Interpreting User Opinions.: A Multidimensional Approach Leveraging
Explainable Al and Generative Models

Summary of the contribution

1. What is the main claim of the paper? Why is this an important contribution to the machine learning
literature?

This paper introduces a novel methodology for multidimensional and explainable classification of user
opinions, addressing the growing need for transparency and interpretability in automated opinion
analysis. While prior approaches typically focus on single dimensions—such as sentiment—our method
combines fine-tuned large language models, explainable Al (XAl) techniques, and generative models
to produce detailed, human-readable explanations across multiple latent dimensions (e.g., sentiment,
topic, emotion, and domain-specific aspects).

This contribution is important to the machine learning literature for several reasons. First, it enhances
trust and usability in real-world applications where understanding why a classification was made is
critical (e.g., mental health, political discourse). Second, by introducing BERTopicXAl, our framework
bridges the gap between unsupervised topic modeling and interpretability, offering visual and token-level
explanations at the topic level. Third, the integration of GPT-based generation with XAl-derived signals
supports transparent, context-rich reasoning, improving explainability beyond typical black-box
summaries. Finally, a comprehensive evaluation—including human expert assessments, LLM-as-a-Judge,
and semantic metrics—demonstrates that our approach significantly outperforms existing baselines in
both interpretability and explanatory quality [11, 8, 10].

2. What is the evidence you provide to support your claim? Be precise.

To support our claim, we conducted a comprehensive evaluation across four annotated datasets—
Booking, Amazon, Political, and Depression—spanning domains such as hospitality, consumer
electronics, political discourse, and mental health. Each opinion was classified across multiple
dimensions: sentiment, topic, emotion, and dataset-specific attributes (e.g., political stance or mental
state).

We compared three prompting strategies: GPT-base (raw opinion only), GPT-interm (adds classification
labels), and GPT-adv (adds both labels and word-importance explanations from LIME [29] and our
proposed BERTopicXAl). Explanations were generated using GPT-40 via APl [36]. Our evaluation
included:

e Textual and Semantic Metrics: We assessed readability, coherence, complexity, and semantic
similarity using Dice, TF-IDF, ROUGE-L, and S-BERT scores [35]. GPT-adv outperformed the
other variants, producing more fluent, aligned, and well-structured explanations.



LLM-as-a-Judge: Using the LLM-as-a-Judge paradigm [37, 38], GPT-4 evaluated explanations
based on detail coverage, clarity, dimensional mapping, and analytical insight. GPT-adv
consistently scored highest.

Domain Expert Evaluation: With input from 40 domain experts, who reviewed explanation triplets
in random order, GPT-adv was most frequently preferred for its clarity and accurate association
between text and classification dimensions.

In summary, the combined quantitative, automated, and expert evaluations demonstrate that our
methodology—integrating fine-tuned LLMSs, explainability cues, and generative models—delivers
significantly more informative, interpretable, and contextually rich explanations than standard
generative approaches.

3. What papers by other authors make the most closely related contributions, and how is your paper

related to them?

Among the most closely related works are studies on opinion mining, explainable Al, and the use of
large language models (LLMs) for interpretability. Our paper builds upon and extends several key
contributions in these areas:

Multidimensional opinion analysis as explored in [24] and [27], where opinions are examined
across multiple facets such as sentiment and emotion. Our work expands this by introducing topic-
level analysis and additional dataset-specific dimensions (e.g., mental health, political stance),
providing a more nuanced and comprehensive understanding of user opinions.

In terms of explainability, we are inspired by XAl methods such as LIME [29] and Integrated
Gradients [28], widely used to reveal model decision rationale at the token level. We apply these
techniques specifically across multiple classification dimensions and integrate them into a
generative explanation process using GPT.

We also build upon BERTopic [30], a state-of-the-art framework for unsupervised topic modeling.
However, BERTopic does not offer token-level interpretability. To address this, we introduce
BERTopicXAl, our own extension that enables visual and token-level explanations for topic
assignments, bridging the gap between topic modeling and model transparency.

Lastly, our use of the LLM-as-a-Judge paradigm [37, 38] aligns with recent efforts to automate
evaluation using generative models themselves as meta-evaluators, providing a reliable and
scalable benchmark for assessing explanation quality.

Overall, our contribution lies in unifying fine-tuned LLM classification, XAl-driven interpretation, and
GPT-based generative explanation within a single framework—advancing interpretability in opinion
mining beyond current approaches in both depth and dimensionality.



4. Have you published parts of your paper before, for instance in a conference? If so, give details of
your previous paper(s) and a precise statement detailing how your paper provides a significant
contribution beyond the previous paper(s).

This article is a substantial extension of our prior work:

C. Cosentino, M. Gunduz-Cure, F. Marozzo, S. Ozturk-Birim, "Exploiting Large Language Models
for Enhanced Review Classification Explanations Through Interpretable and Multidimensional
Analysis". 27th International Conference on Discovery Science (DS2024), pp. 3-18, 2024.

The current manuscript builds upon the earlier version by introducing several key enhancements:

Broader Scope of Opinion Sources: While the previous version focused exclusively on hotel
reviews for sentiment classification, this study incorporates diverse datasets—including product
reviews, political discourse, and mental health posts—broadening the applicability of our
methodology across multiple domains [25, 26, 27, 28].

Multidimensional Classification: We move beyond sentiment-only classification to include topics,
emotions, and dataset-specific aspects (e.g., political support and psychological distress), offering
a more complete view of user opinions [20, 21, 22, 23].

Structured and Aligned Explanation Outputs: A novel feature of this work is the generation of
structured textual explanations that explicitly align linguistic elements with their corresponding
classification dimensions, thereby improving interpretability and analytical clarity.

Explainability Extension with BERTopicXAl: A major addition is the design and implementation
of BERTopicXAl, a novel method that introduces token-level visual explanations for topic
modeling—addressing the interpretability gap in unsupervised topic detection [19].

Advanced Generative Explanation via GPT: We integrate GPT-based natural language
generation into our pipeline to synthesize detailed, human-readable commentaries based on
classification outcomes and interpretability signals, which was not covered in the conference
version [36, 37].

Expanded Evaluation Framework: The evaluation has been significantly extended with textual
and semantic metrics, LLM-as-a-Judge analysis, and human expert reviews, enabling a more
rigorous assessment of explanation quality across all prompting strategies [38, 39, 40].

In addition to these technical contributions, we have revised and expanded all major sections, including
related work, methodology, experimental design, and analysis. The result is a substantially enriched and
generalized framework for interpretable opinion classification that significantly advances beyond our
earlier work.
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