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Abstract

This paper presents a scalable machine learning pipeline for extracting actionable, product-
related insights from user-generated social media comments. Leveraging sentence em-
beddings from SBERT and unsupervised clustering (k-Means and agglomerative), the
approach structures informal and noisy comments from Instagram and YouTube into
topic groups intended to support thematic analysis. A case study on feedback regarding
BMW vehicles, comprising more than 26,000 comments, illustrates how the pipeline can
reveal recurring user concerns, such as design critiques, usability issues, and technology-
related expectations, even in short and unstructured social media comments. The proposed
pipeline operates without labeled data or manual annotation, enabling scalable application
and transferability across product categories and industries. By transforming large-scale,
unstructured consumer feedback into interpretable themes, the pipeline provides prod-
uct teams with an efficient and structured basis for data-driven product development
and improvement.

Keywords: social media mining; sentence embeddings; unsupervised clustering; product
feedback analysis; SBERT; natural language processing

1. Introduction

Developing innovative and customer-centric products is a critical challenge in today’s
highly competitive and complex automotive industry [1-3] (p. 14). Companies invest
heavily to align products with customer needs and to maintain a competitive advantage [4].
In 2021, external market research firms generated approximately $119 billion globally,

including approximately $29.7 billion in Europe [5], with even higher total expenditures
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consumer feedback. These comments may reveal product weaknesses, user needs, and con-

crete suggestions for improvement, often expressed more spontaneously and diversely
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distributed under the terms and than in traditional surveys or review platforms. However, the sheer volume, informality,
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Sentiment analysis has become a central tool for monitoring user opinions, typically
classifying content into positive, negative, or neutral categories [7,8]. While such ap-
proaches are useful for assessing general levels of satisfaction, sentiment scores rarely
uncover specific user pain points or concrete ideas for product enhancement. In particu-
lar, they fail to capture the semantic content required to identify actionable feedback in
short, fragmented, and noisy social media text. Extracting such insights therefore requires
methods capable of modeling semantic meaning beyond coarse sentiment labels. Recent
advances in Natural Language Processing (NLP), Machine Learning (ML), and Large
Language Models (LLMs) have made such analyses increasingly feasible.

Against this background, the aim of this study is to develop an automated pipeline
that systematically analyzes social media comments to identify product improvement ideas
and concrete change requests. In contrast to sentiment-focused approaches, the proposed
pipeline targets feedback that can directly inform design and development decisions.
To demonstrate its applicability in a real-world context, the methodology is applied to user
comments related to BMW AG vehicles, a domain characterized by complex products and
highly diverse user perspectives. Rather than introducing new machine learning algorithms,
this study integrates established components into a coherent and scalable analysis workflow.
The pipeline combines sentence embeddings generated by Sentence-BERT (SBERT) [9],
a modification of Bidirectional Encoder Representations from Transformers (BERT) [10],
with unsupervised clustering techniques and topic-based summarization. This modular
design enables the transformation of noisy user comments into structured thematic insights
with minimal manual effort.

The resulting approach is designed with a focus on scalability and practical deploy-
ment, while remaining cost-effective and relatively simple to implement for the analysis
of unstructured customer feedback. To address the challenges outlined above, this study
makes the following main contributions.

Contributions and Research Questions

First, it proposes an end-to-end machine learning pipeline with human-guided in-
terpretation for extracting actionable, product-related insights from large volumes of un-
structured and noisy social media comments. Second, it illustrates how sentence-level
semantic embeddings combined with multi-stage unsupervised clustering can structure
short, informal user comments into thematic groups that support interpretability, with-
out the need for labeled data or manual annotation. Third, the applicability and practical
relevance of the pipeline are examined through a real-world case study in the automotive
domain, characterized by complex products and heterogeneous user feedback. Based on
these contributions, the study addresses the following research questions (RQs):

*  RQI: To what extent can SBERT-based sentence embeddings support the identifica-
tion and structuring of semantically related themes in short and noisy social media
comments, compared to traditional keyword-based text representations?

e  RQ2: How effectively does a multi-stage unsupervised clustering strategy separate
actionable product-related feedback from low-value or irrelevant social media content?

e  RQ3: Can the proposed pipeline generate meaningful and practically relevant product
improvement insights in a complex real-world setting, such as the automotive industry?

2. Related Work

This section reviews prior work related to analytical methods for text mining and se-
mantic analysis, the use of social media data for customer feedback analysis, and challenges
associated with complex product domains such as the automotive industry.
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2.1. Analytical Methods

Early approaches to text mining for product feedback analysis predominantly relied
on traditional representations such as Bag-of-Words (BoW) and Term Frequency-Inverse
Document Frequency (TF-IDF) [11,12]. While computationally efficient and easy to im-
plement, these methods are limited in their ability to capture semantic relationships and
contextual meaning, particularly in short and informal text.

More recent studies have adopted large pre-trained language models such as BERT
to overcome these limitations by incorporating contextual information into text repre-
sentations. In scenarios involving short, fragmented, and noisy user-generated content,
sentence-level representations have proven especially useful. Sentence-BERT (SBERT) ex-
tends the BERT framework by optimizing it for the generation of semantically meaningful
sentence embeddings, enabling similarity-based analysis and unsupervised clustering of
short text units [9]. These advances have significantly improved the ability to structure and
analyze informal user feedback beyond keyword-based techniques.

While supervised approaches have shown strong performance in specific text classifi-
cation tasks, an unsupervised methodology was deliberately adopted. Supervised learning
would require manually labeling thousands of comments for every new product domain,
which is prohibitively time-consuming and would hinder scalability [13].

2.2. Social Media as a Source of Customer Feedback

A substantial body of prior work on product feedback mining is based on structured
review platforms such as Amazon or Yelp, where users provide detailed and explicitly
product-focused evaluations [14,15]. While such datasets are comparatively homogeneous
and easier to process, they primarily reflect the opinions of existing customers and are
restricted to specific sales environments.

In contrast, social media platforms provide more spontaneous, diverse, and heteroge-
neous forms of feedback, including comments from potential customers and non-buyers.
Twitter has been widely used for sentiment analysis and opinion mining in this con-
text [16,17]. Studies leveraging platforms such as Instagram and YouTube, however, remain
relatively scarce. Existing work on these platforms often focuses on domain-specific ap-
plications, including fashion trend analysis on Instagram [18] or sentiment classification
of consumer electronics and automotive products on YouTube [19]. Comprehensive ap-
proaches that extract structured product-related insights from these highly unstructured
and linguistically diverse data sources are still limited.

2.3. Application Domain: Automotive Products

Most studies on automated product feedback analysis address relatively simple prod-
uct categories, such as smartphones, household electronics, or tourism services [7,15,20].
In these domains, user feedback typically refers to well-defined features and is often
expressed in comparatively concise and focused language.

The automotive domain presents substantially greater analytical complexity. User
comments may address highly technical components (e.g., engine performance or software
systems), subjective experiential aspects (e.g., driving experience or aesthetics), or broader
brand-related perceptions, frequently expressed in informal, fragmented, or implicit ways.
These characteristics make the automated extraction of product-related insights particularly
challenging. Only a limited number of studies have explicitly addressed this complexity.
For example, Yin et al. [21] analyzed posts from a Chinese automotive forum using BERT-
based models to identify product improvement suggestions, highlighting both the potential
and the challenges of applying semantic text analysis techniques in this domain.
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3. Materials and Methods

The overall process of data collection and analysis was developed and demonstrated
through a case study on BMW vehicle feedback gathered from social media platforms.
Based on this case study, the process is designed as a modular, domain-independent,
and source-independent analytical workflow that integrates established NLP components
in a unified yet adaptable manner. The workflow comprises two main phases: data
collection and data analysis.

A detailed overview of all software libraries, tools, and configuration parameters used
throughout the pipeline is provided in Table 1.

3.1. Data Collection

The data collection phase involves identifying, acquiring, cleaning, and storing rel-
evant user-generated content from Instagram and YouTube, which as two of the largest
social networks produce thousands of comments every minute and together provide both
brand-centric and independent user perspectives (see Figure 1) [22]. The choice of data
sources strongly influences the diversity and specificity of the collected comments. Certain
types of sources, such as review or comparison channels, tend to provide more detailed
and feature-focused user feedback.
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Figure 1. Flowchart of data collection and analysis process.
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A diverse selection of BMW models was included to capture varied user perspectives
across product segments. The dataset comprises the 3 Series, 5 Series, and M3 (representing
core and high-performance lines), the i4, i5, and i7 (reflecting electric mobility), and the
X5 and iX2 (covering SUV and family segments). For each model, three recent YouTube
reviews from creators with over 100,000 followers were selected (24 videos total), along
with the ten most recent Instagram posts per model (80 posts total), ensuring a broad and
representative dataset.

Data scraping is used to extract the raw content, which is then cleaned to remove
inconsistencies and transformed into a structured format suitable for analysis. Cleaning
procedures include removing residual HTML elements, parsing metadata, and separating
essential variables such as comment text, publication date, and number of likes. Because so-
cial media platforms differ significantly in structure and formatting, scraping and cleaning
routines must be adapted to each platform. At this stage, preprocessing remains minimal,
as the goal is to preserve the raw content while imposing a consistent and traceable data
structure. The resulting database contains large volumes of social media comments that
form the foundation for subsequent analysis. Prior research indicates that datasets contain-
ing between approximately 10,000 and 60,000 short free-text entries are well suited for stable
and meaningful clustering when using SBERT-based vectorization [23]. Smaller datasets
often lack sufficient semantic diversity and may lead to unstable cluster structures [24].

An analysis of the language distribution in the dataset reveals that approximately
78.7% of all identifiable text content is in English, while the remaining languages are each
with individual shares ranging from 0.1% to 1.9%. Given the clear dominance of English
and the strong fragmentation of other languages, no language-based filtering or selective
translation was applied, and all comments were retained in their original form.

A keyword frequency analysis highlights frequent terms such as “interior,” “design,”
and “better,” reflecting common themes of user interest (see Figure 2). These initial obser-
vations motivate deeper clustering to extract structured feedback.

Top 30 Words Frequency

5000 1

4000 1

3000 A

2000 1

1000 4

bmw
car

like
love
looks
just
cars
new
best
series
design
look
better
good
great
ugly
really
don
beautiful
buy
dream
looking
review
nice
think
want
electric
u200d
make
interior

Figure 2. Top 30 words in dataset.
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3.2. Preprocessing

The analysis phase begins with preprocessing, where text is refined to ensure high-
quality input for downstream tasks (see Figure 1). This includes removing punctuation,
emojis, URLs, line breaks, and inline usernames, eliminating empty entries, and apply-
ing text normalization (e.g., lowercasing). Emojis are removed to focus the analysis on
textual semantic content rather than affective signals. As platform characteristics differ,
preprocessing steps must be adapted to each data source.

3.3. Vectorization

Earlier research on text mining for product feedback analysis has frequently relied
on traditional representations such as Bag-of-Words (BoW) and Term Frequency-Inverse
Document Frequency (TF-IDF) [11,12]. While computationally efficient, these approaches
lack semantic and contextual understanding, which limits their ability to capture meaning
in short, informal, and noisy social media comments. Similar limitations have been reported
for probabilistic topic modeling methods such as Latent Dirichlet Allocation (LDA), which
often struggle to identify coherent themes in short texts due to sparse word co-occurrence
patterns and limited semantic depth [25].

More recent approaches leverage large pre-trained language models such as BERT to
generate contextualized text representations and improve semantic analysis quality [14].
Building on this development, the present study employs Sentence-BERT [9], a BERT-based
architecture optimized for producing semantically meaningful sentence-level embeddings.
SBERT enables efficient similarity-based analysis and unsupervised clustering of short text
units, which is a key requirement for large-scale social media data.

While contemporary Large Language Models (LLMs) provide strong generative and
analytical capabilities, their application in large-scale embedding pipelines is often associ-
ated with higher computational cost and limited reproducibility. SBERT offers a resource-
efficient and cost-effective alternative for sentence embedding, achieving competitive
performance for semantic similarity tasks with substantially lower computational over-
head [26]. In this work, SBERT embeddings form the basis for all subsequent clustering
steps in the proposed pipeline.

3.4. Clustering Strategy

The clustering strategy follows a two-stage design, in which an initial noise-reduction
step is applied before extracting semantically coherent product-related topics.

Stage 1: Relevance Filtering (Meaningful vs. Low-Value Comments)

The first stage of the pipeline aims to reduce noise by separating meaningful, product-
related feedback from low-value or irrelevant social media content. Low-value comments
are understood as entries that do not convey interpretable information about the product
itself, such as comments consisting primarily of generic reactions, greetings, or platform-
specific expressions.

To this end, sentence embeddings are computed for all comments using SBERT, fol-
lowed by unsupervised clustering (K-Means and agglomerative). K-Means was selected as
a benchmark due to its widespread use and linear-time scalability on large datasets, making
it well suited for coarse partitioning. Agglomerative Hierarchical Clustering (AHC), in con-
trast, does not assume spherical clusters and can reveal nested structures, often resulting in
higher semantic coherence in text data [27].

Cluster relevance is determined through qualitative inspection of each cluster’s most
representative keywords and exemplar comments. Clusters dominated by non-informative
patterns (e.g., generic praise or criticism without product reference, or platform-specific
noise) are classified as low-value and excluded from further analysis. In contrast, clusters
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containing descriptive, evaluative, or comparative statements related to concrete product
features, usage experiences, or design aspects are retained.

While this decision process involves human judgment, the same qualitative heuris-
tics are applied consistently across clusters, focusing on semantic informativeness rather
than sentiment polarity. This stage substantially reduces noise in the dataset and focuses
subsequent analysis on comments that are more likely to contain actionable product im-
provement insights.

Stage 2: Topic Clustering

In the second stage, the subset of comments identified as meaningful is further ana-
lyzed to extract coherent thematic groups representing recurring product-related topics.
Based on the sentence embeddings obtained in the previous step, unsupervised clustering
is applied to group semantically similar comments. Both k-Means clustering and agglom-
erative hierarchical clustering are used to analyze the latent structure of the data and to
derive topic-level groupings. The number of clusters is selected empirically using standard
heuristics, such as the elbow method [28], in combination with qualitative inspection of
cluster coherence. For each resulting cluster, representative comments and frequently
occurring terms are examined to support interpretation and to summarize the underly-
ing product-related themes. Cluster labels were generated automatically using KeyBERT,
which extracts representative keyword phrases summarizing each cluster’s content. These
labels provide concise descriptions of the main themes, enabling actionable interpretation
of the identified topics.

3.5. Reproducibility Details

To ensure transparency and reproducibility of the proposed pipeline, the following
implementation details are documented. All parameters listed below correspond to the
experimental setup used in the case study.

Table 1. Configuration parameters and technical specifications of the proposed analytical pipeline.

Parameter Specification Value
Sentence embedding model (SBERT) all-distilroberta-v1 !
Embedding dimension 768

Distance metric (agglomerative clustering) Euclidean

Linkage (agglomerative clustering) Ward

K-Means parameters
Vector normalization

init = k-means++, n_init = 10, max_iter = 300, random_state = 42 2
No

Dimensionality reduction (visualization only) t-SNE 3

Stage 1 clustering method
Stage 2 clustering method
Cluster number selection

K-Means/agglomerative 4
K-Means/agglomerative 4
Elbow method and qualitative inspection

! Pretrained on large-scale social media and web text. 2 Implemented using scikit-learn (version 1.2.2). 3 Applied
exclusively for post-hoc visualization of cluster structure. * Distinct alternatives evaluated in the analysis.

These details enable full replication of the experimental setup.

3.6. Ethics and Data Availability

Ethical considerations were addressed by collecting only publicly accessible comments
from social media platforms and excluding all user-identifying information such as user-
names. No interaction with users was conducted, and no private or restricted data were
accessed. According to institutional and national guidelines, the use of publicly available,
anonymized data does not require formal ethics approval. The collected dataset is available
from the authors upon reasonable request, subject to platform-specific usage policies.
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4. Results

The results focus on the data analysis phase, as it has the strongest influence on the
extraction of meaningful insights. Two vectorization methods were tested: a Bag-of-Words
(BoW) baseline and SBERT embeddings. The BoW representation showed clear limita-
tions. As illustrated in Figure 3, the resulting vectors were poorly distributed, with many
comments collapsing onto a few dominant axes.

i love my hybrid 50e
0.8 1
0.6 1 _'.,—" I love the grill, I love the sound
0.4 1 .
ettt
N ’._}.-
o
0.2 1 .
0.0 1 is lexus designing these things???'!! what happend to sporty bmw styling ?
—0.2 1 ST,
east or west bmw is the best :
—0.4 1 gy .

T T T T T

0.0 0.2 0.4 0.6 0.8

Figure 3. Data distribution with Bag-of-Words vectorization. Point color holds no meaning. Selected
comments are annotated for illustration.

Semantically similar comments were often located far apart, highlighting that BoW
relies on lexical overlap and cannot capture contextual meaning, particularly problematic
for short, informal social media comments.

In contrast, SBERT produced a well-structured embedding space (Figure 4). Seman-
tically related comments formed coherent neighborhoods, and qualitative inspection of
representative comment neighborhoods confirmed that SBERT preserved meaning even
when surface wording differed. This richer semantic representation provided a substan-
tially stronger foundation for clustering and was therefore selected for all subsequent steps.

1 ©.® oo getting goosebumps
s 'a

) -

-100 -50 0 50

Figure 4. Data distribution with SBERT vectorization. Colors indicate cluster assignments from
Stage 1 relevance filtering, yellow points represent meaningful comments, blue points represent
low-value comments. Selected comments are annotated for illustration.

Clustering was performed in two stages. In the first stage, K-Means and Agglomerative
Clustering were applied to separate meaningful from low-value comments. The number
of clusters was determined using the elbow method. This relevance-filtering step yielded
Silhouette Scores of approximately 0.30, indicating moderate within-group similarity and
sufficient structure for separating noise from substantive content.
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In the second stage, the filtered subset of meaningful comments was clustered into
thematic groups, again using both K-Means and Agglomerative variants, with the number
of clusters selected via the elbow method. Silhouette Scores in this stage were around 0.04
and changed only marginally across reasonable choices of k. Such low scores are commonly
observed in clustering tasks involving short social media comments embedded in high-
dimensional semantic spaces, where substantial topical overlap and shared vocabulary
naturally blur cluster boundaries. Despite this, visual inspection of representative clusters
and qualitative reading confirmed that cluster cores were thematically coherent, with
expected noise at the margins.

For the intended application of organizing large volumes of user comments into theme-
specific pools for downstream expert review, this level of overlap is appropriate, as the
overarching thematic structures remain intact.

No separate evaluation of Instagram versus YouTube comments was conducted. Instead,
both sources were treated as a unified dataset for all subsequent analyses, as the combined
corpus provided a broader and more heterogeneous basis for exploratory clustering.

After filtering out irrelevant comments, a comparison of K-Means (Figure 5) and
Agglomerative clustering (Figure 6) revealed no substantial differences in the resulting
cluster structures. The remaining content-rich subset was then grouped into distinct topic
clusters, revealing clear thematic structures within the data. The resulting clusters are
shown in Figure 7 and provide an overview of the main discussion topics that emerged
from the refined analysis.

cluster
2
100

t-SNE Dimension 2

~100 -50 0 50
t-SNE Dimension 1

Figure 5. K-Means clustering on SBERT.

cluster
2
100

t-SNE Dimension 2

-100 -50 0 50

t-SNE Dimension 1

Figure 6. Agglomerative clustering on SBERT.
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Figure 7. Topic clustering with K-Means.

To inspect the cluster structure visually, t-SNE was applied to the SBERT embeddings
to project them into two and three dimensions. In the 2D projection, some overlaps
between clusters can be observed, whereas the 3D projection reveals clearer separations
with several dense cluster cores and partially mixed boundary regions. This pattern
is commonly observed in analyses of short social media comments, where high topical
similarity naturally leads to soft cluster boundaries and supports the qualitative assessment
of clustering structure.

A closer examination of individual clusters indicated strong thematic consistency.
For example, one cluster centered on the BMW “kidney” grille feature and captured a wide
range of design-related opinions. While some generic statements were present (e.g., “I love
the new grille” or “Grille looks terrible”), the dominant portion of the cluster reflected more
detailed feedback on proportions, aesthetics, and perceived changes in design direction.

Similarly, clusters related to electric vehicles and overall exterior design showed
coherent internal themes. Comments in the EV cluster frequently expressed concerns about
weight, pricing, battery resources, or comparisons with combustion engines and competing
models. The design-oriented cluster grouped comments highlighting styling preferences,
perceived visual appeal, and emotional responses to the aesthetics of specific models.

These excerpts reflect only a small portion of the full dataset, which includes comments
across all BMW models selected and both data sources. Accordingly, the linguistic style
and comment depth vary considerably across clusters.

The topic descriptions generated in the final step provide concise summaries of each
cluster’s dominant themes. For instance, the automatically extracted keywords for the
grille cluster (“grill look better”, “larger grills look”, “new grill design”) offer an immediate
indication of its content. Across the case study, multiple meaningful clusters were identified,
each representing a distinct dimension of user feedback. These structured groupings form
an actionable basis for organizing consumer opinions and supporting downstream product
improvement analysis.

Taken together, these results illustrate how the proposed pipeline structures large
volumes of unstructured social media comments into interpretable thematic groups that
can be examined in a downstream analysis.

5. Discussion

The results demonstrate both the strengths and the limitations of the proposed pipeline
for extracting actionable product-related insights from unstructured social media comments.
Overall, the approach proves effective in structuring large volumes of noisy, heterogeneous
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user-generated content into interpretable thematic clusters, while maintaining scalability
and practical applicability.

A central strength of the pipeline lies in its ability to operate without structured input
data, predefined categories, or platform-specific metadata. By combining SBERT-based
sentence embeddings with unsupervised clustering, the approach consistently yields
semantically coherent topic groupings, even in the complex and multi-faceted automotive
domain. This indicates that meaningful product feedback can be extracted from short,
informal social media comments, supporting the practical relevance of the pipeline for
data-driven product development workflows.

The resulting topic clusters exhibit a relatively balanced size distribution, with most
clusters containing approximately 600 to 800 comments. Smaller variations can be attributed
to natural differences in user engagement across topics rather than to methodological
artifacts. As illustrated in Figure 8, no single theme dominates the analysis, suggesting that
the pipeline does not disproportionately amplify highly frequent or lexically salient topics
at the expense of less prominent but potentially relevant issues.

Cluster Size Distribution (True)

1000 -

800 -

600 -

Number of Comments

200 -

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14
Cluster

Figure 8. Distribution of comment counts across topic clusters after the second clustering stage.

Despite these strengths, certain steps of the pipeline still require human judgment.
In particular, the selection of the number of clusters and the interpretation of the resulting
themes involve qualitative assessment, which may affect reproducibility and limit full
automation. While qualitative inspection confirmed the interpretability and relevance
of the derived topics in this study, future extensions could further reduce manual effort
through automated cluster validation measures, assisted topic labeling, or human-in-the-
loop evaluation protocols.

Overall, the findings indicate that the proposed pipeline offers a robust and practically
viable solution for organizing large-scale social media feedback into actionable thematic
structures. The work demonstrates how established methods can be effectively integrated
into a coherent end-to-end workflow tailored to the challenges of real-world, noisy social
media data.

6. Conclusions

This study presented an end-to-end analytical pipeline for extracting actionable
product-related insights from large volumes of unstructured social media comments.
By combining SBERT-based sentence embeddings with multi-stage unsupervised clus-
tering, the approach demonstrates how noisy and informal user-generated content can be
structured into interpretable thematic groups without relying on labeled data or platform-
specific metadata.
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From a methodological perspective, the contribution of this work lies not in propos-
ing new machine learning algorithms, but in the systematic integration and empirical
validation of established components within a coherent and scalable workflow tailored
to real-world social media data. The case study in the automotive domain shows that
semantic embeddings enable substantially more meaningful structuring of short comments
than traditional keyword-based representations, and that a two-stage clustering strategy
can effectively separate low-value content from actionable feedback.

From a practical standpoint, the proposed pipeline offers a lightweight and reusable
solution for organizations seeking to leverage social media feedback for product develop-
ment. The reliance on unsupervised methods reduces annotation effort and maintenance
costs, while the modular design supports adaptation to different products, platforms,
and industries. The results indicate that even highly heterogeneous comment streams can
be organized into thematically coherent groups that support expert-driven interpretation
and decision-making.

Several limitations of the current study should be acknowledged. First, the identifica-
tion of meaningful versus low-value content and the selection of the number of clusters
involve qualitative judgment, which may affect reproducibility across different analysts or
domains. Second, the evaluation of clustering quality is primarily qualitative, reflecting the
challenges of applying standard quantitative metrics to short and semantically overlapping
social media texts. Third, the empirical validation is limited to a single brand and product
category, which constrains direct claims about generalizability.

Future work may address these limitations by incorporating complementary evalua-
tion strategies, such as structured expert validation or alternative cluster quality measures,
and by extending the pipeline to additional domains and data sources. Further enhance-
ments could include automated support for cluster selection, multilingual normalization,
integration of sentiment or issue prioritization signals, and deployment within an interac-
tive analysis tool for continuous monitoring.

Overall, this work demonstrates that actionable product improvement insights can be
systematically extracted from noisy social media data using a carefully designed combina-
tion of semantic embeddings and unsupervised learning. The proposed pipeline provides
a practical foundation for bridging large-scale consumer feedback and data-driven product
development in complex real-world settings.

The results show that SBERT-based sentence embeddings substantially improve the
semantic structuring of short and noisy social media comments compared to traditional
keyword-based representations (RQ1). The proposed two-stage clustering strategy proved
effective in separating low-value content from interpretable, product-related feedback,
thereby increasing the usefulness of downstream topic clusters (RQ2). Finally, the auto-
motive case study demonstrates that the pipeline can generate meaningful and practically
relevant product improvement insights in a complex real-world setting without relying on
labeled data or domain-specific features (RQ3).
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