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Abstract - Clustering is a fundamental concept in statistics, machine learning, and data science that focuses on organizing
data into meaningful groups based on similarity. Among clustering techniques, hierarchical clustering is particularly powerful
due to its ability to reveal multi-level structure within complex datasets. While modern hierarchical clustering algorithms are
products of computational science, the underlying idea of systematically organizing vast and diverse knowledge is deeply
rooted in ancient intellectual traditions.

In Indian philosophical history, the enormous body of Vediand post-Vedic knowledge was carefully classified, interpreted, and
structured by Sage Vyasa and later scholars to ensure conceptual clarity and accessibility. This process bears a strong
conceptual resemblance to hierarchical clustering, where unstructured or semi-structured data is progressively organized
into increasingly meaningful clusters.

This paper explores hierarchical clustering not merely as a statistical technique but as an interpretative model that resonates
with ancient Indian spiritual wisdom, particularly the Prasthana Traya—the Upanisads, the Bhagavad Gita, and the Brahma
Sutras. These texts present philosophical knowledge in a graded, interconnected, and logically consistent manner, moving
from metaphysical foundations to ethical practice and analytical synthesis. By drawing parallels between clustering
methodologies and philosophical principles, this study highlights a shared intellectual objective across time: the
transformation of complexity into coherence, order, and insight.

Key Words: Hierarchical clustering, Distance measures, Single linkage, Complete linkage, Ward’s method, Prasthana
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1. INTRODUCTION

In the era of big data and artificial intelligence, the ability to analyze and interpret large and complex datasets has become
essential. Clustering, an unsupervised learning technique, plays a crucial role in discovering hidden structures and
patterns within data without prior labeling. Unlike supervised learning, clustering focuses on intrinsic similarity, making it
especially valuable in exploratory data analysis.

Hierarchical clustering is unique among clustering techniques because it does not require the number of clusters to be
specified in advance. Instead, it constructs a nested structure of clusters that reveals relationships at multiple levels of
abstraction. This structure is commonly visualized using a dendrogram, which resembles a branching tree and allows
researchers to observe how individual elements gradually combine into broader groups.

Interestingly, this tree-like organization mirrors ancient Indian approaches to knowledge classification. The Prasthana
Traya, regarded as the foundational corpus of Vedantic philosophy, presents spiritual knowledge in a hierarchical and
systematic manner. The Upanisads lay down core metaphysical truths, the Bhagavad Gita contextualizes these truths
within practical life and ethical action, and the Brahma Sttras provide logical organization and philosophical synthesis.

2. VARIOUS METHODOLOGIES IN HIERARCHICAL CLUSTERING

Hierarchical clustering constructs a hierarchy of clusters using either an agglomerative (bottom-up) or divisive (top-
down) strategy. Agglomerative hierarchical clustering is more widely used in practice and forms the focus of this study.

© 2026, IRJET | ImpactFactorvalue:8.315 | 1S09001:2008 Certified Journal | Pagel6



’// International Research Journal of Engineering and Technology (IRJET)  e-ISSN: 2395-0056
JET Volume: 13 Issue: 02 | Feb 2026 www.irjet.net p-ISSN: 2395-0072

Definition of Distance

In mathematics, statistics, and data science, distance is a quantitative measure that expresses the degree of
separation or dissimilarity between two objects, points, or entities in a given space.

Formally, a distance function (or metric) assigns a non-negative real number to a pair of objects, indicating how far apart
they are, with smaller values representing greater similarity and larger values indicating greater dissimilarity.

A function d:XxX—R is called a distance (metric) on a set X if it satisfies the following properties for all x,y,z €X

Non-negativity : d(xy)=0

Identity of indiscernibles : d(x,y)=0 < x=y
Symmetry : d(x,y)=d(y,x)

Triangle inequality : d(x,z) < d(xy) + d(y,z)

B w N =

2.1 Agglomerative Hierarchical Clustering

The agglomerative procedure consists of the following steps:

1. Each observation begins as a single cluster.

2. Adistance or dissimilarity matrix is computed.

3. The two most similar clusters are merged based on a linkage rule.

4. Distances are recalculated between the new cluster and remaining clusters.

5. The process is repeated until all observations form a single cluster or a chosen stopping criterion is met.
Both the distance measure and linkage method play a decisive role in shaping the dendrogram.

2.2 Distance Measures for Different Data Types

Distance measures define how similarity or dissimilarity between observations is quantified. Since datasets may contain
numerical, binary, categorical, ordinal, or mixed variables, different distance measures are required to accurately capture
underlying relationships.

2.2.1 Distance Measures for Numerical Data
Numerical variables support arithmetic operations and are most commonly used in hierarchical clustering.
Euclidean Distance

Two-Dimensional Space

For two points P(x1, y1) and Q(x2, y2)

d (P,Q)=> (X2 — X1)2 +(y2 - y1)2 This is the most widely used distance measure and assumes isotropic (spherical)

clusters. It is sensitive to scale and therefore requires standardization when variables are measured in different units.
Manhattan Distance

P(x1,y1) and Q(xz, y2)
d(P,Q)=|X, =X |+] Y, -V, |

This measure is more robust to outliers and is effective in high-dimensional datasets.
Minkowski Distance

For two points P(x1, y1) and Q(xz, y2)

dp (P,Q)=(| X, =% |p +] Yo=Y |p)1/p

© 2026, IRJET | ImpactFactorvalue:8.315 | 1S09001:2008 Certified Journal | Pagel7




’,/ International Research Journal of Engineering and Technology (IRJET)  e-ISSN: 2395-0056
JET Volume: 13 Issue: 02 | Feb 2026 www.irjet.net p-ISSN: 2395-0072

A generalized distance that includes Euclidean  (p = 2) and Manhattan (p = 1) distances as special cases.
2.2.2 Distance Measures for Binary Data
Binary attributes take values such as 0/1 or Yes/No.
Hamming Distance

d(x,y)=b+c
where b and c denote mismatches. This measure is suitable for symmetric binary variables.

Jaccard Distance

Consider two binary vectors
X=(X1,X2,-+Xn),Y=(Y1,Y2-»¥n)

d,(x,y)=1-3(x,y)= ﬂ, where J(X,y)= _a Joint absences are ignored, making this measure appropriate
a+b+c a+b+c
for asymmetric binary data such as presence-absence indicators.
2.2.3 Distance Measures for Categorical Data
Categorical (nominal) data represent qualitative attributes without numerical meaning.
Simple Matching Distance

Let two objects be represented by categorical vectors
X=(X1,X2,-+0Xn),Y=(Y1,Y2,--+¥n)
m: number of attributes where x;=y; (matches)
u: number of attributes where x;#y; (mismatches)

Since n=m+u

Simple Matching (SMC)
SMC(x, y) =2
n

Each category is treated equally, making this measure suitable when no natural ordering exists.
Overlap Measure

Let two objects be represented by categorical vectors
X=(X1,X2,.+Xn),¥=(Y1,Y2 Y1)

e a:number of attributes where x;=1 and y;=1
e  b: number of attributes where x;=1 and y;=0
e c:number of attributes where x;=0 and y;=1

Then:

Overlap (x,y)=— 2
min(a+b,a+c)

overiap =1—Overlap

This measure is widely used in categorical clustering algorithms such as k-modes.
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2.2.4 Distance Measures for Angular (Directional / Circular) Data

Angular data represent directions or cyclic quantities (e.g., wind direction, compass bearings, time-of-day). Since angles
wrap around at 21 (or 3600), standard linear distances are inappropriate.

Circular (Angular) Distance
The most fundamental distance for angular data.

For two angles 01 and 0, (in radians):
dCircuIar (611 02) = mln(l 01 - 02 |1 2H_| 01 - 62 |)
2.2.5 Distance Measures for Ordinal Data

Ordinal variables possess inherent ordering but unknown spacing. A common approach is to assign ranks, normalize them
to the interval [0,1], and then apply numerical distance measures. This preserves ordering without imposing artificial
magnitude.

2.2.6 Distance Measures for Mixed-Type Data
Real-world datasets often contain a mixture of variable types.
Gower’s Distance

Let two objects be:
X=(X1,X2, 0. Xp),Y=(Y1,¥ 250 ¥p )

ivvidi(xi’ yl)
dg(x,y) =2
W

where:

e p=number of attributes
e w; €{0,1}=weight (1 if attribute is valid for both objects, 0 if missing)
e di(x;yi) = attribute-wise dissimilarity, 0<di<1

Gower’s distance accommodates numerical, binary, categorical, and ordinal variables simultaneously and is particularly
useful for interdisciplinary datasets.

2.3 Single Linkage Method

In the single linkage method, each data point initially forms its own cluster. Distances between all clusters are computed,
and the two clusters with the minimum inter-point distance are merged. This process is repeated until all points form a
singleclusterorapredefinednumberofclustersisobtained.

Keyldea:Clustersmergeifatleastonepairofpointsiclose.
Effect: This method may produce elongated or chain-like clusters.

2.4 Complete Linkage Method

The complete linkage method also begins with individual data points as clusters. Here, the distance between two clusters
is defined as the maximum distance between any pair of points belonging to different clusters. Clusters with the smallest
suchmaximum distance are merged.
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Key Idea: All points within merged clusters must be close.
Effect: Produces compact and well-separated clusters.

2.5 Average Linkage Method

In average linkage clustering, the distance between two clusters is calculated as the average distance between all pairs of
points across the clusters. Clusters with the smallest average distance are merged iteratively.

Key Idea: Overall similarity between clusters is considered.
Effect: Results in balanced clusters, avoiding extreme chaining or fragmentation.

2.6 Ward'’s Criterion (Ward’s Method)

Ward’s method focuses on minimizing the increase in within-cluster variance at each step. Initially, each data point is
treated as a separate cluster. At every stage, the pair of clusters whose merger results in the smallest increase in total
variance is combined.

Key Idea: Minimize information loss during merging.

Effect: Produces compact, homogeneous, and balanced clusters.In summary, single linkage emphasizes nearest neighbors,
complete linkage considers farthest neighbors, average linkage uses mean distance, and Ward’s method focuses on
minimum variance.

3. Hierarchical Clustering Through the Lens of Prasthana Traya

Hierarchical clustering is a fundamental unsupervised learning paradigm in which data objects are organized into a multi-
level structure, typically represented as a dendrogram or genealogical tree. This tiered organization captures relationships
from broad similarity at higher levels to finer distinctions at lower levels. Such hierarchical structuring exhibits a profound
philosophical parallel with Vedic cosmology, where the universe is conceived as an ordered unfolding governed by rta
(cosmic order) and srsti (creation). In Hindu philosophical thought, existence proceeds from unity to multiplicity, from the
subtle to the gross, and from the unmanifest to differentiated forms, without severing its ontological connection to the
ultimate reality, Brahman.

The Vedic account of creation, particularly articulated in the Taittiriya Upanisad, presents a hierarchical and sequential
cosmology in which reality unfolds in ordered stages—from Brahman to space, air, fire, water, earth, and finally to life and
human consciousness. This gradual differentiation of the Absolute into increasingly concrete forms closely resembles
divisive hierarchical clustering, where a single, unified dataset is progressively partitioned into smaller, more
specialized clusters. Each level of manifestation retains its identity while remaining intrinsically connected to its source,
reflecting differentiation without disconnection—a principle central to both Vedantic metaphysics and hierarchical data
representation.

Complementary to this outward movement of creation is the inward path of spiritual ascent, emphasized in Yogic
and Vedantic traditions. This inward journey mirrors agglomerative hierarchical clustering, where smaller units are
progressively merged into larger, more inclusive wholes. In spiritual practice, fragmented sensory experiences, emotions,
and thoughts are systematically integrated into higher states of awareness through a well-defined hierarchical
progression:

Withdrawal of the senses (pratyahdra),
Regulation of breath and mind (pranayama),
Focused attention (dhdrana),

Sustained contemplation (dhyadna),
Complete absorption (samadhi).

This ascending hierarchy culminates in pure consciousness—an all-inclusive state analogous to the root cluster in
agglomerative clustering. Here, multiplicity dissolves into unity, and differentiated mental states merge into an integrated
whole. Hierarchical clustering thus symbolically captures both the outward expansion and inward contraction of
consciousness, as described in Indian philosophical systems.

Hierarchical structuring is also intrinsic to the organization of Vedic knowledge itself. Traditionally attributed to Sage
Vyasa, the Vedas are arranged into stratified sections—Samhita, Brahmana, Aranyaka, and Upanisad—each representing

© 2026, IRJET | ImpactFactorvalue:8.315 | 1S09001:2008 Certified Journal | Page 20



’// International Research Journal of Engineering and Technology (IRJET)  e-ISSN: 2395-0056
JET Volume: 13 Issue: 02 | Feb 2026 www.irjet.net p-ISSN: 2395-0072

progressively deeper levels of abstraction and insight. This layered epistemic structure closely resembles a dendrogram,
where relationships among subgroups are explicitly expressed and higher levels subsume lower ones. Collectively, these
perspectives reveal that both the cosmos and human cognition evolve through hierarchical patterns.

Within this broader metaphysical and epistemological framework, the Prasthana Traya—the Upanisads, the Bhagavad
Gita, and the Brahma Sttras—offers a rich interpretive lens for understanding hierarchical clustering methods. By drawing
analogies between algorithmic principles and spiritual insights, hierarchical clustering can be interpreted not merely as a
computational technique but as a symbolic model of knowledge integration and realization.

3.1 Single Linkage Method: The Principle of Minimal Connection

Single linkage clustering defines inter-cluster similarity based on the minimum distance between any pair of elements
across clusters. Even a single point of proximity is sufficient to initiate cluster formation. Philosophically, this principle
resonates with the Vedantic insight that a single genuine connection can catalyze profound transformation.

The Upanisads emphasize that even a moment of authentic realization can redirect the seeker toward higher truth, while
the Bhagavad Gita affirms that no sincere spiritual effort—however small—is ever wasted. In this sense, single linkage
symbolizes spiritual progress initiated through minimal yet meaningful contact with truth.

3.2 Complete Linkage Method: The Ideal of Total Alignment

Complete linkage clustering measures inter-cluster distance by the maximum separation between their constituent
elements, requiring full cohesion before clusters are merged. This stringent criterion mirrors the Vedantic insistence on
complete realization rather than partial understanding.

The Upanisads advocate comprehensive knowledge of the Self, the Bhagavad Gita emphasizes harmony among thought,
action, and intention, and the Brahma Siitras accept philosophical truth only when all contradictions are resolved.
Complete linkage thus symbolizes total alignment and internal coherence in both knowledge and spiritual realization.

3.3 Average Linkage Method: Balance and Moderation

Average linkage clustering merges clusters based on the mean distance between their elements, representing an
intermediate and balanced approach. Philosophically, this method corresponds to the Vedantic emphasis on moderation
and integrative understanding.

The Upanisads encourage gradual realization, the Bhagavad Gita promotes harmony among karma, bhakti, and jiiana, and
the Brahma Sitras systematically reconcile diverse philosophical perspectives. Average linkage reflects a middle path,
where unity emerges through steady integration rather than extremes.

3.4 Ward’s Criterion: Preservation of Inner Harmony

Ward’s method minimizes the increase in total within-cluster variance, thereby preserving internal homogeneity and
structural harmony. This principle aligns closely with Vedantic ideals of mental clarity and equilibrium.

The Upanisads value purity and lucidity of consciousness, the Bhagavad Gita extols samatva (equanimity), and the Brahma
Siitras seek to minimize conceptual and logical dissonance. Ward’s criterion thus metaphorically represents the
preservation of inner harmony during the process of unification.

Concluding Insight

Viewed through the lens of the Prasthana Traya, hierarchical clustering methods metaphorically correspond to enduring
spiritual principles—connection, alignment, balance, and harmony. The computational movement from multiplicity to
unity and from unity to structured diversity mirrors the same cosmic and cognitive rhythms articulated in Vedic
philosophy. Hierarchical clustering, therefore, stands not only as a powerful analytical framework but also as a
mathematical reflection of a timeless metaphysical vision of order, consciousness, and realization.
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4. ADVANTAGES OF HIERARCHICAL CLUSTERING

Hierarchical clustering offers:

No need to predefine the number of clusters
Clear interpretability through dendrograms
Multi-level data representation

Flexibility in distance and linkage selection

v e

Broad applicability across disciplines

5. APPLICATIONS OF HIERARCHICAL CLUSTERING

Hierarchical clustering is a foundational methodology in statistics, machine learning, and data science, distinguished by its
ability to reveal multi-level structure within data without requiring prior specification of the number of clusters. Unlike
partitional techniques, hierarchical clustering constructs a nested arrangement of clusters, typically represented through
dendrograms, enabling both local and global interpretations of similarity. Owing to this flexibility and interpretability,
hierarchical clustering has found wide-ranging applications across diverse scientific, technological, and philosophical
domains. Beyond numerical analysis, it also provides a rigorous formal framework for organizing conceptual, semantic,
and epistemological knowledge.

5.1. Applications in Bioinformatics and Computational Biology

One of the earliest and most influential applications of hierarchical clustering is in bioinformatics, where complex
biological data often exhibit natural hierarchical organization. In gene expression analysis, hierarchical clustering is used
to group genes with similar expression profiles across different experimental conditions. Such groupings assist biologists
in identifying co-regulated genes, inferring gene function, and understanding regulatory pathways.

Similarly, hierarchical clustering plays a crucial role in phylogenetics, where it is used to construct evolutionary trees
based on genetic or protein sequence similarities. The dendrogram structure aligns naturally with evolutionary theory,
representing divergence from common ancestors at different levels of granularity. In proteomics and metabolomics,
hierarchical clustering aids in identifying functional modules and biochemical pathways, offering insight into cellular
organization and disease mechanisms.

The interpretability of dendrograms is particularly valuable in biological contexts, where researchers seek not only
predictive accuracy but also explanatory structure. The ability to inspect clusters at multiple levels mirrors biological
hierarchies such as molecules, cells, tissues, organs, and organisms, making hierarchical clustering conceptually congruent
with biological systems.

5.2. Applications in Text Mining and Natural Language Processing

In text mining and natural language processing (NLP), hierarchical clustering is widely used to organize large
collections of documents, terms, or topics. Documents can be clustered based on lexical similarity, semantic embeddings,
or topic distributions, enabling efficient information retrieval, document classification, and corpus exploration.

Hierarchical clustering is especially useful in exploratory text analysis, where the structure of the data is unknown in
advance. For example, digital libraries and academic databases employ hierarchical clustering to organize research articles
into disciplines, sub-disciplines, and thematic categories. This hierarchical organization supports browsing, taxonomy
construction, and ontology development.

At a deeper level, hierarchical clustering contributes to semantic knowledge organization, where concepts are grouped
based on meaning and contextual usage. This aligns with linguistic hierarchies such as words, phrases, sentences, and
discourses. The resulting structures resemble conceptual maps, facilitating applications in question-answering systems,
knowledge graphs, and semantic search engines.
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5.3. Applications in Marketing and Business Analytics

In marketing and customer analytics, hierarchical clustering is employed to segment customers based on behavioral,
demographic, and transactional data. Unlike flat segmentation methods, hierarchical clustering allows marketers to
examine customer groups at varying levels of detail, from broad market segments to highly specific niches.

This multi-level segmentation is valuable for strategic decision-making. At higher levels, organizations can identify general
customer archetypes, while lower levels reveal micro-segments suitable for personalized marketing, recommendation
systems, and targeted promotions. Hierarchical clustering is also used in product categorization, brand positioning, and
market basket analysis, helping businesses understand relationships among products and consumer preferences.

Furthermore, dendrogram-based representations enable managers and analysts—who may not have deep technical
backgrounds—to visually interpret patterns and relationships. This interpretability enhances trust in data-driven
decisions and bridges the gap between quantitative analysis and managerial insight.

5.4. Applications in Image Processing and Computer Vision

In image processing and computer vision, hierarchical clustering is applied to image segmentation, object recognition,
and pattern analysis. Pixels, image patches, or feature vectors extracted from images can be grouped hierarchically based
on similarity measures such as color, texture, or spatial proximity.

Hierarchical image segmentation enables the decomposition of an image into regions at different scales, from coarse
partitions capturing major objects to fine-grained segments revealing detailed structures. This multi-resolution capability
is particularly useful in medical imaging, remote sensing, and satellite imagery, where both global context and local detail
are important.

In pattern recognition, hierarchical clustering supports unsupervised learning scenarios where labeled data are scarce.
The nested cluster structure facilitates progressive refinement of categories, resembling human visual perception, which
often recognizes general forms before attending to details.

5.5. Applications in Social Sciences and Behavioral Studies

The social sciences frequently deal with complex, multidimensional, and interrelated data involving individuals, groups,
institutions, and societies. Hierarchical clustering is used to analyze social networks, survey data, demographic patterns,
and cultural traits.

For example, sociologists apply hierarchical clustering to classify communities based on socioeconomic indicators,
revealing regional inequalities and development patterns. In psychology and behavioral science, it is used to group
individuals based on personality traits, cognitive styles, or behavioral responses, supporting theory building and empirical
validation.

Anthropology and cultural studies also benefit from hierarchical clustering when analyzing linguistic families, cultural
artifacts, or belief systems. The hierarchical representation resonates with social stratification, institutional layering, and
cultural transmission across generations.

5.6. Applications in Knowledge Organization and Information Science

Beyond empirical domains, hierarchical clustering serves as a powerful tool in knowledge organization and
information science. Classification systems, taxonomies, and ontologies often rely on hierarchical structures to represent
relationships among concepts. Hierarchical clustering provides a data-driven approach to constructing such structures,
especially when manual classification is infeasible due to scale or complexity.

Digital archives, libraries, and knowledge management systems employ hierarchical clustering to organize information
resources, enhance discoverability, and support semantic interoperability. The resulting structures reflect not only
similarity but also conceptual proximity, enabling efficient navigation through large knowledge spaces.

5.7. Philosophical and Epistemological Applications

Beyond numerical and applied contexts, hierarchical clustering offers a formal framework for organizing conceptual
and philosophical knowledge. Human cognition naturally categorizes experiences into nested structures—universal,
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particular, and individual—mirroring the logic of hierarchical clustering. Concepts such as genus and species, whole and
part, or essence and attribute can be interpreted through hierarchical relationships.

In epistemology, hierarchical clustering can be viewed as a computational analogue of knowledge structuring, where raw
sensory data are progressively abstracted into concepts and theories. Lower-level clusters correspond to empirical
observations, while higher-level clusters represent general principles or metaphysical categories. This perspective bridges
data-driven analysis with philosophical inquiry into the nature of knowledge, classification, and understanding.

Furthermore, hierarchical clustering aligns with traditional philosophical systems that emphasize layered reality and
structured cognition. By offering a mathematically grounded yet intuitively interpretable model, it facilitates dialogue
between modern data science and classical philosophical frameworks.

5.8. Integrative Perspective

The versatility of hierarchical clustering lies in its capacity to unify analysis, interpretation, and conceptual organization.
Whether applied to genes, documents, customers, images, societies, or philosophical ideas, the method consistently reveals
structure across scales. Its dendrogram-based representation supports both quantitative rigor and qualitative insight,
making it uniquely suited for interdisciplinary research.

In an era characterized by data abundance and conceptual complexity, hierarchical clustering stands out as a
methodological bridge—connecting empirical data with human understanding, numerical computation with philosophical
reflection, and specialized applications with universal principles of organization.
6. DISCUSSION AND INTERDISCIPLINARY IMPLICATIONS
Both hierarchical clustering and Indian philosophical systems address complexity through gradual integration. Distance
measures parallel philosophical discernment (viveka), while linkage methods resemble paths of synthesis leading toward
unity.
7. CONCLUSION AND FUTURE SCOPE
Hierarchical clustering provides a powerful analytical framework for structuring complexity. When examined through the
lens of Indian philosophy, it reveals timeless epistemological principles. Future work may extend this framework to other
philosophical systems, cognitive modeling, and explainable artificial intelligence.
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