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ABSTRACT

Modeling human mobility is key for a variety of applications such as
migratory flows, epidemic modeling or traffic estimation. Recently,
cell phone traces have been successfully used to model aggregated
human mobility, in particular during natural disasters such as earth-
quakes or flooding. Climate-related environmental change brings
a decline of productive agricultural land and livestock which will
push rural residents to migrate. As a result, it also has the poten-
tial of causing changes in human mobility and cause migrations
that have a wider and long standing impact. In this study, using
anonymized and aggregated cell phone traces, we model the migra-
tions that happened during a severe drought that happened in La
Guajira, Colombia, in 2014. Our results indicate a linear reduction
of the population of 10 percent during the 6 months considered for
this study. Furthermore, predicting these migrations has about a
60% success rate for both the total number of people that migrate
and to where they migrate. We also introduce a modification of the
Radiation model in order to capture weather as one of the factors
driving mobility, showing a RSS and RMSE reduction of 4.5% when
compared with the standard models.
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1 INTRODUCTION

Natural disasters, such as earthquakes, flooding, storms and snow-
storms cause a sudden change in mobility as people try to find safe
areas and/or follow government instructions. This sudden change
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in mobility has been captured and modeled already using cell phone
traces [10, 23, 24] and other Location Based Social Networks (LBSN)
mobility sources, such as geolocated twitter [26, 29].

As opposed to sudden environmental changes, climate change
can be defined as the variation in weather patterns for a long period
of time. In the mid- to long-term, these variations also have the
potential of causing changes in human mobility and can be one of
the main factors that cause migrations. Drought, coastal erosion
and flooding are the main climate change reasons for causing these
climate migrations. A climate or environmental migrant is an indi-
vidual that is forced to leave their local environment due to long
or sudden weather changes. The effects of global environmental
change are creating new patterns of human migration and alter
the existing ones [3, 13]. A recent study in Rwanda [4] has demon-
strated that cell phone traces can be used to help find these new
internal migration patterns.

A link between migration and climate change has already been
documented in several studies that focused on developing economies
[12, 13, 22]. In Burkina Faso [12], residents of dry areas tend to
migrate to rural regions with greater rainfall. The study, using
questionnaires on migration done to about 10k individuals, reports
that only short-distance moves appear affected by climactic factors,
since international migration tends to be less common in a period
of rainfall shortage, perhaps because of the investment required
for an international move. In the case of Ethiopia, the work by
Meze-Hausken [22], after evaluating the response of 100 migrants,
concluded that migration may be a long-term response to the threat
of recurrent droughts. In any case the study reports that other sur-
vival strategies are used first in case of drought (such as selling
farm equipment or borrowing food), and only when those are ex-
hausted people migrate to new areas. In general, the literature has
established that in rural areas, migration rises both immediately
and as a long-term response to the threat of recurrent droughts[8].

In this paper we study and model the change in population
caused by the severe drought that happened in La Guajira, Colom-
bia, in 2014. La Guajira is a department of Colombia located in the
northwest tip of the country, bordering Venezuela. It has an area
of 20,848km? and an estimated population of 900,000 according
to the projections of the last census available of 2005, belonging
predominantly to the Watuu native people. According to the UN
Office for the Coordination of Humanitarian Affairs (OCHA) [9],
2014 an extreme drought has affected La Guajira since the start of
2014. Rain is seasonal in the region, but repeated El Nino weather
systems triggered a severe and long-lasting drought that, combined
with corruption and poor management, further increased the ef-
fects on the population [5]. In some areas, the drought lasted for
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over three years. The drought caused a declaration of the state of
public calamity in the municipality of Uribia (La Guajira) in Feb-
ruary of 2014 [6]. Uribia has a total of 8,200km? and a population
of 186,000 (as projected by the census of 2005). Less than 10% of
the population lives in urban areas; the rest live in rural farms. An
estimated 65, 000 people have been affected by the severe droughts
in La Guajira. Consequences to the population mainly regard mal-
nutrition, especially for infants, with extreme consequences for the
agricultural and livestock sectors.

For this study we use anonymized and aggregated cell phone
records to study the mobility of the population during the droughts
in order to answer two questions. First, if there is a change in
the actual number of individuals living in the affected area, and,
second, if and to what extent can we model the migration caused
by the drought. To the best of our knowledge it is the first time in
the literature that climate change migration has been studied and
modeled using cell-phone records.

Section 2 presents the characteristics of the cell phone traces
and the weather data used. Section 3 presents the home detection
algorithm used to identify changes in population and the results
obtained during the period considered. In Section 4 we review the
two main approaches used to model migration and apply them to
our context proposing a variation of the models to capture some
indication of weather change. Section ?? presents the hypothesis
of the mobility; i.e., that migrations are partially caused by the
drought, and presents a modified migration model that captures
changes in weather and rainfall to model mobility. Finally we finish
with the Conclusion section.

2 DATA
2.1 Cell Phone Traces

Cell phone networks are built using a set of base transceiver stations
(BTS) that are responsible for communicating cell phone devices
within the network. Each BTS or cellular tower is identified by the
latitude and longitude of its geographical location. The coverage
area of each individual BTS is called a cell and is typically divided in
three sectors each one covering 120°. Nevertheless it is possible for
a BTS to have just one-directional sector or more than three sectors
to handle areas with high density of population. The geographical
area covered by a BTS depends mainly on the power of the indi-
vidual antennas. Depending on population density, BTS coverage
typically ranges from less than 1 km?, in dense urban areas, to
more than 4 km?, in rural areas. For simplicity, it is common in the
literature to assume that the cell of each BTS is a 2-dimensional
non-overlapping polygon, which is typically approximated using
Voronoi diagrams. This approach gives an acceptable approxima-
tion of the coverage area of each BTS. In practice, to build the firealfi
diagram of coverage, one has to consider several factors, including
the power and orientation of each antenna. In order to optimize sig-
naling, BTS are grouped in Location Area Networks (LACs), which
contain multiple BTSs. LACs determine the current location of a
mobile phone without having to go down to the BTS level. Figure
1(left) presents a set of BTS with the original coverage for each cell,
(center) the simulated coverage obtained using Voronoi diagrams
and (right) the grouping of BTS into LACs.
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Figure 1: (left) Original coverage areas of BTS, (center)
approximation of coverage areas by Voronoi diagram and
(right) geographical representation of LACs.

Call Detail Records (CDRs) are generated whenever a cell phone
connected to the network makes or receives a phone call or uses a
service (e.g., SMS, MMS). In the process, the BTS details are logged,
giving an indication of the geographical position of the user at
the time of the call. Note that no information about the exact
position of a user in a cell phone is known, i.e., we do not know
the whereabouts of a phone within the coverage area of a BTS.
Also, if the phone is not actively using (making or receiving) mobile
network services, there will be no information in the CDRs.

In this study we use a 6-month (December 2013 through May
2014) aggregated and anonymized CDR dataset from Colombia. In
order to preserve privacy, all the information presented is aggre-
gated and original records are encrypted. From all the information
contained in a CDR, our study only considers the encrypted origi-
nating number, the time and date of the interaction, and the BTS and
LAC that the cell phone was connected to when the call was placed.
No contract or demographic data was considered or available for
this study and none of the authors of this paper collaborated in the
extraction and the encryption of the original data.

2.2 Weather Data

Weather data covering total rainfall and average temperature per
day was provided by IDEAM (Instituto de Hidrologia, Meteorologia
y Estudios Ambientales), the Colombian National Weather Service.
The information was provided for each of the weather stations
based on the Colombian airport network. We have information
from each of the 33 departments in which the country is divided
(32 departments plus Bogota Federal District). The time window
covered depended on each weather station considered but in all
cases covered the period under study with CDRs, a year before it
and a year after it. The information was presented per month and
in a text format.

3 MEASURING POPULATION CHANGE

In this section we measure the impact of the drought on the number
of inhabitants of both Uribia and La Guajira. For that reason, we
will apply a home detection algorithm to identify home on a weekly
basis and measure the change in home location each week.

3.1 Home Detection

Home Detection algorithms are a specific kind of a wider group of
algorithms used to identify meaningful places from mobility infor-
mation. Although the bulk of the state of the art focuses on CDRs,
the algorithms can be used to any set of non-continuous location
traces. Usually, important places can be classified as home, work
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Figure 2: Number of Home locations in La Guajira from Dec
13 to June 14
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Figure 3: Number of Home locations in Uribia from Dec 13
to June 14

or other, where work defines any repetitive behavior taking place
during typical work hours. The main idea behind all the different
approaches consists of using some criteria to define time slots for
home, work an other activities and from there processing the geo-
information available. Ahas et al. [1] used an anchor-point model
to identify home and work and validated it with the actual geogra-
phy of the population finding a high level of correlation. Kang et
al. [15] and Isaacman at al. [14] use a similar approach consisting
on clustering towers (or active points) to identify home and work,
but while Kang et al [15] does it for WiFi Signals, Isaacman [14]
presented the study for CDR records. Frias-Martinez et al. [11]
proposed a genetic algorithm approach to identify the time slot that
had to be used to better characterize home and work. Last, Liao et
al. [21] used hierarchically structured random fields to generate
a model of a person’s places. This approach had the advantage of
taking into account the high level context in order to identify the
relevance of each place.

In order to choose which approach to take, the main elements to
consider are the amount of information available and the need for
training and validating data. The amount of information available
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is usually expressed as the average number of calls for the specific
time frame in which the home detection wants to be applied. The
literature has reported how developing economies tend to have
less interactions, both due to economic factors and to the general
characteristics of the types of contract and pre-paid modes avail-
able. Rubio et al.[25] compared phone usage in a developed and
developing economy showing that the advanced economy tend to
use cell phones much more than in the developing economy. In fact,
almost 75% of individuals in the advanced economy make/receive
on average at least 2 calls per day, while only 27% of the population
in the developing economy averages the same number of calls per
day. This is our case in La Guajira, where the average number of
calls per week is 5.8.

The distribution of towers also has an effect on the accuracy
of home detection. In the case of La Guajira, the low density of
population combined with the reduced number of urban areas,
builds a map of towers where each urban area has a reduced set
of towers (in general no more than 10). As our goal is to identify
changes between municipalities, the architecture of the network
helps to easily identify those changes. Figure 4 presents the BTS
distribution in La Guajira. Uribia is in the north, at has only one
BTS, while the big cluster of towers correspond to Riohacha (the
Capital) and Distraccion.

As a result of the previous characteristics, we took the simplest
approach, which consisted on identifying home as the most used
BTS tower between the hours of 9pm and 8am Mon trough Thursday
each week. If there was not enough information to identify a home
tower during a week the last known position was assigned. Weeks
prior to first available call are assumed to have the home location
of the first call. We only considered a home change if there was a
change in municipality. The home detection algorithm was applied
for any cell phone that was present (i.e. has at least one phone call)
in La Guajira during the 6 month period of study. Note that all
calls independently of where they were made have been considered
when applying the home detection algorithm, i.e., homes could be
assigned anywhere in Colombia.

3.2 Home Changes

Figure 2 and Figure 3 presents the number of cell phones whose
home location was assigned in the towers that cover the state of
La Guajira and the municipality of Uribia from December 2013
to June 2014 during each week. Both results are similar, showing
a linear decrease of 10% of the population during the period of
study. Both cases can be model with a linear regression showing
an r? of .78 and .93 for Uribia and La Guajira respectively. The
last census available in Colombia is from 2005, and it provides an
estimation of population given for both La Guajira and Uribia. In
both cases the prediction was an increase in population and no
reduction was presented or considered, in contrast with the actual
numbers that the home detection algorithm has identified. In the
case of La Guajira for the years 2013, 2014 and 2015 the estimated
population was respectively 902,386, 930,165 and 957,814 and for
Uribia 162,362, 168,286 and 174,281.

Regarding where those climate migrants go, roughly 90% percent
of them stay in La Guajira relocating to other municipalities where
access to help, food and water is probably easier. The other 10%
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Figure 4: BTS distribution in La Guajira,Uribia is in the
north, at has only one BTS, while the big cluster of towers
correspond to Riohacha (the Capital) and Distraccion.

Figure 5: Heatmap of the Relocation of individuals changing
home during the second week of January 14 at a department
level

move to other departments. In general, the closer the department
to La Guajira the higher the number of people relocating is, with
the exception of Bogota. This behavior suggest a gravity model
in which migrants go to neighboring states or states with high
population density (as Bogota). Figure 5 presents in a red color
scale where the migrants move from the second week of January
2014 at a department level. This result is in agreement with other
studies that report that only short-distance moves appear affected
by climactic factors [12].
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4 MIGRATION MODELS

Although migration and commuting models were proposed as early
as the forties [28, 31], recently, due to the explosion in geolocation
information and the pervasiveness of cell phones, new ways of
tackling the problem have been proposed. These new data sources
gather human mobility datasets to a scale not previously available
and have allowed for new model proposals both at an individual
and at aggregated level of human mobility.

Currently, there are two main families most frequently used for
modeling migration patterns: Gravity models [31] and Interven-
ing opportunities models [28]; which have evolved into Radiation
models[27]. Each approach is based on underlying physics formu-
las. While Gravity assumes that the number of trips between two
locations decreases with distance, intervening opportunities as-
sumes that the flow between two locations depends on the number
of opportunities. With this approach the decision to migrate is not
related to the distance of the two places, but to capability of satis-
fying the reason for the migration. As the concept of opportunity
can be very complex to define, in its simplest form it us typically
defined as the total number of locations between two points. Both
approaches have been compared by the literature in a variety of
studies and in general the results depend on each particular case
and the characteristics of the data [19, 20, 27].

4.1 Gravity Models

In this family of models the population of cities is used as mass
would be used in a gravity formula from physics. Due to its simplic-
ity and ability to estimate flows, it is commonly used in transport
[7], estimating volume of phone calls between urban areas[18], so-
ciology [16] or epidemic spreading [2]. When using this approach,
the probability,p, that a person commutes from location i to loca-
tion j is proportional to the product of the populations (m;m;) and
inversely proportional to the cost of travel between them.

pij o« mym; f(dij) (1

We may model the cost as exponential decay (which we will
term the GravExp model)

fdij) = e Pu )

of as a power decay function (which we will term the GravPow
model)

fldy) =df 3)
In general the main limitations of this Gravity models are (1) that it
requires, at least, the estimation and calibration of § which makes it
sensitive to its changes; and (2) that for doing that the system needs
empirical data of the actual movements which is not necessarily
available for all cases. As a result of the previous limitations this
approach is a strong simplification of the actual flows so the results
may not reflect the actual mobility.

4.2 Radiation Models

In order to solve some of the limitations of the Gravity model, the ra-
diation model [27] its an evolution of the intervening opportunities
model[28] where enters are modeled as radiation and absorption
bodies. In this case flows are modeled without parameters and the
only input is the distribution of the population. The concept of
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Figure 6: CPC and CPL values for a given week for each migration model considered, Gravity Exponential(GravExp), Gravity
Power Decay(GravPow), Radiation(Rad) and Radiation Extended(RadExt), with f ranging from 0 to 5 in .2 increments (top
row) and f ranging from 0 to 0.5 in 0.05 increments (bottom row).

“intervening opportunities” (s;;) reflects which other population
centers in a radius between the two points of interest i and j serve
to reduce the probability that a migrant opts to migrate from i to j.
Radiation models have been reported to better captures long term
migrations patterns and to have high degree of accuracy at the
intra-county scale [27]. The basic radiation model (which we will
call Rad) is formulated as:

mimj

pij = )
Y (mj+sij)(mi+mj+sij)

The radiation model as stated has no calibration parameters.
Taking a hint from survival analysis, researchers have been able to
extend the radiation model to be more general [30], and proposes
the “Extended Radiation Model” RadExt. The formula, including

the tunable parameter f is

_Gyrmirm) sy sy )
b= ((Sij+mi+mj)ﬁ+1)*((s,~j+m,-)ﬁ+1) ©)

In all cases but Rad, we must explore the space to determine an
appropriate value for f.

4.3 Goodness of Fit Metrics

In order to tune our parameters and determine the success of our
chosen models, we need to determine a metric for goodness of fit.
We choose two common goodness of fit metrics [20]: common part
of commuters (CPC) and common part of links (CPL).

CPC: The percentage of good predictions for the number of
people that migrate to other municipalities. It varies from 0, when
no agreement is found, to 1, when the two networks are identical.

CPL: The percentage of the topological structure maintained
for those that migrate; i.e. the ability of the models to recover the
topological structure of the original network.

An extended description of these metrics can be found in [19, 20].

4.4 Efficacy of current mobility models

In order to evaluate the accuracy of the migration models, we used
the 2014 projections of population from the most recent (2005)
census in Colombia. The distance between states is taken as the
distance between its centroids. The ground truth was defined by
the location of the homes as identified with the CDR data. The
accuracy is implemented by comparing people with a home in La
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Figure 7: CPC across each week of the dataset

Guajira in week w and in a different municipality in week w + 1.
We compare the number and location of people that have moved
against those predicted to commute by the model.

The first step is to tune an appropiate value for . In order to do
that we scan f over an arbitrary week in the 6 month window for
both the CPL and CPC metrics. Figures 6(a) and 6(b) present the val-
ues of CPL and CPC for each one of the migration model considered:
Gravity Exponential(GravExp), Gravity Power Decay(GravPow),
Radiation(Rad) and Radiation Extended(RadExt) with f values rang-
ing between 0 and 5 in .2 increments. Both graphs show that CPL
and CPC exhibit similar behavior over the range of § values and
each one of the migration models considered. In any case at this
granularity, it is not clear which model outperforms the others.
Figures 6(c) and 6(d) present the same models but for finer § gran-
ularities, rangig from 0 to .5 with .01 increments. At this scale, it
appears that RadExt with a f§ of .05 consistently outperforms the
other approaches for both the actual number of migrants (CPL) and
the network of the migrations (CPC).

Having selected 5, we can see the efficacy of prediction across all
the weeks of our dataset. Figures 7 and 8 present the CPC and CPL
values for each week considered for each of the models. In general,
both metrics appear relatively stable across the whole period for
each of the models. Again, RadExt achieves better accuracy both
using CPC and CPL. The CPC goodness of fit metric achieves up to
60% accuracy while CPL achieves up to 52%. In general this values
are in agreement with the literature, where RadExt tends to better
capture the complexities of migrations [19, 27].

Also, these results seem to indicate that the state of the art in
migration models is able to capture, to a large extent, the particu-
larities of human flows caused by droughts. This fact also implies
that, because RadExt basically assumes economic opportunities to
model migration flows, migrations caused by droughts have eco-
nomic motivation. Previous literature has already reported that the
main motivation for migrations caused by droughts in rural areas
(such as La Guajira) are economic: the drought affects the basic
livelyhood of the locals [12, 13, 17]. In the following section we
will introduce some modifications in the RadExt model to try to
improve its prediction ability by incorporating rainfall.
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5 WEATHER-BASED MIGRATION MODEL

Our working hypothesis is that the correlation between the drought
and the migration of people is not coincidental, meaning that one
of the main reason for people to relocate is to move to areas where
there is no drought or at least where there are resources to access
water and as a result economic prosperity is feassible. To that end,
we propose and explore modifications to the mobility models with
weather statistics related to the drought. Considering the nature
of the migration, we focus on the rainfall information provided by
the Colombian National Weather Service (IDEAM).

Radiation models are based in part in the concept of “intervening
opportunities”, meaning that the likelihood of migrating is influ-
enced most by the opportunities to settle at the destination and less
by distance or population. Even more, in this case the opportunities
are used to modulate the effects of population and distance. We
propose to design a mechanism to further modulate the effects of
distance and population but based on the differences in rainfall
between origin and each possible destination of the migration.

The new model builds a matrix for each week that reflects the
difference in rainfall between any two departments (r;;) during
that week. Note that the original data reflects the rainfall per day
and total rainfall for that week was obtained as the sum of all days.
Considering that we have the information for all the airports, there
is at least one weather station for each department, and in the
cases where more than one airport is located in a department the
average of the total rain during that week in each weather station
is considered. In order to build a new intervening opportunities
matrix, a scaling factor « is introduced:

’

Sij

This new s; ;s used in the RadExt model from equation 5. Note that

a xrij + sjj (6)

this new intervening opportunities matrix reflects the hypothesis
that when migrating during drought conditions, a factor that should
be included for modeling the destination of the migration is rainfall.
In this context, when deciding where to move, within the same
conditions, there would be a tendency towards migrating to rainier
places.

Also, the decision of where to migrate is not necessarely based
only on last week rainfall but on a constant difference in rainfall
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during some time before the actual migration, i.e. on a perception of
a better environment. As a result we introduce a factor of additive
rainfall history in r;; that reflects the perception of better weather
conditions. In the base case, 0 history, we consider only the current
week. As the history increases, r;; becomes:

history

rij = Z rij(curr — w) 7)

w=0

where r;j(x) is the rainfall difference in week x.

5.1 Evaluating Weather-based Radiation Model

In order to determine the optimum « value with various levels of
rainfall history, Figure 9 shows, for a randomly selected week, the
results of the sweep over a large range of alphas and considering 0,
2, 4, 6 and 8 weeks for rainfall history. This range was narrowed
once an appropriate o range was determined. Figure 10 shows
this reduced range and that an « value of 675000 and considering
no history provides an optimum CPC value of .78. This result in
itself is a marked improvement over the baseline model that did
not include rainfall.
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Figure 11: CPL for difference Alpha values using an additive
rainfall history.

Figure 11 presents the CPL values when considering different
a values. In this case the optimum value is achieved also with a
history of 0 (i.e. no memory) and « value of 675000. For any other
case, the CPL value decreases. Even in this scenario, the optimal
value produces a CPL of 0.68 which is still an improvement over
the baseline RadExt Model.

These results indicate that an & value of 675000 and our previous
B value produce a significant improvement over the baseline RadExt.
Also they show that the concepto of rainfall history does not seem
to improve the prediction capabilities of the model. Nevertheless,
as can be seen in Figure 12 in the RadExt with Rainfall plot, such
improvement is not necessarely constant throughout the whole time
window considered. CPC values fluctuate within a wide range of
values, and although the addition of rainfall can produce significant
improvements in some weeks, in others it does not seem to have
the same impact. The main reason for that fluctuation is that « is
not unitless and as such depends on the total rainfall for that week.
As a result of that it is difficult to generalize o across weeks and
find a consistently appropriate value.

5.2 Normalized Weather-based Radiation
Model

The previous approach constructed an additive model that defined
s ; as the addition of all rainfall to create an “intervening opportu-
nities” matrix. While there was an improvement in CPC and CPL
over the baseline model in some weeks, that improvement was not
necessarely constant from week to week due to the fact that « is
not unitless. To minimize this effect we proposse a normalized
Extended Radiation model. Formally:

R = max(rij) (8)
S = Z m; %)
i
mi,j
m:’J = T (10)
, _ Sij Tij
sij‘?"’“*? (11)

Figure 12 presents CPC values of the two rainfall-based RadExt
models for each week considered. As mentioned earlier, before
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Figure 12: Model performance over all weeks in the dataset
using the RadExt w/ Rainfall and the Normalized Models.
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Figure 13: Average performance of CPC over all weeks com-
pared to scaled random noise.

normalization, CPC values fluctuate within a wide range of values.
However, modifying the model with a normalizing factor stabilizes
the model and provides better average performance.

This normalization allows us to better explore the behavior across
weeks and rule out the possibility that rainfall is just adding random
noise to the model. Figure 13 shows the effect of adding random
noise in place of rainfall data. The noise is generated uniformly
in the range of 0 to 10% of the maximum rainfall for each week.
The data is average CPC across all weeks. We note two things: (1)
random noise is highly detrimental to the behavior of the model
and (2) despite the irregularity in improvement from week to week,
adding rainfall to the model with a (normalized) alpha factor of
0.09 improves the Extended radiation model across all weeks.

Considering the previous results we can now evaluate the impact
that the inclusion of rainfall has on the normalized RadExt model
when compared with the standard RadExt model presented in the
“Efficacy of current mobility models” subsection. Such comparisson
is relevant as indirectly it is a meassuare of the relevance of rainfall
for migrating. Figure 14 compares the effect of including normal-
ized rainfall in the Radiation model with the standard radiation
model and considers the information provided by the CDR as the
real mobility data. The graphs present the PDF of (a) the migration
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distance and (b) the population that migrated. Although both mod-
els present a good approach to the actual mobility the inclusion of
normalized rainfall results in a reduction of RSS (Residual Sum of
Squares) of 4.5% . This improvement in RSS partially validates the
assumption that the migrations observed in La Guajira during the
droughts are to a certain extent caused by the lack of rainfall.

Observing Figure 14, both in (a) and (b), there is a big peak in the
real mobility data (at X value of 150km in Figure 14(a)) that is not
captured by any of the models. This is a result of an artifact caused
by how distance is calculated. For the models, the distance between
two states is given by the centroid of the states. In the particular
case of that peak, and focusing on Figure 14(a), it corresponds to a
neighboring state of La Guajira, Cesar. The north of Cesar has a city
where people from southern La Guajira have migrated (Valledupar,
the capital of Cesar). This migration is roughly 150 km if obtained
from CDRs. However, the migration model is based on the distance
between states which is obtained from their centroids. In general,
for any two states that are not close to each other, this is not a
problem, however this fact can create artifacts when the actual
migration is simply crossing a border. As a result the models assign
a longer range to that migration than it actually is.

6 CONCLUSIONS AND FUTURE WORK

Climate change-based migrations have been presented as one of
the main reasons for human mobility, especially in dry land areas
of less developed countries [13]. In these areas, environmental
change has immediate and direct effects on the health and well-
being of households that depend on natural resources for their basic
livelihoods [17] which motivates the migration.

This study has evaluated using cell phone traces to study the
impact of and model mobility during extreme drought conditions
in La Guajira, Colombia. Our results support the fact that CDRs
are a powerful source of information for modeling climate-change
migrations. Typically natural disasters produce a sudden change in
mobility but for climate change migrations, and drought in particu-
lar, the change is slower over time, and the use of points of interest
algorithms (and home detection algorithms in particular) opens the
door to use CDRs for modeling these types of human flows.

From a population perspective we have shown that there is a 10%
reduction in population both at a municipal and state level. Also, the
majority of people that migrate tend to do so within their own state,
in agreement with other studies that report that only short-distance
moves appear affected by climactic factors [12]. Using state of the
art migration models we are able to model the migration with CPC
and CPL values in agreement with some of the studies presented in
the literature that use the Radiation model [19, 20, 27]. This indicates
that climate change migration to a large extent can be explained by
economic factors captured by “intervening opportunities.” In the
end, climate-change in rural areas affects rural way of living which
pushes people for looking new jobs.

In order to try to capture the specificities of a weather-based
migrations we have proposed a Radiation model with normalized
rainfall integrated in the intervening opportunities matrix. Our
results indicate an improvement of 4.5% in RSS when considering
rainfall, which can also be an interpreted as the importance given
to the weather when migrating to a new place.
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Figure 14: PDF of (a) the distance and (b) the population for the Radiation model and the Radiation Model+Normalized Rainfall.
The information provided by the CDR is used as the standard for comparison of the results.

We believe that there is still promising work to be done in a
number of different directions. First, both approaches to the addi-
tion of rainfall have been focused on summation. It is reasonable
to question this assumption and instead propose multiplicative
modifications. Second, in addition to rainfall, we have collected
temperature data from weather stations throughout the country. It
seems likely that rainfall and temperature may act in tandem.
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