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Since the turn of the millennium, a concerted international campaign against malaria
has led to unprecedented levels of intervention coverage across sub-Saharan Africa.
Understanding the impact of this control effort is vital to inform future policy
decisions on the financing, planning, and implementation of post-2015 control efforts.
However, the absence of reliable disease surveillance data, and the simplistic
approaches underlying current estimates mean the impact of malaria interventions
on transmission and disease burden across the varied epidemiological settings of
Africa remains poorly understood. Here we present a Bayesian spatiotemporal
modelling framework to link 27,573 malaria field surveys with detailed
reconstructions of changing intervention coverage, directly evaluate trends from
2000-2015, and quantify the attributable effect of malaria disease control efforts.
This provides an independent and data-driven assessment of progress made towards
2015 Millennium Development Goal (MDG) malaria targets. We found that P.
falciparum infection prevalence in endemic Africa halved from 33 (95%CI: 30-35)%
in 2000 to 16 (14-19)% in 2015. The incidence rate of clinical malaria declined by
40% over the same period from 321 (253-427) to 192 (135-265)/1000 per annum,
with all but one of the 43 mainland endemic countries meeting the MDG target of
reversing incidence trends by 2015, 19 achieving a >50% decline, and seven a > 75%
decline. We estimate that interventions have averted 663 (542—753) million clinical
cases since 2000, with insecticide treated nets by far the largest contributor (68% of
cases averted). Despite coverage remaining well below target levels, current malaria
intervention technologies have substantially reduced malaria disease incidence across
the continent. Sustaining and increasing access to these interventions, as well as
working to maintain their effectiveness in the face of insecticide and drug resistance,

should form a cornerstone of post-2015 control strategies.

In the midst of an escalating malaria public health disaster, the year 2000 marked a turning

point in multilateral commitment to malaria control in sub-Saharan Africa, catalysed by



the Roll Back Malaria initiative and the wider development agenda around the United
Nations Millennium Development Goals (MDGs). The 15 years since have seen
international financing for malaria control increase approximately twentyfold*, enabling
widespread but uneven scale-up of coverage of the main contemporary malaria control
interventions: insecticide treated bednets (ITNs), indoor residual spraying (IRS), and
prompt treatment of clinical malaria cases with artemisinin-based combination therapy
(ACT).

As part of this reinvigorated effort, a series of international goals were set with a
target year of 2015, in particular the MDG to "halt by 2015 and begin to reverse the
incidence of malaria" and the more ambitious target defined later by the World Health
Organization (WHO) of reducing case incidence by 75% relative to 2000 levels®. While
these targets were important for motivating action and mobilising funds, no explicit plan
was put in place to reliably measure progress towards them. Now that the benchmark year
of 2015 has been reached, the international community must define a post-2015 agenda for
malaria control that will shape the technical, financial, and political landscape in which the
battle against the disease will be fought*®. In this context, it is imperative that the 2015
achievements can be robustly evaluated and, more broadly, that the patterns, causes, and
implications of changing malaria endemicity over the past 15 years can be understood to
inform an optimal strategy for the future.

Despite its importance, current knowledge on the nature and drivers of changing
endemicity in sub-Saharan Africa is remarkably weak. National health records in 32
highly endemic countries (together accounting for about 90% of the global malaria
burden) are considered inadequate to assess trends in malaria cases'. For these countries,
the WHO has previously adopted a "cartographic"” burden measurement approach whereby

a map of climatic suitability for malaria transmission is first used to stratify likely



incidence rates across the continent, with these rates then progressively downgraded as
intervention coverage increases according to effect sizes measured in randomized control
trials. One acknowledged limitation of this approach is its reliance on the central
assumption that effects observed in a limited number of short-term trials can be
extrapolated to sustained continent-wide implementation. This assumption has never been
validated. In reality, the individual or combined efficacy of interventions will vary by
setting and be contingent on many local factors including vector ecology, health systems
and coverage levels®®. Other studies have investigated effects using cross-sectional
community surveys®’. These studies capture a wider range of real-world settings, but yield
only a single pooled estimate across diverse disease transmission settings that, again, has
unknown validity when extrapolated across Africa.

Since its first use, component parts of the cartographic burden framework have
incrementally improved. Climatic suitability maps have been superseded by empirical

endemicity maps®*°

that use model-based geostatistics to create surfaces of risk based on
thousands of geolocated cross-sectional surveys measuring infection prevalence (termed
Plasmodium falciparum parasite rate, PfPR). Improvements have also been made in the

estimation of clinical incidence rates from PfPR* ™

which allows the former quantity,
which is notoriously difficult to measure in the field, to be estimated geographically using
mapped surfaces of the latter'>**. All these earlier studies, however, preceded the most
intense period of control effort (from 2010 to the present) and none were designed to
formally evaluate temporal changes in disease burden or explicitly consider the impact of
interventions.

Here, we provide the first formal quantification, with robustly defined uncertainty,

of P. falciparum infection prevalence and disease incidence across sub-Saharan Africa



from the year 2000 to the benchmark year of 2015, and of the role the major control
interventions have had in causing these changes.

Data on ITN use and access to ACTs from over one million households were
combined with national malaria control programme data® on ITN, ACT, and IRS provision
to develop time-series models of coverage of these interventions within each country™.
These were combined within a spatiotemporal Bayesian geostatistical model™ with PfPR
data from 27,573 georeferenced population clusters between 1995 and 2014, along with an
optimised suite of temporally dynamic environmental and sociodemographic covariates™.
The model adjusted PfPR observations by age'’, season, and type of diagnostic used, and
fitted flexible functional forms to capture the effect of each intervention on declining PfPR
as a function of coverage reached and the starting (pre-intervention) PfPR in 2000. The
model was used to predict a spatio-temporal "cube" of age-structured PfPR at 5x5 km
resolution across all endemic African countries for each year from 2000 to 2015. Using
the empirically observed effect of each intervention, it was possible to generate
counterfactual maps estimating contemporary PfPR under hypothetical scenarios without
interventions.

For the 32 high-burden countries of Africa, an ensemble model was developed to
predict rates of clinical disease as a function of community PfPR'®. This brought together

121319 that were

three independently developed mathematical malaria transmission models
re-fitted to a common dataset of age-structured clinical incidence measured longitudinally
at 30 sites?®, allowing an ensemble model to be defined to predict age-specific incidence at
all locations given prevalence, seasonality, level of treatment, and likely immune status of
populations. This ensemble model was then combined with the PfPR cube and underlying

population surfaces® to predict clinical incidence by country and year for both the real and

counterfactual scenarios. For the remaining eleven low-burden countries in Africa



(accounting for around 3% of cases) where national reporting systems are more robust, we
generated clinical incidence estimates with an existing approach that uses national case
reports while adjusting for care-seeking behaviour, low diagnostic testing rates, and
underreporting™**.

We found that infection prevalence in children age 2-up-to-10 across endemic Africa
has halved since the year 2000 (population-weighted mean PfPR;.1o: year 2000 = 33%,
95% credible interval 31-35%; year 2015 = 16%, 14-19%), with around three-quarters of
this decline occurring after 2005. Our predicted surfaces of PfPR,.;o demonstrate the
geographical pattern of this reduction across the continent (Figure 1a, b, c), with hyper- or
holo-endemic transmission (PfPR > 50%) common in 2000 across large swathes of central
and western Africa but limited to isolated pockets by 2015. This decline meant a marked
shift in the distribution of exposure level (Figure 1d), with the proportion of the endemic
population exposed to hyper- or holo-endemic malaria falling from 33% to just 9% (Table
1). Crucially, for the feasibility of post-2015 elimination efforts, the population of stable
endemic Africa experiencing very low transmission (Pf PR,.1o less than 1%) has increased
six-fold since 2000 (far outstripping the 50% underlying population growth over the
period) meaning there are now 121 million people living in settings where elimination
campaigns can be launched.

We estimated that there were 187 (132-259) million clinical cases of P. falciparum
malaria in Africa in 2015. Case incidence declined by 40% from 321 (253-427)/1000 per
annum in 2000 to 192 (135-265)/1000 p.a. in 2015, with all but one of the 43 mainland
endemic countries meeting the MDG target of reversing incidence trends by 2015, 19
achieving a >50% decline, and seven declining by > 75% (Extended Data Figure 3).

Changes in prevalence largely followed patterns of increasing ITN coverage, and

ITNs were by far the most important intervention across Africa, accounting for an



estimated 68% of the declines in PfPR seen by 2015 (Figure 2a). We estimated ACT and
IRS contributed 19% and 13% respectively, although these interventions had larger
proportional contributions where their coverage was high (Extended Data Figure 2). In
total, we estimated that malaria control interventions have averted 663 (542—753) million
clinical cases since 2000, of which 68%, 22% and 10% were contributed by ITNs, ACTSs,
and IRS, respectively (Figure 2Db).

The results presented here are the first time the rapidly changing landscape of
malaria risk in Africa has been quantified across the 15-year span of the Millennium
Development Goals, driven primarily by empirical observations in the field rather than
theoretical models or extrapolated experimental results. Our modelling framework
requires few prior assumptions and allows patterns of change and attribution to be
identified with robust accompanying metrics of uncertainty.

We have shown that dramatic and widespread reductions in infection prevalence
and case incidence have occurred across Africa since 2000, and that malaria control
interventions have been responsible for most of the decline even though they remain well
below international targets for universal coverage®. ITNs have had by far the largest
impact, but have also been generally present for longer and at higher levels of coverage.
IRS and ACTs have both made important contributions to reducing prevalence and
incidence where they have been implemented at scale (although it is important to note that
the primary role of ACTs is in averting severe disease and death rather than reducing
transmission and uncomplicated cases).

The efforts of the international community over the past 15 years have reduced
malaria risk levels for many millions of people, and large regions of Africa are now in a
position to consider elimination strategies. This analysis demonstrates that current malaria

interventions have been highly effective at reducing prevalence and incidence across the



continent, and provides strong support for sustaining and increasing access to these

interventions as a cornerstone of post-2015 control strategies.

Supplementary Information is linked to the online version of the paper at

WWw.nature.com/nature.
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Table 1 | Changing distribution of malaria endemicity across stable endemic Africa,

2000 to 2015

Endemicity class

Holo (PfPR,.19 275%)
Hyper (PfPR;.10 50—75%)
Meso (PfPR;.1o 10-50%)
Hypo (PfPRy.1o <10%)

Total

Pre-elimination or eliminating
(PfPR,.10<1%)

2000
11.57

21.51

41.32

25.60

100.00

3.82

Population (%)

2015
1.32

7.46

42.41

48.80

100.00

13.61

Change (%)
-88.57

-65.31
+2.64

+90.63

+255.93

2000
11.81

20.18

40.98

27.02

100.00

3.48

Area (%)
2015 Change (%)

1.38 -88.32
7.88 -60.93
41.06 +0.19

49.67 +83.84

100.00

11.39 +227.51
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Figure 1 | Changes in infection prevalence 2000-2015. a, PfPR2.1o for the year
2000 predicted at 5x5 km resolution. b, PfPR,.1 for the year 2015 predicted at
5x5 km resolution. c, absolute reduction in PfPR,.1o from 2000 to 2015.

d, smoothed density plot showing the relative distribution of endemic populations
by PfPR,.10 in the years 2000 (red line) and 2015 (blue line). The frequencies on
the vertical axis have been scaled to make the densities visually comparable. The

classical endemicity categories are shown for reference in green shades.
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Figure 2 | Changing endemicity and impact of interventions 2000-2015. a,
predicted time series of population-weighted mean PfPR,.1p across endemic
Africa. The red line shows the actual prediction and the black line a
‘counterfactual’ prediction in a scenario without coverage by ITNs, ACTs, or IRS.
The coloured regions indicate the relative contribution of each intervention in
reducing PfPR2.1o throughout the period. b, the predicted cumulative number of
clinical cases averted by interventions at the end of each year, with the specific

contribution of each intervention distinguished.
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Methods

PfPR surveys. To map endemicity (defined by the P. falciparum parasite rate, PfPR)
within boundaries of stable transmission, we added data points to the existing Malaria
Atlas Project PfPR database® via systematic literature searches from published data
sources, direct communications with malaria specialists, and by incorporating data from
28 cross-sectional household surveys conducted in African countries since 2010. In total,
we used 27,573 high fidelity geopositioned cluster level points spanning a temporal range
from 1995 to 2014. Data were available for 53.3% of country years included in our
analysis. All PfPR points were processed to ensure accurate geopositioning, corrected for
diagnostic type and age standardised to the epidemiologically relevant 2-10 years age
range®’.

Environmental and socioeconomic covariates. The covariates used in our analysis
consisted of temporally dynamic raster layers spanning all of Africa at a 5x5 km spatial
resolution. These covariates comprised a mixture of environmental variables (e.g.
vegetation indices), biological model variables (e.g. temperature suitability?®), and
socioeconomic variables (e.g. night time lights). A variable selection procedure was
performed by first identifying, through an exhaustive literature review, a base set of
biologically relevant variables that could be used in PfPR mapping. By changing spatial
and temporal lags, applying non-linear transformations, and including bivariate
interactions we expanded the base set of covariates to a set of more than 55 million
candidate variables, from which a rigorous statistical selection procedure identified 20
predictive covariates™. As our analysis spanned the years 2000 to 2015, but our covariates
only covered 2000 to 2014, we projected values of covariates for 2015 as an average of

years 2012, 2013 and 2014.
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Interventions. Coverage of the three primary malaria control interventions was
incorporated in our analysis: (a) insecticide treated bed nets (ITNs, A), (b) indoor residual
spraying (IRS, &), and (c) artemisinin based combination therapy (ACT, 7).

To derive estimates for ITN coverage (proportion of individuals that slept under a
net the previous night) through time we first estimated national-level timeseries of ITN
access (% population with access to an ITN in their household) using a Bayesian
compartmental model that triangulated data on ITN manufacturer deliveries and ITN
distribution programmes within countries with national cross-sectional survey data on ITN
access within households. To predict within-country variation, we used a latent Gaussian
model (LGM)? on the cross-sectional household survey data comprising over 600,000
households and 24,868 unique geopositioned cluster points, with the national-level time-
series used to detrend the LGM. The data on ITN access spanned years 2000 to 2014, and
for 2015 we used data from the Roll Back Malaria Harmonization Working Group gap
analysis exercise® on projected commodity financing as a plausible estimate of future
intervention levels relative to 2014. We then used a second LGM to generate a 5x5 km
spatiotemporal prediction of the proportional difference between ITN access and ITN use
(the "use gap"ze) from the survey data. Finally, by multiplying the predicted ITN access
and the complement of the use gap cubes we generated a third cube of predicted ITN use,
again at 5x5 km resolution and spanning years 2000-2015.

IRS data were obtained at the national level directly from WHO country reporting as
the proportion of the population protected by IRS campaigns each year'. These data were
complete and covered years 2000-2013, although have acknowledged limitations due to
inconsistent interpretation and reporting between countries. Data for years 2014 and 2015

were estimated as the average over 2011, 2012 and 2013.
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To represent ACT coverage, we assembled data from 96 cross-sectional household
surveys in 43 countries collected between 2004 to 2015. These surveys reported the
proportion of febrile children over a 14-day recall period who accessed an ACT, and we
used this indicator directly while acknowledging it does not capture poor adherence to
treatment or drug efficacy. For those country-years where no survey was available, we
built a predictive model that incorporated complete national-level data on annual ACTs
distributed per capita (a proxy for drug availability). An LGM was used to build a
predictive relationship between the two types of data, allowing treatment rates to be
predicted continuously through time for all countries. Our LGM included temporal
smoothing and country and regional level random effects embedded within a jack-knife
approach that allowed us to generate appropriate uncertainty bounds.

Modelling of PfPR. Each parasite rate observation was age- and diagnostic-adjusted and
defined both spatially (s) and temporally (t) with co-located environmental and
socioeconomic covariates (X;,) and intervention coverage levels (J; ). We split our data
into two subsets: a "pre-intervention” subset, consisting of 4,757 PfPR geopositioned
cluster points from country-years where national-level coverage from all three
interventions remained at negligible levels, and a "post-intervention™ subset for the
remaining 22,816 cluster points. We used the pre-intervention data in an LGM to
determine a 5x5 km surface of predicted "baseline" parasite rate (B,), representing PfPR..
10 levels in conditions without ITNs, IRS or ACTs. This baseline allowed us to model

change in parasite rate through time by the measurement equation:

PfPRS,t,Z—lo ~BXS,t + a?s,t + )/BS + ZS,t+ YC + E.



17

where S, o,y are coefficients, Z; . is a Gauss Markov random spatio-temporal field®* with
Matérn spatial and autoregressive temporal dynamics, Y, are country (c) specific random
effects, and e is residual Gaussian variation. Conceptually this equation represents a model
where, given no changes induced by environmental, socioeconomic, intervention related
or residual unobserved correlated effects, the parasite rate at any point in time should be
equal to the stable baseline parasite rate. Interventions Js ; € [A¢rans) Siags Magl, With A
representing ITNs, & representing IRS, and n representing ACTSs, were also transformed
from their raw data by setting 6,,, and 1,4 as a moving average with a 2-year lag,
thereby approximating the residual effect of interventions year to year. Following from
well established mechanistic models on ITN effects**?"? | 1 was transformed as a four-

year moving average (A4y,4) and allowed to interact with the baseline parasite rate through

the non-linear function A;-gns = (B$ — Bf)/langBS, were a, b and c are coefficients. This
nonlinear form was empirically derived from a large suite of candidate functions that
replicated quantitative and qualitative forms described in the mechanistic models
(Extended Data Figure 4). Fitting of the posterior LGM was achieved using Laplace
approximations, and conditional realisations were simulated from the closed form
conditional posterior.

Ensemble model for clinical incidence. There is no firm consensus on the form of the
relationship between PfPR and rates of clinical incidence in a given population. To define
this relationship for use in our model, we developed an ensemble modelling approach that
constrained the prevalence-incidence relationship while spanning the plausible range of
both conceptual and empirical uncertainty with a combination of three contemporary
micro-simulation codes: OpenMalaria**?’, the EMOD DTK**?°, and a version of the

|12,30

Griffin et al. mode which were refitted to a common dataset based on an exhaustive
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literature search for studies reporting active case detection data®®. Age-, seasonality-, and
treatment-structured prevalence-incidence curves were drawn from the posterior predictive
distributions of each model and combined into a single ensemble model using a weighting
scheme based on the M-posteriors algorithm. Rates of clinical incidence were then
estimated for each 5x5 km pixel by direct simulation from the posterior predictive
distribution of PfPR; ;.10 propagated through the posterior distribution of the ensemble
model, and combined with an age-structured population denominator from the WorldPop*

population product.
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components, and outputs. Each component is summarised in the Methods and detailed

in the Supplementary Information.
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2000 and 2015 within areas of stable transmission attributable to a, the combined impact

of ITNs, ACTs, and IRS; the individual impact of b, ITNs; ¢, ACTs; d, IRS.
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1.0 Outline of Document

In this supplementary document we outline the methods and data used to model Plasmodium
falciparum parasite rate (PfPR) and clinical incidence across Africa from 2000 to 2015. In section 2
we present a summary of the PfPR database and processing procedures applied to the data prior to
modelling. In section 3 we present a summary of the covariate selection procedures. In section 4 we
outline the data collection and models for intervention coverage. In section 5 we present the latent
Gaussian spatio-temporal model for mapping PfPR across Africa and finally, in section 6, we present

our predictive ensemble approach to translating PfPR into estimates of clinical incidence.

2.0 PfPR Data Assembly and Summary

2.1 Data points from systematic literature review

Until recent years, the Malaria Atlas Project PfPR database’? was composed primarily of geo-
positioned community-based survey measurements of PfPR identified through periodic literature
searches from published data sources and direct communication with malaria specialists for

unpublished measurements of PfPR.

The methodology used for these data searches is provided in detail in previous MAP
publications'™. In brief, exhaustive literature searches have been carried out periodically between
March 2005 and May 2015 to identify reported measurements of community-level PfPR.
Measurements of PfPR were included in the MAP database according to rigorous inclusion criteria,
and subsequently included in this analysis if conducted in Africa after 1995 (see Table 1 for inclusion
criteria). In total, 27,573, spatially and temporally unique PfPR observations valid for inclusion in

mapping were yielded from these systematic reviews.

2.2 Data points from national household surveys

Data availability from cross-sectional household surveys has rapidly risen within the last decade, as
shown in Figure 1, which highlights the overall growth in data (georeferenced points from survey data,

published literature and communications with malaria researchers) through time.

The primary source of household survey data is the Demographic and Health Surveys (DHS)
Program, a USAID funded organisation that collects nationally representative health and
socioeconomic information from national household surveys in over 90 countries worldwide. African
national surveys with blood-based malaria testing were downloaded from the DHS Program website
(www.dhsprogram.com/). In total, 28 geo-referenced DHS Program surveys conducted in African

countries tested for P. falciparum prevalence in children under 5 years of age (as of 18th May 2015).



Table 1. Inclusion criteria for geo-referenced PfPR observations from literature for use in

mapping.

Inclusion criterion Criteria for inclusion in MAP Criteria for inclusion in 2000-
database 2015 African PfPR mapping

Location Global Africa only

Time of survey Post-1984 Post-1995

Sample size >0 No change

Sampling method Random, community based No change

Spatial duplicate time >3-6 months No change

window

Numerator/denominator Required No change

Age groups sampled Any, but age group must be specified No change

Spatial coverage Points/wide-areas preferred No change

5000 -

4500 -

4000 =

3500

3000 -

Type

Household survey
2500

2000 =
1500
1000
i

Figure 1. Growth in the availability of household survey data and georeferenced malaria

Personal communication
Published literature

Number of geopositioned points

measurements through time.



Table 2. Cross-sectional nationally representative household surveys used in mapping

Country Survey Source Number of geo-  Number of Demographics
Year(s) positioned individuals
clusters
Angola 2006-2007 DHS Program 115 2658 Children <5 years;
Women 15-49 years
Angola 2011 DHS Program 228 3323 Children <5 years
Benin 2011-2012 DHS Program 735 3791 Children <5 years
Burkina Faso 2010 DHS Program 541 5741 Children <5 years
Burundi 2012 DHS Program 200 3722 Children <5 years
Cameroon 2011 DHS Program 576 6620 Children <5 years
Cote d'lvoire 2011-2012 DHS Program 341 3801 Children <5 years;
Women 15-49 years
Democratic 2013-2014 DHS Program 488 7503 Children <5 years
Republic of the
Congo
Ghana 2011 UNICEF MICS 775 4352 Children <5 years
Guinea 2012 DHS Program 300 3215 Children <5 years
Liberia 2009 DHS Program 150 4968 Children <5 years
Liberia 2011 DHS Program 150 3207 Children <5 years
Madagascar 2011 DHS Program 266 6827 Children <5 years
Madagascar 2013 DHS Program 274 6232 Children <5 years
Malawi 2012 DHS Program 140 2121 Children <5 years
Mali 2010 DHS Program 106 1716 Children <5 years
Mali 2012-2013 DHS Program 413 5707 Children <5 years
Mozambique 2011 DHS Program 603 4895 Children <5 years
Namibia 2009 Namibia MoH 120 1142 Children <5 years
Nigeria 2010 DHS Program 239 5157 Children <5 years
Rwanda 2007-2008 DHS Program 246 5948 Children <5 years;
Women 15-49 years
Rwanda 2010-2011 DHS Program 492 12004 Children <5 years;
Women 15-49 years
Senegal 2008-2009 DHS Program 317 4139 Children <5 years
Senegal 2010-2011 DHS Program 383 4603 Children <5 years
Senegal 2012-2013 DHS Program 200 7321 Children <5 years
Sudan 2005 Sudan NMCP 106 8858 All ages
Sudan 2009 Sudan NMCP 287 21164 All ages
Sudan 2012 Sudan NMCP 256 21988 All ages
Swaziland 2010 DHS Program 460 4306 Children <5 years
Tanzania 2007-2008 DHS Program 474 6457 Children <5 years
Tanzania 2011-2012 DHS Program 572 7372 Children <5 years
Togo 2013-2014 DHS Program 329 3,888 Children <5 years

Uganda 2009 DHS Program 170 4011 Children <5 years



The DHS surveys were aggregated to cluster level (a geo-positioned centroid with approximately 25
households associated with each cluster). To protect the identity of surveyed individuals, these
clusters are displaced by up to 2km for urban clusters and 5km for rural clusters (with a randomly
selected 1% of rural clusters displaced by up to 10km). PfPR at each cluster was calculated from the
number of children who received a diagnostic test and, of those, the number of children who tested
positive. PfPR (recorded as the number positive and number examined), geo-position, source,
urban/rural definitions, age range of individuals, survey dates and diagnostic method were then
extracted from each survey at a cluster level and stored in a custom built database in a standardised

format.

In addition to DHS Program surveys, other organisations now collect and distribute cross-
sectional, nationally representative measurements of cluster malaria prevalence. These include (i)
UNICEF Multiple Indicator Cluster Surveys (UNICEF MICS)
(www.childinfo.org/mics_available.html) which incorporated blood parasitemia testing in the most
recently completed round of surveys (MICS4), and (ii) Health Ministries/National Malaria Control
Programmes in malaria endemic countries. In total, five additional non-DHS Program surveys were
collected and aggregated using a similar protocol to the DHS Program surveys. The resulting 31
surveys were included in mapping, resulting in an additional 198,757 malaria measurements from

individuals across 11,052 geo-positioned sites, and are listed below in Table 2.

2.3 Data summary

A total of 27,573 geo-referenced points from literature searches, personal communications and
household surveys were assembled across 43 African countries spanning a time range from 1995 to
2014 (Figure 2).

2.4 Database fidelity checks

Before use in modelling, the database was checked for inconsistencies and errors that could have
occurred during data entry. These data checks remained consistent with those used in previous
iterations of P. falciparum mapping by MAP and include error-checking the fields describing the
study area (area type, geographical coordinates, and urban or rural definitions) and those providing
specific information about the survey (month and year of start and end of the survey, age range of
study population, number examined and positive for P. falciparum, and diagnostic method used). Geo-
positioned locations were also checked to ensure the points fell within the borders of the country in
which the survey was conducted. Finally, spatio-temporal duplicate points (where observations were
reported in the same location within less than three months of each other and had identical counts of
both surveyed individuals and those testing positive for Pf) were removed, and pairs of survey sites
within 1km of each other were corrected to the same unique identifier if they corresponded to the

same location.
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Figure 2. Summary of geo-referenced datapoints included in modelling, stratified by country

and year.

3.0 Environmental Covariate Assembly

The environmental covariates (i.e., independent variables) used in this research consisted of raster
layers that spanned all of Africa at a 2.5 arc-minute (~5 km x 5 km) spatial resolution. The covariates
ultimately used in the PfPR model were chosen via a rigorous variable selection process that is
described in Weiss et al. 2015°. This variable selection approach began with an exhaustive literature
review that identified the key variables used within past malaria mapping endeavours. Raster datasets
matching or approximating the variables identified in the literature review were then acquired or

produced, and wherever possible dynamic versions (i.e., temporally varying products) were utilized to



support the temporal aspect of the analysis. The list of covariates examined was augmented with
The

majority of the raster covariates were derived from high temporal resolution satellite images that were

additional datasets hypothesized to affect P. falciparum vector ecology and transmission.

first gap-filled® to eliminate missing data resulting primarily from persistent cloud cover over
equatorial forests, and then aggregated to create dynamic covariates for every month throughout the

study period (2000-2015). The full set of basis covariates is shown in Table 3.

Table 3. Initial datasets explored in the variable selection process and subsequently leveraged

into a set of more than 55 million potential covariates.

Variable Class

Temperature

Temperature Suitability

Precipitation
Vegetation Vigour
Surface Wetness
Surface Brightness
IGBP Landcover
IGBP Landcover Pattern
Terrain Steepness*®
Topographically
Redistributed Water™?
Elevation

Human Population

Infrastructural
Development

Moisture Metrics

Variable(s)
Land Surface  Temperature
(daytime, night-time,  and

diurnal-flux)’

Temperature  Suitability for
Plasmodium falciparum®

Mean Annual Precipitation®
Enhanced Vegetation Index™
Tasselled Cap Wetness**
Tasselled Cap Brightness'*
Fractional Landcover'?
Landcover Patterns'?

Slope Angle & Slope Angle
Thresholds

Flow Accumulation &
Topographic Wetness Index

Digital Elevation Model**
AfriPop®® ,GRUMP, and GPW'®

Accessibility*’ to Urban Centres
and Night-time Lights
Aridity and Potential
Evapotranspiration'®

Source

MODIS Product

Modelled Product

WorldClim

MODIS Derivative

MODIS Derivative

MODIS Derivative

MODIS Derivative

MODIS Derivative

SRTM Derivatives

SRTM Derivatives

SRTM

Modelled Products

Modelled Product
and VIIRS

Modelled Products

Type

Dynamic Monthly

Dynamic Monthly

Synoptic
Dynamic Monthly
Dynamic Monthly
Dynamic Monthly
Dynamic Annual
Dynamic Annual

Static

Static

Static
Dynamic Annual

Static

Synoptic

The variable selection procedure then leveraged the set of covariates through the use of spatial and
temporal summarizations, temporal anomalies (i.e., deviations from average conditions), temporal

lags, non-linear transformations, and bivariate interactions. The result was an effective dataset size of



more than 55 million covariates, which was subsequently reduced to just 20 covariates using a
sequence of steps that maximized predictive strength, parameter stability, and stationarity, while
minimizing collinearity. The resulting covariates produced a substantial improvement over those used
in previous PfPR mapping endeavors?, as determined using out of sample validation. A secondary
goal of the variable selection process was to assess the utility of covariates for use in dynamic PfPR
models. To this end, the analysis revealed that the strongest predictor variables tended to be
interaction terms between dynamic and synoptic variables (i.e., summarized products derived from
many years’ worth of data), which suggest that the interplay between long-term, “normal” conditions

and dynamic conditions fluctuating at monthly scales is key for characterizing PfPR in Africa.

4.0 Interventions Assembly

4.1 Insecticide treated nets (ITN)

ITN use, defined as the proportion of a population sleeping under an ITN the previous night, has been
shown previously to impact malaria transmission, infection prevalence, and mortality. In this section
we describe the data and modelling protocols that are used to estimate ITN use at a 5km by 5km

resolution.

4.1.1 ITN Data acquisition and summary

We identified and obtained data for the ownership and use of insecticide treated nets from geo-located
household surveys conducted in malaria endemic Sub-Saharan African countries since 2000,
including demographic health surveys (DHS), malaria indicator surveys (MIS), multiple cluster
surveys (MICS), AIDS indicator surveys (AlS), and a malaria and anaemia prevalence survey (EA &
P). The number of ITNs, number of individuals that slept in the surveyed households the night prior to
the survey, and the number of individuals that slept under an ITN the night prior to the survey were
aggregated at the cluster and household level from 61 national surveys from 30 countries collected
from 2003 to 2014. The timing, number, and size (i.e., number of clusters and households) of the

surveys are summarised in Figure 3.
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Figure 3. Geo-referenced surveys reporting on ITN coverage included in modelling, stratified by

country and year.

4.1.2 Data processing

The DHS surveys provided information on an individual household and cluster/EA level scale.
Estimates for ITN use were calculated from the household level as the proportion of individuals
sleeping under a net (B,) out of the total number of individuals that slept in the given household (P).
Defining for a given country (c), sets of h households, and s geopositioned clusters. ITN use at a

given cluster was therefore calculated as:

2 _ Zizhes Pu,i/ (1)
use,s,t — Z

i=hes Pi

Estimates of ITN access were calculated from the household level, using the definition of access as
one net between two people'®, as the proportion of individuals with access to a net (P,) out of the total
number of individuals that slept in the given household (P;). The calculation for ITN access at a given

cluster is:



max [Yi=pes Poi» Di=nes Pi]/ 2)

A =
acest Yi=hes Pi

The max statement sets an upper bound on the number of individuals with access to the number
sleeping within the household. For both A, s and 4,5, 5 ¢ the time (t) is calculated as the average of
the sampling times in h € s. It should be noted that while A,.. s and 4,5, s are defined above as a rate

they could also be represented as binomial variables by splitting the numerator and denominator.

For both A4¢c s and A, s We aggregated data (summing the binomial counts) that fell within the same
geographical pixel and the same temporal quarter (the temporal resolution of our analysis). We found
that this aggregation did not have significant effects on the model prediction, but did help in model

fitting and computational speed due to data size reduction.

4.1.3 Modelling ITN coverage - overview

We developed a Bayesian compartmental model*®

that takes data from manufacturer, NMCP (national
malaria control program), and survey sources, and uses these data to model the volume of nets within
each country, on a per-capita-at-risk basis, through time. From these estimates of nets per-capita we
developed a truncated Poisson model to estimate indicators on ownership, including access, with very
high precision. However, we were not able to model use using the same Poisson model and therefore,
after recognizing a strong linear relationship between access and use, simply calculated use as a linear
function of access. While this linear model was good at predicting the national-level relationship
between access and use, it failed to adequately capture subnational deviations. Therefore we refined
our estimates by building accurate subnational predictions of net access, which was a more precise
method than the simpler linear model approach, and ultimately produced results that corresponded

strongly with survey estimates.

4.1.4 Model for sub-national ITN access

We first attempted to model access using a latent Gaussian model (LGM, further explained in section

5) with measurement equation:
Aacc,s,t"’ﬁxs + Zs,t +e€ (3)

where e~N(0,[6Z), X are static covariates with coefficients § and Z , is a spatio-temporal Gauss-
Markov random field (GMRF) with Matérn spatial and autoregressive temporal innovations. To avoid
potential issues of circularity in later analyses, covariates X were chosen, as those not used in the Pf

prevalence models described in section 5.

A challenge that arose in modelling ITN access through the measurement equation above was that the

spatial mean of access was extremely non-stationary and varied greatly from country to country, thus



limiting the effectiveness of the raw model. We therefore detrended our access samples using the

national means estimated previously®® (

M) . This detrending allowed the overall temporal trend (or
mean) in a given country to be correctly calibrated, and left the detrended ITN access observations
easy to model across space (through country borders) and time. Conceptually this LGM model
determined the spatial pattern of ITN access around the mean. After performing model selection based
on out-of-sample validation and information criterion (WAIC?*# and DIC?) we found that a spatial
only GMRF was preferred over the spatio-temporal model. Our final measurement equation for

modelling ITN access was therefore:

(Aacc,s,t - Ms,t)"’ﬁxs + Zs +e€ (4)

4.1.5 Model for use gap

We modelled the use gap, defined as a proportional difference - A4y ¢ = (use st = /1““'”)/ Ageest
acc,s,

using a LGM with measurement equation:
Agap,s,tNﬁXs + Zs,t +T:+e (5)

where T; is a nonparametric seasonal trend defined a quarterly intervals with zero mean Gaussian
density, and covariance Q = tR where t is the precision parameter and R is the quarterly
neighbourhood structure. Unlike our approach for access, after model selection we found that a

spatio-temporal GMRF best fitted the use gap data.

4.1.6 Model for use

As discussed in section 4.1.3, after estimating the per-pixel access and use gap, use was calculated as:

Ause,s,t = Agap,s,tlaccess,s,t + Aaccess,s,t (6)

For ease of notation we will refer to 4,5, 5 ¢ as Ag ;.
4.2 Indoor residual spraying (IRS)

The annual number of people per country protected by IRS for the years 2000 to 2013 was provided
by the World Health Organization (WHO)™. The annual IRS coverage was calculated by dividing the
number of people protected by the population at risk of malaria, as defined by the proportion of the
population at either high or low risk from the World Malaria Report 2013*. This calculation assumes
that the people protected by IRS are targeted from the population at risk of malaria. For years 2014
and 2015 we used an average of the years 2011,2012 and 2013 for each country. The resulting tabular
data was rasterised and used directly as an input into the latent Gaussian model (see section 5).



4.3 Artemisinin based combination therapy (ACT)

To estimate the annual proportion of febrile children treated with an ACT we developed a procedure
to address the sparse spatial and temporal nature of the data. We modelled the annual proportion of
febrile children treated with ACT (ACTy,p) in a country for each year as function of ACT per capita
(ACTcqyp) distributed. In this context ACT,,, was considered as proxy of drug availability in each
country. A Spearman’s correlation test was used to evaluate the correspondence between ACTc,,, and
ACTfp, and showed strong correlation (rho=0.66, p<0.01). We modelled the sparse ACT,,, data

using a LGM with a log normal likelihood (Shapiro-Wilk test, p<0.01) and measurement equation
ACTcap,c,t,er(Tt) + Cc + Rr (7)

Where c is a given country, r is a given region, t is the year, f(T;) is a nonparametric time
trend, C, are country specific random effects, and R, are region specific random effects. Regions were
defined as Eastern, Central, Western, and Central Africa (see UN, http://unstats.un.org/). We assigned

Sudan to the Western Africa group because it was the only Northern country in our dataset.

Given the strong correlation between ACT¢,, and ACTy,;,, We leveraged the information from
the model of ACT¢,, and used a second LGM to model the sparse ACTy,;, data. The measurement

equation from this second model was:
ACTfeb,c,t,r~f(ACTcap,C,t,r) + C. + R, (8)

The posterior distribution of both LGMs was estimated using a jackknife approach with 1000
iterations (leaving one data set out per iteration).

5.0 Latent Gaussian Process Model

5.1 Outline

The construction of malaria endemicity maps using model based geostatistics and/or latent Gaussian
models**? has been described in detail previously*>®. In brief, latent Gaussian modelling techniques
utilise stochastic Gaussian processes to allow for extremely flexible extensions of generalised linear
models?” while still maintaining a rigorous probabilistic framework (i.e., Bayesian inference). Given
temporally dynamic data characterizing environmental conditions (X), interventions (J), baseline
parasite rate (B), and residual structural random effects (Z), the LGM model translates discrete
survey PfPR observations into a continuous model, f(+), of prevalence through space and time. The
model is fully Bayesian and therefore combines information contained in the data (likelihood), with
uncertainty in the data generating process (prior), to yield a posterior probability distribution that

weights all the available evidence. From this continuous model we can evaluate the posterior


http://unstats.un.org/

predictive distribution by integrating over the posterior distribution with the parameter uncertainty,

resulting in a prediction that spans all of Africa at an approximate 5 km by 5 km spatial resolution.

In this section we describe the steps utilised for modelling continuous PfPR from a database
of discrete point estimates. We first describe the transformations applied to the PfPR response data to
adjust for age and for diagnostic type, and therefore assist in subsequent computation. We then
describe the hierarchical latent Gaussian model formulation used to predict PfPR, highlighting the

model specification and fitting.

5.2 Data transformations and adjustments

5.2.1 Rawdata

The PfPR dataset used in the MBG model is described in section 2. Survey cluster points from this
dataset comprised binomial response PfPR4(xs.) observations, where A is the age range of the
parasite rate observation, s is the geographical location, and t is the average time of sampling at the
household level. These binomial observations were defined as the number of P. falciparum positive

responses from a total sample at each survey location in time.

5.2.2 Age standardisation

Before these observations were used in the MBG model, age standardisation was performed®*® to
allow survey observations conducted over arbitrary ages ranges to be interpreted as prevalence

observations in the epidemiologically relevant and consistent 2-10 years age range (A = 2 — 10).

5.2.3 RDT to microscopy conversion

The majority of PfPR data are based on positivity rates determined by either microscopy or rapid
diagnostic test (RDT), and the sensitivity and specificity of these approaches are known to differ. We
have therefore developed and implemented a method to quantitatively compare and adjust RDT and
microscopy-based prevalence estimates to a common standard prior to use in mapping (Mappin et al
2014, in preparation). Briefly, the conversion method uses a Bayesian errors-in-variables approach to
acknowledge sampling error in both the dependent and independent variable with an infinite mixture

of Gaussians (i.e., a Dirichlet process mixture model®®

) adopted as a highly flexible semi-parametric
form for the unknown baseline distribution of the true RDT-derived prevalence. Our hierarchical

probit regression model thus takes the form:

nM¢ ~ Binom(p''¢, ntet) (9)

RDT - Binom(pRPT,ntoh) (10)

n i



O-1(pMC) = a + B x>~ (pRPT) (11)

o Y (pfPT) ~ N(w;, 0?)

{i,o?}(i=1,..,nP)~F (12)
F ~ DP (Go,m) (13)
a,p,0m~mn (14)

where nM'¢ represents the number of microscopy-positive counts, nfPT the number of RDT-positive

counts, nf°" the sample size, pM'¢ the (unknown) long-run microscopy measured prevalence, and
pRPT the (regressed) long-run RDT measured prevalence for each of the i = 1 ...n,,, studies in the
complete datset. Following statistical convention @(.) represents the cumulative distribution function
of the standard Gaussian, DP (Gg, m) represents the Dirichlet process with reference density Gg
(controlled by the hyper-parameters, ®), and concentration index m, while m represents a family of
priors and hyperpriors chosen for conjugacy with the upper layers. To allow Gibbs sampling of the
full posterior we extend the augmented variable method® introducing Gaussian latent variables for
each positive and negative result for each test (both RDT and microscopy) in each survey. The
capacity of the fitted model to predict the predicted microscopy prevalence from the RDT-derived
prevalence has been evaluated via leave-one-out cross-validation. The maximum a posteriori

conversion formula between RDT and microscopy so-derived was:

@~ (pM') = —0.24 + 0.95 * @~ (pRPT) (15)

5.24 Data aggregation

To assist with computation downstream we aggregated data (summing the binomial counts) that fell
within the same geographical pixel and the same temporal quarter. We found that this aggregation did
not have significant effects on the model prediction, but did help in model fitting and computational

speed due to data dimensionality reduction.

5.3 Latent Gaussian model formulation
To simplify notation and aid readability in this section we redefine PfPrg¢2_10 = Vst

Given the n transformed and adjusted g(ys:) = PfPrg;-10 response observations we use a
hierarchical LGM with covariates as environmental conditions (X, ), interventions (Js.), baseline
parasite rate (B,) and random components as iid country specific random effects (Y.), and unobserved
structural random effects (Z;,). At a set of prediction locations (x ), the model can be expressed

through the measurement equation:



g_l(xs,t) ~ﬁXs,t + ajs,t +yBs + Zs,t +Y. +te (16)

Where g(-) is the empirical logit”” and e~N(0,102) is the measurement error which is both spatially
and temporally uncorrelated. Our response variables are dichotomous random variables, for which the
canonical likelihood function is the binomial. Unfortunately models fitted here using a binomial
likelihood function grossly misspecified the posterior variance, and the posterior credible intervals did
not faithfully reflect the underlying uncertainty in the data (determined from plots of probability
integral transforms and Bayesian coverage; see section 7 below). We tried overdispersed models
(beta-binomial) and zero inflated models to correct the posterior variance, but these also failed to
produce a well-specified model. We therefore opted to use a Gaussian likelihood, where the data was

23,31

transformed through an empirical logit (g()), which produced well specified posteriors both in

terms of calibration of the variance and out of sample prediction of the mean (see section 5.2.5 part 7).

We use a Gaussian process prior on the mean of our Gaussian likelihood, parameterised as a
Gaussian Markov random field** (GMRF). This Gaussian process allowed for highly flexible
stochastic realisations, incorporation of spatio-temporal correlation, and extremely favourable

computational properties.

The hyper parameters (8) that parameterise the likelihood and GMRF prior were defined
using probability distributions thus completing the Bayesian hierarchical model formulation.

By combining the Gaussian likelihood, the GMRF prior and the parameter hyperpriors, the
hierarchical model was defined as

6~m(6) (17)
(%5 6)~Gaussian (ug o, Q;S,lt 16) (18)
(ysit|xs,t, 9)~Gaussian (Axs: + Yo, Q;S:,Ltlxs_t;e) (19)

where pg 9 = BXse + alse + ¥yBs + Y, 0 € [0,,044,8,a,7,7,k] is a vector of prior probability
distributions on the hyper parameters (see section 5.2.5 part 6 for their specification), A is a sparse

observation matrix that maps the GMRF to function evaluations at local observations, and

Ot oo =1 1/062. Where I is the identity matrix.

Given the properties of Gaussian distributions® we were able to define in closed form the

conditional distribution of predictions given the data and hyper parameters:
g_l(xs,t|YS,t' 9)~Gaussian(usjt|9 + Q;s,ltlys,t,e ATQyS,t|xs,t,6 (}’s,t - A.us,t|9)' Q;:Hys_t,e ) (20)

where Q;:tlys'tlg = st,t|9 "‘ATst,clxs,tﬁA- Equation 12 provides the conditional expectation or

mean for a prediction location given the data and hyper parameters. Given the GMRF prior the

conditional in equation 12 is also sparse®, which allows us to sample individual realisations in a



computationally efficient manner, and thereby allows for aggregations to different scales while

keeping the correct marginal variances®.

We now describe each component of the measurement equation (equation 8) in turn.

531 BX;, - The covariate component

Here X . is a matrix of 20 by n covariates intersected for each y,, observation, and g is a coefficient
vector. The selection of these covariates is described briefly in section 3 and readers are directed to

Weiss et al 2015° for a complete description.

53.2 Z,; - The spatio-temproal covariance function for structured random effects

Zs ¢ can be thought of as a state process, and is assumed to be a spatio-temporal Gaussian process that
is correlated in space by a Matérn covariance function, and in time by first order autoregressive

dynamics. The Matérn spatial component is represented through a GMRF as

WS~N(OI Qs) (21)

where the sparse precision matrix Q, is the sparse finite element solution to the stochastic partial

differential equation®, and

(k2 — 1) (2x(s)) = &(s) (22)

where A is the Laplacian, k is the spatial scale/range parameter,  controls the variance, « is the
spatial smoothness parameter (fixed at @ = 2), and &(s) is the spatial white noise process. s is defined

on a spherical manifold in Cartesian R3. For more details see Lindgren et al 2011%.

Temporal correlation is modelled by first order auto regressive dynamics as wy = ¢w;_q,
which yields the GMRF w,~N (0, Q).

Combining these two GMRFs into a joint spatio-temporal field is achieved through a
Kronecker product of the spatial and temporal precision matricies: Qs = Q; & Qs Where Q. is a
spatio-temporal precision matrix*>. The spatio-temporal GMRF prior in the measurement equation is

therefore defined as Z; ;~Gaussian(0, Qs ¢).

5.3.3 yB; - the baseline parasite rate component

The idea of evaluating the baseline parasite rate was to establish a “fundamental niche” of malaria
prevalence that characterizes the stable parasite rate across all of Africa given no interventions or
changes in environmental and socioeconomic conditions. This approach has been well established in
disease ecology literature®*®, The baseline parasite rate is crucial for estimating the change in parasite
rate through time, as the baseline parasite rate should equal the current parasite rate in the absence of

other changes (e.g., changing climatic patterns, anti-malarial interventions, or unobserved but



correlated changes). This is reflected in the measurement equation (equation 15) where the current
parasite rate at any time in space is the same as the baseline parasite rate for a given geographic

location given no change in the terms associated with temporally varying covariates (shown in red).
g_l(YS,t) ~.Bxs,t + ajs,t +yB;s + Zs,t+ Y. +e€ (23)

Given this conceptual dependency in the measurement equation, deviations of the parasite rate are
then described through the (1) environmental and socio-economic covariates, which determine
fluctuations (both seasonally and long term) through time, (2) interventions (ITN, IRS, and ACT), and
(3) unobserved yet correlated temporal and spatial patterns (determined from the spatio-temporal

covariance).

To model the baseline parasite rate B we split the entire y, . dataset, and created a subset of k
observations that occurred at spatio-temporal locations with minimal intervention coverage yet high
Pf (i.e., ITN use less than 7% and an IRS population at risk coverage less than 30%). The k subset
was then used to define a purely spatial model of PfPR that encapsulated inter- and intra-annual
environmental conditions overly many years, thus producing a model for estimating PfPR that
respects natural influences on PfPR while masking the influence of interventions. The application of
this model produced a synoptic PfPR surface that effectively serves as a counterfactual dataset for the

state of PfPR in the absence of ITN, IRS, and ACT use. The measurement equation used was:
Bs ~BXs+Zs+ € (24)

where X, are the environmental covariates for locations s in the year 2000, and Z, is a Matérn GMRF.
Out of sample validation and visual inspection showed a large degree of robustness to these thresholds

(within sensible variations).

534 als, - the interventions component

In our model we include three interventions: (a) insecticide treated bed nets (ITN,A) (b) indoor
residual spraying (IRS, &§) and (c) artemisinin based combination therapy (ACT, 7). The generation of
these three covariates that comprise the 3 x n matrix Js . is described in section 3. We will describe

the modelling of each of these terms in turn:

5.34.1 Insecticide treated bed nets (ITN,4)

For ITNs, A due to the richness of the covariate, and following from well developed mathematical

models®¥*°

we recognised that it also essential to model the dependency on A contingent on baseline
parasite rate and the underling ITN coverage. Additionally we took a moving average of 1 to describe

the long term effect of ITNs, this average was defined as a four year moving average® Aavg =

Xi=e-3A)/4.



We fitted a very large suite of candidate functions to simulations taken from OpenMalaria***

and MAPTools* and found the functional forms that both quantitatively and qualitatively best fitted
these mathematical models was found as (B¢ — B?)/la,,gCBS. Model fitting among candidate forms
was done using Bayesian regression in Stan*. This functional form had the advantage of representing
a large number of plausible curves, while being bounded appropriately at 0 and 1 and with good
statistical properties throughout the entire range.

Using this functional form we determined which set of coefficients best fit y;, data as
Atans = (B* — BSZO)AaUgl'SBS by performing a series of iterative grid searches across a fine range of

values of a, b and c, and the best model was selected based upon AIC and out of sample validation
mean squared error. Finally we used the transformed ITN data within our LGM as a linear component,
which allows (1) the functional form of the coefficients to vary within the more constrained range and

(2) for relevance detection of the ITN effect.

5.3.4.2 Indoor residual spraying (IRS, é)

As with ITNs described in 4.1, § was defined as a two year moving average 6,5 = t_16)/210
represent the long-term effects of IRS. However, while ideally the treatment of §,,, would be
represented using the same non-linear form as used for 44,4, the combination of national-level 64,4

and the lack of interpretability of the indicator (i.e., population covered) meant we used an

untransformed 6,4 in the LGM.

5.3.4.3 Artemisinin based combination therapy (ACT, n)

Due to the proportional linear effect of ACTs* on ¥s,t N0 non-linear model was needed, but as with
ITNS and IRS, ACTs were modelled through a 2 year moving average 74,4 = Ct_im)/2.

Therefore combining all transformations we defined a matrix Js; € [A¢rans) Savgr Navgl

5.3.5 Country specific random effects Y,

Country specific random effects, Y., where c € [s4,s,,..5;] and | is the number of pixels in a given
country c, were included to allow entire countries to deviate from the global mean and allow for
subtle differences of effects across country borders. These effects were distributed as iid normal

random variables as Y,~N (0, 16,).

5.3.6  Prior probability specifications

Prior probabilities on the fixed effect coefficients were specified as Normally distributed

B, a,y~Gaussian (0,1000) (25)



Prior probabilities on the Matérn range and variance parameters were distributed on a log scale using

normal distribution as:
log (t)~Gaussian (0,10) (26)
log (k)~Gaussian (0,1) (27)

The autoregressive parameter for the temporal covariance was distributed on a log transformed

proportional scale as:
log ((1+ ¢)/(1 — ¢))~Gaussian (0,0.15) (28)

The country specific random effects variance and the Gaussian likelihood variance were both

independently distributed log scale by a log gamma distribution:

1 1 s (29)
log(——|,log| — | ~Loggamma(1,5>)

Oiia O
Changes to the prior distributions did not significantly change posterior fits, and specifications using
different prior distributions produced nearly the same posterior parameter fits, thus showing a high

degree of robustness to prior specifications.

5.4  Fitting and validation of the LGM

Fitting the LGM was done using an integrated Laplace approximation (INLA) of the posterior
conducted using the R package INLA?®. Testing of the INLA algorithm was performed by
comparison on smaller subsets fitted using Hamiltonian Markov Chain Monte Carlo (HMCMC®*),

which showed almost exact correspondence.

Posterior validation was performed by calculating cross validation probability integral

transforms (PIT) and five-fold out of sample cross validation. PIT was defined as:
PIT; = [ P(Y; < PfPr;|PfPr_;,0)P(6|PfPr_;)d® (30)

The PIT in Equation 30 links actual PfPr observations relative to the percentiles of their predicted
distributions. Given a set of observations x4,..,x, with corresponding cumulative predictive
distributions F, .., F,, the empirical distribution of F; (x;), .., F,(x,) can be compared against a unit
uniform distribution. Therefore, if a sequence of predictive densities coincides with the true data
generating process the PITs will be distributed as a unit uniform distribution**. Essentially the PIT
asks the question “could the fitted model reproduce the data?” Further information on the calculation
of the PIT in the INLA framework are describe elsewhere®. It should be noted that in practice the PIT
values are not always exactly uniform, although convergence is nearly assured as the sample size

tends to infinity. Therefore, odd PIT values resulting in u-shaped, nshaped, or skewed distributions



point to a miscalibrated posterior where as those which are approximately uniform point to a well-

calibrated posterior with good Bayesian coverage.
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Figure 4. PIT values comparing the data observed values to the cumulative predictive densities.
If these two distributions match the data generating process coincides with the predictive

distributions and the resulting distribution is approximately uniform.

In addition to calculating PIT values (figure 4) which provide a rigorous evaluation of the posterior
predictive distribution we also performed conventional five-fold out of sample validation* (figure 5).
In accordance with current best practices’ we randomly partitioned our data into five non
overlapping subsets (testing sets) and ran five models on the remaining data (training sets). We then
evaluated the correlation and coefficient of determination (R-squared), the mean absolute error, and
the mean squared error. Where we had cross sectional national surveys we also compared the average

predicted parasite rate to the actual survey rate.
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Figure 5. Out of sample validation results at a point level (right) and aggregated survey level

(left). Results are displayed in logit (log odds) space as this was the space modelling was

performed over.

The correlation and coefficient of determination were 0.87 and 0.75 respectively and the mean

absolute error and mean squared error were 9% and 2% respectively. These values indicated a high

degree of out of sample predictive accuracy.

5.5 Conditional simulations

Realisations from the fitted LGM were created using the conditional distribution in Equation 12. For a

given set of joint parameters 6, € [B,@,V,7, k, §, 674, sigma2] a realization from the LGM is

evaluated from the conditional distribution as:

Angola-2007
Angola-2011

Benin-2012

Burkina Faso-2010
Burundi- 2012
Gameroon-2011
CotedIvaire.2012

Dem. Rep. of Congo-2013
Ghanz-2011

Guinea-2012

0 Kenya-2010

Liberia-2009
Liberia-2011
Madsgascar-2011
Madagascar-2013
Malani-2012
Mai-2010
Mai-2013
Mozambique-2011
Nigeria-2010
Rwranda-2008

Rweanda-2010



g_l(xs,t|ys,t: Q)k (31)

. -1 T -1
Yiera,.12) Gaussian (s 110, + Qs lys 10x A" Qysels et Vst — Abs16,)r Qrnlys o)

Qie1,.,12] !

Where | is the month, which is used to incorporate the monthly variation in the dynamic
covariates when predicting at a yearly interval t. To incorporate the temporal uncertainty, all
years were predicted simultaneously providing a full conditional realization across the entire
spatio-temporal range. In total we generated k = [1,..100] samples, each spanning the whole

spatio-temporal range

6.0 Ensemble Model for Clinical Incidence

Given the prohibitive cost of active case detection (ACD) as a means to directly monitor the clinical
incidence rate of Plasmodium falciparum malaria on large scales, recent efforts towards burden
enumeration have focussed on identifying a functional relationship between 2-10 y/o prevalence and
population-wide incidence as a means to transform cartographic prevalence surfaces to approximate

incidence maps**3°,

The latest generation of micro-simulation models, in which entomological
inoculation and the course of infection are followed stochastically at the level of individual hosts,
offer a sophisticated means to infer this relationship subject to our current epidemiological
understanding of the malaria parasite. As no consensus yet exists as to the exact model structure
required to accurately represent the observed transmission dynamics, we developed an ensemble
modelling approach to constrain the prevalence-incidence relationship with a combination of three
contemporary micro-simulation codes (OpenMalaria***, the EMOD DTK>®', and an in-house
version of the Griffin et al. model***?) fit against a purpose-built empirical dataset of 26 historic ACD

surveys covering a total of 30 unique sites across sub-Saharan Africa®.

To render the posterior calibration procedure computationally tractable, a functional
regression-based model emulator for each micro-simulation code was constructed from a library of
100,000 “noisy” (small population) simulation outputs. That is, we use the Nadaraya-Watson form**

to predict the 2-10 y/o prevalence, PfPR, ,, , and age-incidence curve, I(a), belonging to a given

input pairing of the Entomological inoculation rate (EIR) seasonality profile, E(t) , and model

parameter list, 6:

i=1[PfPRo.10, [(@)]K (d([6, E(D)];, [6, E(©O]D /M) (32)

RI6,E(O)](a) = n K@(6,E®];, [6, EDD/R)




where d(-,) represents a suitable metric distance between points in the functional input space, K(-)
denotes a positive definite weighting kernel, and h the associated bandwidth. Simulation from the
emulated posterior given our observational dataset was achieved via a pseudo-marginal MCMC
sampling scheme®® with a negative binoimal likelihood function adopted to allow for over-dispersion

in the observed incidence counts in addition to a survey-specific random effects term.

Age-, seasonality-, and treatment-structured prevalence-incidence curves were drawn from the
posterior predictive distributions of each calibrated emulator and combined into a single ensemble
model using a bespoke weighting scheme based on the M-posteriors algorithm® The latter, in which
two- and three-way agreements between calibrated models are automatically favoured, being
preferred over either Bayesian model averaging (overly prior-sensitive) or a raw uniform combination
(overly conservative) for our purposes. With the six way structuring of prevalence-incidence curves
so produced we seek to improve on the precision of our burden estimates through a stratified sampling
approach taking into account the available information concerning variations in the local demography,

transmission conditions, and standards of medical service provision across the African continent.
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