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Background: Improving viral suppression among people with
HIV reduces morbidity, mortality, and transmission. Accordingly,
monitoring the proportion of patients with a suppressed viral load
is important to optimizing HIV care and treatment programs. But
viral load data are often incomplete in clinical records. We illustrate a
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two-stage approach to estimate the proportion of treated people with
HIV who have a suppressed viral load in the Dominican Republic.
Methods: Routinely collected data on viral load and patient char-
acteristics were recorded in a national database, but 74% of patients
on treatment at the time of the study did not have a recent viral load
measurement. We recruited a subset of these patients for a rapid
assessment that obtained additional viral load measurements. We
combined results from the rapid assessment and main database using
a two-stage weighting approach and compared results to estimates
obtained using standard approaches to account for missing data.
Results: Of patients with recent routinely collected viral load data,
60% had a suppressed viral load. Results were similar after applying
standard approaches to account for missing data. Using the two-stage
approach, we estimated that 77% (95% confidence interval [CI] = 74,
80) of those on treatment had a suppressed viral load.

Conclusions: When assessing the proportion of people on treatment
with a suppressed viral load using routinely collected data, apply-
ing standard approaches to handle missing data may be inadequate.
In these settings, augmenting routinely collected data with data col-
lected through sampling-based approaches could allow more accu-
rate and efficient monitoring of HIV treatment program effectiveness.

Keywords: Epidemiologic biases; HIV; Routinely collected health
data; Viral load
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Ag}l’imary goal of HIV care and treatment programs is to maxi-
ize the amount of time patients with HIV spend with a sup-
pressed viral load.'¢ Viral load is an important clinical endpoint;
viral suppression reduces onward transmission and improves the
long-term health and quality of life for people living with HIV.
Accordingly, viral suppression is a key component of the Joint
United Nations Programme on HIV/AIDS (UNAIDS) 95-95—
95 goals, which state that 95% of people living with HIV should
know their status, 95% of people who know their status should
be treated with combination antiretroviral therapy (ART), and
95% of treated patients should achieve viral suppression.®

The proportion of people with HIV with a suppressed
viral load is an important measure to inform HIV prevention,
care, and treatment programs at the national, regional, and com-
munity levels. This measure has often been estimated using large
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population-based studies.®!' However, such studies are resource
intensive and may be difficultto co nduct wi th th e fr equency
required to measure and act on progress towards the 95-95-95
targets over time. In the absence of information from a population-
based survey, information on viral load from routine clinical data
may be leveraged to monitor progress towards the “third 95 target.

However, in many resource-constrained settings, people
living with HIV do not have frequent viral load measurements
even while on treatment and retained in care, resulting in sub-
stantial missing viral load data in clinical databases.!?> Even
in settings recommending routine viral load assessment at set
intervals, viral load testing may be used by some providers as
a diagnostic tool (i.e., to confirm virologic failure in cases of
clinical deterioration) rather than as a tool for monitoring viral
suppression. In addition, routine viral load testing may be more
likely to be conducted for patients who have access to private
clinics or display strong health seeking behaviors than for other
patients. The extensive amount of missing viral load data in
many clinical settings means that the logical bounds on the pro-
portion of people on treatment with a suppressed viral load are
wide and uninformative. In addition, because people with and
without routinely collected viral load data are likely different,
but factors affecting viral load testing are not captured in routine
care and treatment databases, standard approaches to account
for missing data'3 often will not provide consistent estimates of
the proportion of patients with a suppressed viral load.

We propose an approach to estimate the proportion of
patients in HIV care and on treatment with a suppressed viral
load using two-stage'* (or double sampling!>!®) methods.
This approach augments routinely collected viral load data
(which are typically collected not at random) with additional
viral load measurements from a sample of those missing rou-
tinely collected viral load data. We illustrate this approach to
estimate the proportion of people treated for HIV who had a
suppressed viral load in the Dominican Republic. We com-
pare estimates of the proportion with a suppressed viral load
using only routinely collected viral load measurements, after
applying standard statistical approaches to account for miss-
ing data, and after implementation of the two-stage approach.

METHODS
The parameter of interest was the cross-sectional pro-
portion of people in care for HIV on antiretroviral therapy
(ART) with a suppressed viral load on a specific target date
(25 January 2017).

Outcome Definitions

Patients were considered to be “on ART” if they had
started ART before the target date and were “retained in care”
on this date, which we defined as having had at least one clinic
visit within the 6 months before the target date. Viral suppres-
sion was defined as at least one viral load measurement in the
6 months before the target date below 200 copies/mL.!” If a
patient had more than one viral load measurement in the 6

months before the target date, we used the measurement clos-
est to the target date. We considered viral loads to be missing
for patients who were on ART and engaged in care without a
viral load measurement in the 6 months before the target date.

First Stage: Routinely Collected Data From a
National Database

Clinical data on the population of people living with
HIV in the Dominican Republic are captured in routine clini-
cal records and uploaded into a national database. At the
time of the study, the national database included over 40,000
patients in care at 72 HIV care and treatment clinics in the
country. At a patient’s first visit to any HIV care and treat-
ment clinic, baseline information on demographics, medica-
tions dispensed, and health status are recorded. An additional
record is created for each follow-up visit to record treatments
received and biomarker values. Information on date of death
is included in the national database through linkage to the
national vital statistics registry. At the time of this analysis,
the recommended frequency for viral load monitoring was
every 6 months.

For this analysis, we included all patients (a) who entered
HIV care and treatment in the Dominican Republic between
roll-out of the national database system on 1 June 2013 and 25
January 2017; (b) had started ART before 25 January 2017,
and (c) were retained in care on 25 January 2017.

Second Stage: Rapid Assessment

We performed a rapid assessment to estimate and com-
pare the probability of viral suppression among patients with-
out a routinely collected viral load measurement. We then
used this information to estimate the overall proportion sup-
pressed by combining data from the rapid assessment with the
routinely collected viral load data.

The rapid assessment was performed between 25
January 2017 and 10 March 2017 at four non-governmental
organization (NGO) and five public HIV care and treatment
facilities across the Dominican Republic and consisted of
viral load measurements and a short patient survey. At the
time of the study, approximately 25% of patients in care
for HIV received care at a site selected for the assessment.
Patients were eligible for the assessment if they entered HIV
care and treatment in the Dominican Republic between 1
June 2013 and 25 January 2017 and were age 18 or older.
During the rapid assessment, we approached an unselected
consecutive sample of 1,084 patients arriving for a routine
HIV care and treatment visit at any of the nine study sites.
Among the 1,047 patients who provided written informed
consent to participate (97% of those approached), facility
staff administered a short survey about health and health
behaviors, examined clinical records, and asked participants
to provide a sample of whole blood for viral load testing.
Participants were not required to provide a blood sample to
participate in the assessment; 92 patients participated in the
survey without providing a blood sample.



Of the 955 patients who provided a blood sample for a
viral load measurement during the assessment, 452 had started
ART, were retained in care on 25 January 2017, and had not
had a routine viral load measurement within the past 6 months
in the national database. This subset of 452 patients composed
a supplemental sample used in later steps of the analysis (the
additional 503 who participated in the assessment had non-
missing viral load data in the national database and therefore
were already represented in the study data). All participants in
the rapid assessment provided written informed consent. This
project was approved by the Comision Nacional de Bioética en
Salud in the Dominican Republic and the Institutional Review
Board at the University of North Carolina at Chapel Hill.

Statistical Methods

We compared estimates of the proportion with a sup-
pressed viral load: (1) under a complete-case analysis based
on the national database alone; (2) using logical bounds
under the observed amount of missing data; (3) using stan-
dard statistical methods for missing data (multiple imputa-
tion and inverse probability weighting); and (4) applying the
proposed two-stage approach. For the complete-case analysis,
we restricted the sample to patients on ART and retained in
care with a viral load measurement recorded in the national
database in the past 6 months. The estimated proportion sup-
pressed was the number with a suppressed viral load divided
by the number of those on ART and retained in care with any
viral load measurement during the relevant time period. This
proportion would be expected to provide an accurate estimate
of viral suppression among patients in care and on ART if
viral load information were missing completely at random in
this group.'?

Next, to examine the uncertainty in this estimated pro-
portion due to missing data, we calculated the logical bounds
on the proportion suppressed under two extreme assump-
tions about missing data: for the upper bound, we assumed
that all patients with missing viral load measurements had a
suppressed viral load, and for the lower bound, we assumed
that all patients with missing viral load measurements had an
unsuppressed viral load. These proportions provide the range
of estimates compatible with the observed data.

Third, we used two standard statistical methods for han-
dling missing data to relax the assumption that viral loads
were missing completely at random: (a) multiple imputation
and (b) inverse probability weighting. Using multiple imputa-
tion,'® we imputed viral loads for patients with missing viral
load data based on demographic characteristics and other data
recorded in the national database. To do this, in the subset of
patients with a recent viral load measurement recorded in the
database, we fit a logistic regression model for viral suppres-
sion conditional on measured covariates age, sex, year of entry
into care, nationality, and baseline CD4 cell count. We used
the estimated regression coefficients to impute an indicator of
viral suppression where it was missing 100 times, estimated

the overall proportion suppressed in each imputed dataset, and
combined results across imputations using Rubin’s rules.'® In
a separate analysis, we applied inverse probability of miss-
ingness weights!® to upweight patients with a measured viral
load to represent all patients meeting the eligibility criteria
(including those with and without a measured viral load),
based on the same measured covariates described above. Both
approaches required the assumption that viral loads were
missing at random conditional on the variables measured in
the national database, but they relied on complementary mod-
eling assumptions (imputation requires correct specification
of the model for suppression, while weighting requires correct
specification of the model for missingness).

Fourth, we used viral load measurements from the sup-
plemental sample to augment the measurements in the national
database.?®?! To implement this approach, we upweighted
participants in the supplemental sample to represent all eli-
gible patients who were missing viral load data in the national
database. Specifically, patients who had a viral load measure-
ment in the national database received a weight of 1 (i.e., rep-
resented only themselves). Participants in the supplemental
sample received a weight of y/n, where y was the total num-
ber of patients in the routine database without a recent viral
load measurement and n,, was the number in the supplemental
sample. Finally, patients without a viral load measurement in
the routine data or supplemental sample were given a weight
of 0. The proportion of people on ART with a suppressed viral
load was estimated in this weighted dataset. This approach is
illustrated in Figure 1. We expect this approach to provide an
unbiased estimate of the “third 95 if patients in the supple-
mental sample are representative of all patients missing viral
load data in the national database. Theoretical justification for
this approach is provided in eAppendix 1; http://links.lww.
com/EDE/B941.

RESULTS

Ofthe 49,281 individuals registered in the national data-
base, 21,517 entered care between 1 June 2013 and 25 January
2017, and 9,703 patients had started ART and were retained in
care on 25 January 2017. These 9,703 patients constitute the
target population for estimating viral suppression in this study.
Only 26% (n = 2,548) of these patients had a viral load mea-
surement recorded in the national database in the 6 months
before 25 January 2017.

Nearly half (49%) of people on ART and retained in
care on the target date were male, the majority were from
the Dominican Republic (85%), and 50% were over age 40
(Table). Because the target population was limited to those
retained in care on 25 January 2017, it was composed of more
people who entered care in later years compared with earlier
years. For example, 32% of eligible people entered care in
2016 compared with 14% in 2013. Baseline CD4 cell count
at entry into care was missing for about two-thirds of people
in the target population (66%); of available CD4 cell count
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measurements at entry into care, the median was 262 cells/
mm? (interquartile range, 119-413).

Distributions of measured patient characteristics were
similar between people with and without a recent viral load
measurement, although those missing recent viral load data
were somewhat more likely to have been of Haitian nationality
than those with recent viral load data. Measured character-
istics of participants in the rapid assessment were similar to
characteristics of people in the target population.

Inthe complete-case analysis, which was limited to the 2,548
patients with routinely collected viral load measurements in the
national database, the estimated proportion suppressed was 60%
(95% confidence interval [CI] =58, 62), well below the 95-95-95
goal (Figure 2). Due to extensive missing data, the logical bounds
on this estimate were wide; if all patients missing viral load infor-
mation had an unsuppressed viral load, the proportion suppressed
would be 16%, and if all patients missing viral load information
had a suppressed viral load, the proportion suppressed would be
89%. After applying standard statistical approaches to account for
missing data, results were similar to the complete-case analysis:
the estimated proportion suppressed was 61% (95% CI =59, 63)
after using multiple imputation to account for missing data, and
61% (95% CI = 59, 63) after using inverse probability of miss-
ingness weights to account for missing data.

Amongparticipantsinthe supplemental sample alone, the
estimated proportion suppressed was 83% (95% CI =79, 86),
much higher than among those with routinely measured viral

Dominican Republic, 2017.

load information in the national database, but imprecise.
Combining data from the supplemental sample with the rou-
tinely collected data using the two-stage approach, the esti-
mated proportion suppressed was 77% (95% CI = 74, 80).
Results were similar when limiting to patients enrolled in care
at the nine selected sites, when extending the viral load assess-
ment window from 6 to 12 months, and when statistical adjust-
ment methods used a broader set of covariates (eAppendix 2;
http://links.lww.com/EDE/B941).

DISCUSSION

We have illustrated a rapid sampling-based approach to esti-
mating the “third 95” in clinical settings with incomplete viral load
ascertainment. In our example from the Dominican Republic, the
proportion of people with a suppressed viral load in the supplemen-
tal sample was much higher than the proportion with a suppressed
viral load in routinely collected clinic records in a national data-
base, suggesting that patients with suspected treatment failure may
have been preferentially referred for the viral load testing recorded
in clinic records. Incorporating viral load measurements from the
supplemental sample resulted in an absolute increase of 17% in the
estimated proportion suppressed, likely altering knowledge about
the impact of the HIV care and treatment program.

Large population-based studies remain the gold standard
for assessing population-level viral suppression at a specific
point in time. However, such surveys are resource intensive and
time consuming, and therefore are challenging to conduct with
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TABLE.

Characteristics of 9,703 People Who Entered HIV Care and Treatment in the Dominican Republic Between 1 June

2013 and 25 January 2017 and Were on ART and Retained in Care on 25 January 2017, and 452 Participants in a Supplemental

Sample Missing Recent Routinely Collected Viral Load Data

Target Population, With Recent VL Data, Without Recent VL Supplemental
n=9,703, n = 2,548, Data, n = 7,155, Sample, n = 452,
Characteristic n (%) n (%) n (%) n (%)
Male 4,771 (49) 1,309 (51) 3,462 (48) 211 (47)
Age at entry into care
18-29 1,812 (19) 386 (15) 1,426 (10) 79 (18)
30-39 3,046 (31) 807 (32) 2,239 (31) 146 (32)
40-49 2,586 (27) 717 (28) 1,869 (26) 117 (26)
50 or over 2,259 (23) 638 (25) 1,621 (23) 110 (24)
Year of entry into care
2013 1,448 (15) 353 (14) 1,095 (15) 64 (14)
2014 2,366 (24) 573 (23) 1,793 (25) 100 (22)
2015 2,773 (29) 732 (29) 2,041 (29) 146 (32)
2016 3,089 (32) 885 (35) 2,204 (31) 142 (31)
2017 27 (0) 5(0) 22 (0) 0(0)
Nationality
Dominican Republic 8,279 (85) 2,262 (89) 6,017 (84) 399 (88)
Haiti 1,348 (14) 260 (10) 1,088 (15) 50 (11)
Other 76 (1) 26 (1) 50 (1) 3(1)
Baseline CD4 cell count
Missing 6,398 (66) 1,627 (64) 4,471 (67) 321 (71)
Under 200 1,263 (13) 351 (14) 912 (13) 49 (11)
200-349 907 (9) 232(9) 675 (9) 39 (9)
350-500 608 (6) 190 (8) 418 (6) 23 (5)
Over 500 527 (5) 148 (6) 379 (5) 20 (4)

VL indicates viral load.

the frequency needed to monitor trends in real time. Clinical
data, on the other hand, are generated over the course of routine
healthcare provision, and, accordingly, are more likely to be “up
to date.” Moreover, individual HIV care and treatment programs
may wish to assess trends in viral suppression among patients
on ART in that specific program, rather than among people with
HIV in a national or subnational administrative region.

As we have illustrated, a major limitation to using routinely
collected clinical data to monitor trends in viral suppression in
resource-limited settings is that biomarkers like viral load are
often missing from clinical records. Such missingness is unlikely
to occur at random; viral load may be more likely to be measured
for patients appearing to fail treatment or seeking care in specific
types of facilities. Moreover, as HIV care and treatment programs
scale up viral load monitoring,?? ?* these patterns of missingness
may change, such that a greater proportion of patients receive
viral load measurements regularly, regardless of symptoms. If
using only clinical records with available viral load measure-
ments to estimate program-wide viral suppression, these shifts in
who is receiving viral load measurements could induce an appar-
ent trend in viral suppression over time, even if the proportion
suppressed in the target population remains constant.

Here, we proposed a two-stage approach in which viral

loads were proactively measured for a subset of patients
with

missing viral load data in routine clinic records. This approach
does require resources beyond those needed in routine clini-
cal data collection to sample patients for the rapid assessment
and conduct additional viral load assays. However, such two-
stage and “double sampling”'> approaches have proven useful
in many settings related to HIV. For example, researchers have
used such designs to better estimate mortality and retention in
care using clinical data in which outcomes like mortality, loss
to care, and transfers to other clinics after loss to follow-up are
missing.'®?>2° These methods typically involve tracing a sub-
set of those lost to follow-up from a specific clinical database
to assess their outcomes and have been successfully applied to
account for biases due to missing information after loss to fol-
low-up in many resource-limited settings. Implementing the
approach proposed here to account for missing viral load data
is even more straightforward, requiring only sampling from
patients who remain retained in HIV care and obtaining addi-
tional viral load measurements. With the proliferation of point
of care viral load assays, rapid assessments like that described
here could be conducted without reliance on a central labora-
tory, which may help facilitate use of this approach in routine
practice settings.

In the example from the Dominican Republic, apply-
ing standard analytic approaches to account for missing data
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FIGURE 2. Estimates of the proportion of people with a suppressed viral load and comparison to UNAIDS 95-95-95 target
among 9,703 people on ART and retained in HIV care in the Dominican Republic on 25 January 2017. Gray shading represents
the plausible range of estimates based on logical bounds on the proportion suppressed given viral load data captured through

routine clinical care.

(i.e., multiple imputation and inverse probability weighting)
yielded an estimated proportion with a suppressed viral load
very similar to the estimate from the complete-case analy-
sis. These methods standardize the distribution of measured
variables in the subset of the data with nonmissing data to
match the distribution of these variables in the target popula-
tion. These methods are expected to yield unbiased results if
participants with and without data on the incompletely mea-
sured variable(s) are exchangeable conditional on measured
covariates.'> However, databases used to track clinical indica-
tors in resource-limited settings may not include the complete
set of covariates needed for such conditional exchangeabil-
ity. Specifically, some covariates that are strongly associated
with viral load, such as prior diagnoses and other markers of
health status, are likely to be omitted from these databases. In
the example from the Dominican Republic, we saw that the
distribution of measured covariates was very similar between
those with and without viral load measurements. Therefore,
it was unsurprising that applying multiple imputation and
inverse probability weighting to account for missing viral
load data yielded estimates very close to the estimate from
the complete-case analysis. Other approaches, such as linking
multiple types of administrative datasets (e.g., laboratory data,
clinical data, and vital records), may offer additional covariate
data when available.

In settings without rich covariate data, analytic
approaches alone may not account for bias due to missing
viral load data. In these settings, extra information on the
distribution of viral loads among those with viral load mea-
surements missing from the routinely collected data is neces-
sary to estimate the proportion suppressed in the full target
population. Here, we obtained this information by conducting

a rapid assessment in which we measured viral loads on a
sample of people who were missing routinely collected viral
load data in the national database. However, under a sufficient
set of assumptions, one could also obtain this information
from external sources (e.g., an assessment conducted among
a similar, but external, population) or using expert knowledge.
Alternatively, one could assess impact of missing data on esti-
mates of viral suppression by estimating the proportion sup-
pressed under various assumptions about the probability of
suppression among those with missing viral load data using
quantitative bias analysis.?°

Using our approach, people with viral load measure-
ments in the routinely collected data represent only them-
selves, while participants in the supplemental sample are
upweighted to represent everyone in the target population
(i.e., those on treatment and retained in care) without a rou-
tinely collected viral load measurement. This crude weighting
approach is expected to yield valid estimates if participants in
the supplemental sample are a random subset of those missing
routinely collected viral load data. However, due to logisti-
cal constraints, we constructed the supplemental sample from
the set of consecutive patients arriving at selected clinics dur-
ing the data collection window as they were recruited by the
rapid assessment. Because the target population was limited
to patients retained in care, limiting the supplemental sam-
ple to those arriving at the clinic was unlikely to induce bias.
However, if we oversampled people who came to the clinic
more often than the average person retained in care, our esti-
mates could have been biased in either direction. To assess if
this was likely, we compared the average time between visits
for those in the supplemental study (1.08 months) to the time
between visits for those missing routinely collected viral load



measurements not in the supplemental sample (1.16 months).
Because the visit intervals appeared similar, we do not expect
that our approach to recruiting participants for the rapid
assessment (and thus the supplemental sample) oversampled
those with greater access to care.

We also relied on the assumption that individuals in
the supplemental sample recruited from among those miss-
ing routine viral loads at the nine selected sites could stand
in for people missing routine viral loads at all sites across the
country. While we selected sites with wide geographic cover-
age and a range of characteristics (e.g., small and large; public
and NGO), estimated viral suppression may not be valid at
the national level if viral suppression among those missing
viral load data at the nine selected sites differed from other
sites. Finally, our study had a high response rate, but the valid-
ity of assessments like the one proposed here may be com-
promised if sampled individuals decline participation. If the
probability of participation varies by covariates, the weights
proposed here may be adapted to account for these covariates
(eAppendix 1; http://links.lww.com/EDE/B941).

In this example, access to a national database with rou-
tinely collected data meant that we could determine which
patients were in care at the time of the study with minimal
concerns about ‘“silent transfers” between health facili-
ties within the country.3! However, in settings without such
national coverage, the supplemental sample may need to trace
participants who appear to be out of care in the routinely col-
lected records to accurately estimate viral suppression in the
target population.

With the uptake of electronic records systems in many
settings, routinely collected clinical data provide a wealth
of information about both individual patients and popula-
tion-level metrics in settings related to HIV and beyond.
However, routinely collected clinical data are often plagued
by the issues described here for viral load. Importantly, the
presence or absence of data on a particular variable may be
affected by the value of the variable, and missingness itself
may affect h ealth o utcomes b y I imiting t he i nformation
available for decisions about care.’> The approach outlined
here could be usefully applied in settings beyond HIV viral
load analyses to leverage clinical data for learning about
population health parameters while accounting for such bias
due to missing data.

Improving knowledge in settings with imperfect data
requires tradeoffs. Here, we have proposed an approach that
requires limited additional data collection to account for bias
due to missing viral load data. This approach provides insight
into the distribution of viral suppression among people with
HIV who are retained in care and missing routinely collected
viral load data. In resource-constrained settings with subopti-
mal viral load coverage or gradually scaling up routine viral
load monitoring,’® implementing a sampling approach to esti-
mate viral suppression could allow more accurate and efficient
monitoring of HIV treatment program effectiveness.
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