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Supplementary file 1. Generating alternative classes of urbanicity by DHS cluster and
modelling travel time to health facilities

As an alternative to the DHS urban and rural classifications, we derived three classes of the urban
continuum (urbanicity) - rural, semi-urban, and core urban based on satellite imagery. We used the
2015 Global Human Settlement Layer- settlement model (GHS-SMOD)'?2 to classify the location of DHS
clusters into different degrees of urbanicity. GHS-SMOD delineates and classifies settlement typologies
through cell clusters’ population size, population, and built-up area densities based on the Built-up
(GHS-BUILT) areas and Population (GHS-POP) data layers. GHS-BUILT represents the physical
extent of the human settlement produced through automatic supervised classification of the Landsat
and Sentinel satellite imagery while GHS-POP, a high spatial resolution (250x250 m2 and 1x1 km?)
population density layer is produced by downscaling national census counts data at district level to a
regular fine scale grid. It is the combination of GHS-BUILT and GHS-POP based on the degree of

urbanization concept® that results in GHS-SMOD at the 1 km spatial resolution.

Each pixel of the utilized GHS-SMOD layer' contained a single urbanicity class based on local
population density, permanency of the water body, 30% or 50% of a pixel being built-up surface and
generalization through smoothing and gap filling.2 Based on these rules, level 1 encapsulates 3 classes
(urban centre, urban cluster, and rural grid cell) which are further broken down (level 2) into seven
classes that were used in this analysis namely; urban centre (class 30), dense urban cluster (class 23),
semi-dense urban cluster (class 22), sub-urban or peri-urban (class 21), rural cluster (class 13), low
density rural (class 12), very low-density rural (class 11), and water (class 10) grid cells. A detailed
description of how these data are generated, processed, and classified is available elsewhere.? ®
Supplementary file 1 shows the spatial distribution of the seven classes based on the 2015 GHS-SMOD
layer in Tanzania describing the continuum from urban to rural areas in 2015. Urbanicity classes were
first reclassified to an ordinal scale from 1 (least urban) to 7 (most urban) after masking out the water
class. The average, majority, maximum and minimum values were extracted per buffer and used to
define three new classes of urbanicity that were used for the bivariate and multi-level multivariate logistic
regression analysis. Buffers were used to reduce the bias associated with scrambling cluster
coordinates. We created 2km (urban clusters) and 5km (rural clusters) circular buffers and extracted

the polygonal properties of urbanicity as previously implemented®” and recommended.®
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Due to the low count of neonatal deaths and homogeneity in some of the extracted urbanicity classes,
the seven classes were collapsed into three classes based on the following criteria. Class 1 (core
urban) where the mean of all cells per buffer was at least 6, and the maximum and majority of cells per
buffer; Class 2 (semi-urban and areas in transition): The mean per buffer is 3 or above but less than 6,
or the mean value was less than 3 but had a maximum of at least 4 or above to account for small
elements of urban areas such as a small town surrounded by rural areas; the rest of the clusters were
assigned to Class 3 (rural areas) that is, where all means were less than or equal to 2 while the

maximum values per buffer were at least 4.

Modelling travel time to hospitals

Given that short distances in urban areas can obscure long travel times,® we also included a
consideration for accessibility of emergency obstetric healthcare during pregnancy and childbirth
generally provided only in hospitals as a potential explanation (effect moderator) between urbanicity
and neonatal mortality. A proxy of geographic accessibility to hospital was not available in the DHS and
was thus modelled independently for each cluster. It was proxied by the time taken to travel between a
DHS cluster and the nearest public hospital, based on a least-cost path algorithm implemented in a
Geographic Information System (GIS) via WHO AccessMod 5 software (alpha version 5.7.8)° widely
used across healthcare applications in SSA." We first assembled spatial layers of factors that affect
travel time which included ESA Sentinel-2 landcover at 10m x 10m spatial resolution,'? road network
from OpenStreetMaps (OSM), NASA Shuttle Radar Topography Mission (SRTM) digital elevation
model at 30m x 30m spatial resolution, water bodies and protected areas.' The land cover had nine
classes (water, flooded vegetation, trees, ice/snow, grass, shrubs, crops, built-up areas and bare
ground), while roads were re-classified into four classes (primary, secondary, tertiary, and minor roads)

based on OSM description.

The spatial layers were resampled to 300m and merged to form a single layer via the Accessibility
module in AccessMod software. Travel speeds were then applied on the merged layer to generate
cumulative travel time from each cell (pixel) to the nearest hospital in mainland Tanzania at 300 x 300m

spatial resolution. Two modes of transport were considered, walking while travelling on off-roads cells,
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and driving on motorable roads. The adopted modes and travel speeds across the different land cover
and road classes were informed by previous studies in similar contexts.'#'® Further, walking speeds
were corrected for slope derived from DEM using Tobler’s hiking function, an exponential function that
describes how human walking speed varies with slope.'” The base layer of hospitals was derived from
a geolocated pan African master health facility list of public health service providers.'® After verification,
the list contained 236 public hospitals in Tanzania. The result was a gridded dataset showing travel
time to the nearest public hospital in 2015 at 300m spatial resolution. We then linked each DHS cluster
with its corresponding travel time to the nearest hospital. Similar to urbanicity, we extracted the average
travel time as a continuous variable. For three clusters located in Maisome, lkuza and Bulyalike islands
we used reported travel times from co-author familiar with these regions (ABP). Modelled travel time
was not available for these locations because we did not incorporate water as means of transport due

to lack of data to parametrise the model.
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Table S1: The mean travel time to the nearest hospital from each cluster stratified based on DHS (urban
and rural) and GHS-SMOD (core urban, semi-urban and rural) classifications in Tanzania. The DHS
and GHS-SMOD represents the same spatial extents

Source Urban/rural Number of | Mean travel
classification clusters time (minutes)
Urban 163 14.4

DHS Rural 364 78.2

Core urban 61 4.3

GHS-SMOD | Semi-urban 224 411
Rural 242 89.4

National 8915 527 62.8

Figure S1. The spatial distribution of the seven classes based on the 2015 GHS-SMOD layer in
Tanzania describing the continuum from urban to rural areas in 2015.
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Figure S2. GHS-SMOD-derived urbanicity classifications based on satellite imagery
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Figure S3. Travel time to the nearest hospital (n=236) in Tanzania in 2015 at 300m spatial resolution
classified into 5 classes ranging from less than 30 minutes (green) to over 2 hours/120 minutes (red).
The white areas are national parks/reserves that were considered as barriers except in presence of

roads.
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Figure S4. Travel time to the nearest hospital (n=236) in Tanzania in 2015 at cluster level classified
into five classes ranging from less than 30 minutes (green) to +120 minutes (red)
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