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ABSTRACT
Objectives  The rate of change in key health indicators 
(eg, intervention coverage) is an understudied area of 
health system performance. Rates of change in health 
services indicators can augment traditional measures that 
solely involve the absolute level of performance in those 
indicators. Growth curves are a class of mathematical 
models that can parameterise dynamic phenomena and 
estimate rates of change summarising these phenomena; 
however, they are not commonly used in global health. 
We sought to characterise the changes over time in 
antiretroviral therapy (ART) coverage in sub-Saharan Africa 
using growth curve models.
Design  This was a retrospective observational study. We 
used publicly available data on ART coverage levels from 
2000 to 2017 in 42 sub-Saharan African countries. We 
developed two ordinary differential equations models, the 
Gompertz and logistic growth models, that allowed for the 
estimation of summary parameters related to scale-up 
and rates of change in ART coverage. We fitted non-linear 
regressions for the two models, assessed goodness of fit 
using the Bayesian information criterion (BIC), and ranked 
countries based on their estimated performance drawn 
from the fitted model parameters.
Results  We extracted country performance in rates 
of scale-up of ART coverage, which ranged from ‍≤
‍2.5 percentage points per year (South Sudan, Sudan, and 
Madagascar) to ‍≥‍8.0 percentage points per year (Benin, 
Zimbabwe and Namibia), using the Gompertz model. 
Based on BIC, the Gompertz model provided a better fit 
than the logistic growth model for most countries studied.
Conclusions  Growth curve models can provide 
benchmarks to assess country performance in ART 
coverage evolution. They could be a useful approach 
that yields summary metrics for synthesising country 
performance in scaling up key health services.

INTRODUCTION
Health policy-makers are concerned with 
measuring the effectiveness, efficiency and 
overall performance of national health 
systems in a comparable manner. Measuring 
performance requires relating the attainment 
of specific objectives, such as the improve-
ment of population health and of its distribu-
tion, to the dedicated financial resources and 

expenditures in a country.1–3 Additionally, 
comparable data on health system perfor-
mance provide a foundation for subsequent 
analyses of variation across countries, ulti-
mately strengthening the evidence base for 
understanding variations in performance and 
for policy implementation.1 Stakeholders can 
then use such information to better analyse 
how performance on stated objectives varies 
with several factors, including how the health 
system is organised, financed and regulated.2 3

The question of how to evaluate health 
system performance is difficult, as it requires 
choices to be made about what to measure 
(eg, which outcomes, outputs and costs), 
how to measure (eg, with which administra-
tive data, household surveys), and how to 
present the results (eg, with which individual 
or composite indicators). For example, in 
its 2000 World Health Report, the WHO 
defined health system performance along 
several objectives and then ranked the health 
systems of WHO member states using statis-
tical modelling.4 This generated immediate 
debate,5–7 and a number of researchers subse-
quently revisited the methodology and the 
sensitivity behind the rankings.8–10

Strengths and limitations of this study

►► Growth curve models are straightforward to fit 
to data and could provide intuitive parameters for 
assessing country performance in health services 
indicators.

►► Since we only analysed data on antiretroviral ther-
apy, the goodness of fit of the growth curve models 
is limited and would not generalise to other diseases 
and health services indicators.

►► The fitted growth curve models do not incorporate 
or provide much insight into the country-specific 
context of HIV epidemiology or local health system 
priorities.
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A step towards understanding country performance 
in health could lie in the examination of the evolu-
tion over time of specific health outcomes and health 
services indicators. However, many health indicators 
focus on the absolute level of performance. The United 
Nations’ Millennium Development Goals, for example, 
included health outcomes such as the maternal mortality 
ratio and the incidence of malaria, two indicators that 
capture performance at a single point in time.11 Simi-
larly, UNAIDS developed performance indicator levels 
into its recent 90-90-90 treatment targets for tackling the 
AIDS epidemic by 2030.12 Yet, only evaluating the levels 
of performance for certain outcomes can ignore long-
standing determinants within countries that may affect 
the ability to expand access to care. It may also blur the 
ability of researchers to understand performance varia-
tion across countries. In this respect, examining the rates 
of change of health services indicators may prove valuable 
in understanding the performance of national policies 
and programmes.13–15 As a case in point, in Good Health at 
Low Cost: 25 Years On, Balabanova et al16 used both levels 
and rates of changes of health outcomes and services 

coverage to select which countries to study as relevant 
examples of good performance in health.

Rates of change in coverage of health services can 
be estimated empirically (eg, by taking the first deriva-
tive of coverage), but their evolution over time can also 
be captured by mathematical models, including simple 
ordinary differential equations such as growth curves. 
Indeed, growth curves have been used in numerous 
other academic disciplines to model specific dynamic 
phenomena, and they could yield meaningful summary 
parameters that characterise intervention scale-up. For 
example, in telecommunications, the Bass diffusion 
equation models the spread of innovation or adop-
tion of new technologies in a population17; and in cell 
biology, growth curves can be used to represent bacterial 
growth.18 Despite these common uses, such differential 
equation models have not been widely implemented in 
global public health.

Growth curve models could parameterise and capture 
the evolution of health services coverage over time. In 
this paper, we illustrate the relevance of growth curves 
by attempting to characterise and parameterise the 
growth in antiretroviral therapy (ART) coverage in 42 
sub-Saharan African countries using two long-established 
growth models: the logistic and the Gompertz models. 
We then extract summary metrics (eg, rate of scale-up, 
time delay to scale-up) that describe the evolution of ART 
coverage and thus may be of use to analysts interested in 
understanding cross-country variation in ART coverage 
evolution in sub-Saharan Africa.

METHODS
Data sources
We used country-level data on ART coverage from 2000 
to 2017 from the World Bank’s World Development Indi-
cators database; these data were originally sourced from 
UNAIDS estimates.19 ART coverage is defined as the 
percentage of people living with HIV who are receiving 
ART; the numerator (ie, the number of people on ART) 
is aggregated at the country level, and UNAIDS models 
generate the denominator (ie, the population living with 

Table 1  Mathematical formulations for the Gompertz and logistic growth models
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The modified solutions are adapted from Zwietering et al.18 They are equivalent to the canonical solutions provided, but rewritten so as to be 
interpretable in a global health context.
Antiretroviral therapy (ART) coverage (in percentage points) is represented by y. The dependent variables represent the lag or delay time (λ, in 
years since 2000), the maximum scale-up rate of ART coverage (μ, in percentage points per year), and the carrying capacity of ART coverage 
(A, in percentage points).

Figure 1  Diagram depicting a basic growth curve and its 
associated parameterisation. Note: this figure is adapted 
from Zwietering et al.18 A is the carrying capacity, μ is the 
maximum growth rate and λ is the lag time.
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HIV).20–22 We limited our analysis to sub-Saharan Africa, 
the region most impacted by HIV: according to UNAIDS, 
it accounted for close to 70% of all people living with HIV 
in 2018.23 We further limited our analysis to countries 
with a population exceeding one million,24 leading to a 
sample of 42 sub-Saharan African countries.

Mathematical approach
We used two types of ordinary differential equations 
to model the growth in ART coverage over time in the 
selected countries: the logistic and the Gompertz equa-
tions (table  1). In their canonical forms, these models 
are not easily interpretable in a global health context.18 
Therefore, we used the transformations described by 
Zwietering et al for both the Gompertz and logistic equa-
tions.18 The derived parameters (see ‘modified solu-
tions’) have an intuitive interpretation: A represents the 
projected maximum level of intervention coverage (in 
percentage points); μ the maximum growth or maximum 
scale-up rate of intervention coverage (in percentage 
points per year); and λ the lag or delay time prior to the 

start of the intervention implementation (in years). The 
initial level of intervention coverage is represented by y0 
(figure 1 provides a graphical representation).

The logistic equation is a simple and widely used growth 
curve model. Though its simplicity is advantageous, it 
may not be well suited to model coverage scale-up and 
evolution, especially since it is symmetric in shape. The 
maximum growth rate (ie, the slope at the inflection 
point of the coverage curve) occurs halfway between the 
initial value (y0) and the asymptotic carrying capacity 
(A). There is no a priori reason to believe that growth in 
ART coverage over time would be symmetric or that the 
highest rate of growth would be exactly halfway between 
these two points (ie, the start and end points). Unlike 
the logistic equation, the Gompertz equation allows for 
asymmetry, as the maximum growth rate need not occur 
exactly halfway between y0 and A. This property may 
better fit with the study of ART coverage evolution over 
time: coverage may grow rapidly in the initial stages of 
a programme, but marginal gains in later stages may be 

Figure 2  Growth curve fits over the time period 2000–2017 for six selected sub-Saharan African countries: Botswana, Gabon, 
Rwanda, Kenya, Uganda and South Africa. ART, antiretroviral therapy.
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difficult to achieve. Exponential growth at low values of 
time (t) and the gradual approach of an asymptote could 
be desirable properties in modelling coverage evolution 
and programme scale-up (exponential growth is linear on 
a log scale, and ln(y) for both the Gompertz and logistic 
models is linearly proportional to t for low values of t). 
Therefore, we retained both the Gompertz and logistic 
growth models in our study.

Model estimation
We fitted both growth models to ART coverage time series 
data using nonlinear regression methods. All the analyses 
were performed with the Python programming language; 
for the nonlinear regressions, we used the LMFIT 
package, which implements the Levenberg-Marquardt 
algorithm for least-squares minimisation.25 The goodness 
of the model fits were then assessed using the Bayesian 
information criterion (BIC).26

In addition, we compared the estimated parameters to 
values directly observed from the data: an observed lag 
time was calculated as the number of years between 2000 
(when data were first available) and a country’s first year 
with ART coverage >0. We also considered the observed 
(crude) average change in ART coverage, defined as 
current ART coverage divided by the number of years 
since ART coverage >0.

Patient and public involvement
No patients were involved in this study.

RESULTS
We first display the fits of the Gompertz and logistic 
growth models to the data of six selected sub-Saharan 
African countries (figure  2), along with the estimated 
maximum rates of change (rates of scale-up, denoted μ) 
across all the countries examined (figure 3).

With the Gompertz growth curve, across all countries 
in the sample, the mean value of μ was 5.1 percentage 
points per year, with a range from 1.3 percentage points 
per year (Sudan) to 9.5 percentage points per year 
(Benin). For the logistic growth curve, estimates of μ 
ranged from 1.5 percentage points per year (Sudan) to 
10.0 percentage points per year (Benin), with a mean 
value of 5.8 percentage points per year. Country-specific 
estimates from the Gompertz and logistic growth models 
tended to cluster near similar values (figure 3). Still, there 
were a few countries where estimates of μ diverged. For 
example, for Madagascar, the Gompertz growth model 
estimated μ=2.5 percentage points per year, whereas the 
logistic growth model estimated μ=6.5 percentage points 
per year; for Sierra Leone, 4.5 percentage points per year 
for the Gompertz versus 7.0 for the logistic. However, 
Madgascar and Sierra Leone stand out as singular cases as 
both countries have relatively low HIV prevalence (0.3% 
and 1.5% of the adult population, respectively27); and 
Madagascar had ART coverage levels below 10%, which 
thus makes it difficult to model ART coverage scale-up19 
given the relatively low changes in coverage magnitude 
over time.

Table 2 shows the estimated rates of change per country 
along with an associated ranking. For a majority of coun-
tries, the rankings were similar across Gompertz versus 
logistic growth curves. For example, Benin remained 
a top performer, while Sudan remained a bottom 
performer. In between, however, the rankings were less 
stable. For example, when examining the observed crude 
average rate of change over the 2000–2017 time period 
(defined as current ART coverage divided by the number 
of years since ART coverage >0), Benin ranked 18th, 
while it ranked 1st on the estimated μ from the logistic 
growth model; Botswana ranked 2nd under the observed 
crude average rate of change over the 2000–2017 time 
period and 14th under the estimated μ from the logistic 
growth model. Overall, correlation of ranks on μ was 0.94 
between the logistic and Gompertz models; 0.87 between 
Gompertz’s μ and the observed crude average rate of 
change; and 0.79 between logistic’s μ and the observed 
crude average rate of change. These differences also come 
from the fact that average rates of change (over the entire 
2000–2017 time period) and maximum rates of change 
capture two different coverage evolution phenomena.

As for time delays, the estimated mean value (across 
all countries in the sample) of λ was 6.5 years with the 
Gompertz growth model compared with 7.3 years with 

Figure 3  Estimated maximum rate of change in antiretroviral 
therapy (ART) coverage (denoted μ, maximum estimated rate 
of scale-up in percentage points per year) for 42 sub-Saharan 
African countries, for the Gompertz and logistic models. 
The countries are ranked according to μ estimates from the 
Gompertz model. Note: the ‘average change’ (2017 ART 
coverage divided by the number of years since ART coverage 
>0) green dots display the observed crude average rate of 
change of the entire 2000–2017 time period.
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Table 2  Estimated maximum rate of change in antiretroviral therapy (ART) coverage (denoted μ, maximum estimated rate of 
scale-up in percentage points per year) for 42 sub-Saharan African countries, and corresponding ranks (across all countries in 
the sample), for the Gompertz and logistic models

Country

Gompertz Logistic Observed crude
average change Rankμ Rank μ Rank

Angola 2.8 38 3.1 38 1.5 39

Benin 9.5 1 10.0 1 3.2 18

Botswana 6.8 10 7.4 14 4.9 2

Burkina Faso 5.6 19 6.2 22 3.8 14

Burundi 6.5 13 7.5 13 4.5 6

Cameroon 4.1 26 5.5 23 2.9 23

Central African Republic 3.7 29 3.8 33 1.9 32

Chad 6.4 15 6.5 19 2.6 25

Congo, Dem. Rep. 6.8 8 9.1 4 3.2 18

Congo, Rep. 3.0 36 3.2 37 1.7 36

Cote d'Ivoire 3.4 32 4.6 27 2.7 24

Equatorial Guinea 4.0 27 4.0 31 2.2 28

Eswatini 7.0 6 7.7 8 5.0 1

Ethiopia 7.2 5 8.0 6 4.2 11

Gabon 4.4 23 4.9 25 3.5 16

Gambia, The 3.2 33 3.6 34 1.9 32

Ghana 3.6 31 4.0 29 2.4 26

Guinea 4.0 28 4.3 28 2.1 29

Guinea-Bissau 3.1 35 3.5 35 1.8 35

Kenya 6.7 12 7.4 15 4.4 7

Lesotho 5.7 18 6.2 21 4.4 9

Liberia 2.6 39 2.7 40 1.7 36

Madagascar 2.5 40 6.5 20 0.4 42

Malawi 6.8 9 7.6 10 4.2 11

Mali 3.7 30 4.0 30 1.9 32

Mauritania 2.9 37 3.1 39 1.9 30

Mozambique 6.2 17 8.0 7 3.2 20

Namibia 9.2 2 9.9 2 4.9 2

Niger 4.6 21 5.0 24 3.1 22

Nigeria 3.2 34 3.4 36 1.9 30

Rwanda 7.5 4 8.1 5 4.9 5

Senegal 4.3 25 4.7 26 3.2 20

Sierra Leone 4.5 22 7.0 17 2.3 27

Somalia 4.3 24 3.9 32 1.6 38

South Africa 6.2 16 7.0 16 3.6 15

South Sudan 2.2 41 2.6 41 0.8 41

Sudan 1.3 42 1.5 42 0.9 40

Tanzania 6.7 11 7.6 11 3.9 13

Togo 5.2 20 6.8 18 3.4 17

Uganda 6.5 14 7.6 12 4.2 10

Zambia 6.9 7 7.6 9 4.4 7

Zimbabwe 8.9 3 9.7 3 4.9 2

The ‘observed crude average change’ (2017 ART coverage divided by the number of years since ART coverage >0) displays the 
observed crude average rate of change over the entire 2000–2017 time period.
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the logistic growth model (figure 4). Some of the differ-
ences between the observed (number of years between 
2000 and a country’s first year with ART coverage >0) and 
estimated delays occur in a small group of countries such 
as Madagascar and Somalia, countries which tend to have 
low levels of both ART coverage and HIV prevalence, 
making it difficult to model ART coverage evolution 
given the relatively low changes in coverage magnitude 
over time. For example, in 2017, Madagascar had an HIV 
prevalence of 0.3% and ART coverage of 7%; for Sudan, 
it was 0.1% and 28%, respectively.19 27

Botswana presented the shortest estimated delay 
to scale-up (λ) from both models (2.6 years for the 
Gompertz model and 3.3 years for the logistic model). 
Contrarily, Madagascar showed the longest estimated 
delay in scale-up (19.5 and 17.2 years according to the 
Gompertz and logistic growth models, respectively; 
table 3). Country rankings were dependent on the way lag 
time λ was estimated. A few countries, such as Botswana 
(ranked 1st) and Senegal (ranked 10th), retained their 
ranking across the Gompertz and logistic growth cruves. 
Others saw important changes, such as Côte d’Ivoire, 
ranked 12th with λ estimated from the Gompertz growth 
model compared with 31st with λ estimated from the 
logistic model. Overall, correlation in ranks on λ between 
the logistic and Gompertz growth models was 0.97; while 
it was 0.53 between Gompertz’s λ and the observed time 
delay, and 0.53 between the logistic estimates of λ and the 
observed time delay.

In evaluating the goodness of fit of each growth model, 
we sought the model with the lowest BIC.28 For this 
comparison, across countries, we subtracted the BIC of 
the logistic growth model from the BIC of the Gompertz 
model, and calculated ΔBIC. When ΔBIC>6, the logistic 
growth model would be supported; when ΔBIC < − 6, 
the Gompertz growth model would be supported.28 Our 
findings were then split between the two models, with the 
Gompertz model generally providing a better fit for most 
countries. Differences in BIC ranged from 22 for Uganda 
to −26 for Malawi (figure 5).

DISCUSSION
In this paper, we used two simple and intuitive differential 
equations, the logistic and the Gompertz growth curves, 
to characterise changes in ART coverage over 2000–2017 
for 42 sub-Saharan African countries. Using nonlinear 
regressions, we estimated key parameters to describe 
ART coverage evolution, including the maximum rate 
of change (μ in percentage points per year) and the lag 
time to coverage scale-up (λ in years). We were then able 
to compare these estimated parameters to observed ART 
coverage data to describe how ART performance and 
scale-up varies across sub-Saharan African countries.

Some countries performed consistently well across 
growth models. For example, Botswana was the highest 
ranking country across all estimated parameters for the 
time delay in ART scale-up (λ), and also ranked well for 
its estimates in maximum rates of change of scale-up (μ). 
This reflects the success Botswana achieved in scaling up 
its ART programme. Since 2002, Botswana has committed 
significant resources to establishing universal coverage for 
ART; consequently, mortality among people living with 
HIV in the country fell dramatically.29 30 Likewise, Rwanda 
is another success story highlighted here; it ranks fifth in 
the estimated delay in ART scale-up (4.3 years with the 
Gompertz model) and fourth in the estimated maximum 
rate of change (7.5 percentage points per year, with 
the Gompertz model). Although few people living with 
HIV were being treated back in 2003, the country had 
already achieved, by 2017, ART coverage levels greater 
than 80%.31 On the contrary, South Africa demonstrated 
a significant delay in ART scale-up (around 6–7 years as 
estimated by each growth model), consistent with the 
evolution of national ART coverage and the postponing 
of ART scale-up in the country.32 After 2006, when ART 
coverage was then at 4%, South Africa significantly grew 
its ART programme and achieved rapid coverage expan-
sion of approximately 1.8 million people by 2011 and over 
3 million people by 2017, for a current ART coverage of 
about 61%.33 34 Therefore, our growth models and their 
estimates of maximum rates of change and time delays 
could provide analysts with useful summary indicators 
for characterising the evolution over time of key health 
services (ART in our case study here).

Nevertheless, our analysis presents a number of limita-
tions. First, our approach cannot be generalisable as we 

Figure 4  Estimated time delays in antiretroviral therapy 
(ART) coverage scale-up (denoted λ in years) for 42 sub-
Saharan African countries, for the Gompertz and logistic 
models. The countries are ranked according to λ estimates 
from the Gompertz model. Note: the ‘observed’ time delay 
green dots correspond to the lag time calculated as the 
number of years between 2000 and a country’s first year with 
ART coverage >0.
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Table 3  Estimated time delay in antiretroviral therapy (ART) coverage scale-up (denoted λ in years) for 42 sub-Saharan 
African countries, and corresponding ranks (across all countries in the sample), for the Gompertz and logistic models

Country

Gompertz Logistic Observed crude
delay Rankλ Rank λ Rank

Angola 6.3 21 7.0 23 6 35

Benin 6.4 23 6.6 18 8 40

Botswana 2.6 1 3.3 1 1 1

Burkina Faso 4.6 7 5.3 7 3 8

Burundi 5.9 18 7.1 24 1 1

Cameroon 6.4 24 8.6 35 4 17

Central African Republic 8.5 36 8.6 34 5 30

Chad 5.5 14 5.7 11 3 8

Congo, Dem. Rep. 10.0 39 11.5 40 4 17

Congo, Rep. 4.3 6 4.8 5 3 8

Cote d'Ivoire 5.1 12 7.7 31 2 6

Equatorial Guinea 8.2 35 8.1 33 4 17

Eswatini 5.0 11 6.0 13 1 1

Ethiopia 5.7 16 6.3 15 4 17

Gabon 3.8 2 4.7 4 2 6

Gambia, The 6.8 28 7.3 25 5 30

Ghana 6.3 22 6.9 22 4 17

Guinea 5.4 13 5.9 12 3 8

Guinea-Bissau 6.9 30 7.5 27 6 35

Kenya 5.5 15 6.2 14 4 17

Lesotho 4.7 9 5.4 9 4 17

Liberia 7.1 33 7.5 28 6 35

Madagascar 17.2 42 19.5 42 6 35

Malawi 5.7 17 6.4 16 4 17

Mali 3.8 3 4.2 2 3 8

Mauritania 6.5 27 6.8 21 5 30

Mozambique 8.6 37 10.1 38 4 17

Namibia 4.2 4 4.7 3 4 17

Niger 6.0 19 6.6 17 5 30

Nigeria 6.5 26 6.7 19 3 8

Rwanda 4.3 5 4.9 6 4 17

Senegal 5.0 10 5.7 10 1 1

Sierra Leone 9.4 38 11.7 41 5 30

Somalia 10.7 40 10.0 37 6 35

South Africa 6.1 20 6.7 20 3 8

South Sudan 10.7 41 11.1 39 9 42

Sudan 6.9 31 7.6 29 8 40

Tanzania 7.2 34 8.0 32 4 17

Togo 7.1 32 8.9 36 3 8

Uganda 6.4 25 7.7 30 1 1

Zambia 4.6 8 5.3 8 3 8

Zimbabwe 6.8 29 7.3 26 4 17

The ‘observed crude’ time delay corresponds to the lag time calculated as the number of years between 2000 and a country’s first year 
with ART coverage >0.
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have only tested it with time series data on ART coverage 
in sub-Saharan Africa. It is important to note that until 
recently, patients would only receive ART after meeting 
certain eligibility criteria (eg, CD4 cell counts), and 
that patients who did not meet these criteria would 
wait to receive ART. Additionally, although ART may be 
important in tackling the AIDS epidemic, there are other 
health services that could be studied for addressing HIV/
AIDS. Most importantly, the scale-up of ART programmes 
could differ from the provision and scale-up of general 
health services; for example, general health services may 
be more freely accessible and/or depend less on devel-
opment assistance. However, when applied to relevant 
health services indicators, growth curve models could 
be adapted to analyse progress in other disease areas 
and conditions (eg, introduction of a new drug or new 
vaccine).

Second, our time series coverage data may also be subject 
to correlations between countries and within country, 
and one could potentially refine the statistical modelling 
by introducing country-specific and time-specific random 
effects. Although an estimated rate of change (μ) and esti-
mated time delay (λ) may be useful to summarise inter-
vention scale-up evolution, they are merely two simple 
indicators: many factors influence intervention scale-up, 
and thus μ and λ can in no way answer the fundamental 
question of why a country might perform well or poorly 
in one of its programme; μ and λ likely encapsulate many 
parts of a complex health system architecture, which 
requires further in-depth investigation.

Third, the UNAIDS ART coverage data used for 
this analysis were themselves derived from modelled 

estimates, such as country-specific numbers of people 
living with HIV.20 21 Although these models estimate 
lower and upper limits of uncertainty, we chose to fit our 
models to the best estimates of ART coverage. By fitting 
regression models in this way, we may compound their 
inherent uncertainty. Also, the ART coverage data could 
be rounded to the nearest whole number,20 21 which 
would lead to complications in the interpretation of our 
estimated country-specific time delays. Finally, the first 
year of non-zero ART coverage might reflect data collec-
tion practices rather than the true start of programme 
implementation.20 21 Due to these sources of uncertainty, 
we emphasise the potential utility of these performance 
evaluation methods, and would advise caution when 
interpreting our results against the actual state of ART 
care in sub-Saharan Africa.

Fourth, our growth models did not incorporate any 
information on specific country contexts. In some coun-
tries, such as Burkina Faso and the Democratic Republic 
of the Congo, less than 1% of the population suffer 
from HIV27; this may explain some of the poor regres-
sion fits, for either one or both of the growth models. In 
contrast, adult prevalence of HIV is near or above 20% 
in South Africa, Swaziland and Botswana.27 Clearly, the 
latter group of countries faces different challenges to 
HIV management and ART scale-up than the former. 
Lastly, since the structure of health financing can differ 
significantly across countries, differences in the structure 
of ART programmes across countries could reflect this 
heterogeneity as well.

In summary, our growth models were purposely simple 
and non-mechanistic (eg, no inclusion of HIV transmission 
dynamics) as they did not rely on existing frameworks for 
health system analysis. Notably, the information gleaned 
from our modelling approach should be augmented with 
the economic and historical context of a given country. As 
Balabanova et al point out,16 the ability of a health system 
to scale-up an intervention (ie, to achieve a high rate of 
change or a low lag time) is influenced by the system’s 
history and development. Our objective in this paper 
is to present a simple approach to estimate meaningful 
parameters that can summarise health services scale-up, 
which may be a useful step towards characterising and 
understanding performance of national disease-specific 
programmes.

To conclude, our analysis intends to contribute to the 
growing acknowledgement that rates of change in health 
outcomes and health services coverage may provide 
helpful insight into the understanding of country perfor-
mance on health. Although they are only a starting point, 
growth curves and basic differential equation models can 
provide a novel perspective on the scale-up of key inter-
ventions in global health.
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