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ABSTRACT: This study aims to classify micro, small, and medium 

enterprises (MSMEs) in the agroindustry sector based on their 

performance and sustainability characteristics using the K-Means 

clustering method. The analysis was conducted to identify 

homogeneous groups of MSMEs that share similar attributes in 

innovation, efficiency, value addition, and sustainable practices. The 

optimal number of clusters was determined using the Dunn Index, 

which evaluates the compactness and separation of clusters. The 

results indicate that the highest Dunn Index value was obtained for 

three clusters (0.24), compared to two clusters (0.23), four clusters 

(0.22), and five clusters (0.17). This finding suggests that a three-

cluster model provides the most optimal structure, balancing within-

cluster cohesion and between-cluster separation. The visualization of 

the clustering results further demonstrates distinct groupings among 

MSMEs, corresponding to high-performing, moderate, and 

developing enterprises. These results provide valuable insights for 

policymakers and stakeholders in designing targeted strategies to 

enhance competitiveness and sustainability in the agroindustry sector. 

 

Keywords: Agroindustry, Cluster Validation. Competitiveness, Dunn 

Index,  
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1. INTRODUCTION 

Food security has become an increasingly 

critical issue across regions, particularly in 

Banten Province, which relies heavily on the 

agricultural sector to sustain community 

livelihoods and economic stability. The 

province exhibits diverse patterns of 

consumption and processing of chicken-

based food products (Banten Province, 2020; 

Ministry of Industry, 2015). Processed 

chicken meat is among the most preferred 

food commodities and serves as a major 

source of animal protein that supports overall 

nutritional security (Bristow & Sebastian, 

2001). In this context, understanding 

consumer behavior and preferences in 

purchasing and consuming processed 

chicken products is vital for developing 

effective strategies to enhance regional food 

security. 

Regional food security is strongly 

influenced by consumer preferences and 
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perceptions of processed chicken meat 

products. These preferences guide 

policymakers and business actors in ensuring 

a stable, high-quality, and affordable food 

supply. Consumer perceptions of product 

safety also play a pivotal role in sustaining 

and expanding the processed chicken meat 

industry along the supply chain (Grunert, 

2005). Factors such as quality, price, poultry 

health, and brand reputation shape consumer 

purchasing behavior. Identifying consumer 

groups through segmentation enables more 

effective targeting of products and marketing 

strategies based on specific consumer needs. 

Studies on food safety and consumer 

behavior highlight the importance of 

understanding consumer perceptions when 

formulating policies that contribute to a 

sustainable food system (de Jonge et al., 

2004). 

While national food trends provide a 

broad overview, regional variations—such as 

differences in economic conditions, cultural 

preferences, and access to food resources-

significantly influence consumer behavior 

toward processed chicken consumption 

(Martins & Pato, 2019). Without region-

specific data on processed food products, 

policymakers may face difficulties in 

designing effective interventions to ensure 

both food safety and security. Chicken meat 

remains a key source of animal protein and is 

often chosen due to its affordability, 

accessibility, and ease of preparation (Shan et 

al., 2017). Food security encompasses the 

dimensions of availability, access, utilization, 

and stability of sufficient, safe, and nutritious 

food for all people. In this regard, processed 

chicken meat products play an important role 

due to their high nutritional value, versatility 

in processing, and increasing consumer 

demand (Kovacheva et al., 2024). 

Previous research has predominantly 

emphasized economic factors—such as 

income, capital, and price—as key 

determinants of consumer purchasing 

behavior, while non-economic factors like 

health awareness and product certification 

have received less attention (Sabaté & Soret, 

2014). Nevertheless, consumer confidence in 

the safety and quality of processed products 

is closely related to perceptions of content 

and composition, which in turn affect 

purchasing decisions (Sedera et al., 2023). 

Prior studies have shown that consumer 

segmentation varies by price sensitivity, 

brand attachment, and ethical concerns, 

including humane production systems 

(Roascio-Albistur et al., 2019; Boito et al., 

2021). Other studies emphasize the 

importance of service quality, freshness, 

presentation, and product variety in 

influencing satisfaction and loyalty (Naini et 

al., 2022; Rochmatulaili, n.d.). To capture 

these diverse consumer perceptions, cluster 

analysis has become a valuable statistical 

method for grouping objects based on shared 

characteristics. It has been widely applied in 

various domains, such as evaluating health 

services (Suhaeni et al., 2018) and allocating 

aid funds to small and medium-sized 

enterprises (Ekawati & Yulis, 2013). Among 

existing clustering algorithms, the K-Means 

method is one of the most widely used due to 

its simplicity and fast convergence 

(Trenggonowati et al., 2019).  

Therefore, this study employs the K-

Means clustering technique to analyze 

consumer perceptions of processed chicken 

meat products, identify key determinants of 

purchasing behavior, and determine the 

optimal number of consumer clusters through 

hierarchical validation. 

 

2. MATERIALS AND METHODS 

This study, as illustrated in Figure 1 

(Research Framework), adopts a mixed-

methods approach that integrates both 

qualitative and quantitative research 

methods. The qualitative component was 

used to identify variables relevant to 

consumer perceptions of processed chicken 

meat quality through questionnaires and field 

observations. These qualitative insights 

helped define the main indicators for 

clustering consumer preferences and 

behaviors. The quantitative component was 

then employed to process the collected data 

statistically using the R-software, enabling 

the identification of optimal cluster 
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groupings and interpretation of consumer 

segmentation results. The outcomes of this 

analysis provide strategic insights for 

designing targeted marketing approaches in 

the processed chicken meat industry. 

The research was conducted in Cilegon 

City, Banten Province, Indonesia, where the 

processed chicken meat industry operates as 

part of small-scale enterprises supported by 

the Cilegon City Government. These 

industries produce a variety of products such 

as meatballs, nuggets, and sausages. The 

study was carried out over a period of six 

months, from April to August 2024, with data 

collection conducted periodically each week 

to ensure data consistency and reliability. 

Two types of data were used in this study: 

primary data and secondary data. 

a. Primary data were obtained through direct 

observation and structured interviews with 

business owners and production managers 

of processed chicken meat industries in 

Cilegon City. These observations 

provided insight into product quality, 

production processes, and consumer 

feedback. 

b. Secondary data were collected from 

consumer questionnaires that captured 

respondents’ perceptions, preferences, 

and purchasing decisions regarding 

processed chicken meat products. The 

questionnaire was distributed to 

consumers who had purchased or 

consumed chicken-based processed 

products such as nuggets, sausages, and 

meatballs. The variables measured 

included product quality, price, brand 

trust, safety perception, and purchasing 

frequency. 

Data analysis was conducted using the K-

Means clustering method within the R 

statistical software environment. The 

clustering process involved several stages: 

a. Data Preprocessing: Questionnaire 

responses were first coded numerically 

and standardized to ensure uniform data 

scales. Missing or inconsistent data were 

cleaned prior to analysis. 

b. Variable Selection: Variables related to 

consumer perceptions—such as product 

quality, price sensitivity, brand trust, and 

safety assurance—were selected as input 

features for clustering. 

c. Cluster Formation (K-Means): The K-

Means algorithm was applied to group 

consumers into clusters based on 

similarities in their purchasing behavior 

and product perceptions. The number of 

clusters (K) was determined through 

iterative testing and validation. 

d. Cluster Validation: The Dunn Index was 

used to evaluate the optimal number of 

clusters by measuring the ratio of 

minimum inter-cluster distance to 

maximum intra-cluster distance. The 

highest Dunn Index value indicates the 

most distinct and well-separated clusters. 

e. Interpretation and Segmentation: Each 

resulting cluster was analyzed 

descriptively to identify its unique 

characteristics—such as demographic 

tendencies, preference intensity, and 

perception toward processed chicken meat 

quality. The results were then used to 

propose targeted marketing segmentation 

strategies for the industry. 

Figure 1. Research Framework 

 

3. RESULTS AND DISCUSSION 

This study employed a survey method 

with a total of 155 respondents drawn from 

various student populations in Cilegon City 

and surrounding areas. Data were collected 

through a structured questionnaire consisting 

of both closed and open-ended questions 

designed to capture consumer perceptions 
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and purchasing behaviors toward processed 

chicken meat products. The collected data 

were analyzed using descriptive statistical 

techniques and cluster analysis to identify 

consumer segmentation patterns. 

The clustering analysis in this study was 

conducted using the K-Means algorithm to 

segment consumers based on similarities in 

their perceptions of processed chicken meat 

products. This method is widely applied in 

agroindustrial research due to its 

computational efficiency and its suitability 

for identifying natural groupings within 

multidimensional datasets (Nusti et.al, 2021). 

Prior to cluster formation, the dataset was 

standardized to ensure that variables 

measured on different scales contributed 

equally to the distance calculations. 

Standardization is particularly important in 

studies involving consumer perception, 

where variables such as taste preferences, 

brand trust, product safety, and packaging 

aesthetics may possess heterogeneous value 

ranges (Sari & Wibowo, 2021). 

The clustering process was conducted 

using the R programming environment with 

the assistance of the cluster and factoextra 

libraries. The installation and configuration 

of these libraries represent the preliminary 

steps necessary to perform K-Means 

clustering analysis. These libraries provide 

essential functions for computing and 

visualizing cluster structures, making them 

suitable for exploring consumer perception 

data. 

Figure 2. Library installation process 

 

Figure 2 represents a data preprocessing 

workflow, which ensures that the input 

dataset is clean, structured, and standardized 

before applying clustering techniques. Proper 

preprocessing enhances the accuracy, 

validity, and interpretability of clustering 

results, forming the foundation for 

meaningful consumer perception analysis. 

To determine the optimal number of clusters 

(K), several statistical validation methods 

were employed. Gap Statistic method, which 

compares the logarithm of within-cluster 

dispersion (WCD) of the observed data 

against that of reference (random) data. The 

optimal K-value is indicated by the point 

where the gap statistic is maximized, 

suggesting the number of clusters that best 

represent the data structure. 

Figure 3. R code step 

 

The figure 3. shows a series of R code 

steps used to determine the optimal number 

of clusters (k) and to perform clustering using 

the K-Means method. In the first part, the 

code applies three different approaches to 

find the best k value, namely the Elbow 

method (which measures the total within-

cluster sum of squares), the Silhouette 

method (which evaluates the quality of 

separation between clusters), and the Gap 

Statistic method (which compares the 

distribution of the actual data to randomly 

generated data). After defining the range of k 

values to be tested and setting set.seed() to 

ensure reproducibility, the code calculates 

and displays the Gap Statistic plot as a basis 

for selecting the optimal number of clusters. 

Next, the selected k value (for example, k = 
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4) is used in the kmeans (4) function to form 

clusters within the dataset. The clustering 

results are then merged back into the original 

dataset, and the final step summarizes the 

mean values of each variable within each 

cluster to identify the characteristics of the 

groups formed. Thus, the code provides a 

complete procedure starting from 

determining the best number of clusters to 

analyzing the clustering results. 

The K-Means clustering process, 

visualized in Figure 4, includes several key 

stages: package installation, data preparation, 

cluster formation, evaluation, and 

visualization. This structured approach 

ensures that the resulting clusters are both 

statistically valid and interpretable. Data 

standardization (as shown in Figure 6) was 

also performed prior to clustering to 

minimize the influence of differing scales or 

measurement units among variables, 

ensuring equal weighting in the distance 

calculations. 

 
Figure 4 Steps for creating a cluster 

 

Figure 4. shows a sequence of R code used to 

display the clustering results and visualize 

the clusters in a three-dimensional plot. In the 

first part, the code combines the original 

dataset with the clustering results 

(final$cluster) into a new data frame called 

dfklaster, and then saves it as a CSV file 

named "hasil cluster persepsi.csv" so that it 

can be analyzed or reused later. Next, the data 

is reduced to three dimensions (for example, 

using PCA or selected variables), and the K-

Means process is performed again on these 

three dimensions to produce 3D cluster 

results (final_3d). Finally, the code visualizes 

the clusters using Plotly, where each data 

point is plotted based on three coordinates 

(PC1, PC2, PC3), and the cluster groups are 

differentiated by color. This 3D visualization 

helps the researcher to clearly observe the 

separation patterns between clusters in an 

interactive three-dimensional space. 

Figure 5 above Cluster with n=2 separates 

the data into Simplification to help 

understand the underlying structure of the 

data, and Over-simplification some important 

information is lost because only two clusters 

are used to represent all the variation in the 

data. Cluster with n=3, identifies sub-groups 

in the data, in different iris datasets. Three 

provides a balance between too few and too 

many clusters, especially if the data has three 

natural groups. Formation of 4 clusters 

details the data to help identify sub-groups or 

more subtle variations in the data and the 

model overfits the data, capturing noise 

rather than the patterns that are truly present. 

Data standardization in figure 6 is essential to 

standardize data in order to minimize the 

effects of different scales or units. To 

understand the quality and performance of 

the clustering method used, such as k-means, 

we can use several evaluation metrics and 

data standardization techniques. Some 

commonly used metrics include the Elbow 

method, Silhouette Score, and Dunn Index. 

The interpretation of the results of the three 

methods is as follows; The Elbow Method 

looks for a bend point on the WSS graph, 

which indicates the optimal number of 

clusters. Silhouette Score selects the cluster 

with the highest average Silhouette Score 

value. Dunn Index selects the cluster with the 

highest Dunn Index value. 

To determine the optimal number of 

clusters, several internal validation 

techniques were employed, including the 

Elbow Method, Silhouette Score, and the 

Dunn Index. The Dunn Index was given 

particular emphasis, as it evaluates the ratio 

between inter-cluster separation and intra-

cluster compactness; higher values indicate a 

more distinct and well-structured clustering 

result (Andalib, et.al, 2023). This result 
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confirms that a three-cluster configuration 

provides the most coherent segmentation     

structure, offering an optimal balance 

between internal homogeneity and external 

differentiation. 

 

 

  

 

Figure 5 Cluster information 

  

 
Figure 6 Optimal K-Value 

 

The figure 6 shows the Dunn Index values for 

several clustering scenarios, ranging from 2 

to 5 clusters. The Dunn Index is used to 

evaluate clustering quality by measuring both 

the separation between clusters and the 

compactness within each cluster. A higher 

Dunn Index value indicates better clustering 

performance. Based on the results displayed, 

the highest Dunn Index value is obtained 

when using 3 clusters (0.24), compared to 2 

clusters (0.23), 4 clusters (0.22), and 5 

clusters (0.17). This suggests that 3 clusters 

provide the most optimal grouping, as it 

achieves a better balance between clear 

separation among clusters and tight grouping 

of data points within each cluster. Therefore, 

using 3 clusters yields the most effective and 

meaningful clustering structure for the 

dataset.To ensure the best number of clusters 

to be selected, in the second step an internal 

validity test is carried out using the 

Connectivity, Silhouette, and Dunn indices. 

The smaller the Connectivity index and the 

larger the Silhouette and Dunn indices that 
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are closer to 1 indicate the better the number 

of clusters obtained. 

The identification of three distinct 

consumer clusters is consistent with recent 

findings in agro-industrial consumer 

behaviour research, which frequently 

observes segmentation patterns classified as: 

(1) highly involved consumers with strong 

product loyalty, (2) moderately involved 

consumers who exhibit price sensitivity, and 

(3) value-oriented consumers with lower 

brand attachment (Pradana & Maulani, 2023; 

Boito et al., 2021). In the context of 

processed chicken meat products, attributes 

such as halal certification, packaging quality, 

product freshness, and perceived safety were 

found to be critical determinants influencing 

consumer classification, aligning with 

existing literature on food product trust and 

certification-driven purchasing behavior 

(Yuliana, R., & Prasetyo, A. (2022). 

The results of this clustering analysis 

provide strategically relevant insights for 

both policymakers and businesses. Cluster-

based consumer segmentation enables micro, 

small, and medium-sized enterprises 

(MSMEs) to design differentiated marketing 

strategies, develop targeted product 

improvements, and refine pricing structures 

in accordance with the unique preferences of 

each consumer group (Anton et.al  2015). At 

the policy level, the findings support the 

design of non-uniform, tiered intervention 

strategies in the agroindustrial sector, which 

emphasize capability development, 

production enhancement, and market access 

tailored to the performance characteristics of 

each cluster (Martins & Pato, 2019). 

Therefore, the clustering framework 

presented in this study not only enhances the 

understanding of consumer perception 

dynamics but also contributes to the 

development of sustainable and context-

specific regional agroindustry strategies. 

 

4. CONCLUSIONS AND 

RECOMMENDATIONS 

The factors in grouping based on 

consumer perception are Taste Variation, 

Price, Ease of obtaining products, 

availability, shape, packaging, safety and 

cleanliness, expiration date, promotion or 

discount, brand, net weight (quantity), 

product label and halal certification. 

Determining the optimal number of clusters 

and data partitioning using the K-Means 

method, based on evaluation using several 

clustering evaluation metrics such as the 

Elbow method, Silhouette Score, and Dunn 

Index. The use of K-Means Clustering can be 

very useful in grouping data based on similar 

features and finding the underlying structure 

in the data, the cluster variables formed are 

halal standardization and product price. 

Understanding consumer perception through 

clustering, companies can design more 

effective marketing strategies that are 

tailored to the needs and preferences of each 

consumer segment. Evaluation of the optimal 

number of clusters using various metrics and 

analysis of the characteristics of each cluster 

is very important to ensure that the strategy 

implemented is right on target and provides 

maximum results. 

The findings of this study have significant 

policy implications for local governments, 

business support institutions, and 

stakeholders in the development of 

sustainable agro-industry. The approach to 

strengthening MSME competitiveness needs 

to be directed at cluster-based policies, rather 

than uniform policies. Local governments 

can design tiered intervention programs 

according to the characteristics and level of 

readiness of each cluster, for example by 

providing technology support and market 

access for superior clusters, innovation 

assistance and financing for medium-sized 

clusters, and empowerment and basic 

training for low-performing clusters. 

Furthermore, cross-actor synergy is needed 

between the government, universities, 

financial institutions, and the private sector to 

build an inclusive innovation ecosystem and 

value chain. Thus, agro-industry MSME 

development policies should not only focus 

on economic growth but also contribute to 

sustainable development by improving the 

welfare of business actors, preserving the 



Agroindustrial Technology Journal Vol.9 No.2 (2025) 91-99 

 

98 

 

environment, and strengthening local 

economic structures. 
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