaba P, Phiri C, Padian N,
Glidden DV, Geng E. Estimated mortality on HIV treatment among active patients
and patients lost to follow-up in 4 provinces of Zambia: findings from a multistage
sampling-based survey. PLoSMed. 2018;15(1):e1002489. http://doi.org/10.1371/
journal.pmed.1002489
18. Sikazwe I, Eshun-Wilson I, Sikombe K, Czaicki N, Somwe P, Mody A, et al.
Retention and viral suppression in a cohort of HIV patients on antiretroviral ther-
apy in Zambia: regionally representative estimates using a multistage-sampling-
based approach. PLoS Med. 2019;16(5):e1002811.
19. Ardura-Garcia C, Feldacker C, Tweya H, Chaweza T, Kalulu M, Phiri S, et al.
Implementation and operational research: early tracing of children lost to follow-
up from antiretroviral treatment: true outcomes and future risks. J Acquir Immune
Defic Syndr. 2015;70(5):e160–7.
20. McMahon JH, Elliott JH, Hong SY, Bertagnolio S, Jordan MR. Effects of phys-
ical tracing on estimates of loss to follow-up, mortality and retention in low and
middle income country antiretroviral therapy programs: a systematic review. PLoS
One. 2013;8(2):e56047.
21. Tweya H, Feldacker C, Estill J, Jahn A, Ng’ambiW, Ben-Smith A, et al. Are they
really lost? “True” status and reasons for treatment discontinuation among HIV
infected patients on antiretroviral therapy considered lost to follow up in urban
Malawi. PLoS One. 2013;8(9):e75761.
22. Alizadeh F, Mfitumuhoza G, Stephens J, Habimaana C, Myles K, Baganizi
M, Paccione G. Identifying and reengaging patients lost to follow-up in rural
Africa: the “horizontal” hospital-based approach in Uganda. Glob Health: Sci Prac.
2019;7(1):103–115. http://doi.org/10.9745/ghsp-d-18-00394
23. Tweya H, Gareta D, Chagwera F, Ben-Smith A, Mwenyemasi J, Chiputula F,
et al. Early active follow-up of patients on antiretroviral therapy (ART) who are lost
to follow-up: the ‘Back-to-Care’ project in Lilongwe, Malawi. Trop Med Int Health.
2010;15(Suppl 1):82–9.
24. Deery CB, Hanrahan CF, Selibas K, Bassett J, Sanne I, Van Rie A. A home trac-
ing program for contacts of people with tuberculosis or HIV and patients lost to
care. Int J Tuberc Lung Dis. 2014;18(5):534–40.
25. Thomson KA, Cheti EO, Reid T. Implementation and outcomes of an active
defaulter tracing system for HIV, prevention of mother to child transmission of HIV
(PMTCT), and TB patients in Kibera, Nairobi, Kenya. Trans R Soc Trop Med Hyg.
2011;105(6):320–6.
26. Higgins JPT, Altman DG, Gøtzsche PC, Jüni P, Moher D, Oxman AD, et al. The
Cochrane Collaboration’s tool for assessing risk of bias in randomised trials. BMJ.
2011;343:d5928.
27. Zambia consolidated guidelines for treatment and prevention of HIV infec-
tion. Lusaka: Government of the Republic of Zambia; 2014.
28. Royston P, White I. Multiple imputation by chained equations (MICE):
implementation in Stata. J Stat Softw. 2011;45(4). http://doi.org/10.18637/
jss.v045.i04
29. BaiocchiM, Cheng J, Small DS. Instrumental variablemethods for causal infer-
ence. Stat Med. 2014;33(13):2297–340.
30. Angrist J, Imbens G, Rubin D. Identification of causal effects using instrumen-
tal variables. J Am Statist Assoc. 1996;91(434):444–55.
31. Swanson SA, Hernán MA. Commentary. Epidemiology. 2013;24(3):370–374.
http://doi.org/10.1097/ede.0b013e31828d0590
32. Angrist JPJ.Mostly harmless econometrics: an empiricist’s companion. Prince-
ton, NJ: Princeton University Press; 2009.
33. Baum, C, Schaffer M & Stillman S ivreg2: Stata module for extended instru-
mental variables/2SLS, GMM and AC/HAC, LIML and k-class regression. 2010
[cited 2019 Oct 1]. Available from: http://ideas.repec.org/c/boc/bocode/s425401.
html.
34. Rassen JA, Schneeweiss S, Glynn RJ, Mittleman MA, Brookhart MA. Instru-
mental variable analysis for estimation of treatment effects with dichotomous out-
comes. Am J Epidemiol. 2008;169(3):273–84.
35. Goldhaber-Fiebert JD, Denny LA, De Souza M, Kuhn L, Goldie SJ. Program
spending to increase adherence: South African cervical cancer screening. PLoS
One. 2009;4(5):e5691.
36. Liu Q, Abba K, Alejandria MM, Sinclair D, Balanag VM, Lansang MAD.
Reminder systems to improve patient adherence to tuberculosis clinic appoint-
ments for diagnosis and treatment. Cochrane Database Syst Rev. 2014;http://doi.
org/10.1002/14651858.cd006594.pub3
37. Fox MP, Pascoe SJS, Huber AN, Murphy J, Phokojoe M, Gorgens M, et al.
Effectiveness of interventions for unstable patients on antiretroviral therapy in

South Africa: results of a cluster-randomised evaluation. Trop Med Int Health.
2018;23(12):1314–25.
38. Bershetyn A, Odeny TA, Lyamuya R, Nakiwogga-Muwanga A, Diero L, Bwana
M, et al. The causal effect of tracing by peer health workers on return to clinic
among patients who were lost to follow-up from antiretroviral therapy in Eastern
Africa: a “natural experiment” arising from surveillance of lost patients. Clin Infect
Dis. 2017;64(11):1547–54.
39. Fernandez-Luis S, Fuente-Soro L, Augusto O, Bernardo E, Nhampossa T,
Maculuve S, et al. Reengagement of HIV-infected children lost to follow-up after
active mobile phone tracing in a rural area of Mozambique. J Trop Pediatr.
2019;65(3):240–8.
40. Eshun-Wilson I, Rohwer A, Hendricks L, Oliver S, Garner P. Being HIV positive
and staying on antiretroviral therapy in Africa: a qualitative systematic review and
theoretical model. PLoS One. 2019;14(1):e0210408.
41. Layer EH, Brahmbhatt H, Beckham SW, Ntogwisangu J, Mwampashi A, Davis
WW, et al. “I pray that they accept me without scolding:” experiences with disen-
gagement and re-engagement inHIV care and treatment services in Tanzania. AIDS
Patient Care STDs. 2014;28(9):483–8.
42. HoffmannCJ,Mabuto T,McCarthy K,Maulsby C, HoltgraveDR. A framework
to inform strategies to improve the HIV care continuum in low- and middle-income
countries. AIDS Educ Prev. 2016;28(4):351–64.
43. Topp SM,MwambaC, SharmaA,MukambaN, Beres LK, Geng E, et al. Rethink-
ing retention: mapping interactions between multiple factors that influence long-
term engagement in HIV care. PLoS One. 2018;13(3):e0193641.
44. Hall BJ, Sou KL, Beanland R, LackyM, Tso LS, Ma Q, et al. Barriers and facilita-
tors to interventions improving retention in HIV care: a qualitative evidence meta-
synthesis. AIDS Behav. 2017;21(6):1755–67.
45. Parnell HE, Berger MB, Gichane MW, LeViere AF, Sullivan KA, Clymore JM,
et al. Lost to care and back again: patient and navigator perspectives on HIV care
re-engagement. AIDS Behav. 2019;23(Suppl 1):61–9.
46. Enriquez M, Cheng A-L, McKinsey D, Farnan R, Ortego G, Hayes D,
Miles L, Reese M, Downes A, Enriquez A, Akright J, El Atrouni W. Peers
keep it real: re-engaging adults in HIV care. J Int Assoc Prov AIDS Care.
2019;18:232595821983885. http://doi.org/10.1177/2325958219838858
47. Maulsby C, Charles V, Kinsky S, Riordan M, Jain K, Holtgrave D. Posi-
tive charge: filling the gaps in the U.S. HIV continuum of care. AIDS Behav.
2015;19(11):2097–107.
48. BeachMC, Keruly J,Moore RD. Is the quality of the patient–provider relation-
ship associated with better adherence and health outcomes for patients with HIV?
J Gen Intern Med. 2006;21(6):661–5.
49. Flickinger TE, Saha S, Moore RD, Beach MC. Higher quality communication
and relationships are associated with improved patient engagement in HIV care. J
Acquir Immune Defic Syndr. 2013;63(3):362–6.
50. Fuente-Soro L, López-Varela E, Augusto O, Bernardo EL, Sacoor C, Nhacolo
A, Ruiz-Castillo P, Alfredo C, Karajeanes E, Vaz P, Naniche D. Loss to follow-up
and opportunities for reengagement in HIV care in rural Mozambique. Medicine.
2020;99(20):e20236. http://doi.org/10.1097/md.0000000000020236
51. Higa DH, Crepaz N,MullinsMM. Identifying best practices for increasing link-
age to, retention, and re-engagement in HIV medical care: findings from a system-
atic review, 1996–2014. AIDS Behav. 2016;20(5):951–66.
52. Johnson MO, Neilands TB, Koester KA, Wood T, Sauceda JA, Dilworth SE,
et al. Detecting disengagement from HIV care before it is too late: development
and preliminary validation of a novel index of engagement in HIV care. J Acquir
Immune Defic Syndr. 2019;81(2):145–52.
53. Rao A, McCoy C. Fostering behavior change for better health: how a patient-
centered approach and tools from the private sector can greatly enhance global
health programs that require changes in attitudes or behavior. Stanford Social
Innovation Review [Internet]. 2015 [cited 2019 Oct 1]. Available from: https://ssir.
org/articles/entry/fostering_behavior_change_for_better_health.
54. Mwamba C, Sharma A, Mukamba N, Beres L, Geng E, Holmes CB, et al.
‘They care rudely!’: resourcing and relational health system factors that influ-
ence retention in care for people living with HIV in Zambia. BMJ Glob Health.
2018;3(5):e001007.
55. Ford N, Eshun-Wilson I, Ameyan W, Newman M, Vojnov L, Doherty M,
et al. Future directions for HIV service delivery research: research gaps identified
throughWHO guideline development. PLoS Med. 2021;18(9):e1003812.
56. Golin R, Godfrey C, Firth J, Lee L, Minior T, Phelps BR, et al. PEPFAR’s
response to the convergence of the HIV and COVID-19 pandemics in Sub-Saharan
Africa. J Int AIDS Soc. 2020;23(8):e25587.
57. Grimsrud A, Wilkinson L. Acceleration of differentiated service delivery
for HIV treatment in sub-Saharan Africa during COVID-19. J Int AIDS Soc.
2021;24(6):e25704.

10

http://onlinelibrary.wiley.com/doi/10.1002/jia2.25853/full
https://doi.org/10.1002/jia2.25853
http://doi.org/10.1371/journal.pmed.1002489
http://doi.org/10.1371/journal.pmed.1002489
http://doi.org/10.9745/ghsp-d-18-00394
http://doi.org/10.18637/jss.v045.i04
http://doi.org/10.18637/jss.v045.i04
http://doi.org/10.1097/ede.0b013e31828d0590
http://ideas.repec.org/c/boc/bocode/s425401.html
http://ideas.repec.org/c/boc/bocode/s425401.html
http://doi.org/10.1002/14651858.cd006594.pub3
http://doi.org/10.1002/14651858.cd006594.pub3
http://doi.org/10.1177/2325958219838858
http://doi.org/10.1097/md.0000000000020236
https://ssir.org/articles/entry/fostering_behavior_change_for_better_health
https://ssir.org/articles/entry/fostering_behavior_change_for_better_health


Beres LK et al. Journal of the International AIDS Society 2021, 24:e25853
http://onlinelibrary.wiley.com/doi/10.1002/jia2.25853/full | https://doi.org/10.1002/jia2.25853

58. Muhula S, Opanga Y, Oramisi V, Ngugi C, Ngunu C, Carter J, et al. Impact of
the first wave of theCOVID-19 pandemic onHIV/AIDS programming in Kenya: evi-
dence from Kibera informal settlement and COVID-19 hotspot counties. Int J Env-
iron Res Public Health. 2021;18(11):6009.
59. Kranzer K, Govindasamy D, Ford N, Johnston V, Lawn SD. Quantifying and
addressing losses along the continuum of care for people living with HIV infec-
tion in sub-Saharan Africa: a systematic review. J Int AIDS Soc. 2012;15(2):
17383.
60. Powers KA, Miller WC. Critical review: building on the HIV cascade: a com-
plementary “HIV states and transitions” framework for describing HIV diagno-
sis, care, and treatment at the population level. J Acquir Immune Defic Syndr.
2015;69(3):341–7.
61. Lee H, Hogan JW, Genberg BL, Wu XK, Musick BS, Mwangi A, et al. A state
transition framework for patient-level modeling of engagement and retention in
HIV care using longitudinal cohort data. Stat Med. 2018;37(2):302–19.

SUPPORT ING INFORMAT ION

Additional information may be found under the Supporting
Information tab for this article:
Figure S1. Population receiving treatment: tracer contact
before return or two years of follow-up

Figure S2. Instrumental Variable Estimate: Unadjustedˆ treat-
ment effect of tracer contact on return to care among
patients lost to follow-up, risk difference, and 95% confidence
interval by sampled health facility
Figure S3. Instrumental Variable Estimate: Adjustedˆ treat-
ment effect of tracer contact on return to care among
patients lost to follow-up, risk difference, and 95% confidence
interval by time from date of loss to randomization to tracing
assignment
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treatment randomization
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