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Abstract
Introduction: The third of the Joint United Nations Programme on HIV/AIDS (UNAIDS) 90-90-90 targets is to achieve a
90% rate of viral suppression (HIV viral load <1000 HIV-1 RNA copies/ml) in patients on antiretroviral treatment (ART) by
2020. However, some countries use different thresholds when reporting viral suppression, and there is thus a need for an
adjustment to standardize estimates to the <1000 threshold. We aim to propose such an adjustment, to support consistent
monitoring of progress towards the “third 90” target.
Methods: We considered three possible distributions for viral loads in ART patients: Weibull, Pareto and reverse Weibull
(imposing an upper limit but no lower limit on the log scale). The models were fitted to data on viral load distributions in
ART patients in the International epidemiology Databases to Evaluate AIDS (IeDEA) collaboration (representing seven global
regions) and the ART Cohort Collaboration (representing Europe), using separate random effects models for adults and chil-
dren. The models were validated using data from the World Health Organization (WHO) HIV drug resistance report and the
Brazilian national ART programme.
Results: Models were calibrated using 921,157 adult and 37,431 paediatric viral load measurements, over 2010–2019. The
Pareto and reverse Weibull models provided the best fits to the data, but for all models, the “shape” parameters for the viral
load distributions differed significantly between regions. The Weibull model performed best in the validation against the WHO
drug resistance survey data, while the Pareto model produced uncertainty ranges that were too narrow, relative to the vali-
dation data. Based on these analyses, we recommend using the reverse Weibull model. For example, if a country reports an
80% rate of viral suppression at <200 copies/ml, this model estimates the proportion virally suppressed at <1000 copies/ml
is 88.3% (0.800.56), with uncertainty range 85.5–90.6% (0.800.70–0.800.44).
Conclusions: Estimates of viral suppression can change substantially depending on the threshold used in defining viral sup-
pression. It is, therefore, important that viral suppression rates are standardized to the same threshold for the purpose of
assessing progress towards UNAIDS targets. We have proposed a simple adjustment that allows this, and this has been incor-
porated into UNAIDS modelling software.
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1 INTRODUCT ION

Antiretroviral treatment (ART) is highly effective in prevent-
ing the replication of HIV, which is crucial to restoring the
immune systems of people living with HIV [1], improving their
long-term survival [2] and reducing their risk of transmitting

the virus to others [3]. Viral load tests, which measure lev-
els of HIV-1 RNA in the blood, are widely used to assess the
effectiveness of ART. Because of the importance of viral sup-
pression in reducing AIDS mortality and HIV transmission, the
Joint United Nations Programme on HIV/AIDS (UNAIDS) has
set the target of reaching 90% viral suppression in all ART
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patients by 2020 (the third of its “90-90-90” goals [4]) and
increasing this proportion to 95% by 2025 [5].

Monitoring progress towards the third 90% target has been
challenging. A major difficulty is that viral load data are typi-
cally missing for a large fraction of ART patients [6]. Another
challenge is that countries use different assays and face vary-
ing delays in processing viral load specimens [7,8]. These fac-
tors can affect viral load measurements at lower ranges of
detection [9,10], and can thus compromise comparability of
viral suppression across settings. Finally, although the World
Health Organization (WHO) and UNAIDS recommend report-
ing viral suppression at a threshold of less than 1000 HIV-
1 RNA copies/ml [11,12], some countries have used lower
thresholds in their reporting, which means that estimates of
viral suppression are not consistently standardized.

The last of these challenges has been a particular concern
of the UNAIDS Reference Group on Estimates, Models and
Projections, which oversees the UNAIDS estimation process.
Prior to 2019, the UNAIDS estimates of progress towards the
third 90% target did not adjust for differences in the thresh-
old countries used for defining viral suppression [6]. There
was a desire for a simple formula that could be used to stan-
dardize these estimates of viral suppression to the “less than
1000” threshold. It was also anticipated that such a formula
might become important if the WHO recommendations were
to switch to a different reporting threshold in the future,
which would necessitate adjustments to historic estimates for
the purpose of assessing trends in viral suppression.

This study aims to compare alternative models for stan-
dardizing estimates of viral suppression to the same threshold.
For each model, we estimate the model parameters using data
from two of the largest global ART collaborations: the Inter-
national epidemiology Databases to Evaluate AIDS (IeDEA)
collaboration and the ART Cohort Collaboration (ART-CC).
Based on comparisons of likelihood statistics and validations

using data from smaller studies, we assess which models are
best, and describe the adjustment approach that UNAIDS has
adopted.

2 METHODS

2.1 Adjustment approaches

We consider three possible models of viral load distributions,
limiting our focus to mathematical forms that allow a sim-
ple adjustment of the proportion virally suppressed. The first
model is a Weibull model. If the viral loads in treated patients
(on a log10 scale) are Weibull-distributed with shape parame-
ter ϕ and scale parameter λ, then the probability of the viral
load being below threshold t1, F(t1), is shown in Table 1. If ϕ
is considered a known parameter, λ can be calculated from ϕ
and F(t1), and this is used to calculate the adjusted estimate of
viral suppression at the alternative threshold of t2 (Table 1).

Figure 1a illustrates the probability density functions for
Weibull distributions with different shape parameters (in all
cases, the λ parameter has been calculated to yield the same
probability of viral suppression at <1000 copies/ml). A limi-
tation of this model is that it does not reflect realistic upper
limits on the viral load, which seldom exceeds 1,000,000
copies/ml (6 on the log10 scale) [9,13,14], while the density
function has a lower limit of 1 copy/ml (0 on the log10 scale).

In an attempt to impose more natural limits on the viral
load, we consider an alternative reverse Weibull model. If X
is the difference between a patient’s viral load (on the log10
scale) and a notional upper limit of 6 on the log10 scale, and
X is Weibull-distributed with shape parameter ϕ and scale
parameter λ, the equations for this model are given in Table 1.

Figure 1b illustrates the probability density functions
for reverse Weibull distributions with different shape
parameters.

Table 1. Models of viral load distributions in ART patients

Weibull Reverse Weibull Pareto

Probability of viral load

below threshold t1, F(t1)

1 − exp(−𝜆 log10(t1)
𝜙) exp(−𝜆(6 − log10(t1))

𝜙) 1 −
(

m
log10(t1)

)𝛼

Shape parameter ϕ ϕ α

Scale parameter, if F(t1)

and shape parameter

are known

𝜆 =
− ln(1 − F(t1))

log10(t1)
𝜙

𝜆 =
− ln(F(t1))

(6 − log10(t1))
𝜙

m = log10(t1)(1 − F(t1))
1
𝛼

Probability of viral load

below threshold t2, F(t2),

if F(t1) and shape

parameter are known

1 − (1 − F(t1))

(
log10(t2)
log10(t1)

)𝜙

F(t1)

(
6−log10(t2)
6−log10(t1)

)𝜙

1 − (1 − F(t1))
(
log10(t1)

log10(t2)

)𝛼

Lower limit 1 0 ∼5

Upper limit None 1,000,000 None

Note: For all three models, the shape parameter controls the variance of the distribution of viral loads (a higher shape parameter implies a
lower ratio of the standard deviation to the mean). The scale parameter (λ for the Weibull and reverse Weibull models, m for the Pareto
model) determines the mean of the distribution (a higher scale parameter implies a higher mean viral load for the Weibull and Pareto models,
but a lower mean viral load for the reverse Weibull model). For the Pareto distribution, the lower limit is 10m , which in most cohorts is
estimated to be around 5 copies/ml.
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(a) (b)

(c) (d)

Figure 1. Probability density functions for viral loads in ART patients, under different statistical models.
Probability density functions with different shape parameters are presented for illustrative purposes. In all cases, the λ or m parameter
has been set so that the cumulative probability of a viral load less than 1000 copies/ml is the same (0.85). The probability densities are
truncated at 50 copies/ml (1.7 on the log10 scale), as different models impose different lower limits, and lower limits below 50 copies/ml
have not been used for reporting purposes.

The final model is a Pareto model. Table 1 shows the equa-
tions for a Pareto distribution with shape parameter α and
scale parameter m. Figure 1c illustrates the probability density
functions of Pareto distributions with different shape param-
eters. As with the Weibull distribution, this distribution can
yield implausibly high viral loads in treated patients. In addi-
tion, the probability density function has a lower limit of 10m,
which for most plausible values of m yields a lower limit of
around 5 copies/ml. Figure 1d compares the Weibull, reverse
Weibull and Pareto models.

2.2 Data sources for model calibration and
validation

Models were calibrated using data from the IeDEA collab-
oration and ART-CC, from 2010 onwards. IeDEA is a large

collaboration of ART programmes, divided into seven regions:
Asia-Pacific; Caribbean, central America and South Amer-
ica (“CCASAnet”); central Africa; East Africa; North Amer-
ica; southern Africa; and West Africa [15]. ART-CC is a col-
laboration of ART programmes in Europe [16]. All cohorts
participating in IeDEA and ART-CC received local institu-
tional approval to share anonymized data. For each year
from 2010, participating cohorts contributed data on the
numbers of ART patients who received a viral load (with
a maximum of one viral load per patient per year), and
the number of viral load measurements in the <50, 50–
199, 200–399, 400–999 and ≥1000 categories, separately
for adults and children. Cohorts that used viral load assays
with lower detection limits above 50 copies/ml provided viral
load counts that were categorized as <400, 400–999 or
≥1000. Data from cohorts that conducted targeted viral load
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monitoring were excluded; these were mostly in sub-Saharan
Africa [15].

The best-fitting models were validated by comparing the
model predictions against data from two sources that could
be accessed in time for the 2021 UNAIDS estimation process.
The first was the WHO HIV Drug Resistance Report, which
collected data on viral suppression at different thresholds in
five countries, at 12 and 48 months after ART initiation, in
2016 [17]. The second was the Brazilian national ART pro-
gramme, with data from 2014 to 2019 [18].

2.3 Statistical analysis

A multinomial likelihood was specified to represent the degree
of consistency between the model estimates of the numbers
of patients in each viral load compartment and the observed
numbers. For each of the eight regions, we separately fit-
ted the Weibull, reverse Weibull and Pareto models to the
IeDEA/ART-CC data, to find the shape parameter that max-
imized the likelihood, allowing for random effects (in the λ
or m parameters). Subjects were grouped by ART programme
and calendar year, and differences between groups were mod-
elled as random effects.

Shape parameters estimated for each of the eight regions
were averaged in a pooled analysis, using the “metan” meta-
analysis command in STATA [19], with region-specific random
effects. Prediction intervals were calculated to reflect both
the variance in random effects across regions and the uncer-
tainty around the true mean. The models were validated by
substituting the observed proportions of patients virally sup-
pressed (F(t1)) at lower thresholds (t1) into each equation for

F(t2) (Table 1), using the respective mean shape parameters,
and setting threshold t2 = 1000. Uncertainty ranges were cal-
culated by similarly substituting the lower and upper bounds
of the 95% prediction intervals around the shape parame-
ters into equations for F(t2). The resulting adjusted estimates
of viral suppression (at the threshold of <1000 copies/ml)
were compared against the observed proportions, and the
extent of the divergence between the predictions and the
observed proportions was quantified using the root-mean-
square error (RMSE). All statistical analyses were conducted
using STATA 15.1 (StataCorp, College Station, TX, USA)
and Microsoft Excel (Microsoft Corporation, Redmond, WA,
USA).

3 RESULTS

Models were calibrated using 921,157 adult viral load mea-
surements and 37,431 paediatric viral load measurements
(Table 2).

Table 3 shows the best-fitting shape parameters for each
model, together with log likelihood statistics (the best-fitting
models are indicated in bold). In most regions, the Pareto
model provided the best fit to the adult viral load data,
although the reverse Weibull model provided the best fit to
the adult data in eastern and southern Africa. The shape
parameters estimated by the Pareto and reverse Weibull mod-
els were highest in the regions with the highest rates of
viral suppression (Asia-Pacific and Europe), while the shape
parameters estimated by the Weibull model were not cor-
related with levels of viral suppression. Shape parameters

Table 2. Data summary

Period

Programme–year

combinationsa
Total viral load-

measurements

Viral suppression

(<1000 copies/ml)

Adult data

Asia-Pacific 2010–2019 13 6860 97.0%

CCASAnet 2010–2019 10 32,958 90.4%

Central Africa 2016–2019 26 3600 92.6%

East Africa 2013–2019 30 85,258 91.2%

North America 2010–2018 117 35,168 89.3%

Southern Africa 2010–2019 54 499,112 90.1%

West Africa 2010–2018 25 7446 91.7%

Europe 2010–2019 74 250,755 93.9%

Total 349 921,157 91.6%

Paediatric data

Asia-Pacific 2010–2019 10 4811 86.6%

CCASAnet 2011–2018 8 520 76.9%

Central Africa 2017–2019 3 205 83.9%

East Africa 2014–2019 17 7921 75.6%

Southern Africa 2010–2019 60 20,827 75.5%

West Africa 2011–2018 36 3147 66.0%

Total 134 37,431 76.2%

aCalculated by summing the number of calendar years that each programme contributes data; a separate random effect is fitted for each
programme–year combination.
Abbreviation: CCASAnet, Caribbean, Central America and South America network.

43

http://onlinelibrary.wiley.com/doi/10.1002/jia2.25776/full
https://doi.org/10.1002/jia2.25776


Johnson LF et al. Journal of the International AIDS Society 2021, 24(S5):e25776
http://onlinelibrary.wiley.com/doi/10.1002/jia2.25776/full | https://doi.org/10.1002/jia2.25776

differed between regions, for all three models (p < 0.001).
In the pooled analysis, the average of the best-fitting param-
eters was 0.85 (95% prediction interval: 0.43 to 1.26) for
the Weibull model, 2.81 (1.70–3.92) for the reverse Weibull
model and 1.73 (1.20–2.26) for the Pareto model. Figure 1
illustrates the interpretation of these shape parameters.

The reverse Weibull and Pareto models also provided the
best fits to the paediatric viral suppression data. In the
Weibull and reverse Weibull models, shape parameters were
consistently higher in the African regions than in the non-
African regions. However, shape parameters were not corre-
lated with levels of paediatric viral suppression, for any of
the three models. In the pooled analysis, the average of the
best-fitting parameters was 0.85 (0.26–1.45) for the Weibull
model, 1.84 (1.03–2.64) for the reverse Weibull model and
1.05 (0.46–1.64) for the Pareto model.

The calibrated adult models were applied to WHO data
on the proportion of adults on ART suppressed at <400
copies/ml, using the equations for F(t2) in Table 1 to predict
the proportions virally suppressed at <1000 copies/ml. These
predictions were compared to the observed proportions sup-
pressed at <1000 copies/ml in the WHO survey data (Fig-
ure 2a). The Weibull model provided the closest correspon-
dence (RMSE 1.5% compared to 3.1% for the reverse Weibull
model and 2.4% for the Pareto model), although none of the
model predictions differed significantly from the survey data.
The models were also applied to the data on the proportions
suppressed at <50 copies/ml, and the resulting predictions of
suppression at <1000 copies/ml were compared against the
survey data (Figure 2b). The Weibull model predictions were
again closest to the data (RMSE 4.0% compared to 6.6% for

the reverse Weibull model and 7.9% for the Pareto model),
and the Pareto model predictions differed significantly from
the data points in a number of cases.

The adult models were also applied to the Brazilian
programme data on the proportions suppressed at <200
copies/ml, to produce predictions of the proportions virally
suppressed at <1000 copies/ml. These predictions were con-
sistently higher than the observed proportions suppressed,
for all three models (Figure 2c). Although the Pareto model
point estimates were closer to the data than the other mod-
els (RMSE 1.3% compared to 1.8% for the Weibull model and
2.0% for the reverse Weibull model), the uncertainty ranges
around the Pareto model predictions were narrower than for
the other two models. This meant that the lower limits of
the Pareto uncertainty ranges were no closer to the vali-
dation data than those of the other models. Similarly, the
models were applied to the programme data on the propor-
tions suppressed at <50 copies/ml, and resulting predictions
of suppression at <1000 copies/ml were compared against
the programme data. Again, all three models over-estimated
the actual proportions virally suppressed, although the uncer-
tainty ranges around the Weibull and reverse Weibull predic-
tions mostly included the data points (Figure 2d). The reverse
Weibull model was closest to the data (RMSE 2.4% com-
pared to 3.2% for the Weibull model and 2.6% for the Pareto
model). Model predictions of increases in viral suppression,
as a result of moving to the <1000 threshold, are compared
against actual increases in Figure S1.

Because of the relatively poor log likelihood statistics
for the Weibull model (Table 3) and because the uncer-
tainty ranges around the Pareto model predictions generally

Table 3. Estimates of model parameters

Weibull model Reverse Weibull model Pareto model

Log L Shape (ϕ) Log L Shape (ϕ) Log L Shape (α)

Adult data

Asia-Pacific –2823 0.74 (0.68–0.80) –2842 2.98 (2.91–3.06) –2797 2.12 (1.92–2.33)

CCASAnet –26,621 0.84 (0.82–0.86) –26,408 2.86 (2.78–2.94) –26,227 1.52 (1.48–1.57)

Central Africa –2510 0.80 (0.73–0.87) –2525 3.01 (2.72–3.29) –2499 1.68 (1.51–1.84)

East Africa –82,596 1.24 (1.23–1.26) –82,314 3.05 (3.05–3.06) –82,454 1.95 (1.92–1.98)

North America –19,173 0.76 (0.73–0.79) –19,191 2.31 (2.20–2.41) –19,095 1.48 (1.41–1.54)

Southern Africa –144,959 0.74 (0.73–0.76) –144,339 2.07 (2.03–2.11) –144,432 1.60 (1.56–1.63)

West Africa –4045 0.69 (0.63–0.74) –4051 2.52 (2.30–2.74) –4001 1.49 (1.35–1.62)

Europe –151,923 0.96 (0.96–0.97) –152,331 3.70 (3.66–3.74) –150,052 2.05 (2.02–2.07)

Averagea 0.85 (0.43–1.26) 2.81 (1.70–3.92) 1.73 (1.20–2.26)

Paediatric data

Asia-Pacific –2580 0.57 (0.49–0.65) –2585 1.48 (1.26–1.71) –2574 1.04 (0.88–1.20)

CCASAnet –527 0.64 (0.50–0.78) –526 1.49 (1.15–1.84) –527 0.77 (0.58–0.95)

Central Africa –187 0.72 (0.47–0.97) –189 2.00 (1.27–2.74) –187 1.08 (0.67–1.49)

East Africa –6893 1.04 (0.97–1.11) –6860 2.06 (1.92–2.21) –6883 1.31 (1.22–1.41)

Southern Africa –18,109 1.22 (1.18–1.27) –17,965 2.32 (2.22–2.41) –18,000 1.29 (1.24–1.35)

West Africa –3379 0.89 (0.81–0.96) –3388 1.65 (1.51–1.80) –3373 0.79 (0.72–0.87)

Averagea 0.85 (0.26–1.45) 1.84 (1.03–2.64) 1.05 (0.46–1.64)

aAverage calculated by meta-analysis. Log L = log likelihood (values in bold indicate the model that gives the highest log likelihood). 95% con-
fidence intervals around shape parameters are shown in parentheses.
Abbreviation: CCASAnet, Caribbean, Central America and South America network.
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(a) (b)

(d)(c)

Figure 2. Validation of the model predictions of viral suppression (at <1000 copies/ml) against data from the WHO HIV Drug Resistance
Report (panels a, b) and Brazilian programme data (panels c, d).
In panels a and b, results are presented by country code (GT = Guatemala, HN = Honduras, NI = Nicaragua, VN = Vietnam, ZM = Zam-
bia) and ART duration (in months). Confidence intervals around the validation data are not shown in panels c and d, as these estimates
are based on large patient numbers and standard error estimates are <0.1%. Abbreviation: VLS, viral load suppression.

appeared too narrow relative to the validation data (Figure 2),
the UNAIDS Reference Group selected the reverse Weibull
model as the default model for adjusting adult viral load sup-
pression estimates. Figure 3 illustrates the effect of apply-
ing these reverse Weibull adjustments at different viral load
levels, using the shape parameter (and 95% prediction inter-
val limits) from Table 3. For example, if a programme reports
that 80% of adults have viral loads <200 copies/ml, and we
wish to estimate the fraction who have viral loads <1000
copies/ml, substituting t1 = 200, t2 = 1000 and ϕ = 2.81
into the equation for F(t2) yields an adjusted estimate of
88.3%. Replacing the shape parameter with 1.70 and 3.92
yields lower and upper limits of 85.5% and 90.6%, respec-
tively. The same adjustment can be used in situations where
the reported threshold is <1000 copies/ml and we wish to
standardize to a lower threshold, for example <400 copies/ml
(Figure 3d).

4 D ISCUSS ION

In this analysis, we compared three approaches to estimat-
ing viral suppression standardized to a threshold of <1000
copies/ml, finding that a reverse Weibull model performed
best overall. Our analysis demonstrates that estimates of
viral suppression can change substantially depending on the

threshold used to define viral suppression. In the example
presented, a country that reports that 80% of adults on
ART are virally suppressed at a threshold of 200 copies/ml
might appear to be performing poorly relative to the UNAIDS
90% target. However, after adjustment, the fraction virally
suppressed at the standard threshold of <1000 copies/ml
increases to 88.3%, which appears much more favourable. It
is, therefore, important that rates of viral suppression are
standardized to the <1000 threshold for the purpose of
assessing progress towards the UNAIDS targets, as well as
when comparing rates of viral suppression across countries.
This paper proposes an adjustment approach that is sim-
ple and statistically rigorous, and that has been calibrated
using data from the two largest ART collaborations glob-
ally. The adjustment approach also includes an uncertainty
range, to reflect variability in the “shape” of viral load distribu-
tions across settings. The recommended adjustment has been
incorporated into the Spectrum model, which is supported by
UNAIDS and widely used in producing HIV estimates nation-
ally and globally [20].

An important finding is that the shape of the viral load dis-
tribution in people on ART can differ substantially across set-
tings. Previous studies have focused on variations in average
levels of viral suppression between regions and groups of ART
patients [15,21,22], but Figure 1 demonstrates that there can
be substantial differences in viral load distributions even when
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(a) (b)

(c) (d)

Figure 3. Reverse Weibull adjustments, with uncertainty ranges.
In each panel, the solid black line represents the point estimate for the adjusted viral suppression, based on a reported rate of viral sup-
pression at a threshold specified on the x axis. The upper and lower lines represent the uncertainty ranges around the point estimates,
calculated from the 95% prediction intervals around the shape parameter. In panel a, the adjusted rates of viral suppression are calcu-
lated using the formulas F(t2) = F(t1)

0.70, F(t2) = F(t1)
0.81 and F(t2) = F(t1)

0.61, for shape parameters 2.81, 1.70 and 3.92, respectively,
calculated by substituting the relevant shape parameters into the equation for F(t2). In panel b, the adjusted rates of viral suppression
are calculated using the formulas F(t2) = F(t1)

0.56, F(t2) = F(t1)
0.70 and F(t2) = F(t1)

0.44, for shape parameters 2.81, 1.70 and 3.92, respec-
tively, and in panel c, the adjusted rates are calculated using the formulas F(t2) = F(t1)

0.36, F(t2) = F(t1)
0.54 and F(t2) = F(t1)

0.24. Panel d
represents an alternative scenario in which viral suppression is reported at a threshold of <1000 copies/ml, but we wish to adjust the
reported rate to obtain an estimate of viral suppression at <400 copies/ml; here, the formulas are F(t2) = F(t1)

1.42, F(t2) = F(t1)
1.24 and

F(t2) = F(t1)
1.63, respectively. Abbreviation: VLS, viral load suppression.

the fraction virally suppressed is the same. There have been
few attempts to understand what factors drive these differ-
ences in shape. One factor may be the test turnaround time
(the time from when the specimen is collected to when the
test is completed). South African data suggest that patients
with low levels of viraemia might be incorrectly classified
as “undetectable” when there are delays in processing viral
load specimens [10]. This could lead to the variance of the
viral load distribution being exaggerated, which would imply
a smaller shape parameter (assuming all other things being
the same). Similar concerns about inconsistent performance of
assays at lower limits of detection have been noted in other
studies [9].

Another factor accounting for differences in the shape of
the viral load distribution may be differences in the preva-
lence of drug resistance, as patients with drug-resistant virus
are more likely to have unsuppressed viraemia levels in the
intermediate range [23]. Levels of drug resistance are likely
to be highest at longer ART durations [24] and when drugs

have a lower genetic barrier to resistance. ART programmes
that have longer average ART durations and that have not
yet transitioned to dolutegravir may thus have higher levels of
drug resistance [25] and hence, a differently shaped distribu-
tion of viral loads. Further work is required to assess whether
different adjustments may be appropriate depending on fac-
tors such as the level of drug resistance and the extent of
dolutegravir rollout.

Although the default adjustments recommended here are
based on adult data, different adjustments may be appropriate
in children. Levels of viral suppression are lower in children
than in adults (Table 2), and the shape parameters for the
reverse Weibull and Pareto models are correspondingly lower
in children (Table 3). This could reflect greater heterogeneity
in viral suppression in children, with levels of viral suppression
being particularly low in young children (<5 years) and ado-
lescents [15,21], and with children taking longer to achieve
viral suppression after ART initiation than adults [26]. Global
reporting has previously focused on aggregated indicators of
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viral suppression, but new guidelines recommend monitoring
progress towards the 95% target separately for adults and
children [5]. These results could be important in future
standardization of paediatric viral suppression estimates.

Although the UNAIDS Reference Group on Estimates,
Modelling and Projections has recommended the reverse
Weibull model as the default for standardizing viral load mea-
surements to the same threshold, one could make strong
arguments for using the Weibull or Pareto models instead.
The Pareto model provides a better fit to the adult IeDEA
and ART-CC data than the reverse Weibull model (Table 3),
and the Weibull model was more consistent with the WHO
HIV drug resistance report data in the validation (Figure 2a,
b). However, the reverse Weibull model is more theoretically
appealing than the other two models, as it does not lead to
implausible upper and lower bounds on the viral load distri-
bution. These implausible bounds are not a major concern if
we are only considering the commonly used thresholds for
reporting viral suppression, but could be important in mod-
elling viral load distributions in ART patients more generally,
for example when assessing the extent to which ART reduces
HIV transmission risks [27,28].

Another advantage of the reverse Weibull model is that the
adjustment is mathematically simpler than the other adjust-
ment models (the equations for the adjustments are included
in Figure 3 footnotes). We have limited our focus to distribu-
tional forms that would lead to simple adjustments. Although
there are many other statistical distributions that could be
used to describe viral load distributions in ART patients (that
is log-normal, gamma and generalized gamma), these would
not lead to simple adjustments.

A potential criticism of the reverse Weibull and Pareto
models is that the estimated shape parameters are correlated
with the levels of viral suppression, in contrast to the Weibull
shape parameters, which are not correlated with levels of
viral suppression. This is a potential concern, as the IeDEA
and ART-CC collaborations mostly represent cohorts in which
high levels of viral suppression have been achieved (92%
as compared to a global average of 86% in 2018 [6]). The
reverse Weibull and Pareto shape parameters that have been
estimated from the IeDEA and ART-CC data might, therefore,
be less applicable in settings where viral suppression is low.
In the validation against the WHO HIV drug resistance data,
the reverse Weibull and Pareto models performed relatively
poorly in settings with low viral suppression (Nicaragua and
Honduras), while the Weibull model was more consistent with
the validation data in these settings (Figure 2a, b).

None of the models performed well in predicting the levels
of viral suppression in Brazil, although the observed levels of
viral suppression were at least within the model uncertainty
ranges in most cases for the Weibull and reverse Weibull
models. A general concern is that the validation relies heav-
ily on data from South and central America, where levels of
drug resistance are relatively high [24,25,29]. These high lev-
els of drug resistance might explain why our model appears to
“over-adjust” in many countries in the region, given the pre-
viously noted effects of drug resistance. It will be important
to do further validations in future, using additional data from
other regions. A further limitation is that this analysis is based
on aggregated data, and because it was not possible to obtain

individual-level data, we could not perform sub-analyses to
assess which factors might account for variations in shape
parameters across regions. A hypothesized factor that might
explain this variation is the type of viral load assay used [13],
but only one IeDEA region (Asia-Pacific) was able to provide
detailed information on this. Disaggregation of results by sex
was possible in southern Africa, but no substantial sex differ-
ences in the shape parameter were found (Table S1).

The need for further validation and sub-analysis reflects a
broader need for better viral load data. Where possible, coun-
tries should use actual data on the proportions virally sup-
pressed at the recommended reporting threshold, rather than
relying on the statistical adjustment proposed in this paper,
and our endorsement of this adjustment does not remove the
need to collect these data.

5 CONCLUS IONS

As UNAIDS moves towards increasingly ambitious targets for
achieving viral suppression, and as countries get closer to
achieving these targets, it becomes increasingly important to
ensure that countries use the same measure of viral suppres-
sion. This study proposes a simple adjustment that can be
used not only to standardize viral load measures to the cur-
rent reporting threshold of <1000 copies/ml, but also to stan-
dardize to alternative thresholds. The latter is likely to be
important if WHO recommends switching to using a report-
ing threshold of <400 copies/ml in the future.
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