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Abstract

Background: Considerable progress towards controlling malaria has been made in Papua New Guinea through the
national malaria control programme’s free distribution of long-lasting insecticidal nets, improved diagnosis with rapid
diagnostic tests and improved access to artemisinin combination therapy. Predictive prevalence maps can help to
inform targeted interventions and monitor changes in malaria epidemiology over time as control efforts continue.
This study aims to compare the predictive performance of prevalence maps generated using Bayesian decision
network (BDN) models and multilevel logistic regression models (a type of generalized linear model, GLM) in terms of
malaria spatial risk prediction accuracy.

Methods: Multilevel logistic regression models and BDN models were developed using 2010/2011 malaria preva-
lence survey data collected from 77 randomly selected villages to determine associations of Plasmodium falciparum
and Plasmodium vivax prevalence with precipitation, temperature, elevation, slope (terrain aspect), enhanced vegeta-
tion index and distance to the coast. Predictive performance of multilevel logistic regression and BDN models were
compared by cross-validation methods.

Results: Prevalence of P falciparum, based on results obtained from GLMs was significantly associated with precipita-
tion during the 3 driest months of the year, June to August (3=0.015; 95% Cl=0.01-0.03), whereas P, vivax infection
was associated with elevation (3 = — 0.26; 95% Cl=— 0.38 to — 3.04), precipitation during the 3 driest months of the
year (3=0.01;95% Cl=—0.01-0.02) and slope (3 =0.12; 95% Cl=0.05-0.19). Compared with GLM model perfor-
mance, BDNs showed improved accuracy in prediction of the prevalence of P. falciparum (AUC=0.49 versus 0.75,
respectively) and P, vivax (AUC = 0.56 versus 0.74, respectively) on cross-validation.

Conclusions: BDNs provide a more flexible modelling framework than GLMs and may have a better predictive per-
formance when developing malaria prevalence maps due to the multiple interacting factors that drive malaria preva-
lence in different geographical areas. When developing malaria prevalence maps, BDNs may be particularly useful in
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predicting prevalence where spatial variation in climate and environmental drivers of malaria transmission exists, as is

the case in Papua New Guinea.

Background

Papua New Guinea (PNG), a Pacific island nation with a
population of over 8 million people [1], has had a steady
decline in malaria prevalence since 2004, when the national
malaria control programme was awarded a Global Fund
to Fight Aids, Malaria and Tuberculosis grant. This fund-
ing facilitated the free national distribution of long-lasting
insecticidal nets (LLINs), improved diagnosis by rapid diag-
nostic tests (RDTs) and scaling up of artemisinin-based
combination therapy (ACT) in all health facilities [2]. Con-
sequently, Plasmodium falciparum and Plasmodium vivax
prevalence in endemic areas (below 1600 m) has declined
from 3.0 to 0.8%, and from 2.0 to 0.1% between 2010/11
and 2013/14, respectively [3]. In most parts of PNG, focus
remains on controlling malaria, while a few areas such as
the Highlands and selected islands may be amenable to
sub-national elimination efforts [2, 4]. Despite this decline
in prevalence, PNG still has the highest incidence of malaria
in the Asia—Pacific Region, equal only in a global context
to the highest-burden countries in sub-Saharan Africa [5].
As of 2016/2017, prevalence of P falciparum in survey
areas <1600 m had rebounded to 4.8% and P, vivax to 2.6%
[6].

The epidemiology of malaria varies considerably across
the country and small-area spatial variation in malaria
prevalence also exists [7, 8], attributed to a range of factors
including varied uptake of interventions such as LLINSs, as
well as human behaviour and vector ecology [9, 10]. Envi-
ronmental and climate factors associated with mosquito
breeding sites and different vector dynamics, particularly
between low-lying coastal areas and the highlands, also
contribute to the variation in spatial patterns of malaria
transmission [11, 12]. In the PNG lowlands, malaria trans-
mission is perennial, with seasonal variation only in coastal
areas where rainy and dry seasons are distinguishable [13].
In highland areas, marked seasonality exists where trans-
mission is lower and unstable. In these areas, which are
prone to seasonal epidemics or outbreaks and where pop-
ulations lack acquired immunity, morbidity and mortality
can be more severe [13]. The spatial distribution of both P
Jalciparum and P. vivax spans the entire country, however
in terms of relative contribution to disease, P, falciparum is
responsible for a greater proportion of infections in most
settings [9]. There has been heterogeneity in the decline
of P, falciparum and P. vivax prevalence in PNG, however,
with a slower observed reduction in P, vivax due to trans-
mission attributed to hypnozoite reservoirs of the P. vivax
parasite [14].

Predictive prevalence maps based on spatial statistical
models examining associations between environmental
variables (often sourced using satellite remote sensing)
and disease prevalence (often measured using surveys
or surveillance data) are useful evidence-based decision
tools for allocation of resources in control programmes
[12, 15]. Spatial prevalence maps can reveal the geo-
graphical bounds of disease occurrence and variations
in disease risk, including spatial changes in prevalence in
response to control interventions [16—19]. By providing a
better understanding of the epidemiology of disease over
various spatial scales [20], they can help in the delivery
of targeted control and elimination approaches, such as
different combinations of interventions, adapted to the
varying sub-national prevalence strata. These tools are of
particular value in the context of constrained resources
and in directing interventions to communities most in
need of increased control efforts.

Predictive prevalence maps are often generated using the
results of generalized linear models (GLM) that include
environmental, demographic and intervention-related
covariates. Such models can be developed at a range of
spatial scales from global to local [21, 22]. However, chal-
lenges in using GLMs in the spatial prediction of malaria
can be posed by spatial and temporal non-stationarity
(where relationships between variables and correlation
structures vary across a study area or time period), non-
linear associations with covariates, spatial autocorrelation,
and complex interactions between covariates, including
collinearity [23]. All of these factors might limit the predic-
tive accuracy of GLM-based approaches.

In recent years, graphical model-based approaches
such as Bayesian decision networks (BDNs), have become
more ubiquitous in infectious disease risk prediction,
and used with good success [23, 24]. BDNs are graphical
representations of variables, or nodes, in a system linked
together to describe a network of interactions between
explanatory variables and the outcome of interest [21,
25]. Variables are connected via directed arcs, indicat-
ing the direction of the association, with conditional
probability tables quantify the relationship between
each variable [25-28]. Such models can capture complex
interactions of drivers of transmission and interacting
nonlinear effects, and can provide quantitative represen-
tation of uncertainty in spatial predictions [21].

BDNss have been shown to have better prediction accu-
racy for malaria at high temporal and spatial resolutions
compared with traditional methods (such as GLMs) [23],
and have become increasingly popular for modelling of
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ecological and environmental systems [27, 29]. Both pre-
dictive accuracy and the ability to demonstrate uncer-
tainty in predictions are beneficial for appropriately
allocating resources when deciding where to implement
control interventions. The objective of this paper was to
produce national prevalence maps for P. falciparum and
P vivax infection prevalence in PNG, and to compare
the predictive accuracy of GLM and BDN approaches
for generating malaria prevalence maps in a complex
environment.

Methods

Study setting

PNG is a Pacific Island nation consisting of the eastern
half of New Guinea and a collection of several large and
several hundred small islands [30]. At the last national
census of population in 2011, the population of PNG was
7,275,324 people, 25.7% of which resided in the Momase
Region, 15.1% in the Islands Region, 20.0% in the South-
ern Region and 39.2% in the Highlands Region. Consider-
able urban-rural and regional disparities exist in access
to quality healthcare, and health infrastructure varies
considerably between different regions. Poverty rates
are high, with people of lower income being at a marked
disadvantage in terms of health care access [31, 32]. Use
of LLINs among people who have access to them is high
(estimated to be approximately 78.7%) [33, 34], but access
can be restricted due to poor infrastructure and remote-
ness of villages [35].

Infection data

Data were collected as part of the national malaria indi-
cator survey (MIS) conducted in 2010 and 2011 by the
Papua New Guinea Institute of Medical Research. The
survey was conducted in 77 randomly selected villages in
17 of the 20 provinces of PNG. In each village, 30 house-
holds were randomly selected for inclusion, to reflect vil-
lage prevalence, and all present, consenting household
members over 6 months of age were included as eligible
for providing a blood sample for malaria diagnosis. Blood
samples from 10,028 eligible participants were included
in this analysis. Data collected included information on
household use of LLINSs, treatment-seeking behaviour
relating to recent febrile illness, and parasite infection
and species diagnosed by double-read light microscopy
using capillary blood samples. Symptomatic survey par-
ticipants were also tested by malaria RDT and, if posi-
tive, first-line antimalarial treatment was provided free of
charge [3]. Village GPS coordinates and elevation above
sea level were also recorded, and village-level point prev-
alence of P falciparum and P vivax were determined,
using a Bernoulli distribution, based on light microscopy
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results. More detailed methods and results have been
published elsewhere [3].

Data on the physical environment

Average monthly precipitation and temperature data,
aggregated over a 50-year period from 1950 to 2000, at
1 km? resolution, were downloaded from the World-
Clim website [36]. Elevation and slope (terrain aspect)
data were extracted from a global digital elevation
model (GDEM) obtained from the National Aeronaut-
ics and Space Administration (NASA) online repository
of remote sensing image data, collected by the Advanced
Spaceborne Thermal Emission and Reflection Radiom-
eter (ASTER) aboard the Terra satellite [37]. Enhanced
vegetation index (EVI) data were derived from the
remote sensing images collected by the Moderate Reso-
lution Imaging Spectroradiometer (MODIS), also aboard
Terra. Distance to the coast was calculated using geo-
graphic information system (GIS) software by defining a
coastline polygon and calculating the Euclidean distance
from each cell on the map to the coast. All covariate data
processing was carried out using ArcGIS software ver-
sion 10.3 (ESRI, Redlands, California).

Univariate analysis and variable selection

Maps of observed P falciparum (Fig. 1) and P vivax
(Fig. 2) prevalence across the 77 surveyed villages in PNG
were generated in ArcGIS and overlain with climate and
environmental raster layers. Median values for tempera-
ture during the 3 hottest and coldest months (December
to February, and June to August, respectively), precipi-
tation during the wettest and driest 3 months (January
to March, and June to August, respectively), EVI corre-
sponding to the hottest and wettest (January) and cold-
est and driest (July) months of the year, slope (or terrain
aspect), and elevation data were extracted to 5 km and
10 km buffer zones around the centre point of each
survey village location (Fig. 3). The Euclidean distance
from each village centroid point to the coastline of PNG
was also calculated and values extracted. All data man-
agement and extraction was carried out using ArcGIS
software.

Bivariate associations of P falciparum and P vivax
prevalence with environmental and climate data
extracted to both 5 km and 10 km buffer zone were
determined by logistic regression analyses that accounted
for clustering at the village level. Variables were selected
for inclusion in further analyses based on a p-value of
<0.05 and lowest value of the Akaike Information Cri-
terion (AIC). Collinearity of explanatory variables was
assessed using a tolerance cut point of <0.02 and vari-
ance inflation factor (VIF) cut-off value of >5. The only
variables found to exhibit collinearity were temperature
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Fig. 2 Plasmodium vivax prevalence among 77 survey villages in Papua New Guinea, 2010/2011

and elevation and the most appropriate variables for
inclusion in multivariate regression models were selected

on the basis of the lowest AIC value. All bivariate and  Station, Texas).

multivariate regression analyses were carried out using
Stata statistical software version 14 (StataCorp, College
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were values for January aggregated over 50 years from 1950 to 2000

Multivariable generalized linear models village (survey data included information on owner-
Multilevel mixed-effects logistic regression models ship of any type of net and of LLIN), age, gender, wealth
were developed for P falciparum and P vivax using quintile (the calculation of which has been described
selected variables. Proportion of bed net use in each elsewhere [33]) and annual quarter during which the
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survey was carried out were included in the models to
adjust for confounding of associations with environ-
mental variables. Separate multivariable models were
built for each Plasmodium species and final models
were selected based on the lowest AIC value. Semivari-
ograms of the regression model residuals were plotted
using the R open source software version 3.2.2 (R Foun-
dation for Statistical Computing, Vienna, Austria) in
order to identify spatial autocorrelation. As there was
no evidence of spatial autocorrelation from the semi-
variograms fitted to the residuals of a multivariable
fixed-effects model, we were unable to fit spatial GLMs
using model-based geostatistics. Spatially-explicit
GLMs were therefore not developed further. Multivari-
able models for each parasite species were also devel-
oped specific to each of the four geographic regions of
PNG to examine the complexity of drivers of malaria
transmission in PNG. Due to small sample numbers
retained by disaggregating the national survey dataset
by region, the results of these models are not presented
here. The different drivers of malaria transmission
observed between these models, however, informed
the inclusion of the regional variable in BDN models to
account for this complexity.

Spatial prevalence prediction and generation
of prevalence maps using generalized linear modelling
results
Spatial prevalence predictions were made, using environ-
mental and climate fixed effects only, by multiplying values
for each cell of the environmental variable raster layers in
the model by the corresponding covariate coefficient from
the multilevel regression models, adjusted for confound-
ing variables described above. The resulting raster layer
values were summed (together with the intercept) and the
logit back-transformation calculated using the map algebra
tool in ArcGIS. Although not all variables in P, falciparum
and P, vivax multilevel mixed-effects models were found to
be significant upon regression analysis, all were retained
for generation of predicted prevalence maps so as not to
exclude any potential explanatory data.

The equations for spatial prevalence prediction (p) in
each location (i) of P, falciparum and P, vivax are as follows:
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Bayesian decision network models

A BDN model structured based on the biological assump-
tions underlying malaria transmission in PNG, and asso-
ciations with ecological covariates obtained upon initial
univariate analysis, were compiled using Netica software
version 5.24 (Norsys Software Corp., Vancouver, Canada)
and the bnlearn package [38] in R statistical software. The
variables found to have strongest associations with the out-
come, based on AIC criterion, were placed closest to the
parent node and sensitivity to findings analyses were con-
ducted in Netica software to verify appropriate positioning
of variables in the network. Sensitivity to findings analysis
verifies which nodes in the model are most informative
in making predictions for the outcome of interest. Quan-
tile, Hartemink and equal interval methods were explored
for discretization of continuous predictor variables in the
model in R software. The equal interval method of discre-
tization was found to be the optimal discretization meth-
odology for the models used here.

Conditional probability tables (CPTs) were generated
to quantify the relationships between explanatory vari-
ables and the outcome variable. CPTs and predicted prob-
ability of the outcome [39] were based on data entered
into the model and a priori beliefs were updated through
belief propagation using Bayes’ Theorem (posterior =like-
lihood * prior/probability of evidence) [25, 28]. A priori
beliefs relate to the logical structure of explanatory nodes
in the BDN model and a priori probabilities are updated
as new knowledge about the systems is obtained (obser-
vational data on which the model is learned and CPTs are
produced) making them posterior beliefs [40].

Spatial prevalence prediction and generation

of prevalence maps using Bayesian decision network
model results

Predicted P falciparum and P vivax prevalence were
determined according to CPTs from the BDN model and
predictions were made for each spatial point on a con-
tinuous gridded vector layer of environmental and cli-
mate measures for PNG using the bnspatial package in R
open source statistical software. The spatial distributions
of these predicted probabilities were plotted in ArcGIS
and the resulting gridded point maps smoothed using the

P. falciparum : logit (p;) = —59.467 — 0.01 * Enhanced vegetation index in July;

— 0.073 * Distance to coast; + 4.77 * Maximum temperature (December to February)

i

— 0.09 * Maximum temperature (December to February)2 + 0.01 * Precipitation (June to August)

i i

P.vivax : logit(p;) = —5.941 4 0.04 * Enhanced vegetation index(]anuary)i—l.% x Distance to coast;

—0.26 * Elevation; + 0.01 x Precipitation (June to August)i + 0.12 * Slope;
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inverse weighting function. Maps showing degree of spatial
entropy representing uncertainty for both models were also
produced in the bnspatial package.

Model validation

The predictive accuracy of GLM and BDN P, falciparum
and P. vivax models was assessed using Receiver oper-
ating characteristic (ROC) curves and Area under the
curve (AUC) values obtained using predicted prevalence
(p,) values against observed adjusted village level preva-
lence values. For GLM validation, observed prevalence
values were adjusted for age, gender, wealth quintile, bed
net use and season during which the surveys were cal-
culated using the dstdize command in Stata statistical
software. Cross validation was carried out by defining
four randomly selected training and test dataset subsets.
Training data subsets represented 75% of the full data-
set, with the remaining 25% of the full dataset retained as
test data subsets. Models were run on training datasets,
and predictions made for the remaining 25% test dataset.
Observed and predicted values made for each randomly
selected training and test dataset were then combined,
and model prediction accuracy was determined by gen-
erating ROC curves and AUC values of predicted values
versus observed prevalence values. The spatial pattern
of entropy, or uncertainty in prevalence prediction, was
examined by generating maps of Shannon index values
using the bnspatial package in R open source statistical
software.

Results

Demographics

The 10,028 survey participants from 77 randomly
selected villages included a slightly higher proportion of
female than male participants (52.74%), with the largest
proportion of participants in the >18 year-old age cat-
egory (51.26%) compared with 17.69% of participants
in the <5 year-old age category. Below an altitude of
1600 m, where historically malaria has been endemic in
PNG (3, 13], P falciparum prevalence, as determined
by microscopy, (2.75%; 95% CI 2.45-3.09%) was slightly
higher than P vivax prevalence (2.05%; 95% CI 1.79-
2.35%; Tablel). The highest observed village-level preva-
lence of P, falciparum and P. vivax were 27.6% and 15.8%,
respectively.

Geographically, the highest prevalence of both P. fal-
ciparum (Fig. 1) and P. vivax (Fig. 2) were observed in
the islands of East New Britain and New Ireland, the
north coast and on the Papuan Peninsula in the east of
the country. Prevalence of P falciparum and P. vivax
was not ascertained for the Eastern Highlands, West
New Britain and the Autonomous Region of Bougain-
ville, however, as the 2010/2011 survey did not include
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Table 1. 2010/2011 national malaria control intervention and
prevalence of parasitaemia household survey results

Variable N (%)
P, falciparum < 1600 m 276 (2.75)
P vivax< 1600 m 206 (2.05)
Gender
Female 5271 (52.74)
Male 4723 (47.26)
Age (years)
0-5 1772 (17.69)
6-18 3111 (31.05)
19-99 5136 (51.26)
Bed net use
No 4660 (46.47)
Yes 5368 (53.53)

Plasmodium falciparum and Plasmodium vivax prevalence determined by
microscopy among 10,028 individuals surveyed in the 2010/2011 national
malaria control intervention and prevalence of parasitaemia household survey

data points for these areas. Overall, 53.53% of partici-
pants reported bed net use, which included LLIN and
use of any net type, with village-level net use ranging
from 8.47 to 93.7%. Further details pertaining to the
demographics associated with infections within both
malaria species are described elsewhere [3].

Generalized linear models

Among the environmental predictor variables, P fal-
ciparum was found only to be significantly associ-
ated with precipitation during the 3 driest months of
the year, June to August (8=0.015; 95% CI=0.01-
0.03; Table 2), whereas P vivax infection at village
level was associated with elevation (f=—0.26; 95%
CI=-0.38 to —3.04), precipitation during the 3 dri-
est months of the year (§=0.01; 95% CI=0.01-0.02)
and slope (5=0.12; 95% CI=0.05-0.19). In terms of
demographics, highest wealth quintile was negatively
associated with P falciparum prevalence (= —0.89;
95% CI=—1.62 to —0.016), as was age, with partici-
pants aged between 5 and 18 years (5=—0.33; 95%
CI=-0.53 to —0.12), and adults over 18 years of
age (f=—1.27; 95% CI=—1.62 to —0.92) at lower
prevalence compared with children under five. P fal-
ciparum prevalence was also associated with season
during which the survey was conducted, with a higher
prevalence between March and May (f=1.11; 95%
CI=0.33-1.88) compared with November to February.
P, vivax was associated with age, with lowest prevalence
among the participants over 18 years of age (= — 1.55;
95% CI=—2.08 to — 1.02).
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Table 2 Results of generalized linear multivariable regression models exploring associations of Plasmodium falciparum and
Plasmodium vivax prevalence with climate and environmental covariates

P. falciparum

P. vivax

Variable

B (95% Cl)

Variable

B (95% Cl)

Enhanced Vegetation Index Jan
Distance to the coast

Tmax Dec to Feb (hottest)

Tmax sq

Precipitation Jun to Aug (driest)
Proportion of bednet use per village
Female

Wealth quintile 2

Wealth quintile 3

Wealth quintile 4

Wealth quintile 5

Age>5-18

Age>18+

Season Mar-May

Season Jun-Aug

—0.01 (—0.07 t0 0.06)
—0.73(=273100.77)
4.77 (—=1.10t09.97)
—0.09(—0.19t00.02)
0.01 (0.01 to 0.03)

091 (=0.23t02.11)
—0.14 (=037 10 0.09)
0.30(=0.151t0 0.75)
—0.06 (—0.57 t0 045)
—0.36 (—0.83 10 0.09)
—0.89(—1.62to —0.16)
—0.33(—0.53to0 —0.12)
—1.27 (- 1.62to —0.92)
1.11(0.33 to 1.88)

0.74 (=0.11t0 1.59)

Enhanced vegetation Index Jan
Distance to the coast

Elevation

Precipitation Jun to Aug (driest)
Slope

Proportion of bednet use per village
Female

Wealth quintile 2

Wealth quintile 3

Wealth quintile 4

Wealth quintile 5

Age>5-18

Age>18+

0.04 (= 0.02 t0 0.09)

1.33 (= 0.01 t0 2.98)
—0.26 (—0.38 to —3.04)
0.01 (0.01 to 0.02)
0.12(0.05 t0 0.19)
—045(—1.781t00.88)
—0.04 (—0.401t00.31)
—0.06 (—0.39t0 0.50)
0.16 (— 041 10 0.74)
—024(-0811t0033)
—0.79(=1.57t0 —0.15)
—0.67 (—1.10 to — 0.25)
—1.55(—2.08 to — 1.02)

Covariates highlighted in bold are representative of covariates found to be significantly associated with the outcome variable upon generalised linear modelling

Bayesian decision network models

BDNs for both P. falciparum (Fig. 4) and P. vivax (Fig. 5)
were structured with EVI, region and distance to the
coastline variables positioned with arcs directly related

to disease prevalence, as these variables were found to
be the strongest predictors of both P. falciparum and P
vivax prevalence. Spatial prevalence maps showing the
predicted distribution of P. falciparum (Fig. 6) based on

Elevation

2810 400 49.0
400t0 2597 51.0

869 790

4

Temperature (min) June to August

Precipitation June to August

110215 416 - | 1t0 143 499
215t024 58.4 jmmm— | 14310962 50.1
18£6.9 315+29

N,/

Enhanced Vegetation Index July

01051 51.0 jum— |
511078 49.0 jumm |

446+23

Region i Distance to Coast
Southern  43.8 0t00.025  45.6 jmm
Momase  37.0 jum 0.025t025 544
Islands 191 jm; - : o
175+0.75 DER 2082

Plasmodium falciparum

1
0

334
96.7

0.0334+0.18 |

Fig. 4 Bayesian decision network showing associations of environmental variables with Plasmodium falciparum prevalence in PNG
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Fig. 5 Bayesian decision network showing associations of environmental variables with Plasmodium vivax prevalence in PNG
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Fig. 6 Predicted spatial distribution of Plasmodium falciparum in Papua New Guinea based on BDN model results
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the results of the BDN models predict the prevalence
of P. falciparum prevalence to be highest in the Islands
Region provinces of PNG, New Ireland and New Britain
(0.03 to 0.12), consistent with the results of the observed
prevalence in the national malaria household survey.
Consistent with observed prevalence, a higher predicted
P. falciparum prevalence was also seen along the north-
ern coast in the provinces of Sandaun, East Sepik and
Madang (0.03 to 0.12), relative to the Highlands Region
and south coast of PNG.

Average P, falciparum predicted prevalence was lower
in the Highlands Region provinces (0.001 to 0.03), along
the south coast (0.001 to 0.03), where population density
is sparser, and in Milne bay (0.001 to 0.03). The predicted
prevalence of P vivax (Fig. 7) was also highest in the
islands, ranging from 0.01 to 0.08. The highest predicted
prevalence of P vivax prevalence was observed along
the north coast (0.03 to 0.08) consistent with highest
observed prevalence (3.0% and 6.0%). Predicted P. vivax
prevalence was lowest along the south coast (0.00 to 0.03)
and in the Highlands Region (0.00 to 0.03), similar to pat-
terns observed for P, falciparum.

Model validation

Multivariable, multilevel GLMs were found to have good
predictive performance using models run on training
datasets (2. falciparum AUC=0.83, P. vivax AUC=0.87;
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Table 3 Area under the curve values for GLM and BDN models

AUC values

P. falciparum P. vivax

GLMvillage  Training Test dataset Training Test dataset
level cross- dataset dataset
validation () g3 049 0.87 0.56
AUC values

BDN village  Training Test dataset Training Test dataset
level cross- dataset dataset
validation (74 075 0.74 0.76
AUC values

Area under the curve (AUC) results of Receiver Operating Characteristic (ROC)
cross validation for generalised linear regression (GLM) models and Bayesian
decision network (BDN) models

Table 3, Figs. 8 and 9). Predictions made on test data-
sets however exhibited unsatisfactory agreement for P
falciparum and P. vivax, with the predicted prevalence
not performing much better than random allocation of
status (P falciparum AUC=0.49, P vivax AUC=0.56).
Predictions made from BDN models run using train-
ing datasets exhibited slightly poorer prediction accu-
racy compared with GLMS (2 falciparum AUC=0.74,
P vivax AUC=0.74; Figs. 10 and 11). Predictions made
on test datasets using BDN models run on training data-
sets, however, were found to have improved accuracy

Fig. 7 Predicted spatial distribution of Plasmodium vivax in Papua New Guinea based on BDN model results

BDN P. vivax
predicted prevalence

B 0.00-0.01
[Joo1-003
[ Joo03-0.04
0.04-0.06

B 0.05-008




Cleary et al. Malar J (2021) 20:269

Page 11 of 16

P. falciparum training dataset

1.0

Sensitivity
02 04 06 08

0.0

I I I | | I
10 08 06 04 02 00

AUC =0.83  Specificity

P. falciparum test dataset

(=4
e
@ _|
o
= o _|
=2 ©
=
w
c < _|
QO O
()]
N
S 4
o
o

| | | I I I
10 08 06 04 02 0.0

AUC=0.49 Specificity

Fig. 8 Receiver operating curves showing predictive performance of Plasmodium falciparum GLMs

P. vivax training dataset
e
®©
g
2 o
= o 7]
@
S ¥ 4
S °©
o~
S -
e ]
C T T T T
10 08 06 04 02 00
AUC=0.87  Specificity
Fig. 9 Receiver operating curves showing predictive performance of Plasmodium vivax GLMs

P. vivax test dataset

Q]
«© _]
o
£ ©
= o 7|
@
S S
) o
N
o
o _|
e T T T T T T
10 08 06 04 02 00
AUC =0.56 Specificity

compared with GLMs (2. falciparum AUC=0.75, P. vivax
AUC=0.76) and good agreement between predictions
made on training and test datasets. The spatial pattern of
entropy, determined by Shannon index values, had a sim-
ilar distribution to the spatial distribution of highest pre-
dicted prevalence of P. falciparum (Fig. 12) and P. vivax
(Fig. 13), reflecting higher standard errors for higher pre-
dicted prevalence.

Discussion

This study showed that BDN models provided improved
accuracy in the spatial prediction of malaria in PNG com-
pared with the more commonly used GLM approach. The
reasons for this improvement in predictive accuracy may

lie in the ability of BDN models to retain collinear vari-
ables thus utilizing more information for model predic-
tions. Also, the ability of BDNs to incorporate complex
interactions between explanatory variables in the model
enables links between all variables (both explanatory and
outcome), rather than only defining associations between
each explanatory variable and the outcome indepen-
dently [41]. The findings presented here are consistent
with other studies which have shown improved accuracy
in the prediction of malaria parasitaemia using BDNs
[42], in modelling the complex interactions of leptospi-
rosis transmission in Fiji [24] and in assessing the preva-
lence of Murray Valley encephalitis in Western Australia
[43].
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The predicted spatial distribution of P. falciparum and
P, vivax were found to correspond with observed prev-
alence determined from a national survey of malaria
prevalence in PNG and with environmental covariates
well established as drivers of malaria transmission. Plas-
modium falciparum predicted prevalence was found to
be highest along the northern coast of PNG in Sandaun,
East Sepik and Madang provinces, which is consistent
with higher average annual temperatures and precipita-
tion observed in these provinces. A lower P. falciparum
predicted prevalence observed in Morobe and along

the southern coast also corresponded to lower aver-
age annual temperatures and rainfall, as well as to lower
population density [44]. The Western Highlands prov-
ince, Chimbu, Enga, and the Islands provinces of New
Britain and New Ireland had a higher predicted P. falci-
parum predominance, which is consistent with a higher
observed prevalence determined from survey results
(Fig. 1). Predicted prevalence in West New Britain was
found to be slightly lower than in East New Britain,
where elevation and vegetation index values are lower.
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Fig. 13 Spatial distribution of Shannon Index measure of entropy or uncertainty for predicted prevalence of Plasmodium vivax using Bayesian
decision network model
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The predicted spatial distribution of P. vivax was found
to have a similar distribution pattern to P falciparum
predicted prevalence. A higher P vivax predicted prev-
alence was observed along the north coast and in the
Islands provinces of East and West New Britain, New Ire-
land and Manus Island. These results are consistent with
survey results which found higher prevalence of P. vivax
malaria on the northern PNG coast, as well as in the
outer islands. The higher predicted prevalence in these
provinces also corresponds to higher average tempera-
ture, EVI and population density, and with lower eleva-
tion. A lower predicted P, vivax prevalence was observed
along the southern coastline, and in the highlands, fol-
lowing a similar distribution to P, falciparum malaria and
to observed prevalence determined by survey results.
Plasmodium vivax prevalence was also predicted to be
lower in Milne Bay and Central province, however, which
is contradictory to survey findings.

Drivers of malaria transmission across PNG vary spa-
tially and, therefore, a single, stationary model of envi-
ronmental and climate predictors (such as the multilevel
GLM presented here) was not found to be appropriate
for spatial prediction of malaria prevalence. For example,
while temperature may be a significant driver of trans-
mission in the lowlands or coastal areas, altitude may be
a better predictor of malaria prevalence in the highlands.
Using BDN models therefore allows for improved accu-
racy in the spatial predictions of malaria prevalence to be
determined where non-stationarity in drivers of trans-
mission exists. This lies in the ability of these models to
generate predictions based on complex interactions of
environmental covariates associated with infectious dis-
ease transmission. An additional benefit of BDNS is that
they can be used to predict malaria prevalence under
defined scenarios and specific parameters of explanatory
variables in the model, for example under highest range
of temperature and precipitation values. This may be use-
ful for predicting the spatial distribution of malaria under
future climate and environmental scenarios, or for incor-
porating variables to predict disease distribution associ-
ated with the effects of control interventions.

The visual nature of BDNs in presenting graphical
interactions of environmental covariates associated with
infectious disease transmission lend themselves to being
easily interpretable in population health communica-
tion and in demonstrating different explanations of the
outcome [28, 43]. In Vietnam, for example, BDNs have
been used for communication of mitigation and public
health strategies to farmers on complex interactions of
various factors involved in small-scale agriculture which
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can impact levels of Escherichia coli in drinking water
[45]. In PNG, evidence suggests that a perception of low
prevalence of malaria and/or absence of mosquitoes are
barriers to high coverage of LLIN use [33, 34]. In educa-
tion and behavioural change programmes, the improved
visualization of novel tools such as BDNs showing how
prevalence may vary between populations may improve
coverage and uptake of vector control interventions by
assisting programmes to target information [34, 46].

The inherent ability of BDN models to represent the
reliability of prevalence maps associated with uncertainty
in spatial prevalence prediction can be of particular ben-
efit in communicating information to national control
programmes [15, 46, 47]. Malaria control programmes
need to ensure that disease prevention and control inter-
ventions are delivered to areas where prevalence is high-
est, and being able to visually represent the accuracy of
prevalence maps can help guide decisions about efficient
and cost-effective targeting of vector control interven-
tions [48]. Spatial prevalence maps such as these can be a
useful tool for stratifying a country according to malaria
prevalence for designing sub-national control and elimi-
nation approaches [4]. Generating spatial prevalence
maps using the results of models from which we can rep-
resent this uncertainty in predictions, as well as carrying
out cross validation on model predictions, make BDN
models valuable epidemiological tools for guiding inter-
ventions and surveillance [49].

Some limitations are inherent in the work we have pre-
sented here. Plasmodium vivax may present a particular
challenge to malaria control programmes due to the high
number of infections in PNG attributed to recrudescence
[50] and underestimation of prevalence by surveys which
only measure blood-stage infections [14]. The high recru-
descence rate complicates the development of ecologi-
cal models of transmission due to introducing a source
of error in estimating covariate effects, and may limit
the prediction accuracy of modelling approaches such
as those utilized here. In addition to this, using the BDN
approach demonstrated here, explanatory variables with
continuous data must first be discretized before being
used in models, leading to a potential loss of informa-
tion and subjective decisions regarding the discretiza-
tion threshold [28]. Random Forest or classification tree
modelling approaches which do not require data dis-
cretization could be explored as alternatives for future
malaria modelling work. Lastly, the approach described
in this paper did not incorporate spatial autocorrelation
in the models which would make them unsuitable for
data in which there is spatial dependency [23]. Future
development of BDN modelling methodologies allowing
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incorporation of data in which spatial dependency exists
may be needed in order to accommodate this issue.

Conclusions

Generating predictive prevalence maps of malaria in
large geographic areas in which spatial non-stationar-
ity exists in associations between explanatory variables
and the outcome of interest poses challenges to con-
ventional statistical methods such as GLMs. Utilizing
novel modelling approaches such as BDNs may help
to overcome such challenges and improve the accu-
racy of spatial predictions for targeted interventions
and informing control and elimination programmes.
Results obtained from the comparative analysis carried
out here, examining the predictive accuracy of BDNs
and GLMs found BDNs to perform better in terms of
predictive accuracy for malaria in PNG. Future direc-
tions may include adapting models to incorporate
temporal data to examine spatiotemporal patterns in
malaria transmission dynamics, and in incorporating
data in which spatial dependency is evident.
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