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Abstract
Population mobility within a country can lead to a number of externalities, from
the spread of information and goods, to the transmission of disease. While studies
have shown that population movement has the negative externality of spreading
infectious diseases, little research has focused on what can be done to mitigate this
negative externality. This paper demonstrates how mobile phone data can be used
in order to inform policies that help to allocate a government's scarce resources in
the most cost-eective way to ameliorate the spread of infectious disease. Focusing
on malaria in Senegal as a case study, the paper rst quanties the relationship
between travelers and spread of malaria using a unique dataset of Call Detail Records
(CDRs) within Senegal for 9 million users over the course of a year. Then, it uses
counterfactual scenarios to pinpoint hotbeds of disease in time and space and provides
a policy recommendation for how to target cases arising from travel. The study nds
that each new case entering an area and remaining for 14 days, leads to 1.8 new cases
being seen at a health post. Using a targeted policy, more than 40% of these cases
could be averted at a fraction of the cost of an untargeted policy.
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Introduction
Population mobility within a country can lead to a number of externalities, from

the spread of information and goods, to the transmission of disease. While the link
between travel and disease has been studied in the epidemiological literature at the
level of a single village, or a few villages, few studies have looked at the eect of
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travel on a larger scale, such as an entire country. The main reason is that data on
short term movement is dicult to collect, so that studies that have tried to study
the spread of disease due to movement on a larger scale have had to use rough proxies for movement. Yet as transportation infrastructure improves and people become
more mobile, it is critical to understand the link between this mobility and disease
in order to mitigate the negative externality, reduce the disease burden, and prevent
the spread of devastating epidemics.
This study is in a unique position to study the eect of short term movement on
disease due to an extensive dataset of cell phone usage for 9 million SIM cards in
Senegal over the course of 2013. This dataset provides the approximate location of
all calls and texts, which makes it possible to trace changes in location over time and
to extract patterns of movement between dierent areas. This is ideal for measuring
short term movement on a national scale, which cannot be tracked with most large
data sources like the census.
While internal movement can impact all infectious diseases, the paper focuses on
malaria. Malaria infected almost 200 million people in 2013 and has negative economic consequences for the households aected as well as for the governments trying
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to ght the disease (

2014,Shepard et al. 1991, Chuma, Thiede,

and Molyneux 2006). In addition, many studies have found movement of infected
individuals to be a key factor for the resurgence or outbreak of malaria (Cohen et al.
2012, Lu et al. 2014).

This disease is particularly important to study in Senegal,

because malaria is the second deadliest infectious disease in the country, and is the
focus of an elimination campaign in the north of the country.

In the context of

studying the relationship between movement and disease, it is an especially apt case
because in the north of the country, which is the region that is the focus of this
study, movement plays the biggest role in the propagation of the disease. In one district where epidemiological survey data was collected by the nonprot organization
PATH, it was found that since 2012, around 70% of all cases in the district have
been imported through travel, and these have contributed to more than half of the
secondary cases in the district.
Therefore, in order for the Senegalese Ministry of Health to use the resources it
is putting into this elimination campaign in the most eective way, it is necessary
to understand the travel patterns into the north of the country, the impact of travel
on malaria cases, and the areas of the country that contribute the most to the importation of new cases.

Utilizing cell phone data, I am able to study these three
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questions and provide analysis that can help contribute to the elimination of the
disease. While previous studies have used cell phone data to determine areas that
are sources of malaria and areas with higher risk due to movement (Tatem, Qiu,
et al. 2009, Wesolowski et al. 2012, Enns and Amuasi 2013), this study goes a step
further to quantify the eect of movement and determine the timing of transmission
by combining the cell phone data with high frequency data on number of malaria
cases.

This type of analysis has not been done on a national scale before, but is

necessary for the eective and ecient distribution of resources by the government.
The study nds that each expected case of malaria entering a healthpost catchment area in the north of the country and remaining for at least 14 days leads to 1.8
cases of malaria in the nearest healthpost. The paper further nds that out of the
eight health districts studied, it is in the ve very low malaria ones where travelers
make the largest impact in terms of case load. It then focuses on these districts to
study which are the hotspots from where infected travelers are most likely to come.
Then it investigates one particular intervention to see what the cost versus benet
of targeting travelers from particular districts would be. It nds that conducting a
targeted intervention involving testing all travelers from particular districts entering
the low malaria areas during certain times of the year and treating those that are
infected could be conducted at a fraction of the cost of an untargeted intervention
where all travelers were tested throughout the year and would mitigate 40% of cases
due to travelers in these districts. While an untargeted intervention would not be
feasible or cost eective for a government to implement, this paper demonstrates how
detailed movement data can be used to craft a targeted intervention that directly
addresses a large part of the negative impact of travelers.
The paper begins with some background on the link between migration and the
spread of disease.

Section 3 describes the data on malaria and population move-

ment. Section 4 outlines the empirical analysis and results linking travel to malaria
and section 5 studies particular hotspots and examines the cost and benet of one
policy.

Section 6 includes some robustness checks and the paper concludes with

section 7.
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Movement and Malaria
The link between movement and the spread of communicable diseases is not a

new topic (Prothero 1977, Balcan et al. 2009, Huang, Tatem, et al. 2013, Tatem and
D. L. Smith 2010).

Specically, a number of case-control studies have been done
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looking at the link between malaria and travel in a specic location.

Researchers

select a group of people that is diagnosed with malaria and a comparable group that
is not and then conduct a survey that asks about travel history, along with other
demographic characteristics that could contribute to malaria contraction ( Siri et al.
2010, Osorio, Todd, and Bradley 2004, Yukich et al. 2013). They nd that recent
travel, from 8-14 days up to 30 days prior, is one of the main risk factors for contracting malaria. These types of case-control studies have only been done on single
locations due to the cost and time necessary to collect travel history data. Therefore, they suer from a lack of external validity and inability to be applied to general
models of travel in the country that could be used to inform national policy.
Some studies have used census data or national surveys to measure migration in
order to describe migration routes and how these relate to the presence of malaria in
dierent parts of a country (Lynch and Roper 2011, Stoddard et al. 2009). Yet the
migration data available, especially for internal migration, is often not suciently
high resolution to establish a link between internal movement and the spread of a
disease. In addition, the movement captured by surveys and the census often times
misses short term movements and cyclical migration (Deshingkar and Grimm 2004).
In economics, attempts have been made to study the eect of movement on spread
of disease through variables used to proxy for movement.

Adda 2016 studies the

eect of school closings and railway strikes on the spread of the u, diarrhea and
chickenpox in France. Oster 2012 studies the eect of exports on the spread of HIV,
with the main mechanism being the travel of truckers. Yet in both of these papers,
only one or two types of mobility are potentially measured using proxies and it is
dicult to make any conclusions about the eect of mobility more generally. In addition, while Adda does tackle the issue of what the impact of certain policies aimed
at mitigating the eect of travelers would be, he is only able to look at untargeted
policies, which he nds too costly to implement.
In particular in Senegal, data on movement is only available nationally through
the Senegalese Survey of Households (ESAM) and the Census, both of which only
have data on migration and no measure of short term visits. Therefore, the only empirical study of movement and malaria is a project done in Richard Toll, one of the
districts in Senegal that is covered in the data used for this paper. It tracked malaria
cases over 12 weeks and used a questionnaire to learn more about how malaria was
spreading (Littrell et al. 2013). The study found that one of the main risk factors
for contracting malaria was travel that entailed an overnight stay. A country-wide
study of malaria that includes regions with dierent levels of prevalence has not been
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done due to the prohibitive cost of tracing and interviewing all malaria cases.
Le Menach et al. 2011 is the closest paper to this research. Combining cell phone data
for Zanzibar as well as a dynamic mathematical model of importation and transmission rates, they study the transmission from residents traveling to malaria endemic
regions as well as visitors and immigrants coming from endemic regions. They nd
that residents traveling to malaria endemic regions contribute 15 times more imported cases than infected visitors. They also estimate the malaria importation rate
to be 1.6 incoming infections per 1000 inhabitants per year. This study is limited in
that it is focused on an island that has an extremely low rate of malaria, which makes
the ability to generalize to areas that might have higher rates of malaria dicult.
In addition, it contains no measure of number of malaria cases and is only based
on theoretical predictions of the prevalence and reproductive rates, which make a
number of assumptions that could aect the estimates.

3

Data

Malaria Data
The data used to measure malaria prevalence comes from the Programme National de Lutte Contre le Paludisme (PNLP) (

Paludisme No 1-46, 2013

Bulletin de Surveillance Sentinelle du

2013). This national program, which has the goal of con-

trolling malaria in Senegal, has been working in collaboration with PATH's Malaria
Control and Elimination Partnership in Africa Program to collect case data at different spatial and temporal levels. There is monthly data by health district starting
in 2012 for the whole country, monthly data at the health post level for eight health
districts starting in 2013 and weekly data at the health post level for four health
districts starting in 2013.

The cases reported are all new cases in the respective

month or week. All potential malaria cases are tested using a Rapid Diagnostic Test
(RDT); therefore, the data consists of conrmed malaria cases.
This paper utilizes the data for health posts at the monthly level.

It provides a

mix of both lower and higher malaria health posts (while the weekly health post
data covers mostly higher malaria health posts). It also makes it possible to study
the eect of movement at a ner scale than the health district, which is important
since dierent areas within a district experience dierent movement patterns and
dierent levels of malaria, and this variation would be missed if studied at the health
district level. In addition, the districts for which there is monthly data at the health-
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post level comprise almost the entirety of the northern part of Senegal, which is the
area where the Ministry of Health is aiming to eliminate malaria. Figure 1 shows
the health districts for which there is monthly data at the health post level. These
health districts are subdivided into areas based on the location of the health posts
and cell phone towers. For those healthposts close together (in the same village or
neighboring villages) where it would not be possible to distinguish which one individuals in the area would utilize, they were grouped together into one catchment
area. The subdivisions are shown on the map in light gray.
Several things should be noted about the data and malaria in Senegal that are
important for the analysis. Although several malaria parasites exist worldwide, in
Senegal, almost all cases of malaria are due to
2014). The malarial cycle for

P. falciparum

P. falciparum (World Malaria Report

can take several weeks, with both an

incubation within the mosquito of around 9 days and an incubation within humans of
about 5 to 15 days. Importantly, unlike some of the other malarial parasites, it does
not have the potential to lie dormant for a period of time, and therefore if symptoms
appear, they will happen within a few weeks of the infection and there will be no relapses years later, which happens with some of the other malaria parasites and would
signicantly complicate the current analysis.

1

In addition, the focus of the analysis

on the north of the country further simplies the modeling of malaria prevalence in
this study because immunity is rarely acquired in this part of the country due to the
low prevalence. In areas where malaria is endemic, multiple infections with malaria
will lead individuals to develop what is known as acquired immunity and means that
while a person might still carry the parasite and be able to infect mosquitoes, he
or she does not develop symptoms, and therefore would not show up as a case in a
health post. In the north of the country since malaria is not endemic but relatively
rare, individuals living in this area do not have immunity and do develop symptoms
that are usually severe and necessitate the need to seek treatment at a health facility. Furthermore, there are active health workers throughout the region that help to
identify cases of malaria even in areas where there is not a health post close by, and
these cases are added to the case numbers of the health post closest to where they
were found. These aspects particular to the region of Senegal studied help to ensure
that the healthpost case data is an accurate representation of malaria prevalence in
this area.

1 Details

on malaria transmission and the biological cycle can be found in Doolan, Dobaño, and
Baird 2009, D. L. Smith and McKenzie 2004, Killeen, Ross, and T. Smith 2006, Johnston, D. L.
Smith, and Fidock 2013, Wiser 2010).
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There are two channels through which movement is considered to spread malaria.
The rst is visitors or migrants that live in a high malaria area and travel to a low
malaria area.

These individuals could have acquired immunity or not yet exhibit

symptoms, but could still be carriers of the disease. Therefore if they are bit by a
mosquito in the low malaria area, they could infect that mosquito and it could in
turn infect other individuals in the households or nearby areas. The second channel
is residents of low malaria areas who travel to high malaria areas and could become
infected when bit by infected mosquitoes, especially since they lack any immunity to
the parasite. Due to the fact that malaria symptoms would not appear for 5 to 15
days, it is possible that the resident could then travel home feeling ne, but would
then not only become symptomatic in their new location and show up as a malaria
case, but could then infect mosquitoes in their home that could infect other individuals and pass on the disease. Since the average radius of travel for the mosquitoes
that carry the malaria parasite in Senegal is around 1-2 kilometers, the study does
not consider the movement of mosquitoes since the analysis is carried out on a larger
scale(Russell and Santiago 1934, Thomas, Cross, and Bøgh 2013).

Cell Phone Records
The data used to measure short term visits come from phone records made available by Sonatel and Orange in the context of the D4D Challenge, a call for projects
with the objective to explore the potential of mobile call data to facilitate socioeconomic development. The data, which were provided to six teams, come from the
second phase of the project and consist of call and text data for Senegal between January 1, 2013 and December 31, 2013 for all of Sonatel's user base. In 2013, Sonatel
had slightly over 9 million unique phone numbers on its network.

To put this in

perspective, the total population of Senegal in 2013 was around 14 million.

The

data contains information on all calls and texts made or received by an individual,
their time, date and location of the closest cell phone tower, which is what allows for
individuals to be tracked in space as they make calls from dierent tower locations.
The data is anonymized, so that while random IDs are provided that make it possible
to track the same individual over time, there is no identifying information on the
individuals.
Figure 2 demonstrates the total number of calls and texts made each day by the
individuals in the dataset. At certain times during the year there are spikes in the
number of phone calls.

Vertical lines in the graph mark the two biggest Muslim

holidays, Korité and Tabaski, known also as Eid al-Fitr and Eid al-Adha respec-
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tively. The graph demonstrates that many people call and text on those holidays.
Yet, as the movement graphs will show later, the movement is not directly linked to
the number of calls/texts being made, because some of the holidays associated with
signicant movement are not associated with above average usage patterns.
The current study only focuses on the last phone call/text of the day made or received by individuals in order to determine the locations where individuals reside

2

rather than capturing work locations . First, in order to measure movement a location is assigned to each person for each day. The location of the last call of the day
is assigned as the location for that day. In instances where there are days with no
calls, the location of the day closest to the one missing where a location is known
based on a call is assigned to the missing days. In this way a location is assigned for
every day of the year. Movement is dened as a change in location from one health
district to another between two consecutive days, with the variable of interest being
number of people that enter a district based on this denition of change.

Precipitation Data
There is a large literature that looks at the eect of precipitation on malaria.
Therefore, rainfall is included in the model. Data on rainfall come from the NOAA
Climate Prediction Center Rainfall Estimation Algorithm Version 2 (RFE 2.0). Data
is provided daily with a resolution of 0.1 degree based on a combination of estimates
from three dierent satellites and GTS rain gauge data. For the analysis, the raster
data within each health catchment area were averaged on a daily basis to create a
daily rainfall measure for the area. A monthly measure for rainfall was created by
summing the rainfall for each day in the month. This is due to the fact that previous
literature has shown the importance of cumulative rainfall (Silal 2012, Hoshen and
Morse 2004).

4

Empirical Analysis and Results
First we look at some descriptive measures of the data. Figure 3 shows annual

malaria prevalence throughout Senegal in 2013. We can see that for the most part,

2 This

method was compared with another method of capturing individual locations used in
the literature involving only looking at calls made between 7pm and 7am. The two methods did
not dier substantively and the last call of the day method was chosen since it was slightly more
inclusive and did not remove individuals or days for individuals when no calls were made in the
time frame specied by the alternative method.
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the north of the country, which is the focus of this study, has very low malaria and
is at the level considered ready for elimination (below 5 cases per 1000). The large
heterogeneity in malaria prevalence in the country is ideal for studying the eect of
population movement on disease prevalence because it means there are areas of the
country that can act as sources for malaria and other areas which are sinks, where
new cases arise from individuals that are coming from the high malaria areas.
In Figure 4, the focus is on the eight health districts for which there is monthly data
at the healthpost level. It shows average monthly malaria cases in each healthpost
catchment area by district. Malaria cases are extremely seasonal, with the majority
of cases in September-December, with very few cases the rest of the year. The gure
also overlays the average total monthly rainfall in each healthpost catchment area
and shows how the seasonality of cases is closely linked to the rainfall and the rainy
season, which is why the analysis explicitly models this relationship.
Turning now to look at the movement data, Figure 5 shows the average number
of people entering a northern healthpost catchment area each day as a percent of
that catchment area, along with vertical lines marking public holidays and important pilgrimages (blue lines represent pilgrimages while red lines represent major
holidays). We see that the movement patterns largely align with the holidays and
pilgrimages, showing that the majority of deviations that we see in movement are
arising from special occasions that cause individuals to travel, often to visit family and friends, or else to visit an important religious site during pilgrimages. We
see that on average for all the healthpost catchment areas around 2 percent of the
population enters on any given day. Turning to the lower panel of the graph, the
data is broken out by individual healthpost catchment area for one district (Richard
Toll). This shows that the variation in percent of people entering can vary widely
by healthpost catchment area and date. For healthpost catchment areas where an
important religious leader resides, on certain religious holidays the number of people
entering is close to or over 50% of the population of the area. For other healthposts,
the beginning of certain agricultural seasons or other holidays lead to large jumps
in people entering. This variation makes it possible to study the impact of people
entering on malaria cases in these areas.
There are a total of 63 healthpost catchment areas, i, and the analysis is run for
the 12 months, t, in 2013. Before modeling the relationship between movement and
malaria, rst malaria prevalence is modeled based only on seasonality and a few
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additional variables. This is estimated using the following equation:

Mit = β0 + αXi + δZit + it

where

Mit

is total number of malaria cases in area i in month t,

Xi

are the time in-

variant characteristics of i (population, population squared and district xed eects),
and

Zit

are time variant characteristics of i. These include total rainfall in centime-

ters as well as 1 and 2 month lags of rainfall, and rainfall interacted with whether the
healthpost catchment area i is in a low or high malaria district as described earlier,
with the lags of rainfall also interacted with the dummy for high malaria district.
The regression, along with all those following, are run with standard errors modeled
using an AR1 process, though the appendix includes results with standard errors
clustered by healthpost catchment area. The results are shown in column 1 of table
2
1 and based on an R of .418 are able to explain over 40% of the variation in malaria
cases.
Next, the movement variable from the cell phone data is added and results are
shown in column 2 of table 1. There actually is no signicant eect of movement
from malaria, though the coecient is positive and small. This makes sense because
as shown earlier, malaria is extremely seasonal, so movement during low malaria
months like April is not likely to increase the number of cases because there is almost no malaria anywhere in the country. In addition, movement from low malaria
areas should also have very little impact on the number of malaria cases since it is
not likely that those from low malaria areas would be infected. To illustrate this, in
column 3 of table 1, shows the interaction of movement with rainfall and we see that
the interaction term is signicant, so with higher rainfall, movement matters more for
malaria. In the last column of table 1, movement is broken down into people coming
from low and from high malaria areas and this is again interacted with rainfall. The
only term that is signicant is the interaction of rainfall with movement from high
malaria areas, which shows that where people are coming from and when they come
is extremely important for the eect on malaria prevalence in the area of interest.
In order to explicitly model how only particular types of movement are important for
spread of malaria, I develop a measure of expected malaria cases entering a district.
This measure is based on the malaria prevalence of the district that a person entering
is coming from as well as the length of time the individual spent in that district, which
would determine the probability that they are infected with malaria. To determine
the malaria prevalence of the district where an individual is coming from, expected

10

malaria prevalence was calculated based solely on environmental factors in order to
ensure that this indicator is not endogenous. A negative binomial regression was run
using malaria case data at the health district level using the 76 health districts of
Senegal for the 12 months of 2013.

The right hand side variables used to predict

malaria cases were log of rainfall in the current month, last month, and two months
ago, a dummy variable for the four dierent climate zones of Senegal (arid, semi-arid,
tropical and Guinean), the dummies for zones were interacted with log rainfall in the
current and past two months, avg elevation, population, population squared, the sum
of the length of rivers and streams located within the district, and the length of water
bodies interacted with rainfall in the current and past two months. The incidence
2
rate ratios from the regression are shown in table 2. The maximum likelihood R from
the regression is 0.719. How well the predicted incidence matches actual incidence
is shown in gure 6. Health districts are broken down into the 14 regions of Senegal and real cases and predicted cases per month are averaged across health districts.
Predicted malaria cases are then divided by the population of the health district
to get a predicted monthly incidence per health district, and this is further divided
by 30 to get a predicted daily incidence. This makes the assumption that the probability of being infected on a given day within a month is the same, which is the
best approximation that can be used, given only monthly data is available at the

pjit spent lengthpjit days in district j with
predicted daily prevalence predicted_incidencejt before entering district i, summing
across all people pjit that enter i in month t, the total expected malaria cases entering
health district level. Given that a person

i in month t is:

E(M alariaEnteringijt ) =

X

1 − (1 − predicted_incidencejt )(lengthpjit )



pjit
The empirical specication that is then run is equivalent to the earlier one, except
now the expected malaria cases entering term is included instead of just total people entering.

In addition, a variable is included for the sum of predicted malaria

incidence across all health districts in month t, in order to control for the fact that
in some months, malaria prevalence is high across the board, and therefore the expected malaria cases variable is capturing more than just this higher prevalence in
all districts:

Mit = β0 + β1

P

j6=i

E(M alariaEnteringijt ) + β3 P redictedM alariat + αXi + δZit + it

In addition to the length of time that a person spends in district j before coming to
district i, it is also important to factor in how much time the infected case spends in
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healthpost catchment area i. A person passing through an area for a single day is not
very likely to show up as a malaria case in the health post or to infect mosquitoes
that could infect additional individuals in the area. On the other hand, someone that
remain for two weeks and is infected is much more likely to show up as a malaria case
and also to potentially infect additional mosquitoes. In order to factor this in, the
variable for expected malaria cases entering is scaled by the length of time person

pjit

spent in healthpost catchment area i. This is calculated as a percent of the 14

days following their entrance that they remained in area i. As a robustness check,
the length of stay was also calculated as the percent of the 30 days following their
entrance that they remained in area i. Therefore the scaled malaria cases entering is
calculated as follows:

ScaledE(M alariaEnterijt ) =

X

1 − (1 − pred_incidjt )(lengthpjit ) ∗ staypjit



pjit
And the empirical specication is then:

Mit = β0 + β1

P

j6=i

ScaledE(M alariaEnteringijt ) + β3 P redictedM alariat + αXi + δZit + it

The results from the empirical specications described are shown in table 3. Column
1 shows that for each expected malaria case entering the healthpost catchment area,
there are .76 cases of malaria that appear at the health post. Although the coecient
is below 1, as explained earlier, even if an expected malaria case enters the district,
if it only remains for a day it is unlikely the case will be seen at the health post or
that additional individuals will be infected. In addition if it is a case of someone with
acquired immunity, they might not exhibit symptoms and again would not show up
at the healthpost. In column 2, the expected malaria cases are scaled by the percent
of the following two weeks that an individual spends in the district. It shows that
for each expected malaria case that enters and remains for two weeks, there are almost 1.8 cases of malaria generated at the healthpost in that area. Therefore, not
only are people traveling becoming infected, but in addition they are infecting other
individuals in the area leading to an important negative externality. Finally, the last
column shows that if expected malaria cases entering are scaled by the percent of
time spent in the area out of 30 days, the coecient is larger, as would be expected.
For each malaria case entering and remining for at least 30 days, there are around
2.4 cases of malaria at the health post.
As a check of the specication, the main specication was rerun using leads and
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lags of the variable for expected malaria cases entering scaled by stay for 14 days.
The coecients are plotted in gure 7 for six lags and six leads of the main variable.
We see that future movement has no impact on malaria cases in the current month,
with all coecients for leads 1 through 6 not being statistically dierent from 0. Then
in the current month there is a large jump in the coecient up to 1.78, showing a
signicant impact of movement in the current month on malaria cases in that month.
Regressing lag movement also has a signicant eect, so movement in the current
month also impacts the number of malaria cases in the following month. Biologically
this makes sense since the incubation periods of malaria both within the mosquito
and within the human mean that secondary cases would not necessarily appear in
the same month. The coecient in the two months following remain positive, though
insignicant. This could capture the potential appearance of additional secondary
cases much later in the case of incubation periods that last longer than average, or
individuals that wait longer to visit a healthpost.
As mentioned, the main results were conducted using panel adjusted standard errors
that account for autocorrelation in the error term. As a robustness check, the results
were also run using a simple OLS regression and clustering errors at the healthpost
catchment level. These are available in the appendix in table 5. In addition, results
are also available from using a negative binomial specication. Marginal eects are
displayed at various levels of the main variable of interest, expected malaria cases
entering.

5

Policy Implications and Discussion
This section studies the most eective way to target a program that specically

addresses the negative impact of travel on spread of malaria. To do this, rst I will
examine in which areas travel makes up a large percentage of cases, followed by which
districts are hotspots for travelers. The paper will then examine the cost and benet
of a particular policy targeted at travelers.

Districts with Largest Eect from Travel
The rst thing to look at is which districts see the largest impact from travel.
It would make the most sense to target policies specically in those districts where
travelers make up a large percentage of the malaria cases. In order to study this,
the model from earlier and the estimated value of the coecients are used. Figure 8
shows how well our model estimated the number of malaria cases at the healthpost
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catchment area level. The top panel shows average predicted cases and average real
cases at the healthpost catchment area level for the ve low malaria districts and the
bottom panel shows them for the high malaria districts.
A hypothetical scenario is studied where malaria incidence drops among all travelers across the board down to the World Health Organization pre-elimination level
of 5 cases per 1000 people. To do this, the value of predicted incidence in the districts
that travelers are coming from is adjusted to reect the lower incidence of 5 annual
cases per thousand.

This gives a new value for the scaled expected malaria cases

entering:

Mit = β0 + β1 ScaledExpectEnterit + β3 P redictedM alariat + αXi + δZit

ScaledE(M alariaEnterijt ) =

X

1 − (1 − N EW _incidjt )(lengthpjit ) ∗ staypjit



pjit

Figure 9 shows the estimates of total malaria cases predicted based on actual incidence compared to predicted malaria with the lower incidence. The top panel is for
the low malaria districts, while the bottom panel is for the high malaria districts
again. Among the higher malaria districts the eect from travelers is much smaller
as compared to other factors like rainfall and the mosquito populations. In the low
malaria districts though, we see that on average travel is an extremely important
source of malaria cases, and therefore to decrease the case load in those districts, it
is necessary to target the eect of travelers.

The impact is especially pronounced

in the health district Saint-Louis, which receives many travelers from all over the
country, especially for agricultural production (mainly rice and sugar).

As a per-

cent of total cases, reducing incidence among travelers would lower the case load
by over 30% on average in the healthpost catchment areas located in low malaria
districts, while in the healthpost catchment areas located in high malaria districts,
the caseload would only be lowered by less than 8%.

Therefore, it is important

to utilize dierent strategies in the dierent districts, with environmentally focused
strategies being more eective in the high malaria districts, while strategies aimed
at travelers need to be implemented in the low malaria districts. Figure

??

in the

appendix illustrates the eect of decreasing incidence among travelers down to 0.
The impact is not much larger, therefore, even reducing incidence in travelers down
to the pre-elimination level of 5 cases per 1000 would be an extremely eective policy
in these districts.
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Hotspot Districts for Travelers
The previous section looked at where travelers make the largest impact, but
it is also important to know where infected travelers are coming from in order to
determine how policies can be targeted. In order to do this, a similar hypothetical
situation is studied as the section before, but rather than looking at the eect of
reducing incidence in all travelers, it studies the impact of reducing incidence among
travelers at only one district at a time. This makes it possible to see, how large the
impact would be if a policy was implemented targeting only one district. In this way,
the districts that are hotspots for travelers become apparent.

Mit = β0 + β1 ScaledExpectEnterit + β3 P redictedM alariat + αXi + δZit

ScaledE(M alariaEnterijt ) =

X

ScaledE(M alariaEnteringijt ) +

j6=i,k

+

X

1 − (1 − N EW _incidkt )(lengthpkit ) ∗ staypkit



pkit

k =

Travelers from this district are targeted

Figure 10 shows the eect on the low malaria districts of targeting just one district
at a time.

The color of each district on the map represents the percent drop in

cases in the 5 low malaria districts if travelers from that particular district were
targeted. The gure shows that there are a few districts that are hotspots for infected
travelers. In particular, the district of Touba in the center of the country, where a
big pilgrimage takes place that brings close to a million people from around the
country and outside of Senegal, is extremely important. When people from places
with dierent levels of immunity come together for something like a pilgrimage, if
the mosquitoes that spread malaria are present (which is the case for Touba), then
it can lead to many new infections in individuals coming from low malaria places
since they lack any immunity to malaria.

When these people travel back to their

homes, they can then infect additional people, especially people sleeping in the same
household, if mosquitoes are again present. These type of gatherings are therefore
important to target with policies that could help prevent these transmissions from
happening.

Additional important districts are Kaolack and Dakar, both of which

are commercial centers that bring people from around the country, and again lead
to higher exposure for those coming from low malaria districts.
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Policy Study
It is now possible to consider a specic policy that could be implemented to address the negative externality of travelers on spread of malaria. The policy considered
here is a Test and Treat of travelers. It is focused on the ve low malaria districts
where the biggest impact from travel was seen. The policy would consist of testing all
travelers entering the ve health districts from particular districts during particular
times of the year. Tests would be conducted using Rapid Diagnostic Tests, which only
require a nger prick and provide results within 15 minutes. Those testing positive
would be treated. In addition, travelers would be given a bednet along with information concerning the importance of using the bednet even when in a low malaria
district. While in general bednets are meant to be used to protect those from using
it from becoming infected, in this situation, the travelers using the bednets would
potentially be keeping the mosquitoes in the area from becoming infected, in case
they do carry the parasite, and therefore keeping others in the area from contracting
malaria from them. The analysis done here assumes full compliance, although it is
possible to conduct simulations that would consider dierent levels of compliance.
This type of program has actually been conducted on a small scale in Senegal already.
In the norther district of Richard Toll, there is a sugar company, the Senegalese Sugar
Company (CSS), that hires over 3000 migrant workers every year to help with the
sugar harvest.

They were facing a signicant negative impact of malaria as their

workers would become infected and be unable to work. Therefore, in late 2011 they
implemented a new policy that involved testing every single worker at the beginning
of the season, treating anyone testing positive, and providing them with a bednet
and information. Since many of the workers come back every year, teaching them the
importance of using the bednet no matter where they were was very important. As
gure 11 shows, there was a drastic decrease in cases after the implementation of this
policy. The data, provided by the CSS, shows that there have been two other major
declines in malaria incidence, in 2004 and late 2009.

These were when major na-

tional campaigns to provide bednets and treat cases were going on. In 2012 though,
there were no other major changes on a national scale, and it was the intensive
test and treat program at CSS that allowed them to lower malaria incidence down
to almost 0. The gure also compares the malaria data with data on two types of
schistosomiasis among workers at the CSS. Although there has been a general steady
decline in intestinal schistosomiasis, there was no major change occurring in 2012,
and similarly, urinary schistosomiasis actually remained constant during that period
of time. Therefore, the drop in malaria cases is not the consequence of a change in
healthcare in general since these other infectious diseases saw no change at that time.
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In order to determine how a program aimed at travelers should be targeted, it is
necessary to compare the cost versus the benet of targeting travelers from particular districts during particular months. The cost per district j per month t is the cost
of the RDT test and the cost of the net times the number of travelers from distric j
in month t. The benet is the expected malaria cases entering times the coecient
estimated in the previous section, since that is the total cases that would be treated
or averted. Therefore:




P
Costjt
=
I
CasesT reated/Avertedjt

Njit ∗(RDT +Bednet)
β∗

pjit (1−(1−actual_incidencej )

P

(lengthpjit )
)

Based on Senegal's 2015 Malaria Operational Plan, the cost per RDT is $0.62 and
the costs per bednet is $0.86. In addition, a at cost is included for training of community health workers to implement this program in the ve low malaria districts,
which is $45,732. Figure 12 shows the annual cost per case averted by district. It
seems that the most cost eective travelers to target would be those coming from the
very high malaria areas in the southeast of the country. This seems intuitive because
there are fewer travelers coming from these districts and those travelers are much
more likely to be carrying the malaria parasite since they are coming from an endemic area. Therefore, travelers from these districts should be the rst to be targeted.
Yet, gure 13 shows that the cost of targeting travelers varies widely throughout
the year.

During the low malaria, it is extremely costly to test all travelers and

very few cases are averted, leading to a very high cost per case averted. In the high
malaria months on the other hand the average cost is much lower.

Putting these

two pieces together, gure 14 orders all district months in the order of the lowest
cost per case to treat up to the highest and adds together the cost as one district at
a time is added. The rst point in the bottom left corner represents the total cost
of the program if travelers are treated in the single district month when the cost is
lowest, and then as district months are added, the last point in the top right corner
represents the cost of the program if all travelers from every district are treated in
every month.
That gure is used to calculate the marginal cost of adding one more district month,
which is shown in the top panel of gure 15.

This can then be compared to the

marginal benet of averting or treating an extra case. The marginal benet is calculated based on the value of a statistical life, the probability of dying from malaria,
and the wages lost due to missed work days.
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The value of a statistical life comes

from León and Miguel 2013, who calculate it for African travelers and nd it to be
US$577,000. The probability of dying is based on the number of deaths from malaria
in Senegal in 2013 (815) divided by the total cases of malaria (366,687), which leads
to a probability of dying from malaria of 0.22226%. The average days of work lost is
5 and the daily wages used were 1,568 CFA ($2.73). Wages were calculated based on
an average of agricultural and non-agricultural minimum wages set in 1995, therefore
it is a lower bound of the cost.
Combining all the pieces, the benet of averting or treating a malaria case is $1296.09.This
value is marked in gure 15 with a red line. The bottom panel of the gure zooms
in on where the marginal cost and the marginal benet intersect. This marks which
district-months should be targeted with the test and treat intervention. All those
district months to the left are cost eective and should be targeted, and all those
to the right of the intersection should not be targeted because they are too costly.
Figure 16 shows the distribution of district months that would be targeted by this
program. The majority of targeting should be during the high malaria months, although there are a few districts where it is cost eective to target travelers coming
from there year round.

The optimal targeting program would target 146 district

months, cost $189,277 and help avert 289 malaria cases in the 5 low malaria districts. These represent 41% of all malaria cases due to travel in these ve districts.
If all travelers were tested, all 709 malaria cases would be treated or averted, but
the cost would be over $10million and would never be feasible for a government to
implement. The optimal targeting program, on the other hand costing under $200k
would be feasible, especially compared to the total malaria budget for 2015 of $21.6
million.

6

Robustness Checks
At this point, it is important to mention that cell phone data does have some

limitations. First, depending on the percent of the population with access to a cell
phone, the data might be capturing movement of only a certain portion of the population, such as those that are high income. In 2013 there were 92.93 mobile phone
subscriptions per 100 inhabitants in Senegal, implying that a majority of the population was using cell phones, which would mitigate bias arising from heterogeneous
phone ownership (Union 2013). In particular, based on the 2013 Demographic Health
Survey (DHS), 93% of households owned at least one cell phone. A second concern
is that using data from only one mobile provider could lead to a bias if the carrier
type is associated with certain characteristics of the user. Out of the three telecom
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providers in Senegal, Sonatel had between 56 and 62 percent of the cell phone market
in 2013 (Régulation des Télécommunications et des Postes 2013). In addition, many
individuals have phone cards from more than one provider in order to maximize the
promotions of dierent providers. Based on the "Listening to Senegal Survey" done
in 2014, Sonatel is the main provider for 83 % of those surveyed with a cell phone,
and 89% of those with a cell phone have a Sonatel SIM card (Agence Nationale de
la Statistique et de la Démographie - Ministére de l'Economie 2014). In addition,
using the DHS survey, it is possible to look at the dierence in mobility patterns between women with and without a cell phone in the household. There is no statistical
dierence in whether a trip longer than a month was taken between those with and
without a cell phone, and the women with with a cell phone in the household have
only a slightly higher average number of trips taken in the last year. Although this is
a limited sample, it provides some evidence that the data for those with cell phones
could be representative of the mobility patterns of the whole country.

Therefore,

while it is important to recognize the limitations of cell phone data, in this study
their role is restricted, and in a context with limited data on internal movement, cell
phone data provides an opportunity to study short term eects of movement within
a country that would not otherwise be possible.
Additionally, there could be identication issues since the movement variable is not
exogenous. The main predictors of movement are population size, distance to road,
holidays, and the rice season. Since growing rice can lead to larger amounts of standing water that could be breeding sites for mosquitoes, it could be possible that the
eect being picked up is actually the impact of growing rice. To look at this directly,
I study the eect of healthpost catchment areas where there is rice production and
those where there isn't by including an interaction between the main variable of
interest (scaled expected malaria cases entering) and a dummy for whether or not
rice is grown in the healthpost catchment area. Table 4 shows that the impact of
malaria cases entering is actually lower in rice growing healthpost catchment areas,
therefore the eect is not coming from the environmental eects of growing rice. The
main model controls for population size, and distance to road is not correlated with
malaria cases.

7

Conclusion
The paper set forth to study the direct link between short term population move-

ment and disease prevalence in the context of malaria in Senegal in order to study
how policies could be targeted eectively to mitigate this negative impact. This type
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of study has not been possible before due to either a lack of comprehensive data on
short term movement at the scale of a country, or else a dearth of detailed data
on disease prevalence.

New big data collected by companies such as cell phone

providers is now making the measurement of short term movement possible. While
this data still has limitations, in the context of Senegal, the cell phone data is very
comprehensive and covers a large majority of the population. In addition, due to the
initiative taken by the Ministry of Health to work on eliminating malaria completely
from the north of the country, surveillance data has been collected on a monthly level
for each health post in the North, which makes it possible to study how short term
movement into the areas covered by these health posts can lead to higher prevalence
of malaria.
The study nds that for each expected malaria case entering a healthpost catchment
area and remaining for 14 days, there are 1.8 cases that show up at the healthpost
in the area.

Through simulations based on the models predicted, the paper also

points to which districts are the most important sources of malaria for the North of
the country, as well as which districts in the north are most aected by travel and
population movement.

These ndings are used to study the cost and benet of a

particular policy. It nds that targeting a test and treat program to specic districts
during certain months can be cost eective and decrease over 40% of the malaria
cases due to travel in the ve low malaria districts. This is the rst study to evaluate
the cost eectiveness of a targeted policy as compared to a non targeted policy to
address the impact of travelers on malaria.
While the work here focuses on malaria, it is possible to implement these types
of models for other infectious diseases such as inuenza, ebola, or Zika.

As cell

phone usage has become extremely prevalent throughout the developing world and
cell phone providers are beginning to understand how the data they collect can be
used by policy makers to implement better policies, measuring short term movement
becomes much easier.

What will then become necessary is the collection of high

frequency detailed data on all infectious diseases. This data will make it possible to
study these types of models that help policy makers better target interventions, and
in turn will make it easier to evaluate the interventions if case data is already being
collected. This could help countries more eectively ght existing infectious diseases
and prevent epidemics of new diseases.
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Figure 1: Senegal Health Districts and Location of Health Posts in the North for
Which There is Monthly Data

Figure 2: Number of Calls Made and Texts Sent per Day by all Sonatel Users

Figure 3: Map of Malaria Prevalence in Senegal in 2013

Figure 4: Average Monthly Malaria Cases in Healthpost Catchment Area and Average Monthly Rainfall, Sept 2012-Dec 2015 by Health District

(a) Avg Across Healthpost Catchment Area

(b) Healthpost Catchment Areas in Richard Toll
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Table 1: Eect of Number of People Entering
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Figure 6: Average Monthly Malaria Cases in Healthpost Catchment Area and Average Monthly Rainfall, Sept 2012-Dec 2015 by Health District
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Figure 9: Avg Predicted Cases and Avg Predicted Cases if Incidence in Travelers
Dropped to 5/1000 in Healthpost Catchment Area by District
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Figure 11: Migrant Test and Treat at the Senegalese Sugar Company

Figure 12: Annual Cost per Case Averted by District

Figure 13: Avg Cost Per Case in Each Month

Figure 14: Total Cost of Test and Treat
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Figure 15: Marginal Cost and Benet of a Test and Treat Policy

Figure 16: Number of Districts from which Travelers are Targeted

(1)

(2)

Stay 14 Days

Stay 14 Days

Rice x Expected

-3.804***

Malaria Cases Enter
Expected Malaria
Cases Entering

(1.038)
1.780***

5.046***

(0.464)

(1.131)

Dummy for Rice Grown

-2.385
(3.876)

Health Post x Month Obs
R-squared

756

756

0.447

0.441

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Table 4: Eect of Expected Malaria Cases Entering in Rice vs Non-Rice Catchment
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Cases Entering
Sum of Predicted Incidence

(1)

(2)

(3)

Not Accounting for Stay

Stay 14 Days

Stay 30 Days

0.684

2.025**

2.843**

(0.448)

(0.846)

(1.117)

-18.04

-16.45

-15.98

(26.80)

(26.49)

(26.67)

District FE

Yes

Yes

Yes

Health Post x Month Obs

756

756

756

0.531

0.535

0.535

Avg Malaria Cases

11.5

11.5

11.5

Avg Expected Cases

2.45

0.97

in Other Districts

R-squared

Controls: Rain(+lags), High x Rain(+lags), Pop, Pop

0.67

2

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Table 5: Eect of Number of People Entering, Clustering at Healthpost Catchment
Area Level

(1)

(2)

(3)

Not Accounting for Stay

Stay 14 Days

Stay 30 Days

0.267***

0.564**

0.581

(0.102)

(0.283)

(0.406)

At 5% of Malaria Cases Entering

0.267***

0.564**

0.581

(0.102)

(0.284)

(0.407)

At 10% of Malaria Cases Entering

0.267***

0.564**

0.581

(0.102)

(0.284)

(0.407)

0.268***

0.565**

0.582

(0.103)

(0.285)

(0.408)

0.270***

0.569**

0.585

(0.104)

(0.289)

(0.412)

At 75% of Malaria Cases Entering

0.278**

0.584*

0.594

(0.110)

(0.304)

(0.425)

At 90% of Malaria Cases Entering

0.302**

0.626*

0.622

(0.130)

(0.349)

(0.466)

At 95% of Malaria Cases Entering

0.324**

0.660*

0.649

(0.150)

(0.386)

(0.506)

VARIABLES
At 1% of Malaria Cases Entering

At 25% of Malaria Cases Entering
At 50% of Malaria Cases Entering

At 99% of Malaria Cases Entering

Health Post x Month Obs

0.481

0.878

0.764

(0.303)

(0.646)

(0.687)

756

756

756

Avg Malaria Cases

11.5

11.5

11.5

Avg Expected Cases

2.45

0.97

0.67

Controls: Rain(+lags), High x Rain(+lags), Pop, Pop

2

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Table 6: Eect of Number of People Entering, Using Negative Binomial, Predicted
Cases at Dierent Levels of Malaria Cases Entering

(a) Low Malaria Districts

(b) High Malaria Districts
Figure 17: Avg Predicted Cases and Avg Predicted Cases if Incidence in Travelers
Dropped to 5/1000 in Healthpost Catchment Area by District

