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Abstract. In today’s digital world, user-generated reviews play a piv-
otal role across diverse industries, providing invaluable insights into con-
sumer experiences, preferences, and concerns. These reviews heavily in-
fluence the strategic decisions of businesses. Advanced machine learn-
ing techniques, including Large Language Models (LLMs) like BERT
and GPT, have greatly facilitated the analysis of this vast amount of
unstructured data, enabling the extraction of actionable insights. How-
ever, while achieving high classification accuracy is crucial, the demand
for explainability has gained prominence. It is essential to comprehend
the reasoning behind classification decisions to effectively utilize user-
generated content analytics. This paper presents a methodology that
leverages interpretable and multidimensional classification to generate
explanations from user reviews. Compared to basic explanations read-
ily available through systems like Chat-GPT, our methodology delves
deeper into the classification of reviews across various dimensions (such
as sentiment, emotion, and topics addressed) to produce more compre-
hensive explanations for user review classifications. Experimental results
demonstrate the precision of our methodology in explaining why a par-
ticular review was classified in a specific manner.
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1 Introduction

In the digital age, the wealth of content available on the web, particularly user-
generated reviews, has become an invaluable resource for businesses across vari-
ous industries. These user reviews provide a wide range of insights, opinions and
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experiences shared by consumers, offering detailed information on their satisfac-
tion levels, preferences and pain points. From e-commerce platforms to hospi-
tality services, businesses rely on user reviews to gauge the performance of their
products or services, identify areas for improvement, and tailor their offerings
to meet customer expectations. The widespread availability of online reviews
underscores their significance as indicators of public sentiment and drivers of
informed decision-making [20].

Accurate analysis and classification of user reviews are essential, driving the
advancement of machine learning techniques, particularly Large Language Mod-
els (LLMs) like BERT and GPT [21]. These models excel at extracting insights
from the vast amount of unstructured review data. However, their general pre-
training, done on a wide range of text data from the Internet, may not fully cap-
ture the nuances of specific tasks or domains. Thus, fine-tuning on task-specific
datasets becomes crucial, enhancing performance and adaptability for tasks such
as sentiment analysis or topic modeling. This combination of pre-trained LLMs
and fine-tuning is pivotal for robust user review analysis.

However, as classification techniques become more sophisticated and accu-
rate, understanding the logic behind classification decisions becomes increasingly
important and demanded. Techniques like LIME (Local Interpretable Model-
agnostic Explanations) [23] and Integrated Gradients (IG) [25] have emerged
as powerful tools, offering insights into classification decisions by highlighting
influential features. Moreover, categorizing reviews based on dimensions such as
analyzed topics or emotional expressions can enrich comprehension [6], facilitat-
ing the interpretation of user reviews and opinions to gain deeper insights into
the various aspects expressed.

Once a review has been accurately classified and its underlying logic under-
stood, leveraging ChatGPT to generate human-readable explanations becomes
feasible [4]. ChatGPT can synthesize these insights into easily understandable
narratives, elucidating the rationale behind classification decisions and offering
context-rich explanations. Integrating these explanations into user feedback an-
alytics systems provides deeper insights into customer sentiments, preferences,
and experiences, facilitating more informed decision-making and targeted en-
hancements in products or services.

This paper introduces a methodology that employs interpretable and multi-
dimensional classification to produce comprehensive explanations from user re-
views. The methodology begins with fine-tuning pre-trained LLMs for sentiment
analysis in user reviews. Subsequently, sentiment analysis results are interpreted
and enhanced with multidimensional classification, such as emotion and topic
analysis. Finally, human-readable explanations are generated using ChatGPT.

To evaluate the effectiveness of our approach, we conducted an in-depth eval-
uation using hotel review datasets that included various opinions, ranging from
negative to positive. Using ChatGPT, we generated explanations for each review
analyzed. We explored scenarios in which ChatGPT only received the review and
its classification as input, as well as scenarios where additional information, such
as LIME or IG interpretations, representations of the topics described, and the
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emotions expressed, was provided. Comparative analysis demonstrated that ex-
planations generated using this advanced approach outperformed those produced
by the baseline model. They showed greater accuracy and informativeness, as
confirmed by quantitative measures such as linguistic scores and semantic sim-
ilarity scores, as well as qualitative assessments conducted by both automatic
tools and human experts.

The remainder of the paper is structured as follows. Section [2] offers a concise
review of related works. Section[3|describes the proposed methodology. Sections[]
and [5] discuss the results and compare the different outcomes achieved. Finally,
Section [6] concludes the paper.

2 Related work

In the age of Al driven by advanced Large Language Models (LLMs), data analy-
sis has undergone a revolution, offering efficient processes for extracting insights.
LLMs, powered by natural language processing (NLP) and machine learning,
comprehend user queries and produce textual reports with relevant information.
These models, stemming from the Transformer architecture, are categorized into
decoder-based (e.g., GPT) and encoder-based (e.g., BERT) models. The former
excels in causal language modeling, while the latter generates semantic repre-
sentations in a latent space.

These LLMs act as interactive guides, leading users through data analysis
and presenting results in an understandable manner. Across various domains
like education, e-commerce, healthcare, and entertainment, LLMs are utilized
primarily for information retrieval tasks and generation of informative reports.
FEducational LLMs assist with class schedules and materials, while healthcare
LLMs aid in the pre-diagnosis of both physical [3] and mental [4] illnesses. FE-
commerce LLMs provide customer support and product information, enhancing
shopping experiences [14]. In media and communication, LLMs have shown su-
perior performance compared to crowd-workers in text annotation tasks [10].
In the corporate context, GPT models have been used to transform structured
tabular data into coherent natural language descriptions and summaries [26].
In finance, GPT models are utilized for financial reports, summaries, and sen-
timent analysis [B]. In information technology, ChatGPT simplifies log analysis,
improving organization and comprehensibility [19].

In terms of understanding the results of deep learning models, a significant
obstacle lies in providing clear explanations for their predictions, especially in
crucial areas such as clinical and legal fields. This challenge has led to the de-
velopment of eXplainable AT (XAT) techniques, which include both post-hoc and
self-explanatory techniques|[12], designed to address this problem. Post-hoc tech-
niques aim to explain predictions from pre-trained black-box models. Currently,
the most popular approaches are model-agnostic, meaning they can be applied to
any underlying black-box model, with no assumption on their internal working
and structure. Among them, LIME (Local Interpretable Model-agnostic Expla-
nation) [23] and SHAP (SHapley Additive exPlanations) [I7] determine a weight



4 C. Cosentino et al.

assignment as a proxy for feature importance by following a regression and game
theory approach, respectively. Similarly, MAPLE (Model Agnostic Supervised
Local Explanations) [22] provides explanations by combining local linear mod-
els and Random Forest-based ensembles. Integrated Gradients [25] is a feature
attribution approach and also used as an XAI method to explain image and lan-
guage processing [I8]. Integrated gradients method evaluates the importance of
features by averaging the gradient of the model output, which is interpolated
along a straight-line trajectory in the input data space.

Differently, self-explanatory techniques are trained to provide explanations
alongside predictions. However, these methods commonly encounter challenges
related to flexibility and integration with other deep learning models [I5]. AI
techniques, crucial for understanding deep learning models, extend to fields like
topic modeling, enhancing interpretability. Leveraging methods such as Topic-
Word Attention (TWA), XAI uncovers themes in textual data, aiding in under-
standing user sentiments and review analysis. Integration of XAI with topic mod-
eling offers clearer insights into the decision-making process of machine learning
models, bridging gaps in comprehension across various domains [16].

Our research differs from state-of-the-art work in that it seeks to leverage
interpretable and multidimensional classification techniques to provide compre-
hensive explanations from user reviews. Specifically, we harness the capabilities
of LLMs, employing BERT models for multi-dimensional classification in user re-
views and ChatGPT for generating human-readable explanations. Additionally,
we propose methods for evaluating the quality of these generated explanations
and conducting comparative analyses between them.

3 Proposed methodology

This section presents our proposed methodology for achieving explainable clas-
sification of user reviews across various domains, including but not limited to
products on Amazon, hotels on Booking, restaurants on Tripadvisor, and web-
sites and services on Trustpilot. Our objective is to elucidate and comprehend
customer sentiments expressed in these reviews, aiming to provide detailed ex-
planations regarding the judgments conveyed by users, including their positive
and negative scores.

The methodology comprises three distinct phases: (i) fine-tuning pre-trained
LLMs for sentiment analysis of user reviews; (i¢) interpreting sentiment analysis
results and enriching with multi-dimensional classification; and (ii7) generating
human-readable explanations with ChatGPT. In the following, we provide a
detailed description of the main steps of our approach, whose execution flow is
depicted in Figure [I]

The initial phase of our methodology — fine-tuning pre-trained LLMs for
sentiment analysis of user reviews — involves selecting the target of the reviews
(such as hotels, restaurants, products, or services) and acquiring related training
datasets classified by sentiment (positive and negative). We then proceed to re-
fine the pre-trained models, utilizing for example BERT models like RoBERTa,
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DistilBERT, and ALBERT. Through this fine-tuning process, we aim to enhance
the models’ precision in sentiment recognition, enabling them to better under-
stand and classify the nuanced sentiments expressed in user reviews. Evaluation
of the models’ performance on a test set allows us to compare their accuracy,
validating their effectiveness in accurately discerning sentiments across diverse
user-generated content.

In the second phase of our methodology, termed interpreting sentiment anal-
ysis results and enriching with multi-dimensional classification, the focus shifts
to explaining the model classification decisions. This is crucial for understand-
ing the rationale behind the predictions and enhancing transparency. Different
explainability techniques can be utilized, such as leveraging attention mecha-
nisms in LLMs to highlight influential words or employing post-hoc methods
like Integrated Gradients and LIME for explanations. These techniques produce
interpretable outputs, including visualizations and detailed feature attributions,
which can be used to gain insights into the factors influencing sentiment clas-
sification decisions and inform decision-making processes in various domains.
Regarding the enrichment with multidimensional classification, reviews can be
categorized across various dimensions, such as the addressed topic or the ex-
pressed emotion. This approach provides additional insights into the user opin-
ion across different aspects, facilitating a more comprehensive understanding of
the sentiment expressed in their review.

In the final phase of our methodology, focused on generating human-readable
explanations with ChatGPT, we utilize natural language generation to synthesize
comprehensive explanations. By integrating insights from sentiment analysis re-
sults and augmenting with multidimensional classification, ChatGPT produces
explanations that are clear and consider the specific details of each review. Lever-
aging ChatGPT ability to generate coherent and contextually relevant text, we
ensure that our explanations are insightful and informative. This process effec-
tively communicates the rationale behind our sentiment classification decisions,
enhancing transparency and facilitating informed decision-making.
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4 Experimental results

Our study involves the analysis of labeled review datasets, where each review is
tagged with a sentiment label indicating positive or negative feedback. In par-
ticular, we analyzed reviews written by users about a hotel that offer valuable
information on various aspects of their experience, including quality of service,
comfort, cleanliness and general satisfaction. The datasets considered and used
come from Booking [I] and Tripadvisor [2], two of the main hotel booking plat-
forms in the world. In particular, we focused on the Booking dataset, which
includes over 515,000 customer reviews and ratings of 1,493 hotels across Eu-
rope, integrated with geographic location information for deeper analysis and
contextual understanding.

In the following sections, we comprehensively discuss the experimental re-
sults we achieved. Section details the fine-tuning process of BERT models for
sentiment analysis, as well as for topic and emotion extraction. In Section
we utilize the best performing BERT model to generate explanations related
to sentiment classification using Integrated Gradients and LIME. Finally, Sec-
tion outlines how all the obtained information from the reviews is fed into
ChatGPT to transform the explanations generated by IG and LIME into human-
understandable text.

4.1 Leveraging BERT Models for Sentiment, Topic, and Emotion
Extraction

This section investigates the application of Large Language Models for sentiment
analysis, topic modeling, and emotion recognition in review data. We leverage
BERT-based models for these classification tasks due to their proficiency in
natural language understanding [9].

Regarding the classification of positive or negative sentiment, we tried several
BERT models, DistilBERT, RoBERTa and ALBERT. We perform model fine-
tuning using a training dataset comprising 42,500 reviews, a validation set with
5,000 reviews and then evaluate these models on a separate test set containing
2,500 reviews. Our evaluation criteria included standard metrics for evaluating
the accuracy of a model such as accuracy, precision, recall, and F1 score. Fig-
ure shows the F1 value. BERT, although slightly, appears to be the best
model among those considered, with an F1 score of 0.94, followed closely by
ALBERT and DistilBERT with 0.93, and RoBERTa at 0.92.

For topic extraction, we adopted BERTopic, based on the recommendation
in [T1], where it outperformed other techniques in terms of both consistency and
diversity of topics. To determine the optimal number of topics, we assessed var-
ious metrics, including coherence. Coherence serves as a performance indicator
for a topic model, with the number of topics requiring a balance between having
a large number, which may result in overly specific categories, and a smaller
number, which might blend meaningful subcategories [7]. Specifically, in Fig-
ure coherence values are illustrated across different numbers of topics. As
depicted, around 20-25 topics yield the highest coherence values. We selected 25



Exploiting LLMs for Enhanced Review Classification Explanations 7

1.00 0.60 1.00
0.95 0.55 0.95
7 0.90 Z.O-so 7 0.90
0.45
0.85 0.85
0.40
0.80 0.80
< < S <o
& o 5 AD490752045 10 15 0
AN 6\"‘\\% P 10459095905 40 45> ¢
Model Number of Topics
(a) Sentiment (F1) (b) Topic similarity (¢) Emotion (F1)

Fig. 2. Evaluation of the scores obtained by BERT for the extraction of sentiment and
emotion (F1), and by BERTopic for topic detection.

as it offers specific topics that aptly capture the content of the reviews with more
granularity compared to fewer topics. For instance, topics related to pillows and
beds, TV services, and alarm systems are encompassed in the model with 25
topics but not in the one with 20.

Regarding emotion identification, we considered six emotions: sadness, anger,
love, surprise, fear, and joy. We conducted experiments on a textual dataset
annotated with emotions [24], employing various fine-tuned BERT models. The
dataset consisted of 10,000 training examples, with 3,500 instances each allocated
for validation and testing. In this case, the F1 values, as depicted in Figure
are lower than those for sentiment analysis, given the complexity of identifying
six classes rather than just two. Once again, but more markedly, the BERT
model outperforms DistilBERT, RoBERTa and ALBERT by 0.05 F1 points.

To describe the dataset and better understand positively and negatively
ranked reviews, we provide two examples for each class in Table [I} These ex-
amples highlight the distinguishing features of positive and negative reviews.
Positive reviews emphasize pleasant experiences such as enjoying warm cookies,
friendly staff attitudes, ideal location, and delightful breakfast. Conversely, neg-
ative reviews mention issues such as high prices, drainage problems, and water
temperature issues in the shower. These examples offer insights into the senti-
ment distribution within the dataset and aid in understanding the sentiments
expressed by the reviewers.

4.2 Interpreting sentiment analysis results with IG and LIME

In the second step of the methodology, the focus shifts to explaining the classi-
fication decisions made by the trained model. This is critical to understanding
the logic behind the model predictions and improving transparency in the anal-
ysis process. Various explainability techniques can be employed for this purpose.
One approach is to exploit the attention mechanisms inherent to LLMs, which
highlight the most salient words or phrases in the input text that influenced
the classification result. Alternatively, post-hoc explanation techniques such as
Integrated Gradients (IG), LIME (local interpretable model-independent expla-
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Review Sentiment Topic Emotion
‘We loved the warm cookies and the staff were so friendly Positi [‘cookie’, ‘arrival’, ‘warm’, Trust
welcoming and helpful. We really enjoyed our stay osttive ‘chocolate’, ‘check’, ‘touch’, ...]” us
Location was ideal. Breakfast was a dream. We enjoyed Positi [‘hotel’, ‘location’, ‘staff’, Surpri
our trip and stay at hotel ostive ‘close’, ‘station’, ‘room’, ...| urprise

. Sy . . ['price’, ’expensive’, 'value’,

Price paid similar last year for 2 nights Negative ‘money”, 'little’, *prices’, ...] Sadness
Drainage in the shower was not adequate and it took a [shower’, *pool’, "water’
while for all the water to drain. Also the water temperature Negative » P ) ’ ] Anger

setting went from warm water in the cold

’bathroom’, ’bath’, ’swimming’, ...

Table 1. Sample reviews showcasing sentiment analysis, identified topics, and expressed emotions.

nations) or SHAP can be applied to provide explanations for model predictions.
These explanations can take the form of visualizations or textual summaries,
highlighting the key features that contribute to each classification decision. In
this study, we apply IG and LIME approaches to create explanations for senti-
ment classification. We chose these methods because they provide instance-based
explanations, meaning an explanation can be generated for each selected review.
In contrast, SHAP provides global explanations based on all reviews or groups
of reviews, making it less suitable for single review analysis. Given our focus on
review-based explanations, LIME and IG are selected as post-hoc approaches
for explainable artificial intelligence (XAI) in sentiment classification.

Pred. label Score | Word importance
Positive (0.96) | 2.81 | the spa was first rate, beds were very EOHfORaDIE, staff friendly

Positive (0.96) 3.33 | We loved the warm cookies and the staff were so friendly welcoming
and helpful. We really enjoyed our stay

Negative (0.97) | -1.32 | Not enough tea bags onIyI provided

Negative (0.99) | -0.34 | The receptionist of the check in was not friendly as we expected.
The comunication with him was difficult and he doesn't made effort to
really help us. They need to improve it

Fig. 3. Examples of predicted sentiments interpreted with LIME. Positive sentiment
words displayed in varying shades of green, while negative words are depicted in shades
of red.

Figure [3| shows examples of sentiment predicted by LIME. Terms associated
with a positive sentiment are represented with various shades of green, while
negative terms are represented with shades of red. The text provides a series
of sentences, each labeled with a sentiment and an associated score. Positive
sentences are characterized by words such as ‘comfortable’ and ‘helpful’, while
negative sentences contain terms such as ‘difficult’ and ‘not friendly’. Overall, the
reviews reflect a mixed experience, with some positive points, such as comfortable
beds and friendly staff, but also some criticisms, such as a lack of availability of
tea bags and an unfriendly reception by the reception desk. Overall, the figure
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provides a clear and intuitive illustration of the sentiment predictions associated
with each sentence, highlighting the key words that influence their ranking.

4.3 Generating human-readable explanations with ChatGPT

The goal of this section is to outline the methodology for generating clear and
comprehensive explanations of sentiment analysis results using ChatGPT. For
this purpose, we use the GPT-3.5-turbo version with a temperature setting of
0 for more focused (less creative) tasks in the generated explanations [§]. The
following prompt provides a structured guide for using ChatGPT to generate
human-readable commentary on the explanation of a model classification. It be-
gins by presenting essential elements: the input review x, the sentiment achieved
with BERT s, the interpretation ¢ comprising word-importance pairs obtained
from IG or LIME, topic representations ¢, and the emotional tone of the review
e. The task is clearly outlined: generating a concise commentary on the review x
and the expressed sentiment s, integrating topic representations ¢ and emotional
tone e. The commentary must adhere strictly to the information provided in
1, avoiding the introduction of additional information or personal deductions.
Overall, the prompt guides the generation of insightful commentary while en-
suring relevance and conciseness.

Review ($x): {input review}, Sentiment ($s): { BERT output class}, Interpre-
tation ($i): {(word, importance) pairs}, Topic ($t): {topic representation}, Emo-
tion ($e): {emotion extracted}

Task: You are given a review $x written by a customer of a hotel, along with its sen-
timent $s, which can be either “NEGATIVE” or “POSITIVE”. Additionally, an interpre-
tation $1i is provided as a list of (word, importance) pairs, indicating the significance
of each word in determining the sentiment classification. The topic addressed in the
review $t is also given as a string list, representing the relevant words for the topic
to which the review belongs. Furthermore, the emotion $e of the review is provided,
indicating the predominant emotion expressed. Explain why $x was classified as $s
using $1i, $t, and $e, highlighting words in $x within quotes. The explanation should
be about 100 words, avoiding any additional information not provided in $i, and
without introducing your own comments or deductions.

To thoroughly explore how additional information aids ChatGPT to create
explanations for the opinions expressed in reviews, we have developed multi-
ple suggestions. In the base prompt (ChatGPT-base), solely the review (x) and
the sentiment (s) are utilized. Moving to an intermediate level, we incorpo-
rate the review (z) with its interpretation (i), with distinct prompts for IG
(ChatGPT-interm-IG) and LIME (ChatGPT-interm-LIME). Finally, in the ad-
vanced prompt, we integrate the review (z), sentiment s, interpretation (%), topic
(t), and emotion (e), enhancing the depth of understanding. Again, separate
prompts are designated for IG (ChatGPT-adv-1G) and LIME (ChatGPT-adv-
LIME). This systematic approach enables a comprehensive examination of the
impact of varied information inputs on the ChatGPT explanation generation
process.
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5 Performance comparison

In this section, we describe the evaluation of our methodology performance com-
pared to a standard approach. As previously outlined, our aim is to assess how
the extra data provided to ChatGPT (interpretation and classification of topics
and emotions) aids in crafting precise explanations for the sentiments expressed
in reviews. This approach allows us to delve deeply into the subject, uncovering
the subtle effects of various information inputs on ChatGPT ability to generate
explanations.

Below, we present a positive review example with the sentiment, interpreta-
tion, topic and emotion, alongside their commentaries generated by ChatGPT
using the three prompts introduced before: ChatGPT-base, ChatGPT-interm,
and ChatGPT-adv. We opted for LIME as the model for data interpretation.
Below we report one positive review example and how it was described with
ChatGPT-base, ChatGPT-interm and ChatGPT-adv. In this example, we chose
LIME as a data interpretation model. According to the rules defined in the
prompt, the explanations will be approximately 100 words with words taken
from the reviews highlighted in quotation marks. The review example is:

Review (x) = “Very comfortable hotel rooms nicely furnished 2mins walk to the
metro. Many restaurants around for different tastes. Staff are so helpful I would
definitely go back to stay at this hotel when i visit Paris again”

Sentiment (s) = Positive, Interpretation (i) = [(‘comfortable’, 0.056), (‘helpful’,
0.046), (‘nicely’, 0.040), (‘furnished’, 0.033), (‘staff’, 0.031), (‘stay’, 0.029), ...], Topic
representation (t) = [‘hotel’, ‘location’, ‘staff’, ‘great’, ‘close’, ‘station’; ‘good’,
‘room’, ‘friendly’, ‘nice’], Emotion (e) = Joy

The commentaries generated are:

ChatGPT-base = Based on the review provided, the classification of “positive” is
appropriate. The reviewer mentions that the hotel rooms are very comfortable and
nicely furnished, which indicates a positive experience with the accommodation.
The proximity to the metro station and the presence of many restaurants nearby are
highlighted as convenient features, adding to the positive impression. The reviewer
also praises the helpfulness of the staff, which is a key factor in guest satisfaction.
The tone of the review is enthusiastic and the reviewer expresses a desire to return
to the hotel in the future, indicating a high level of satisfaction with their stay.

ChatGPT-interm-LIME = The model explanation for the positive classification of the
review highlights words like “nicely” “helpful,” “comfortable,” and “staff,” indicat-
ing the positive aspects of the hotel experience. These words contribute significantly
to the overall positive sentiment expressed in the review. The presence of terms like
“definitely” and “go back” further reinforces the positive nature of the feedback.
The review also mentions the convenient location near the metro and the avail-
ability of restaurants, adding to the positive experience. Overall, the explanation
emphasizes the positive attributes of the hotel, such as comfort, helpful staff, and
convenient amenities, aligning with the positive classification.

ChatGPT-adv-LIME = The review expresses satisfaction with the hotel comfort,
helpful staff, and convenient location near the metro and restaurants. The posi-
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tive classification is supported by words like “comfortable,” “helpful,” and “nicely
furnished,” which align with the topic of a positive hotel experience. The emotion
associated with the review is also positive, further confirming the customer satisfac-
tion. The review emphasis on comfort, helpfulness, and location resonates with the
topic representation of a hotel with great staff, good location, and friendly service.
Overall, the review reflects a positive experience, supported by the words highlighted
in the explanation and the underlying topic representation.

Comparing the outputs, the standard ChatGPT approach provides an ex-
planation drawing inspiration from the extensive knowledge within ChatGPT
rather than directly from the review content. In contrast, both the interme-
diate and advanced enhanced approaches exhibit significantly higher accuracy,
pinpointing the specific words that influenced the sentiment classification. Be-
tween the intermediate and advanced levels, the difference is subtle; however,
the advanced approach provides a more nuanced understanding. Specifically,
in ChatGPT-base, the explanation broadly acknowledges positive aspects like
comfortable rooms and helpful staff, whereas ChatGPT-4interm-LIME delves into
specific words like “nicely,” “helpful,” and “comfortable” that contribute to the
positive sentiment. Moving to ChatGPT-adv-LIME, the explanation further an-
alyzes the positive aspects of the review, emphasizing words like “satisfaction,”
“comfort,” and “helpful staff” while aligning them with the underlying topic
representation of a positive hotel experience.

However, we measure the quality of the explanations generated by the dif-
ferent approaches in three ways:

1. Textual and Semantic Metric Analysis: This approach involves analyzing the
commentaries using various metrics derived from textual analysis [13]. We
also utilize semantic similarity scores such as Dice, TF-IDF, Rouge-L, and
S-BERT, which are typically employed to evaluate the information content
of a summary compared to the original text. Here, we adapt these metrics
for evaluating explanation commentaries.

2. ChatGPT FEwvaluation: In this approach, ChatGPT evaluates the commen-
taries based on criteria such as informativeness, quality, coherence, attributabil-
ity, and overall impression.

3. Domain Ezpert FEvaluation: This approach involves obtaining evaluations
from experts who assess the commentaries and collectively choose the best
one based on their expertise and judgment.

5.1 Textual and Semantic Metric Analysis

Regarding text metric analysis, Table 2] presents scores derived from the gener-
ated explanations on fifty positive and negative reviews using: i) TextDescrip-
tives library for linguistic scores, and i) semantic similarity scores, used to assess
the informational alignment between two texts.

Based on the provided scores obtained from the TextDescriptives library,
here is a description of each criterion and the results obtained:
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— Readability of the explanations was assessed using the Coleman-Liau index,
which estimates the U.S. grade level required to understand a text. Expla-
nations generated by ChatGPT-base require a lower U.S. grade level com-
pared to those generated by ChatGPT-adv. Other readability indices such
as Gunning-Fog and SMOG also indicate similar trends, suggesting that the
reports from ChatGPT-adv required a deeper understanding of linguistics.

— Quality was measured using repetitive text patterns, specifically the dupli-
cate n-gram character fraction, which indicates the fraction of characters in a
document that are contained within duplicate n-grams. Since the comments
generated are very short (around 100 words), the level of repetition is almost
always zero.

— Coherence was evaluated based on the cosine similarity between sentences,
with their embeddings obtained as the average vector representation of words
computed by Latent Semantic Analysis. Even in this case, the coherence of
the texts remains consistent across both models.

— Complexity was assessed using the entropy of the text, which measures the
level of randomness or unpredictability, with higher values indicating greater
diversity and complexity of language use. Explanations from ChatGPT-adv
demonstrate higher complexity, characterized by greater diversity and com-
plexity of language use, compared to those from ChatGPT-base, which ex-
hibit more repetitive or predictable language patterns.

Textual analysis scores Semantic similarity scores
Approach Readability Quality Coherence Complexity|Dice_similarity TF-IDF Rouge-L S-BERT
ChatGPT-base 14.62 0.00 0.85 3.80 0.19 0.15 0.57 0.26
ChatGPT-interm-1G 15.84 0.02 0.80 4.08 0.20 0.15 0.59 0.26
ChatGPT-interm-LIME 15.15 0.00 0.79 3.87 0.22 0.18 0.62 0.26
ChatGPT-adv-1G 15.79 0.02 0.85 4.08 0.24 0.24 0.86 0.35
ChatGPT-adv-LIME 16.22 0.01 0.84 4.14 0.24 0.26 0.86 0.38

Table 2. Scores derived from comparing reviews with the generated explanations using textual and
semantic similarity metrics.

Regarding semantic similarity metrics, we adapted those traditionally used to
evaluate the closeness between two texts (e.g., an original text and a summary) to
compare user reviews with the generated explanations. Below is the description
of each criterion used:

— Dice coeflicients over the sets of words (excluding stop words) of the input
review and the generated explanation. This metric measures the extent of
overlap between the two sets, indicating the similarity in content.

— Cosine-based lexical similarity between TF-IDF vectors of the review and
explanation, obtained after stop word removal and stemming. This metric
quantifies the similarity in word usage and distribution, providing insight
into the semantic correspondence.
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— Rouge metrics, with a focus on Rouge-L, which evaluates the longest com-
mon subsequence between the review and explanation. Rouge-L assesses the
overall coherence and adequacy of the generated explanation in capturing
the essence of the review.

— Cosine-based semantic similarity between S-BERT embeddings of the review
and explanation. This metric measures the semantic relatedness between the
two texts, offering a deeper understanding of their contextual similarity.

In examining the semantic scores reported in Table 2 a consistent upward
trend is observed across all metrics as we progress from ChatGPT-base to ChatGPT-
interm, and finally to ChatGPT-adv (both with IG and LIME versions). Transi-
tioning from basic to intermediate with the addition of sentiment interpretation
brings improvements, and further incorporating multidimensional classification
brings even greater enhancements. While the increases in Dice and S-BERT
scores are relatively modest, TF-IDF and Rouge-L exhibit more pronounced im-
provements. This indicates that the explanations provided by ChatGPT-adv are
more comprehensive and nuanced compared to the basic ones, effectively cap-
turing the essence of the reviews. Regarding the two interpretability techniques
used, LIME outperforms IG in terms of scores, albeit marginally, indicating
slightly superior performance in generating explanations.

5.2 ChatGPT and Domain Expert Evaluation

The section describes and analyzes the explanations generated by assigning votes
through ChatGPT and experts who are asked to choose the best explanation.

For the first rating, we provided ChatGPT with the review, sentiment, and
explanation as input, and asked it to rate each on a scale from 1 (worst) to 5
(best) based on five criteria:

— Informative: The explanation encapsulates crucial details from the source,
offering a precise and concise presentation.

— Quality: The explanation is understandable and comprehensible, demon-
strating high quality.

— Coherence: The explanation demonstrates a sound structure and organiza-
tion, ensuring coherence.

— Attributable: All information in the explanation is attributable to the source.

— Qwerall preference: The explanation succinctly, logically, and coherently con-
veys the primary ideas from the source.

Figure shows the average scores achieved using the explanations gen-
erated by ChatGPT-base, ChatGPT-interm, and ChatGPT-adv on fifty positive
and negative reviews. Due to space constraints, we only report the values ob-
tained with the LIME interpretation (results are similar with IG). As shown,
ChatGPT-adv offers the most preferable choice, with higher values than all
other approaches across all criteria considered. It surpasses ChatGPT-interm,
which improves on detail and organization, and ChatGPT-base, which provides
a fundamental explanation with satisfactory clarity and coherence.
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BB ChatGPT-base B ChatGPT-adv BB ChatGPT-base BB ChatGPT-adv
= ChatGPT-interm EEE ChatGPT-interm

Informative Greater inf. content

Quality More technical

Coherence Clearer explanation

Criteria
Criteria

Attributable More precise

Overall Pref. Favorite expl.

0 1 2 3 4 5 0 10 20 30 40 50 60
Scores Scores (%)
(a) ChatGPT Evaluation. (b) Domain expert.

Fig. 4. Scores obtained in the evaluation of explanations by ChatGPT and domain
experts.

Regarding expert evaluations, we asked 20 experts to validate the explana-
tions generated by the three approaches using 10 different reviews. In each test,
we presented the review along with the three full explanations (in random order)
and asked the experts to identify which explanation excelled in specific aspects.
Specifically, they were asked to answer the following questions: (i) Which ex-
planation do you believe offers greater overall information content? (ii) Which
explanation contains more technical or specialized aspects? (i74) Which explana-
tion provides a clearer explanation of the topics covered? (iv) Which explanation
demonstrates greater precision and clarity in its contents? (v) Which explanation
do you prefer for overall quality?

Figureshows the average percentage of experts who preferred ChatGPT-
base, ChatGPT-interm, and ChatGPT-adv for the five criteria considered. Do-
main experts consistently favored ChatGPT-adv over standard ChatGPT across
all aspects. ChatGPT-adv received significantly higher ratings attributed to
its greater information content, more technical nature, clearer explanations,
and higher precision, as reflected in the criteria. Explanations generated by
ChatGPT-adv were notably more detailed enhancing clarity and credibility.
Furthermore, they exhibited superior coherence, organization, and grammati-
cal consistency, resulting in higher evaluation scores compared to explanations
generated with ChatGPT-base and ChatGPT-interm.

6 Conclusions

In today’s digital age, user-generated reviews play a vital role in shaping business
strategies by providing valuable insights into consumer experiences and prefer-
ences. Advanced machine learning techniques, such as BERT and GPT, have rev-
olutionized the analysis of this vast pool of unstructured data, making it easier to
extract actionable insights. However, in addition to achieving high classification
accuracy, the demand for explainability has increased, underscoring the need to
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understand the reasoning behind classification decisions. Our methodology intro-
duces an innovative approach that leverages interpretable and multidimensional
classification to generate comprehensive explanations from user reviews, outper-
forming basic approaches. Experimental results demonstrate the accuracy of our
methodology in explaining review ratings. Future efforts will focus on analyzing
review sets to identify product strengths and weaknesses, further improving our
understanding of consumer sentiment and enabling companies to make informed
decisions and improve their offerings.
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