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Abstract: This study aimed to compare the similarity between clusters generated by hierarchical and
partitioning methods (k-means) in the analysis of fuel prices, using data on regular gasoline and ethanol
in the municipality of Campina Grande — PB, Brazil, in 2019. Cluster analysis, a multivariate statistical
technique, was applied to classify fuel stations into homogeneous groups based on price proximity. The
analyses were performed using R software, demonstrating the feasibility of applying these techniques
to real-world data. In the non-hierarchical method (k-means), the number of groups was determined
using the Elbow method, with significant differences identified in the mean prices between clusters. For
the hierarchical method, we employed Euclidean distance and complete linkage, the resulting clusters
exhibited structures similar to those obtained with k-means. The comparison between both approaches
revealed consistency in group formation and cluster structural similarity, indicating that the methods
produced convergent results for fuel station price segmentation, this demonstrates the reliability of the
employed techniques. In conclusion, cluster analysis proves to be an effective tool for fuel market stud-
ies, both hierarchical and partitioning methods, while distinct in their approaches, generated coherent
groupings in this context.

Keywords: Cluster analysis; Hierarchical and partitioning methods, Fuel prices; k-means, Euclidean
distance.

Introduction

Fuel stations are facilities that sell petroleum products and biofuels - including gasoline,
diesel, ethanol, and natural gas - regulated by Brazil’s National Agency of Petroleum, Nat-
ural Gas and Biofuels (ANP) (PETROLEO, G. N. E. B. AGENCIA NACIONAL do, 2017).
Fuel price fluctuations are heavily influenced by the volatility of the international oil market,
which has significant effects on economic performance and household consumption (Dallal et
al., 2024). In particular, gasoline and ethanol, widely used fuels in Brazil, have exhibited inter-
connected price trajectories, influenced by factors such as production costs, taxation, and local
market competition.

In this context, multivariate statistical techniques, particularly cluster analysis, serve
as valuable tools for identifying fuel price similarity patterns across different retail locations.
This approach, classified as unsupervised machine learning, groups observations based on their
similarities, maximizing within-cluster homogeneity while maximizing between-cluster hetero-
geneity (Silva, 2021). This technique has proven versatile across multiple disciplines, partic-
ularly in economic and management sciences, by enabling the organization of large datasets
into groups with similar characteristics, thereby facilitating the analysis and interpretation of
relevant patterns. (Ferreira et al., 2020).
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Among available clustering techniques, hierarchical and partitioning methods stand out
as the most prominent, differing primarily in their group formation strategies during the analysis
process (Pereira, 2023). While hierarchical methods group data based on similarity or dissim-
ilarity measures, producing a dendrogram structure, partitioning methods like k-means require
predefined cluster numbers and use an iterative process to optimize element allocation (Oliveira
et al., 2022). The choice between these techniques depends on the study objectives and data
characteristics, but comparing their effectiveness in generating consistent clusters is essential
for result validation.

This study evaluates the similarity between clusters generated by hierarchical and par-
titioning methods in analyzing regular gasoline and ethanol prices in Campina Grande, PB,
Brazil. To this end, cluster analysis was applied to identify stations with similar pricing pat-
terns, comparing the consistency of groups generated by each method.

Materials and methods

The data used in this study were collected in person by the Municipal Fund for the
Defense of Diffuse Rights (PROCON) in Campina Grande, PB, Brazil, and consist of 2019
fuel price records. The dataset comprises 57 fuel stations distributed across the city, containing
the following variables: station ID, brand, neighborhood, regular gasoline price, and ethanol
price. Following data collection, a thorough verification process was conducted to identify and
address missing values or storage inconsistencies, ensuring data quality prior to analysis.

All statistical procedures, calculations, and visualizations were performed using R soft-
ware (R Core Team, 2024), using specialized packages for data analysis. Among the main
packages employed were: cluster (for cluster analysis) (Maechler et al., 2025), factoextra (for
multivariate data visualization) (Kassambara; Mundt, 2020), ClustOfVar (for variable cluster-
ing) (Chavent et al., 2025) e ggdendro (for dendrogram creation) (de Vries; Ripley, 2024).

Cluster analysis

Cluster analysis is a set of multivariate techniques designed to group objects based on
their shared characteristics (Hair et al., 2009). Objects within each group tend to be similar to
one another, yet distinct from objects in other groups, (Malhotra, 2019).

According to Falqueto e Cezar (2022), the cluster analysis process involves several fun-
damental steps: defining the sample to be clustered, selecting the most relevant variables to
represent the individuals’ characteristics, and choosing a clustering method (either agglomera-
tive or partitioning), while ensuring evaluation of the resulting clusters quality and coherence.

In this study, the number of clusters was determined using the Elbow method, which is
generally considered a reliable indicator for identifying the appropriate quantity of groupings.
The Elbow method represents one of the most traditionally used approaches for estimating the
optimal number of clusters in a dataset. While widely adopted for its application simplicity, it
remains sensitive to graphical interpretation (Alves et al., 2024).

Similarity and distance measures

According to Paz (2024), there are two primary approaches for quantifying relationships
between objects in an analysis: similarity measures, which express the degree of direct corre-
spondence between elements (with higher values indicating greater likeness), and dissimilarity
or distance measures, where larger values reflect greater divergence between compared items.

Sigmae, Alfenas, v.14, n.4, p. 75-83, 2025.



Silva, Bezerra e Mata (2025) 77

Correlation coefficients

Similarity measures play a crucial role in cluster analysis by enabling the quantification
of association degrees between objects. Among these measures, Pearson’s correlation coeffi-
cient stands out for its ability to capture linear relationships between variables. It is widely
applied across diverse fields due to its intuitive interpretation and straightforward implementa-
tion (Albuquerque et al., 2022). Although the correlation coefficient is commonly attributed to
Karl Pearson, its origins trace back to Francis Galton’s studies on regression and correlation,
which directly influenced Pearson’s work (Chattamvelli, 2024).

Distance measures

Most clustering techniques rely on calculating a measure that quantifies the degree of
separation between objects, typically represented by distance functions or specific metrics (Gao
et al., 2023). Multiple functions can serve as distance measures in cluster analysis (Buccianti;
Gozzi, 2023). Some distance metrics are classified as similarity measures, including: Euclidean
distance, Squared Euclidean distance, Manhattan distance, Minkowski distance, and Maha-
lanobis distance (Crispim et al., 2019).

Hierarchical methods

This procedure organizes data into a hierarchical structure by grouping elements ac-
cording to their similarities (Ran et al., 2023). Hierarchical methods can be classified into two
main types: agglomerative, which build clusters through progressive merging of elements, and
divisive, which form clusters via successive splitting (Wang et al., 2023). The agglomerative
method encompasses various widely-used techniques in practice, (Abushilah; Abbas, 2023):
single linkage, complete linkage, average linkage, median linkage, centroid method, Ward’s
Method. According to Cabezas et al. (2023), in hierarchical methods, dendrograms (tree dia-
grams) are commonly used to visualize clustering results. In this representation, the branches
represent individual elements, while the root symbolizes the complete dataset grouping.

Results and discussion

Initially, cluster analysis techniques were applied, both the non-hierarchical approach
(k-means method) and hierarchical (with complete linkage and Euclidean distance), to identify
natural groupings among fuel stations based on gasoline and ethanol prices. Following cluster
determination by each method, a detailed descriptive analysis was conducted of prices within
each formed group.

Non-hierarchical method

Determining the number of clusters using the Elbow method involves analysis of a scree
plot, where the location of one (elbow) is normally considered indicative of the ideal number of
clusters.
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Figure 1: Determining the optimal number of clusters using the Elbow method (Scree Plot)
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The scree plot reveals a noticeable decline deceleration, indicating that the optimal num-
ber of clusters according to the Elbow method is 3 (three).

Using the K-means method, we can observe the distribution of fuel stations across dif-
ferent clusters. This segmentation is visualized in Figure 2.

Figure 2: Distribution of fuel stations across identified clusters
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Figure 3 displays the geographic distribution of fuel stations, organized according to
clusters formed by the K-means method. Each color represents a distinct group.
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Figure 3: Geographic distribution of fuel stations by cluster
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Hierarchical method

Figure 4 displays the dendrogram showing clusters formed by the complete linkage
method, following the same criterion used to determine the cluster number in the non-hierarchical
approach (i.e., 3 clusters)

Figure 4: Dendrogram
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Descriptive statistics by cluster

Table 1 presents descriptive statistics of regular gasoline prices across the identified
clusters, highlighting key group characteristics.

Table 1: Statistics for regular gasoline by cluster

Statistics cluster 1 cluster 2 cluster 3
Minimum 4,257 4,294 4,318
Median 4,283 4,327 4,326
Mean 4,282 4,328 4,343
SD 0,012 0,017 0.030
Ccv 0,003 0,004 0.007
Maximum 4,308 4,388 4,386

Source: from the authors (2025).

The statistical analysis reveals that cluster 3, comprising only five fuel stations, exhib-
ited the highest mean price for regular gasoline in 2019, suggesting these stations maintained
consistently elevated pricing. The mean values indicate that cluster 1 offered the most compet-
itive pricing for regular gasoline, with the lowest average price. cluster 2 showed intermediate
pricing, while cluster 3 maintained the highest prices.

Table 2 presents descriptive statistics of ethanol prices across clusters, highlighting key
group characteristics.

Table 2: Statistics for ethanol by cluster

Statistics cluster 1 cluster 2 cluster 3
Minimum 3,209 3,268 3,478
Median 3,235 3,299 3,499
Mean 3,232 3,312 3,523
SD 0,013 0,031 0,068
(O\Y 0,004 0,009 0,019
Maximum 3,257 3,391 3,641

Source: from the authors (2025).

The observed pattern for regular gasoline happens for ethanol: Cluster 3 shows the
highest mean ethanol price and maximum values across all reported statistics, while Cluster 1
maintains the lowest mean price - mirroring the gasoline pricing structure.

Conclusion

The results identified three distinct clusters grouping stations with similar pricing pat-
terns. The hierarchical method employed Euclidean distance and complete linkage, while the
non-hierarchical approach utilized k-means clustering. This consistency across methodologies -
with no station reassignments between clusters - confirms the robustness of the cluster analysis
in this study.

As highlighted by Silva (2021), Campina Grande’s PROCON could implement clus-
ter analysis in their monthly fuel price surveys. This approach would help consumers identify
stations with the most affordable prices, potentially reducing their gasoline and ethanol expen-
ditures.
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