
Abstract
Spatial cluster analyses of health events are useful for

enabling targeted interventions. Spatial scan statistic is the state-
of-the-art method for this kind of analysis and the Poisson
Generalized Linear Model (GLM) approach to the spatial scan
statistic can be used for count data for spatial cluster detection
with covariate adjustment. However, its use for modelling is lim-
ited due to data over-dispersion. A Generalized Linear Mixed
Model (GLMM) has recently been proposed for modelling this
kind of over-dispersion by incorporating random effects to model
area-specific intrinsic variation not explained by other covariates
in the model. However, these random effects may exhibit a geo-
graphical correlation, which may lead to a potential spatial cluster

being undetected. To handle the over-dispersion in the count data,
this study aimed to evaluate the performance of a negative bino-
mial-GLM in spatial scan statistic on real-world data of low birth
weights in Khyber-Pakhtunkhwa Province, Pakistan, 2019. The
results were compared with the Poisson-GLM and GLMM, show-
ing that the negative binomial-GLM is an ideal choice for spatial
scan statistic in the presence of over-dispersed data. With a covari-
ate (maternal anaemia) adjustment, the negative binomial-GLM-
based spatial scan statistic detected one significant cluster cover-
ing Dir lower district. Without the covariate adjustment, it detect-
ed two clusters, each covering one district. The district of
Peshawar was seen as the most likely cluster and Battagram as the
secondary cluster. However, none of the clusters were detected by
GLMM spatial scan statistic, which might be due to the spatial
correlation of the random effects in GLMM.

Introduction
According to the World Health Organization (WHO), birth

weights less than 2500 g are considered Low Birth Weights
(LBWs). Out of an estimated 130-140 million annual births glob-
ally, 20 million or 15-20% of new born children are considered
LBWs, with the highest proportion in low-income countries
(Blencowe et al., 2019; WHO, 2014). Pakistan Demographic and
Health Survey (NIPS) found a high proportion of the global LBW
burden, with 19% in urban and 32% in rural areas (NIPS, 2013).
The high LBW rate in Pakistan has shown adverse health conse-
quences and impeded efforts to achieve United Nation’s
Millennium Development Goals (MDGs). It is also, likely to
affect Pakistan’s ability to achieve the health and nutrition part of
the updated Sustainable Development Goals (SDGs) (Planning
Commission, 2013).

Some studies on the risk factors of LBW have identified
maternal anaemia as one of the risk factors of LBW (Baig et al.,
2020; Iqbal et al., 2023). Anaemic women had a 6.8-fold
increased incidence of LBW as reported by a Nepalese study
(Rana et al. 2013). Another study revealed that anaemia during
pregnancy raises the newborn’s risk of LBW (Engidaw et
al.,2022). In Pakistan, several studies have been conducted to
investigate these associated risk factors (Rashid et al., 2020; Iqbal
et al., 2022; Zahra et al., 2022). However, none of the studies have
focused on the geographical cluster analysis of LBW in Pakistan.
Using maternal aneemia as a covariate, our aim was to detect the
covariate-adjusted geographical clusters of LBW in Khyber-
Pakhtunkhwa Province, Pakistanin 2019. 

For this kind of analysis, many statistical techniques have
been proposed (Grimson 1993; Kulldorff, 1997; Anderson et al.,
1997; Cook et al., 2007; Huang et al., 2007; Jung et al., 2007). A
common issue with these techniques is covariate adjustment, e.g.,
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non-randomly distributed covariates associated with a disease, or
other public health event, may lead to the detection of inaccurate
spatial clusters by the spatial distribution of these covariates.
Spatial scan statistic (Kulldorff, 1997) is one of the most popular
techniques for spatial cluster analysis (Ishioka et al., 2019; Li et
al., 2019; Leyso et al., 2020; Frévent et al., 2021; Ullah et al.,
2020, 2021). It is available for Bernoulli, Poisson, normal, expo-
nential and ordinal models. In some scenarios, covariate adjust-
ment is possible in Spatial Scan Statistic (Kulldorff, 1997; Klassen
et al., 2005; Sheehan et al., 2005). A Generalized Linear Model
(GLM) has been proposed for spatial scan statistic approaches to
adjust for covariates using different probability models such as
Poisson, Bernoulli, normal and gamma (Jung 2009; Zhang et al.,
2009). In this approach, the test statistic for a cluster is equal to fit-
ting a GLM using a cluster variable as a predictor. This cluster
variable is a dummy variable that has a value of 1 for regions
inside the cluster and 0 for regions outside the cluster. The inclu-
sion of cluster covariates in the model yields an estimate of the ele-
vated risk as measured by the corresponding coefficient, and its
statistical significance as measured by the corresponding p-value.

The GLM-Poisson-based spatial scan statistic is widely used
for count data. However, the GLM-Poisson model has limitations
for modelling over-dispersion in the count data and hence may not
be an ideal choice for the spatial scan statistic in cases of of over-
dispersion. To handle this, a GLMM has recently been used
(Gómez-Rubio et al., 2019). It incorporates random effects to
model area-specific intrinsic variation not explained by other
covariates or cluster variables in the model. However, these ran-
dom effects may exhibit geographical correlations (Bilancia et al.,
2014), which may lead to a potential spatial cluster being undetect-
ed.

Studies have shown that a Negative Binomial model can han-
dle the over-dispersed counts by including an additional dispersion
parameter (An et al., 2016; Stoklosa et al., 2022). Because of the
quadratic nature of the mean-variance relationship, the negative
binomial model is a useful approach for modeling the over-disper-
sion in the count data. This study aims to evaluate the performance
of a Negative Binomial-GLM in the Spatial scan statistic for
detecting potential spatial clusters of LBWs at the district level in
Khyber-Pakhtunkhwa Province, Pakistan in 2019.

Materials and Methods

Approach
Negative Binomial model was compared with Poisson GLM

and GLMMs,with the analyses executed in R software.

Study site
The province of Khyber Pakhtunkhwa has a total area of

74,521 km2 and a population of 30.52 million, according to the
2017 census. The land area of the province is traditionally divided
into 25 districts. However, in 2019, the seven Federally
Administered Territories (FATA) were politically and administra-
tively merged into the province of Khyber Pakhtunkhwa. 

Data
Data for 2019 were collected on LBW cases, maternal anemia

and population-at-risk at the district level from an annual report of
the District Health Information System (DHIS), Khyber

Pakhtunkhwa Province, Pakistan (DHIS, 2019). Total births and
pregnant women in each district were used as the population-at-
risk for LBW and maternal anaemia, respectively. The DHIS col-
lects monthly data on reported LBW cases and other diseases from
all government hospitals in each district, which are eventually filed
in the respective provincial office. The percentage data on LBW
and maternal anaemia in each district of the province during the
year 2019 are shown on the chart in Figure 1. 

Spatial scan statistics
In this study, we used a GLM approach to Spatial Scan Statistic

(Gómez-Rubio et al., 2019; Jung et al., 2009) for detecting the spa-
tial clusters of LBW using maternal anaemia as a covariate. Spatial
Scan Statistic scans the study area through a moving circular win-
dow. The circular scanning window was centred on each subregion
centroid with the radius varying in size from zero up to some fixed
value, which resulted in a large number of overlapping circular
zones of different sizes. The regions with centroids within the cir-
cular window were considered as belonging to that circular zone.
Each circular zone suggests a potential candidate cluster. Given a
possible candidate cluster, say z, the spatial scan statistic compares
the relative risk within the candidate cluster θz and outside the can-
didate cluster , based on the test given below:

This test is performed via a likelihood ratio statistic, where
many different possible clusters are tested in turn by changing the
areas in z, and the most likely cluster (i.e. the one with the highest
value of the test statistic) was selected. The significance of this
cluster was assessed with a Monte Carlo test that also provides the
p-value.

Spatial scan statistic uses different models such as binomial,
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Figure 1. The percentages of LBW and maternal anemia over the
districts in Khyber-Pakhtunkhwa Province, Pakistan.
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Poisson, Gaussian or negative models for calculating the likeli-
hood ratios for each circular zone. Several studies provided an
explicit link between GLMs and the spatial scan statistic (Jung et
al., 2009; Zhang et al., 2009; Gómez-Rubio et al., 2019). GLMs
not only model Poisson or binomial responses, but can also link the
outcome to a linear predictor on the covariates (and, possibly, other
effects). The spatial scan statistic provides different results for dif-
ferent models. We implemented it with a negative binomial-GLM. 

Negative binomial-GLM
The details of the negative binomial regression model have

been described by Nava et al. (2014). A negative binomial-GLM is
commonly used to analyze count data, particularly when the data
exhibit over-dispersion, meaning the variance is larger than the
mean. This is often the case with disease counts, where the number
of occurrences can vary widely across different regions or periods.
In the negative binomial regression model, we modelled the log of
the expected count (µi) as a linear combination of the predictors
and incorporated the exposure term as an offset representing the
population-at-risk. Additionally, this model introduces an addition-
al parameter θ to capture the extra variability (over-dispersion) in
the count data as expressed by Equation 1.

                              
Eq. 1

where µi denotes the expected value of the response variable (in
this case, the count of LBW cases) for the ith region; Ei the exposure
or offset variable, representing the underlying population size for
the ith region; α the intercept term; βi the coefficient associated with
the predictor variable xi; θ an additional parameter to account for
over-dispersion. 

Results and Discussion

Model fitting
First, we fitted a Poisson-GLM to the LBW data and presented

the results (Table 1). Then the data were tested for over-dispersion

using the PB score test as proposed by Dean et al. (1992). The
results showed a test statistic value, P_B = 528.32 with a p>0.001,
indicating evidence of over-dispersion. These results lead us to use
a negative binomial approach to model this type of over-dispersed
data. In order to choose an appropriate model for the spatial scan
statistic of LBW cases in the scenario of over-dispersion, we fitted
the negative binomial-GLM and GLMM-Poisson to the LBW data.
The comparison of the results is shown in Table 2. The results
show that both models provide approximately similar values for
the coefficient’s estimates, Standard error (SE), as well as Akaike’s
Information Criterion (AIC) values, indicated that the negative
binomial-GLM can be effective for modelling the over-dispersion
in our data. It should be noted that the GLMM captures the over-
dispersion by incorporating the random effects in the model, which
may exhibit geographical correlation and hence may lead to the
potential spatial clusters being undetected. Moreover, the covariate
maternal anaemia showed a significant impact on the LBW cases
at the 5% level of significance and hence can be a useful covariate
for modelling the LBW data. The positive estimate for this covari-
ate shows that LBW cases increase with the increase in maternal
anaemia.

Spatial cluster detection with covariate adjustment
In this section, we applied the negative binomial-GLM and

GLMM in the spatial scan statistic to detect the potential spatial
clusters of LBW cases adjusted for a covariate (maternal anaemia)
in Khyber Pakhtunkhwa Province in 2019. The results are shown
in Table 3. These results show that negative binomial-GLM detect-
ed the Dir lower district as a spatial cluster of LBW cases with a
risk of 1.43. However, the GLMM failed to detect any clusters,
possibly because of the spatial correlation of random effects. These
results show that when disease counts are over-dispersed relative
to the Poisson distribution, a negative binomial-GLM is the ideal
model to be used in spatial scan statistic.

Spatial cluster detection without covariate adjustment
In order to know the influence of using the covariate (maternal

anaemia) in spatial cluster detection of LBW cases, we applied the
spatial scan statistic with the negative binomial-GLM without a
covariate adjustment to LBW data. Without this covariate, two

                   Article

Table 1. The outcomes of the Poisson GLM on LBW data.

Model                                Coefficient                  Estimate                        SE                    z-value                      p-value                        AIC

Poisson-GLM                         Intercept                              -7.43e-01                        2.95e-02                    -25.18                            <0.001                           3337.8
                                               Maternal anemia                1.16e-04                        3.05e-06                     38.13                             <0.001                                

GLM, Generalized Linear Model; SE, standard error.

Table 2. Comparison of a negative binomial-GLM and GLMM-Poisson on LBW data

Model                                Coefficient                 Estimate                       SE                 Test-statistic                  p-value                        AIC

Negative Binomial- GLM      Intercept                             -8.1e-01                         3.77e-01                        -2.15                              0.040                            276.45
                                                Maternal anaemia             1.34e-04                         5.80e-05                        2.27                               0.030                                  
GLMM                                    Intercept                            -1.57e00                         3.95e-01                        -3.97                              <0.01                             276.7
                                                Maternal anaemia             1.48e-04                         5.97e-05                        2.48                               0.013                                  

LBW, low birth weight; GLM, Generalized Linear model; GLMM, Generalized Linear Mixed Model; SE, standard error.
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clusters were detected, each covering one district as given in Table
4. The district of Peshawar was seen as the most likely cluster with
a risk of 1.65 and Battagram as a secondary cluster with a risk of
1.50. These two districts exhibited a high percentage of maternal
anaemia as shown in Figure 1. Therefore, after adjusting for mater-
nal anaemia, these districts were not detected as the potential spa-
tial clusters of LBW cases. Previous studies have also reported
these districts as potential clusters of maternal anaemia (Ullah et
al., 2023). It suggests that these districts were seen in our analysis
as spatial clusters of LBW due to the presence of maternal
anaemia. In addition, these results indicate the importance of the
covariate (maternal anaemia) in the spatial cluster analysis of
LBW in the study area. The locations of the most likely cluster are
shown in Figure 2.

The spatial cluster analyses with a covariate adjustment detect-
ed a new cluster that was not apparent in the analysis without a
covariate adjustment (see in Tables 3 and 4). These results show
that the LBW clusters detected without being adjusted for maternal
anaemia might lose their significance when maternal anaemia is
accounted for, indicating that this is a major factor of LBW cases
in those areas. Hence, cluster detection of LBW cases without
covariate adjustment helps identify general areas of concern, while
adjusting for maternal anaemia isolates the impact of maternal
anaemia, allowing for more precise public health interventions. 

Conclusions
This study proposes the implementation of spatial scan statistic

with the negative binomial-GLM in scenarios characterized by
data over-dispersion.  The GLMM can capture the over-dispersion
by including the random effects in the model; however, it may not
be able to detect a potential spatial cluster if these random effects
are spatially correlated. Moreover, maternal anaemia was found to
be a useful covariate for spatial cluster analyses of LBW data.
Without a covariate adjustment, the districts of Peshawar and
Battagram were seen as potential LBW spatial clusters which
might be due to the high volume of maternal anaemia. However,
adjusting for this covariate, the district of Dir lower was seen as the
purely spatial cluster of LBW. Without the covariate adjustment,

completely different results were obtained showing the importance
of maternal anaemia in the spatial cluster analysis of LBW cases.
This study suggests Dir lower district to be the most suitable region
for possible interventions to control the LBW cases in the
province. In addition, it provides important insights for policymak-
ers to address the health issues related to LBW in the targeted
region. Investigation of other covariates of LBW is recommended
for future work as it can help in more accurate LBW cluster anal-
ysis. 
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Figure 2. The geographical locations of LBW clusters. A) with a
covariate adjustment; B) without a covariate adjustment; Red clour
indicates the most likely cluster; Yellow indicates the secondary
cluster.

Table 3. Spatial clusters of LBW with covariate adjustment.

Model                                            Cluster no.                             District                      Statistic                   p-value                               Risk

Negative Binomial-GLM                               1                                         Dir Lower                           1.409                            0.09                                       1.427
GLMM                                                            -                                                  -                                       -                                                                                  
GLM, Generalized Linear model; GLMM, Generalized Linear Mixed Model.

Table 4. Spatial clusters of LBW without covariate adjustment. 

Cluster no.                          District                                        Statistic                                       p-value                                           Risk

1                                                 Peshawar                                                 1.80                                                    0.04                                                   1.657
2                                                Battagram                                                1.30                                                    0.09                                                    1.50
LBW, low birth weight.
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