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ABSTRACT

Background: Reliable survelllance systems are essential for identifying disease outbreaks and
allocating resources to ensure universal access to diagnostics and treatment for endemic diseases. Yet,
most countries with high disease burdens rely entirely on facility-based passive surveillance systems,
which miss the vast mgjority of cases in rural settings with low access to health care. Thisis especialy
true for malaria, for which the World Health Organization estimates that routine surveillance detects
only 14% of global cases. The goal of this study was to estimate the unobserved burden of malaria
missed by routine passive surveillance in a rural district of Madagascar to produce realistic incidence
estimates across space and time, less sensitive to heterogeneous health care access.

Methods: We use a geographically explicit dataset of the 73,022 malaria cases confirmed at health
centers in the Ifanadiana District in Madagascar from 2014 to 2017. Malaria incidence was adjusted to
account for underreporting due to stock-outs of rapid diagnostic tests and variable access to healthcare.
A benchmark multiplier was combined with a health care utilization index obtained from statistical
models of non-malaria patients. Variations to the multiplier and several strategies for pooling
neighboring communities together were explored to allow for fine-tuning of the final estimates. Separate
analyses were carried out for individuals of al ages and for children under five. Cross-validation criteria
were developed based on overall incidence, trends in financial and geographical access to health care,
and consistency with geographic distribution in a district-representative cohort. The most plausible sets
of estimates were then identified based on these criteria

Results: Passive surveillance was estimated to have missed about 4 in every 5 malaria cases among all
individuals and 2 out of every 3 cases among children under five. Adjusted malaria estimates were less
biased by differences in populations' financial and geographic access to care. Average adjusted monthly
malaria incidence was nearly four times higher during the high transmission season than during the low
transmission season. Geographic distribution in the adjusted dataset revealed high transmission clusters
in low elevation areas in the northeast and southeast of the district that were stable across seasons and
transmission years.

Conclusions: Understanding local disease dynamics from routine passive surveillance data can be a key
step towards achieving universal access to diagnostics and treatment. Methods presented here could be
scaled-up thanks to the increasing availability of e-health disease surveillance platforms for malaria and
other diseases across the devel oping world.
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BACKGROUND

The lack of big data analytics in global health care delivery represents an enormous gap preventing
progress toward universal health coverage'. The realm of infectious diseases is a prime target for the
application of these methods, as increasingly available spatial and tempora information can be
harnessed in combination with epidemiological models to produce precise estimates of disease
burdens**. The most common data sources used to understand burdens of endemic diseases are routine
facility-based health management information systems (HMIS) and household surveys. HMIS data have
some degree of clinical and temporal granularity and are useful for health planning, but do not provide
accurate information on disease burdens because they are only representative of those who access health
care. In comparison, nationally representative household surveys (e.g. Demographic and Health
Surveys) are heavily relied on for tracking development targets and establishing control priorities, but
their data are clinically and spatio-temporally coarse (they are collected every 5 years, in samples that
are representative of large regions), and involve limited diagnostic tests. Designated surveillance sites
can add high quality data in particular locations, but are expensive and not scalable for localized
planning. The prevailing approach for bridging this space is in the form of precison health mapping,
where health outputs from coarse epidemiological data are fit from much more granular geospatial
environmental data*®. Though this approach produces projections at fine spatio-temporal scales over
large geographic areas, these cannot be used by district managers for local planning due to limited
accuracy. This represents a significant missed opportunity, because health systems are sitting on
enormous quantities of granular data that could be used for local disease control if systematic biasesin
these data could be addressed.

Malaria is a good example of the challenges and opportunities in the use of health system data for
disease control. Despite being preventable and treatable, malaria continues to cause an estimated 228
million cases and 405,000 deaths worldwide each year *. Widespread implementation of malaria control
measures such as insecticide-treated bed net distribution and indoor residual spraying has resulted in a
stead%/ decrease of global incidence, but this trend has recently slowed and even reversed in some
areas™. Universal access to rapid diagnosis and treatment is a key strategy to reduce the burden of
malaria, but access to health care remains stubbornly low in rural areas of Sub-Saharan Africa where
most of the burden accumulates’. In 2017, only one third of African children with fever were brought to
amedical provider. Thus, a substantial number of malaria cases were not diagnosed, treated, or included
in surveillance statistics’. This could be worsened under the current COVID-19 pandemic, which is
disrupting supply chains, community health and outreach activities, and could further undermine access
to health facilities due to the stigma associated with COVID-19'%*,

Survelllance is critical for both disease control and elimination, and has become one of the three pillars
of the Global Technical Strategy for Malaria 2016-2030*2. Most malaria control programs rely on
passive surveillance systems via case detection at health facilities. Y et, passive surveillance is known to
grossly underestimate the incidence of malaria>*® because only symptomatic patients who seek care at
health facilities are recorded. In 2012, the World Health Organization estimated that only 14% of
malaria cases worldwide were detected with routine surveillance'’. Even in countries committed to
malaria elimination, nearly two thirds of cases are missed by national surveillance systems'®. Passive
survelllance is especially unsuited to estimate local malaria burdens for remote populations in rural
areas, as hedth centers are sparsely distributed and health care utilization tends to decrease
exponentially as distance to a health facility increases ***% Active surveillance can enhance case
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detection, but its application remains limited to near-elimination areas due to resource constraints>.
Thus, innovations are needed to improve the use of passive surveillance data in high transmission areas
in order to increase the ability of local control programs to track disease dynamics within a health
digtrict, efficiently deploy resources, and target interventions to high-risk populations.

Implementation of such methods could be particularly important in Madagascar, one of the poorest
countries in the world with one of the least-funded health systems®*®. Malaria remains one of the
leading causes of mortality in the island®, with 22.4 of its 25.6 million people living in areas with high
transmission®’. Madagascar is one of only seven countries in the world where malaria incidence and
mortality rates increased by more than 20% in 2015 compared to 2010 levels. Between 2016 and 2017,
the country saw an increase of more than half a million cases®. Yet, during that time, only 15.5% of
children with reported fever had an RDT done and only 10.1% were treated with an antimalarial®.
Access to healthcare is particularly low in rural areas of the country, where over three quarters of the
population live®™. In 2014, the Ministry of Health (MoH) partnered with the healthcare NGO PIVOT to
strengthen the rural health district of Ifanadiana, located in southeastern Madagascar where malaria
transmission is highest™, to serve as a model health system for the country. In support of local malaria
control efforts, the goal of this study was to estimate the burden of malaria missed by routine passive
surveillance to help produce more realistic estimates of malaria incidence across space and time, less
sensitive to changes in health care access. For this, we used a geographically-explicit patient dataset
from the digtrict’ s health centers and we adjusted malaria estimates following a detailed characterization
of health care utilization drivers in non-malaria patients.
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METHODS

Study site

Ifanadianais arural district located in the Vatovavy-Fitovinany region in Madagascar. According to the
MoH, Ifanadiana contained approximately 195,000 people in 2015, the vast majority of whom subsist on
agriculture (84.8%) #3*2, The district is divided into 13 communes (subdivisions with approximately
15,000 people each), which are further divided into 195 Fokontany (the smallest administrative unit,
containing one or several villages). Ifanadiana has one reference hospital, one major public health center
(CSB2) in each of its 13 communes, and six additional basic health centers (CSB1) in the larger
communes (Figure 1). Passive malaria surveillance is continuously conducted at all of the 19 public
health centers throughout the Ifanadiana Digtrict, aggregated from routine health registries of clinical
patients.

In 2014, a baseline study indicated that Ifanadiana had some of the highest poverty rates and worst
health indicators in Madagascar. Nearly three fourths of the population lived in extreme poverty. The
mortality rate for children under five was 145 deaths per 1000 live births, more than double the national
estimate of 62 per 1000%"3. Malaria prevalence in the area where the district is located is the highest in
the country, with prevalence ranging from 6 to 18%. While more than a third of children under fivein
Ifanadiana had reported fever in the previous two weeks, only 42% were taken to a health center®. Low
access to health care was strongly associated with substantial financial and geographic barriers®. For
instance, only one fourth of the population lives within an hour's travel of a health center®*,

Since 2014, PIVOT has supported the public health system of Ifanadiana at all levels (hospital, health
centers and community health workers) guided by the WHO framework for health system
strengthening®. The intervention initially covered approximately one third of the district’s population.
In these areas, PIVOT has helped remove financial barriers to care; improved readiness at health
facilities, which includes personnel (quantity of staff and training), supply chain (equipment and
consumable), infrastructure, and health management information systems; created an ambulance
network; and implemented clinical programs that target tuberculosis, malnutrition and childhood illness
through strengthened programs at all levels of care. Following PIVOT's support, the number of cases of
malaria diagnosed a health centers in these areas experienced a sudden increase due to rapid
improvements in overall health care utilization®°. To further support local malaria control programs,
PIVOT aims to support the MoH to optimize interventions geographically in a context of heterogeneous
disease burdens.
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Figure 1. Map of thelfanadiana district in Madagascar . The left panel shows elevation and waterways. The right panel
shows administrative boundaries, roads, health centers (CSBs), and the PIVOT initial catchment area.

Data collection

Data was obtained from health center registers on all individuals who visited a public health center for
an outpatient consultation in Ifanadiana district between January 2014 and December 2017. Every 3-4
months, each public health center was visited and digital photos were taken of the register, in agreement
with the head of the public health center. A digital database of register photos was created and stored in
a secure server. De-identified information including age, Fokontany of residence, and malaria status of
each new patient was entered into an el ectronic database (follow-up visits were excluded). Health center
staff made malaria diagnoses with rapid diagnostic tests (RDTs) for patients presenting with fever,
following national guidelines.

In addition to health system information, data from the I-HOPE cohort was used to estimate the
geographic distribution of fever prevalence by age group in Ifanadiana®. The I-HOPE longitudinal
cohort study, representative of the population in Ifanadiana district, was initiated in 2014 to understand
the evolution of health and socio-economic characteristics as one of the information pillars to create a
model health digtrict. It consists of a series of biannual surveys conducted by INSTAT on the same
households over time, with questionnaires and methods adapted from the Demographic and Health
Surveys and other international surveys. The survey has a two-stage stratified sampling design covering
1,600 households (~8000 people) in 80 geographic clusters across the district. Information from the
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cohort, which was available for 2014 (April-May), 2016 (August-September) and 2018 (April-May),
included questions to assess reported fever among children under five years (previous two weeks) and
among all household members (previous four weeks).

To obtain per capita estimates, population data for each Fokontany were obtained from the MoH. The
population of children under five years old was estimated at 18% of the total population, per the MoH.
Data on monthly stocks of RDTSs at the end of each month and number of days with RDT stock-outs
were obtained from each health center’s monthly report to the district. Use of MoH data for this study
was authorized by the Secretary General of the MoH, the Medical Inspector of Ifanadiana district, and
Harvard Medical School IRB. The I-HOPE cohort study was approved by the Madagascar National
Ethics Committee and Harvard Medical School IRB.

Finally, we used a geographic information system containing data on locations of all health centers,
more than 20,000 km of footpaths, over 100,000 buildings, and nearly 5,000 residential areas in the
digtrict. This was obtained following a participatory complete mapping of Ifanadiana in 2018-2019,
from very high resolution satellite images available through OpenStreetMap®’. This data was queried on
QGIS viathe QuickOSM plugin and was used to estimate shortest path distances between health centers
and each Fokontany.

Dataanalysis

Patient-level information from each health center was aggregated to estimate per capita utilization rates
and malaria incidence per month for each Fokontany in Ifanadiana district. In order to obtain more
realistic estimates of malariaincidence per Fokontany-month, malaria incidence was adjusted to account
for underreporting due to stock-outs of RDTs and variable access to healthcare due to geographic and
financial barriers. Access-based adjustments were based on a benchmark multiplier method that used a
healthcare utilization index, which was obtained from a model of Fokontany per capita utilization in
non-malaria patients. Several multipliers and pooling strategies were explored to improve adjustmentsin
the Fokontany with the lowest access to care, and the most plausible set of estimates was identified by
comparing each set of estimates according to four evaluation criteria (next section). Each of these steps
isexplained in detail below.

To account for the reduction in malaria diagnoses as a result of health center stock-outs of RDTS, each
Fokontany was matched with its nearest health center. The shortest path distance between al health
centers and Fokontany (average distance for every house) was estimated via the Open Source Routing
Machine (OSRM) engine. The number of diagnosed malaria cases in health centers and months with
stock-outs (14 months) were adjusted by a factor inversely proportional to the number of days in the
month when RDTs were available. For example, if RDTs were only available at a health center for half
of the month, the adjusted malaria cases for that month would be double the original reported number. In
months in which stock-outs persisted for an entire month at a given health center (10 months), we
assigned missing values for the malariaincidence in all Fokontany served by that health center.

To account for the effect of low health care access on malaria incidence, we used results from a spatio-
temporal model of health care utilization in Ifanadiana during the same study period. Details on this
model are published elsewhere®, and model specifications are available in the Appendix. Briefly, per
capita health center utilization rates for each Fokontany were modeled using Binomial regressions in
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generalized linear mixed models, with a random intercept introduced for the closest health center. The
model accounts for the non-linear effect of travel distance from each Fokontany to the nearest health
center; the impact of programs implemented to reduce financial and geographic barriers; linear and
seasonal trends in utilization rates in the absence of those programs; baseline differences in the type of
health center (CSB1 or CSB2); and the number of hedlth staff over time in the closest health center®®.
Based on model predictions for non-malaria patients, a health center utilization index was produced for
each Fokontany-month in Ifanadiana, scaled between zero (no access, set at zero consultations per
person-month) and one (full access;, set at 0.166 consultations per person-month, equivalent to 2
consultations per person-year, excluding malaria).

A simplified benchmark multiplier method was used to adjust malaria incidence with the health care
utilization index produced from non-malaria patients. This method combines information about the
known members of atarget population (the benchmark; for example, the number of people with malaria
who are diagnosed at a health center) with the proportion of the target population that appears in the
benchmark (for example, the proportion of people with malaria who go to a hedlth center)®. The
reciprocal of the proportion is called the multiplier. The true size of the target population (in this case,
the true number of people with malaria in Ifanadiana) is estimated as the product of the benchmark and
the multiplier. Populations with the best health care access (i.e. located very close to a health center with
fee-exemptions in place) are not adjusted, while populations with the worst access are adjusted using the
largest multiplier (Figure 2). The simplified benchmark multiplier formulais defined as:

Cagy = 2222 (Eq. 1)
Where Cynag represents the unadjusted monthly cases in a given fokontany for a given month, U
represents the health care utilization index for the fokontany from the model described above, and Cy
represents the resulting adjusted monthly cases in the fokontany for the month. Multiplying the
benchmark by the multiplier (1/U) can result in drastic changes in magnitude of the resulting estimates.
To account for this, the lower limit of the health care utilization index was varied from 0.01 to 0.2 in
steps of 0.01, with the upper limit remaining one. This allowed for fine-tuning of the adjusted monthly
malaria incidence estimates.

Finally, due to extremely low access to care, several Fokontany had no malaria cases for severa months
even during the high transmission season, particularly those located at farther distances (e.g. 10-20 km)
from health centers. For instance, 37 of the 195 Fokontany did not have any malaria cases during more
than half of the high season months (December to May) in the four years of the study, 86% of which
were further than 5 kilometers from a health center. Because Fokontany that have a malaria incidence of
zero during a given month cannot be adjusted using a multiplier, we explored several strategies to pool
the number of malaria cases in these Fokontany with the cases in neighboring Fokontany and estimate a
pooled incidence that could then be adjusted for low health care access. We explored pooling with the k-
nearest neighbors (2, 3, 4 and 5) and with neighbors within a certain distance (3, 4, and 5km).

The combination of 8 different pooling strategies and 21 different lower limits set for the health
utilization index resulted in 168 aternative sets of adjusted malaria incidence estimates, both for
individuals of all ages and for children under five.
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Figure 2. [llustration of benchmark multiplier adjustments to passive malaria surveillance data using a health care
utilization index. Each dot represents the average health care utilization index (orange) or resulting multiplier (teal) for one
of the 195 Fokontany in Ifanadiana over the study period. In this example, average per capita health care utilization index is
normalized from 0.1 to 1, where the maximum is equivalent to 2 visits per year (excluding malaria). Both variables are
plotted as a function of distance between each Fokontany and its nearest health center. The solid lines are smoothed
conditional means (LOESS method) and the grey areas are the 95% confidence intervals. Fokontany with smaller health care
utilization indices have larger multipliers, resulting in greater adjustments after the benchmark multiplier method was

applied.

Evaluation of model estimates

The lack of a digtrict-representative active surveillance survey during the study period meant that
aternative sets of adjusted estimates of malaria incidence from passive surveillance could not be
robustly compared to an unbiased training dataset for validation. We established four evaluation criteria
to choose the most plausible set of incidence estimates in Ifanadiana based on the available data (Table
1). This was done both for individuals of all ages and for children under 5.

Evaluation criteria are based on: @ consistency of overall malaria incidence in the district with
incidence in areas with optimal access to healthcare; b) reduction of distance decay relationship; c)
reduction of bias due to financial access to care; and d) consistency of geographic heterogeneities in
district with patterns observed in the I-HOPE cohort study. The first three criteriarely on the assumption
that the burden of malariain populations with good access to health care (e.g. those who live near health
centers, or in areas where user fees have been removed) is similar to the burden elsewhere because the
per capita distribution of malariais predominantly driven by ecological and epidemiological factors, and
not by health care access"™. Although health centers diagnose and treat malaria patients, the main
malaria prevention activities in Madagascar (e.g. bed net distribution, indoor residual spraying) that
could affect transmission are delivered through mass-campaigns to all at-risk populations.
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Table 1. Evaluation criteria for alternative sets of adjusted malaria incidence estimates.

Criteria

Description

Evaluation method

a) Overall malaria
incidence

Overall adjusted malariaincidence for Ifanadiana
should be similar to overall malariaincidencein
populations with optimal health care accessin the
district, to avoid under- or overestimation

Ratio of adjusted malaria estimates to
malariain optimal access areas
between 0.7 - 1.3

b) Distance decay

Adjusted malaria incidence estimates should
remove the distance decay observed in unadjusted
malariaincidence, to limit bias due to geographic
access to hedlth care

Ratio of incidence less than 5 km from
a health center to incidence greater than
5kmaway 0.7-1.3

¢) Financial access

Differences in adjusted malaria incidence between
health centers according to fee-exemption status
should be minimal, to limit bias due to financia
access to health care

Ratio of fee-exemption to no fee-
exemption in adjusted malaria
estimates between 0.7 - 1.3

d) Geographic
heterogeneity

The geographic distribution of adjusted malaria
incidence should be similar to the geographic
distribution of fever reported in the I-HOPE cohort

Percent of hotspot cluster area overlap
between the two datasets during high
malaria season (SaT Scan)

study

Overall malaria incidence

To avoid under- or overestimation of overall malariaincidence in the district, we assumed that adjusted
estimates should be similar to unadjusted malaria incidence in populations with optimal access to health
care. These were defined as populations from Fokontany that are in close proximity (< 2.5 km) to a
PIVOT-supported health center following initial implementation of health system strengthening
interventions. These populations travelled short distances to care and benefited from improved facilities,
with greater staffing, and point-of-care fees for most health services removed. They represented a total
population of 10,583 individuals of al ages, including 1,905 children distributed across 4 Fokontany in
4 communes, with an average health system utilization index of 0.66 (on ascale from 0 to 1). The 4-year
annual malaria incidence average in this population for 2014-2017 was 397 cases per 1000 population
among individuals (33 cases per 1000 population per month) and 631 cases per 1000 population among
children under five (53 cases per 1000 per month). To assess this criterion, we estimated the ratio of
average malaria incidence in each adjusted dataset to average malaria incidence in the higher access
dataset. Adjusted datasets with a ratio within 30% of equality (0.7 — 1.3) were considered most
plausible. This first validation allowed variations in the geographic distribution of malaria but set a
reasonable reference point for the district average.

Distance Decay

To limit bias due to geographic access to health care, we assumed that there should not be an
exponential distance decay relationship in adjusted malaria incidence (as it was observed in unadjusted
incidence estimates, Figure S1). To assess this criterion, we calculated the ratio of average incidence in
Fokontany located fewer than 5 km from a health center to average incidence in Fokontany more than 5
km away. Adjusted datasets with a ratio near 1 (0.7 — 1.3) were considered as most plausible. This
second validation ensured that the geographic distribution of malaria incidence in the adjusted dataset
was not associated with heterogeneities in geographic access to health care.

Financial Access

To limit bias due to financial access to health care, we assumed that average adjusted incidence in the
catchment of health centers that implemented user-fee exemptions should be similar to those for which
user fees were in place. Before adjustment, average monthly incidence of malaria among all individuals

10
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and children under five inside the PIVOT catchment area after financial barriers to care were removed
were 13 and 27 per 1000 population, respectively, while the average monthly incidence among all
individuals and children under five living outside of this area was significantly lower: 6 and 16,
respectively (ratio of 2.1 and 1.7). To assess this criterion, we estimated the ratio of average adjusted
malaria incidence in the catchment of health centers with user-fee exemptions to health centers without
user-fee exemptions. Adjusted datasets with a ratio within 30% of equality (0.7 — 1.3) were considered
as most plausible. This third validation ensured that the temporal and geographic distribution of malaria
incidence in the adjusted dataset were not associated with heterogeneities in financial access to health
care.

Geographic Heterogeneity

To assess the consistency of heterogeneities in malaria geographic distribution, we assumed that during
the high transmission season (December to May) there is a geographic overlap with the distribution of
reported fever in household surveys (April-May). In the high transmission season, 36.6% of individuals
of all ages and 41.2% of children under 5 years presenting to health centers had a confirmed malaria
diagnosis. Since malaria makes up a high proportion of febrile cases during these periods, geographic
variations in febrile prevalence should be correlated with variations in malaria transmission. To assess
this criterion, we estimated average fever prevalence for each of the 80 clusters in the I-HOPE cohort,
and average malariaincidence for each of the 195 Fokontany during the high transmission season. Then,
SaT Scan software using the Bernoulli spatial model was used to identify geographic clusters of malaria
in Ifanadiana district. SaTScan has been used in previous studies to identify spatiotemporal variation of
malaria® and other illnesses such as diarrheal disease™, schistosomiasis”’, and colorectal cancer®.
SaTScan cluster analysis was applied to identify spatial hotspots (i.e. higher than expected by random)
among all individuals and among children under five in fever prevalence from survey data, unadjusted
malaria incidence from health system data, and each of the adjusted incidence datasets. The area
overlapped by geographic hotspots in fever and malaria from these different sources were quantified
(Figure 3).

All analyses were performed with R software, and R packages “Imed,” “gstat,” “rgdal,” “ggplot2,”
"rsatscan,” "spdep,” "sp," "rgeos,” "tidyr," and "survey"*°.
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|I-HOPE cohort data and adjusted data

Fokontany pooled with 2 nearest neighbors Fokontany pooled with others within 3 kilometers

I-HOPE cohort data and unadjusted data o2t care ufilization scaled from 0.01 - 1 Health care utilization scaled from 0.02 - 1

Fever hotspot in cohort data
Malaria hotspot in unadjusted data
Malaria hotspot in adjusted data
Areas of overlap

Figure 3. Comparison of geographic hotspots of fever (I-HOPE cohort survey) and malaria (health center registers) in
Ifanadiana among all individuals during malaria high season, using unadjusted and adjusted estimates. Colored
regions represent malaria hotspots in the various data sources and the areas of overlap in bold black. The left panel shows
hotspots using unadjusted health center register data, while the center and right panels show examples of hotspots from two
of the 168 adjusted datasets. The observed overlap is significantly greater in adjusted datasets, indicating improved
consistency between the geographic distribution of fever in the I-HOPE cohort study and malaria in health center register
data after adjustments.

RESULTS

Malariaincidence in the unadjusted dataset and selection of the most plausible adjustment

Of the 314,443 patients who attended a health center in Ifanadiana district for an outpatient visit
between 2014 and 2017, 270,747 patients had a known geographic location and came from within the
district. Among these, 73,022 were confirmed malaria cases, 29,124 of which were children under 5
years. Average malaria incidence was 104.6 per 1000 population per year, and varied greatly across
seasons. During the high transmission season (December to May), average malaria incidence was 168.0
per 1000 population per month, decreasing during the low transmission season to 41.3 per 1000 per
month. There was a clear distance decay in malaria incidence both for individuals of all ages and for
children under 5 years (Figure S1 in the appendix). Table 2 presents summary demographic and
geographic characteristics of the patient population and malaria cases that attended one of the 19 health
centers.

Table2. Summary statistics of patient population in Ifanadiana health centers, 2014-2017.

Population Total patients Total malariaconfirmed ~ Malariaincidence per 1000

cases per year
Total 198,175 270,747 73,022 104.6
Agegroup

Under 5 yearsold 35,672 (0.18) 92,533 (0.34) 29,124 (0.40) 231.8
Over 5yearsold 162,504 (0.82) 178,214 (0.66) 43,898 (0.60) 76.7
HSS catchment
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Inside 72,152 (0.36) 173,497 (0.64) 42,992 (0.59) 158.0
Outside 126,023 (0.64) 97,250 (0.36) 30,030 (0.41) 70.5
Distanceto health center

0-5 km 63,811 (0.32) 163,656 (0.60) 41,067 (0.56) 186.0
5-10km 81,787 (0.41) 83,667 (0.31) 25,294 (0.35) 87.9
10-22 km 52,577 (0.27) 23,424 (0.09) 6,661 (0.09) 35.2

Of the 168 adjusted datasets evaluated for individuals of all ages (Figure 4), only one dataset fulfilled
the four criteria described above (Table 3) and 86 datasets fulfilled three of the four criteria. Every
pooling group and lower limit of utilization index was represented among the datasets that fulfilled three
but not four criteria. We observed a clear trade-off in the adjusted datasets for the different evaluation
criteria. Setting the lower limit for the utilization index at lower values (e.g. 0.01-0.07) resulted in better
corrections for financial and geographic trends but overall incidence was above acceptable thresholds
(Figure 4, Figure S7). In contrast, setting the lower limit for the utilization index at higher values (e.g. >
0.09) resulted in overall incidence closest to incidence in the Fokontany with optimal access to care, but
there remained important bias due to financial and geographic access (Figure 4). The most plausible
dataset was obtained using a lower limit of 0.08 for the health care utilization index in the benchmark
multiplier method, and pooling Fokontany with two nearest neighbors. Figure 5 shows how the
adjustment in this dataset improved geographic and temporal patterns in malaria incidence, reducing the
apparent difference between Fokontany inside and outside of PIVOT intervention following user-fee
removal, and removing the distance decay observed in the unadjusted dataset.

For children under five, 13 datasets satisfied the four criteria. The lower limits of utilization were higher
than for individuals of all ages, ranging from 0.14 to 0.2 (Table S3, Figure $4). Similar to the trends
among all individuals, setting the lower limit of the utilization index at lower values (0 — 0.15) improved
corrections for financial and geographic trends, but resulted in unacceptably high overall incidence.
Datasets with high utilization index values (0.15 — 0.2) and low pooling groups (2-3 nearest neighbors)
performed best overall. The most plausible dataset was obtained using a health care utilization index
rescaled from 0.19 to 1 in the benchmark multiplier method, and pooling Fokontany with three nearest
neighbors.
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Figure 4. Summary resultsfor the four evaluation criteriain unadjusted data and all adjusted malaria datasets. Each
dot represents the metric of interest in one set of adjusted data, and colors represent the pooling strategy (e.g. 2nn = pooling
of Fokontany with its 2 nearest neighbors; 3km = pooling with neighbors within 3km). The dashed line shows values for the
unadjusted dataset. Shaded green areas show target ranges of each evaluation criteria as described in Table 1. (A) Overall
malaria incidence: ratio of malaria in adjusted dataset to malaria in optimal access areas. Values closer to 1 mean better
performance. (B) Distance decay: ratio of incidence in Fokontany less than 5 km from a health center to incidence in
Fokontany more than 5 km from a health center. Values closer to 1 mean better performance. (C) Trends in financial access
to care: ratio of average monthly incidence in fee-exempt to non-fee-exempt populations in each adjusted dataset. Values
closer to 1 mean better performance. (D) Geographic consistency with I-HOPE cohort data: percent of overlap between
hotspots of fever identified in the I-HOPE cohort study data and malaria incidence in each adjusted dataset. Greater values
mean better performance. Equivalent plots including analyses for children under 5 years can be found in the appendix.

Table 3. Summary results for the four evaluation criteria in unadjusted data and best-performing adjusted malaria
dataset for individuals of all ages. An equivalent table for children under 5 years can be found in the Appendix.

Ratio of average Ratio of incidence Ratio of incidence % of hotspot
Dataset incidencein dataset to < 5km to > 5km in fee-exemptionto  clustersoverlapped
incidencein optimal from a health center  non-fee-exemption  between dataset and
access ar eas areasin dataset |-HOPE cohort data
Unadjusted register data 0.26 2.74 2.08 7%
2 nearest neighbors, 1.29 1.10 1.29 14%

utilization index 0.08 — 1
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Figure 5. Temporal and geographic patterns in malaria, before and after adjustments. The top two panels show the
average monthly cases per 1000 population over time, with colors representing the PIVOT intervention (orange) and non-
intervention (teal) Fokontany, (A) before and (B) after adjustments in the most plausible dataset. The vertical dashed lines
indicate the date (October 2014) when user fees were removed from health centers in PIVOT intervention Fokontany. The
bottom two panels show the average monthly malaria cases per 1000 population in each Fokontany by distance to the nearest
health center, (C) before and (D) after adjustments for health care access. Solid lines are the smoothed conditional means
(LOESS method) and grey areas are the 95% confidence interval around the mean. Equivalent plots including only children
under 5 years can be found in the appendix.

The hidden burden of malariain Ifanadiana

Using adjusted incidence estimates from the most plausible dataset, we estimated that the number of
malaria cases diagnosed via passive surveillance in Ifanadiana from January 2014 to December 2017
represented only 21% of the total number of cases that could have occurred among all individuals during
the study period, and 32% among children under 5 (Table 4). Average adjusted malaria incidence was
estimated at 518 per 1000 population per year for individuals of all ages (43 per 1000 per month) and
733 per 1000 population per year for children under 5 (61 per 1000 per month). Average adjusted
malaria incidence per month was nearly four times higher during the high transmission season (70 per
1000) than during the low transmission season (18 per 1000).

Temporal dynamicsin the adjusted dataset showed a decrease in malariaincidence from 2014-2015 (613
cases per 1000 per year) to 2016-2017 (441 cases per 1000 per year), with peaks in monthly incidence
decreasing from almost 150 to about 100 cases per 1000 respectively (Figure 6A). Thistrend is observed
to alesser degree in the unadjusted data, but when unadjusted data is disaggregated by intervention area,
incidence in PIVOT intervention areas appear to have increased since 2014, likely due to increased
access to care in these areas. After adjustments, the average monthly incidence of malaria is higher

15


https://doi.org/10.1101/2020.08.17.20151282
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.08.17.20151282; this version posted August 18, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

overall and more stable over time and between intervention and non-intervention areas due to
adjustments for changing health care utilization (Figure 6A).

Geographic distribution in the adjusted dataset revealed clusters of high incidence in low elevation areas
in the northeast and southeast of the district (Figure 6B). In addition, another high incidence cluster was
observed in the western part of the district, at higher elevation and close to the limits of Ranomafana
National Park. These high transmission clusters were stable across transmission seasons (Figure 6B) and
years (Figure S2). In addition, 5% of Fokontany in Ifanadiana district had an average incidence higher
than 100 cases per 1000 per month, distributed mostly in the central and southern part of the district
(Figure 6B). In comparison, the unadjusted dataset only revealed areas of high incidence in very close
proximity to health centers along the main paved road and with user-fee exemptions in place (Figure
S3), missing most relevant transmission areas. Detailed spatio-temporal dynamics of malaria per month,
from both the unadjusted and the most plausible adjusted dataset can be visualized in Video S1.

Table 4. Average monthly incidence of malariafor individuals of all agesin Ifanadiana from unadjusted and adjusted
data, by transmission season and PIVOT intervention area, in cases per 1000 population. An equivalent table for
children under 5 years can be found in the Appendix.

Unadjusted data Adjusted data
Year Malariaseason | PIVOT intervention Overall Malaria season PIVOT intervention Overall
(all Fokontany) | Fokontany (all seasons) (all Fokontany) Fokontany (all seasons)
High 17 Intervention 14 High 84 Intervention 60
2014 Low 4 Non- 8 11 Low 23 Non- 46 52
intervention intervention
High 17 I ntervention 14 High 84 Intervention 61
2015 Non- 7 10 Non- 44 51
Low 3 . . Low 22 . .
intervention intervention
High 9 Intervention 9 High 47 Intervention 31
2016 Non- 4 6 Non- 29 30
Low 3 . . Low 12 . .
intervention intervention
High 15 Intervention 16 High 71 Intervention 55
2017 Low 4 Non- 5 9 Low 16 Non- 37 44
intervention intervention
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Average number of new cases per 1000 population of all ages per month in the most plausible adjusted dataset (orange) and
before adjustment (teal). An equivalent plot including only children under five can be found in the appendix. (B) Geographic
distribution of malaria, averaged over all months (left), high season months (December to May; center), and low season
months (June to November; right). Color gradient represents average monthly malaria incidence per 1000 population.
Equivalent plots of spatial distribution in unadjusted health center register data are included in the appendix.

17


https://doi.org/10.1101/2020.08.17.20151282
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.08.17.20151282; this version posted August 18, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

DISCUSSION

Despite the increasing use of disease modeling and precision health mapping to inform national or
regiona health planning, their application remains scarce at the local level, where intervention efforts
actually take place. This is especially true in rura areas of sub-Saharan Africa where the burden of
infectious diseases is the highest. Improving the quality of routine surveillance data is critical for
identifying at-risk populations and targeting resources in order to achieve universal access to diagnostics
and treatment, which could contribute to the elimination of endemic diseases like malaria®. Here, we
propose a method to improve existing passive surveillance data using modes of health care utilization in
order to produce more redlistic estimates of local disease incidence over space and time. Using the
example of malariain a poor rura district of Madagascar, we show that adjusted incidence estimates
were less biased by differences in financial and geographic access to health care between populations.
We estimated that passive surveillance in Ifanadiana could have missed about 4 in every 5 cases of
malariaindividuals and 2 out of every 3 cases among children under five.

Passive surveillance systems are a cornerstone of many disease control programs because they are
relatively inexpensive and can efficiently cover large geographic areas. When access to health care is
relatively homogenous in a country, variations in incidence across districts help control programs
identify those with higher transmission and allocate resources accordingly®*. However, at the local
level of ahealth district these systems are systematically biased towards areas of good health care access
(e.g. near health centers), preventing the implementation of geographically targeted interventions in
areas of high transmission. Active surveillance systems, on the other hand, can capture a significantly
higher proportion of cases and produce more accurate incidence estimates. Unfortunately, in the case of
malaria they are too expensive to be used routinely in areas of high transmission, and the results cannot
be extrapolated to detect variations in malaria in regions outside of the study area or period™>™2. Thus,
our study fills a significant gap for malaria surveillance, which could be applicable to other diseases.
Using existing passive surveillance data, we were able to produce spatially-explicit estimates of malaria
incidence for every community within a health district over time, identifying hotspots of transmission in
communities with poor health care access that were previously invisible from passive surveillance. This
could help inform local program implementation in Ifanadiana and smilar high transmission settings
without requiring extensive resources.

Without improvements to passive survelllance strategies, countless preventable cases and deaths of
malaria may continue to take place and go unnoticed, which could undermine goals set for a 90%
reduction in malaria mortality and the elimination in at least 35 countries by the year 2030™2. Our results
suggest that only 21% of malaria cases were detected by routine passive surveillance in Ifanadiana
digtrict. This is consistent with findings from other settings where active and passive malaria
surveillance methods were compared. For example, a study in rural Kenya found that the incidence of
malariain children was over three times higher when active surveillance was used compared to passive
surveillance™. A similar study in central India reported that malaria incidence was almost eight times
higher when calculated using active rather than passive surveillance data™®. In 2012, the World Health
Organization estimated that only 14% of malaria cases globally were captured by routine surveillance®.
In Ifanadiana, a mountainous landscape, poor road infrastructure and a sparsely distributed population
make it difficult for patients to access health centers. More than 95% of paths are not accessible by
vehicle, and three fourths of the population live more than an hour's walk of a public health center®*, a
commonly accepted threshold of low geographic access™>°. All these factors could have led to
significant underreporting of malaria, at levels compatible with estimates presented here.
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After adjustment, we observed significant spatial variations in malaria incidence in communities across
the district, with 7% the population (13,201 people) living in areas where annual incidence was twice the
district’s average. Although malaria heterogeneity and its drivers are commonly modelled at the national
and regional level®°, malaria can have extensive spatial variability in relatively small areas™**®. For
instance, fine-scale variations in socio-demographic and behavioral factors can influence malariarisk in
remote communities™ or affect adherence to malaria control programs™. Moreover, local variations in
environmental factors such as temperature, rainfall, land cover, and altitude have been shown to
influence malaria geographic distribution® . Fine-scale estimates of malaria spatio-temporal variations
obtained here can then be used to characterize local socio-economic and environmental drivers of
malaria risk, paving the way to the development of forecasting systems that could guide local malaria
control.

Although our study was retrospective and we had to collect information directly from paper registers,
which was extremely time and resource consuming, this approach could be scaled-up in the future to
other settings and diseases that rely on passive surveillance. Indeed, a push for electronic data collection
to improve health information systems is underway at health care facilities of developing countries, with
the current scale-up of the open source DHIS2 (District Health Information Software)® among other
platforms. These platforms can be combined with mobile tools for registering cases and track patient-
level data at different levels of care. The level of granularity and timeliness of data that these e-health
platforms offer when compared with traditional health management and information systems (e.g. paper-
based registries, monthly aggregation in electronic databases) opens new possibilities for disease control
which are gill largely unexplored. In particular, integration of feedback loops between disease
modelling approaches and e-health surveillance platforms could help to 1) target efforts and plan
resources necessary ahead of time for specific areas and periods, reducing stock-outs and increasing case
detection; and 2) implement additional control activities that are predicted to minimize transmission at
the population level.

This study had several limitations. First, there was no active surveillance campaign during the study
period that could serve as a true comparison point for selecting the most plausible set of estimates. As an
alternative, we compared adjusted estimates with areas within the district that had optimal access to care
and therefore were assumed to have missed few malaria cases. However, if these areas were not
representative of overall malaria incidence due to heterogeneities, this could have resulted in an under-
or overestimation. Second, many of the most remote Fokontany did not report any malaria cases even
during high transmission seasons. To allow for adjustments and minimize underestimation of malariain
these remote populations, we pooled these Fokontany with their nearest neighbors, but this likely
reduced the spatial precision of our estimates. Third, even though we correct for health care access, there
were still some patterns in the adjusted datasets (e.g. higher incidence around PIVOT-supported health
centers), which could suggest an influence of unmeasured factors not accounted for in our analyses.
Finally, although data on RDT stock-outs was available, underreporting of the number of days without
stocks in some health centers could have led to artificially low malaria estimates. Despite its limitations,
we are not aware of any other study that has attempted to systematically address sources of malaria
underreporting to generate realistic incidence estimates from local passive surveillance systems.

In conclusion, although passive surveillance at health facilities remains the prevailing surveillance
system for many endemic diseases in the devel oping world, systematic biases in these data prevent their
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use to inform local disease control programs within health districts. By adjusting for health care access
and other sources of underreporting, we show that passive surveillance can be used to obtain realistic
estimates of malaria dynamics with alevel of spatial resolution that islocally actionable. Future research
should assess whether such methods can be scaled-up and integrated with e-health platforms currently
being deployed.

20


https://doi.org/10.1101/2020.08.17.20151282
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.08.17.20151282; this version posted August 18, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

REFERENCES

1. Wyber R, Vaillancourt S, Perry W, Mannava P, Folaranmi T, Celi LA. Big data in global health:
improving health in low- and middle-income countries. Bull World Health Organ. 2015;93(3):203-208.
doi:10.2471/BLT.14.139022

2. Hay SI, George DB, Moyes CL, Brownstein JS. Big data opportunities for global infectious
disease surveillance. PLoS Med. 2013;10(4):€1001413-e1001413. doi:10.1371/journal.pmed.1001413
3. Heesterbeek H, Anderson RM, Andreasen V, et al. Modeling infectious disease dynamics in the

complex landscape of global health. Science. 2015;347(6227):aaa4339-aaa4339.
doi:10.1126/science.aaa4339

4. Weiss D, Lucas T, Nguyen M, et al. Mapping the global prevalence, incidence, and mortality of
Plasmodium falciparum, 2000-17: a spatial and temporal modelling study. The Lancet. 2019;394:322-
331. doi:10.1016/S0140-6736(19)31097-9

5. Messina JP, Brady OJ, Golding N, et al. The current and future global distribution and
population at risk of dengue. Nat Microbiol. 2019;4(9):1508-1515. d0i:10.1038/s41564-019-0476-8

6. Cano J, Rebollo MP, Golding N, et al. The global distribution and transmission limits of
lymphatic filariasis: past and present. Parasit Vectors. 2014;7(1):466. doi:10.1186/s13071-014-0466-x
7. World Malaria Report 2019. World Health Organization; 2019.

8. World Malaria Report 2018. World Health Organization; :126.
https://apps.who.int/iris/bitstream/handle/10665/275867/9789241565653-eng.pdf?ua=1

9. World Malaria Report 2017. World Health Organization; 2017.

10. Logie CH. Lessons learned from HIV can inform our approach to COVID-19 stigma. J Int AIDS
Soc. 2020;23(5):e25504-e25504. doi:10.1002/jia2.25504

11. Community-Based Health Care, Including Outreach and Campaigns, in the Context of the
COVID-19 Pandemic. World Health Organizaiton and the United Nations Children’s Fund (UNICEF);
2020.

12. Global Technical Strategy for Malaria 2016-2030. World Health Organization; 2015.

13. Tiono A, Kangoye D, Rehman A, et al. Malaria incidence in children in South-West Burkina
Faso: comparison of active and passive case detection methods. PLOS ONE. 2014;9(1).
doi:10.1371/journal.pone.0086936

14, Zhou G, Afrane Y, Malla S, Githeko A, Yan G. Active case surveillance, passive case
surveillance and asymptomatic malaria parasite screening illustrate different age distribution, spatial
clustering and seasonality in western Kenya. Malar J. Published online 2015.
doi:doi.org/10.1186/s12936-015-0551-4

15. Olotu A, Fegan G, Williams T, et al. Defining Clinical Malaria: The Specificity and Incidence of
Endpoints from Active and Passive Surveillance of Children in Rural Kenya. PLOS ONE. 2010;5(12).
16. Singh N, Bharti P, Kumre NS. Active v. passive surveillance for malaria in remote tribal belt of
Central India: Implications for malaria elimination. Pathog Glob Health. 2016;110(4-5):178-184.

17. World Malaria Report 2013. World Health Organization; 2013.
https://www.who.int/malaria/publications/world_malaria_report_2013/report/en/

18. Lourenco C, Tatem A, Atkinson P, et al. Strengthening surveillance systems for malaria
elimination: a global landscaping of system performance, 2015-2017. Malar J. 2019;18(315).
doi:10.1186/s12936-019-2960-2

19. McLaren Z, Ardington C, Leibbrandt M. Distance decay and persistent health care disparities in
South Africa. BMC Health Serv Res. 2014;14(541). doi:10.1186/s12913-014-0541-1
20. Feikin D, Nguyen L, Adazu K, et al. The impact of distance of residence from a peripheral health

facility on pediatric health utilisation in rural western Kenya. Trop Med Int Health. 2009;14(1).
doi:10.1111/j.1365-3156.2008.02193.x

21. Stock R. Distance and the utilization of health facilities in rural Nigeria. Soc Sci Med.
1983;17(9):563-570.

21


https://doi.org/10.1101/2020.08.17.20151282
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.08.17.20151282; this version posted August 18, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

22. Buor D. Analysing the primacy of distance in the utilization of health services in the Ahafo_Ano
South district, Ghana. Int Joural Health Plan Manag. Published online 2003. doi:10.1002/hpm.729
23. Malaria Surveillance, Monitoring & Evaluation: A Reference Manual. World Health Organization;

2018. https://www.who.int/malaria/publications/atoz/9789241565578/en/

24. The World Bank in Madagascar: Overview. The World Bank; 2019.
https://www.worldbank.org/en/country/madagascar/overview

25. Global Health Expenditure Database. World Health Organization
https://apps.who.int/nha/database/ViewData/Indicators/en

26. U.S. President’s Malaria Initiative: Madagascar.; 2018. https://www.pmi.gov/docs/default-
source/default-document-library/country-profiles/madagascar_profile.pdf?sfvrsn=20

27. Malaria Country Profile: Madagascar. World Health Organization

28. Enquéte Sur Les Indicateurs Du Paludisme. Institut National de la Statistiqgue, Programme
National de Lutte contre le Paludisme, Institut Pasteur de Madagascar, ICF; 2016.

29. Troisieme Recensement General de La Population et de I'Habitation. Institut National de la
Statistique de Madagascar (INSTAT); 2019:17.

30. Howes R, Mioramalala S, Ramiranirina B, et al. Contemporary epidemiological overview of
malaria in Madagascar: operational utility of reported routine case data for malaria control planning.
Malar J. Published online 2016. d0i:10.1186/s12936-016-1556-3

31. Miller A, Ramananjato R, Garchitorena A, et al. Baseline population health conditions ahead of
a health system strengthening program in rural Madagascar. Glob Health Action. 2017;10(1).
doi:10.1080/16549716.2017.1329961

32. Brinkhoff T. Ifanadiana: District in Madagascar. City Population
https://www.citypopulation.de/en/madagascar/admin/vatovavy_fitovinany/23206__ifanadiana/

33. 2012-2013 Etude Nationale: Enquéte Nationale Sur Le Suivi de Objectifs Du Millénaire Pour Le
Développement a Madagascar. INSTAT; :63. https://www.instat.mg/wp-
content/uploads/2016/11/INSTAT_Ensomd_Obj4-2012-2013.pdf

34. Miller A, Garchitorena A, Rabeza V, et al. Cohort Profile: Ifanadiana Health Outcomes and
Prosperity longitudinal Evaluation (IHOPE). Int J Epidemiol. 2018;47(5).

35. Garchitorena A, Miller A, Cordier L, et al. In Madagascar, Use Of Health Care Services
Increased When Fees Were Removed: Lessons For Universal Health Coverage. Health Aff (Millwood).
2017;36(8). doi:10.1377/hlthaff.2016.1419

36. Garchitorena A, lhantamalala F, Revillion C, et al. Geographic Barriers to Achieving Universal
Health Coverage in Madagascar.

37. Ifantamalala F, Herbretau V, Revillion C, et al. Improving geographical accessibility modeling for
operational use by local health actors. MedRxiv. Published online 2020.
doi:10.1101/2020.03.09.20033100

38. Everybody’s Business: Strengthening Health Systems to Improve Health Outcomes: WHO's
Framework for Action. World Health Organization; 2007.

39. Garchitorena A, Miller AC, Cordier LF, et al. Early changes in intervention coverage and
mortality rates following the implementation of an integrated health system intervention in Madagascar.
BMJ Glob Health. 2018;3(3):e000762. doi:10.1136/bmjgh-2018-000762

40. Bollaerts K, Aerts M, Sasse A. Improved benchmark-multiplier method to estimate the
prevalence of ever-injecting drug use in Belgium, 2000-10. Arch Public Health. 2013;71(1).
doi:10.1186/0778-7367-71-10

41. Stefani A, Hanf M, Nacher M, Girod R, Carme B. Environmental, entomological, socioeconomic
and behavioural risk factors for malaria attacks in Amerindian children of Camopi, French Guiana.
Malar J. 2011;10(1):246. doi:10.1186/1475-2875-10-246

42. Kabaria CW, Gilbert M, Noor AM, Snow RW, Linard C. The impact of urbanization and
population density on childhood Plasmodium falciparum parasite prevalence rates in Africa. Malar J.
2017;16(1):49. doi:10.1186/s12936-017-1694-2

22


https://doi.org/10.1101/2020.08.17.20151282
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.08.17.20151282; this version posted August 18, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

43. Kreuels B, Kobbe R, Adjei S, et al. Spatial Variation of Malaria Incidence in Young Children from
a Geographically Homogeneous Area with High Endemicity. J Infect Dis. 2008;197(1):85-93.
doi:10.1086/524066

44, Myers WP, Myers AP, Cox-Singh J, Lau HC, Mokuai B, Malley R. Micro-geographic risk factors
for malarial infection. Malar J. 2009;8(1):27. d0i:10.1186/1475-2875-8-27

45, Coleman M, Coleman M, Mabuza A, Kok G, Coetzee M, Durrheim D. Using the SaTScan
method to detect local malaria clusters for guiding malaria control programmes. Malar J. 2009;8(68).
46. Azage M, Kumie A, Worku A, Bagtzoglou A. Childhood Diarrhea Exhibits Spatiotemporal
Variation in Northwest Ethiopia: A SaTScan Spatial Statistical Analysis. PLOS ONE. 2015;10(12).
doi:10.1371/journal.pone.0144690

47. Zhao F, Zhu R, Zhang L, et al. Application of saTScan in detection of schistosomiasis clusters in
marshland and lake areas. Chin J Schistosomiasis Control. 2011;23(1):28-31.

48. Sherman R, Henry K, Tannenbaum S, Feaster D, Kobetz E, Lee D. Applying Spatial Analysis
Tools in Public Health: An Example Using SaTScan to Detect Geographic Targets for Colorectal
Cancer Screening Interventions. Prev Chronic Dis. Published online 2014.
doi:http://dx.doi.org/10.5888/pcd11.130264

49. R Development Core Team. R: A Language and Environment for Statistical Computing. R
Foundation for Statistical Computing; 2018:Vienna, Austria. https://www.r-project.org/

50. Sustainable Development Goals. United Nations Development Programme (UNDP)
https://www.undp.org/content/undp/en/home/sustainable-development-goals.html

51. Bennett A, Bisanzio D, Yukich JO, et al. Population coverage of artemisinin-based combination
treatment in children younger than 5 years with fever and Plasmodium falciparum infection in Africa,
2003-2015: a modelling study using data from national surveys. Lancet Glob Health. 2017;5(4):PE418-
E427. d0i:10.1016/S2214-109X(17)30076-1

52. Hamilton M, Mahiane G, Werst E, et al. Spectrum-Malaria: a user-friendly projection tool for
health impact assessment and strategic planning by malaria control programmes in sub-Saharan
Africa. Malar J. 2017;16(68). d0i:10.1186/s12936-017-1705-3

53. Pilcher J, Kruske S, Barclay L. A review of rural and remote health service indexes: are they
relevant for the development of an Australian rural birth index? BMC Health Serv Res. 2014;14(1):548.
doi:10.1186/s12913-014-0548-7

54. Noor AM, Amin AA, Gething PW, Atkinson PM, Hay SI, Snow RW. Modelling distances travelled
to government health services in Kenya. Trop Med Int Health TM IH. 2006;11(2):188-196.
doi:10.1111/.1365-3156.2005.01555.x

55. Juran S, Broer PN, Klug SJ, et al. Geospatial mapping of access to timely essential surgery in
sub-Saharan Africa. BMJ Glob Health. 2018;3(4):e000875-e000875. doi:10.1136/bmjgh-2018-000875
56. Bailey P, Keyes E, Parker C, Abdullah M, Kebede H, Freedman L. Using a GIS to model
interventions to strengthen the emergency referral system for maternal and newborn health in Ethiopia.
Int J Gynaecol Obstet. 2011;115(3):300-309. doi:10.1016/j.ijg0.2011.09.004

57. Girond F, Randrianasolo L, Randriamampionona L, et al. Analysing trends and forecasting
malaria epidemics in Madagascar using a sentinel surveillance network: a web-based application.
Malar J. 2017;16(1):72-72. doi:10.1186/s12936-017-1728-9

58. Kang SY, Battle KE, Gibson HS, et al. Spatio-temporal mapping of Madagascar's Malaria
Indicator Survey results to assess Plasmodium falciparum endemicity trends between 2011 and 2016.
BMC Med. 2018;16(1):71. doi:10.1186/s12916-018-1060-4

59. Gething P, Casey D, Weiss D, et al. Mapping Plasmodium falciparum Mortality in Africa
between 1990 and 2015. N Engl J Med. 2016;375(25):2435-2445. doi:10.1056/NEJM0al1606701

60. Amratia P, Psychas P, Abuaku B, et al. Characterizing local-scale heterogeneity of malaria risk:
a case study in Bunkpurugu-Yunyoo district in northern Ghana. Malar J. 2019;18(81).
doi:10.1186/s12936-019-2703-4

23


https://doi.org/10.1101/2020.08.17.20151282
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.08.17.20151282; this version posted August 18, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

61. Yadav K, Dhiman S, Rabha B, Saikia P, Veer V. Socio-economic determinants for malaria
transmission risk in an endemic primary health centre in Assam, India. Infect Povety. 2014;3(19).
doi:10.1186/2049-9957-3-19

62. Dlamini S, Liao C, Dlamini Z, et al. Knowledge of human social and behavioral factors essential
for the success of community malaria control intervention programs: The case of Lomahasha in
Swaziland. J Microbiol Immunol Infect. 2017;50(2):245-253. doi:10.1016/j.jmii.2015.05.003

63. Hasyim H, Nursafingi A, Haque U, et al. Spatial modelling of malaria cases associated with
environmental factors in South Sumatra, Indonesia. Malar J. 2018;17(1):87-87. doi:10.1186/s12936-
018-2230-8

64. Stefani A, Dusfour |, Corréa APSA, et al. Land cover, land use and malaria in the Amazon: a
systematic literature review of studies using remotely sensed data. Malar J. 2013;12:192-192.
doi:10.1186/1475-2875-12-192

65. M’'Bra RK, Kone B, Soro DP, et al. Impact of climate variability on the transmission risk of
malaria in northern Céte d’lvoire. PloS One. 2018;13(6):e0182304-e0182304.
doi:10.1371/journal.pone.0182304

66. Dehnavieh R, Haghdoost A, Khosravi A, et al. The District Health Information System (DHIS2):
A literature review and meta-synthesis of its strengths and operational challenges based on the
experiences of 11 countries. Health Inf Manag J. 2018;48(2):62-75. doi:10.1177/1833358318777713

24


https://doi.org/10.1101/2020.08.17.20151282
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.08.17.20151282; this version posted August 18, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

ACKNOWLEDGEMENTS

We are grateful to everyone who contributed to the participatory mapping of Ifanadiana, especially
Vincent Herbreteau, Christophe Révillion, Jerémy Commins, and Blake Girardot. We thank the staff of
the local Ministry of Health team in Ifanadiana district as well as PIVOT’s monitoring and community
teams for their support during data collection. Thanks are due to Benjamin Andriamihaja, Benjamin
Roche, and Mauricianot Randriamihaja for their help at different stages of the project.

AUTHOR CONTRIBUTIONS

Conceived and designed the experiments. EH, MHB, AG. Performed the analysis. EH, FAI, AG.
Contributed reagentsmaterials/data/analysis tools. ACM, MR, FN, MAN. Wrote the initial draft of the
manuscript: EH, AG. Revised the manuscript and accepted it in its final form: EH, MHB, FEI, ACM,
LFC, MR, MB, FN, MAN, AG.

COMPETING INTERESTS

Some authors are current or former employees of institutions discussed in this article, including the non-
governmental organization PIVOT and the Government of Madagascar. These affiliations are explicitly
listed in the article.

SUPPLEMENTARY INFORMATION

S1 Supplementary information. It contains 6 supplementary figures and 2 supplementary tables, with
results for children under 5 years and other additional information.

S2 Video of malaria spatio-temporal dynamics. It shows geographic changes in monthly malaria
incidence in Ifanadiana district (unadjusted and adjusted estimates from the most plausible dataset). For
reference, removal of user fees in the initial HSS intervention catchment (in red) took place in October
2014, and was expanded to one additional commune in October 2017.

25


https://doi.org/10.1101/2020.08.17.20151282
http://creativecommons.org/licenses/by/4.0/

