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Mobile phone data are increasingly being used to quantify the movements of

human populations for a wide range of social, scientific and public health

research. However, making population-level inferences using these data is

complicated by differential ownership of phones among different demo-

graphic groups that may exhibit variable mobility. Here, we quantify the

effects of ownership bias on mobility estimates by coupling two data sources

from the same country during the same time frame. We analyse mobility

patterns from one of the largest mobile phone datasets studied, representing

the daily movements of nearly 15 million individuals in Kenya over the

course of a year. We couple this analysis with the results from a survey of

socioeconomic status, mobile phone ownership and usage patterns across

the country, providing regional estimates of population distributions of

income, reported airtime expenditure and actual airtime expenditure

across the country. We match the two data sources and show that mobility

estimates are surprisingly robust to the substantial biases in phone ownership

across different geographical and socioeconomic groups.
1. Introduction
Increasing human mobility is rapidly changing the landscape of human

societies in low-income nations. The temporal and spatial scope of this mobility

ranges from the permanent migration of individuals into cities and surrounding

slums from rural areas [1,2], the large-scale movement of individuals owing to

conflict or drought [3–5] and the short-term journeys people take to health

clinics or to visit family. Although an understanding of human mobility on

these scales is critical to public policy and planning, the dynamics of human

movement on a population level are almost impossible to capture with tra-

ditional travel diary and global positioning system (GPS) approaches [6,7].

Proxies for population movements including road networks, transportation

accessibility maps and bank note dispersal data may not be representative of

travel [6,8], and transportation-related proxies cannot capture non-motorized

travel, an important component of human movement in low-income nations.

As the global adoption of mobile phones continues to escalate, however, so

does the opportunity to use call data records (CDRs) that identify the cell

tower locations of calls and text messages to accurately quantify population

mobility. Low-income nations are particularly exciting in this respect, as

mobile phone adoption continues to rise. In 2008, there were 280 million
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subscribers (approx. 30% of the entire population) in Africa,

a number greater than the number of subscribers in North

America [2].

Studies of human travel patterns using CDRs have ranged

in detail and size. On one end of the spectrum, several studies

have examined detailed behavioural data about a small

number of individuals in the USA and Europe, generating

an individual-level model of travel that includes reasons for

travelling [9–11]. A mid-sized study by Gonzales et al. [12]

analysed CDRs from 100 000 randomly chosen mobile

phone users in Europe as well as detailed location data for

around 200 subscribers, facilitating the development of stat-

istical models of human mobility patterns on a larger scale.

This study identified a power law governing mobility pat-

terns in their data, which has widely been interpreted as

reflecting universal rules of human movement [13–17]. On

the other end of the spectrum, we have previously quantified

the movement of nearly 15 million mobile phone subscribers

in Kenya to estimate the impact of mobility on malaria trans-

mission [18]. The scale of these datasets will inevitably

increase as mobile phones continue their rapid diffusion

into even the most rural and economically deprived areas.

Studies of this kind will provide invaluable information on

the dynamics of human populations that can be used to aid

policy makers in decisions about transportation, health

services or disaster management.

A prerequisite for these studies is an understanding of the

demographics of mobile phone owners. It is generally

assumed that mobile phones are sufficiently widespread

that CDRs represent a true random sample of a population

[19]. Because this is unlikely to be the case, particularly in

low-income nations, interpretation of mobility estimates

must account for bias introduced by heterogeneous mobile

phone ownership. Recently, we showed that mobile phone

owners in Rwanda and Kenya are not representative of the

general population, being disproportionately male, educated

and from larger households compared with the general

population [20,21]. Travel diary and GPS studies have

shown that people with the greatest extent, variety and fre-

quency of travel are those with the fewest economic and

social constraints, as well as those with access to transpor-

tation [22–24]. Urban individuals with higher occupational

status, income and level of education appear to take more

journeys per day, more social trips and travel greater dis-

tances [22]. The same factors contributing to the probability

of an individual owning a mobile phone may also impact

his or her travel patterns, therefore, leading to biased esti-

mates of human mobility from CDRs. So far it has not been

possible to analyse or account for bias in mobility estimates

from mobile phone data because CDR data generally does

not contain any information about the subscriber base, par-

ticularly in countries where pre-paid plans dominate.

Additional sources of data on socioeconomic status and

mobile phone usage and ownership are, therefore, needed

to determine how representative mobility estimates from

CDRs are for the general population.

Here, we quantify and adjust for these biases by taking

advantage of two parallel datasets from Kenya from the

same year. We analyse the daily movement patterns of nearly

15 million individuals from mobile phone CDRs over the

course of a year, and match these to calculated regional airtime

expenditures. We cross-validate these values with reported

airtime expenditures from a randomized survey of nearly
33 000 individuals in the same year, and correlate them

with distributions of reported income and frequency of

mobile phone ownership in each district. By linking these

two sources of data, we can determine which income brackets

are under- or overrepresented in the mobile phone data, allow-

ing us to adjust our mobility estimates. We show that despite

the bias introduced by differential phone ownership, mobi-

lity patterns within particular regions are surprisingly robust

across populations.
2. Results
We analysed the daily travel patterns of 14 816 521 (approx.

38% of the Kenyan population) individuals across Kenya

from June 2008 to June 2009 using nearly 12 billion calls

and text messages to estimate daily locations for each one

(see §2). At the time of data collection, the incumbent

mobile phone operator had 92 per cent of market share, so

these data represent the vast majority of mobile phone

owners in the country. We used a common measure of indi-

vidual mobility, the radius of gyration, to examine how

mobility patterns varied across the country on the district

and population levels (see §2). This measure reflects both

the frequency of travel and distance [12]. For each subscriber,

we calculated a radius of gyration value over the year and

then aggregated these population values to the district

level. We combined individual mobility values from a pre-

viously described survey [21] (see §2) in order to analyse

the relationship between mobility and income. The survey

data included 32 748 individuals across the country in 2009,

and included questions on mobile phone ownership, airtime

expenditure, income and a variety of other social and

economic characteristics.

Our estimates of individual mobility from CDRs (figure 1a)

show that on a population level, individuals who spend

more money on airtime travel further and more frequently

than individuals who spend less (F ¼ 1.6752, p , 0.0001, see

the electronic supplementary material). As expected, the

survey data indicate that airtime expenditure reflects monthly

income (contingency coefficient of 0.47, p , 0.001), and is

therefore a reasonable proxy for economic status (figure 1b).

We have previously shown not only that mobile phone owner-

ship is biased towards wealthier individuals, but also that

substantial geographical heterogeneities exist in the levels of

phone ownership across the country [21]. Together, these

observations and previous results would suggest that CDRs

are likely to result in overestimates of the mobility of a

population and that these estimates may vary geographically.

In order to examine the extent to which ownership biases

may impact mobility estimates, we matched reported and

actual expenditure on airtime from both sources of data.

For each district, we used the CDR to calculate the average

mobility of individuals within discretized ranges of actual

airtime expenditures. We could link these mobility estimates

to the demographics of particular groups of people on a dis-

trict level using self-reported monthly airtime expenditures.

Figure 2a–c illustrates our approach. Across the majority of

districts, consistent with the aggregated data shown in

figure 1, individual mobility and airtime expenditure were

positively correlated in the CDR data, as well as reported

monthly income and expenditure on airtime from the

survey (see the electronic supplementary material). This

http://rsif.royalsocietypublishing.org/
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Figure 1. The relationship between monetary and movement variables. (a) Individuals were aggregated into percentiles of mobile phone expenditure calculated
from the CDRs. Distributions of radius of gyration values are shown with high expenditure individuals travelling further (red) and low expenditure individuals
travelling the least (blue). (b) The relationship between minimum monthly income and airtime expenditure for individuals. In general, airtime expenditure increased
with income.
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relationship enabled us to assign mobility estimates from the

CDR to particular income brackets from the survey, and use

the frequency of individuals within those income brackets

(irrespective of phone ownership) to assess how skewed

our mobility estimates are likely to be in each district (see

§2 for more detail). Note this was only possible because

some fraction of the population within every income bracket

owned phones. This mapping enabled us to readjust

observed mobility estimates to be representative of the under-

lying population even though we were only able to measure

the mobility of mobile phone owners.

For each district, we compared the distribution of radius

of gyration estimates from CDRs alone with the re-weighted

distribution that accounted for differential mobile phone

ownership (mean and median radius of gyration values

shown in the electronic supplementary material, table S1).

We compared the divergence between the two using a non-

parametric method, a relative distribution, yielding an

entropy measure that describes the overall similarity of the

distributions, as well as estimates of which parts of the distri-

bution were most skewed (see §2). Figure 3a–c illustrates

hypothetical examples of distributions compared in this

way. Figure 3d shows the entropy estimates and the direc-

tion of skew for all districts, highlighting how similar the

CDR-only and re-weighted distributions were (mean

entropy ¼ 0.0011; see the electronic supplementary material,

table S2). For comparison, we simulated two sets of data

generated from a normal distribution with identical means

and standard deviations and found similar values (mean

entropy ¼ 0.00252, see the electronic supplementary material).

As predicted by previous work, even though the distribu-

tions were similar, using CDR alone tended to overestimate

the mobility of populations (in 73% of the districts, see

figure 3d and the electronic supplementary material). Note

that the adjustment here is based on our ability to link
expenditure between datasets, and correlate income with

expenditure in the survey. Although income is probably an

important indicator of travel patterns, other metrics that we

were not able to measure may have led to different adjustments.

Despite this caveat, we are cautiously optimistic that CDRs

from mobile phones offer a reasonable estimate of mobility pat-

terns of individuals across a wide range of incomes, despite

considerable heterogeneity in mobile phone ownership.
3. Discussion
This work represents one of the first attempts to quantify the

biased nature of mobile phone ownership and to analyse

the impact of these biases on mobility estimates derived

from CDRs. Given the potential value of CDR datasets and

the increasing prevalence of mobile phone ownership glob-

ally, understanding these relationships is critical for future

studies of human movement using this approach. A direct

link between particular survey respondents and their CDRs

would breach privacy policies of most mobile phone oper-

ators, but travel surveys that incorporate questions about

mobile phone usage would greatly increase the utility of

CDR datasets in the future. Without the ability to link socio-

economic survey data with CDR data, an understanding of

biased ownership and the effect it has on call data analytics,

such as radius of gyration, would not be possible.

CDR datasets have already been applied to better

understand human movement worldwide [9,18,25–27]. The

scale of CDR studies of human mobility will inevitably

increase over the coming decades, providing a powerful

tool for policy makers and scientists for analysing millions

of individual movement patterns. CDR studies are able

to estimate the overall population mobility for a specific

region, often an entire country, on a scale unobtainable

http://rsif.royalsocietypublishing.org/
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from sources such as travel surveys. However, they are unli-

kely to replace traditional travel survey studies that provide

much richer insights into the socio-economic characteristics

of travellers and motivations for travelling, for example. In

particular, it is difficult to determine causation with CDR

data, such as the effect of a changing landscape on travel pat-

terns, whereas individual travel surveys can better address

these questions.

Surprisingly, the bias in mobile phone ownership did not

greatly skew estimates of human mobility. Using an adjust-

ment scheme to correct for differential ownership throughout
the country, we were able to account for the unobserved move-

ment patterns of non-owners in each district. Although we

believe income is a reasonable variable to use for this type of

approach, we could have used a range of variables that corre-

late with mobile phone ownership and usage, and these may

have slightly different results. The distributions of mobility

estimates within very different regions of Kenya were surpris-

ingly robust to biases in mobile phone ownership even with

large differences in ownership [21]. Although our results

must be confirmed in other settings, we are optimistic

that CDRs give reasonable estimates of the distributions of

individual human mobility.

http://rsif.royalsocietypublishing.org/


rsif.royalsocietypublishing.org
JR

SocInterface
10:20120986

5

 on June 24, 2017http://rsif.royalsocietypublishing.org/Downloaded from 
4. Material and methods
4.1. Mobile phone data
We used mobile phone communication logs from the incumbent

mobile phone provider in Kenya. Our data represents all com-

munications, both calls and text messages, by subscribers from

June 2008 to June 2009. Unique hashed IDs were associated

with one of 12 502 mobile phone towers’ latitude and longitude

coordinates for the caller, allowing us to map the location of

the user at that time (see the electronic supplementary mate-

rial, figure S1a). The annual radius of gyration was calculated

for each individual. This measure takes into account the range

and frequency of travel, with higher values corresponding to

more journeys and larger distances travelled. Radius of gyration

has been used in several studies of human mobility [12–14]

as follows:

ra
gðtÞ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

na
cðtÞ

Xna
c

i¼1
ð~r a

i �~r
a
cmÞ

2

s
;

where ~r a
i represents the i ¼ 1; :::; na

cðtÞ tower locations recorded

for subscriber a at time t, and ~r a
cm ¼ 1=na

c
Pna

c
i�1
~r a

i represents

the user’s centre of mass trajectory. Note we have analysed the

observed positive relationship between call volume and radius

of gyration, and through simulations have shown that it increases

the variance on our estimates (see the electronic supplementary

material, figure S2).

4.2. Survey data
In 2009, the Financial Sector Deepening Kenya (FSDK) con-

ducted a survey asking 32 748 individuals located at 646

communities several questions about mobile phone usage, own-

ership and monthly expenditure on airtime, as well as detailed

demographic questions concerning income, education level and

housing type [21] (see the electronic supplementary material,

figure S1b). Cluster stratified probability sampling based on

National Sample Survey and Evaluation Programme (NASSEP

IVprovided by the National Bureau of Statistics) ensured repre-

sentative populations were included in the survey. First level

selection (cluster level) yielded a representative set at the

national, provincial and urbanization levels in each province.

The Kenyan National Bureau of Statistics (KNBS) determined

how many clusters should be selected for each province, with

clusters being randomly selected from a list in the sampling

frame for each region to ensure urban regions were adequately

represented. Second level selection (household level) of house-

holds aimed for 10 households within each cluster based on

standard sample size calculations. Finally, third level selection

(individual level) of individuals aged 16þ years was performed

using a standard Kish grid (available in the original survey at

http://www.fsdkenya.org).

4.3. Correlating expenditure with top-up denominations
The FSDK survey asked individuals their mobile phone monthly

expenditure. To match these reported values with the CDR, we

used a monthly airtime expenditure calculated from each individ-

ual’s call volume, assuming the tariff at the time of our dataset

(3 KSH per minute, 1 USD�75 KSH). This calculation allowed us

to estimate radius of gyration values for different brackets of

monthly expenditure in each district. Figure 2 shows a schematic

of the approach. While the correlation between monthly airtime

expenditures and income or other variables that are measurable

for individuals who do not own phones may not be exact, they pro-

vide a mechanism for adjusting our mobility estimates that would

be possible for CDR studies.

The relationship between monthly income and radius of

gyration for each district was slightly positive (mean correlation
coefficient ¼ 0.19). The strength of this relationship varied by

district and was adjusted by population per district using a

non-parametric method to account for this fact (see the electronic

supplementary material). Using the population adjustments,

for each district, we constructed a weighted kernel density

estimation of the population adjusted and non-population

adjusted radius of gyration values. Following the method of

Hancock & Morris [28], the comparison sample y1, y2, . . . , yn

refers to the non-population adjusted radius of gyration values,

and the reference distribution x1, x2, . . . , xm refers to the popu-

lation adjusted radius of gyration values. The comparison

and reference distributions have cumulative distribution func-

tions (CDFs; probability density functions (PDFs)) denoted F( f )

and F0( f0), respectively. We construct relative data ri ¼ F0(yi)

with relative CDF of GðrÞ ¼ FðF�1
0 ðrÞÞ and relative density

gðrÞ ¼ f ðF�1
0 ðrÞÞ

f0ðF�1
0 ðrÞÞ

. The relative data provides a non-parametric

method for a full comparative distributional analysis that is a

complete summary of the comparisons between the comparison

and reference distributions. Regardless of the shape of the raw

data, it can be compared with the adjusted data in a systema-

tic way. We can use the relative distribution to measure

the divergence, skew and location of skew of the comparison

distribution to the reference distribution.

To measure the divergence between the two distributions, we

calculated the Kullback–Leibler divergence between the relative

and comparison distributions. K–L divergence measures the

difference between two probability distributions and quantifies

the expected number of extra bits required to code samples from

the reference distribution when using a code based on the com-

parison distribution rather than a code based on the reference

distribution. It is defined as

DðF; F0Þ ¼
ð1

�1

log
f ðxÞ
f0ðxÞ

� �
dFðxÞ ¼

ð1

0

logðgðrÞÞgðrÞdr:

To measure polarization, i.e. if the comparison distribution is

skewed towards the middle or tail values, we calculate the

median relative polarization index of Y relative to Yo

MRPðF; F0Þ ¼ 4

ð1

0

jr� 1
2jg

A
0 ðxÞdr� 1:

Positive values of median relative polarization (MRP)

represent more polarization (increases in the tails of the distri-

bution), negative values represent less polarization (convergence

towards the centre of the distribution), and a zero value represents

no differences in distributional shape. We can also define lower

and upper polarization indices to quantify the contributions

above and below the median of the relative distribution.

LRPðF; F0Þ ¼ 8

ð1=2

0

jr� 1
2jgmðxÞdr� 1

and

URPðF; F0Þ ¼ 8

ð1

1=2

jr� 1
2jgmðxÞdr� 1:
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