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Abstract

statistic under Discrete Poisson distribution.

17 at EZ level using the spatial scan statistic.

Background Understanding spatial variations in health outcomes is a fundamental component in the design of
effective, efficient public health strategies. Here we analyse the spatial heterogeneity of low birthweight (LBW) hospi-
tal deliveries from a demographic surveillance site on the Kenyan coast.

Methods A secondary data analysis on singleton livebirths that occurred between 2011 and 2021 within the rural
areas of the Kilifi Health and demographic surveillance system (KHDSS) was undertaken. Individual-level data was
aggregated at enumeration zone (EZ) and sub-location level to estimate the incidence of LBW adjusted for accessibil-
ity index using the Gravity model. Finally, spatial variations in LBW were assessed using Martin Kulldorf’s spatial scan

Results Access adjusted LBW incidence was estimated as 87 per 1,000 person years in the under 1 population (95%
Cl: 80, 97) at the sub-location level similar to EZ. The adjusted incidence ranged from 35 to 159 per 1,000 person years
in the under 1 population at sub-location level. There were six significant clusters identified at sub-location level and

Conclusions LBW is a significant health risk on the Kenya coast, possibly under-estimated from previous health infor-
mation systems, and the risk of LBW is not homogenously distributed across areas served by the County hospital.

Keywords Low birthweight, Spatial heterogeneity, Accessibility, Kilifi, Kenya

Background

The World Health Organization (WHO) defines new-
borns weighing less than 2500 g, irrespective of ges-
tational age, as low birthweight (LBW) [1]. LBW is
considered a crucial determinant of infant mortality,
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particularly in the first month of life [2, 3]. Those who
survive are more likely to suffer from stunted growth
[4, 5], poor cognitive development [6] and long-term
consequences extending to adulthood [7].

The United Nations estimates that of the 20.5 mil-
lion LBW babies (representing ~ 14% of all live births),
nearly 25% occurred in the African region in 2015 [8, 9].
In 2015, the number of LBW among live births was esti-
mated to have increased from 4.4 million in 2000 to 5
million in sub-Saharan Africa (SSA) [10]; a figure likely
to be under-estimated as many deliveries occur at home
or at primary care clinics where official figures are not
reported [11].

Reducing LBW has long been recognized as a public
health priority and it is now a global commitment with
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the adoption of the Global Nutrition Targets in 2012. The
WHO has a goal to reduce LBW by 30% by 2025 [12].
However, progress remains inadequate especially in low-
and middle-income countries (LMIC). LBW not only
reflects the health of the child at birth but equally reflects
the health status of the mother during pregnancy, includ-
ing malnutrition, malaria, other infections, and poor
pregnancy-related health service utilization [13]. Some
of these factors are modifiable through early and compre-
hensive prenatal care and these factors have been shown
to vary across broad regional scales [14].

Understanding spatial variations in health outcomes
is a fundamental component in the design of effective,
efficient public health strategies. The identification of
areas with high disease burden enables national and local
health authorities to target limited resources to maxim-
ise impact and understand the finer scale epidemiology
of poor health. There have been very few investigations
of the national spatial variations in LBW burden [14-18]
or finer spatial scales below national levels [15-18]. In
Kenya, LBW rates significantly varied sub-nationally [19]
and similar findings have been reported in Ethiopia [20],
Namibia [21], India [14, 22], Indonesia [23] and in devel-
oped nations such the USA [16-18].

Global maternal and newborn health initiatives, Every
Newborn Action Plan and Ending Preventable Mater-
nal Mortality, have identified priority indicators derived
from facility-based data as important [24, 25]. However,
there have been very few facility-based data investigating
the spatial patterns of LBW in SSA. In addition, far fewer
studies have investigated the potential of facility-based
data to identify LBW hotspots with studies in the African
region relying on data from demographic health surveys
(DHS) [20, 21]. Here we analyse the spatial heterogeneity
of LBW hospital deliveries from a demographic surveil-
lance site on the Kenyan coast.

Methods

Study area and context

This study was a retrospective analysis of routine data
collected at Kilifi County Hospital [26, 27], matched to
the Kilifi Health and Demographic Surveillance System
(KHDSS) [28]. The KHDSS is located on the Kenyan
Coast and subdivided into 37 sub-locations (an admin-
istrative unit covering~ 39,000 people), which are fur-
ther subdivided into 186 enumeration zones (EZ) each
consisting of approximately 226 homesteads [28]. Kilifi
County hospital (KCH), located in Kilifi township, is the
referral hospital for the population in this area and has a
maternity ward that attends to pregnant mothers seeking
antenatal care and delivery services that records ~ 4,000
deliveries each year [26]. For the purposes of the present
study the area was restricted to the rural extent which
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represents ~80% of the KHDSS population. The popu-
lation in the urban part of KHDSS is mostly transient;
people tend to stay for short periods including those
accessing KCH before proceeding to their permanent
residence and were excluded from the present analysis
(Additional file 1: Figure S1; grey regions).

Data collection

Data was obtained from the maternity ward surveillance
system at KCH established in January 2011 to standard-
ize maternal admission procedures and improve standard
of care under the Kilifi Perinatal and Maternity research
(KIPMAT) study [26]. Registration of all admissions for
mothers who present in labour is undertaken by trained
fieldworkers present at the maternity ward 24 h, seven
days a week [26, 27]. Clinical assessment and documenta-
tion were undertaken by nursing and medical staff as part
of routine care using a structured maternal admission
record form. The study routinely collected information
on the residential address of the mother and the newborn
outcomes i.e. birth status (live birth or stillbirth) and
birth weight. Weight was measured within the first hour
of birth using a balanced Seca 354 digital baby scale man-
ufactured by Seca GmbH & Co. KG, Germany. The resi-
dential details of each mother were linked to the KHDSS
enumeration zone (EZ). All data were captured using a
customised tool built on a PHP web-based interface and
data saved onto MySQL database.

Statistical analysis

Data inclusion and exclusions

This study included deliveries between January 2011 and
December 2021. Data were incomplete during health
workers strikes which occurred in 2016, 2017, 2020 and
2021 [29-31] and months with incomplete data that
coincided with the health workers’ strikes were excluded.
All still born babies were excluded. In addition, all multi-
ple births were excluded, that have intrinsically increased
odds of LBW [27, 32]. Finally, newborns with missing or
erroneous birth weight records were also excluded from
the analysis (Fig. 1). The analysis therefore focused on
singleton livebirths that occurred during 117 months
of surveillance between 2011 and 2021 within the rural
areas of the KHDSS.

Overview of data analysis

The completeness of disease events described at health
facilities will be dependent on a) accessibility to the
recording facility, for example those with poorer access
are less likely to be documented [11, 34, 35], b) higher
at-risk population densities will generate more events
assuming risk is homogenous, and c) illness severity,
more complicated disease events are more likely to travel
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49,827 births identified from
Jan 2011 - Dec 2021
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273 (0.5%) Missing residence details

A 4

20,839 (41.9%) Rural KHDSS
residents

> 19,605 (39.3%) Non-KHDSS Residents
9,110 (18.3%) KHDSS Urban residents

238 (1.1%) Missing birthweight

A 4

20,506 (98.4%) with
birthweight entries

95 (0.5%) Erroneous birthweights

19,199 (93.8%) singleton
births

| 1,281(6.1%) Twins
26 (0.1%) Triplets

18,442 (96.1%) DSS Singleton
Live births

={ 757 (3.9%) Stillbirths

745 (4.0%) Occurred during workers'

17,697 (96.0%) DSS Singleton
Live births

strikes

Fig. 1 The inclusion and exclusion criteria for deliveries as KCH. The population in the Kilifi Urban area is characterised by temporary (transient)
residents thus presenting a challenge in establishing whether the permanent residence of this population is within the KHDSS and was thus
excluded. In comparison to singleton births, multiple births are associated with increased odds of LBW [32]. Therefore, multiple births were
excluded to remove bias towards LBW outcome. Still born babies have increased chances of being born with LBW [33]. Therefore, their inclusion
would introduce bias in the data. Health workers’strikes occurred in Mar 2012, Dec 2012, Dec-2016 to Feb-2017, Jun-2017 to Nov-2017, Dec-2020 to

Mar-2021

further [35, 36]. We therefore adjusted “incidence” based
on likely density of births during the interval (estimated
from census populations of resident infants) and a meas-
ure of accessibility to the KCH maternity ward (estimated
as travel time to the hospital).

Low birthweight (LBW) incidence

The individual-level data was aggregated at EZ as the
smallest unit of spatial analysis, equivalent to village,
to estimate the incidence of LBW. The yearly popula-
tion counts of children under 1 year for these EZs were
derived from actual continuous population surveillance
data in the KHDSS. The person years of observation
(PYO) were adjusted to only include months when strikes
did not affect admissions to the maternity ward, hereaf-
ter referred to as weighted population for children under

1 year. The overall incidence rate of LBW was computed
using exact Poisson distribution with the 95% confidence
intervals (CI) obtained from 1,000 bootstrap replicates,
with resampling at the EZ level. For each EZ, the inci-
dence rate of LBW was computed as follows:

LBWcount;

LBW: = —%vo,
1

x 1,000

where LBW count; are the raw counts of LBW cases at
EZ, PYO, is the weighted population for children under
1 year for EZ; and LBW, is the LBW incidence per 1,000
person years in the under 1 population for EZ,. These
incidence estimates, however, represent a minimum
measure of the true community burden of LBW, as LBW
events may have occurred outside of Kilifi County hos-
pital. This was repeated for a lower spatial resolution,
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sub-location, which represents a wider local administra-
tive area sometimes used by county governments.

Adjusting LBW incidence for access

To account for variable geographical access to health care,
an accessibility index was computed using the Gravity
model [37, 38] which attempts to represent the poten-
tial interaction between the population and health care
service providers such that the likelihood of interaction
decreases with increasing travel impedance, described
in detail in the Additional file 2 [34, 39]. Briefly, travel
impedance was represented by the time taken to travel to
KCH from the EZs. To calculate travel time from each EZ,
a friction surface accounting for physical barriers, digi-
tal elevation model, different landcover types, roads and
the associated walking and motorized speeds was used
in AccessMod 5.6.0. The travel times obtained were then
input in the Gravity model to obtain the spatial accessi-
bility index for each EZ. To compute the adjusted LBW
incidence, the benchmark multiplier method [39] which
corrects for the possible underestimation of LBW by mul-
tiplying the observed cases with the inverse probability of
detecting a case based on spatial accessibility index was
used. The adjusted LBW cases was computed as:

LBWcount;

LBW agji =~
1

where LBW count; are the raw counts of LBW cases
at EZ,, A, is the access index for EZ; and LBW q;; is the
adjusted LBW counts for EZ; The adjusted LBW counts
at EZ level were aggregated to sub-location level to com-
pute the incidence of LBW. Spearman’s rank correlation
coefficient was used to assess whether the bias in the
estimation of LBW incidence due to geographic access to
KCH was present after adjustment.

Local spatial cluster detection

To assess whether there were spatial variations in LBW,
spatial heterogeneity tests were performed on the
adjusted LBW counts using Martin Kulldorf’s spatial
scan statistic estimated in SaTScan software [40]. Spa-
tial clusters were defined as geographical areas expe-
riencing significantly more LBW cases than would be
expected by chance. SaTScan imposes a circular scan-
ning window that moves across the study area with
radius varying from zero to a maximum of 50% (pre-
specified by the user) of the population in the sampling
frame or in terms of geographical size using the circle
radius. The log-likelihood ratio test is performed for
each scanning window by comparing the number of
cases inside the window to those outside to derive a log
likelihood statistic [40]. To test the null hypothesis of
complete spatial randomness, SaTScan employs Monte
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Carlo simulations where for each simulation run, the
observed cases are randomly permuted in space across
the entire set of data locations. Monte Carlo simulated
and observed log-likelihood ratios are then compared
to determine statistical significance of the most likely
clusters accounting for multiple testing for the varia-
tions in window location and radius.

To detect hotspots of LBW cases, Kulldorf’s spatial
scan statistic under the Discrete Poisson distribution was
used. The goal was to investigate the existence of spatial
heterogeneity at the EZ and sub-location levels, therefore,
the maximum scanning radius was set to 1 km to allow
each unit to be assessed as a possible standalone cluster.
The inputs for SaTScan were adjusted LBW counts as
cases, under 1 year population as the population at risk
and EZ or sub-location centroids as the centres of the
scanning windows. The most likely cluster was identified
based on the maximum log likelihood ratio (LLR) and
other clusters with statistically significant log likelihood
values were defined as secondary clusters.

Previously, socioeconomic factors have been shown to
be associated with the odds of LBW [20]. The smallest
social unit which are likely to share socioeconomic char-
acteristics located at the lowest governmental commu-
nity policing structure in Kenya comprises of ten nearest
neighbouring households [41]. In our data, the maximum
distance for a homestead to have ten neighbours was
2.3 km, therefore, as a sensitivity analysis, the maximum
scanning radius was altered at 2 km and 2.3 km.

Martin Kulldorf’s spatial scan statistic (SaTScan) was
performed using R version 4.1.0 under the rsatscan pack-
age. The resulting cluster shapefiles were created using
R version 4.1.0 under the rgdal package. Visualisation of
maps and clusters was done using ArcGIS version 10.5.

Results

Data description

There were 49,827 births delivered at KCH between
2011 and 2021. Of these deliveries, we excluded 273
(0.5%) with missing residence details, 19,605 (39.3%)
and 9,110 (18.3%) residing outside the KHDSS and in
the KHDSS urban extent, respectively (Fig. 1). In addi-
tion, we excluded 333 (1.6%) deliveries with either
missing or anomalous birthweight and 1,307 (7.9%) mul-
tiple births (1,281 twins and 26 triplets). Of the remain-
ing 19,199 births, 757 (3.9%) were still births and 745
(4.0%) occurred during health workers’ strikes and were
excluded (Fig. 1). A total of 17,697 live singleton births
were included in the analysis and the median number
of live births at EZ level was 82 ranging between 5 and
942 and the median under 1 population at EZ level was
504 and ranged between 69 and 1445. The distribution of
deliveries at KCH and the weighted under 1 population
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followed a similar pattern in the EZ and sub-location lev-
els (Additional file 1; Figure S1).

LBW incidence

Of all the observed deliveries at KCH, 15% (2,667/17,697)
were of LBW. The unadjusted LBW incidence at sub-
location was estimated as 32 per 1,000 person years
in the under 1 population (95% CI: 26, 37); a rate simi-
lar to that described at the EZ level. There were varia-
tions in the unadjusted LBW incidence across the study
area with higher rates of LBW found in areas proximal
to KCH (Fig. 2A & C). At sub-location level, the unad-
justed incidence of LBW varied from as low as 9 LBW
cases per 1,000 person years in the under 1 population
to as high as 74 per 1,000 person years in the under 1
population (Fig. 2A). There was a clear distance decay in
the unadjusted LBW incidence at the sub-location level
(r=-0.757: p-value <0.001, Additional file 3; Figure S4A)
but when adjusted for accessibility index, there was no
association between adjusted LBW incidence and travel
time (r=-0.003: p-value =0.986 Additional file 3; Figure
S4B). A similar pattern was seen when EZ level data was
used (Additional file 3; Figure S4C & D). After adjust-
ing for accessibility index, we estimate that the number
of LBW cases identified at KCH represented only 35.9%
(2,667/7,439) of the total possible number of LBW cases.
The overall adjusted LBW incidence was estimated as 87
per 1,000 person years in the under 1 population (95%
CI: 80, 97) at the sub-location level again similar to EZ.
The adjusted incidence ranged from 35 to 159 per 1,000
person years in the under 1 population at sub-location
level (Fig. 2B). There were differences in spatial variations
between the unadjusted and adjusted LBW incidence at
both sub-location and EZ levels (Fig. 2).

Spatial patterns of LBW incidence

To assess whether these spatial variations of LBW were
higher than would be expected by random chance, the
adjusted LBW data was used in the SalTScan analysis
using the Poisson spatial model. The clusters are shown
on the maps by sub-locations and EZs levels (Fig. 3).
The spatial distribution in the adjusted data revealed six
clusters (Fig. 3A; Table 1). The primary cluster was in
the central area of the KHDSS (Fig. 3A; cluster 1) and
had an average incidence of 138 per 1,000-person years
with 1.6 (p<0.001) times higher risk of being LBW com-
pared to areas outside the window. Within the other five

(See figure on next page.)
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significantly high incidence spatial clusters identified
(Fig. 3A), the risk of LBW was between 1.31 and 1.79
times higher than those outside the windows (Table 1).
Variations in the size of the maximum spanning radius
yielded similar results (Additional file 4; Figure S5A & B).

At the EZ level, 17 clusters were identified (Fig. 3B). The
primary cluster was located in the central region (Fig. 3B:
cluster 1) in a similar location to that under sub-location
level. The primary hotspot had an average incidence of
130 per 1,000-person years with 2.29 (p<0.001) times
higher risk of being LBW compared to areas outside the
window (Table 2). There were 16 other significant clus-
ters identified and the relative risk ranged between 1.41
and 2.46 (Table 2). Comparing clusters identified at both
levels, clusters in the EZ level were in similar positions
as those identified at sub-location level (Fig. 3). When
we varied the radius of the cluster at EZ level, the results
were similar (Additional file 4; Figure S5C & D), for the
entire study period (2011 — 2021).

Discussion

Information on the fine spatial patterns of LBW is rare
in SSA. We have explored the incidence of LBW among
deliveries within a discrete community on the Kenyan
coast, accounting for expected deliveries and their likeli-
hood of accessing hospital services at delivery using the
Kulldorf’s spatial scan statistic under the Discrete Pois-
son distribution. Access adjusted LBW incidence was
estimated to be 87 per 1,000 person years in the under
1 population. A recent study conducted in Kenya at sub-
county level (a lower administrative unit) reported LBW
incidence of 45 per 1000 live births [19], however, this
study used incomplete routine health service data from
national reporting systems. Importantly, we found a
marked variability of LBW incidence at finer spatial reso-
lutions, below the county and sub-county levels described
by Odhiambo and Sartorius (2021) [19]. We identified
six clusters at sub-location level and 17 at EZ level. The
spatial heterogeneity of LBW has been described sub-
nationally in SSA previously [19-21] but not within sub-
national administrative areas.

The direct and indirect causes of LBW are mani-
fold and there are spatial variations in maternal expo-
sure to infectious diseases, notably malaria, nutrition
and access to antenatal care (ANC) during pregnancy.
Across Kenya, these risk factors all vary significantly [42,
43], potentially contributing to the national variation in

Fig. 2 The distribution of the unadjusted and adjusted LBW incidence with the red shade showing higher incidence and yellow shade showing
lower incidence. The unadjusted incidence represents the LBW events that occurred at KCH while the adjusted incidence represents LBW
events that have been corrected for underestimation due to variable geographical access to health care. A the distribution of unadjusted LBW
incidence at sub-location level. B distribution of adjusted LBW incidence at sub-location level. C distribution of unadjusted LBW incidence at EZ

level. D distribution of adjusted LBW incidence at EZ level
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Fig. 3 The distribution of significant high incidence clusters (hotspots) identified using the SaTScan software. A shows clusters obtained at
sub-location level with 1 representing the primary clusters and 2 — 6 are the secondary clusters. B shows clusters obtained at EZ level where 1

indicates the primary clusters and 2 - 17 are the secondary clusters

LBW incidence [19]. It is reasonable to assume that these
same determinants of LBW define risks at higher spa-
tial resolutions and potentially influences the clustering
we observed within the KHDSS. Our intention was to
describe heterogeneity, adjusting for accessibility, rather
than explore reasons for clustering. However, it is notable
that adjusted incidence (Fig. 2A and B) and specific, sta-
tistically significant clustering of LBW (Fig. 3b) occurred
predominantly in areas north of the hospital compared
to areas south of the hospital. Northern areas have much
lower malaria exposure and disease incidence compared

to southern areas [44]. As the intensity of malaria trans-
mission declines, rarer parasite exposures during preg-
nancy may result in poorer birth outcomes. While
speculative this would require further analysis alongside
other potential factors related to community access to
ANC, socio-economic status and food security, beyond
the scope of the present paper.

It is important to note that 1) LBW incidence was only
adjusted for spatial access to KCH as measures of spa-
tial access are effective in understanding how likely a
population is to utilize the available healthcare services as
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Table 1 Spatial clusters (hotspots) of LBW detected by SaTScan
at sub-location level, ordered from the cluster with the highest
LLR

Cluster Adjusted Expected Counts Relative Risk P value

Number LBW Counts

Hotspot
1 595 382.58 1.60 <0.001
2 699 546.40 131 <0.001
3 194 127.65 1.53 <0.001
4 92 5162 1.79 <0.001
5 107 68.02 1.58 <0.001
6 236 178.86 133 0.002

Table 2 Spatial clusters (hotspots) of LBW detected by SaTScan
at EZ level, ordered from the cluster with the highest LLR

Cluster Adjusted Expected Count  Relative Risk P value

Number  LBW Count

Hotspot
1 183 81.19 229 <0.001
2 137 59.26 234 <0.001
3 101 4142 246 <0.001
4 141 80.37 1.77 <0.001
5 75 35.29 2.14 <0.001
6 99 5290 1.88 <0.001
7 87 4457 1.96 <0.001
8 97 5343 1.83 <0.001
9 92 51.61 1.79 <0.001
10 132 85.05 1.56 <0.001
1 70 39.98 1.76 0.002
12 109 71.19 1.54 0.004
13 98 63.50 1.55 0.010
14 53 30.29 1.75 0.024
15 74 46.51 1.60 0.025
16 134 95.76 141 0.027
17 42 2255 1.87 0.036

previously described [37]. However, if aspatial factors such
as affordability or health belief systems among other aspa-
tial factors significantly influence utilization of healthcare
services, this could have led to the overestimation or under-
estimation of the true incidence and further adjustments
based on such factors should be made — a limitation to the
current study as such data was not available. 2) The period
of consideration for the current study was long (2011 to
2021). When temporal trends of LBW clusters were ana-
lysed (results not shown), the spatial clusters jumped both
spatially and temporarily because of the small numbers
included when data was disaggregated annually — also a
limitation of this study. To detect geographical clustering of
LBW SaTScan was used, however, constructing confidence
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intervals for the relative risk remains an open challenge and
a formal method for constructing confidence interval is
needed. Although a sensitivity analysis was conducted, the
generalizability of these results will be reinforced if similar
studies are conducted in other populations.

Our results suggest that birth outcomes are related to
geographic location. Clustering of disease outcomes sug-
gests a more intensive investigation of the spatial risks
associated with LBW that may inform a more targeted
approach to maternal and newborn interventions (pol-
icy/care package/services). As health systems and com-
munity care become more tailored and sophisticated
at county levels, using local epidemiology data to guide
intervention becomes more important. LBW is a sig-
nificant health risk on the Kenya coast, possibly under-
estimated from previous health information systems, and
the risk of LBW is not homogenously distributed across
areas served by the County hospital.
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Additional file 1: Fig. S1. The distribution of observed deliveries and
weighted under 1 population. The darker the shade the higher the value.
Panels A and B: shows the distribution at sub-location level. Panels C and
D: shows the distribution at EZ level, respectively. The number of deliveries
and weighted under 1 population on the maps are for the entire study
period (2011 - 2021).

Additional file 2: Table S1. Speeds assigned to different road classes and
land covers. Figure S2. Distribution of travel time from EZ centroids to
KCH; the darker the shade the longer the travel time. Figure S3. Distribu-
tion of access index from EZ centroids to KCH; the darker the shade the
higher the access index.

Additional file 3: Figure S4. The association between LBW incidence and
travel time. Panels A and C: shows the distance decay for unadjusted LBW
incidence at sub-location and EZ level, respectively. Panels B and D: shows
the distance decay for adjusted LBW incidence at sub-location and EZ
level, respectively.

Additional file 4: Figure S5. Sensitivity analysis using varying maximum
scanning radius for cluster identification using SaTScan software. Panel

A and B: The radius was set at 2 km and 2.3 km at sub-location level,
respectively. Panel C and D: The radius was set at 2 km and 2.3 km at EZ
level, respectively. The clusters identified were in similar locations as those
reported using the 1 km radius for the entire study period (2011 - 2021).
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