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Quantifying the Impact of Accessibility on
Preventive Healthcare in Sub-Saharan Africa
Using Mobile Phone Data

Amy Wesolowski,»*< Wendy Prudhomme O’Meara,* Andrew J. Tatem,>" Samson Ndege,®
Nathan Eagle,>" and Caroline O. Buckee®®

Background: Poor physical access to health facilities has been iden-
tified as an important contributor to reduced uptake of preventive
health services and is likely to be most critical in low-income set-
tings. However, the relation among physical access, travel behavior,
and the uptake of healthcare is difficult to quantify.

Methods: Using anonymized mobile phone data from 2008 to 2009,
we analyze individual and spatially aggregated travel patterns of
14,816,521 subscribers across Kenya and compare these measures
to (1) estimated travel times to health facilities and (2) data on the
uptake of 2 preventive healthcare interventions in an area of western
Kenya: childhood immunizations and antenatal care.
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Results: We document that long travel times to health facilities are
strongly correlated with increased mobility in geographically iso-
lated areas. Furthermore, we found that in areas with equal physi-
cal access to healthcare, mobile phone-derived measures of mobility
predict which regions are lacking preventive care.

Conclusions: Routinely collected mobile phone data provide a
simple and low-cost approach to mapping the uptake of preventive
healthcare in low-income settings.

(Epidemiology 2015;26: 223-228)

In Sub-Saharan Africa, a large number of deaths in children
under 5 years of age result from a small number of com-
mon causes, such as diarrhea, malaria, and poor prenatal
care.! These deaths are largely preventable through health ser-
vices that are often available at local health facilities, includ-
ing childhood immunizations and antenatal care for pregnant
women.”* Variable uptake of available health interventions
can undermine healthcare programs, however, and plays an
important role in child and maternal mortality, particularly in
Sub-Saharan Africa.>”

Poor physical access to health facilities is thought to be
a critical determinant in these outcomes. Households further
from health facilities have higher incidence of child mortality
and malaria, for example, and are less likely to seek treatment
for fevers, although these relationships are heterogeneous
and appear to be stronger in very rural areas.>!” The relation
between the travel time to healthcare facilities and actual travel
behavior of a community is unclear, however, and 2 contra-
dicting hypotheses have been suggested. First, a broad spatial
analysis of the determinants of poverty in Kenya found a posi-
tive correlation between access to health facilities, frequency
of travel, and wealth, suggesting that more wealthy populations
are both more able to travel frequently and have easy access to
health facilities.'® However, it has also been suggested that the
inverse is true; poor physical access imposes a higher travel
burden on people to reach the resources they need, whether
economic or health related. Persons in areas with poor access
to health services, which are associated with poor health out-
comes, may need to travel frequently and relatively far.'

www.epidem.com | 223


http://www.epidem.com
mailto:cbuckee@hsph.harvard.edu

Wesolowski et al

Epidemiology ® Volume 26, Number 2, March 2015

Human mobility—the spatial range and frequency
of individual travel—reflects a range of basic needs, social
incentives, and economic constraints and inherently encom-
passes multiple modalities. Therefore, it remains unclear how
measures of mobility, which reflect more than just geographic
location and physical infrastructure for travel, correlate with
access to healthcare or resulting health outcomes.'® Disen-
tangling the relationships among healthcare access, travel
behavior, and health outcomes is challenging. Household sur-
veys and travel diaries are often used to measure variation in
travel times to public resources such as health facilities,?0 2
but these are limited in scope and hard to generalize across
regions. Geospatial techniques have been used to derive maps
of approximate distances and travel times to nearby health
facilities,?° but these do not provide insights into how physi-
cal access affects human behavior. Due to the conflicting
hypotheses described above and the lack of evidence avail-
able, identifying the factors underlying poor healthcare uptake
and outcomes hinders the ability of policy makers to design
programs that help those most in need.

The availability of de-identified mobile phone call detail
records provides a new source of data on human mobility on
unprecedented scales.>?* Mobile phone operators log cell
tower locations whenever a person uses a mobile phone. These
call detail records, once anonymized, provide detailed, longitu-
dinal information about the travel patterns of millions of sub-
scribers and offer unique opportunities for directly measuring
the impact of geographic isolation on human travel behavior.
Here, we combine an analysis of the geographic variation in
mobility patterns of 14,816,521 anonymous mobile phone
subscribers in Kenya with modeled estimates of travel times
to health facilities, generated through standard cost—distance-
based spatial analysis methods on various scales. We compare
these with direct, geocoded measures of childhood immuniza-
tion and antenatal care uptake in Western Kenya, measured
by household surveys during a home-based HIV counseling
and testing program.? This provides a direct measure of the
impact of physical access to healthcare on mobility and health
outcomes and a cost-effective new approach to mapping
human behaviors underlying health outcomes.

METHODS
Mobile Phone Data

Mobile phone data were provided by the incumbent
mobile phone provider during the time of data collection.
Anonymized call detail records included the cell tower loca-
tion (from one of 11,920 routing tower locations), sender,
receiver, and timing of calls or SMS communications from
14,816,512 subscribers from June 2008 through June 2009
(with February 2009 missing from the data set). Subscribers
were represented as unique anonymized hashed IDs. In total,
over 12 billion mobile phone communications were recorded.
From these data, we modeled the longitudinal travel behavior
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of each subscriber. We used a previously developed measure
of individual mobility, the radius of gyration, to measure the
mobility of each subscriber. This measure encompasses both
the range and frequency traveled by a person into a single
measure, with higher values characterizing more mobile
subscribers and lower values resulting from subscribers who
do not travel as frequency or as far. We calculated a primary
location (center of mass) for each subscriber using the tower
location of each mobile phone communication, based on the
most common location over the course of the year. For each
of the subscriber’s records in the call detail records, we then
consider the frequency and distance to other towers. We cal-
culated average radius of gyration from subscribers assigned
a primary location at each mobile phone tower (eAppendix,
http:/links.lww.com/EDE/A870).232* Explicitly, radius of
gyration is calculated as follows?*26:
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where 7“ represents the i = 1,---,n%(¢) tower locations recorded

g
for subscriber @ at time ¢ and 7., =—azfi“ represents the
¢ i=1
subscriber’s center of mass trajectory. Yearly radius-of-gyra-
tion values for subscribers were aggregated to provide distri-
butions of mobility for populations on 2 spatial scales: the
county level and the individual cell tower level (11,920 total
towers).

Travel-time Data

Geospatial techniques were used to estimate the travel
time to the nearest health facility. The population distribution
was calculated using land cover and census data, as was done
by Linard and colleagues.?’ In brief, travel times between
pairs of locations was calculated using a cost—distance algo-
rithm that computes the “cost” of traveling on a regular raster
grid based on information about the transportation network
(obtained from the Kenyan National Bureau of Statistics),
land cover data (http://www.africover.org), and topography
data (http://srtm.csi.cgiar.org/).2° The locations of all national
health facilities were obtained from Noor et al.?’

Survey Data

Survey data were collected from 5 districts in western
Kenya that are part of the catchment area for the Academic
Model Providing Access to Healthcare.?> Between 2009 and
2011, a door-to-door HIV counseling and testing campaign
was conducted in western Kenya. Most individuals (95%)
agreed to be counseled and tested across 5 districts. The
program collected geocoded information about pregnancy,
attendance at antenatal clinics, immunization of children, and
basic socioeconomic information. Individual surveys from
these study sites (n = 273,213) were aggregated to the house-
hold level (n = 78,882). Households were then aggregated to
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http://links.lww.com/EDE/A870
http://www.africover.org
http://srtm.csi.cgiar.org/

Epidemiology ® Volume 26, Number 2, March 2015

The Impact of Accessibility on Healthcare in Africa

sublocations (n = 89) where the mean mobility variable and
travel time to a health facility were calculated.

We considered 2 primary outcome variables related to
the uptake of preventive healthcare interventions—completed
childhood immunizations and antenatal care for pregnant
women (see eTable S1; http://links.lww.com/EDE/A870).
For a child to be fully immunized, they should have received
Bacillus Calmette—Guérin vaccine at birth and measles at 9
months. A household was considered to be missing immuni-
zations if there was at least 1 child over 1 year who had not
had any of these immunizations. Households were considered
to be missing antenatal care if there was a pregnant woman
who reported not receiving antenatal care. For each subloca-
tion, we calculated the percentage of eligible households (e,
households with children or pregnant women) who were lack-
ing either immunizations or antenatal care.

We aggregated household-level point estimates of both
mobility and travel times to obtain sublocation averages. To
aggregate mobility values to sublocations for comparison,
each household was assigned the mobility value of the nearest
mobile phone tower and a corresponding travel-time estimate.

RESULTS
On large spatial scales, people living in counties with
poor physical access to healthcare were also the most mobile, in
terms of both distance and frequency. Figure 1A and B shows
the Kenyan road network (see eFigure 1; http:/links.lww.com/
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EDE/A870 for continuous maps), colored by the observed
mobility of local populations, and the relationship between
mobility and travel times to health facilities aggregated at the
county level (eFigures 1 and 2; http:/links.lww.com/EDE/
A870 for similar analyses for population centers and schools).
Radius-of-gyration values decreased nonlinearly as county
population density increased and travel times to reach resources
were reduced (eFigure 2; http://links.lww.com/EDE/A870: fit
for population density; adjusted R? = 0.5, sum of squared errors
= 3.3, root-mean-square error = 0.29; correlation with aver-
age travel time to the nearest health facility, adjusted R? = 0.5).
eFigure 3 (http:/links.lww.com/EDE/A870) shows the impact
of mobile phone tower density on radius gyration values. This
finding is consistent with the hypothesis that remote communi-
ties experience an increased burden of travel.

Substantial heterogeneity in the relationship between
radius of gyration and travel time to health facilities was
observed on the smaller spatial scale of the individual cell
tower, however. For example, Figure 2A and B compares
observed mobility with estimated travel times to the near-
est health facility for a region of Western Kenya (eFigure 4;
http://links.lww.com/EDE/A870 for similar analyses compar-
ing health facilities to schools). Here, we observed that pop-
ulations with high and low average mobility are adjacent to
each other, despite similar estimated travel times to the near-
est health facility. Thus, while communities can be defined as
equally remote mobility, patterns are locally heterogeneous.
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FIGURE 1. The relationship between radius of gyration and the travel time to the nearest health facility. A, Roads in Kenya
are colored according to the radius-of-gyration value (median of resident values) for the nearest mobile phone tower (broken
into 30 quantiles). Red roads have the highest radius-of-gyration values (90+ km), whereas blue roads have the lowest values
(~20 km) (see eAppendix and eFigure 4; http://links.Iww.com/EDE/A870 for the impact of varying mobile phone tower density on
radius-of-gyration estimates). B, The relationship between travel time to the nearest health facility and radius of gyration is shown
grouped by travel time. For subscriber estimates aggregated to the tower level, the median radius of gyration is generally lower
for towers with shorter travel times to the nearest health facility than for towers with longer travel times.
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To examine whether these heterogeneities in mobility
were associated with health outcomes, we analyzed income
and health data from 5 districts in western Kenya (78,882
households). We identified households missing preventive
care—either incomplete immunization among children age
1-5 years or a lack of antenatal care among pregnant women.
Most children completed their immunization schedule in the
majority of eligible households (2% of eligible households
had children missing immunizations, n = 686). Almost 40%
of households with pregnant women were missing antenatal
care (39%, n = 1,374). The households missing care were
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geographically heterogeneous, with higher percentages found
in 2 of the study districts (Figure 3A). We aggregated house-
hold data to sublocations (n = 89) to compare with the mobile
phone data. (On average, 1% sublocations were missing
immunization, and 31% were missing antenatal care.)
Mobility estimates derived from mobile phone data
were better able to predict the percentage of households in
a sublocation missing immunizations or antenatal care than
were estimates of travel times to health facilities (Figure 3B
and eTable S2; http://links.lww.com/EDE/A870). The cor-
relation coefficients for immunizations and health-facility

FIGURE 2. The radius-of-gyration
values in a localized area. An area of
Western Kenya showing radius-of-
gyration values (A) and estimated
travel times to the nearest health facil-
ity (B) is shown highlighting the sub-
stantial differences in travel behaviors
that exist across similar levels of geo-
graphic access to health services.
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FIGURE 3. The relationship between mobility, travel times, and households missing preventive healthcare. A, The percentage of
households (HHs) within each area’s sublocation who reported missing antenatal care (ANC). The entire study area and a sample
study site are shown. B, The predicted percentage of eligible HHs missing ANC per sublocation using travel times to the nearest
health facility (HF) (red) or the mobility values from the mobile phone data (blue) (reduction in deviance from the mobility model,
3%; from the travel-time model, 0.41%). The travel-time data would predict that nearly every sublocation is missing the same
percentage, whereas the mobile phone data provides more accurate estimates over a wider range.
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travel time was 0.06 (P = 0.6), whereas average radius of
gyration was correlated with a coefficient of —0.23 (P =0.03).
For antenatal care, there was no relationship between either
measure of travel and uptake, although the relationship with
mobility was somewhat stronger (Figure 2B) (health facility
travel time, —0.06 [P = 0.56] and mobility, —0.14 [P = 0.2]).
In sublocations of similar physical access to health facilities,
increased mobility was associated with a higher percentage
of households accessing preventive healthcare. (For sub-
locations within 30 minutes of a health facility, correlation
coefficient = —0.21 [P = 0.24]; for sublocations between 40
minutes and 2 hours of a health facility, correlation coef-
ficient = —0.38 [P = 0.067].) The strength of this relation-
ship was not related to the average household wage hours
and was stronger in areas further from health facilities, sug-
gesting that the impact of access and mobility is greater in
more remote communities. Thus, mobility can help explain
heterogeneities in accessing care for populations with com-
parable physical travel times to health facilities, highlighting
the ability of new data sources to describe variable uptake of
preventive healthcare.

DISCUSSION

We propose that mobility measured by mobile phone
data may reflect more about economic conditions and behav-
ior than travel-time estimates, making it a more comprehen-
sive measure that takes into account various aspects of health
care access in addition to geography. Our results are consistent
with the hypothesis that poor physical access places a high
travel burden on persons living in remote regions, but that the
most vulnerable among them are the least mobile. We propose
that mobile phone call records provide valuable insights into
human travel behaviors associated with poverty and access to
healthcare and could be used to identify vulnerable popula-
tions where households are at risk for missing basic preventive
care. Measuring and understanding the relationship between
geographic isolation and travel is key to the targeting of devel-
opment assistance that aims to alleviate health disparities and
identify the role of travel and physical accessibility to health
resources. '

Although mobile phone data have inherent biases, ana-
lytic tools for adjusting estimates are improving, and in this
case, they may not have a major impact on estimates.?62® We
have previously shown that mobile phone ownership is gen-
erally still biased toward wealthier, urban-dwelling males.
However, we observed mobile phone ownership in all income
brackets, and these biases are rapidly diminishing.?® Mobile
phone data are increasingly being analyzed for epidemiologic
studies through individual agreements between the operator
and researchers, with anonymization and aggregation often
taking place before sharing. The value of these approaches is
likely to be most profound in low-income settings where data
are scarce, but methods of analysis are still in their infancy, as
are effective protocols for sharing the data more widely.?*=!
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Despite the obstacles to the routine use of mobile phone data
in public health research, however, we believe they represent
a valuable and inexpensive source of information that can be
used to identify areas facing substantial travel burden and to
identify local variability in access that can exceed the spatial
resolution of conventional access measures.
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