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Abstract

This study aims to model the relationship between the thematic structure of user-generated content and the quality of reverse logistics
decisions using topic modeling and sentiment analysis techniques. This study employed a descriptive-analytical approach based on text
mining techniques. The dataset consisted of 4,850 unstructured textual entries collected from social media platforms over a 90-day period,
reflecting user opinions about a mobile phone brand. After preprocessing using natural language processing tools, Latent Dirichlet
Allocation (LDA) was applied to extract thematic structures. Sentiment analysis was conducted using deep learning models, including
LSTM, GRU, and transformer architectures. Model performance was evaluated using confusion matrices for both binary and multi-class
classification, and the relationships among topics, sentiment polarity, and reverse logistics decision quality were analyzed. The results
indicated that after-sales service, with the highest proportion of negative sentiment, significantly reduces the quality of reverse logistics
decisions, whereas user experience contributes most positively to customer perception. The transformer model demonstrated superior
performance compared to LSTM and GRU in sentiment classification tasks. The integrated analysis of topics and sentiments revealed that
combining these approaches enhances the identification of key drivers of product returns and improves operational decision-making. The
findings suggest that integrating topic modeling and sentiment analysis of user-generated content provides an effective framework for
improving reverse logistics decision quality, enabling organizations to reduce return rates and enhance customer satisfaction.

Keywords: Reverse logistics, user-generated content, topic modeling, sentiment analysis, text mining, data-driven decision-making
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Extended Abstract

Introduction

The exponential growth of digital platforms and social media has led to the generation of massive volumes of
user-generated content (UGC), which reflects users’ perceptions, experiences, and attitudes toward products
and services. These data, typically unstructured and text-based, provide a valuable opportunity for
organizations to extract actionable insights and support data-driven decision-making processes (Blank et al.,
2021; Li et al., 2022). In recent years, the integration of text mining techniques into business analytics has
significantly enhanced the ability of firms to interpret customer feedback and improve operational
performance, particularly in areas such as supply chain management and logistics (Kar et al., 2021;
Shokouhyar et al., 2023).

Reverse logistics, as a critical component of modern supply chain systems, deals with the processes associated
with product returns, recycling, remanufacturing, and disposal. Effective decision-making in reverse logistics
is inherently complex due to uncertainties in return flows, heterogeneous product conditions, and dynamic
customer expectations. In this context, leveraging UGC can provide real-time insights into the underlying
causes of product returns and customer dissatisfaction, thereby enabling more informed and proactive decision-
making (Guerreiro & Loureiro, 2022; Regitz et al., 2024). However, the sheer volume and unstructured
nature of textual data present significant analytical challenges, necessitating the use of advanced computational
techniques.

Among these techniques, topic modeling has emerged as a powerful method for uncovering latent thematic
structures within large corpora of text. Algorithms such as Latent Dirichlet Allocation (LDA) enable the
identification of dominant topics across user reviews and social media posts, facilitating a deeper
understanding of customer concerns and priorities (Dash & Jain, 2022; Pan & Xu, 2023). Concurrently,
sentiment analysis plays a crucial role in determining the emotional polarity of user opinions, providing
insights into customer satisfaction and dissatisfaction levels (Khanam, 2023; Saranya & Usha, 2023). The
integration of topic modeling and sentiment analysis has been shown to yield richer and more nuanced insights,
as it allows for the simultaneous examination of thematic content and emotional tone (Chen & Zhu, 2023;
Mahadevan & Arock, 2020).

Recent studies have demonstrated the effectiveness of such integrated approaches across various domains. For
instance, combining topic modeling and sentiment analysis has enabled more accurate identification of
customer requirements in the automotive industry and improved the understanding of public sentiment in
health-related contexts (Liu et al., 2025; Wang et al., 2025). Furthermore, advancements in deep learning,
particularly transformer-based architectures, have significantly improved the performance of sentiment

classification models, enabling more precise interpretation of complex linguistic patterns (Chen et al., 2024;



Zhang, 2023). These developments underscore the potential of artificial intelligence-driven analytics in
extracting meaningful knowledge from large-scale textual datasets.

Despite these advancements, there remains a notable research gap in linking the thematic structure of UGC
with the quality of decision-making in reverse logistics. While prior studies have explored topic modeling or
sentiment analysis independently, limited attention has been given to their combined application in operational
decision contexts, particularly within reverse logistics systems (Artar et al., 2025; Zeng et al., 2025).
Moreover, existing research has predominantly focused on marketing and consumer behavior, with relatively
little emphasis on logistics and supply chain applications.

Given the increasing importance of customer feedback in shaping operational strategies, there is a critical need
to develop analytical frameworks that can effectively integrate UGC insights into reverse logistics decision-
making processes. This study addresses this gap by proposing a comprehensive approach that combines topic
modeling and sentiment analysis to model the relationship between UGC thematic structures and reverse
logistics decision quality.

Methods and Materials

This study adopts a descriptive-analytical design grounded in text mining and natural language processing
techniques. The statistical population consists of user-generated textual data related to a selected mobile phone
brand, collected from social media platforms such as Twitter and similar text-based channels. The data were
gathered over an approximately 90-day period to ensure temporal diversity and relevance.

The raw dataset includes unstructured textual content such as user comments, tweets, and posts addressing
various aspects of product usage, including product quality, after-sales service, pricing, technical issues, and
overall user experience. Data extraction was conducted using keyword-based filtering strategies aligned with
the brand and product characteristics. Following the initial collection, the dataset underwent rigorous
preprocessing procedures, including noise removal, duplication filtering, normalization, tokenization, stop-
word elimination, and stemming.

The final dataset comprised 4,850 validated textual entries, representing a comprehensive sample of user
opinions. Feature extraction was performed using word embedding techniques, specifically Word2Vec, to
transform textual data into numerical representations suitable for machine learning models.

Topic modeling was implemented using the LDA algorithm to identify latent thematic structures within the
dataset. The optimal number of topics was determined based on coherence metrics. Sentiment analysis was
conducted using deep learning approaches, including LSTM, GRU, and transformer-based models,
implemented in Python using libraries such as TensorFlow, Keras, and Scikit-learn.

To evaluate model performance, confusion matrices were constructed for both binary and multi-class sentiment
classification tasks. Additionally, analytical relationships between identified topics, sentiment distributions,

and reverse logistics decision quality were examined using statistical and machine learning techniques.

Findings



The results indicate that the extracted thematic structure of user-generated content provides significant insights
into the drivers of reverse logistics decisions. Among the identified topics, after-sales service emerged as the
most critical issue, with 67% negative sentiment and only 12% positive sentiment, indicating a severe level of
customer dissatisfaction. Hardware failures were identified as the second most problematic area, with 58%
negative sentiment, followed by battery life issues, which accounted for 49% negative sentiment and were
recognized as a major contributor to product returns.

In contrast, user experience exhibited the highest level of positive sentiment at 40%, suggesting its significant
role in shaping favorable customer perceptions. Pricing, while displaying a relatively balanced distribution of
positive (31%) and negative (35%) sentiments, demonstrated high sensitivity, indicating its importance in
influencing customer decisions.

The performance evaluation of sentiment classification models revealed that transformer-based models
outperformed both LSTM and GRU architectures. In the binary classification task, the transformer model
achieved the highest accuracy, correctly classifying 450 positive and 460 negative instances, with minimal
misclassification errors. The GRU model demonstrated improved performance compared to LSTM, but still
lagged behind the transformer model.

In the multi-class classification scenario, the transformer model maintained strong performance across
positive, negative, and neutral classes, with balanced accuracy levels and relatively low confusion among
classes. However, minor classification challenges were observed in distinguishing neutral sentiments from
adjacent classes, which is consistent with the inherent ambiguity of neutral textual expressions.

Overall, the findings confirm the effectiveness of integrating topic modeling and sentiment analysis in
extracting meaningful insights from user-generated content and highlight the superior performance of
transformer-based models in sentiment classification tasks.

Discussion and Conclusion

The findings of this study demonstrate that user-generated textual data can serve as a powerful source of
intelligence for enhancing reverse logistics decision-making. The identification of after-sales service as the
most critical issue highlights the importance of post-purchase interactions in shaping customer satisfaction and
return behaviors. Similarly, the prominence of hardware-related issues and battery performance as key drivers
of negative sentiment underscores the direct relationship between product quality and reverse logistics flows.
The results also confirm that combining topic modeling with sentiment analysis provides a multidimensional
understanding of customer feedback. While topic modeling reveals the underlying structure of user concerns,
sentiment analysis adds a crucial emotional dimension, enabling organizations to prioritize issues based on
their impact on customer satisfaction. This integrated approach offers a more comprehensive framework for
decision-making compared to traditional methods that rely on structured data alone.

Furthermore, the superior performance of transformer-based models reinforces the value of advanced deep

learning techniques in text analytics. The ability of these models to capture contextual dependencies and



semantic nuances enhances the accuracy of sentiment classification, making them particularly suitable for
analyzing complex and large-scale textual datasets.

From a managerial perspective, the study provides practical implications for improving reverse logistics
systems. By leveraging insights derived from UGC, organizations can proactively identify critical issues,
reduce product return rates, and enhance customer satisfaction. For instance, addressing deficiencies in after-
sales service and improving product reliability can significantly mitigate the operational burden associated
with reverse logistics.

In conclusion, this study contributes to the growing body of literature on text mining and supply chain analytics
by proposing an integrated framework that links UGC thematic structures with reverse logistics decision
quality. The results highlight the potential of combining topic modeling and sentiment analysis as a strategic
tool for data-driven decision-making. Future research can extend this framework by incorporating additional
data sources, exploring cross-cultural contexts, and integrating predictive analytics to further enhance decision-

making capabilities in reverse logistics systems.
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