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Province clustering based on the percentage of communicable disease
using the BCBimax biclustering algorithm

Muhammad Nur Aidi,"' C;fnthia Waulandari,' Sachnaz Desta Oktarina,’

Taufiqur Rakhim Aditra,” Fitrah Ernawati,’ Efriwati,’ Nunung Nurjanah,’ Rika Rachmawati,
Elisa Diana Julianti,’ Dian Sundari,’ Fifi Retiaty,’ Aya Yuriestia Arifin,’ Rita Marleta Dewi,’
Nazarina Nazaruddin,® Salimar,’ Noviati Fuada,’ Yekti Widodo,® Budi Setyawati,’

Nuzuliyati Nurhidayati,’ Sudikno,’ Irlina Raswanti Irawan,’ Widoretno®

3

'IPB Bogor University, Bogor, Indonesia; *Airlangga University, Surabaya, Indonesia; *National Research
and Innovation Agency, Jakarta, Indonesia

Correspondence: Muhammad Nur Aidi, Department of Statistics, IPB Abstract

University, Bogor, West Java, Indonesia, Kampus IPB, Jalan Meranti . . L . . .
Wing 22 Level 4, Dramaga, Babakan, Kec. Dramaga, Kabupaten Bogor, Indonesia needs to lower its high infectious disease rate. This

Jawa Barat 16680, Indonesia. requires reliable data and following their temporal changes across
Tel.: +62 251 8625481 - Fax: +62 251 8625708 provinces. We investigated the benefits of surveying the epidemi-
E-mail: muhammadai@apps.ipb.ac.id ological situation with the imax biclustering algorithm using sec-
ondary data from a recent national scale survey of main infectious
diseases from the National Basic Health Research (Riskesdas)
covering 34 provinces in Indonesia. Hierarchical and k-means

Key words: biclustering; BCBimax; communicable disease; diarrhoea;
Papua Province; Indonesia.

Contributions: all authors made substantial contributions to this clustering can only handle one data source, but BCBimax biclus-
research and approved the final manuscript. MNA, CW, SDO con- tering can cluster rows and columns in a data matrix. Several
tributed to the data analysis and interpretation, writing and review. experiments determined the best row and column threshold val-

TRA, FE, E, NN contributed to every step (research concept, design,
investigation, data interpretation, writing, editing, and review). RR,
EDJ, DS, FR, AYA, RMD contributed to writing, data interpretation and
review. NaN, Sa, NF, YW, BS, NazN, Su, IR and W contributed to
investigation, data curation, writing and editing.

ues, which is crucial for a useful result. The percentages of
Indonesia’s seven most common infectious diseases (ARI, pneu-
monia, diarrhoea, tuberculosis (TB), hepatitis, malaria, and filari-
asis) were ordered by province to form groups without consider-
ing proximity because clusters are usually far apart. ARI, pneumo-

Conflict of interest: the authors declare no potential conflict of interest, nia, and diarrhoea were divided into toddler and adult infections,
and all aythors confirm accuracy. making 10 target diseases instead of seven. The set of biclusters
Ethics approval and consent to participate: the study was conducted in formed based on the presence and level of these diseases included
accordance with the Declaration of Helsinki and approved by Ethical 7 diseases with moderate to high disease levels, 5 diseases
Committee of National Health Institute of Research and Development, (formed by 2 clusters), 3 diseases, 2 diseases, and a final order that
Ministry ~ of  Health, ~ Republic ~ of  Indonesia  (No: only included adult diarrhoea. In 6 of 8 clusters, diarrhea was the

LB.02.01/2KE./267/2017). All authors have read and agreed to the pub-

- . ! most prevalent infectious disease in Indonesia, making its eradica-
lished version of the manuscript.

tion a priority. Direct person-to-person infections like ARI, pneu-

Availability of data and materials: the data presented in this study are monia, TB, and diarrhoea were found in 4-6 of 8 clusters. These
from the public domain (the 2018 National Report of the Basic Helth diseases are more common and spread faster than vector-borne
Research (Riskedas). diseases like malaria and filariasis, making them more important.

Funding: the study was based on freely provided secondary data from
the 2018 National Report of the Basic Helth Research (Riskedas).

Acknowledgements: the authors are grateful to the National Institute of Introducti
Health Research and Development, Indonesian Ministry of Health. ntroduction

Received: 28 March 2023. The population growth in Indonesia has become one of the

Accepted: 9 August 2023. highest in the world during the last few decades. According to

) Statistics Indonesia the Indonesian population reached

CLC),COP 4 ”ggé}g ];4 uth Orlgs) f 2023 275,773,800 in the mid 2022. To offset the risk of a decrease of the
T . . .

ij:;;;al Healtheszsbz ; }1} 8:1202 health indices, the Government seeks to improve the health sector

doi: 10.4081/gh.2023. ]2’02 ‘ by reducing the spread of communicable diseases through

increased study and control activities in all provinces; these dis-
eases are known to be responsible for the increased mortality rate
in the Indonesian population (Germas, 2020). The impact of com-
Publisher's note: all claims expressed in this article are solely those of the municable diseases in a country is inseparable from the prevailing
authors and do not necessarily represent those of their affiliated organiza- socioeconomic, and Pradana et al. (2021) have stated that the
tions, or those of the pul?lzshe.r, the.edztors anfz' the reviewers. Any produ.ct spread and development of infectious diseases occurs when there
that may be evaluated in this article or claim that may be made by its . . . .
. g is an imbalance between humans, the natural environment and dis-
manufacturer is not guaranteed or endorsed by the publisher. . o ’ R
ease-carrying agents. This situation cannot easily be changed but

This work is licensed under a Creative Commons Attribution-
NonCommercial 4.0 International License (CC BY-NC 4.0)

OPEN aACCESS [Geospatial Health 2023; 18:1202]



better knowledge of the distribution of communicable diseases in
the country should improve the situation.

The cluster approach is arelatively new approach to the study
of the spatial distribution of communicable diseases that has been
used in different parts of the world, e.g., work on tuberculosis (TB)
has been done in Mexico by Bastida et al. (2012), in Nigeria by
James (2016), in Zimbabwe by Chirenda et al. (2020) and in
Bandung, Indonesia by Puspita ez a/. (2021). Similar work regard-
ing malaria has been carried out in Ghana by Magna et al. (2019)
and the presence of clustered areas of people affected by diarrhoeal
disease in Karkala Karnataka, India was recently reported by
Dmello et al. (2022). At the same time, Almasi ef al. (2022) inves-
tigated the global occurrence from 2000 to 2017 of clustered areas
of diarrhoea-related mortality (DRM) in children under five and
found that Asian and African countries had the highest incidence of
DRM in this period. Their findings also revealed that the mortality
due to diarrhoea was most common in Asian countries before
2010, but that this has shifted to Africa in the following decade.
Likewise, regional grouping of people affected by pneumonia in
Malawi has been studied by Uwemedimo et al. (2018) and in
Bogota, Colombia by Payares-Garcia et al. (2023), while Santos et
al. (2017) and Yamada et al. (2021) investigated the distribution of
hepatitis in northern Brazil.

The dominant infectious diseases common throughout most of
the provinces in Indonesia include acute respiratory infection
(ARI), pneumonia, diarrhoea, TB, hepatitis, malaria and filariasis.
As in other developed and developing countries, Indonesia has a
number of adults with infectious diseases as well as cases invulner-
able groups, such as toddlers and other children under five, in par-
ticular with with ARI, pneumonia and diarrhoea. Saputra (2021)
has stated that ARI is the highest cause of death and morbidity in
young children amounting to 4.25 million cases annually.
According to the Ministry of Health of the Republic of Indonesia
(MoH), the provinces of Banten, Bengkulu, East Nusa Tenggara,
Papua and West Papua are the five provinces with the highest per-
centage of ARI incidents in adults (MoH, 2021).

Infectious diseases are one of the main targets of the United
Nations’ sustainable development goals (SDGs) (United Nation,
2017; Prasetyo et al. 2017). In Indonesia, the strategy for preven-
tion and control of infectious diseases includes expanding the
scope of access to health services by early detection of through
surveillance, improved competence of health workers and
ensurance of the availability of drugs and vaccines, including rapid
diagnostic tools for control (MoH, 2020). Information on the
potential spread of infectious diseases in several provinces can
help implement prevention and control of infectious disease, par-
ticularly those that show clustered distributions.

Biclustering, a bidirectional technique based on grouping rows
and columns with similar characteristics, can be a solution to iden-
tify and group together infectious diseases that are predominantly
prevalent in some provinces. Biclustering is a data-mining
approach that finds subsets of rows that have similar characteris-
tics along a subset of columns. It finds submatrices by partitioning
the data matrix based on the algorithm. To date, a number of dif-
ferent biclustering algorithms have been developed and compared
with respect to finding the optimal biclusters (Liu & Wang, 2007;
Jamail & Moussa, 2020) and Padilha and Campello (2017) men-
tion 17 biclustering algorithms that have been compared with
respect to finding optimal biclusters through various experimental
scenarios. However, Wang et al. (2016) argue that biclustering
algorithms are non-specific so there is no rule how to choose the
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right one for certain criteria or datasets. The selection of a biclus-
tering algorithm should be based on several considerations, namely
case of implementation, absence of disturbance by noisy datasets
and speed in finding the most suitable structure in the data matrix
(Castanho et al., 2022; Chu et al., 2022).

We took an interest in applying the BCBimax algorithm for the
study of clustering with respect to percentage of infectious dis-
eases in Indonesia as this is a biclustering algorithm classified as
very fast in finding a simple structure (Castanho et al., 2022). The
resulting bicluster can provide information, e.g., on the magnitude
of infectious disease problems in each cluster throughout a
province based on the disease distribution. The specific aim of this
study was to describe the presence of high clustering of percent-
ages of infectious disease cases since this would be an indication
of the potential for high transmission zones in Indonesia.

cpress

Materials and Methods

Sampling

The data analyzed in this study are secondary data from
300,000 households derived from the 2018 National Report of the
Basic Health Research (Riskesdas), a national-scale survey with
cross-sectional and non-interventional design visited. The number
of individuals interviewed was 1,017,290 across 34 provinces in
Indonesia (MoH, 2019).

Variable selection

The variables used were 1) respondents under the age of five
years suffering from one or more of ARI, pneumonia or diarrhoea
and ii) adult respondents suffering from one or more of these three
afflictions plus TB, hepatitis, malaria and filariasis. Criteria for
suffering from these diseases in the report were symptoms diag-
nosed by health workers. The percentage of people affected with
each of the 10 types of infection per province was determined by
the formula:

Number of infected

Total number of respond,entsx o

Procedure and selection of optimal biclustering

To find the optimal bicluster, we used a stepwise process
involving three stages: i) pre-processing of the data collected; ii)
running the biclustering algorithm incrementally; and iii) evalua-
tion as described below and shown in Figure 1.

Stage 1. Data perparation

The pre-processing of the data in this study included scaling
and searching for outliers by boxplots and heatmaps (Hutson,
2018; Qian, 2016; Tomy et al., 2021) based on a initial data matrix
using normal standardization by which the percentages of each tar-
get infectious disease in the different provinces were converted
into a Z-score according to the following formula:

y i Eq. 1
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where x is the average; ans S the standard deviation (SD). Z=0
indicates that the percentage of the infectious disease under study
is equal to the average percentage of that infectious disease in a
specific province. When Z>0 this percentage is higher than the
average and when Z<0, it is lower than the average.

After obtaining the scale, the data in the matrix were explored
by preparing and displaying a heatmap and a boxplot to provide an
initial picture of the data in the matrix. The former visualizes the
percentage distribution of each infection in the provinces where
the highest percentages stand out, while the latter provides infor-
mation about the distribution of observations including extreme
data, i.e. outliers.

cpress

Stage 2. Incremental, stepwise run of the algorithm

The BCBimax biclustering algorithm was run in incremental
steps using a search process based on several criteria to findan
optimal submatrix (Dolnicar et al. 2012). These steps included: 1)
a change of the initial data matrix into a binary data matrix, where
those elements of the initial data matrix that had valueshigher than
the specified threshold were given the value = 1, and those with
lower values than this threshold were given the value= 0; ii) this
created binary data matrix was divided into two columns, CU and
CV, where all rows containing the value=1 would become sub-sec-
tions of the CU column and those with the value=0, subsections of
the CVcolumn,; iii) the CU and CV columnswerethen divided into
three rows, GU, GW andGV, which produced new submatrices
(note the redish and blue boxes in Fig 5. Two sub-matrices would
then be processed iteratively until finding a sub-matrix having all
elements of the value=1 based on the row and column thresholds
set; and iv) the thresholds in the BCBimax algorithm depend on the
size of the matrix formed (optimal bicluster).

The four steps given above are schematiclly displayed in
Figure 2, with Figure 3 showing how the BCBimax algorithm finds
a submatrix containing element one. The algorithm itself has sev-
eral criteria in finding the optimal bicluster result. It can be applied
after the digitalization, i.e. transformation of the data matrix into a
binary data matrix using a predetermined threshold value, is an
essential initial stage. When searching for the optimal bicluster, the
algorithm also pays attention to combined bicluster sizes. Several
experiments on the minimum size combination of rows and
columns to be used in finding a biclustermust also be considered
since the size of the bicluster dimensions affect the number and
evaluation value when selecting the optimal bicluster. The range of
minimum bicluster sizes that can be used is in the range of 1 to 10
for each minimum row and column set.

Stage 3. Evaluation

This research used two stages of evaluation of the BCBimax
algorithm, namely the average residue (ASR) and the Liu and
Wang index.

Using the ASR value as an evaluation of the intra-bicluster
function, Yang et al. (2002) and Lee et al. (2009) evaluated the
overall total number of biclusters (n) from the experimental results
of a number of bicluster results based on consideration of the min-
imum combination of rows and columns using the ASR by calcu-
lating the mean square residue (MSR), which can be written as fol-
lows:

Zier Ty epr(mij=m o= mys - mye o)
[0y

Eyse(I'.]") = Eq.2
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where m;, defines the average of the whole bicluster; m;; the aver-
age in column j; m;, the average in row i, |/’| the row dimension of
the bicluster, |/’ the column dimension of the bicluster. In this way,
E\ s (I, J’) shows the variation of the interaction between rows
and columns in the bicluster. Meanwhile, the ASR equation can be
written as follows:

ASR = (ZiLs Buse, (")) Eq.3

The quality of the bicluster results can be seen from the evalu-
ation function used. The evaluation value improves when the ASR
or average MSR value gets smaller and closer to 0. In addition, the
initial research objectives are also taken into consideration in
choosing the optimal bicluster.

This research also used the Liu and Wang index as an inter-
bicluster evaluation function to see the biclustering algorithm’s
performance in measuring the similarity between biclusters. The
Liu and Wang index can see the likeness of each bicluster group
from each minimum combination of rows and columns formed
(Liu & Wang 2007) and the equation is written as follows:

— 1 ko [G,n6!|+[£‘|ﬂ£’!|
Liuswang (Mope, M) = Kot Ty max ({slua!h[c.uc”

Eq. 4

where M denotes all the resulting bicluster groups; M,,, the optimal
bicluster of M selected based on the average value of the residual
divided by the smallest volume; K, the number of bicluster in
M,,; [GNG]] the number of rows (G) of the optimal bicluster
(M,,) that intersect with the rows in M; [CNC}] the number of
columns of the optimal bicluster (M,,) that intersects with the

columns in M; [G,UG,] the number of combined rows in M,, and

M; and [C,UC}] the number of combined columns (C) in M, and
M. The higher the Liu and Wang index, the more similar the biclus-
ter with the same membership characteristics formed will become
(Lee et al., 2011; Al-Akwaa, 2012; Peng et al., 2014; Pandove &
Malhi, 2021).

This study used the median threshold of each disease when
performing the ‘binarization’ process. The threshold values were
chosen based on the consideration that each disease had a different
level of vulnerability. In addition, the result of binary matrix trans-
formation with matrix element no. 1 showed that each region or
province concerned was found to have a relatively wide distribu-
tion and thresholds using each variable’s median would help
answer the research objectives more effectively. One hundred trials
of the combination of rows and columns were tried in this study
with a value range of 1 to 10 as the minimum limit for the algo-
rithm to find the optimal biclusters. Values outside the range of
these numbers would result in the complete absence of biclusters,
a fact that would defy the purpose of the research. Experimenting
with combinations of minimum row and column size constraints,
resulted in the formation of various biclusters; however, those that
did not provide useful information were not selected for further
evaluation as they were not the optimal bicluster candidates.
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Figure 3. Ilustration biclustering algorithm. The following figure
shows an illustration of how the BCBimax algorithm works in
dividing the binary data matrix into three submatrices. G denotes
the set of rows in the binary data matrix; and C the set of
columns. The black boxes show the matrix elements that have a
value of 1; and the white boxes those that have a value value of 0.
The binary data matrix that has been divided into three subma-
trices will then be partitioned into two submatrices (U and V).
These two submatrices will be processed recursively until all the
elements of the submatrix have the value of 1.
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Figure 4. Heatmap of scaled data matrix. Blue cells indicate areas
where the percentage of infectious diseases is higher than the
average, which means the percentage of the disease is relatively
high; yellow cells indicate areas where the percentage of infectious
diseases is lower than the average.
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Results

Data exploration

After converting the initial data matrix into a scaling data
matrix, the initial description of the relationship between the infec-
tious disease cases by province was presented in a heatmap dia-
gram (Figure 4), which shows that several provinces are vulnerable
with respect to these diseases. This figure also shows that as many
as 10 infectious diseases (toddler ARI, adult ARI, toddler pneumo-
nia, adult pneumonia, toddler diarrhoea, adult diarrhoea, TB, hep-
atitis, malaria and filariasis) were above the national percentage in
Papua and Bengkulu provinces. Meanwhile, the percentages of the
same diseases in Riau and East Kalimantan provinces were found
to be below the national percentage.

With regard to the percentage of toodler ARI, adult pneumonia,
adult diarrhoea and toddler diarrhoea there were no provinces that
are considered outliers in the percentage value (Figure 5). In the
percentage of adult ARI, however, one province was considered an
outlier, namely the East Nusa Tenggara Province, while in the per-
centage of toddler pneumonia there were two such provinces,
namely the provinces Yogyakarta and East Nusa Tenggara. The
percentage of TB had four provinces as outliers namely Banten,
West Java, Bangka Belitung and Papua. With respect to percentage
of hepatitis, there were three such provinces (Central Sulawesi,
Bangka Belitung and Papua). The provinces Papua, West Papua,
Bengkulu and East Nusa Tenggara were considered outliers with
regard to the percentage of malaria. Finally, for the percentage of
filariasis, the provinces Maluku, Riau Island, Papua and West
Papua were found to be outliers.

Provincial distribution of the diseases under study

ARI in toddlers

The national average percentage of ARI in toddlers was 11.0%
(median = 10.5%). There were 15 provinces with a higher percent-
age of ARI in toddlers (Lampung, West Nusa Tenggara, Central
Sulawesi, West Sumatra, Jakarta, West Papua, Bali, Central Java,
Papua, West Java, Central Kalimantan, Bengkulu, East Java,
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AR, acute respiratory tract infection; TB, tuberculosis.

Figure 5. Boxplot of data matrix according to type of disease.

Banten and East Nusa Tenggara). The remaining 18 provinces had
a lower percentage of this type of ARIL

ARI in adults

The national average percentage of ARI in adults was 8.8%
(median = 8.5%). There were 14 provinces with a higher percent-
age of adult ARI (Central Kalimantan, Aceh, Central Sulawesi,
West Sumatra, East Java, Gorontalo, Bali, West Java, West Nusa
Tenggara, Bengkulu, Banten, West Papua, Papua and East Nusa
Tenggara. The remaining 19 provinces had a lower percentage of
this type of ARL

Pneumonia in toddlers

The national average percentage of pneumonia in toddlers was
4.9% (median = 4.9%). There were 17 provinces with a higher per-
centage of pneumonia in toddlers (North Kalimantan, Maluku,
North Maluku, Bali, West Nusa Tenggara, South Sulawesi,
Bengkulu, West Java, Banten, Southeast Sulawesi, West Papua,
West Sulawesi, Gorontalo, Central Sulawesi, Papua, Yogyakarta
and East Nusa Tenggara). The remaining 16 provinces had a lower
percentage of this type of pneumonia.

Pneumonia in adults

The national average percentage of pneumonia was 4.2%
(median = 4.0%). There were 14 provinces with a higher percent-
age of adult pneumonia (Southeast Sulawesi, North Maluku, West
Kalimantan, West Nusa Tenggara, West Java, Banten, West
Sulawesi, South Sulawesi, Bengkulu, Central Sulawesi, Gorontalo,
West Papua, East Nusa Tenggara and Papua). The remaining 19
provinces had a lower percentage of this type of pneumonia.

Diarrhoea in toddlers

The national average percentage of diarrhoea in toddlers was
11.4% (median = 10.9%). There were 15 provinces with a higher
percentage of diarrhoea in toddlers (North Kalimantan, South
Sulawesi, Central Java, West Sulawesi, Gorontalo, West Sumatra,
Banten, Bengkulu, West Java, Central Sulawesi, West Kalimantan,
Aceh, West Nusa Tenggara, North Sumatera and Papua). The
remaining 18 provinces had a lower percentage of this type of diar-
rhoea.

Row threshold
ASR
Row threshold
H

Liu and Wang Index

column threshold column threshold
a b

Figure 6. Heatmap of ASR value evaluation; a) the average residue
(ASR); b) the Liu and Wang Index based on candidate of bicluser
optimal selected from BCBimax algorithm minimum threshold
combination experiment.
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Diarrhoea in adults

The national average percentage was 7.6% (median = 7.8%).
There were 19 provinces with a higher percentage of adult diar-
rhoea (East Java, North Kalimantan, West Papua, Bali, Central
Java, West Sulawesi, Yogyakarta, West Java, West Kalimantan,
Gorontalo, North Sumatera, Aceh, Banten, South Sulawesi, West
Sumatera, Bengkulu, Papua, West Nusa Tenggara and Central
Sulawesi. The remaining 14 provinces had a lower percentage of
ofthis type of diarrhoea.

Tuberculosis

The national average percentage of TB was 0.4% (median =
0.4%). There were 16 provinces with a high percentage of TB
(North Sulawesi, Central Kalimantan, Maluku, Central Sulawesi,
South Kalimantan, Bengkulu, Southeast Sulawesi, Gorontalo,
Aceh, Jakarta, North Kalimantan, South Sumatera, West Papua,
West Java, Banten and Papua). The remaining 17 provinces had a
lower percentage of TB.

Hepatitis

The national average percentage of hepatitis was 0.4 % (medi-
an = 0.4%). There were 15 provinces with a higher percentage of
hepatitis (East Java, Central Kalimantan, Aceh, West Papua,
Banten, South Sulawesi, Bengkulu, West Java, North Sulawesi,
Jakarta, Gorontalo, West Nusa Tenggara, West Sulawesi, Central
Sulawesi and Papua. The remaining 18 provinces had a lower per-
centage of hepatitis.

Malaria

The national average percentage of malaria was1.0 % (median
= 0.2%). There were 7 provinces with a higher percentage of

malaria (Bangka Belitung, Maluku, North Maluku, Bengkulu, East
Nusa Tenggara, West Papua and Papua). The remaining 26
provinces had a lower percentage of malaria.
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Filariasis

The national average percentage of filariasis was 0.8 % (medi-
an = 0.8%). There were 12 provinces have a higher percentage of
filariasis (Central Kalimantan, South Sumatera, North Maluku,
Bengkulu, South Kalimantan, North Kalimantan, Jambi, West
Nusa Tenggara, West Sulawesi, East Nusa Tenggara, Papua and
Banten). The remaining 21 provinces had a lower percentage of
filariasis.

As given by the text above and displayed in Table 1, it can be
concluded that the mean percentage of disease was greater than the
median disease percentage (in same cases the same) for all the dis-
eases studied except for adult diarrhoea. Thus, the percentage dis-
tribution was right-skewed, which means that the mean was greater
than the median. The mean overestimates the most common values
in a positively skewed distribution, while it underestimates them in
a negatively skewed distribution, i.e. the mean has a lower value
than the median in a left-skewed distribution. The explanation in
our case was that there were outliers in some provinces. In addi-
tion, the average percentages of TB, hepatitis, malaria and filaria-
sis had values below 1%, while it was above 1% for ARI, pneumo-
nia, and diarrhoea, both in toddlers and adults. Taking the SD into
account, only TB, hepatitis and filariasis had values below 1%.

Outliers

Although the average percentage of malaria was just below
1%, the SD was more than double that (2.5). This indicates that
several provinces must have a much higher percentage, e.g., West

Table 1. Percentage distribution of the ten most common communicable diseases in Indonesia.

Study provinces 34 34 34 34 34
Provincial data missed 0 0 0 0 0

Mean 10.99 8.78 4.24 4.94 0.38
Median 10.50 8.45 4.00 4.90 0.36
Standard deviation 3.51 2.30 1.14 1.51 0.15
Variance 12.31 5.29 1.29 2.29 0.02
Range 12.60 9.90 440 6.10 0.68
Minimum 6.00 5.50 2.60 2.70 0.09
Maximum 18.60 15.40 7.00 8.80 0.77

Hepatitis (%) Toddler diarrhoea (%) Adult diarrhoea (%) Malaria (%) Filariasis (%)

Study provinces 34 34 34 34 34
Provincial data missed 0 0 0 0 0

Mean 0.40 11.36 7.55 0.9 0.84
Median 0.39 10.85 7.75 0.21 0.75
Standard deviation 0.10 2.57 1.72 246 0.32
Variance 0.011 6.585 2.97 6.06 0.10
Range 0.48 9.80 6.00 12.05 1.40
Minimum 0.18 6.00 4.30 0.02 0.40
Maximum 0.66 15.80 10.30 12.07 1.80

ARI, acute respiratory tract infection; TB, tuberculosis.
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Papua Province and Papua Province as they displayed malaria per-
centages of 8.6%, and 12.1%, respectively. Those values are far
from the average percentage of the other provinces (0.4%), a fact
that tells us that these two provinces are outliers and that they need
to pay special attention to the malaria situation.

The largest percentage of adult ARI amounted to 15.4% and
was found in East Nusa Tenggara Province, a percentage that
makes this province a pronuanced outlier with regard to this infec-
tion. East Nusa Tenggara and Yogyakarta Provinces were the
provinces with the largest and the second largest percentages of
toddler pneumonia with 8.8% and 8.3%, respectively, which make
them outliers with respect to this disease. The provinces of Banten
and West Java had TB percentages of 0.8% and 0.6%, respectively,
while Papua Province and Central Sulawesi Province showed hep-
atitis percentages of 0.7% and 0.6%, respectively, all levels mak-
ing them outliers, the former with respect to TB and the latter
regarding hepatitis.

Bicluster selection

The selected optimal bicluster candidates from all the thresh-
old combination experiments and the results of the evaluation
stage are presented in the heatmap (Figure 6). This study set the
minimum size of column 1 to 4 as the optimal bicluster result and
the minimum size of row 2 to 4 as the selected optimal bicluster
candidate. The heatmap in Figure 6a displays the results of the
ASR value evaluation carried out, while Figure 6b displays the
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evaluation results using the inter-bicluster function using the cal-
culation based on the Liu and Wang index. Both evaluation stages
show that the minimum size combination of row 2 and column 1
had the smallest ASR (0.16401). Evaluation using the Liu and
Wang index showed that the BCBimax algorithm produces differ-
ent bicluster result memberships for each candidate trial combina-
tion. The algorithm set the minimum size of row 2 and column 1
as the optimal bicluster result with eight biclusters formed, i.e. the
number of biclusters classified as informative in helping to answer
the research objectives. Figure 7 shows the distribution map of
optimal bicluster results throughout Indonesia using the BCBimax
algorithm.

Based on the 34 provinces and 10 diseases classed using
BCBimax biclustering were only able to classify 17 provinces
(Bengkulu, Papua, West Java, Central Sulawesi, Banten, West
Papua, Aceh, West Nusa Tenggara, South Sulawesi, West
Sulawesi, Jakarta, Central Kalimantan, East Nusa Tenggara,
Gorontalo, North Sumatera, Central Java and North Borneo) and
seven of the diseases (adult ARI, adult pneumonia, TB, hepatitis,
adult diarrhoea, malaria and filariasis (Table 2). The results formed
eight groups (Table 2, Figure 7). Toddler ARI, toddler pneumonia
and toddler diarrhoea could not be used to classify provinces based
on the BCBimax method because there was no similarity in their
percentages anywhere.

Bicluster 1 is characterized as 2 x 7, which means that this
group consists of two provinces (Bengkulu and Papua) and seven
diseases (adult ARI, adult pneumonia, adult diarrhoea, TB, hepati-
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Figure 7. Distribution map of optimal bicluster results of the BCBimax algorithm. Bicluster 1: Bengkulu and Papua (crimson);
Bicluster 2: West Java and Central Sulawesi (violet); Bicluster 3: Banten and West Papua (brown); Bicluster 4: Aceh and West Nusa
Tenggara (yellow); Bicluster 5: South Sulawesi and West Sulawesi (green); Bicluster 6: Jakarta and Central Kalimantan (blue); Bicluster
7: East Nusa Tenggara and Gorontalo (black); and Bicluster 8: North Sumatera, Central Java and North Kalimantan (grey).
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tis, malaria and filariasis). These two provinces were selected
because the 7 diseases were found to be present at similar percent-
age levels (Figure 7). However, Papua Province had a high per-
centage of all seven diseases, while Bengkulu Province only
showed high percentages of adult ARI, adult pneumonia, and adult
diarrhoea, with a moderate presence of TB, hepatitis, malaria and
filariasis (Table 2, Figure 7). The two provinces are spatially very
far apart, with a distance between them of 3,962 km.

Bicluster 2 is characterized as 2 x 5 and consists of two
provinces (West Java and Central Sulawesi) and five diseases
(adult ARI, adult pneumonia, TB, hepatitis and adult diarrhoea).
The two provinces are in the same group because of similar per-
centages of the five diseases. However, while West Java Province
had a high percentage of all of them, Central Java Province had
high percentages of adult pneumonia, hepatitis and adult diarrhoea,
with moderate percentages of adult ARI and TB (Table 2, Figure
7). The two provinces are spatially separated by 1,651 km.

Bicluster 3 contains Banten and West Papua provinces, with
five diseases (adult ARI, adult pneumonia, TB, hepatitis and adult
diarrhoea). They belong to the same bicluster due to their similar
percentages of these 5 diseases. Banten Province had high percent-

Table 2. Membership characteristics of the optimal bicluster matrix.

ages of adult ARI, adult pneumonia, adult diarrhoeaand TB but
only a moderate percentage of hepatitis, while West Papua
Province had high percentages of adult ARI, adult pneumonia and
TB, but moderate presence of both adult diarrhoea and hepatitis
(Table 2, Figure 7). The two provinces are spatially very far apart
(3,057 km).

Bicluster 4 consists of Aceh and West Nusa Tenggara
provinces with only three diseases (adult ARI, adult diarrhoea and
hepatitis). These provinces are presented together because of sim-
ilar percentages with respect to these three diseases. While West
Nusa Tenggara Province had high percentages of all of them, Aceh
Province had only a high percentage of adult diarrhoea, with a
moderate presence of adult ARI and hepatitis (Table 2, Figure 7).
The two provinces are spatially far apart (3,834 km).

Bicluster 5 contains South Sulawesi and West Sulawesi
provinces. They are in the same group because both had high per-
centages of adult pneumonia and adult diarrhoea (Table 2, Figure
7). The two provinces have a joint border.

Bicluster 6 consists of Jakarta and Central Kalimantan
provinces. Both have similar percentages of TB and hepatitis, but
their presence was high in Jakarta but only moderate in Central
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Kalimantan Province (Table 2, Figure 7). The distance between
these provinces is 1,352 km. Bicluster 7 has two members (East
Nusa Tenggara and Gorontalo) and two diseases (adult ARI and
adult pneumonia). While East Nusa Tenggara Province had a high
percentages of both diseases, Gorontalo Province had only a high
percentage of adult pneumonia, with a moderate percentage of
adult ARI (Table 2, Figure 7). The distance between the two
provinces is 2,098 km. Bicluster 8 consists of three provinces
(North Sumatera, Central Java and North Kalimantan) but is only
concerned with one disease (adult diarrhoea) that exists as high in
the two former provinces and only moderate in North Kalimantan
(Table 2, Figure 7).
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Discussion

Based on the information on the bicluster approach, the level
of infectious disease problem can be summarized as follows: with
the presence of seven different infections, bicluster 1 has the most
serious problems with respect to infectious diseases, while biclus-
ters 2 and 3 each ‘only’ have five such diseases. Bicluster 4 comes
third with 3 diseases (adult ARI and diarrhoea; TB; and hepatitis)
followed by biclusters 5, 6 and 7 with only 2 diseases each: adult
ARI and adult pneumonia, where only one of them, adult ARI,
exists in two different biclusters. Bicluster 8 stands out as the
group with the least problems with infectious diseases as it is only
characterized by diarrhoea.

Papua Province is a province with a high percentage of seven
diseases (adult ARI, adult diarrhoea, adult pneumonia, TB, hepati-
tis, malaria and filariasis). With the exception of malaria and filar-
iasis, West Java Province also requires special attention because of
the risk of spreading these diseases. South Sulawesi and West
Sulawesi provinces, on the other hand, will need to focus more on
adult pneumonia and adult diarrhoea because of its high percent-
agea of these two diseases, while Jakarta Province presents a
strong risk of the spread of TB and hepatitis.

Based on the bicluster results with the BCBimax algorithm, it
can be concluded that diarrhoea disease has the widest range by
covering six bicluster groups out of the eight formed. While ARI,
hepatitis and adult pneumonia had the second largest range (five
groups out of the eight formed), TB malaria and filariasis, in that
order, showed increasingly lower spread.

With the exception of the research on TB in Bandung,
Indonesia (Puspita et al., 2021), which supports the use of the clus-
ter approach presented here, cannot easily be compared to other
projects mentioned in the Introduction section since the situations
described are very different with regard to climate, socio-econiom-
ic situation and, not the least, the geographical situation, which is
not commonly met in other countries. Importantly, however, all
published work we considered used clustering methodology that
functioned well for the study of communicable diseases.

The use of the BCBimax method in grouping provinces along
the percentages of at set of target diseases as the key variable
resulted in eight bicluster groups. This grouping used the percent-
age of of ARI, pneumonia, TB, hepatitis, diarrhoea, malaria and
filariasis and produced pairs of provinces (in one case a triplet)
with similar problems with regard to certain communicable dis-
eases in spite of the pair/triplet members often being geographical-
ly far from each other.
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Conclusions

The finding that provinces situated far from each other often
show similarities indicates that other variables than close contact,
e.g., socioeconomic variables, also can play an important role.
Thus, application of the BCBimax algorithm points towards new,
potentially successful approaches to public health problems.
Collaboration with respect to these diseases in the pairs/triplet
found should contribute to control and prevention of the disease in
question. Another valuable finding was the visualization of diar-
rhoea as having the most extensive range as it appeared in six of
the groups out of 8 groups formed. This confirms the strong need
for diarrhoeal disease eradication in Indonesia.
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