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Abstract

BackgroundMalaria transmission in theChittagongHill Tracts (CHT) districts inBangladesh
is characterized by considerable heterogeneity in incidence and the frequent mixing and
importation of parasites across districts. Thus, elimination efforts must account for human
mobility between endemic and non-endemic locations, and the relative importance of local
transmission and parasite importation domestically.
MethodsWe construct a metapopulation malaria model, parameterized by human mobility
data and fit to epidemiological data, to guide elimination efforts in the region.
ResultsWe find substantial heterogeneity in the transmission intensity across theCHT,with
the estimated basic reproduction number varying greatly across placeswith similar levels of
observed incidence. When vector control interventions are applied locally, the greatest
impact in reducing overall incidence are in places with both high transmission intensity and
high connectivity with more populated districts in the western part of the CHT.
Conclusions Local elimination in several areas with low or intermediate incidence has a
moderate impact in reducing overall incidence, indicating that only focusing on high
incidence areas is not sufficient for malaria elimination. More generally, our modeling
framework can be used to prioritize resource allocation and identify the conditions
necessary for malaria elimination in the region.

While the number of malaria cases in Bangladesh has decreased dramati-
cally from 2008 to 2020, the Chittagong Hill Tracts (CHT) region in the
southeast of the country still bears a substantial burden of the disease1–3.
Humanmobility complicates control and elimination efforts for malaria by
facilitating the spread of the parasite between regions with different levels of
transmission and incidence. Frequent travel between endemic and non-
endemic regions, along with the presence of asymptomatic carriers of
malaria, make it challenging to fully prevent the reintroduction and re-

establishment of malaria parasites into regions with no local infections4. In
Bangladesh, a study based on a travel survey of 2090 malaria patients
revealed substantial human mobility within the CHT region5. Travel pat-
terns included both short-term daily trips and longer stays, with substantial
variation based on purpose, demographics, and occupation. Reported travel
between coastal, more densely populated regions and forested areas with
higher number of malaria cases likely plays an important role in malaria
transmission.
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Plain Language Summary

Malaria can be hard to eliminate because
people move between regions. This
movement can carry parasites from areas
with high transmission (“source” regions) into
areaswith lower transmission (“sink” regions).
We built a mathematical model of malaria in
Bangladesh that combines human
movement patterns with disease data. We
found that elimination works best when
control efforts targetareas thathavebothhigh
malaria transmission and strong connections
to larger, more populated districts. Focusing
only on areas with high numbers of cases is
not enough to achieve elimination.Ourmodel
can facilitatepublic healthdecisionsonwhere
to focus resources and what conditions are
needed to achieve malaria elimination in
Bangladesh.
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To achieve the goal of elimination it can help to identify regions
that are “sources”, i.e., where humans travel to and become infected,
and “sinks”, i.e., where the parasite is introduced by travelers, since the
most effective intervention methods for source and sink populations
may differ. Common malaria interventions include vector control
strategies such as insecticide-treated nets (ITNs) and indoor residual
spraying (IRS), as well as treatment strategies like rapid diagnostic
testing and treatment, and intermittent preventive treatment (IPT) for
vulnerable populations6. Testing and treating of travelers moving to
and from endemic source areas, or implementing vector control efforts
in these areas, has the potential to dramatically reduce transmission
and incidence across the CHT. Thus, to allocate resources appro-
priately for such a strategy, we need to identify source and sink regions
based on the local malaria transmission intensity and the connectivity
between locations. This is challenging since patients may not be
diagnosed in the place of infection and using local incidence rates to
identify source and sink locations can potentially be misleading.

Malaria incidence in theCHT is highly heterogeneous,with the highest
incidence occurring along the forested border regions in the southeast1.
However, in a region with a highly mobile population, the geographic
heterogeneity in incidence rates may not reflect underlying patterns of
transmission. Previous work has shown that while the forested regions were
contributing imported infections to the lower transmission areas in the
southwest, there was substantial importation of parasites throughout the
CHT7. These results suggest that human mobility and mixing across the
CHTcontinue to pose amajor challenge to elimination, and that the efficacy
of intervention efforts is dependent on both the levels of parasite importa-
tion and local transmission in a location. Due to these complexities, map-
ping parasite sources and quantifying local transmission intensity can be
greatly facilitated by a mechanistic modeling framework that incorporates
human mobility and transmission dynamics within and across locations.
Here we construct a metapopulation human-mosquito malaria model,
parameterized by humanmobility data and fit to epidemiological data8,9, to
quantify the local basic reproductionnumber, R0, and the impact of targeted
vector control interventions.

Mobile phone call detail records (CDR) offer a unique opportunity to
measure human mobility at spatial and temporal scales relevant for disease
transmission and has been used previously to map sources and sinks of
malaria parasites8,10,11. Yet the sparsity ofmobile phone towers in lowdensity
population in forest and forest fringe areas, where vector density tends to be
high12, means thatmeasuringmovement to and from these regions remains
difficult. To address this issue, we first used a gravitymodel, fitted tomobile
phone data from areas with high coverage, to infer mobility in regions
without sufficient coverage of phone towers. The complete mobility data
was then used to parameterize amechanistic metapopulationmodel for the
spatial transmission of malaria in the CHT. We find that malaria trans-
mission intensity varies greatly across location in theCHT.The fittedmodel
was used to identify the most important locations for vector control efforts.
Our results show that the greatest impact in reducing overall incidence
through local interventions, are in places with both high transmission
intensity and high connectivity withmore populated districts in thewestern
part of the CHT. Overall, our methods provide a framework for targeted
public health resource allocation in regions with heterogeneous transmis-
sion and high connectivity.

Methods
Malaria data
Themalaria incidence data (number of recorded cases per 1000 persons per
year) were collected by the National Malaria Elimination Programme from
January 2015 toAugust 20187 and the population sizeswere from the census
in 201113.

Human movements
We estimated human movements between all pairs of unions (smallest
administrative unit in Bangladesh) with at least one mobile phone tower

using mobile phone call data records from April 1st to September 30th,
20177. Subscribers were assigned locations based on the union where their
most frequently contacted mobile phone tower was located on a given day.
Movements were identified if the primary location changed from 1 day to
the next. We first calculated the average numbers of daily movements
amongunions, then obtained theproportionof trips fromunion i to union j,
denoted as pij, by dividing the average number of daily trips fromunion i to j
by the total number of daily trips originating from union i. Since human
movements to and fromunionswithout anymobile phone towers could not
be estimated from the mobile phone calling data—these unions are pri-
marily located in forested areas with higher malaria incidence rates—we
trained a statistical model based on estimated humanmovements from the
mobile calling data to estimate human movements for unions without any
mobile phone towers.Weused amodified version of the gravitymodel,fit to
observed data for locations with mobile phone towers, to estimate the
movement between unions that were missing towers, Mij. Specifically, we
assumedMij ~ Poisson(λij) and fit the following Poisson regression model:

logðλijÞ ¼ αi þ αj þ β1LogðHiÞ þ β2LogðHjÞ þ β3Tij ð1Þ

whereλij is the expectednumber of trips fromunion i to union j;αi andαj are
fixed-effects at the district-level for unions i and j, respectively;Hi andHj are
the population sizes of unions i and union j, respectively; andTij is the travel
timebetweenunion i andunion j14.Weused the glmpackage inR to estimate
the parameters, and used the fitted model to estimate the unobservedMij.

We also estimated the number of subscribers who remain in the same
union, i.e. the number who do not move in a given day, based on a similar
model fit to observed data for locations with mobile phone towers. We
added income as a covariate to the model and fit the following Poisson
regression model:

logðλiiÞ ¼ αþ β1LogðHiÞ þ β2Inci ð2Þ

whereλii is the expectednumberof subscriberswho remain in agivenunion;
α is thefixed-effect at the district-level for union i;Hi is the population size of
union i, as defined in Eq. 1; and Inci is the average income of union i from15.
Missing pij values were then calculated according to

λijP
j
λij
:

Metapopulation malaria transmission model
We used a metapopulation malaria transmission model, developed by
Ruktanonchai et al.8, parameterized by the human mobility data described
above.Thismodel is an extensionof theRoss-Macdonald framework,which
has been adapted to include human movement dynamics8,16,17. Within this
model, we track the proportions of infected humans (Xi) and mosquitoes
(Yi) for each union i.

The model incorporates two main aspects of human mobility that
affect malaria transmission. Firstly, it considers the impact of infected
human travelers on the infection of susceptible mosquitoes in their desti-
nation. This is quantified by the variable κi, which represents the proportion
of infected humans in location i, including both residents and visitors.
Secondly, the model accounts for how infections of residents in each loca-
tion i are influencedby exposure to infectiousmosquitoes both locally and in
locations they visit. This influence is quantified by aggregating the impacts
from all locations, with each contribution weighted by the mobility esti-
mates pij.

κi ¼
P

jpjiXjHjP
jpjiHj

ð3Þ

dXi

dt
¼

X
j
pijmjabYj 1� Xi

� �� rXi ð4Þ

dYi

dt
¼ acκi e

�μτ � Yi

� �� μYi ð5Þ
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Here,m represents the ratio of the total femalemosquito population to
the total human population, r describes the rate at which infected humans
recover, μ indicates themortality rate of infectedmosquitoes, and τ refers to
the incubation period of the disease within mosquitoes. The biting rate of
mosquitoes on humans is denoted by a, whereas b and c represent the
probabilities that a bite from an infectious mosquito will successfully
transmit the disease to a susceptible human and vice versa, respectively. Hi

denotes the humanpopulation size in union i13. Among these parameters,m
is more likely to be study-site specific, while other parameters representing
features of themosquito biology andmalaria infection and transmissionand
are commonly assumed to be constant in previous studies8. Therefore, we
used parameter values for a, b, c, r, μ, and τ from other malaria studies (see
SupplementaryTable 1) and solved form for each union using the following
approach.

Since mosquito dynamics are relatively faster compared to human
dynamics, we assumed a quasi-equilibrium for infectious mosquitoes. We
solved for quasi-equilibrium Yi by setting Eq. 5 to zero, and substituted this
value into Eq. 4 to derive the resulting equation for the proportion of
infectious humans (Eq. 6) (see details in ref. 8). The solution for quasi-
equilibrium Yi, Yi*, is

acκi
μþacκi

e�μτ .

dXi

dt
¼

X
j
pijmjabY

�
j 1� Xi

� �� rXi ð6Þ

Equation 6 describes how the proportions of infected humans change
over time.We followed themethods developed by Ruktanonchai et al.8, and
described briefly below, to estimate the vectoral capacity, mi, for each
location. To solve for mi, we assume steady-state and set Eq. 6 to zero.

P
jpijmjabY

�
j 1� Xi

� �� rXi ¼ 0 !yieldsPjpijmjabY
�
j ¼ rXi

1�Xi
, which

can be expressed in matrix form as

AO ¼ gðXÞ ð7Þ

where

A ¼ Pdiagð f Xð ÞÞ

O ¼
O1

..

.

On

0
BB@

1
CCA with Oi ¼

mia
2e�μτ

τ
;

g Xð Þ ¼
g1 Xð Þ
..
.

gn Xð Þ

0
BB@

1
CCA with gi Xð Þ ¼ rXi

1� Xi
and

f Xð Þ ¼
f 1 Xð Þ
..
.

f n Xð Þ

0
BB@

1
CCA with f i Xð Þ ¼ bcκiμ

acκi þ μ
:

Then O can be solved by

O ¼ A�1gðXÞ ð8Þ

and

mi ¼
Oiτ

a2e�μτ
:

Since our observed data ismalaria incidence by location, Ii, we used the
steady-state relationship between incidence and prevalence and setX�

i ¼ Ii
r .

Thus, given the malaria incidence of each union, we calculated analytical
solutions for mi by solving for O (Eq. 8).

This analytical steady-state solution does not restrict values ofmi to be
>zero. For regions with very low or zero incidence, it is possible for the
solution of mi to be negative. However, as negative mi has no biological
meaning, for the unions with derived mi < 0, we replaced them by a small
positive value (10−10). To ensure this did not influence the fitting to the
incidence data, we compared the incidence predicted from this mechanistic
model and the empirical incidence data, and found they were consistent
(Supplementary Fig. 1).

For comparison, we also constructed the basic Ross-Macdonald
model16 without spatial component as follows:

dXi

dt
¼ miabYi 1� Xi

� �� rXi ð9Þ

dYi

dt
¼ acXi e

�μτ � Yi

� �� μYi ð10Þ

Similarly, we assumed quasi-equilibrium for Yi by setting Eq. 10 to
zero, substituting this value into Eq. 9, and then setting themodified Eq. 9 to
zero to derive the expression for mnomob,i without considering spatial
dynamics:

mnomob; i ¼
rXiðacXi þ μÞ

a2bce�μτXið1� XiÞ
ð11Þ

With two versions of mi, one considering mobility and one without, we
derived two corresponding versions of R0 for each union i by

R0i ¼
mia

2bce�μτ

rμ
: ð12Þ

InEq. 6, the changes in the proportion of infectious humans in location
i are driven by infectious mosquitoes either in location i (piimiabY

�
j ) or in

location j (pijmjabY
�
j ). To compute the proportion of infected individuals

whose residential location is union i and who were infected either while
staying in union i (Cii) orwhile traveling to union j (Cij), each term is divided
by the sum of all terms as follows:

Cij ¼
pijmjabY

�
jPn

k¼1PikmkabY
�
k

ð13Þ

The number of unions is denoted by n. The proportion of imported
infections (can be viewed as “sink score”) in union i is then calculated byPn

j¼1 ðj≠iÞCij. The “source score” for union i is equal to
Pn

j¼1 ðj≠iÞHjIjCji,

where Ij is the incidence rate in location j.

Finally, we defined highly populated areas (Hhigh) as those with
population sizes in the top quartile.We quantified the connectivity to these
areas for each union by summing the number of people traveling to or from
the highly populated areas as follows:

Di ¼ Hi

X
j2Hhigh

Pij þ
Xn
j2Hhigh

HjPji ð14Þ

To identify malaria elimination strategies, we simulated the impact of
local elimination on overall reduction of incidence in the region. We did so
by setting themosquito-to-human ratio for each union to zero one at a time,
which is analogous to themaximum level of mosquito control. The effect of
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interventions was calculated by the reduction in the number of infected
individuals across the whole CHT region.

Ethical approval
Ethical approval was obtained from the Oxford Tropical Research Ethical
Committee (1-15), Bangladesh Medical Research Council Ethical Com-
mittee (BMRC/NREC/2013-2016/1154) and Harvard University Human
Research ProtectionProgram (IRB14-2669).No consentwas required aswe
used anonymized routinely collected malaria surveillance data which was
aggregated as numbers of cases with no personally identifiable information.
Ethical approval to use this dataset was approved by all three committees.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Results
We adapted a metapopulation mechanistic model of malaria transmission8

to quantify parasite importation and level of local transmission ofmalaria in
theCHT inBangladesh. Spatial couplingbetween locationswas informedby
humanmobility data derived frommobile phoneCDR. For regionswithout
sufficient mobile phone coverage, we used an adapted gravitymodel, where
travel volume between pairs of locations is estimated as a function of the size
of the locations and thedistance between them(seeMaterials andMethods),
to infer themissingmobility data (Supplementary Fig. 2).We estimated the
transmission intensity for each union—as quantified by the local repro-
duction number, R0,—by fitting the mechanistic model steady-state simu-
lations toobserved incidencedata (SupplementaryFig. 3).Wecompared the
results of using a metapopulation model with spatial coupling between
unions with a classical model with no spatial coupling, and much greater
heterogeneity in transmissionwas found in the CHTwhen humanmobility
was included in the model (Fig. 1A). When spatial coupling between loca-
tions was ignored, the estimated transmission intensity was directly pro-
portional to the incidence; after consideringmobility, transmission intensity
was correlated but not always proportional to the incidence (Fig. 1B and
Supplementary Fig. 3). While incidence was highest in the forested south-
western region, we found that transmission intensity in that area was highly
heterogeneous; locationswith the highest incidencewere not necessarily the
same areas with the highest local transmission intensity (Fig. 1). Our results
also showed that pockets of high transmission intensity exist in the northern
part of the CHTs, which is an area with relatively low incidence.

A key advantage of using a mechanistic metapopulation model of
transmission is that it allows us to quantify the relative importance of local
transmission relative to imported infections, a crucial component of guiding
elimination efforts. Using the mechanistic model with complete mobility
data coveringall unions in theCHT,wecalculated the source and sink scores
for each location and identified the top transmission routes (Fig. 2). The
source score quantifies the contribution of each location to infections that
occur elsewhere; the sink score is the proportion of imported infections in
each location.We found that source populations weremainly located in the
southeastern part of the CHT (Fig. 2B); these regions had relatively high
incidence andwerewell-connected tomore densely populated unions in the
western part of theCHT.Nine out of the top ten source locationswere in the
heavily forested Bandarban district in the southeast. Unions in the western
part of the CHT had lower local transmission intensity and a higher pro-
portion of infections that were imported (Fig. 2).

We quantified the effect of public health measures by applying vector-
control interventions, resulting in local elimination of the mosquito popu-
lation, to one union at a time, with the goal of understanding how to
prioritize limited public health resources. While the effect of the interven-
tion—measured as the percentage reduction in the overall incidence across
the entire region—was positively correlatedwith the estimated transmission
intensity (correlation = 0.541; p < 10-12) and incidence (correlation = 0.796,
p < 2.2 × 10-16) of the union where the intervention was applied, the effect

size varied considerably for locations with similar R0 and incidence (Fig. 3).
This is due to the impact of human movements and malaria source-sink
dynamics between locations. The unions that had the highest impact, such
as Alikadam and Lama, were those with high source scores as well as
relatively high local transmission and incidence (Fig. 3). In general, the effect
of the intervention was higher when implemented in unions with higher
source scores, higher connectivity to highly populated areas, and lower
proportion of imported infections (Spearman’s partial correlation = 0.91
[source], 0.46 [connectivity], and -0.37 [prop. imported]; p < 1×10-5 for all),
controlling for the level of local transmission. We found that the impact of
interventions in the unions geographically closer or more connected to the
western part of the CHT region (such as Lama) was higher than the unions
with higher incidence but lower connectivity (such as Remakry) (Fig. 3).
Our analysis therefore provides a quantitative measure of intervention
effects for guiding targeted interventions and resource allocation in the
CHT. As sensitivity analyses, we also repeated the analysis assuming 10%,
80% and 90% reporting rates for malaria incidence (Supplementary Fig. 4)
and quantified the impact of interventions resulting in 50%, 80%, and 90%
reductions of the mosquito to human ratio, as opposed to complete local
elimination (Supplementary Fig. 5). Results with lower reporting rates were
qualitatively similar to our main results. As expected, a smaller reduction in
m leads to a lower percentage reduction in incidencedue to intervention, but
the results and patterns are qualitatively similar. Most notably, intervening
in the same set of locations highlighted in Fig. 3B and C, have the largest
impact in reducing overall incidence. For reporting rates of 80% and 90%,
the top five locations were identical to those in the main analysis; under the
10% reporting rate, four locations overlapped, and the remaining one from
the main top five (Chokhyong) ranked seventh.

Discussion
Designing targeted malaria control interventions requires a careful under-
standing and quantification of how travel drives the spatial epidemiology of
malaria, and the relative importance of local transmission and importation.
Identifying source-sinkdynamics and connectivity between locations canbe
helpful for control programs since the overall impact of controlling trans-
mission in source locations depends on (1) the local transmission intensity
and incidence, (2) the degree to which the location is connected to other
locations; and (3) the population density and transmission intensity in the
connected sink locations.

We constructed a metapopulation mechanistic model to estimate
transmission intensity for each union and assess the potential impact of
vector control. Since mobile phone data were not available in some of the
forested areas, we utilized statistical models to infer missing mobility data,
which enabled us to construct a metapopulation model with complete
mobility network for the entire CHT region. We found that, in general,
incidence in a particular location was associated with the effectiveness of
intervention efforts in reducing overall malaria burden in the CHT. How-
ever, due to frequent travel between high and low transmission areas, vector
control efforts inmany areaswith low incidence also had amoderate impact
in reducing overall incidence, indicating that only focusing on high inci-
dence areas is not sufficient for malaria control. We showed that regions
with relatively high transmission intensity and higher connectivity with
more populated regions in the west had a greater impact, and therefore
prioritizing interventions in these regions are likely to be more effective.

Previous studies on spatial heterogeneity in malaria transmission
have primarily focused on observed variations in incidence1,18–22,
often without directly accounting for the impact of human mobility.
However, our study, along with previous research8,21, demonstrates
that human mobility can impact the interpretation of spatial het-
erogeneity in malaria transmission studies. Considering mobility
when interpreting malaria transmission in Thailand suggested that
the three main hotspots were not likely to be connected21. A study in
Namibia revealed much greater levels of spatial heterogeneity of
malaria transmission after incorporating human mobility8. The
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integration of parasite genetic data with human mobility data iden-
tified regions with a high proportion of domestically imported
infections in the CHT region of Bangladesh7. The scarcity of studies
incorporating human mobility may stem from the limited availability
of mobility data, historically, particularly in forested areas where
malaria transmission tends to be higher23. With mobility data
becoming increasingly accessible in recent years24, our study provides
a method to infer missing mobility data for regions with limited
phone tower coverage, promoting the incorporation of human
mobility in analyses of spatial heterogeneity in malaria transmission
to enhance resource allocation. While our results for source-sink
locations are specific to the CHT region, the methods we developed
in this study are applicable to the entire country and beyond.

Our study has several important limitations. First, we used the
steady-state solution to the metapopulation model, fit to observed
incidence data, to estimate the local transmission intensity and
proportion of imported infections. This requires the assumption of
temporal stability in incidence. Until recently, malaria incidence has
varied only moderately year to year in the CHT allowing us to
approximate the steady-state; however, this model would not be
appropriate for future planning efforts when large variations in
incidence occur as has happened in 2021–202225. Our modeling
framework also ignores any possible seasonal effects, either in inci-
dence, the vector population, or in human mobility—all of which
have been shown to vary seasonally in prior research1,26–29. These
seasonal variations could have interaction effects and the areas where

Fig. 1 | Variation in local transmission intensity. Estimated local transmission
intensity (R0) estimated (A) with and (B) without mobility data included in the
mechanistic transmission model (i.e. with and without spatial coupling between
locations). C Estimated local transmission versus incidence (number of recorded
cases per 1000 persons per year). R0 estimated without spatial coupling between

locations is proportional to the local observed incidence; R0 estimated with spatial
coupling can vary widely across locations with similar levels of incidence.D Relative
importance of local transmission versus proportion of infections that are imported
for each location.
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vector control is most effective could change throughout the course
of the year. Our model also ignores any spatial or temporal variations
in malaria reporting rates, which could impact our results. For
example, if malaria incidence were differently reported in forested
regions versus urban region, we may be over or underestimating the
impact of interventions depending on the discrepancy in reporting
between these regions. Our results are also based on the travel
behavior of mobile phone users and may not be reflective of the
population in general. Although this is a well-established challenge of
using mobile phone CDR data, previous research has suggested that
biases due to demographic differences between mobile phone owners
and the general population are likely to be small especially in places
like Bangladesh with high mobile phone ownership30. We also used
population sizes from the 2011 census13, which, though potentially
outdated, is the only census data available. To infer travel for districts
without mobile phone coverage we relied on a statistical model.
However, the areas without CDR data were more remote and the
travel patterns in those areas may not be accurately predicted by the
fitted gravity model using CDR data from the more populated areas.
Travel surveys, which were collected from malaria patients, can
potentially be used to test the accuracy and generalizability of this
method, and is a key direction for future work. Finally, there may
also be discrepancies between a mobile phone subscriber’s actual
location and the location assigned based on their nearest tower. Our

observed incidence data may also be biased due to differential access
to health care and testing across the CHT, as well as variations in the
proportion of infections that are asymptomatic, which is likely higher
in endemic high transmission areas. Moreover, while the proportion
of Plasmodium vivax infections was historically low31, a recent study
in Bandarban District, Bangladesh, found P. vivax infections
throughout the study area, accounting for 42% (16/37) of mono-
infections32. Since P. vivax can cause relapses, leading to bloodstream
infections and potential transmission weeks, months, or even years
after the initial mosquito bite, its increasing proportion poses addi-
tional challenges to malaria control efforts that were not considered
in our study. Additionally, the lack of data on mosquito abundance
and vectoral capacity made it difficult to validate the estimated
mosquito-to-human ratio from our fitted mechanistic model. Finally,
our results do not account for the cost of rolling out and scaling up
malaria interventions, or potential non-linearities in the relationship
between incidence reduction and the cost of interventions. Inte-
grating our model results within a cost-effectiveness framework is an
important direction for future research.

Weprovide thefirst quantitativemeasure for intervention effects in the
CHT for policy makers to prioritize targeted interventions. Although we
consider only one possible intervention scenario—vector control to elim-
inate themosquitopopulation—ourfittedmodel couldbe applied to explore
other intervention scenarios, such as simultaneous targeting of multiple

Fig. 2 | Source and sink dynamics in the CHT. A The estimated proportion of imported infections; (B) the source score; and (C) the top 0.05% of transmission routes (the
width of the arrows is proportional to the volume of importation).
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locations, and be integrated with additional factors, such as the cost of
interventions and the accessibility to diagnosis and treatment, to guide
decision-making for future malaria control and elimination efforts.

Data availability
Access to mobility data is regulated through non-disclosure agreements
(NDAs) and data sharing agreements, and cannot be released publicly. All
requests for mobile phone dataset should be directed to Telenor Research,
Norway. All model estimates and source data for recreating figures are
available at https://zenodo.org/records/17060935.

Code availability
All code used in this study is available at https://zenodo.org/records/
1706093533.
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