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Abstrak 

Analisis emosi pada teks merupakan topik penting dalam pemrosesan bahasa alami 

karena emosi berperan besar dalam memahami opini publik, kondisi psikologis, dan dinamika 

interaksi digital. Namun, sebagian besar penelitian sebelumnya masih bergantung pada 

pendekatan klasifikasi terawasi berbasis label emosi, yang berpotensi mengabaikan struktur 

semantik laten dan tumpang tindih antar emosi dalam bahasa alami. Penelitian ini bertujuan 

untuk mengevaluasi struktur emosi laten dalam teks melalui pendekatan klasterisasi semantik 

tanpa pengawasan. Metode yang digunakan meliputi prapemrosesan teks, representasi fitur 

menggunakan Term Frequency–Inverse Document Frequency (TF–IDF), reduksi dimensi 

dengan Singular Value Decomposition (SVD), serta klasterisasi menggunakan algoritma K-

Means dan Hierarchical Agglomerative Clustering. Evaluasi dilakukan menggunakan metrik 

internal dan eksternal secara pasca-hoc untuk menganalisis kualitas klaster dan keterkaitannya 

dengan label emosi yang tersedia. Hasil penelitian menunjukkan bahwa K-Means menghasilkan 

klaster yang lebih baik dan interpretatif dibandingkan pendekatan hierarkis, sementara kedua 

metode sama-sama memperlihatkan tingkat tumpang tindih emosi yang tinggi. Temuan ini 

mengindikasikan bahwa ekspresi emosi dalam teks bersifat kontinu dan tidak sepenuhnya 

terwakili oleh kategori diskret. Penelitian ini menegaskan pentingnya pendekatan klasterisasi 

semantik sebagai alat analitis untuk memahami struktur emosi laten dalam teks secara lebih 

mendalam. 

Kata kunci—Analisis Emosi; Unsupervised Learning; Klasterisasi Semantik; Penambangan 

Teks; Pemrosesan Bahasa Alami 

Abstract 

 Emotion analysis in textual data is an important topic in natural language processing, 

as emotions play a crucial role in understanding public opinion, psychological states, and 

dynamics of digital interaction. However, most existing studies rely heavily on supervised 

classification approaches based on predefined emotion labels, which may overlook latent 

semantic structures and emotional overlap inherent in natural language. This study aims to 

evaluate latent emotional structures in text using an unsupervised semantic clustering 

approach. The proposed method involves text preprocessing, feature representation using Term 

Frequency–Inverse Document Frequency (TF–IDF), dimensionality reduction through Singular 

Value Decomposition (SVD), and clustering using K-Means and Hierarchical Agglomerative 

algorithms. Both internal and post-hoc external evaluation metrics are employed to assess 

cluster quality and examine their correspondence with available emotion labels. The results 

indicate that K-Means clustering produces more compact and interpretable clusters than the 

hierarchical approach, while both methods reveal substantial emotional overlap across 

clusters. These findings suggest that emotional expressions in text exhibit a continuous semantic 

structure rather than discrete categorical boundaries. This study highlights the importance of 

unsupervised semantic clustering as an analytical tool for gaining deeper insight into latent 

emotional patterns in textual data. 

Keywords— Emotion Analysis, Unsupervised Learning, Semantic Clustering, Text Mining, 

Natural Language Processing 
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1. INTRODUCTION 
 

The automatic analysis of emotions expressed in textual data has become a central 

research problem in natural language processing (NLP) and affective computing, driven by the 

exponential growth of user-generated text across digital platforms. Emotional information 

embedded in text plays a crucial role in diverse applications, including public opinion 

monitoring, mental health assessment, crisis detection, marketing analytics, and policy 

evaluation. Despite significant progress in computational methods, the question of how 

emotions are structurally organized in language, and whether existing computational models can 

faithfully capture this organization, remains poorly understood, particularly given the context-

sensitive and multidimensional nature of affective expression [1]. 

Most contemporary approaches to emotion analysis conceptualize the task as a 

supervised classification problem, where textual inputs are mapped onto predefined emotion 

categories using labeled datasets. Recent advances in deep learning, particularly transformer-

based architectures, have led to substantial performance gains under this paradigm, reinforcing 

the dominance of label-driven emotion modeling in the literature [2], [3]. However, growing 

empirical evidence indicates that high classification accuracy does not necessarily equate to a 

semantically accurate or theoretically grounded representation of emotional meaning. Emotion 

labels are often heterogeneous, overlapping, and influenced by annotation guidelines or cultural 

assumptions, raising concerns about whether supervised models capture genuine affective 

structure or merely replicate annotation conventions [4], [5]. 

This tension has led to an emerging contradiction in the field. On the one hand, 

supervised emotion classifiers continue to improve quantitatively on benchmark datasets. On the 

other hand, qualitative analyses increasingly suggest that emotional expressions in text are 

continuous, context-dependent, and semantically intersecting, rather than cleanly separable into 

discrete categories [6]. Studies in affective computing and cognitive modeling further indicate 

that emotional states often manifest as blended or transitional forms rather than isolated classes, 

challenging rigid taxonomic representations [7]. As a result, the reliance on fixed emotion 

taxonomies may obscure latent patterns of emotional expression that do not align with 

categorical boundaries. This contradiction highlights a critical gap in current knowledge: the 

lack of systematic investigation into the latent semantic organization of emotions beyond label-

based frameworks. 

In response to these limitations, unsupervised and exploratory approaches have gained 

renewed attention as complementary strategies for emotion analysis. Rather than predicting 

predefined labels, unsupervised methods aim to discover intrinsic structures in textual data 

based on semantic similarity. Among these approaches, semantic text clustering offers a 

principled way to group texts based on shared linguistic and affective characteristics, potentially 

revealing latent emotional patterns that emerge naturally from the data. Prior research has 

demonstrated that clustering techniques can uncover meaningful groupings in large text corpora, 

including affective and sentiment-related patterns, without relying on annotated labels [8]. 

Recent work further suggests that clustering based on semantic representations can expose 

affective regularities that are not readily observable through supervised classification alone [9]. 

Nonetheless, existing clustering-based studies on emotion analysis remain fragmented 

and conceptually underdeveloped. Many works employ clustering primarily as a technical 

preprocessing step such as reducing class cardinality or supporting downstream classification 

rather than as an analytical lens for interrogating emotional structure itself. For example, recent 

studies applying clustering to emotion-labeled text often emphasize visualization or efficiency 

gains while offering limited theoretical interpretation of what the resulting clusters signify in 

affective terms [10]. As demonstrated in prior work, clustering outcomes frequently reveal 

substantial overlap among emotion categories, suggesting that emotional expressions may share 

common semantic foundations rather than forming isolated groups [10]. Similar observations 

have been reported in studies leveraging large-scale semantic embeddings, where clusters tend 

to reflect gradual affective continua rather than discrete emotional partitions [11]. 
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Furthermore, methodological critiques have highlighted that interpreting clustering 

results is far from straightforward. Internal validation metrics commonly used to assess 

clustering quality can behave inconsistently when applied to high-dimensional semantic data, 

and recent evidence shows that some widely adopted external validation measures may exhibit 

biased behavior under certain configurations [12]. This concern is compounded in emotion 

analysis, where semantic proximity does not always translate into clear cluster boundaries due 

to inherent affective ambiguity. Consequently, low cluster separability should not automatically 

be interpreted as methodological failure; instead, it may reflect fundamental properties of 

emotional language, such as gradual transitions and semantic overlap between affective states, 

as also noted in recent affective computing surveys [1]. 

Despite these insights, a clear research gap persists. There is a limited systematic 

understanding of whether unsupervised semantic clustering can meaningfully capture latent 

emotional structures in text and how such structures relate to, diverge from, or challenge 

predefined emotion labels. In particular, few studies explicitly frame clustering as a tool for 

evaluating the adequacy of categorical emotion representations or for examining the continuity 

of emotional meaning in language. Moreover, existing research rarely articulates clustering 

results within broader theoretical debates on emotion representation, leaving their epistemic 

implications underexplored despite calls for theory-aware affective modeling [7]. 

The present study addresses this gap by reframing unsupervised semantic text clustering 

as an analytical instrument for evaluating emotional structure rather than as a purely technical 

procedure. Instead of optimizing predictive performance, the study treats clustering outcomes as 

empirical evidence of how emotional expressions are organized in semantic space. Building on 

prior findings that show logical but overlapping emotion groupings emerging from clustering 

analyses [10], this work advances a more theoretically informed interpretation of clusters as 

manifestations of latent affective organization rather than approximations of discrete emotion 

classes. Recent advances in semantic representation learning further motivate this perspective 

by enabling richer, more flexible modeling of affective similarity [9], [11]. 

The innovation of this study lies in its conceptual repositioning of clustering-based 

emotion analysis as an evaluative framework rather than a predictive task. Instead of focusing 

on label prediction accuracy, this research examines whether unsupervised semantic text 

clustering can uncover coherent latent emotional structures independent of predefined categories 

and what such structures reveal about the semantic organization of emotions in language. By 

emphasizing interpretability, post-hoc validation, and alignment with contemporary theories that 

conceptualize emotion as a continuous and context-sensitive phenomenon, this study addresses 

a critical gap at the intersection of NLP methodology and emotion theory. It contributes a 

theory-aware analytical perspective to affective computing research beyond performance-driven 

evaluation [5]. 

 

2. METHODS 

 

This study employs a structured methodological framework to investigate latent 

emotional structures in textual data through unsupervised semantic clustering. As illustrated in 

Figure 1, the workflow comprises data understanding and exploratory analysis, text 

preprocessing, semantic representation and dimensionality reduction, unsupervised clustering, 

and post-hoc evaluation to analyze latent emotional organization based on semantic similarity 

rather than predefined labels.  

2.1 Data Source and Characteristics  

This study uses the “Emotion Detection from Text” dataset [13], which is publicly 

available on Kaggle and widely used in emotion analysis research. The dataset consists of short 

user-generated text entries originally collected from social media and is structured to support 

large-scale emotion detection tasks. In its commonly distributed form, the dataset contains 
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approximately 40,000 records organized into four primary fields, including a unique identifier 

(e.g., tweet ID), an emotion or sentiment label, and the raw textual content. The dataset schema, 

as documented in independent technical reports, confirms that the key attributes comprise 

tweet_id, sentiment (emotion label), and content (unfiltered text), reflecting its explicit design 

for mapping short textual instances to emotion categories [14].  
 

 
Figure 1  Research Method 

 

These characteristics make the dataset particularly suitable for the present study, which 

aims to evaluate latent affective structures in short-form text. Short social-media texts exhibit 

high lexical variability, contextual ambiguity, and substantial semantic overlap across emotion 

categories, posing challenges for rigid label-based representations. Although emotion labels are 

provided, this study deliberately treats them as post-hoc reference signals for external 

comparison and interpretive validation rather than as supervision targets during model 

construction. This design choice ensures that the clustering process remains fully unsupervised 

and that the resulting groupings reflect intrinsic semantic similarity patterns in the text, enabling 

a principled examination of the alignment—or divergence—between categorical emotion 

annotations and latent semantic structures in emotional language. 

2.2 Data Understanding and Exploratory Analysis  

An initial data understanding phase is conducted to examine the distribution of emotion 

labels and the intrinsic characteristics of the textual corpus before any transformation or 

modeling. The dataset consists of short-form user-generated texts annotated with multiple 

emotion categories, a structure known to introduce high lexical variability, contextual 

ambiguity, and informal language usage. Exploratory data analysis (EDA) is therefore 

performed on the raw text to assess text length distribution, vocabulary richness, and the 

prevalence of noise elements such as URLs, user mentions, hashtags, numerical tokens, and 

punctuation, which are particularly relevant for social media–derived corpora where surface-

level noise can substantially distort semantic representations if left unaddressed [15]. The EDA 

results reveal considerable lexical and semantic overlap among emotion labels, reflected in the 

frequent co-occurrence of similar terms across categories, a phenomenon widely reported in 

recent emotion-focused analyses of social media text that highlight annotation subjectivity and 

reduced categorical distinction in applied schemes [16]. Related syntheses further emphasize the 

prevalence of mixed or overlapping affective states and the need to treat taxonomy differences 

as substantive methodological issues rather than noise [7], while social media studies explicitly 

motivate moving beyond single-label assumptions because texts often encode complex and 
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mixed emotions [17]. Consequently, these observations motivate adopting unsupervised 

clustering as an exploratory analytical framework, enabling investigation of latent emotional 

structures based on semantic similarity without reliance on predefined labels and supporting a 

more nuanced, structure-oriented analysis of emotional language. 

2.3 Text Preprocessing and Representation 

Text preprocessing is conducted to reduce noise while preserving semantically 

meaningful information relevant to emotional expression in short textual data. The 

preprocessing pipeline includes handling missing values, removing non-linguistic elements such 

as URLs, user mentions, and hashtags, eliminating stopwords, converting text to lowercase for 

lexical consistency, and inspecting post-preprocessing text length to ensure that emotionally 

informative content is not excessively truncated. These steps are particularly critical for social 

media–derived text, where informal language use and platform-specific artifacts can obscure 

genuine semantic similarity patterns, and the preprocessing strategy is therefore intentionally 

conservative to reduce superficial variability while preserving affective nuance and lexical 

diversity. Following preprocessing, textual data are transformed into numerical representations 

using the Term Frequency–Inverse Document Frequency (TF-IDF) scheme, which emphasizes 

terms salient within individual documents while down-weighting ubiquitous corpus-level terms, 

making it well-suited to short, emotion-laden texts where emotionally meaningful words may 

appear infrequently [18]. In addition to its effectiveness, TF-IDF offers high interpretability, as 

cluster characteristics can be examined through representative keywords derived from term 

weights, enabling transparent semantic inspection and qualitative analysis of latent themes. 

Although more complex embedding techniques are available, TF-IDF is deliberately employed 

to maintain methodological transparency and interpretability, as it supports subsequent 

clustering and thematic interpretation through keyword inspection [19]. 

2.4 Dimensionality Reduction via Singular Value Decomposition 

To address the high dimensionality and sparsity of TF-IDF representations, truncated 

Singular Value Decomposition (SVD) is applied to obtain a low-dimensional semantic space, 

commonly referred to as Latent Semantic Analysis/Indexing (LSA/LSI) in textual applications, 

which captures latent semantic structure through dominant term–document co-occurrence 

patterns [20]. By decomposing the TF-IDF matrix into orthogonal components and retaining the 

most significant singular vectors, SVD filters out noise and weakly informative features, thereby 

enhancing the interpretability, stability, and computational efficiency of subsequent clustering 

operations while preserving critical semantic relationships in high-variability short texts [21]. In 

this study, dimensionality is reduced from 5,000 features to 200 latent components, yielding a 

dense representation that mitigates sparsity effects and improves the robustness of distance-

based clustering. The transformation is applied in a fully unsupervised manner without 

introducing emotion-specific priors, ensuring that the resulting latent space reflects inherent 

semantic structure rather than predefined emotional assumptions. 

2.5 Clustering Algorithms and Interpretation 

Two unsupervised clustering algorithms, K-Means and Hierarchical Agglomerative 

clustering, are employed to identify latent emotional groupings within the reduced semantic 

space. These methods are selected for their complementary analytical characteristics and for 

their widespread use in exploratory text clustering, enabling comparisons between partition-

based optimization and hierarchical data aggregation (Petukhova et al., 2025). K-Means 

clustering partitions a dataset into a predefined number of clusters by minimizing the within-

cluster sum of squares, which is commonly used as a measure of within-cluster variance, over 

vector representations in the latent semantic space [22], with the number of clusters determined 

using both the Silhouette coefficient and the Elbow method to reflect different structural 
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assumptions. Silhouette-based model selection emphasizes cluster compactness and inter-cluster 

separation. In contrast, the Elbow criterion selects the number of clusters by inspecting 

diminishing returns in the reduction of within-cluster dispersion. Consequently, the two criteria 

can yield different k solutions (e.g., 12 vs. 7), enabling a systematic comparison of clustering 

outcomes under distinct, yet theoretically motivated, validity assumptions [23]. Importantly, 

internal cluster validity indices (including Silhouette) are treated as exploratory heuristics rather 

than definitive evidence of intrinsic cluster structure, because different indices emphasize 

different notions of cohesion/separation and can behave differently under high-dimensional 

settings [24]. 

Hierarchical Agglomerative Clustering is a contrastive clustering approach that 

constructs a dendrogram via a bottom-up procedure, starting from singleton clusters and 

progressively merging the most similar clusters based on a linkage criterion, thereby enabling 

exploratory analysis without requiring an a priori specification of cluster centroids [25]. Flat 

cluster partitions are extracted from the hierarchical structure to enable direct comparison with 

K-Means results and to assess whether the data naturally form balanced groupings or converge 

toward dominant clusters. To support interpretive analysis, representative top keywords are 

extracted from the TF-IDF feature space for each identified cluster by examining terms with the 

highest average TF-IDF weights, serving as proxies for dominant semantic and affective 

themes. Visualization techniques are employed to complement qualitative interpretation rather 

than to assert strict separability, including two-dimensional scatter plots based on SVD 

projections to illustrate cluster overlap and heatmaps to examine post-hoc correspondence 

between clustering outcomes and original emotion labels. Together, these analytical components 

provide a multifaceted perspective on latent emotional structure, emphasizing semantic 

continuity and overlap rather than categorical separation. 

2.6 Evaluation Strategy 

 Clustering performance is evaluated using a combination of internal and external (post-

hoc) validation metrics to assess cluster quality from complementary perspectives, as commonly 

recommended in unsupervised learning studies [26]. Internal evaluation employs the Silhouette 

coefficient, which measures both cluster compactness and inter-cluster separation in the latent 

semantic space and is widely regarded as a robust intrinsic validity index for clustering analysis. 

Based on this criterion, K-Means demonstrates a higher Silhouette score than Hierarchical 

Agglomerative clustering, indicating more compact and structurally stable partitions under 

centroid-based optimization [27]. External evaluation is conducted post hoc using Normalized 

Mutual Information (NMI), Adjusted Rand Index (ARI), and Purity with respect to the original 

emotion labels; these measures are not used for model selection or optimization, but are solely 

used to support interpretive analysis of clustering outcomes against reference annotations. The 

generally low NMI and ARI values observed across both clustering methods reflect limited 

correspondence between induced clusters and predefined labels, a typical and theoretically 

expected outcome in unsupervised settings that reflects semantic overlap and the continuous 

nature of emotional expression in text [28]. The relatively higher Purity achieved by K-Means 

suggests the presence of dominant emotion tendencies within certain clusters; however, the 

absence of a one-to-one correspondence with emotion categories reinforces the interpretation 

that the clustering results primarily capture latent semantic similarity rather than discrete 

emotions.  

 

3. RESULTS AND DISCUSSION 
 

This section presents the experimental results of unsupervised semantic clustering 

applied to the emotion text dataset using the methodological pipeline described previously, 

including TF-IDF vectorization, dimensionality reduction via Singular Value Decomposition 

(SVD), and clustering with K-Means and Hierarchical Agglomerative approaches. 
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Dimensionality reduction from 5,000 terms to 200 latent components substantially reduces 

sparsity while preserving the dominant semantic variance, enabling stable distance-based 

clustering; however, visualization of the SVD-projected space reveals dense, overlapping 

regions that do not align with predefined emotion labels. Quantitative evaluation metrics and 

qualitative analysis of representative keywords indicate that K-Means produces more compact, 

interpretable flat clusters than the hierarchical approach. At the same time, a post hoc 

comparison with the original emotion labels shows weak correspondence between the two 

methods. These findings are theoretically consistent with the semantic overlap and continuity of 

emotional expressions and suggest that categorical emotion labels capture only part of the 

underlying organization of emotional language, thereby reinforcing the value of unsupervised 

semantic clustering as an exploratory framework for uncovering latent affective structures 

beyond rigid classification schemes. 

3.1 K-Means Clustering 

K-Means clustering was applied in two configurations to examine cluster structure at 

different levels of granularity, with the number of clusters set to 12 based on the Silhouette 

coefficient and to 7 based on the Elbow method. In the twelve-cluster configuration, internal 

evaluation yielded a Silhouette score of 0.0391, indicating higher cluster compactness and 

separation than in the hierarchical approach. The corresponding heatmap (Figure 2) illustrates 

the distribution of original emotion labels across clusters and shows that Cluster 4 emerges as 

the largest, dominated by the worry, sadness, and neutral labels. This pattern suggests that 

expressions of general negative affect and emotionally neutral statements are the most prevalent 

semantic structures in the dataset, outweighing more specific or intense emotional categories. It 

reinforces the presence of overlapping emotional expressions in textual data. 

Color intensity represents the frequency of text instances per cluster–label combination. 

The semantic characteristics of the clusters are further elucidated through analysis of the top 

keywords extracted from each cluster (Table 1). The keyword distributions reveal that clusters 

are defined by recurring lexical patterns related to concern, uncertainty, and everyday discourse, 

rather than by exclusive emotion-specific vocabularies. While some clusters show partial 

dominance of particular emotion labels, none exhibit complete homogeneity, underscoring the 

semantic overlap among emotional expressions. 

 
Figure 2 Heatmap of K-Means clustering results (12 clusters) versus original emotion labels. 

 



◼          ISSN (print): 1978-1520, ISSN (online): 2460-7258 

IJCCS  Vol. 20 No. 2,  April 2026 :  199 – 210 

206 

Table 1 Representative top keywords for selected K-Means clusters in the 12-cluster 

configuration. 
Cluster ID Cluster 

Size 

(n) 

Representative Keywords (TF–IDF weight) 

Cluster 0 510 quot (0.1281), hate (0.1171), last (0.1054), night (0.0655), last night (0.0569), 

last day (0.0298), day (0.0261), today (0.0129), one (0.0120), much (0.0082), 

still (0.0080), getting (0.0076), school (0.0071), said quot (0.0069), got 

(0.0066) 

Cluster 1 497 work (0.2753), day (0.0286), back work (0.0258), today (0.0248), back 

(0.0217), get (0.0201), work today (0.0178), going (0.0169), weekend (0.0151), 

tomorrow (0.0141), going work (0.0137), time (0.0135), work tomorrow 

(0.0132), still (0.0127), link (0.0118) 

Cluster 2 652 get (0.1434), going (0.1178), tonight (0.0140), see (0.0134), back (0.0127), 

today (0.0118), home (0.0115), day (0.0112), get see (0.0096), well (0.0095), 

going home (0.0084), bed (0.0082), one (0.0080), going get (0.0079), night 

(0.0077) 

 

When the number of clusters was reduced to 7 using the Elbow method, the overall 

clustering structure remained consistent. Cluster 0 became the dominant cluster, again primarily 

associated with worry, sadness, and neutral labels. The distribution of data points in the SVD 

space (Figure 3) demonstrates that merging clusters does not substantially alter the degree of 

overlap among emotional expressions, indicating that the underlying semantic continuity 

persists regardless of cluster granularity. 

 
Figure 3 Distribution of text instances in the SVD space based on K-Means clusters (7-cluster 

configuration) 

3.2 Visualization Based on Original Emotion Labels 

To further examine the relationship between latent semantic structure and annotation 

schemes, the data were visualized in the SVD-projected space according to their original 

emotion labels (Figure 4). The visualization reveals extensive overlap among labels, with no 

clear boundaries separating individual emotional categories. However, several dense regions are 

observed; these regions do not correspond to specific labels, indicating shared lexical and 

contextual features across emotions. This finding provides empirical evidence that emotional 

expressions in text are distributed along a semantic continuum rather than forming isolated 

clusters, thereby explaining the limited alignment between unsupervised clustering results and 

predefined emotion labels. 

 
Figure 4 SVD-based visualization of text instances colored by original emotion labels. 
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3.3 Hierarchical Agglomerative Clustering 

Hierarchical Agglomerative clustering was applied as a contrastive method to explore 

alternative structural assumptions. The heatmap presented in Figure 5 shows that a substantial 

majority of data points are aggregated into a single dominant cluster (Cluster 0), which is again 

primarily composed of worry, sadness, and neutral labels. The remaining clusters contain only a 

small number of instances and do not form semantically coherent or balanced groupings. 

 
Figure 5 Heatmap of Hierarchical Agglomerative clustering results versus original emotion 

labels. 

Top keyword analysis for the hierarchical clusters (Table 2) reveals minimal 

differentiation among clusters, confirming that the flat clustering solution produced by this 

method is less effective for separating emotional patterns in this dataset. Nonetheless, the 

hierarchical approach remains informative for exploratory analysis, particularly for examining 

nested relationships through dendrogram structures. 

 

Table 2 Representative keywords for selected clusters obtained via Hierarchical Agglomerative 

clustering. 
Hierarchical 

Cluster ID 

Cluster 

Size (n) 

Representative Keywords (TF–IDF weight) 

Cluster 0 9,656 work (0.0165), get (0.0130), day (0.0119), today (0.0113), like (0.0110), 

got (0.0109), going (0.0108), want (0.0102), know (0.0099), back 

(0.0097), sad (0.0094), really (0.0092), good (0.0089), time (0.0089), 

one (0.0088) 
Cluster 1 97 miss (0.4721), going miss (0.0358), going (0.0286), really miss (0.0204), 

miss place (0.0186), back (0.0153), want (0.0153), miss puppy (0.0148), 

miss miss (0.0139), place (0.0137), bus (0.0133), really (0.0131), waiting 

(0.0130), chocolate (0.0126), puppy (0.0125) 
Cluster 3 103 amp (0.4654), today amp (0.0197), going (0.0191), back amp (0.0187), 

know (0.0178), good (0.0149), ben (0.0137), thought (0.0133), day amp 

(0.0128), online (0.0128), watch (0.0125), yes (0.0124), today (0.0120), 

agree (0.0117), saw (0.0110) 3.4 Discussion 

The comparative analysis reveals substantive differences in cluster quality and 

interpretability between K-Means and Hierarchical Agglomerative clustering. Internal 

evaluation using the Silhouette coefficient indicates that K-Means produces more compact, 

better-separated clusters than the hierarchical approach (0.0391 versus 0.0119). While these 

absolute values remain low, the consistent advantage of K-Means suggests that partition-based 

optimization is more effective for capturing localized semantic coherence in short emotional 

texts than bottom-up aggregation under the present experimental conditions. This observation 

aligns with recent clustering studies showing that centroid-based methods tend to outperform 

hierarchical strategies when applied to high-dimensional semantic representations, particularly 
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in scenarios characterized by gradual transitions rather than well-separated groups  [23], [27]. 

The notably low Silhouette score obtained for Hierarchical clustering further indicates 

substantial overlap among clusters and highlights its limited suitability for producing balanced 

flat partitions in reduced semantic spaces dominated by overlapping affective expressions. 

Post-hoc external evaluation using Normalized Mutual Information (NMI), Adjusted 

Rand Index (ARI), and Purity further demonstrates weak correspondence between the 

discovered clusters and the original emotion labels across both clustering methods. Importantly, 

this limited alignment should not be interpreted as methodological inadequacy; rather, it is 

theoretically consistent with the unsupervised nature of the analysis and with known properties 

of emotional language, where semantic proximity does not necessarily imply categorical 

equivalence. Recent empirical work has shown that external agreement measures such as NMI 

and ARI can exhibit biased or misleading behavior when applied to clustering solutions with 

uneven cluster sizes or overlapping structures, reinforcing the need for cautious interpretation in 

semantic applications [12]. Within this context, the slightly higher Purity achieved by K-Means 

suggests the presence of dominant emotional tendencies within certain clusters; however, the 

absence of one-to-one mappings between clusters and emotion labels underscores the inherent 

limitations of categorical annotation schemes when confronted with context-dependent and 

blended emotional expressions, as also reported in recent short-text clustering studies based on 

semantic similarity [9]. 

From a theoretical perspective, these findings provide empirical support for 

conceptualizing emotions in text as semantically overlapping and continuous phenomena rather 

than as discrete and mutually exclusive categories. The observed clustering patterns demonstrate 

that unsupervised semantic grouping can reveal latent affective similarity structures that 

transcend predefined annotation schemes, thereby complementing and extending insights from 

recent affective computing surveys that emphasize emotional fluidity, contextual dependence, 

and mixed affective states in natural language [1], [7]. Taken together, the results suggest that 

while K-Means clustering is more effective than Hierarchical Agglomerative clustering for 

producing interpretable flat clusters in this dataset, both approaches offer complementary 

analytical perspectives on latent emotional organization. More broadly, the findings reinforce 

the study's central claim that emotional meaning in language is best understood as a continuum 

of semantic expression rather than as a collection of fixed categorical states. That unsupervised 

clustering can serve as a theoretically informative tool for interrogating the adequacy of label-

based emotion representations. 

 

4. CONCLUSIONS 

 

This study demonstrates that unsupervised semantic text clustering constitutes an 

effective analytical framework for exploring latent emotional structures in short textual data 

beyond predefined categorical labels. By combining TF–IDF representation, dimensionality 

reduction via Singular Value Decomposition, and clustering using K-Means and Hierarchical 

Agglomerative methods, the analysis reveals that emotional expressions in text exhibit 

substantial semantic overlap and continuity. The experimental results show that K-Means 

clustering produces more compact and interpretable flat clusters than Hierarchical 

Agglomerative clustering, as indicated by higher internal validation scores and clearer dominant 

lexical themes within clusters. At the same time, the weak correspondence between clusters and 

original emotion labels, as reflected by low external validation scores, provides empirical 

evidence that categorical emotion annotations only partially capture the underlying semantic 

organization of emotional language. 

Despite these strengths, the proposed approach also presents limitations that must be 

acknowledged. The reliance on sparse lexical representations restricts the modeling of deeper 

contextual and compositional semantics. At the same time, hierarchical clustering's 

effectiveness for flat partitioning is limited when highly overlapping emotional expressions are 

present. Nevertheless, these limitations do not undermine the study's central contribution; rather, 
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they reinforce the conclusion that emotional meaning in text is inherently fluid, context-

dependent, and better conceptualized as a continuum rather than as a set of discrete categories. 

By reframing clustering outcomes as analytically informative signals rather than classification 

failures, this work contributes to ongoing theoretical debates in affective computing. It offers a 

foundation for future research aimed at developing more theory-aware, flexible, and 

semantically grounded approaches to emotion analysis in natural language processing. 
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IN ENGLISH 

Title : Evaluating Latent Emotional Structures through Unsupervised Semantic Text Clustering 

Revision : 

1. ABSTRACT : 

• Add 4 mandatory elements: Problem gap (e.g., latent emotions are difficult to capture 

without labels), Main method, Dataset/domain, and Quantitative results. 

• No mention of semantic representation (e.g., Word2Vec, GloVe, BERT, Sentence 

Transformer). 

• Lack of mention of evaluation metrics (e.g., Silhouette Score, Davies-Bouldin Index, or 

topic coherence).  

2. INTRODUCTION : 

• Explicitly state the research gap. 

• Add state-of-the-art abbreviations (3–5 recent papers). 

• Description and sources of unpublished data. 

• Close with contributions: 

- Semantic clustering framework 

- Evaluation of latent emotion structure 

- Cluster interpretation insights 

 

3. METHODS 

• The discussion is still general, lacking a discussion of modern emotional modeling and 

semantic embedding. 
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• Apply the following literature to the distribution of ideas that describe the method : 

- Emotion Detection (Supervised) 

- Unsupervised Text Clustering 

- Semantic Embeddings (BERT, SBERT, etc.) 

- Research Gaps 

• Structure the idea for writing the research methodology, as follows: 

- Dataset: The data source (e.g., Twitter, Reddit, etc.) has not been clearly stated. 

- Preprocessing: Tokenization, Stopword Removal, and Normalization (adjust 

accordingly). 

- Text Representation: Word Embeddings (explain why they were chosen). 

- Clustering Method: Explain the algorithm and rationale for the selection. 

- Evaluation: Internal metrics (e.g., Silhouette, DBI) and cluster interpretation (top 

keywords/terms) 

• Explain why unsupervised learning is suitable for latent emotions 

• Add a flowchart of the applied approach/method 

 

4. RESULTS AND DISCUSSION: 

• Present a table of clustering evaluation results and visualizations (e.g., PCA/t-

SNE/UMAP) 

• Add interpretations: Cluster 1 → anger, Cluster 2 → sadness, Cluster 3 → joy (although 

not labeled). Or provide additional information about which emotion each cluster 

represents. 

• Compare with different baseline or embedding methods. 

• Discussion: Separate and discuss the following : 

- Implications for computational psychology and social media analysis. 

- Advantages (no labels required). 

- Limitations (subjective interpretation and sensitivity to clustering parameters).  

 

5. CONCLUSION 

Additional suggestions for the future (Future work) :  

− Hybrid supervised-unsupervised  

− Deep clustering  

− Multilingual emotion detection 
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