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Abstract— Algorithms for clustering data are important for
data analysis, especially when finding patterns in big datasets.
Nevertheless, the spatial limitations that are important in real-
world contexts are generally ignored by the classic clustering
approaches. Spatial variables have become more significant in
the health industry, particularly during the COVID-19
pandemic, in terms of assessing population requirements and
the allocation of healthcare resources. The purpose of this work
is to investigate the use of spatial restrictions in clustering
algorithms and to apply this method to COVID-19
immunization data from Lamongan District. The data analysis
includes the 27 subdistricts of Lamongan District for the year
2021. Based on the peak of the COVID-19 pandemic, which had
amajor effect on baby immunization coverage, 2021 was chosen.

The four basic baby immunization coverages—DPT-HB-Hib3, /

Polio 4, Measles, and BCG—are the variables that are used. Two
methods are used: a neighborhood-like hierarchical clusterirﬁg
algorithm and spatial limitations. Distance-based atial
weights are better than proximity-based spatial weights'when it
comes to spatial constraints. This method is employéd because
an infant's coverage of all essential vaccines may be impa¢ted by,
the spatial structure. We discovered that the fufidamental baby
immunization variable formed five clustergs It was discovered
that cluster five had the highest immunization coverage aniong
all the clusters. The three sub-districts¢hat make up this cluster
are Mantup, Kembangbahu, Tiku/pg, Sarirejo, Deket, Glagah,
and Karangbinangun.

Keywords—Spatial Constraint, Spatial«€lustering, Clustering,
Basic Infant Immunizatio

I INéODUCTlON (HEADING 1) /

Clustering afrgorithms play a significant role jn data
analysis, partictélarly in 1dentifying patterns wittfin large
datasets [1]. Howev%, the traditionak€lustering rpéthods often
overlook the spatial’ constraints that are gcrucial in real
scenarios [2]. Incorporating spatial constraints into clustering
algorithms allows for moresaccurate regtlts in geographical
contexts, making the data- ri\Qn d)cision-making process
more robust.

In the health sector, especially during the COVID-19
pandemic, spatial factors became increasingly important in
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understanding the distribution of healthcare services and
population needs [3]. One critical area that was impacted by
the pandemic is the administration of basic infant
immunizations [4]. The” pandemic disrupted healthcare
systems worldwide, sincluding \immunization programs,
leading to potential public health ris@ such as outbreaks of
vaccine-preventabfe diseases.

Lamonga# district is orfé of the district§ in the province of
East Java/lndonesia. It i§ locafed in the nortfof Java Island,
46.3 km“from Surabaya, ‘the capital of East/lava province.
With/27 sub-distriéts, Lamofian district haS the most sub-
([iJ)'stricts in East/Javagsécond only to Bojéhegoro district [5].

nderstanding “the spatial distribL}tjon of immunization
coverage.during panderiic periods is"critical for public health
planning and resource aflocation/”

With disruptions to heflth services and changes in
population movement , patterns due to COVID-19,
understanding and optimizing the spatial distribution of
immunization effow is critical [6]. This study aims to
evaluate how spatial constraints can improve clustering
algarithms to grovide actionable insights for public health
officials ang”policy makers, ultimately contributing to more
effective,vaccination strategies and better health outcomes for
infants‘m Lamongan district.

‘éy applying spatially constrained clustering algorithms,

Alealth authorities can identify areas with lower immunization

rates, which can help focus efforts and resources more
effectively. Research related to clustering of basic infant
immunization coverage has been conducted by Saputra and
Chusyairi [7] with several clustering method. Meanwhile,
research related to Clustering with spatial constraints has been
conducted by Jaya, et.al [8] on the case of diarrhea in Bandung
city.

This study aims to explore the application of spatial
constraints in clustering algorithms and apply this approach to
Lamongan District immunization data during the COVID-19
pandemic. The goal is to improve understanding of how
spatial distribution affects immunization coverage and



provide insights that can improve future public health
strategies in the face of similar challenges.

Il. PROPOSED METHODS

This study examines basic infant immunization
coverage in Lamongan District during the COVID-19
pandemic by using spatial constraints in clustering techniques.
Through the incorporation of geographical links into the
clustering process, the research aims to detect spatial patterns
and trends in the distribution of vaccinations. The first step in
the technique is data gathering, where information is obtained
from different regions on baby immunization rates and
pertinent determinants. Descriptive statistical analysis is then
carried out to give a summary of the vaccination coverage by
region. The next stage is to capture the spatial links between
regions by constructing the spatial weight matrix based on
either contiguity or distance. This matrix takes into account
the influence of surrounding areas and provides a basis for
spatial modelling. The spatial dependency is then
incorporated into the clustering method by estimating the
mixed parameter («). During clustering, this parameter aids
in balancing the impact of spatial proximity with other

factors. Lastly, the geographical limitations are taken into/

account while applying Ward's agglomerative clustering.
Taking into account the spatial proximity of the regions, #is
hierarchical clustering algorithm classifies regions byed on
similarities in immunization coverage. The steps” of the

experiment, including the incorporation of spatialdimitations,
are depicted in Figure 1. /
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A. Data Acquisition

Secondary data from the L on n Dlstrlct Health Office
release page were used in this y. The 27 subdistricts in
Lamongan District for the year 2021 are included in the data
analysis [9]. The selection of 2021 is predicated on the peak
of the COVID-19 pandemic, which had a significant impact
on infant immunization coverage. The data for variables from
Lamongan health profile was provided by the Lamongan
District Health Office and represents the most relevant
information available for that period. The variables used are 4
coverage of basic infant immunization which includes DPT-
HB-Hib3, Polio 4, Measles, and BCG. The selection of these
variables is based on basic immunization in infants which
involves the administration of the four types of vaccines [10].

B. Descriptive Statistic

Descriptive statistical analysis, which entails interpreting
the collected data, is one method of data examination. With
the use of variables like mean, standard deviation, lowest and

greatest values, and so on, the goal is to provide a
comprehensive overview of the data. According to
Anugrahayu and Azmi [11], descriptive statistics aid in the
transformation of data into more easily understood
information and provide an understanding of between the
study's variables.

C. Spatial Clustering

There are various methods to classify areas into specific
clusters especially on immunization coverage which is not
only determined by traditional mapping techniques.
Clustering methods are needed to identify which areas have
low immunization coverage, especially considering spatial
dependency due to the ngture\of infectious diseases such as
COVID-19. To incggorate thls\geographlcal dependency,
two inequality matricés were used.

First, D, is tlé Euclidean distanc} matrix based on four
basic infant ymmunization@€overage inclutles DPT-HB-Hib3,
Polio 4, ,Measles, and BCG, across 27\subd|str|cts in
Lamong( Second, D, is.a dissimilarity matrix that accounts
for the geographicproXimity between these dfstricts, ensuring

t spatial relationships vare “considereg in the clustering
pari:)cess [12].

D. Ward=linkage method

Pseudodnertia) assume that (clusters Py = (Cy, ..., Cg),
may. be formed/by partltlomﬁg the regions A = {4, ..., 4, }.
In the case of dissimilapity data, the pseudo inertia of aCy
cluster can be generallzed as follows [12]:

! ) Z z WlW]
gﬂk IECY JECK Z.uk

where 143 weight of Cy is given by p, = Zjec, wi. When
the psgddo-inertia I(C, ) is minimal, it means that the
observations are more homogenous within cluster-k [12].
Hete is the partition Py's pseudo within-cluster inertia.

K
W)= 1)

For K clusters, the variance between clusters is described
by the total pseudo inertia I(C) = W (Px). Variation between
the clusters is more homogeneous when W (Py) is minimal.

E. Spirit of Ward Hierarchical Clustering

The objective is to combine the two clusters, A and
B, of Px,, so that the new partition has the least amount of
within-cluster inertia possible. This yields a new partition, Py
in K clusters from a given partition, Px,, in K + 1 cluster.

arg A’grelllar;)r1 W (Py)

where W(Px) = W(Pgy1) — I(A) —I(B) + I(A U B). In this
case, two distinct dissimilarity matrices are used: one is based
on the spatial weight matrix (i.e., distance and contiguity),
while the other is based on various basic infant immunization
coverage. The size of these two distinct matrices must be taken
into account during the partitioning process [12]. Here, we
employ the cluster's mixed pseudo-inertia.Descriptive
statistical analysis,

D= 00 DB 50 Dy Dy
=(1-a a
aTk iecg Lujecy 2M5 o4 iece Lajecy 215 0”



where the weight of Cfis represented by uj = ZiecgWi,
and the normalized dissimilarity between observations i and j

in Dy and D, respectively, is represented by d ;; and df ;;.

I1l. EXPERIMENTAL RESULT

Based on the results of the classical assumption test carried
out, the following results were obtained.

A. Descriptive Statistics

There were four wvariables in the Basic Infant
Immunization data used in this research. Table 1 provides a
detailed summary for every variable.

TABLE I. TABLE TYPE STYLES
Variable Mean Standar Deviation Min Max
O | 171 16.58 401 1142
Polio 4 85.41 17.95 35.6 1315
Measles 97.54 14.66 56.6 130.5
BCG 104.04 17.51 48.2 146.6

B. Spatial Clustering Without Spatial Constraint

Firstly, we examine geographical clustering of basic infant
immunization diseases in the absence of spatial limitations.
The dendrogram is used to determine the proper number of
clusters K. Figure 2's dendrogram recommends keeping K=5
clusters.
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The appropriate partition of five groups is shown using the
choropleth map in Fig. 3.
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Fig. 3. Spatial Cluspfing Map without Consthaint

The subdistfict clusterifig of Lamorﬁan's basic infant
immuni;ation coverage is depicted in Figure . But there is no
indication of regional clustering/on the map. Perhaps the
dissifhilarity matfix isn't takifig into account how close 27
bdistricts aré fto«ofie another. Clustér 5 is situated in
amongan's east and southwest.. Moreover, Cluster 2 is
dispersedeCluster 4risSeparating it. ‘It makes it challenging to
identify the subdistricts that malé up the high-risk cluster.

Ca. Spatial Clustering WithApatial Constraint

The spatial constrajat is incorporated into the clustering
method in order tg resolve the preceding difficulty. We
maintain cluster size K = 5, which we derive from the
dendrogram in Figure 4.
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Fig. 4. Spatial Clustering Dendogram with Constraint

By incorporating the geographical distance matrix D1, the
spatial cluster in Figure 3 can be enhanced to produce more
compact clusters. The dendrogram with spatial constraints is
displayed on Figure 4. Five built clusters are what we
observed. To enhance the geographical cohesion of the five
clusters without negatively impacting coverage of basic infant
immunization cohesion, a mixing value of a is necessary. The
relevance of DO and D1 in the clustering process is defined by
the mixing parameter ¢ € [0, 1]. When a = 0 is defined,
geographical dissimilarities are not considered. When a = 1,
on the other hand, the distance coverage of basic infant
immunization are not included, and the clusters only include
geographical distances. By displaying the quality criterion Q0
and Q1 plot of the partitions P¢ in Figure 5 and Figure 6, we
demonstrate the trade-off between geographical and coverage
of basic infant immunization variable distances.
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Based on the table 2, we found that 0.40 is the optimal
alpha value, with the highest Q0 and high Q1 values. It
suggests that the construction of the clusters is significantly
influenced by the geographic and basic infant immunization
characteristics. Put otherwise, the distances associated with
the geographical and coverage of basic infant immunization
variables exhibit a good quality level, with values exceeding
0.70. The spatial clustering maps for the provided distance
spatial weight matrix are shown in Figure 7.
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Fig. 9. Proportion of pseudo-inertias that are explained, Q;(P¢) versus a
(black solid line) and Q7 (P¢) versus a (dashed line)



TABLE IlI. PROPORTION OF EXPLAINED PSEUDO-INERTIA
GEOGRAPHICAL CONTIGUITY
Alpha Q(Q0) Q(QY) QNorm(Q0) QNorm(Q1)

0.0 0.96 0.21 1.00 0.35

0.1 0.84 0.37 0.88 0.61

0.2 0.60 0.54 0.62 0.90

0.3 0.60 0.54 0.62 0.90

0.4 0.60 0.54 0.62 0.90

0.5 0.60 0.54 0.62 0,90

With the trade-off between regional dissimilarity and
coverage of basic infant immunization factors taken into
account, 0.20 is the optimal value for alpha. Based on
normalization, Q0 and Q1 have quality levels of 0.93 and 0.61,
respectively. Based on criteria Q 0 and Q 1, the quality of the
partition spatial clusters of basic infant immunization
coverage with "neighborhood" contiguity is marginally lower
than that of the other partition spatial clusters of basic baby
immunization coverage with "neighborhood" contiguity (62%
compared to 70%, 90% compared to 97%).
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Fig. 10. Spatial CIusterirfGMap With Constraintinto K'= 5 clusters using the
"neighborhood" cogﬁnuity D1 and the basic infant. immunization ca¥erage
variables DO with a = 0.2. /

\
Spatial clusters_of geographically adjacenj/basic infant

immunization coverage are displayed in Figyre 7. In terms of
appearance, it differs fsom a Spatial clus!?r determined by
distance. Geographic prO)Qmity is marginally worse than
geographic distance, though. It suggests that in the event of
basic infant immunization co raﬁ, geographic distance is
more suitable. This could be the result of the basic infant
immunization coverage spreading not just in nearby areas but
potentially even far away.

TABLE IV. AVERAGE VALUES OF VARIABLES FOR EACH CLUSTER
Cluster DPT-HB-Hib3 Polio 4 Measles BCG

1 85.40 92.47 100.53 106.75

2 82.34 90.16 101.83 114.46

3 56.27 63.83 73.87 78.77

4 88.95 97.62 109.92 118.25

Cluster DPT-HB-Hib3
5 75.09

Polio 4
79.47

BCG
97.04

Measles
95.79

Cluster 1 ranks fourth with good immunization coverage,
though not as high as some other clusters. The coverage for
DPT-HB-Hib3 is 78.93, while Polio 4 reaches 80.83. Measles
coverage stands at 97.60, close to the standard target. BCG
shows the highest coverage in this cluster with a value of
104.58. Overall, the performance is quite good, but there is
room for improvement in DPT-HB-Hib3 and Polio 4. The
subdistrict includes Babat, Lamongan, Sugio, and Sukodadi.

Cluster 2 is ranked fifth with the lowest immunization
coverage. The coverage for DPT-HB-Hib3 is only 64.35, the
lowest among all clusters. Polio 4 reaches 77.95, while
Measles coverage is 82.e5}). CG coverage in this cluster is
94.05. The low coveragé across all immunizations indicates
that this cluster needs/special atténtion to improve access and
implementationﬂgj immunization. Qe subdistrict includes
Paciran and Brofdong. \

Cluster { ranks secOnd withmrelatively high coverage
across \vatious types of immunizations. DPT-HB-Hib3 is at
79.21, while Poliodhis at 85.33«Measles coerage is 97.78,
and’BCG reaches 100.61. “Fhis cluster ,shows consistently
good performancen all catégories, though there is some room
for slight imprevement/in DPT-HB-Hib3. The subdistrict
includes®  Sukorame, ~ Bluluk, Ngimbang, Sambeng,
Kedungpiring, and Maodo. 7

Cluster4 ranks third W'rﬁ also good coverage. DPT-HB-
Hib3 in“this cluster is #8.76, while Polio 4 reaches 86.08.
IMeasles coverage is 97.35, and BCG has the highest coverage
withhaavalue of 108.05. This cluster is close to Cluster 3 in
terms of coverage but is slightly lower in DPT-HB-Hib3 and
Measles. The subdistrict includes Karanggeneng, Kalitengah,
Solokuro, Maduran, Laren, Turi, Pucuk, and Sekaran.

Cldgter 5 ranks first with the highest immunization
coyerage among all clusters. DPT-HB-Hib3 coverage is
82.20, while Polio 4 is at 89.47. Measles coverage is the
highest in this cluster at 101.83, and BCG stands at 104.94.
This cluster shows the best results in immunization coverage,
particularly in DPT-HB-Hib3, Polio 4, and Measles. The
subdistrict includes Mantup, Kembangbahu, Tikung, Sarirejo,
Deket, Glagah, and Karangbinangun.

IV. CONCLUSSION

Immunization is the process of intentionally boosting a
person's immunity against a disease, increasing the likelihood
that they will either never contract the illness or just suffer
from its mild symptoms if they are ever exposed to it. A spatial
phenomena is also seen in the equitable coverage of basic
newborn immunization. Determining the equality of
vaccination coverage requires the identification of spatial
groupings. Spatial constraints and a neighborhood-like
hierarchical clustering technique are used. For spatial
limitations, distance-based spatial weights are preferable than
proximity-based spatial weights. When clustering the
distribution of newborns' basic immunization coverage,
spatial restrictions must be taken into account to identify the
locations with high coverage. This approach is used because
the spatial structure may affect an infant's coverage of all core
immunizations. We found that there were five clusters
produced by the basic infant immunization variable. Out of all



the clusters, cluster five was found to have the highest
immunization coverage. This cluster consists of Mantup,
Kembangbahu, Tikung, Sarirejo, Deket, Glagah, and
Karangbinangun as its three sub-districts.
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