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 Biclustering come in various algorithms, selecting the most suitable biclustering 
algorithm can be a challenging task. The performance of algorithms can vary 
significantly depending on the specific data characteristics. The Plaid model is one 
of popular biclustering algorithms, has gained recognition for its efficiency and 
versatility across various applications, including food security. Indonesia deals 
with complex food security challenges. The nation's unique geographic and 
socioeconomic diversity demands region-specific food security solutions. 
Identifying province-specific food security patterns is crucial for effective 
policymaking and resource allocation, ultimately promoting food sufficiency and 
stability at the regional level. This study assesses the performance of the Plaid 
model in identifying food security patterns at the provincial level in Indonesia. To 
optimize biclusters, we explore various parameter tuning scenarios (the choice of 
model, the number of layers, and the threshold value for row and column releases). 
The selection criteria are based on the change ratio of the initial matrix's mean 
square residue to the mean square residue of the Plaid model, the average mean 
square residue, and the number of biclusters. The constant column model was 
selected with a mean square residue change ratio of 0.52, an average mean square 
plaid model residue of 4.81, and it generates 6 overlapping biclusters. The results 
show each bicluster has unique characteristics. Notably, Bicluster 1 that consist of 
2 provinces, exhibits the lowest food security levels, marked by variables X1, X2, X4, 
and X7. Furthermore, the variables X1, X4, and X7 consistently appear across 
several biclusters. This highlights the importance of prioritizing these three 
variables to improve the food security status of the regions. 
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——————————      —————————— 

A. INTRODUCTION  

Clustering is an analytical technique to group similar objects based on their characteristics 

global (Mandal et al., 2021). It helps to uncover hidden patterns, identify relationships, and gain 

insights from complex datasets. The primary objective of clustering is to partition the data into 

homogeneous clusters, where objects within the same cluster are more similar to each other 

compared to objects in different clusters. Indeed, global clustering may not always be applicable 

as each object may possess specific subsets of similarity patterns (Padilha & Campello, 2017). 

Biclustering analysis, on the other hand, is an extension of clustering that allows for the 

simultaneous grouping of objects based on both row and column characteristics (Patowary et 

al., 2020). It recognizes part of the data matrix may exhibit similar patterns or relationships 

only in specific subsets of objects and subsets of variables namely submatrix (Kléma et al., 
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2017). Biclustering considers the local characteristics of variables and identifies submatrix that 

show coherent patterns across both rows and columns (Acharya et al., 2019). 

Various studies on biclustering have been performed, but most of them just focus on 

bioinformatics such as gene expression data (Babichev et al., 2018; Cao et al., 2023; Huang et 

al., 2020). Recently, biclustering can be implemented in various fields (Silva et al., 2022; 

Candelise et al., 2021; Kaban et al., 2019; Lin et al., 2019; Novidianto & Irfani, 2020; Wang et al., 

2016). Furthermore, biclustering involves a diverse range of algorithms. However, selecting the 

right algorithm can be a challenge. The performance of biclustering algorithms depends on the 

specific characteristics of the algorithm and the type of data being used. 

One commonly utilized biclustering algorithm is the Plaid model which can yield better 

results, ease of use and relatively fast (Nicholls & Wallace, 2021). According to Pontes et al. 

(2015), the Plaid model is an algorithm that works by searching for appropriate model 

parameters in the grouping process by minimizing the sum of squares of the model residuals. 

In model-based algorithms, the statistical issue that can be examined is the sensitivity of the 

algorithm in obtaining the right model parameters to understand the effects that occur in the 

submatrix. In the previous study, the implementation of the Plaid model only used default 

parameters while analyzing bicluster. However, this study uses a few parameter scenarios to 

gain an optimal bicluster. 

Plaid model is one of the valuable tools for exploring datasets and extracting meaningful 

insights for various applications, including food security analysis. Food security is a critical 

concern in Indonesia, a nation with a diverse archipelago comprising thousands of islands, each 

with its own unique socio-economic conditions. The country's food security landscape is 

further influenced by factors such as population growth, poverty rates, and the recent global 

pandemic COVID -19, which has disrupted supply chains and posed new challenges to access 

and affordability (Rozaki, 2021). Furthermore, in 2020, Indonesia ranked 65th out of 113 

countries in the Global Food Security Index (GFSI) released by The Economic Intelligences Unit 

(EUI). In 2019, the national prevalence of moderate to severe food insecurity among the 

population was reported as 5.42% by BPS-Statistics of Indonesia. This figure has since declined 

to 5.12% in 2020. It's noteworthy that, with a population over 270 million people, at least 

approximately 12.9 million people in Indonesia are facing food insecurity. These multifaceted 

dynamics demand a comprehensive approach to understanding and addressing food security 

issues at various levels, from the national scale down to individual provinces. 

One of Indonesia's challenges in maintaining the quality of food security is its geographical 

condition, thus Indonesia's food security system must be designed to the specific needs and 

conditions of each region. To address this complexity, there is a need to identify patterns and 

variations in food security at the province level. Identifying food security patterns in province 

level of Indonesia holds significant importance because it can describe the characteristics of 

each specific area. In this context, the application of advanced analytical techniques, such as 

biclustering using the Plaid model, becomes valuable. 

 Biclustering using Plaid model can provide insights into the relationship between various 

food security indicators and geographical regions. It can identify groups of regions that exhibit 

similar patterns in terms of food availability, food access, and food utilization aspects. It allows 

for a more precise understanding of the underlying structures within the data, leading to more 
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informed decision-making and targeted interventions in various domains. This aligns with the 

second Sustainable Development Goals (SDGs) goal, which aims to end hunger, ensure food 

security, improve nutrition, and promote sustainable agriculture. Therefore, the aim of this 

study is carrying out research on implementation Plaid model in the case of identifying 

Indonesian food security in province level. 

 

B. METHODS 

This section explains the data used and the steps involved in applying the Plaid model. The 

main stages of the analysis include data pre-processing, data exploration and biclustering 

analysis using Plaid model. 

1. Data 

This research utilized secondary data from the Badan Ketahanan Pangan (BKP)*- Ministry 

of Agriculture, the Ministry of Health, and SUSENAS (BPS) with variable data based on 2020. 

The analysis was conducted at the provincial level, with a total of 34 provinces as the 

observation units. The scope of variables describes three dimensional of food security namely 

food availability, food access, and food utilization aspect adapt from the Food Security and 

Vulnerability Atlas (FSVA) analysis (BKP, 2021). Detailed information about these variables is 

presented in the following Table 1.  

 

Table 1. Research Variable 

Aspect Variable Name (Initials) 
Food 
Availability  

The ratio of normative consumption per capita to net production of carbohydrates 
(𝑋1, 𝑅𝑎𝑡𝑖𝑜) 

Food Access 

The percentage of the population who live below line poverty (𝑋2, %) 
The percentage of households with proportions expenses for food over 65% of the 
total expenditure (𝑋3, %) 
Proportion of households without access to electricity (𝑋4, %) 

Food 
Utilization 

Proportion of households without access to clean water (𝑋5, %) 
Life expectancy (𝑋6, 𝑌𝑒𝑎𝑟)-1 

Ratio of population to healthcare workers against to population density (𝑋7, 𝑅𝑎𝑡𝑖𝑜) 
Average years of schooling for females above 15 years old (𝑋8, 𝑌𝑒𝑎𝑟) -1 
Proportion of children with stunting criterion  (𝑋9, %) 

-1Invers value 

 

The utilization of inverse values for variables 𝑋6 and 𝑋8 is intended to align the perception 

of these variables in the context of food security. A higher value signifies lower food security, 

or in other words, a higher value will be experiencing food insecurity and vice versa.  

 

2. Research Stages 

a. Data Preprocessing 

In this stage, we create a data matrix for analysis by scaling the data. Scaling ensures that 

the variables used have a similar scale, leading to consistent analysis results. Pre-

processed matrix scaled data define as 𝑨 = (𝑵, 𝑴) where 𝑵 and 𝑴 denoting the sets of 

rows represent the province and set of columns represent the variables. 
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b. Data Exploration 

In this stage, a descriptive analysis is conducted to gain an initial overview of the data. 

Exploration is performed by creating a heatmap and PCA biplot. The heatmap provides 

a visual representation of the data matrix, where each cell's color represents the value 

of a variable. The PCA biplot displays both the variables and the observations on the 

same plot, enabling the examination of their relationships.  

c. Biclustering Analysis using Plaid Model   

The biclustering process aims to discover subsets of objects in a matrix 𝑨 = (𝑵, 𝑴), 

which is 𝑵  defined as the set of rows, while 𝑴  represents the set of columns. The 

element 𝑎𝑖𝑗  represents the relationship between the-𝑖th row and the-𝑗th column. Let's 

assume 𝑰 ⊆ 𝑵 while 𝑱 ⊆ 𝑴, then 𝑩𝒊𝒋(𝑰, 𝑱) refers to a bicluster or submatrix 𝑩, with 𝑰 =

{𝑖1, 𝑖2, … , 𝑖𝑘} dan 𝑱 = {𝑗1, 𝑗2, … , 𝑗𝑠} (Alberto Magalhães Leite et al., 2016). 

The Plaid is a model-based algorithm that defines the input data matrix as a linear 

function in layers and its corresponding to a bicluster. The Plaid model is an 

exceptionally flexible and potent biclustering method based on models, satisfy all 

essential criteria (Majd et al., 2016). The Plaid model works by partitioning the data into 

𝑘 -layer submatrix formed by subsets of columns and subsets of rows. Each layer 

represents the effects contributed to the model, resulting in a general model formulation. 

 

𝑌𝑖𝑗 = 𝜃𝑖𝑗0 + ∑ 𝜃𝑖𝑗𝑘𝜌𝑖𝑘𝜅𝑗𝑘 +  𝜀𝑖𝑗
𝐾
𝑘=1     (1) 

 

with 𝑌𝑖𝑗 representing the element in the matrix, where, 𝑖 = 1,2,3,…𝑛; 𝑗= 1,2, …,𝑚; 𝑘 is the 

layer/bicluster index starting from 0 for background data up to 𝑘  biclusters; 𝜃𝑖𝑗0 

represent the background data effect that consists of sum of overall mean (𝜇0), the row- 

𝑖𝑡ℎ  effect (𝛼𝑖0) and the column- 𝑗𝑡ℎ  effect (𝛽𝑗0) ; 𝜃𝑖𝑗𝑘  represents the sum of the overall 

mean(𝜇𝑘), the row- 𝑖𝑡ℎ effect(𝛼𝑖𝑘), and the column- 𝑗𝑡ℎ effect (𝛽𝑗𝑘) in the 𝑘-bicluster; 𝜌𝑖𝑘 

and 𝜅𝑗𝑘  illustrate the membership of rows and columns in the bicluster, and can be 

overlapping.  

 

∑ 𝜌𝑖𝑘
𝑛
𝑖 =  {

1
     ≥ 2

0
    ;   ∑ 𝜅𝑖𝑘

𝑚
𝑖 =  {

1
     ≥ 2

0
 

 

𝜌𝑖𝑘 and 𝜅𝑖𝑘 contain 1 while the 𝑖𝑡ℎ row and 𝑗𝑡ℎ column in the bicluster. If ≥ 2 occurs when 

rows or columns are in more than one bicluster. While 0 indicates that the row or column 

is not in any biclustering. Whereas 𝜃𝑖𝑗𝑘  can be 𝜇𝑘, 𝜇𝑘 +  𝛼𝑖𝑘, 𝜇𝑘 +  𝛽𝑗𝑘  or 𝜇𝑘 +  𝛼𝑖𝑘 +

 𝛽𝑗𝑘.   The algorithm iteratively searches for biclusters until it reaches converged results. 

At each iteration, the algorithm updates the estimated model parameters. The 

estimation of model parameters follows the concept of minimizing the model residue 

using the given formula (2). 

 

𝑅 =  
1

2
 ∑ ∑ (𝑍̂𝑖𝑗 − 𝜃𝑖𝑗𝑘𝜌𝑖𝑘𝜅𝑗𝑘)

2𝑚
𝑗=1

𝑛
𝑖=1      (2) 
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where 

𝑍̂𝑖𝑗 = 𝑍𝑖𝑗
𝐾−1 = 𝑌𝑖𝑗 − 𝜃𝑖𝑗0 − ∑ 𝜃𝑖𝑗𝑘𝜌𝑖𝑘𝜅𝑗𝑘

𝐾−1
𝑘=1      (3) 

  

𝑍̂𝑖𝑗 represents the initial residue value of matrix 𝑨 . Next, in bicluster pruning, the 

algorithm will identify the rows and columns that will be part of the bicluster by 

determining the thresholds row release (𝜏1) and column release (𝜏2) values within the 

range of 0 and 1. The application of biclustering with Plaid model requires the 

specification of several model parameters to obtain optimal results. In this study, the 

parameters include the type of biclustering model and the number of layers combined 

with each value of (𝜏1) also (𝜏2). The selection of model type determines the most fit 

model for data analysis, while the number of layers affects the complexity and 

granularity of the biclustering process. Additionally, the row and column release 

thresholds value for determining which variables and observations should be included 

in the biclusters in the biclusters (Siswantining et al., 2021). 

d. Biclustering Evaluation and Selection 

Selecting the optimal biclustering result is crucial. The performance of biclustering is 

analyzed using the mean square residue (MSR) value (Huang et al., 2020). A lower MSR 

value indicates a better-formed bicluster, as it reflects higher homogeneity within the 

bicluster. The MSR is calculated using equation (4) 

 

          𝑀𝑆𝑅 (𝐼,𝐽) =
1

|𝐼||𝐽|
 ∑ (𝑟𝑖𝑗)2

𝑖∈𝐼,𝑗∈𝐽                     (4)            

 

where              

 

𝑟𝑖𝑗 =  𝑎𝑖𝑗 −  𝑎𝑖𝐽 − 𝑎𝐼𝑗 +  𝑎𝐼𝐽                                           (5) 

𝑎𝑖𝐽 =
1

𝐽
∑ 𝑎𝑖𝑗

𝑗∈𝐽

,  𝑎𝐼𝑗 =
1

𝐼
∑ 𝑎𝑖𝑗 

𝑖∈𝐼

, 𝑎𝐼𝐽 =
1

|𝐼||𝐽|
 ∑ 𝑎𝑖𝑗 

𝑖∈𝐼,𝑗∈𝐽 

 

 

 𝑎𝑖𝐽 is average value of row 𝑖, 𝑎𝐼𝑗 is average value of column 𝑗 and 𝑎𝐼𝐽 is average value of 

all elements in a bicluster. If the biclustering analysis yields multiple biclusters, the 

average MSR (AvMSR) can be calculated as follows: 

 

𝐴𝑣𝑀𝑆𝑅 =  
1

𝑛
∑ 𝑀𝑆𝑅𝑘  (𝐼, 𝐽)𝑛

𝑘                (6) 
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C. RESULT AND DISCUSSION 

1. Data Exploration 
The analysis begins with exploring the scaled matrix data using a heatmap, as shown in 

Figure 1. 

 

 
Figure 1.  Heatmap Scaled Matrix Data 

 

In this study, the values of each variable have an inline interpretation, where higher values 

indicate lower food security in the related aspect, or in other words it tends to be more 

vulnerable. It can be observed that higher values (darker red color) in each aspect of food 

security variables indicate provinces with lower food security conditions, and vice versa. For 

example, in the X4 variable (proportion of households without access to electricity) under the 

food access indicator, Papua Province has a higher value compared to other provinces. This 

indicates that Papua Province has a higher proportion of households without access to 

electricity. In other words, it can be inferred that there are households in Papua Province that 

face limitations in accessing food, as reflected by the high proportion of households without 

access to electricity. Candelise et al. (2021) stated that access to electricity can directly 

influence food security in terms of food availability and utilization. 

Meanwhile, in Figure 2, a PCA Biplot of the scaled matrix data is presented, dividing 

provinces into four quadrants. The PCA Biplot illustrates the relative positions of provinces and 

variables within a two-dimensional framework. Provinces within the same quadrant exhibit 

similar characteristics in the related variables and differ from provinces in opposing quadrants. 

For example, in Quadrant I, there are provinces such as North Maluku, Maluku, West Papua, and 

Papua, which share similar characteristics with high values for variables X1, X7, and X4. On the 

other hand, provinces in Quadrant III have low values for these three variables. The cumulative 

total of information diversity explained by the PCA Biplot is 64.6% (PC1=19.6% and PC2=45%). 

Overall, the diversity depicted is quite good, but it does not fully explain the simultaneous 

relationship between provinces and variables in grouping the food security conditions of 

regions. Therefore, the results of the PCA Biplot should only be considered as an initial 

representation of how provinces are grouped with respect to the variables related to food 

security aspects. 



1184  |  JTAM (Jurnal Teori dan Aplikasi Matematika) | Vol. 7, No. 4, October 2023, pp. 1178-1192 

 

 

 
Figure 2.  PCA Biplot Result in Scaled Matrix Data 

 

2. Biclustering Result 

Biclustering Analysis Using Plaid Model. There are four types of plaid models applied, 

namely the constant model (𝜃𝑖𝑗𝑘 =  𝜇𝑘), the row constant model (𝜃𝑖𝑗𝑘 =  𝜇𝑘 + 𝛼𝑖𝑘), the column 

constant model (𝜃𝑖𝑗𝑘 =  𝜇𝑘 + 𝛽𝑗𝑘)  and the two-way model (𝜃𝑖𝑗𝑘 =  𝜇𝑘 + 𝛼𝑖𝑘 + 𝛽𝑗𝑘) . The 

different thresholds for 𝜏1 and  𝜏2 were used ranging from 0.1 to 1 with a step 0.1. This resulted 

in a total of 10 rows for 𝜏1  and 10 columns for 𝜏2 . The use of different threshold values is 

interesting as it helps to obtain optimal biclustering results. While previous studies suggested 

using thresholds 𝜏1 and 𝜏2 between 0.5 and 0.7 (Karim et al., 2019; Siswantining et al., 2021), 

this study utilized the specified parameter settings. Furthermore, the layer parameter 

represents the maximum number of layers that can be generated in the process of discovering 

biclusters. In this study, a total of 9 layers were set, ranging from 2 to 10, to find the optimal 

biclusters. The combination of model parameters used is described in Table 2, providing a 

comprehensive overview of the scenarios tested. 

 

Table 2. Scenario Parameter Model  

No Model Layer 𝝉𝟏 𝝉𝟐 

1 𝜃𝑖𝑗𝑘 =  𝜇𝑘 2,3,4,5,6,7,8,9,10 
0.1-1  

(sequence 0,1) 
0.1-1  

(sequence 0,1) 

2 𝜃𝑖𝑗𝑘 =  𝜇𝑘 + 𝛼𝑖𝑘  2,3,4,5,6,7,8,9,10 
0.1-1  

(sequence 0,1) 
0.1-1  

(sequence 0,1) 

3 𝜃𝑖𝑗𝑘 =  𝜇𝑘 + 𝛽𝑗𝑘 2,3,4,5,6,7,8,9,10 
0.1-1  

(sequence 0,1) 
0.1-1  

(sequence 0,1) 

4 𝜃𝑖𝑗𝑘 =  𝜇𝑘 + 𝛼𝑖𝑘 + 𝛽𝑗𝑘 2,3,4,5,6,7,8,9,10 
0.1-1  

(sequence 0,1) 
0.1-1  

(sequence 0,1) 

 

These models are used to uncover patterns and relationships within the data matrix, 

allowing for the identification of subsets of objects and variables that exhibit coherent behavior. 

By appropriately selecting and fine-tuning these model parameters, we aim to obtain 

meaningful and interpretable biclusters that capture the underlying structure of the data. Based 

on the given scenarios, each layer of each model generated 100 combinations of biclustering 

results. The selection of the optimal combination of model parameters in each layer was based 

on the lowest Average MSR (AvMSR) value. Since there are 9 layers in each model, a total of 9 
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candidate parameter combinations were obtained for each model. The graph depicting the 

AvMSR values and the number of biclusters produced for each layer in every model can be seen 

in Figure 3. 

 

 
Figure 3.  AvMSR in Plaid Model 

 

The two-way model (d) has the lowest AvMSR of 1.83 across all layers but only produces 

one bicluster. The constant row model (b) also shows constant AvMSR values of 2.52 across all 

layers and has one bicluster result. The constant column model (c), on the other hand, has a 

decreasing trend in AvMSR as the number of layers increases. The AvMSR values stabilize at 

4.81 from the sixth to the tenth layer. This model yields the highest number of biclusters 

compared to other models. Meanwhile, the constant model (a) has relatively higher AvMSR 

values compared to the other models, with an AvMSR of 8.55 in the second layer, decreasing to 

6.78 from the third to the tenth layer. In this study, the selection of the appropriate model is 

first based on the magnitude of the AvMSR change of the Plaid model against the data scaling. 

If the ratio value is less than 1 (𝑟 < 1) , it indicates the existence of biclusters/layers in data 

scaling matrix are better than not performing biclustering, and vice versa. Secondly, it is based 

on the smallest AvMSR value. Furthermore, another important consideration is how the 

information obtained from the biclustering results (Wulandari et al., 2023), in other words the 

model can produce more than one bicluster (𝐵𝐶 > 1).  Based on Table 3, it can be shown that 

models 1 and 3 have 𝑟 value less than 1 (𝑟 < 1). Among these two models, model 3 has lower 

AvMSR in the Plaid model. Therefore, in this study, the constant column model (3) is selected 

as bicluster optimum with the Plaid model AvMSR of 4.81,  𝑟 = 0.52  and it produces 6 

biclusters, as shown in Table 3. 

 

Table 3. AvMSR Ratio in Each Plaid Model 

No Model 
AvMSR 

Data Scaling 
AvMSR 

Plaid Model 
Ratio 

AvMSR (𝒓) 
Jumlah 

BC 
1 𝜃𝑖𝑗𝑘 =  𝜇𝑘                          92.81           6.78   0.07  3 
2 𝜃𝑖𝑗𝑘 =  𝜇𝑘 + 𝛼𝑖𝑘                             1.84           2.52   1.37  1 
3 𝜃𝑖𝑗𝑘 =  𝜇𝑘 + 𝛽𝑗𝑘                             9.18           4.81   0.52  6 
4 𝜃𝑖𝑗𝑘 =  𝜇𝑘 + 𝛼𝑖𝑘 + 𝛽𝑗𝑘                            1.25           1.83   1.47  1 
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Meanwhile, Figure 4 represents the heatmap of the combined values of 𝜏1and 𝜏2 for the 

optimal bicluster. These results were obtained when the layer parameter was set to 6. It can be 

observed that at 𝜏1=0.1 and 𝜏2  =0.4, the lowest AvMSR value was achieved with a total of 6 

biclusters. On the other hand, the highest AvMSR value of 12.322 was obtained with several 

combinations of 𝜏1 and𝜏2. Based on Figure 4, the AvMSR tends to be larger when the values of 

𝜏1 and 𝜏2 used in the combination are either too small or too large. While, in this study, the 

AvMSR tends to be smaller when the values of  𝜏1and 𝜏2  are set to 0.4 or 0.5, as shown in Figure 

4. 

 

 
Figure 4.  Heatmap of AvMSR and Number of Bicluster in Bicluster Optimum 

 

The results of the optimal bicluster can be observed in Table 4. This model produces 6 

biclusters with overlapping membership both in terms of provinces and variables. Bicluster 1, 

for example, is of size 2x4, indicating the presence of 2 provinces and 4 variables with the same 

interpretation as the other biclusters, as shown in Table 4. 

 

Table 4. Bicluster Optimal Result of Plaid Constant Column Model  

Bicluster Size Province Variable 
1 2x4 Papua, West Papua X1, X2, X4, X7 
2 6x1 DKI Jakarta, Bangka Belitung Islands, Riau Islands, 

Maluku, North Maluku, Riau 
X1 

3 3x2 Papua, Maluku, East Nusa Tenggara X2, X4 
4 5x2 West Kalimantan, Central Kalimantan, East 

Kalimantan, North Kalimantan, Papua 
X1, X7 

5 6x2 Bengkulu, West Kalimantan, East Nusa Tenggara, 
Papua, West Sulawesi, South Sumatera 

X4, X5 

6 7x5 Bali, DI Yogyakarta, DKI Jakarta, East Kalimantan, 
Bangka Belitung Islands, Riau Islands, North Sulawesi 

X3, X5, X6, X7, X9 

 

Figure 5 shows the profiling plots for each bicluster. These plots depict the similarity 

membership within the biclusters. Biclusters become more homogeneous when their profiles 

are closer and in the same direction. Additionally, Mandal et al. ( 2021) stated that the 

relationship profiles among members within a bicluster can be either positively co-expressed 

(in the same direction) or negatively co-expressed (in opposite directions) with each other. The 
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plots in Figure 5 indicate that the members within each bicluster tend to have positively co-

expressed relationships, meaning they exhibit similar trends. For example, in BC 3, the 

provinces of Papua, East Nusa Tenggara (ENT), and Maluku exhibit a positively co-expressed 

relationship with variables X2 and X4, as indicated by the decreasing trend of the lines. The 

profiles also show that the Plaid model successfully creates unique biclusters with distinct 

characteristic variable. 

 

 
Figure 5.  Profiling Plot of Bicluster Variable Result 

 

Furthermore, Table 5 shows the characteristhic of every bicluster. In bicluster 1, the subset 

of variables (X1, X2, X4, and X7) shows the highest values compared to other biclusters within 

the same subset of variables. This indicates that Papua and West Papua provinces tend to have 

higher levels of food insecurity compared to provinces in other biclusters for the related 

variables. This aligns with the FSVA analysis, which identifies the provinces of Papua and West 

Papua as highly vulnerable to food insecurity (BKP, 2021). Moreover, studies by Ratnasari et al. 

(2023) dan Trimanto et al. (2022), have also categorized Papua and West Papua as regions with 

low food security. This bicluster has a normative food consumption to net production ratio (X1) 

greater than 1 indicates a food deficit. Furthermore, the variable X7 reveals an average of 1 

healthcare worker responsible for an area of 36.19 km2. In contrast, BC 4 and BC 6, which 

consist of provinces predominantly located in western and central Indonesia, show lower 

values for X7.  Additionally, variable X2, indicates that 26.50% of the population falls under the 

poverty line. This finding aligns with the research by Drewnowski (2022) and Ahmad et al. 

(2021), which highlight poverty as one of the main factors contributing to food insecurity. 

BC 2 exclusively includes variable X1 with an average value of 3.90, indicating a normative 

consumption-to-net production ratio for provinces such as DKI Jakarta, Bangka Belitung 

Islands, Riau Islands, Maluku, North Maluku, and Riau, which tend to deficits. This result aligns 

with the findings of Rahayu et al. (2019), who also employed the normative consumption-to-

net production ratio variable for mapping food security Indonesia using based clustering model. 
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In their study, despite DKI Jakarta, Bangka Belitung Islands, Riau Islands, and Riau province 

being categorized as having high food security, but the X1 variable still low. Furthermore, this 

bicluster includes island provinces that encounter distinct challenges in terms of food supply 

and access. These challenges include constraints related to production land availability and 

food distribution infrastructure (Connell et al., 2020). This suggests that certain areas within 

these provinces need to ensure food availability by either increasing production through the 

high food technology or maintaining a stable flow of food distribution between regions. Food 

distribution between regions can be facilitated by sourcing surplus food from neighboring 

areas.  

In BC 3, the provinces of Papua, Maluku, and East Nusa Tenggara share similar 

characteristics in terms of food access (X2 and X4). The dominant characteristic is the 

percentage of the population below the poverty line, which is 23.66%. However, this figure is 

lower compared to BC 1 but still above the national poverty line percentage in 2020, which is 

9.78% (BPS, 2021). Therefore, the provinces in this region can be considered to still have 

relatively low food security on variable X2. 

BC 4 is dominated by provinces in Kalimantan Island with the subset variables X1 and X7. 

The provinces in this bicluster primarily need attention in terms of food availability (X1) and 

food utilization (X7). However, when compared to the national average, the average value of 

variable X7 is much higher than variable X1. Consequently, the provinces within bicluster are 

more resilient in terms of variable X1 but less resilient in terms of variable X7.  Moreover, in 

Figure 7 (BC 4), it can be observed that Papua province tends to have higher values in variable 

X7, indicating a lower of healthcare workers than other province. According to Melo et al. 

(2019), the availability of healthcare indirectly contributes to worsening food insecurity 

because limited access to healthcare during illness can lead to a decrease in the utilization of 

quality food. Additionally, it's essential to note that Papua province has overlapping 

membership in BC 1, with variables X1 and X7 intersecting. This implies that the province is not 

only vulnerable to variable X7 but also variable X1. 

In contrast, BC 5 is characterized by the subset of variables related to food access (X4) and 

food utilization (X5). The main characteristic variable is X5, suggests that the province within 

bicluster, on average, 48.96% of households lack access to clean water. The percentage is above 

the national average, indicating that the provinces in this bicluster tend to have a low food 

security with respect to variable X5. This aligns with the findings of  Dharmawan et al. (2022), 

which suggest that inadequate access to clean water is a common characteristic among food-

insecure households. Ratnasari et al., (2023) similarly, categorized West Kalimantan, East Nusa 

Tenggara, Papua, and West Sulawesi as having very low-level food security, while Bengkulu and 

South Sumatra fell into the moderate-level food security group. These categories also exhibited 

characterized by a high percentage  of households without access to clean water. 

Meanwhile, in BC 6, there are 7 provinces characterized by variables X3, X4, X5, X6, X7, and 

X9. This bicluster exhibits the lowest average values compared to other biclusters, all of which 

are below the national average. This indicates that the regions in this bicluster tend to have a 

higher food security level in the related subset of characteristic variables. Nevertheless, on 

average, there are still 18.75% of households with food expenditure more than 65% and 17.9% 

of children aged under 5 years experiencing stunting. Additionally, the provinces of DKI Jakarta, 
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Bangka Belitung Islands, and Riau overlap with bicluster 2, indicating areas at risk of food 

insecurity concerning to food availability aspect (X1). This aligns with the Food Security Index 

(IKP), which categorizes these provinces as moderately (Riau Islands) and highly resilient (DKI 

Jakarta and Bangka Belitung Islands), yet emphasizes the importance of addressing food 

availability in these regions. (BKP, 2021), as shown in Table 5 and Figure 6. 

 

Table 5. The Level of Average Values of Food Security Variables with in Each Bicluster 

 X1A X2Ac X3 Ac X4 Ac X5 U X6 U X7 U X8 U X9 U 
BC1 4.42 26.50  17.69   36.19   
BC2 3.90         
BC3  23.66  15.16      
BC4 2.47      19.95   
BC5    7.71 48.96     
BC6   18.75  16.33 28.17 2.91  17.90 

National 
Average 

1.70 11.07 24.85 2.58 29.19 30.55 5.74 3.32 26.15 

A : Food Availability Aspect, Ac: Food Access Aspect, U: Food Utilization Aspect 

 

 
Figure 6.  Maps of Bicluster Result in Plaid Constan Column Model 

 

Figure 6 illustrates the mapping of regions based on the results of the Plaid model 

biclustering. The grouped provinces are predominantly from the eastern regions of Indonesia, 

Kalimantan Island and parts of Sulawesi also Sumatra Islands. The six overlapping biclusters 

subsequently produce 11 spatial patterns. Overall, the Plaid model groups the 19 provinces in 

Indonesia into bi-clusters based on subsets of characteristic variables that exhibit higher values, 

as shown in the heatmap in Figure 2.  In this research, higher values are associated with 

increased food insecurity risk at the provincial level. As a result, the Plaid model tends to 

generate biclusters that consist of provinces with higher levels of food insecurity for sepcific 

variables. The variables X1, X4, and X7 are subsets of variables that frequently appear in several 

generated biclusters. On the other hand, provinces that have low or moderate values on each 

variable are not grouped into any bicluster. It can be seen in Figure 6, that fifteen provinces 

scattered across Java, Sumatra, and Sulawesi are not part of any bicluster. 
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D. CONCLUSION AND SUGGESTIONS 

The application of the Plaid model in biclustering analysis categorizes some provinces in 

Indonesia into 6 overlapping biclusters based on food security aspects. By identifying 

characteristic variables within each bicluster, we are able to group 19 provinces that share 

similar local characteristics. Most provinces are tend to have a low food security and 

characterized by different variable. Therefore, efforts to maintain food security must be region-

specific. Among the six formed biclusters, bicluster 1 stands out as requiring more attention in 

terms of food security preservation.  

Based on this research, the column constant model is considered suitable for several 

reasons, including the change in AvMSR ratio, the evaluation of AvMSR value,  and the 

information derived from the biclusters. This model was obtained with a configuration of 6 

layers, 𝜏1=0.1 dan  𝜏2 = 0.4.  The selection of the appropriate model type, number of layers, and 

row and column release thresholds is crucial in optimizing the Plaid model's performance in 

generating meaningful biclusters. This ensures for resulting coherent and informative bicluster. 

This study through Plaid model biclustering serves as a valuable tool, in this context, aiding 

policymakers in making informed decisions to improve food security and enhance overall 

resilience in the selected provinces by its characteristics within bicluster. This enables us to 

address food insecurity more effectively by making specific policies and interventions to the 

unique conditions within each bicluster.  
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