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ABSTRACT
Introduction Decisions regarding the geographical placement 
of healthcare services require consideration of trade- offs 
between equity and efficiency, but few empirical assessments 
are available. We applied a novel geospatial framework to 
study these trade- offs in four African countries.
Methods Geolocation data on population density (a surrogate 
for efficiency), health centres and cancer referral centres in 
Kenya, Malawi, Tanzania and Rwanda were obtained from 
online databases. Travel time to the closest facility (a surrogate 
for equity) was estimated with 1 km resolution using the 
Access Mod 5 least cost distance algorithm. We studied 
associations between district- level average population density 
and travel time to closest facility for each country using 
Pearson’s correlation, and spatial autocorrelation using the 
Global Moran’s I statistic. Geographical clusters of districts 
with inefficient resource allocation were identified using the 
bivariate local indicator of spatial autocorrelation.
Results Population density was inversely associated 
with travel time for all countries and levels of the health 
system (Pearson’s correlation range, health centres: 
−0.89 to −0.71; cancer referral centres: −0.92 to −0.43), 
favouring efficiency. For health centres, negative spatial 
autocorrelation (geographical clustering of dissimilar 
values of population density and travel time) was weaker 
in Rwanda (−0.310) and Tanzania (−0.292), countries 
with explicit policies supporting equitable access to 
rural healthcare, relative to Kenya (−0.579) and Malawi 
(−0.543). Stronger spatial autocorrelation was observed 
for cancer referral centres (Rwanda: −0.341; Tanzania: 
−0.259; Kenya: −0.595; Malawi: −0.666). Significant 
geographical clusters of sparsely populated districts with 
long travel times to care were identified across countries.
Conclusion Negative spatial correlations suggested that 
the geographical distribution of health services favoured 
efficiency over equity, but spatial autocorrelation measures 
revealed more equitable geographical distribution of 
facilities in certain countries. These findings suggest that 
even when prioritising efficiency, thoughtful decisions 
regarding geographical allocation could increase equitable 
physical access to services.

INTRODUCTION
Achieving health equity through optimal allo-
cation of healthcare resources is a priority for 

Key questions

What is already known?
 ► Few prior evaluations of equity- efficiency trade- offs 
using travel time and population density have been 
conducted.

 ► Policy- makers would benefit from simple measures 
that can be readily estimated using existing data. 
These measures could help inform debates regard-
ing the geographical placement of new facilities and 
health services, and enable monitoring of progress 
towards equity and/or efficiency goals.

What are the new findings?
 ► We studied associations between district- level pop-
ulation density (as a proxy for efficiency) and trav-
el time (proxy for equitable physical access) using 
Pearson’s correlations and the Global Moran’s I test 
for spatial autocorrelation (geographical clustering 
of similar or dissimilar values of variables) in four 
African countries (Kenya, Malawi, Rwanda and 
Tanzania).

 ► While negative Pearson’s correlations between 
population density and travel time were observed 
across countries and health systems levels, there 
was variability in negative spatial autocorrelation 
(geographical clustering of dissimilar values of pop-
ulation density and travel time). Weakest spatial au-
tocorrelation was observed in Rwanda and Tanzania, 
countries with explicit policies supporting equitable 
access to rural healthcare.

What do the new findings imply?
 ► Applying this geospatial analytical approach could 
help policy- makers understand the trade- offs made 
between efficiency and equity in geographical ac-
cess to health services across levels of the health 
system, and study how these decisions impact ser-
vice delivery and population health.

 ► Geospatial data and analytical software are available 
for all countries around the world, facilitating consis-
tent comparisons across countries.

 ► This approach can be adopted by health planners 
and policy- makers to monitor progress towards 
health systems goals, and identify geographical 
subregions with inefficient resource allocation to 
motivate an appropriate policy response.
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health systems worldwide.1 Increasing equitable access 
to health services is one means of reducing health ineq-
uities.2 Access can be defined using four dimensions3 4: 
availability, geographical accessibility, affordability and 
acceptability. Geographical accessibility depends on deci-
sions made by healthcare policy- makers about where to 
build healthcare facilities and how to distribute services 
throughout their coverage areas. Consequently, a better 
understanding of geographical accessibility to health-
care resources could inform policy decisions concerning 
the spatial distribution of services in ways that reduce 
health disparities. Decisions about where to place health 
services must balance trade- offs between equity of access 
versus efficiency of placement to leverage economies of 
scale.4–6

Urban and rural patients experience different barriers 
to accessing care. Geographical accessibility is often 
limited for rural patients, particularly in low- resource 
settings.7 8 As the global burden of disease shifts towards 
non- communicable diseases that require more complex 
and specialised diagnosis and treatment (eg, pathology, 
chemotherapy and radiotherapy for cancer), urban–
rural disparities may be exacerbated if services are pref-
erentially deployed in urban areas.9–12 Policy- makers 
often decide to place diagnostic services in urban areas to 
benefit from economies of scale, because these specialised 
approaches may rely on efficiencies arising from concen-
trations of highly skilled workers, infrastructure and 
financial resources. However, placing services in urban 
areas could introduce geographical, financial and social 
barriers for rural patients that result in inequitable access 
to healthcare.13 Policy- makers may, therefore, choose 
to sacrifice some efficiency in favour of more equitable 
geographical access to healthcare services. Scientists have 
modelled the costs and benefits of these trade- offs when 
choosing testing options for HIV and tuberculosis. Their 
models account for the degree of economies of scale, 
availability of systems to transport specimens, timely 
return of results and costs incurred when patients are 
lost to follow- up.14 15 Policy- makers could benefit from 
knowing where their health systems lie along the equity 
versus efficiency spectrum as they decide where to place 
new healthcare services. Empirical assessment of the rela-
tionship between travel time as a proxy for equity and 
population density as a proxy for efficiency arising from 
economies of scale could provide useful information 
to policymakers hoping to evaluate the implications of 
these trade- offs.16

We propose the Geographic- Population Services 
Access (Geo- PSA) model, a novel conceptual framework 
and analytical approach to evaluate trade- offs between 
urban–rural equity in geographical access to health 
services and health systems efficiency. We illustrate how 
geospatial analytical approaches can be used within this 
framework to identify inefficient geographical alloca-
tion of health services and motivate appropriate public 
health responses. Finally, we demonstrate the flexibility 
of the Geo- PSA model to evaluate urban–rural disparities 

in access to (1) primary care services and (2) specialised 
oncology centres in four sub- Saharan African countries.

METHODS
The Geo-PSA model
Geo- PSA is a data- driven framework for evaluating trade- 
offs between equitable geographical access and health 
systems efficiency when making decisions about place-
ment of healthcare services. Geo- PSA links a conceptual 
framework for understanding and interpreting the rela-
tionship between equity and efficiency within the context 
of geographical distribution of health services with a 
geospatial analytical approach to empirically assess these 
trade- offs.

Conceptual framework
Travel time to the nearest health facility was chosen as a 
measure of equity because geographical access to health 
services is known to be a major barrier to accessing 
care, particularly for rural patients in low- resource 
settings.8 13 17–19 We chose high- resolution population 
density as a surrogate measure of efficiency arising from 
economies of scale. Population density reflects urbani-
city, and thus, may provide an estimate of economies of 
scale and expected patient volume. In choosing popula-
tion density as a proxy for efficiency and travel time as a 
proxy for equity, we selected metrics that could be readily 
acquired in diverse geographical contexts over a wide 
range of spatial scales. However, these measures do not 
account for other important dimensions of access, such 
as healthcare quality, which may lead patients to bypass 
nearby facilities for higher levels of care.19 20 Local knowl-
edge regarding the relative importance of physical access 
compared with other barriers preventing patients from 
accessing care in a given geographical context is critical 
for interpreting and acting on Geo- PSA model results. 
The spatial scale chosen should be that which most closely 
aligns with the level of the health system where decisions 
regarding programmes and resources are made. In most 
countries, this will occur at district level.

We propose that plotting the relationship between 
travel time to nearest facility (vertical axis) and popula-
tion density (horizontal axis) may reveal geographical 
distributions of facilities that reveal trade- offs between 
equity versus efficiency in healthcare systems, as well as 
identify settings that are inefficient (figure 1). Health 
systems that prioritise efficiency would be expected to 
have districts falling along a steeper line from the upper 
left quadrant (low- population density, long travel time) to 
the lower right quadrant (high- population density, short 
travel time). Health systems that favoured equity would 
be expected to have districts falling on a flatter line. Inef-
ficient quadrants (upper right: high- population density, 
long travel time; lower left: low- population density, short 
travel time) can be used to understand how geograph-
ical allocation of resources might be improved. Online 
supplemental appendix table 1 provides examples of 

https://dx.doi.org/10.1136/bmjgh-2020-003493
https://dx.doi.org/10.1136/bmjgh-2020-003493


Iyer HS, et al. BMJ Global Health 2020;5:e003493. doi:10.1136/bmjgh-2020-003493 3

BMJ Global Health

policy responses to respond to suboptimal geographical 
allocation of services relative to population.

Study setting and geospatial data sources
We chose to evaluate data from four sub- Saharan African 
countries: Kenya, Malawi, Rwanda and Tanzania. These 
countries were chosen because though they have majority 
rural populations and similar levels of life expectancy, 
they vary with respect to population density, economic 
development. The countries have also adopted different 
approaches to implementing government health poli-
cies addressed towards achieving equitable health 
service delivery. 21–24 Finally, questions regarding trade- 
offs between equity and efficiency are particularly perti-
nent as they expand access to care for cancer and other 
chronic diseases.25–27 In order to empirically evaluate the 
association between population density and travel time, 
we obtained multiple geospatial data inputs described 
in online supplemental file 1. These geospatial data are 
generated from administrative government databases 
and satellite imagery, and are available for most countries 
around the world for varying time periods. Governance 
of the public health system in Kenya, Malawi, Rwanda and 
Tanzania is decentralised, with decision making occur-
ring at lower administrative levels. In order to reflect this 
in our analysis, we specifically chose to implement our 
method at district level in Malawi, Rwanda and Tanzania, 
and at county level in Kenya. Going forward, we refer to 
the geographical unit across countries as district level for 
clarity.

Descriptive characteristics for each of the four African 
countries are presented in table 1 using data from 
the World Bank Development Indicators28 and the 

International Agency for Research on Cancer obtained 
in 2018.29 The total population ranged from 12.3 million 
(Rwanda) to 51.3 million (Kenya). Gross Domestic 
Product per capita in current US$ ranged from US$1311 
(Malawi) to US$3468 (Kenya). Life expectancy was 
similar for all countries, though Rwanda reported the 
highest (69 years). Estimated age- specific cancer mortality 
rates ranged from 94.6 (Tanzania) to 129.2 (Kenya) per 
100 000. Population density was lowest in Tanzania (63.6 
persons per km2 and highest in Rwanda (498.7 persons 
per km2. Over half of the population was reported to 
reside in rural settings for all countries.

Estimating travel time to closest health facility for 
patients in low- resource settings requires a different 
set of assumptions and geographical data than in high- 
resource settings. This is because motorised transport 
via road networks, assumed to be the primary means 
of travel by patients in high- resource settings, may not 
always apply in more rural, low- resource settings. For this 
reason, geographical scientists proposed use of more 
detailed raster (gridded cell- based) methods that incor-
porate geographical datasets, including rivers and lakes, 
elevation and land cover classes. Incorporating these data 
enables more accurate consideration of the environment 
and modes of transport used patients in these contexts.30

For raster (gridded) image files (land cover, eleva-
tion), we reprojected data using the Universal Trans-
verse Mercator projection in metres corresponding to 
each country. We then applied a resampling algorithm 
using ArcMap V.10.2 to change the cell size of all rasters 
to 500 m to enable consistent spatial contributions of 
elevation and land cover to travel time estimates. Vector 

Figure 1 The Geographic- Population services access model: a conceptual framework and analytical approach to inform 
policies for geographical allocation of health services that Optimise equity and efficiency. Note: the model provides a visual 
display of geographical data that captures proxies for efficiency (population density, x- axis) and equitable geographical access 
(travel time, y- axis). Efficient quadrants (upper left: low population density, long travel time; lower right: high population density, 
short travel time) and inefficient quadrants (lower left: low population density, short travel time; upper right: high population 
density, long travel time) can be visualised. Significant outliers (A–D) can be detected using spatial statistical methods.

https://dx.doi.org/10.1136/bmjgh-2020-003493
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datasets (roads, lakes, rivers, healthcare facilities) were 
acquired from public databases. We examined both 
geographical distribution of primary care facilities 
(ie, health centres) as well as tertiary care facilities (ie, 
cancer hospitals), hypothesising that countries might 
make different choices at different levels of care. Primary 
care health centre location data were acquired from a 
recently published database of government- run health 
facilities in sub- Saharan Africa.31 Lists of cancer hospitals 
and affiliated clinical research centres for each country 
were obtained from the Global Oncology online map 
of African cancer research and clinical centres.32 We 
obtained latitude and longitude for each cancer research 
centre by entering the name of the research centre for 
each country into Google Maps and extracting these 
coordinates. In sub- Saharan African settings, academic 
cancer centres often have greater availability of tech-
nical experts, training programmes and investments in 
supply chains, infrastructure and equipment needed to 
provide high- quality cancer care.33 34 We reviewed the list 
of Global Oncology cancer research and clinical centres 
and excluded those that corresponded to non- profit 
or national government agency headquarters, because 
these were not the locations where cancer care was being 
delivered. We assumed that the remaining cancer referral 

centres would represent higher quality of care than other 
cancer care facilities and retained them for our analysis.

Estimating travel time to the nearest facility using 
geographical information systems
We estimated travel time to the nearest health facility 
using Access Mod 5, a WHO sponsored web- based 
tool.30 35 Briefly, the Access Mod 5 algorithm exploits 
high- resolution geospatial datasets and the spatial rela-
tionships between geographical features in neighbouring 
areas.30 We assigned a travel speed and mode of transit 
to each land cover type (online supplemental appendix 
table 3). Access Mod 5 merges elevation, land cover, 
water bodies and road network databases into a single 
raster file, assigning user- defined speeds to each cell in a 
grid covering the entire geographical area. Next, we used 
the Access Mod 5 least cost distance algorithm to calcu-
late the fastest route through a given area by minimising 
the time spent travelling between adjacent cells.30 This 
analysis is augmented with information about elevation, 
accelerating or decelerating travel speeds depending 
on whether travel is uphill or downhill. This method 
produces a raster file that stores and displays estimated 
travel times for a specified geographical area as a grid, 
with each cell representing a 500 m by 500 m area. We ran 

Table 1 Characteristics of sub- Saharan Africa countries included in case study to evaluate urban–rural access to cancer 
referral centres

Country Kenya Tanzania Rwanda Malawi

Total population (thousands)* 51 393 56 318 12 302 18 143

GDP per capita (US$ current)* 3468 3240 2252 1311

Life expectancy (years)* 66 65 69 64

Population density (persons per km2)* 90.3 63.6 498.7 192.4

% Rural* 73 66 83 83

Districts (no) 47 171 30 27

Health centres (no)† 1038 675 486 457

Average population per health centre† 49 512 83 434 25 313 39 700

Median district- level travel time to health 
centre (min, median (IQR))†

44.8 (20.0–74.5) 84.9 (53.2–132.7) 19.5 (14.4–26.9) 55.7 (49.2–67.2)

Top five most frequent cancers‡ Breast, cervix, 
oesophagus, 
prostate, 
colorectum

Cervix, prostate, 
breast, colorectum, 
Kaposi sarcoma

Cervix, breast, 
colorectum, 
stomach, liver

Cervix, Kaposi 
sarcoma, 
oesophagus, 
non- Hodgkin's 
lymphoma, breast

Total cancer deaths‡ 32 987 28 610 7662 13 779

Age- standardised cancer mortality rate per 
100 000‡

129.2 94.6 104.8 123.7

Cancer referral centres (no)§ 12 10 6 6

Median district- level travel time to cancer 
research centre (min, median (IQR))†

127.7 (73.2–220.4) 356.0 (211.3–647.1) 59.9 (44.7–92.8) 296.2 (238.1–520.1)

*World Bank Development Indicators (2018).28

†Authors’ analysis of Maina et al. Geospatial Database of Health Facilities in sub- Saharan Africa (2019) (see text).30

‡International Agency for Research on Cancer, Cancer Today Country Factsheets (2018).29

§Global Oncology Project Map (2020).32

GDP, gross domestic product.
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this analysis separately for each country and for each list 
of facilities (primary health centres and cancer referral 
centres.

Statistical analysis
In order to estimate district- level averages for population 
density and travel time, we calculated zonal statistics for 
population density and travel time, specifying the district 
as the geographical zone and taking the average popula-
tion density and travel time over all cells in the district. 
District- level averages were log- transformed before 
conducting correlation analysis to correct the skewed 
distribution of these variables. We calculated Pearson 
correlation coefficients and 95% CIs between variables in 
each country, separately for travel time to closest health 
centre and travel time to closest cancer referral centre.

In order to evaluate geographical patterns in the rela-
tionship between our measures of equity and efficiency, 
we performed tests for spatial autocorrelation and 
cluster detection. Spatial autocorrelation arises when 
values of a variable in geographical space are positively 
or negatively correlated with values of another variable 
in neighbouring areas.36 In our study, negative spatial 
autocorrelation would arise if densely populated districts 
were surrounded by districts with short travel time, or if 
sparsely populated districts were surrounded by districts 
with long travel time. This would produce clusters in 
the upper left to lower right quadrants of our concep-
tual model (figure 1), favouring efficiency. Conversely, 
positive spatial autocorrelation would arise if most 
districts clustered in the inefficient lower left to upper 
right quadrants. The magnitude of the spatial autocor-
relation provides evidence regarding trade- offs between 
equity and efficiency—comparing spatial autocorrelation 
between countries and health system levels could reveal 
instances where equity was favoured.

We specified a queen’s contiguity matrix to define 
neighbouring districts. The queen’s contiguity matrix is 
used to classify districts based on their spatial relation-
ships with one another. For a given district, using the 
queen’s contiguity means that a bordering district in any 
direction would be considered a neighbour. The Global 
Moran’s I36 was calculated to determine whether posi-
tive or negative spatial autocorrelation between district- 
level population density and travel time was observed 
at national level. The bivariate local indicator of spatial 
autocorrelation (LISA)37 was used to identify four types 
of geographical clusters of districts: (1) high population 
density, short travel time (high/short); (2) high popu-
lation density, long travel time (high/long); (3) low 
population density, short travel time (low/short); (4) low 
population density, long travel time (low/long). Since 
the spatial weighting relies on neighbours, we excluded 
islands from our analysis. These four categories align with 
the efficient and inefficient quadrants in our concep-
tual framework (figure 1). Technical details about the 
geospatial analysis procedures are provided in the online 
supplemental methods appendix.

Permutation tests with 999 simulations were used for 
spatial statistical hypothesis tests. Global Moran’s I and 
bivariate LISA analyses were conducted using GeoDa 
software.38 We applied the Benjamini- Hochberg False 
Discovery Rate to our alpha level of 0.05 to correct for 
multiple testing across all of the districts.39 As a sensi-
tivity analysis, we also included results without correcting 
for multiple testing. In order to facilitate uptake of this 
analytical approach among government, non- profit 
or other healthcare organisations, we have included 
a data sharing appendix containing further informa-
tion regarding the workflow and links to specific data 
elements and code used to generate the major figures in 
this paper.

Patient and public involvement
There was no patient or public involvement in the study.

RESULTS
Primary care at health centres
The number of health centres reported in the database 
used for this analysis ranged from 457 (Malawi) to 1038 
(Kenya) (table 1). On average, each health centre served 
a population ranging from 25 313 (Rwanda) to 83 434 
(Tanzania). The median district- level average travel time 
to the nearest health centre was shortest for Rwanda 
(19.5 min, IQR: 14.4–26.9 min) and longest for Tanzania 
(84.9 min, IQR: 53.2–132.7 min).

The bivariate LISA scatter plots may reflect differences 
in national priorities when balancing equitable geograph-
ical access and efficiency of health service delivery 
(figure 2). Average travel times to closest health centre 
were below 120 min for most districts across countries. 
Correlations between population density and travel time 
were strongest in Kenya (r = −0.89, 95% CI −0.94 to -0.81) 
and weaker in Malawi (r=−0.80, 95% CI −0.91 to -0.61), 
Rwanda (r=−0.76, 95% CI −0.88 to -0.54) and Tanzania 
(r=−0.71, 95% CI −0.78 to -0.62). The Moran’s I was statis-
tically significant (permutation p<0.001), and negative 
for all countries, favouring efficiency (spatial clusters in 
the upper left and lower right quadrants of our frame-
work). However, there was stronger evidence of negative 
spatial autocorrelation in Kenya (−0.579) and Malawi 
(−0.543) compared with Tanzania (−0.292) and Rwanda 
(−0.310), suggesting the placement of primary health 
centres may have favoured equity over efficiency in those 
countries. Maps revealed the geographical locations 
of clusters corresponding to the four quadrants in our 
conceptual framework (online supplemental appendix 
figure 1). Several significant clusters in the upper left 
quadrant (low population density, unusually long travel 
time), particularly near country borders were observed 
in all countries. Analyses without multiple testing correc-
tion revealed greater numbers of inefficient geographical 
clusters in Tanzania and Rwanda (online supplemental 
appendix figure 2).

https://dx.doi.org/10.1136/bmjgh-2020-003493
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https://dx.doi.org/10.1136/bmjgh-2020-003493
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Cancer referral centres
We applied the same model as for primary healthcare 
centres using locations of cancer referral and research 
centres in Kenya (n=12), Tanzania (n=10), Rwanda (n=6) 
and Malawi (n=6) (table 1). The median district- level 
average travel time to the nearest facility was shortest for 
Rwanda (59.9 min, IQR: 44.7–92.8 min) and longest for 
Tanzania (356.0 min, IQR: 211.3–647.1 min).

Figure 3 presents bivariate LISA plots for each country. 
The correlations between district- level travel time to 
cancer referral centres and population density were 

strongest for Kenya (r=−0.92, 95% CI −0.96 to -0.86) and 
Malawi (r=−0.87, 95% CI −0.94 to -0.74), and weaker for 
Rwanda (r=−0.78, 95% CI −0.89 to -0.59) and Tanzania 
(r=−0.43, 95% CI −0.55 to -0.30). The Moran’s I statistic 
was significant and negative for all countries, favouring 
efficiency over equity (permutation p<0.001). Kenya 
(Moran’s I: −0.595) and Malawi (−0.666) displayed 
stronger spatial autocorrelation than Rwanda (−0.341) 
and Tanzania (−0.259), again suggesting that Rwanda 
and Tanzania’s health systems may have favoured equity 
in placement of their cancer services over efficiency. 

Figure 3 Pearson correlation between district- level travel time to nearest cancer centre and population per 10 000 m2 in Kenya 
(KEN), Tanzania (TZA), Rwanda (RWA) and Malawi (MWI). Colours correspond to districts with statistically significant bivariate 
local indicator of spatial autocorrelation clusters of (1): high population density/long travel time, (2): low population density/
short travel time, (3): low population density/long travel time and (4): high population density/short travel time. Significance 
tests for district clusters were conducted using 999 permutation tests with an alpha=0.05. The Benjamini- Hochberg false 
discovery rate was applied to correct for multiple testing of clusters. Blue horizontal line denotes 120 min travel time. Dotted 
lines intersect at the median travel time and population density for each country. NS, non- significant.

Figure 2 Pearson correlation between district- level travel time to the nearest primary care health centre and population per 
10 000 m2 in Kenya (KEN), Tanzania (TZA), Rwanda (RWA) and Malawi (MWI). Colours correspond to districts with statistically 
significant bivariate local indicator of spatial autocorrelation clusters of (1): high population density/long travel time, (2): low 
population density/short travel time, (3): low population density/long travel time and (4): high population density/short travel 
time. Significance tests for district clusters were conducted using 999 permutation tests with an alpha=0.05. The Benjamini- 
Hochberg false discovery rate was applied to correct for multiple testing of clusters. Blue horizontal line denotes 120 min travel 
time. Dotted lines intersect at the median travel time and population density for each country. NS, non- significant.
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Significant district clusters were mostly identified in effi-
cient quadrants (upper left and lower right), except for 
Tanzania which displayed some clusters in inefficient 
quadrants (online supplemental appendix figure 3). In 
analyses not correcting for multiple testing, three coun-
tries had at least one district with inefficient allocation 
(online supplemental appendix figure 4). Though Tanza-
nia’s correlation and spatial autocorrelation measures 
favoured equity, most districts had average travel times 
exceeding 120 min. Malawi also displayed travel times 
over 120 min for most districts, with stronger negative 
correlation and spatial autocorrelation measures than 
Tanzania. All countries but Rwanda displayed significant 
clusters of low population density and long travel times, 
which may require innovations in diagnostics or referral 
systems that reduce travel burden for rural patients.

DISCUSSION
Applying the Geo- PSA model in four African coun-
tries revealed trade- offs between urban–rural equity 
in geographical access and efficiency in health service 
delivery. Pearson correlation coefficients were uniformly 
negative, suggesting favouring of efficiency across all 
countries and health system levels. There were modest 
differences in the strength of the association between 
travel time and population density between countries, 
with Kenya and Malawi reporting stronger correlations 
than Rwanda and Tanzania at health centre level and 
cancer referral centre level. Tests for spatial autocorre-
lation within the Geo- PSA model allowed us to formally 
investigate geographical clustering of similar and dissim-
ilar patterns of association between district- level popula-
tion density and travel time. All tests for spatial autocor-
relation were negative, implying that across countries, 
predominant geographical patterns were of regions 
exhibiting high population density with neighbours expe-
riencing short travel time, and regions of low population 
density with neighbours experiencing long travel time. 
However, the magnitude of this spatial autocorrelation 
varied between countries, with Rwanda and Tanzania 
displaying weaker spatial autocorrelation than Kenya and 
Malawi. Given that all countries displayed strong nega-
tive aspatial correlations between population density and 
travel time that favour efficiency, spatial autocorrelation 
revealed how the geographical placement of facilities 
favoured equity more in some countries than others.

This study demonstrates how the Geo- PSA model can be 
used to monitor progress towards equitable urban–rural 
access across multiple countries. The governments of 
Rwanda and Tanzania have historically prioritised health 
equity through propoor healthcare financing and decen-
tralised primary care services.21 24 40–42 Kenya’s health 
system has focused on efficiency, and the placement of 
its facilities have been associated with rural–urban dispar-
ities in geographical access to primary care services.22 43 
The health system in Malawi has pursued propoor poli-
cies, but its level of economic development has hampered 

efforts to address urban–rural inequities in accessing 
primary care services for maternal and child health.23 
In the Geo- PSA model, strong Moran’s I correlations 
between travel time to the closest facility and population 
density, like those observed in Kenya and Malawi, suggest 
that the placement of facilities favoured efficiency over 
equity compared with countries with weaker correlations 
(Rwanda and Tanzania). This relationship is independent 
of the overall population density, as Rwanda is the most 
densely populated of the four countries, while Tanzania 
is the least. These patterns may reflect differences in 
healthcare policy implementation in each country. 
Rwanda and Tanzania have taken steps towards equitable 
healthcare coverage in their respective countries, which 
have resulted in a greater rural orientation to cancer care 
delivery.25 41 44 Though national policy- making in Rwanda 
is centralised, implementation of healthcare delivery 
is decentralised and relies on evidence- based decision 
making to guide policies and planning.24 40 41 Since inde-
pendence, Tanzania’s government has pursued poli-
cies to ensure equitable access to healthcare and other 
public services, which prompted the country to build the 
necessary dispensaries, health centres and hospitals to 
reach rural populations.21 In contrast, the Government 
of Malawi faces resource constraints that limit its ability 
to apportion funds to increase the geographical extent 
of its health system.23 45 In Kenya, Barasa et al reported 
that although universal health coverage increased from 
44% in 2003 to 52% in 2013, increases in service coverage 
and financial risk protection were largely concentrated 
among the wealthy, suggesting an urban bias in locations 
where health services are scaled up.46

Policy implications
The framework presented here could support healthcare 
planning in a few important ways. First, the approach 
can be applied over time as countries increase coverage 
of healthcare services and introduce new facilities in a 
population. Countries can compare the Global Moran’s 
I measure of negative spatial autocorrelation between 
population density and physical accessibility over time 
and across levels of the health system to monitor progress 
towards achieving equitable access to services.

Second, the proposed framework enables policy- 
makers to identify locations with inefficient resource allo-
cation (clusters in the lower left or upper right quadrants, 
reflecting low population density, short travel times or 
high population density, long travel times, respectively). 
Prior research in this area focused on modelling the 
impact of shifting hospital locations on socioeconomic 
inequities in geographical access to health services to find 
an optimal balance between efficiency and equity. Our 
approach offers a simple analytical model for evaluating 
trade- offs between equity and efficiency. Policy- makers 
can decide how best to respond to these inefficiencies 
based on the level of the health system and their resource 
constraints6 (box 1).

https://dx.doi.org/10.1136/bmjgh-2020-003493
https://dx.doi.org/10.1136/bmjgh-2020-003493
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For primary care services, policy- makers may be 
willing to sacrifice efficiency to increase access to infec-
tious disease tests, under-5 care and maternal care. For 
cancer diagnostics, innovations that leverage technology 
or improved referral systems may be needed to reduce 
geographical barriers for rural patients. Based on this 
analysis, programmes in Kenya and Malawi may favour 
strategies to help rural patients access urban cancer 
centres, through transport subsidies or patient waiting 
homes. Tanzania and Rwanda, which already have more 
geographically accessible health services, may instead 
introduce systems improvements and technology to 
lower levels of the health system. Several novel technol-
ogies have already been piloted to overcome geograph-
ical access barriers for rural populations. For example, 
GeneXpert devices, which have already been deployed 
for diagnosis of tuberculosis and other infectious diseases, 
are being adapted to diagnose breast cancer.47 Some 
global oncology programmes have begun experimenting 
with telepathology services.48 49 As more researchers test 
novel approaches to deliver cancer care in sparsely popu-
lated rural areas, the solutions will benefit rural cancer 
patients everywhere.

Some limitations should be considered when applying 
the Geo- PSA model. First, the geographical analysis 
used to estimate travel time relies heavily on assump-
tions regarding the mode of transportation and travel 
speeds and may underestimate the travel times for indi-
vidual patients.50 Analysts should take care to consider 
the appropriate spatial scale for their analysis, and use 
high- quality road network data and to the extent they are 

able, verify the speeds of transit and mode of transit of 
the population under study. A strength of geographical 
analytical estimates of travel time is objective measure-
ment, incorporation of elevation and land cover, and 
ability to conduct cross- country, macrolevel analyses. 
Even if exact times for individual patients are estimated 
with error, the method still enables ranking of places 
with longer or shorter travel times to reach facilities. 
Caution may be needed when interpreting results from 
geographical cluster analysis for regions that do not have 
neighbours or occur at national borders. The Geo- PSA 
model does not account for availability of specific equip-
ment and tests, quality of services or health outcomes. 
However, these limitations are offset by several strengths. 
Growing government and non- profit databases contain 
harmonised geographical datasets to capture the various 
geographical inputs required to estimate travel time for 
countries around the world.51–53 Furthermore, the avail-
ability of data at multiple administrative levels54 and 
remote sensing data provide far more flexibility in terms 
of defining spatial scales and characterising the specific 
geographical area of interest.30 52 53 The ability to rapidly 
estimate travel times for multiple countries, apply spatial 
statistical analysis to evaluate efficiency and equity in 
varied contexts, and application of geospatial analysis to 
locate clusters of inefficient allocation of services to moti-
vate an appropriate policy response. Urban–rural dispar-
ities in physical access to healthcare services have been 
observed within both high- income55–58 and low- income 
and middle- income59–62 countries around the world, 
suggesting that questions regarding trade- offs between 
physical accessibility and efficiency may apply to other 
settings outside of sub- Saharan Africa.

CONCLUSION
In summary, we introduce a novel geospatial analytical 
model, Geo- PSA, to evaluate trade- offs between equity in 
geographical access to healthcare and efficiency in four 
African countries. This flexible model can be applied by 
health policy and services researchers across different 
disease areas and geographical contexts. The model can 
be used to monitor progress towards equitable access to 
healthcare services at national level, compare countries’ 
trade- offs between equity and efficiency, and inform local 
policies to respond to inefficient geographical allocation 
of health services.
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