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Global Health

Long travel times pose a barrier for those seeking emergency medical treatment in many developing countries.
But little is known about travel times to facilities within cities and how this varies by type of facility and
under different traffic conditions. The literature contains some estimates of travel times to emergency care,
but most take place within a developed setting or are surveys that do not specify the origin of travel. Our
study uses a network approach to calculate minimum travel times to different types of facilities in Nairobi,
Kenya under both congested and uncongested traffic conditions. We find that higher-level facilities are much
less accessible than low-level facilities and that those in poverty must travel slightly farther than the general
population to reach care. We expect that this approach will provide policy-makers with granular geographic
data to reduce travel times and improve access in Nairobi and other cities.
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Introduction

Many people lack access to emergency healthcare in the developing world where burden of emergency
conditions is the highest!. A recent study estimated median utilization rates of emergency care in high-income
countries to be 33 times that of those in low income countries’. Access to healthcare is the product of many
supply-side and demand-side factors, including financial accessibility, availability of care, acceptability of the
services, and geographic accessibility?. To access care people need to know when and where they should seek
it, be able to afford the care, and be able to reach a facility that is open, adequately-staffed, and offering
needed services. Because the factors that lead to delays, e.g. knowledge, finances, transportation, are not
evenly distributed across the population, certain vulnerable groups may be left without adequate access to
care. This is especially true for those who are in poverty in low-and-middle income countries (LMICs). In
LMICs, those in the highest economic quintile have significantly better coverage than those in the lowest

quintile, with up to more than 100% better access depending on the service?.

For emergency care, the speed at which care is obtained is very important in defining access. Because
effective treatment for many emergency conditions, such as stroke, myocardial infraction, and trauma are
time-sensitive, minimizing travel times is important in improving patient prognoses. The amount of time it
takes to receive care can be examined through the “three delays” framework, which was originally developed
in the context of maternal mortality®. In this framework, delay in service is broken down into the time it
takes the patient or someone they know to decide to seek care, the time it takes to get to a facility that
can provide appropriate care, and then the time it takes to actually receive needed services. The second
delay is often discussed for rural patients who live far from facilities and may need to travel a long time over
low-quality roads to reach care®. However, this delay can also be a problem in urban areas, where traffic
congestion can make nearby facilities difficult to reach quickly. Poor street design, an increase in the number
of cars on the roads, and a lack of active traffic management in many developing countries has left them
particularly at risk for congestion®.

In most low-income countries, delay due to congestion is compounded by lack of access to ambulances or
other emergency transportation. When ambulances are available, they usually cannot provide any services
besides transportation®. This is in contrast to many middle- and high-income settings where ambulances
contain medical equipment and employ trained healthcare workers to help stabilize patients before they reach
the hospital. These countries also usually do not have systems where traffic is halted to allow ambulances
to move quickly. This results in many patients either traveling to emergency facilities in private or hired
vehicles, or traveling in ambulances that are little better.

Little is known about how long patients spend waiting in traffic before they receive emergency care. In this
paper we estimate travel times to care in Nairobi, Kenya under congested and uncongested traffic conditions.
We break this down by different levels of care and public/private status, both important in the access to care
model. If people are unable to access the level of care they need, or are not able to afford a private facility,
access will be reduced. We also disaggregate by poverty status to see whether those in poverty have to travel
longer to get to care.

Background

Nairobi is the capital city of Kenya. Its greater metropolitan area consists of Nairobi county and parts of
the surrounding counties of Kiambu, Kajiado, and Machakos. Encompassing 700 square kilometers, Nairobi
contains dense residential areas towards the center of the city, with a mix of industrial, agricultural, less
dense residential, and scrubland areas towards the outer parts of the county’. The southern section of the
city also contains Nairobi National Park, a large wildlife preserve.

Nairobi’s population was estimated to have risen from 3.1 million in 2010 to 4 million in 2014, an increase of
about one third. Infrastructure development has not kept up with the increased number of inhabitants and
cars on the road, leading to congestion and long travel times. The cumulative number of registered vehicles
increased from 1,297,520 in 2008 to 2,022,955 in 2012, a difference of 3/4 of a million vehicles, or 55.9%. In



2015, a traffic jam between Nairobi and Mombasa made headlines as cars sat unmoving on the highway for
several days®. Within the city, the frequently occurring Mombasa road traffic jam has a Facebook page with
over 6,000 check-ins®.

Health facilities in Kenya are a mix of public and private. Public facilities are organized into Kenya Essential
Packages for Health (KEPH) levels. Facilities potentially capable of handling emergencies would constitute
levels 4 and above. Level 4 facilities are primary care hospitals, which should provide comprehensive services
including surgery, but do not necessarily offer emergency care. Level 5, or secondary hospitals, should provide
emergency services, including intensive care. Finally, level 6 facilities provide a full compliment of tertiary
care services'?. However, many facilities may fall short of the level of care that corresponds to their KEPH
level. In a survey of facilities in Kenya, only 41% of the level 4 and level 5 public hospitals had an accident or
emergency unit. Even those that do may not have necessary equipment - only 19% of level 4 and 5 public
hospitals had access to an ultrasound, and none had access to a CT scan''. This lack of resources has led to
a lack of access: of the 40 countries included in an emergency room utilization study by Chang et. al, Kenya
had the lowest utilization rate!.

As the capital of Kenya, Nairobi contains most of the high-capacity medical facilities in the country, with one
public level 6 hospital, Kenyatta, and four level 5 facilities, one of which is public'?. There is one non-profit
ambulance service in Nairobi, St. John Ambulance and some private facilities also have ambulance services.
However, most patients still arrive at facilities by private vehicle!®. A recent qualitative study showed that
only 14% of patients reached facilities by ambulance in urban Kenya, while 31% arrived by private vehicle,
20% by motorcycle, and 9% each by taxi or walking®. This lack of access to ambulances and the heavy
burden of traffic make Nairobi the perfect setting to study the distribution of travel times to reach health
facilities capable of providing various levels of emergency care.

Data Sources and Analysis Tools

We downloaded street network data from Open Street Map, an open-source database of street maps maintained
by a global community'®. Population data in 100m by 100m squares in 2015 and percent of the population
below the poverty line at the 1km by 1 km square level in 2008 were obtained from the Afripop database617.
Road network data were stored in a PostgresSQL database hosted on a Docker container created using the
pamtrak06 /postgis-pgrouting-osm Docker file'®. Docker is a platform that allows users to create lightweight
virtual machines'?. PostgreSQL is an open-source relational database system that uses the SQL language?°.
The Open Street Maps network dataset was converted to a query-able geographic database using PostGIS and
pgrouting, extensions to PostgresSQL that allow databases to store geographic data and use algorithms to do
different types of routing?!?2. Database queries, data analysis, and data visualizations were performed using
R. We used the RPostgreSQL package to query PostgresSQL databases, the raster package to manipulate
raster data, and MapSuite to select color palettes.

Facility data were downloaded from the Kenyan Ministry of Health Website'2. We selected Level 4, 5, or 6
facilities that were in Nairobi, or the surrounding counties of Kiambu, Machakos, or Kajiado. We included
facilities from surrounding counties in the event that those were the closest facilities for those living on the
edge of Nairobi county. We excluded specialty facilities, e.g, maternal, eye, mental, or those that were only
dispensaries or only saw outpatients. This left us with 70 facilities to consider as part of the analysis. See
Figure 2 for facility locations and Appendix Table 2 for the complete list with additional information.

The shapefile for Nairobi was downloaded from the Kenyan Elections portal via the Humanitarian Data
Exchange.??

Methods

Using the network data from Open Street Maps, we created a queryable geographic database, consisting of
vertices and edges that correspond to intersections and streets. Because Nairobi lacked speed limit information
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Figure 1: Facilities included in the analysis by level and type

for most streets, we assigned speeds for both uncongested and congested traffic using the speeds suggested by
Avner and Lall(see Appendix Table 1)?*. Speed limits that were available in the data set were used unless
they exceeded the maximum of motorway speed of 110 km/hour. For congested speeds in roads not covered
by Avner and Lall, we used 2/3 of the uncongested speed.

We created a grid of 0.5 x 0.5 km squares to use as samples, resulting in 2903 sample points throughout
the city of Nairobi. This size was selected because it could both show variation over small areas and was
computationally manageable. For each grid square centroid we found the nearest node in the traffic network
and the nodes nearest to each of the 70 facilities. Then we calculated the minimum time between each center
node and each facility node using Dijkstra’s algorithm, where cost was the time it took to travel down each
edge.

Due to inconsistencies in the traffic network data, such as disconnected nodes or closed street loops, we ended
up with a small number(.4%) of missing values, which were interpolated using simple kriging. This resulted
in raster for each facility that contained travel times to that facility.

To examine the percentage of the population within a certain travel time of a facility, we aggregated the
Afripop population dataset to be the same size squares as our sample grid. Then we resampled to align the
grids, and scaled to maintain the same overall population total. We followed a similar process for the percent
of the population below the poverty line (see figure 2 for the resulting rasters). Combined, these two rasters
allowed us to calculate number of people living in each section of the grid, and the number of them living
below the poverty line.

Results

We calculated congested and uncongested driving times to facilities level 4 and above for 2903 points across
the city of Nairobi, disaggregated by facility type. Results from this analysis are presented in Figure 3. In
the text we will refer to facilities 4 and above as L4+, facilities level 5 and above as L5+ facilities, and level 6
facilities as L6 facilities. We examined the distribution of travel times over the population, disaggregated
by poverty status (see Figure 6). Because there are fewer facilities at KEPH levels 5 and 6, travel times
were faster to L4+ facilities than they were to L5+, and L6 facilities. We also found that those in poverty
had to travel slightly longer to reach facilities for all facility levels. In congested conditions, the average
person would travel 9.2 minutes to reach a L4+ facility, increasing to 14.7 minutes for a L5+ facility, and
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22.7 minutes to reach the L6 facility. For those in poverty, the average travel time to reach a facility was 11.1
for L4+, 17.5minutes for L5+, and 25.3 minutes for L6.

We also disaggregated by owner of facility (public or religious, and private) and found that it takes longer
for people to get to public and religious facilities as compared to all facilities. This comparison is only
make for L4+ and L5+ facilities because there is only one L6 facility (public). Though the difference is
relatively modest, the effect is compounded for those in poverty (see figure 4). While an average person in
the population would travel an average of 12.4 minutes to reach a public or religious L4+ facility, someone in
poverty who can only afford to go to a public or religious facility would travel an average of 15.2 minutes.
This average travel time for a person in poverty going to public and religious facilities represents an increase
of 65% over an average member of the population who could travel to private L4+ facilities. For people
traveling to public/religious L5+ facilities, the average time is 16 minutes for the population overall and 19.5
minutes for those in poverty, making an increase of 51.3% over someone not in poverty who can visit any L5+
facility.

Most locations in Nairobi are within a half hour drive of a facility in uncongested conditions, with a maximum
drive time of 33.9 minutes for L4+ facilities, and 41.9 minutes for both L5+ facilities and L6+ facilities.
Across the area of the city, 68.7% of sample points were within 10 minutes of a L4+ facility, 88.6% were
within 20 minutes, and 95% were within half an hour. For the L6 facility, 15% of sample points were within
10 minutes, 70.5% were within 20 minutes, and 88.8% were within half an hour.

Under congested conditions times were longer, with 34.6% of points within 10 minutes, 71.3% within 20
minutes, 86% within half an hour, and 94% within an hour for L4+ facilities. Travel times under congested
conditions for the L6 facility were significantly longer, with only1.7% of points within 10 minutes of the
facility, 16.7% within 20 minutes, 51.7% within half an hour, and 89.2% within an hour. Figure 5 shows
the difference between congested travel and uncongested travel for each square. Across the sample points,
congestion slowed traffic by an average of 9 minutes for L4+ facilities, 13.1 minutes for L5+ facilities, and
16.3 minutes for the L6 facility.

Discussion

We created a raster of minimum travel times to facilities across the city of Nairobi by finding optimized
routes through the road network from Open Street Maps. A very similar approach was used by Lee et. al
for a study of travel times to eye care in the United States Medicare population?®. There are alternative
methods for doing such an analysis, including a raster-based method, where the area of study is broken into
squares, and each square takes a certain amount of time to cross. Delamater et. al compared raster-based and
network-based methods and recommended that network-based methods be used for travel times for vehicles,
which must travel on the road network, as opposed to foot travel?6. Due to our interests in travel by vehicle
and a small geographic area, we decided to use a network-based approach. For more work on travel times
using raster based data, see the work of Dan Weiss with the Malaria Atlas Project?”.

Our results show a wide variation in travel times within the city. While most people are able to reach lower
level facilities in a relatively short amount of time, this is not true for the higher-level facilities that have
the capacity to treat severe emergencies. These results should be viewed as the minimum total travel time
because people do not always travel to the facility with the lowest travel time, and they may not take the most
efficient route. Our findings are consistent with the Access, Bottlenecks, Costs, and Equity (ABCE) Kenya
report, which found that for national/provincial hospitals, around 40% of patients traveled less than an hour
and about 38% traveled between half an hour and an hour!'. Though our study was limited to estimating
travel times for those living within the confines of Nairobi, their study was not, which explains why a small
minority traveled more than 2 hours to reach care.

These travel times are much longer than those in developed countries. A meta-analysis of prehospital times,
defined as all time spent before reaching the hospital, in the US found a an average of 30.96 minutes in urban
areas for the entire prehospital time, including response time, time at the scene, and travel time?®. Travel
times themselves were an average of 10.77 minutes for urban areas. In our study, the average minimum travel



Level 4 and above

Level 5 and above

Level 6

congested uncongested

[ ] .. [ ] ~
(d (d
° .h. " " ) . Y
. & ol
L) P,
-, e T
® " ] "
[ ) O (] O
(X)) -I'I‘ LX)
b L[] ® L]
."'I: Travel time
¥R to facility
[ g, . (minutes)
-*"" . . 80
.1|-‘_I '_ h; ? 60
o i n ) 40

|

i 20

Figure 3: Time to a facility by type of facility under congested and uncongested conditions



Level 4 and above

Level 5 and above

All facilities Public or religious facilities

% . . E
.-. i
B 4 ,..o 'Y o ¢
e -
° e .4
. 4

l“

mEh
s
- . 5

Figure 4: Time to a facility under congested conditions, by facility owner

Travel time
to facility
(minutes)




Level 4 and above

Level 5 and above

Level 6

[ ]
[
[ ]
Ooo... : =
L] ° “
) 0.0
O [ )
[ ]
L N
[
Minutes lost
due to
¢ congestion
[ ]
. 40
30
. 20
10
-
. [ ]
i
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time under uncongested conditions to the L6 facility, was 11.6 in uncongested traffic and 22.7 in congested,
over twice that of those observed in the US. However, we do see shorter travel times to get to L4+ facilities.
Under congested conditions, patients had an average minimum travel time of 9.2 minutes, and without
congestion this was reduced to only 4.5 4.5 minutes.

We also found that there were differences in travel times between public or religious and all facilities, especially
among those in poverty. Previous research suggests that Kenyans are more likely to seek care at public
facilities due to cost considerations, despite the fact that they are less likely to have emergency capacity and
have longer wait times'4. The poor face a double burden of living further away from facilities and not being
able to afford facilities that may be close by. This means that the poor may have to travel 50-60% longer on
average than a wealthy person who could go to any facility. This is unsurprising given previous evidence that

they poor often lack basic access to services?.

Thes long estimated travel times have potential to cause excess mortality due to the delay of care, though
the magnitude of this effect is difficult to determine. Much of the current literature on prehospital time
was conducted in developed settings and is concerned with comparing treatment on the scene to immediate
transport to a facility. Prehospital time in developed countries often includes medical care in some form,
while prehospital time in developing countries does not. However, a recent article that examined the effect of
delays in time to care due to road closures for marathons in the United States could give a possible lower
bound?®. The authors analyzed the mortality from patients with cardiac arrest or myocardial infarction on
marathon and non-marathon days. They found that mortality rates on marathon days were 13.3% higher
than mortality rates on non-marathon days. Though travel times in ambulances were only 4.4 minutes shorter
on marathon days, delays were much more substantial for those patients who arrived in private vehicles,
approximately 23% of the sample. Those who arrived in private vehicles are in some ways a good proxy to
understand those with emergencies in Kenya, though they on average would have access to better treatment
when they did arrive at an emergency facility.

Outcomes after trauma may also be affected by time to treatment, though direct evidence is sparse. A recent
meta-analysis of the effects of pre-hospital time for trauma patients concluded that shorter response and
transit times were probably beneficial, but that longer on-scene time was associated with better survival®C.
This study highlights the fact that it is difficult to compare the effects of prehospital time in developed and
developing settings, as most of the studies included were conducted in the United States. In Nairobi, there
is little opportunity for treatment during the prehospital period, so the study findings might not be very
applicable. An older study of severely injured trauma patients in the Canada found an odds ratio of 3.0
associated with prehospital times greater than 60 minutes3'. The lack of relevant literature underscores the
need for more research examining the relationship between travel times and outcomes in a developing setting.

Several different interventions could reduce the burden of long travel times. Potentially the most effective
would be a centralized ambulance system that is available to all. This approach would allow people of all
socio-economic classes to access care quickly. It would also be advantageous from a systems perspective,
as drivers could communicate with hospitals about where to take patients. Currently, people must make a
choice of where to go even if they plan to use an ambulance service from a private facility. Smaller facilities
especially may have very little information available online, as we discovered during our process of geolocating
facilities. Thus, patients may not know what the most appropriate facility is for their type of emergency,
and they certainly do not know if there are long wait times or stock-outs. Having a coordinated ambulance
system would allow patients to make more informed decisions and get the care that they need.

Such a system could also be implemented with controls to reduce traffic congestion around the ambulance. In
the United States, “move over” laws require drivers to clear a path for ambulances, allowing them to travel
faster. Though such an approach may not be feasible in the Kenyan context, it might be possible to use
police officers in key positions to stop traffic and let ambulances through, which has been used in other urban
contexts. Though there are many benefits of an ambulance system, it is unclear how cost-effective it would
be. Both the cost of the system and the health benefits are under-studied. One study estimated that such a
system would cost upwards of one million USD per year32.

Though time spent in traffic can be a significant barrier to accessing care, it is important to remember that it
is but one among many. In the qualitative study of community views of emergency medicine in Kenya by the
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African Federation for Emergency Medicine, the low quality of the emergency care system was cited the most
times as an obstacle, with transportation difficulties being cited the second-most!4.Other barriers included
the attitudes and quality of healthcare workers, and poor care at the scene of an accident. The top three
changes participants would make in the emergency care system were improving health care providers, better
transportation/more available clinics, and emergency training for the community. Because our results showed
that most people had quick access to L4+ facilities, one option would be to strengthen the capacity of these
facilities to handle emergencies or to stabilize patients for transfer to hospitals with a higher level of care.
Some countries have experimented with training laypeople to act as emergency first responders, or simply
educating them on what steps to take in an emergency, including who to call for help. While this would
not reduce travel times, it would help to stabilize people with some conditions before travel, and reduce the
amount of time before someone receives any medical care. It could also be a cost-effective intervention, with
an estimated 600 USD cost per life saved?3?.

Limitations

This study is subject to several limitations in terms of data availability and methods used. Most important
was the lack of real data on traffic speeds on individual roads. Without such data, our estimates are based on
an assumed distribution of speeds during uncongested and congested periods. Traffic conditions are constantly
changing, so it seems likely that at some points in time speeds could be lower than in our congested scenario.
We also assumed speeds based on types of road in the Open Street Maps database, though Nairobi has a
specific pattern of traffic where certain streets are often more congested than others. For example, certain
locations, such as the Pushorttam Place, Barclays Plaza, and other act as common choke-points, but our
model did not give special consideration to these edges and nodes®.

Though we had originally planned to use a directed graph, where one-way streets are taken into account, poor
data quality in local streets meant that many routes had no solution, causing the algorithm to get “trapped”
in a circle of one way streets. Due to this limitation in the data quality, we chose to use an undirected graph,
where all streets could be traveled in either direction. This most likely led to an underestimate in travel time
because our algorithm could always use the most convenient streets, even if they were one-way. Finally, we
did not take into account time taken at stoplights or slowing down to turn. As such, the estimates in this
paper should be considered to be minimum possible travel times.

Conclusion and directions for the future

This study estimated travel times to facilities in Nairobi using a network approach. We found that congestion
caused major delays in arriving at a facility, with times ranging up to half an hour under uncongested
conditions and more than an hour under congested conditions. Parts of the city not on major highways
gained up to 20-30 minutes of travel time when traffic was congested. Low-level facilities were much more
accessible than high-level facilities, with a lower mean travel time across the population. We also found that
poor people were slightly further away from facilities than the population overall.

These findings demonstrate a need for faster transportation to emergency services. Potential solutions include
a centralized ambulance system, providing lower level facilities with more emergency capacity, and using
policemen to stop traffic on crowded streets. Because previous studies suggest that time before treatment has
an important impact on outcome in many emergency conditions, these interventions have the potential to
save many lives.

Future evidence is needed on the role of pre-hospital time on health outcomes in a developing setting.
Because little research exists, it is difficult to determine the cost-effectiveness of our suggested interventions.
Combining that data with the results of our study would allow researcher to quantify both the human toll of
long traffic times and the cost-effectiveness of improving access.
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Finally, more data collection concerning road speed would allow further calibration of these models to achieve
better time estimates. Working with private companies, such as Google, who have traffic speed data for
different times of the day and levels of congestion, would show the full range of travel times. To aid in
further use of our method, either in Nairobi or elsewhere, we have provided full access to our code, data,
and database setup, along with a technical appendix (See Appendix B) describing the implementation. As
the interest in emergency services in developing countries grows, we hope that this will be a useful tool in
bringing access to more people.
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Appendix A: Additional figures

Table 1: Open Street Maps road types and assigned speeds

Speed uncongested

Speed congested

OSM road type (km/hour) (km/hr) Percent of edges
unclassified 50 33 40.26
residential 30 12 35.41
service 50 33 7.25
tertiary 30 12 6.69
road 50 33 5.22
secondary 40 16 4.9
living_ street 20 13 1.83
trunk 110 73 1.5
primary 60 30 0.99
motorway 110 73 0.42
trunk link 110 73 0.26
motorway_ link 110 73 0.21
tertiary_ link 30 12 0.1
primary_ link 60 30 0.1
secondary_ link 40 16 0.08
motorway__junction 110 73 0
Table 2: Facilities used in the analysis
KEPH

Name level Facility type Owner Beds Cots County Lat Long
Radiant Group Level 4 Primary care Private 13 2 KIAMBU -1.165  36.82
of Hospital hospitals Practice -
(Kiambu) General

Practitioner
Nazareth Level 4 Primary care Kenya 184 84 KIAMBU -1.136  36.73
Hospital hospitals Episcopal

Conference-

Catholic

Secretariat
Eddiana Level 4 Primary care Private 0 0 KIAMBU -1.206  36.92
Hospital hospitals Enterprise

(Institution)
Central Level 4 Primary care Private 31 2 KIAMBU -1.035  37.08
Memorial hospitals Enterprise
Hospital (Institution)
Immaculate Level 4 Primary care Kenya 0 0 KIAMBU -1.04 37.09
Heart of Mary hospitals Episcopal
Hospital Conference-

Catholic

Secretariat
Plainsview Level 4 Basic primary  Private 0 0 KIAMBU -1.155  36.96
Nursing Home health care Practice -

facility General
Practitioner
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KEPH

Name level Facility type Owner Beds Cots County Lat Long
Kihara Level 4 Primary care Ministry of 84 0 KIAMBU -1.215  36.77
Sub-District hospitals Health
Hospital
Caritas Level 4 Secondary care Private 25 5 KIAMBU -1.04 37.09
community hospitals Practice -
hospital General
(Hospital) Practitioner
Holy Family Level 4 Primary care Kenya 45 3 KIAMBU -1.059  36.77
Mission hospitals Episcopal
Hospital Conference-
Githunguri Catholic

Secretariat
St Judes Level 4 Primary care Private 10 0 KIAMBU -1.017  36.91
Nursing hospitals Practice -
Hospital Medical

Specialist
Mercylight Level 4 Primary care Private 16 3 KIAMBU -1.173  36.83
Hospital hospitals Practice -

General

Practitioner
Naidu Hospital Level 4 Primary care Private 55 55 KIAMBU -1.029  37.07

hospitals Enterprise

(Institution)

Jkuat Hospital Level 4 Primary care Ministry of 12 0 KIAMBU -1.097  37.01
hospitals Health

Mary Help of Level 4 Primary care Kenya 60 22 KIAMBU -1.04 37.09
The Sick hospitals Episcopal
Hospital Conference-

Catholic

Secretariat
Kikuyu Level 4 Primary care Other Faith 218 6 KIAMBU -1.266  36.67
(PCEA) hospitals Based
Hospital
Kahawa Level 4 Primary care Private 12 2 KIAMBU -1.195  36.93
Wendani hospitals Enterprise
Hospital (Institution)
St Mulumba Level 4 Primary care Kenya 80 0 KIAMBU -1.055 37.1
Mission hospitals Episcopal
Hospital Conference-

Catholic

Secretariat
Nyathuna Sub  Level 4 Primary care Ministry of 10 3 KIAMBU -1.186  36.68
District hospitals Health
Hospital
Igegania Level 4 Primary care Ministry of 14 2 KIAMBU - 36.93
Sub-District hospitals Health 0.9739
Hospital
Gatundu Level 4 Secondary care  Ministry of 162 11 KIAMBU -1.015  36.91
District hospitals Health
Hospital
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KEPH

Name level Facility type Owner Beds Cots County Lat Long
Kalimoni Level 4 Primary care Kenya 29 6 KIAMBU -1.144  36.96
Hospital hospitals Episcopal
(Thika) Conference-

Catholic

Secretariat
Tigoni District Level 4 Secondary care Ministry of 62 20 KIAMBU -1.128  36.67
Hospital hospitals Health
Thika Nursing Level 4 Primary care Private 35 6 KIAMBU -1.04 37.07
Home hospitals Enterprise

(Institution)
Ruiru Level 4 Hospitals Ministry of 46 0 KIAMBU -1.145  36.96
Sub-County Health
Hospital
Kiambu Level 4 Secondary care  Ministry of 289 33 KIAMBU -1.171  36.83
District hospitals Health
Hospital
Universal Level 4 Secondary care Private 0 0 MACHAKQS$25  37.27
Family Health hospitals Practice -
Services( General
Machakos) Practitioner
Shalom Level 4 Primary care Private 150 10 MACHAKQSI36  36.97
Community hospitals Practice -
Hospital (Athi General
River) Practitioner
Shalom Level 4 Primary care Private 170 0 MACHAKQ$61  37.29
Community hospitals Practice -
Hospital General
(Machakos) Practitioner
Kathiani Level 4  Secondary care Ministry of 188 3 MACHAKQSt13  37.33
District hospitals Health
Hospital
Mwala Level 4 Secondary care  Ministry of 18 2 MACHAKQS49 37.45
Subcounty hospitals Health
Hospital
Kangundo Level 4 Secondary care  Ministry of 174 32 MACHAKQ®99 37.35
District hospitals Health
Hospital
Bishop Kioko Level 4 Primary care Kenya 125 13 MACHAKQOS$27 37.26
Catholic hospitals Episcopal
Hospital Conference-

Catholic

Secretariat
Matuu District Level 4 Secondary care Ministry of 40 10 MACHAKQS52  37.54
Hospital hospitals Health
Masinga Sub Level 4 Secondary care  Ministry of 24 8 MACHAKOS 37.61
County hospitals Health 0.9772
Hospital
Nairobi Level 4 Primary care Private 0 0 NAIROBI-1.299  36.78
Womens hospitals Enterprise
Hospital (Institution)
Adams
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Name level Facility type Owner Beds Cots County Lat Long
Guru Nanak Level 4 Primary care Private 38 0 NAIROBI-1.27 36.83
Hospital hospitals Enterprise

(Institution)
St Mary’s Level 4 Primary care Kenya 299 0 NAIROBI-1.323  36.77
Mission hospitals Episcopal
Hospital Conference-

Catholic

Secretariat
KOMAROCK  Level 4 Primary care Private 50 18 NAIROBI-1.27 36.91
MODERN hospitals Enterprise
HOSPITAL (Institution)
UTAWALA
Juja Road Level 4 Primary care Private 6 0 NAIROBI-1.272  36.84
Hospital hospitals Enterprise
(Nairobi) (Institution)
Lad Nan Level 4 Primary care Private 8 0 NAIROBI-1.27 36.84
Hospital hospitals Enterprise

(Institution)
Mama Lucy Level 4 Secondary care  Ministry of 112 12 NAIROBI-1.274  36.9
Kibaki hospitals Health
Hospital -
Embakasi
Metropolitan Level 4 Primary care Private 46 8 NAJROBI-1.288  36.87
Hospital hospitals Enterprise
Nairobi (Institution)
Melchezedek Level 4 Primary care Private 20 4 NAIROBI-1.294  36.75
Hospital hospitals Enterprise

(Institution)
Langata Level 4 Primary care Private 20 0 NATROBI-1.328  36.79
Hospital hospitals Enterprise

(Institution)
Meridian Level 4 Primary care Private 54 0 NAIROBI-1.308  36.82
Equator hospitals Enterprise
Hospital (Institution)
Nairobi West Level 4 Primary care Private 152 0 NAIROBI-1.307  36.83
Hospital hospitals Enterprise

(Institution)
Mp Shah Level 4 Primary care Private 0 0 NAIROBI-1.263  36.81
Hospital hospitals Enterprise
(Westlands) (Institution)
The Mater Level 4 Primary care Kenya 166 42 NATROBI-1.308 36.83
Hospital hospitals Episcopal
Mukuru Conference-

Catholic

Secretariat
Jamaa Mission Level 4 Primary care Kenya 63 8 NAIROBI-1.282  36.87
Hospital hospitals Episcopal

Conference-

Catholic

Secretariat
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Name level Facility type Owner Beds Cots County Lat Long
Nairobi South  Level 4 Primary care Private 23 0 NAIROBI-1.314  36.83
Hospital hospitals Enterprise

(Institution)
Mbagathi Level 4 Secondary care Ministry of 200 10 NAIROBI-1.309 36.8
District hospitals Health
Hospital
Avenue Level 4 Primary care Private 65 10 NAIROBI-1.265  36.82
Hospital hospitals Enterprise

(Institution)
Nairobi Level 4 Primary care Private 0 0 NAIROBI-1.294 36.8
Womens hospitals Enterprise
Hospital (Institution)
(Hurlingham)
Coptic Level 4 Primary care Christian 60 0 NAIROBI-1.298  36.8
Hospital hospitals Health
(Ngong Road) Association of

Kenya
Thika Level 5  Level 5 Comprehensive  Ministry of 2656 24 KIAMBU -1.042  37.08
Hospital Teaching Health

&Referral

Machakos Level 5 Comprehensive  Ministry of 375 57 MACHAKQS$24 37.27
Level 5 Teaching Health
Hospital &Referral
The Karen Level 5 Primary care Private 102 0 NAIROBI-1.336  36.73
Hospital hospitals Practice -

General

Practitioner
Pumwani Level 5 Primary care Ministry of 350 150 NAIROBI-1.281 36.85
Maternity hospitals Health
Hospital
Aga Khan Level 5 Primary care Private 243 0 NAIROBI-1.261  36.82
Hospital hospitals Practice -

General

Practitioner
Nairobi Level 5 Primary care Private 350 100 NAIROBI-1.295 36.81
Hospital hospitals Enterprise

(Institution)
Kenyatta Level 6 Comprehensive  Ministry of 1455 427 NAIROBI-1.301 36.81
National Teaching Health
Hospital &Referral
AIC Kijabe Level 5 NA NA - 36.59
Hospital 0.9476
Clay Hill Level 4 Primary care Private 30 0 KAJIADO-1.427  36.69
Hospital hospitals Enterprise

(Institution)
Nairobi Level 4 Primary care Private 7 20 KAJIADO-1.396  36.75
Women hospitals Practice -
Hospital General
Ongata Rongai Practitioner
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Name level Facility type Owner Beds Cots County Lat Long
St Paul’s Level 4 Primary care Private 5 0 KAJIADO-1.487  36.96
Hospital hospitals Practice -

General

Practitioner
Mariakani Level 4 Primary care Private 10 1 KAJIADO-1.397  36.76
Cottage hospitals Enterprise
Hospital (Institution)
Ongatta
Rongai
Magadi Level 4 Primary care Company 40 0 KAJIADO-1.903  36.29
Hospital hospitals Medical

Service
Loitokitok Level 4 Secondary care Ministry of 75 10 KAJIADO-2.925 37.5
District hospitals Health
Hospital
Ngong Level 4 Primary care Ministry of 25 3 KAJIADO-1.365  36.65
Sub-District hospitals Health
Hospital
Kajiado Level 4 Secondary care  Ministry of 138 4 KAJIADO-1.842  36.79
District hospitals Health
Hospital
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Figure 7: Components of the analysis set-up

Appendix B: Technical details of the network analysis set-up

This technical appendix will discuss how to reproduce our results, or modify our set-up for other analyses.

Schema

We hosted a PostgreSQL database in a Docker container to store our geographic data. A Docker container is
a lightweight virtual machine that is usually created for a particular purpose. Docker is desirable in this
situation because it allows anyone to use the same set-up, regardless of operating system. It is also easy to
share Docker set-ups through Dockerhub, allowing complete replicability of the environment. Once set up
correctly, the system should operate as in Figure 5. The database will be hosted in a Docker container on
your computer. You can then connect to the container through a port and query the database using SQL
commands. We used R to pass in commands, but you could also use another language, such as Python, or
interact directly with the database using a database management program such as pgAdmin.
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Setting up the Docker container

The first step is to download Docker. You could host the Docker container on a server if you want, but
these instructions go over how to set one up on your local machine. On Windows, you will either use Docker
for Windows or Docker Toolkit, based on the age of your operating system. Though these should operate
in mostly the same way, how you connect to them via a port is different - more on this later. Download
whichever program you are using and go through the install process. The default set-up is fine. When you
have installed Docker, open either the program or a terminal (Mac). It may take a few minutes for it to set
up.

Download the code associated with this project and clone it into a directory. This will be referred to as
CODE__DIR. It also contains a configuration file “mapconfig_for cars custom.xml”, which provides default
speeds for when the Open Street Maps data is converted into a database. Changing this file is one way to
change the speeds that people can travel down edges in the street map.

Download the Open Street Map data we used, or use your own road network file. In this tutorial we will use
the file “Nairobi_final.osm”. The folder these are stored in will be referred to as DATA DIR. We based our
set-up on a Docker image created by user pamtrak06. The Docker container is created using the following
command, where we create a container named “your__container” and copy over our data and code functions
into that directory. We tell it that we the password for the PostgreSQL database is “mysecretpassword” and
that we want to use port 5432 to connect to the container. Finally, we tell it that we want to use pamtrak06’s
postgis-pgrouting-osm container as our image.

docker run --name your_container -v DATA_DIR:/data -v \
CODE_DIR/open_street_maps/sql_functions:/functions \
—-e POSTGRES_PASSWORD=mysecretpassword -d -p 5432:5432 \
pamtrak06/postgis-pgrouting-osm

Once you run that line, you should have a container called “your_ container”. You can check this by running
the following command in the Docker command line:

docker ps -a

You should see output with your container listed.

Setting up the database

Once you have successfully created a container, you can create the database. The image automatically creates
a database called “postgres”, but we will create our own with a different name for the sake of clarity. The
following line creates a database called “your_db”. In general “docker exec” executes a command within an
existing container. In this case, we are using psql, the command line utility for PostgreSQL, to create the
database.

docker exec your_container psql -U postgres -c 'CREATE DATABASE your_db'

Once the database is created, you can run the following commands to add PostGIS and pgrouting capabilities
to the database and load in our custom SQL functions:

docker exec your_container psql -U \
postgres your_db -c 'CREATE EXTENSION postgis'
docker exec your_container psql -U \
postgres your_db -c 'CREATE EXTENSION pgrouting'
docker exec your_container psql -U \
postgres your_db -c "\i '/functions/geog_functions.sql'"

Then we convert our Open Street Map data into the “your_db” database that we just created. pgRouting
has a utility, “osm2pgrouting”, that makes this very easy to do. It uses a configuration file, “mapcon-
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fig for cars_custom.xml”, that determines how speeds are assigned when they are not present in the original
dataset. In our scenario, these are the speeds that are used for uncongested conditions. It will take about 30
seconds for the dataset to be converted and put into the database if you are using the Nairobi file.

docker exec your_container osm2pgrouting -f /data/Nairobi_final.osm -d your_db -U \
postgres -c /functions/mapconfig_for_cars_custom.xml #

To create congested speeds, we create new congestion costs (seconds it takes to travel down that edge) variable
and update it so that it is 50% higher than the uncongested speeds. We then set custom congested speeds for
specific categories discussed in the literature.

docker exec your_container psql -U postgres your_db -c \

'UPDATE ways SET cost_s_cong = length _m/1000%3600/30 WHERE maxspeed_forward=60"
docker exec your_container psql -U postgres your_db -c \

'"UPDATE ways SET cost_s_cong = length_m/1000%3600/16 WHERE maxspeed_forward=40'
docker exec your_container psql -U postgres your_db -c \

'"UPDATE ways SET cost_s_cong = length_m/1000%3600/12 WHERE maxspeed_forward=30"

Querying from the database

The database should now be set up for you to query. If you are using Docker for Windows or Docker for Mac,
you can connect using the address “localhost”. If you are using Docker Toolkit, the Docker container has its
own IP address that you must use to connect. You can use the following command to find the IP address:

docker-machine ip

Set the port to 5432, and you should be connect using the password “mysecretpassword” that was set above.
To see the code we used to query the database in this study, please see the code 02_ query_postgres_db.R.
See the README included in the code for more information.
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