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ABSTRACT
Understanding the location of schools relative to the population they serve
is important to contextualise the time, students must travel and to define
school catchment areas (SCAs) for planning. We assembled a spatio-
temporal database of public primary schools (PPS), population density of
school-going children (SGC), and factors affecting travel in 2009 and
2020 in Kenya. We combined the assembled datasets within cost
distance and cost allocation algorithms to compute travel time to the
nearest PPS and define SCAs. We elucidated travel time and
marginalised SGC living outside 24-minutes, government’s threshold at
sub-county level (decision-making units). Weassembled 2170 PPS in 2009
and 4682 in 2020, an increase of 115.8%, while the average travel time
reduced from 28 to 17 minutes between 2009 and 2020. Nationally, 65%
of SGC were within 24-minutes’ catchment in 2009, which increased to
89% in 2020. Subnationally, 19 and 61 out of 62 sub-counties had over
75% of SGC within the same threshold, in 2009 and 2020, respectively.
Findings can be used to target the marginalised SGC, and monitor
progress towards attainment of national and Sustainable Development
Goals. The framework can be applied in other contexts to assemble
geocoded school lists, characterise travel time and model SCA.

ARTICLE HISTORY
Received 21 August 2021
Accepted 3 October 2022

KEYWORDS
Education; Primary school-
going children; Geographical
accessibility; School
catchment area; Planning;
Kenya

Background

Education and geographical access

Education is an important metric of national economic and social development and a pathway to
improved health outcomes (Marmot et al. 2008; Lutz, Cuaresma, and Sanderson 2008; Graetz et al.
2018). The national and international communities have set goals and milestones to increase edu-
cational attainment. The Millennium Development Goals focused mainly on expanding primary
education by 2015, while the current Sustainable Development Goals (SDGs) emphasise reducing
inequalities in school access by 2030 (Friedman et al. 2020). Through concerted efforts, the net
enrolment rate in primary school education increased globally from 82% in 1990 to 91% in 2018
(World Bank 2021). Historically, high-income countries have had higher net enrolment rate
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(94.8% in 1990 to 96.3% in 2018) than low-income countries (47% in 1990 to 81% in 2018). Globally
and relative to other regions, Sub-Saharan Africa (SSA) remains most disadvantaged over time,
with a net enrolment rate of 53% in 1990 and 78% in 2018 (World Bank 2021), and its primary
school completion rates at 67% in 2018.

In SSA, poor enrolment and education attainment can be ascribed to many factors which vary
between andwithin countries. Someof the factors include distance (or travel time) to school, household
wealth, affordability, parents’ past education experience and travel cost (Lavy 1996; Porter et al. 2010a;
Porter et al. 2010b; Siiba 2020;AfoakwahandKoomson2021;Ngware andMutisya 2021). Among these
factors, particularly for primary school-going children, a significant concern is the travel time between
their households and the location of the primary school (Lavy 1996; Afoakwah and Koomson 2021;
Rodriguez-Segura and Kim 2021; Ngware and Mutisya 2021). Many children continue to travel long
distances, which has been associated with poor schooling and learning outcomes because children
are more likely to miss part of the daily instructions, announcements, and other academic activities
(Lavy 1996; Cattaneo, Oggenfuss, and Wolter 2017; Afoakwah and Koomson 2021). This is especially
important in SSA,wheremost childrenwalk to school due to poverty and lack ofmotorised alternatives
(Porter et al. 2010a; Porter et al. 2010b; Poku-Boansi, Amoako, andAtuah 2019; Siiba 2020). Therefore,
better geographic access to primary schools has been an overarching goal in SSA.However, a prerequi-
site for defining geographic accessibility is the availability of anupdated andgeocodedmaster school list
for the country of interest.

Master school lists

A master school list is a geo-database of educational, demographic, and socio-economic data for
schools to facilitate planning and decision-making usually created through a mapping exercise
(Attfield et al. 1999; Mulaku and Nyadimo 2011). At a minimum, the school database should con-
tain the school’s location, capacity, amenities, number of students by gender and number of tea-
chers alongside their qualifications. However, additional spatial layers of the road network,
topography, economic and administrative data are required (Mulaku and Nyadimo 2011). Evaluat-
ing these databases within a geospatial information system (GIS), decision-makers and stakeholders
can plan to rehabilitate or expand existing schools, construct new or merge existing schools guided
by the population dynamics or plan for additional teachers and other resources. Additionally,
essential insights that can be generated to enhance timely decision-making include how far children
travel to reach a school from their homes, availability of electricity, toilet and clean water within a
school or availability of health services within recommended radius of a school (Attfield et al. 1999).

Given the importance of such databases and accrued benefits of geospatial analysis, school map-
ping dates to the 1960s in Africa (Theunynck 2009). Some of the SSA countries where a form of
school mapping has been conducted include Ethiopia (Attfield et al. 1999), Kenya (Mulaku and
Nyadimo 2011), Tanzania (Alegana et al. 2021), Rwanda and South Africa (Rodriguez-Segura
and Kim 2021), and Nigeria and Sierra Leone (GRID3 2021). However, countries often have several
school lists created by different agencies and not harmonised over time. Various organisations
usually host these unharmonised lists, partially geocoded or lacking geographic coordinates and
containing different attributes. Critically evaluating the fidelity of these databases while harmonis-
ing their differences into a single temporal master list is essential to any analysis, the resulting
findings, and the implications for education policy. Such a database is the fundamental starting
point for any geographic accessibility analysis for educational planning.

Modelling travel time

Defining travel time to school is essential in highlighting areas and school-going children (SGC)
who are marginalised and need prioritisation during policy making, resource allocation and distri-
bution. This aligns with SDGs fundamental principle of leaving no one behind and reaching the
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furthest behind, first (Stuart and Woodroffe 2016). Despite an increasing number of applications in
health geography to understand spatial access to health services (Makanga 2021), there have been
only a few attempts to define travel time to school and use of GIS for education in SSA including
Sierra Leone, Nigeria, Ghana, Tanzania, Malawi and South Africa (Porter et al. 2010a; Porter et al.
2010b; Chacha and Bwire 2013; De Kadt et al. 2014; Poku-Boansi, Amoako, and Atuah 2019; Siiba
2020; GRID3 2021; Mackintosh et al. 2020). Determining travel times to schools is not only impor-
tant for understanding marginalisation but can also be used as a starting point to increase enrol-
ment rates, educational attainment and learning outcomes in SSA (Lehman 2013; Afoakwah and
Koomson 2021). This is particularly important for girls who are disproportionately affected due
to security concerns posed by long distances to schools located outside their communities (GoK/
MoE 2018). Further, long distances pose additional challenges for children with disabilities.
Taken together, all of these factors underscore the need to assess and update the spatial accessibility
of schools continually.

Various approaches can be used to compute travel time or distance. They range from simple
methods such as Euclidean distance to complex methods such as cost distance algorithms
(Ouma et al. 2021). While the simple approaches are easy to understand, implement and explain
to stakeholders, they generalise and ignore factors that influence the journey to a school. Most of
the previous studies on school access have used Euclidean distances (Lehman 2013; Rodriguez-
Segura and Kim 2021), which is questionable since children’s travel can significantly deviate
from the trajectory of a straight line. A child’s travel route to school is complex, influenced by
socio-economic factors, facilitators of movement such as tracks and roads, and obstacles. Therefore,
travel time analysis should aim for ‘near to reality travel times’ if they are to be beneficial to policy-
makers (Banke-Thomas et al. 2021).

Policy relevant thresholds
A travel time threshold (or norm) is the maximum travel time considered the ‘acceptable physical
access’ to a school for a child; areas outside the defined threshold are considered physically margin-
alised from the school (Gould 1978; Theunynck 2009; Rodriguez-Segura and Kim 2021). The uni-
versal goal is to have schools located as close as possible to children’s homes, and if possible, within
the village where the children reside (Theunynck 2009). The travel time thresholds have been used
primarily in low-resource settings to guide infrastructure and resource allocation and facilitate
equitable physical access. They have been used to define school catchment areas (SCAs) that
form the basis of establishing new schools or expanding existing ones alongside other factors
(Theunynck 2009).

There are no global benchmarks or thresholds for the maximum distance or travel time children
should travel to access a primary school (Mackintosh et al. 2020). A radius of 3 kilometres (km)
from home has been proposed (Gould 1978; Theunynck 2009). However, the threshold cannot
be applied uniformly across SSA as a blanket cut off given the variations in population distribution,
context, geography, infrastructure, and resources. Further, there is a perception that 3 km is too far
for a child to walk (Rodriguez-Segura and Kim 2021). Thresholds of 5 km have been used in Mali
(Lehman 2013) and Sierra Leone (Mackintosh et al. 2020), while 2 km radius has been applied in
Nigeria (GRID3 2021). In Kenya, The Ministry of Education aims to have a school within 2 km
walking distance of every household (GoK/MoE 2018).

Objective
Kenya lacks a unified temporal master school list with all essential attributes. However, inconsistent
lists are neither comparable nor easily accessible. They are maintained by different organisations,
limiting their usefulness for decision-based planning, promoting equitable access, and tracking
development goals. Further, no studies have explored the differences in geographical accessibility
over time or evaluated the progress towards attaining recommended travel time thresholds in
Kenya.
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To address these issues and generate useful information for planning, we aim to assemble exist-
ing lists of primary schools between 2009 and 2020 and create a temporal and unique geocoded
database of all public primary schools (PPS) and extend this database by linking it to spatial data
layers known to affect travel between households and schools. These include road network, land
use and cover, elevation, and travel barriers (major rivers, water bodies, game parks and reserves)
to model travel time, assess progress, and derive SCAs for planning and highlighting areas and SGC
that have been marginalised in the last decade. Specifically, we use these spatial data layers in a cost
distance algorithm to define travel time to the nearest PPS, and compute the number of SGC who
reside beyond the recommended policy threshold from school, based on SCAs derived through a
cost allocation algorithm.

Study area

The study area comprises eight of Kenya’s 47 subnational units (counties) located in Western
Kenya at the shores of Lake Victoria neighbouring Uganda and Tanzania (Figure 1). The counties
form the subnational government following the promulgation of a new constitution in 2010 that
introduced a devolved system of government (GoK 2010). These eight counties are further sub-
divided into 62 sub-counties that are used by policymakers to plan, allocate, and distribute
resources within counties. The region was chosen because of its high population density of 560
people per square km relative to Kenya’s average of 82 people per square km in 2019 (KNBS
2020). Secondly, regular school surveys have been conducted in this region contributing to fidelity
and completeness of assembled school database and other complementary studies on travel spe-
cificities (Dixit et al. 2016; Snow et al. 2017). Finally, among the top 20 counties with the highest
proportion of the population that has never been to school in Kenya, seven were in this region
(KNBS 2020).

The region has 53 urban areas that host 1.4 million people, 14.4% of the region’s total population
(KNBS 2020). The major urban areas in the region, each with more than 20,000 people, are Kisumu
city, Kakamega, Busia, Migori, Bungoma, Kimilili, Homa Bay, Webuye and Mumias (Figure 1).
These urban areas support trading activities and host major learning institutions. Farming and
fishing are the dominant agricultural activities of the region (LREB 2020). Transport infrastructure
is still developing with less than 50% of the roads paved. Transportation in the area is affected by
altitudes that vary from 1130 metres above sea level around Lake Victoria to 4321 above sea level at
Mt. Elgon. The major rivers include Yala, Nzoia, Nyando, Sondu, Kuja and Migori draining into
Lake Victoria and are impassable except in a bridge. Near the lakeshore and along the river mouths
are seasonal and permanent swamps. The region has a bi-modal rainfall pattern (LREB 2020),
which may impact travel speeds in the unpaved roads.

Kenyan education system

The Ministry of Education manages the education sector in Kenya to ensure access to quality edu-
cation. The national government is tasked with education policy, standards, curriculum, examin-
ations, universities, research, higher learning and tertiary institutions, primary schools,
secondary schools, special education, and promotion of sports. County governments are tasked
with pre-primary education, youth polytechnics, home craft centres, farmers training centres and
childcare facilities (GoK/MoE 2018). The government introduced free and compulsory primary
education in 2003 (GoK/MoE 2018). Primary net enrolment rate increased by 8%, from 9.8 million
in 2013 to 10.6 million in 2018, while the net enrolment rate rose from less than 60% during the pre-
2003 period to about 91% in 2017 (GoK/MoE 2018) and can be linked to free primary education
(Zuilkowski et al. 2018). About 9% of SGC expected to be in primary school were not enrolled
nationally in 2018. The national education sector strategic plan 2018–2022 aims to enhance access
and equity to education due to existing disparities in access based on location, gender, and region
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Figure 1. Location of Western Kenya with eight counties (dark lines) and 62 sub-counties (numbered, see note) relative to Kenya
and Africa. Notes: Bungoma county: Bumula (1), Kabuchai (2), Kanduyi (3), Kimilili (4), Mt. Elgon (5), Sirisia (6), Tongaren (7),
Webuye East (8), Webuye West (9); Busia county: Bunyala (10), Butula (11), Samia (12), Matayos (13), Nambale (14), Teso
North (15), Teso South (16); Homa Bay county: Homa Bay (17), Rachuonyo East (18), Rachuonyo North (19), Rachuonyo
South (20), Suba North (21), Ndhiwa (22), Rangwe (23), Suba South (24); Kakamega county: Butere (25), Ikolomani (26), Khwisero
(27), Likuyani (28), Lugari (29), Lurambi (30), Malava (31), Matungu (32), Mumias East (33), Mumias West (34), Navakholo (35),
Shinyalu (36); Kisumu county: Kisumu Central (37), Kisumu East (38), Kisumu West (39), Muhoroni (40), Nyakach (41), Nyando
(42), Seme (43);Migori county: Awendo (44), Kuria East (45), Kuria West (46), Nyatike (47), Rongo (48), Suna East (49), Suna West
(50), Uriri (51); Siaya county: Alego-usonga (52), Bondo (53), Gem (54), Rarieda (55), Ugenya (56), Ugunja (57), Vihiga county:
Emuhaya (58), Hamisi (59), Luanda (60), Sabatia (61), Vihiga (62).
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and recommends schools to be established within 2 km of children’s households, a reasonable walk-
ing distance (GoK/MoE 2018).

Our analysis considers travel time because time is comparable across different context and geo-
graphies, accounting for travel factors such as obstacles and topography (Ouma et al. 2021). The
average human walking speed is 5 km/hr, which translates to 24 min for 2 km. However, children
do not walk along a straight line to schools due to travel barriers and topography. Instead, they walk
along road networks and footpaths, but the walking speeds vary depending on slopes and land use
or cover. Therefore, a 2 km radius is more realistically represented as 24 min after accounting for
factors that affect travel.

Methods

A flowchart summarising the analytical approaches is presented in supplemental online material.
First, we curated existing lists of schools to create a spatio-temporal master list. Second, we
assembled spatial data layers of factors that affect travel between residences and primary schools,
including population estimates of school-going children. In the third step, we reviewed the litera-
ture to derive and infer school attendance specificities in travel modes and associated speeds. The
fourth step entailed combining the factors that affect travel, geocoded school lists and school attend-
ance behaviour in a geospatial framework to compute travel time between each 100 m grid and the
nearest primary school and generating SCAs. Finally, we estimated the proportion of SGC within
the recommended travel time threshold through a spatial overlay and aggregated at the sub-county
level for relevance to policymakers.

Data assembly

School database
We consulted six existing school databases inWestern Kenya, merged and cleaned them to a unique
list of PPS in 2009 and 2020 (supplemental online material). We focused only on PPS managed by
local authorities, community, Ministry of Education, non-governmental and religious organis-
ations. These are more accessible by the general public since the introduction of free and compul-
sory primary education (GoK/MoE 2018). We excluded special schools catering for the deaf, blind,
and neurologically impaired given our aim of computing walking travel time. We did not include
schools that were purely boarding since students do not make daily travels to boarding schools.

The baseline database consisted of a geocoded listing of all educational institutions in Kenya
from a nationwide mapping survey in 2009 and considered the gold standard (Mulaku and Nya-
dimo 2011). The list had 2137 PPS in Western Kenya meeting our inclusion criteria. The second
list contained schools that participated in malaria parasite surveys since 2009 (Snow et al. 2017)
and contributed 336 PPS in Western Kenya. The third list was retrieved from the online primary
education directory of Kenya dated 2017 and contributed to 4234 PPS (PEDK 2017). It included
school ownership, geographic coordinates, and type of school. However, details on custodian
and how the list was generated were lacking. A fourth master list from the Ministry of Education
dated 2018, was obtained through personal communication, listed schools and ownership details,
but lacked geographic coordinates and contributed to 4920 PPS. The fifth list we used was a
2020 World Bank Kenya schools listing (World Bank Group 2020). Its data appears to be an amal-
gamation of lists fromMinistry of Education in 2007 and 2016, it listed geographic coordinates and
ownership details contributing to 4810 PPS. Finally, from the 2020 Ministry of Education enrol-
ment listing provided through personal communication, we identified 4899 PPS meeting the
inclusion criteria without geographic coordinates.

To create a master database, the lists were consulted progressively between 2009 and 2020. We
confirmed no duplicates and geocoded the schools that did not have coordinates through Google
Earth, OpenStreetMap, and Geonames. After geocoding, we ensured that no PPS were located
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within protected areas or in water bodies by rechecking the coordinates from the geocoding
exercise.

Factors that affect travel
Roads: We assembled, merged and cleaned road networks from three sources detailed elsewhere
(Joseph et al. 2020). In brief, the most comprehensive of Kenya’s road network data from the Min-
istry of Transport formed the road’s baseline layer. It was created using the gold standard Global
Positioning System technique to map coverage of roads in 2016. We updated these roads via Open-
StreetMap and Google MapMaker. The merged data road network was harmonised in ArcMap ver-
sion 10.5 (ESRI Inc., Redlands, CA, USA) by deleting overlapping road sections, overshoots and
undershoots at connection points due to digitisation errors and those road segments that extended
into water bodies.

Land use/cover: Some areas were not covered by the road network or foot paths. We used sat-
ellite-derived information (land cover) to designate the underlying geographical space that children
need to traverse on their journeys to schools in the absence of a road network and footpaths. We
used the 2016 Copernicus Sentinel-2 satellite-derived landcover at 20 m spatial resolution. The
study area contained shrubs cover, sparse vegetation, grassland, cropland, tree cover, bare areas,
built-up areas, and open water.

Digital elevation model: The slope of the land derived impedes walking speeds that were cor-
rected according to Tobler’s hiking function. This exponential function describes how human walk-
ing speeds vary with slope (Tobler 1993). The elevation was based on the Shuttle Radar Topography
Mission at 30 m × 30 m spatial resolution (Farr et al. 2007).

Travel barriers: Barriers of travel included major rivers, lakes, national parks and game reserves
(UNEP-WCMC and IUCN 2017). Barriers were considered impassable except in the presence of a
bridge where a road intersects a water body or where official roads pass through national parks and
game reserves.

Population data
To estimate the proportion of children within the recommended travel threshold, high spatial
resolution population density maps of SGC are required to match the resolution of generated
travel surfaces. However, estimates from the population census are at a coarse resolution
(administrative units) and available decennially, the census repeat period. To circumvent this,
population density data for SGC (aged between 5 and 14 years) for 2009 and 2020 at 100 m
spatial resolution were downloaded from Worldpop Geoportal (WorldPop 2021). The down-
loaded SGC gridded surfaces are based on dasymetric spatial modelling techniques detailed
by Stevens et al. 2015. In brief, population counts from census-based administrative units are
redistributed using weights determined through the Random Forest technique by shifting people
away from areas unlikely to be inhabited. The weights are assigned to each probable predictor of
population distribution such as land cover, night-time lights, and health facilities. To obtain
estimates in between population census, Worldpop projects the modelled estimates to match
UN national estimates at the national level and grouped by five-year-age groups based on cen-
sus and household survey age distribution patterns. Table 1 shows a summary of all assembled
data layers.

Modelling travel time

To reliably estimate travel time, it is important to understand children’s travel behaviour between
their homes and schools. Substantial literature exists in high-income countries about how children
travel to schools compared to SSA where there is little to no documentation. The existing literature
in SSA suggests that most children walk on foot to school (Bwire 2020; Salon and Gulyani 2019).
This corresponds to health access literature (Dixit et al. 2016) and low ownership of motorcycles
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and vehicles in Western Kenya (KNBS 2020). This also aligns with our local knowledge of the
region, involvement in school surveys related to malaria prevalence among SGC (Snow et al.
2017) and numerous spatial accessibility analyses to healthcare service providers (Ouma et al.
2018). Consequently, in this analysis, we only implemented a walking mode of transport between
households and schools. This was also important to assess the Ministry of Education’s rec-
ommended threshold based on walking mode.

To model travel time to the nearest PPS, the ‘accessibility module’ of AccessMod software
(alpha version 5.7.8) was used (Ray and Ebener 2008). AccessMod utilises the terrain-based
least-cost path distance calculation to model travel time. The ‘merge land cover’ module in
AccessMod was used to merge the road network, land cover, rivers, lakes and protected areas
to obtain a single raster dataset to which walking speeds were applied. Speeds were assigned
to each road class and land cover type based on a review of studies involving walking to schools
in low-resource settings (supplemental online material). The analysis was conducted at 100 m
spatial resolution for 2009 and 2020.

In this implementation, a child walks along a road if there is a road connecting their residence to
the nearest school in the shortest time. In areas with no roads, the child will walk along the least
resistance route in terms of vegetation and trees. Thus, a student will walk along grassland through
the shortest path to reach a nearby road that leads to the school up to the point of taking a grassland
trail in the final stretch to school. This implementation accounts for topography and the transport
barriers in determining the least-cost path.

Delineating school catchment areas

To better understand areas that are geographically far from households and not sufficiently cov-
ered by a SCA, we defined the geographical area around a school where the majority of students
who attend a particular school reside (SCA) (Gould 1978; Macharia et al. 2021). Within the
‘accessibility’ module of AccessMod software, we adopted the defined travel time model and
used Accessmod’s cost allocation option to output the cost allocation grid delineating SCAs
in 2009 and 2020. The SCAs were constrained to 24 min based on the Ministry of Education
threshold. The cost allocation algorithm calculates for each cell, its nearest school based on
the least accumulative travel similar to the Voronoi diagram in Euclidean distance analysis. Con-
sequently, these algorithms result in non-overlapping SCAs due to the unavailability of residen-
tial addresses for school-going children.

Finally, gridded surfaces of travel time and downloaded SGC population density maps were used
to estimate the proportion of SGC within 24 min of their nearest PPS in 2009 and 2020 and aggre-
gated at the sub-county level using ArcMap 10.5 (ESRI Inc., Redlands, CA, USA).

Table 1. Summary of data assembled including school databases, factors that affect travel between home and schools, and
population data for primary school-going children.

Category Factor Type Year Resolution Source

List of schools Schools databases Spreadsheet 2009,
2020

– Supplemental online
material

Factors that affect travel
between residence and
school

Land cover/use Raster 2016 20 m *
20 m

RCMRD Geoportal (2020)

Digital elevation model Raster – 30 m *
30 m

Transport barriers Vector – – World Database on
Protected Areas

Road network Vector 2016 – Ministry of Transport and
OpenStreetMap

Population estimates Population counts of
school-going children
(5–14 years)

Raster 2009,
2020

100 m
*100 m

Worldpop Geoportal
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Results

The six school lists (supplemental online material) resulted to a master database with 2170 PPS in
2009 and 4894 in 2020 in the eight counties of Western Kenya. We were unable to geolocate 212
(4.3%) schools in 2020 (potentially newly constructed schools), while all schools listed in 2009
had been spatially positioned from a national mapping survey. Therefore, 2170 PPS in 2009
(Figure 2(a)) and 4682 PPS in 2020 (Figure 2(b)) were used to define geographical accessibility
to the nearest PPS and their corresponding SCAs.

Across the region, the number of PPS increased by 115.8% from 2009 to 2020. The increase was
variable ranging from 59.5% (Busia) to 209.8% (Homa Bay) across the eight counties, and from
19.4% (Matayos) to 506.7% (Suba North) across the 62 sub-counties. Thirty sub-counties had a per-
centage increase of over 100%, while 11 had a percentage increase of less than 50%. A majority
(56%) of the sub-counties had over 70 schools, while 11 sub-counties had less than 40 schools
each. In 2020, Homa Bay county (787) and Rachuonyo North sub-county had the highest number
of schools (supplemental online material).

The average travel time to the nearest PPS in the Western region was 28 min in 2009 and
reduced by 39% to 17 min by 2020. Therefore, in 2009 children walked on average 4 min
(0.3 km) further relative to the Ministry of Education’s threshold of 24 min, while in 2020, all chil-
dren were covered within the threshold. Accounting for the population distribution, 65%
(1,390,173) of SGC lived within the threshold in 2009. Therefore, 35% of the SGC were considered
marginalised in 2009. In 2020, 11% of SGC were outside the threshold, with 89% (2,455,102) resid-
ing within the cut-off. The 24% increase was observed in the areas where new schools had been
introduced (supplemental online material).

The regional metrics mask much sub-regional heterogeneity in geographical access to schools.
At the county level in 2009, the average travel time was 34 min in the most marginalised county
(Homa Bay) and 18 min in the best performing county (Vihiga). The improvement has been evi-
dent over the past decade. The average time decreased by between 23% (Kakamega) and 47%
(Homa Bay) across the eight counties. By 2020, all counties had an average travel time equal to
or less than 18 min; surprisingly, the value was recorded for the best performing county in 2009.
Although access to schools in Homa Bay County had the greatest improvement, they remained
the farthest from residential areas on average in 2020.

In terms of Ministry of Education cut-off, by 2020, on average, all schools in every county were
accessible within the 24 min threshold. This was a significant improvement from 2009, when only
two counties were accessible within the threshold. However, the number of children within 24 min
ranged between 86% (277,437) in Migori county and 99% (186,873) in Vihiga county by 2020. The
situation in 2009 was dire, with all counties having less than 80% of children meeting the threshold.
Siaya and Homa Bay were the most disadvantaged with about half of SGC outside the threshold in
2009.

However, while regional and county-level metrics are essential for country and regional plan-
ning, county planners need sub-county level metrics to support their decisions. Sub-county level
metrics uncovered further heterogeneity. In 2009, one sub-county (Mt. Elgon) had an average travel
time of 70 min, 11 sub-counties averaged between 50 and 30 min, while the rest (50 sub-counties)
had averages of less than 30 min each. By 2020, all sub-counties had an average travel time of less
than 30 min, a remarkable improvement.

In terms of the policy threshold, in 2009, schools in 55% of the sub-counties could be accessed
within the recommended threshold, while in 2020, only schools in Suba-South sub-county could
not be accessed within the threshold. The proportion of SGC within 24 min was uneven, ranging
from 29% in Suba North sub-county to 94% in Kisumu Central sub-county (Figure 3(a)) in
2009, and between 100% (Sabatia) to 61% (Suba South) in 2020 (Figure 3(b)). In 2009, 52 and
19 sub-counties had over 50% and 75% of their SGC within the threshold, respectively. By 2020,
all sub-counties had over 50% of their SGC within 24 min of a PPS. All but one sub-county
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(Suba South) had coverage of over 75% in 2020 compared to 18 sub-counties in 2009. Six sub-coun-
ties (Nambale, Suba South, Likuyani, Lugari, Muhoroni, and Nyatike) had the highest proportion of
SGC outside 24 min (marginalised) in 2020 (supplemental online material).

Figure 2. Public primary schools in 2009 (a) and 2020 (b), with corresponding modelled walking travel time to the nearest school
in 2009 (c) and 2020 (d) in Western Kenya.
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There is value in understanding high-level spatial resolution variation of travel time when tar-
geted actions are required compared to county and sub-county summary. Travel time from house-
holds to schools ranged between 0 and 4.3 h in 2009 and 2.6 h in 2020. To better contextualise this
variation, the proportion of SGC within every 5 min band in 2009 is shown in supplemental online
material. It shows a typical decay curve for both time points, where the proportion with each 5-min-
ute band increases, followed by a rapid decline before flattening off.

SCAs were generated for each PPS in 2009 and 2020. Figure 3 (lower panel) shows areas (in
white) not covered by the catchments with a total of 743,121 (35%) SGC in 2009 (Figure 3(c))
and 304,968 (14%) SGC in 2020 (Figure 3(d)). Much of the habitable area was within 45 min.
The areas beyond 45 min reduced from 13% in 2009 to 2% in 2020. These areas were mainly located
at the foot of mountains or bordering adjacent counties, which for the latter could indicate that SGC
could be attending a school in a neighbouring county that was not part of the eight counties con-
sidered in our study.

Discussion

We have assembled a temporal updated geocoded database of public primary schools by combining
six databases in eight counties of Western Kenya. The database is comprehensive when compared to
a single list that might be incomplete and lacking spatial locations. Using this comprehensive data-
base, we have provided geographic access metrics for two-time points, 2009 and 2020 and the cor-
responding SCAs. The travel time and SCAs were aligned to the government’s recommended 2 km
(24 min) threshold at the subnational units used for decision-making.

Mapping the spatial positions of schools as done in this study and maintaining a master geo-
coded list of schools with relevant attributes facilitates a better understanding of disparities in
geographical access to educational centres. The master geocoded list can further enhance connec-
tivity by unmasking infrastructure gaps such as the provision of internet within schools by relat-
ing the location of schools and radio transmitters (GRID3 2021) in western Kenya. The generated
travel time metrics provide a better understanding of the time students spend walking each day
and how that time varies at high spatial resolution and at the decision unit level. In the last dec-
ade, Western Kenya witnessed a substantial increase in the proportion of SGC within the Min-
istry of Education’s recommended threshold of 24 min walking time to the nearest PPS. In 2009,
13 out of 20 SGC were within the threshold, and this has improved to about 18 out of 20 SGC by
2020.

The derived travel time is likely to be variable across sub-groups such as socio-economic status,
informal settlements, geography, and gender which we did not investigate due to data limitations.
In terms of geography, since we concentrated in Western Kenya only which is better served by
schools, it might limit generalisability across Kenya and other low-resource settings. While in
terms of gender, girls are more disadvantaged than boys due to safety concerns when walking to
schools (GoK/MoE 2018), seasonal risks from impassable road network elements, fatigue (Fiala
et al. 2020) and dangers from assault and sexual harassment especially in rural areas. Consequently,
girls may travel further to go to girls only schools or use longer routes where insecurity is not a
concern.

We generated SCAs accounting for travel factors, unlike those generated through straight-line
(buffers, Thiessen polygons and administrative boundaries). Subsequent policy applications of
SCAs underpin the importance of defining a representative and robust catchment (Macharia
et al. 2021). However, despite accounting for travel factors, this is an approximation due to the
lack of geolocated residence location and other factors that attract SGC and parents to a specific
school such as capacity, size, number of classrooms per school, and enrolment statistics (Mackin-
tosh et al. 2020; Solomon and Zeitlin 2019). The catchments areas did not overlap. In practice, how-
ever, children in the same village might attend several primary schools, resulting in overlapping
SCAs.
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Figure 3. Proportion of primary school-going children within the recommended threshold of 24 min (2 km) by sub-county in
2009 and 2020 (top panel) and the corresponding school catchment areas (coloured) (bottom panel).
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Availability of data to better understand school attendance behaviour between households and
schools would have improved the generated travel time metrics and SCAs. Attendance behaviour is
a complex socio-economic and demographic activity influenced by type of school, distance or travel
time, weather conditions, gender, urban and rural areas, socioeconomic status, age group, neigh-
bourhood safety, availability of walking and cycling paths, traffic, and car ownership (Chacha
and Bwire 2013; Bwire 2020; Siiba 2020). However, in Kenya and SSA, there is a dearth of infor-
mation on school attendance behaviour. This creates an impetus for data collection to improve
model parametrisation. For example, the assumption that students attend the nearest PPS can be
handled by using residences and incorporating the mode of transportation utilised.

There were additional limitations to our study. Our spatial access metrics did not account for
private, and special educational needs schools, which may underestimate SGC within 24 min of
a school. Exclusion of a few purely boarding schools may have underestimated spatial access. How-
ever, these might have been balanced by including mixed day and boarding schools. The exclusion
of boarding-only schools was necessary to account for those who travel to school on daily basis. In
contrast, the exclusion of private schools allowed for the calculation of access metrics for schools
open to the public at no cost.

We computed travel time to the nearest school. Still, a small proportion of children may bypass
the nearest school for a variety of reasons such as parental choice (Solomon and Zeitlin 2019).
Weather variability, such as rainfall, can affect walking speeds, footpaths, and unpaved roads.
Some areas are also prone to insecurity than others and potentially impassable. Overall, not
accounting for the school attended, weather variability and insecurity may have resulted in overes-
timating SGC with good access and underestimating marginalised SGC. We also did not consider
those PPS in neighbouring counties’ outside our study area, but students may attend schools across
counties.

More significantly, the geospatial methodological approaches used in this study provide a
detailed framework that can be used in other contexts (SSA and low-resource settings) to help
address problems related to local and international policies in education and other thematic
areas. The application of GIS and other geospatial technologies in educational planning has started
to gain momentum and is nascent. The Education Commission, a global initiative enhancing pro-
gress on SDG 4, established a GIS for Education Working Group that aims to convene actors in the
education sector who are using GIS to advance SDG 4 (The Education Commission 2021). The
group defined school remoteness and SCAs in Sierra Leone (Mackintosh et al. 2020). GRID3 deter-
mined spatial access and optimised school locations in Nigeria, while in Sierra Leone they mapped
coverage of education radio transmitters and suitable areas for expansion, conducted school map-
ping and catchment analysis (GRID3 2021). Rodriguez-Segura and Kim (2021) developed a frame-
work to identify areas not served by schools in low- and middle-income countries. The momentum
in the use of geospatial technologies is promising in the education sector.

First, by making our database publicly available, we anticipate that other researchers will harness
its potential through further analyses, in addition to supporting its improvement over time. Further,
this exemplar list of PPS in Western Kenya demonstrates that such lists can be collated and main-
tained across countries, continents and indeed globally, in a similar way as our previous work of
creating health facility master list for sub-Saharan Africa (Ouma et al. 2018). This can also be
applied to other service points relevant to children geographies such as playgrounds, open spaces,
and parks. The accessibility framework is also replicable in other contexts by making use of school
lists or other service points combined with travel factors and travel behaviour to explore how far
residences are from service points to inform corrective measures beneficial to the wider community.

This school master list can be further improved by attaching school attribute data such as the
number of textbooks, chairs, availability of electricity, water sanitation facilities, playing grounds,
and school buses. When such information is overlaid with geographic access metrics, nuanced
and informative viewpoints can be derived that would enrich the assessment of service provision.
For example, a village might have good spatial access, but its corresponding school might have few
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textbooks. In this regard, UNICEF initiated in 2017 Project Connect that aims to create a global map
of all schools, including their internet connection status. This has been made possible by leveraging
existing data, crowdsourcing, and training of machine learning algorithms based on high-resolution
imagery and partnering with governments, the private sector, and communities.

The generated travel time metrics have important implications for policymakers in Kenya and
other similar contexts with low resources as pertains to the SDGs and education development
agenda. SDG 4 on education aims to ensure inclusive and equitable quality education and promote
lifelong learning opportunities for all. Therefore, the first step in understanding inclusivity and
equity is, at the very least, to explore issues related to access. This is because some communities
would be left behind even if schools were guaranteed to provide a high-quality education, due to
physical distance between them and the residences. The estimates can be used by education stake-
holders to prioritise those outside the set distance/time threshold and aligns with the SDG principle
of targeting the marginalised and reaching furthest behind, first.

The subnational metrics generated offers policymakers a starting point regarding where to focus
on and would include prioritising the six sub-counties with the highest proportion of SGC outside
the threshold. The high spatial-resolution maps (Figure 2) can reveal the villages that have poor
geographical access. Strategies for improvement might include building additional schools, provid-
ing alternative means of transport (such as school buses or bicycles) (Fiala et al. 2020) and providing
social support structures for those most marginalised who are also likely to be the poorest. Left
unchecked, the long walking distances and travel times may lead to poor schooling and learning
outcomes, poor enrolment rates and negatively affect the likelihood of achieving SDG 4 that
aims to ensure inclusive and equitable quality education for all.

The travel time continuous surfaces can be spatially overlaid with other geospatial indicators
(socio-economic and educational status) to gain more insights. For example, which areas and com-
munities bear a considerable burden, are marginalised from schools, are poor and have low edu-
cational attainment. Travel can also be statistically linked with enrolment rates to assess the
impact of longer walking distance on enrolment, not explored in the current work due to data
limitations.

Across Kenya and sub-Saharan Africa, SCAs can inform planning, effective delivery of ser-
vices and resources, and school-based interventions such as projecting school needs (supply of
books, allocation of teachers and improving infrastructure). It would form the basis for con-
structing new classrooms within existing schools or constructing new schools. Importantly,
the utility of the SCAs finds applications beyond the education sector. They can be used as
alternative service delivery points by estimating the total population that would have access
to them in mass campaigns for health interventions such as bed nets and COVID-19 vaccines.
We are currently pursuing this area, including extending the current database to the entire
country. SCAs also open new possibilities in model-based geostatistics discipline for disease
mapping (Diggle and Giorgi 2019). Current model-based geostatistics approaches mainly rely
on residence locations to interpolate disease risk within an area. The paradigm can be extended
to incorporate SCAs and draw inferences on the children’s residence when this is missing to
reduce bias.

Conclusions

We have provided an updated geolocated database of schools in Western Kenya, and defined geo-
graphic access, along with coverage of school-going children within recommended travel threshold
and corresponding school catchment areas. The geospatial approach can be replicated within other
counties in Kenya and different low-resource settings across the world in the education and related
sectors. The findings are useful for policy and decision-makers to target children outside the
threshold by offering alternative means of transport, implementing community programmes to
reduce poverty and other social support structures, or establishing the feasibility of additional
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schools. This will likely increase primary school enrolment, educational attainment, reduce inequal-
ities in education access and increase the likelihood of meeting SDGs linked with education
attainment.
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