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Abstract. Today’s online platforms, e.g. in e-commerce, often of-
fer users numerous competing options in single product categories,
e.g. televisions or watches, making it difficult for the users to iden-
tify the best option to suit their preferences. To ease this process,
many platforms provide users with simple scores resulting from the
aggregation of other users’ reviews. However, these scoring sys-
tems may oversimplify the underlying information and lack explana-
tory context. Our main contribution in this demonstration paper is a
novel online system for aggregating customer reviews and explaining
the aggregation to users.The system operates through a multi-stage
pipeline: it first applies novel automatic ontology extraction methods
using BERT or Large Language Models to identify key aspects from
customer reviews, then constructs support and attack relations be-
tween these aspects using Argumentative Dialogical Agents (ADAs),
an existing methodology for generating argumentative analyses of as-
pects. Finally, it generates ontology-driven, explainable aggregations
of the reviews. We evaluate the performance of our system (which
we call ADA-X) on the Amazon and Disneyland review datasets, fo-
cusing the ontology quality using the LLM-as-a-judge method and
aggregation performance against the original Amazon and Disney-
land ratings. The demonstration is available at https://ada-x.co.uk/.

1 Introduction

In today’s era of material abundance, users are presented with an
overwhelming number of products across various categories. Re-
views made by existing buyers are often treated as a reliable source of
information that can help users make their decisions. However, due to
the sheer volume of reviews, it is unrealistic and not cognitively man-
ageable for users to read them all. To simplify this process, platforms
often aggregate reviews into a single rating, such as the Amazon rat-
ing score' in the e-commerce domain and the Tomatometer Score’
(TS) in the movie domain. These scoring systems face two main
challenges. First, they oversimplify the evaluation process. Products
across different domains are rated highly or lowly by users based on
their features, and a single scoring system cannot adequately repre-
sent the positive or negative contributions from each. The TS, for
example, has been criticised for negatively impacting the movie in-
dustry.® Second, many of these scoring systems are based on machine
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learning algorithms that lack explainability. For example, the "Ama-
zon’s Choice" label, which is based on the Amazon review score,
has been criticised by various sources for failing to provide insight-
ful suggestions to consumers*. Some attempts have been made to
use Large Language Models (LLMs) in an end-to-end manner, e.g.
Amazon, but there is no way of guaranteeing that the aggregations or
explanations from LLMs are faithful [21].

Argumentative Dialogical Agents (ADAs) [18] address this prob-
lem by utilising Natural Language Processing (NLP) and computa-
tional argumentation (see [2, 3] for overviews) techniques to provide
explainable review aggregations. Indeed, argumentation is attracting
attention in the area given its strengths in reasoning with conflicting
knowledge [1, 8, 16, 23]. An ADA is based on argumentative inter-
pretations of reviews and hand-crafted [10] or mined [17] ontologies,
ensuring that the explanations are faithful to the review aggregations.
A limitation of this approach when supported by hand-crafted on-
tologies is its reliance on the manual construction of features, which
requires domain-specific knowledge [11, 20]. Meanwhile, the au-
tomated methods supported by mined ontologies originally utilised
BERT [12], showing encouraging performance on Amazon product
datasets [17]. Motivated by the strong performance of LLMs in log-
ical reasoning tasks [6, 15, 24], another method was recently intro-
duced for automatic ontology extraction via LLMs [22], though this
has not been formally evaluated within the ADA context.

These recent developments inspired us to integrate both mined on-
tology approaches, i.e. the BERT- and LLM-based methods, to cre-
ate a fully automated, explainable review aggregation system, which
we call ADA-X. Our system, available as a website® or a codebase®,
includes a live demonstration that allows developers to explore the
ontology constructed by both mining methods, as well as the in-
formation for supporting potential interactions between users and
ADA-X. The general workflow of the proposed approach is illus-
trated in Figure 1. In addition, we evaluate the enhanced framework
across multiple domains. The quality of the generated ontologies is
assessed using the LLM-as-a-judge method [25], and the review ag-
gregation results are compared against conventional methods for ag-
gregating reviews, i.e. the Amazon customer ratings and the Disney
rating. These experiments show that both ontology mining methods
extracted appropriate terms to refer to the product and identity rea-
sonable relations between aspects. Meanwhile, both methods achieve
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Figure 1. General workflow of the ADA-X system. We point readers to [17, 18, 22] for the technical details of each individual step.

similar aggregated scores compared with the original ratings from
Amazon and Disneyland, indicating reliable performance of ADA-X.
This work thus provides developers with an overview of how ADA-X
can support fully automated, explainable review aggregation.

2 Functionalities

This section outlines the user interaction process with our online im-
plementation of ADA-X, outlining its main functionalities.”

2.1 Dataset

We used two existing datasets: the Amazon product review dataset®
and the Disneyland product reviews dataset’. The Amazon dataset
was selected for its diversity of product categories, making it well-
suited for evaluating the generalisability of the ontology extraction
and review aggregation pipeline across a wide rage of products and
user opinions. Due to the large number of Amazon customer re-
views (over 500 million), five out of 33 domains were selected and
100,000 reviews were randomly sampled from each domain. The
Disneyland reviews dataset was included to assess the ADA sys-
tem’s performance on a dataset where each product accumulates a
significantly higher volume of reviews. Specifically, the dataset con-
tains approximately 40,000 reviews distributed across only three Dis-
neyland branches, in contrast to the Amazon Video Games category,
where 100,000 reviews span roughly 17,000 distinct products.

The Analysis page, see Figure 2, allows users to configure their
analysis parameters based on the selected data source. It begins by
fetching and displaying the available product categories associated
with the chosen data source, allowing the user to select a specific
category. Once a category is selected, the app dynamically retrieves
the two automatic ontology extraction methods, i.e. the BERT-based
[17] and LLM-based [22] methods.

2.2 Automatic Ontology Extraction

There is a significant distinction between the BERT- and LLM-
based approaches. The BERT-based method relies on a manually

7 Due to the computational cost of running real-time analysis, the ADA sys-
tem on our website uses pre-generated outputs. These results were fully
automatically generated without any manual modifications. This approach
ensures that users can experience the system’s capabilities as they would
appear in real-world deployment while maintaining reproducibility and ex-
plainability of its outputs.

8 https:/huggingface.co/datasets/McAuley-Lab/Amazon-Reviews-2023

9 https://www.kaggle.com/datasets/arushchillar/disneyland-reviews
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Figure 2. Analysis page of the online ADA-X system, allowing users select
the product category and analysis method.

constructed dataset to fine-tune the model for ontology extraction,
while the LLM-based method prompts the Mistral-7B-Instruct-v0.2
model [14] directly without additional training.

Upon selecting both a category and an ontology extraction method,
a brief description of the selected method is shown, alongside an
overview table displaying four performance metrics: the top 100
most frequent aspects LLM-as-a-judge score, the ontology relations
LLM-as-a-judge score, the mean absolute error (MAE), and the root
mean square error (RMSE) of product argument strength relative to
average user rating. After configuring these options, users can pro-
ceed to the Review Aggregation page by clicking the “Check Ontol-
ogy” button.

2.3 Argumentative Dialogical Agent

The Review Aggregation page serves as the core visualisation and
exploration interface of the web application. Initially, it fetches the
top 10 products from the selected category and allows the user to
choose one for ontology inspection. Based on the chosen product
and ontology extraction method, the app presents the product level
statistics as well as the ontology tree of the corresponding product.
The product-level statistics provide a comparison between the con-
ventional methods for producing the aggregated scores, i.e. Amazon
ratings and Disneyland ratings in this paper,and the ontology prod-
uct score based on the ADA framework. A closer value between these
two figures demonstrates the effectiveness of the ontology extraction
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Figure 3. Review Aggregation page showing the argumentation framework
constructed for a product in the game category. The colours of the edges be-
tween aspects represent the positive support (green) and negative attack (red)
relations between aspects, while the ticks and crosses represent the aspects’
positive or negative, respectively, overall contribution to the product.

and review aggregation process. Finally, shown beneath the statis-
tics is the argumentation framework representing the review aggre-
gation, as shown in Figure 3. Each aspect is assigned an argumenta-
tive strength, which is calculated by an argumentative semantics (see
[18]). The argumentative strength of the product then corresponds to
its score in the review aggregation. A prune tree option has been pro-
vided on the top of review aggregation page, which allows the user
to filter out the aspects with zero strength shown in the argumen-
tation framework (by most argumentative semantics, zero strength
arguments are irrelevant [4]).

Beneath the ontology tree, an interactive dialogue-agent was im-
plemented. This allows users to engage with predefined queries, such
as “Why was the aspect good?”, facilitating detailed exploration of
explanations and user sentiments related to specific aspects. These
explanations are dynamically generated by analysing aspect polar-
ity, supporting and attacking features, argumentative strengths and
related phrases within the ontology.

3 Empirical Evaluation

In this section, we detail our evaluation of the performance of two
major components of ADA-X: the ontology extraction and the re-
view aggregation. For the former, we evaluate the generated ontology
quality by using the LLM-as-a-judge method [25], while the latter
has been evaluated using the comparison between the argumentative
strength and the original score by conventional review aggregation
methods. Table 1 summarises the results.

3.1 Evaluation of the Ontology Extraction

To assess the quality of the generated ontology, specifically the ex-
tracted aspects and relationships, we employed the LLM-as-a-judge
approach [25] using Gemini 1.5 Flash [19]. Scores range from 1 to 5,
where a higher score indicates better performance. We evaluated two
components of the ontology extraction: its aspects and its relations.
For aspect evaluation, the score is calculated as the average rating
assigned by the LLM to the top 100 most frequently occurring as-
pects in the review corpus. The evaluation criteria include relevance,
specificity, clarity, and product fit. For relation evaluation, the score
is computed as the average LL.M-as-a-judge score across all relations
in the constructed ontology tree, with the judge assessing each based
on logical hierarchy, contextual fit, and clarity (technical details of
this evaluation method can be found in [5]).

Based on the results in Table 1, the BERT-based method gener-
ally performs better in aspect extraction than the LLM-based method,

Ontology Extraction Review Aggregation
Aspects T Relations 1 MAE | RMSE |
LLM BERT LLM BERT LLM BERT LLM BERT
Mixers 274 330 2.83 256 0.071 0.073 0.084 0.096
Necklaces 2.57 3.23 140 1.81 0.104 0.097 0.114 0.109
Games 286 275 314 311 0.098 0.127 0.129 0.159
Television 322 344 322 335 0.140 0.165 0.145 0.170
Watches 316 357 293 238 0.087 0.086 0.110 0.098
Disney 334 325 3.00 250 0221 0205 0.222 0.210
Average 298 326 275 262 0120 0.126 0.134 0.140

Category

Table 1. LLM-as-a-judge scores in the evaluation of ontology extraction
methods; MAE and RMSE in the evaluation of review aggregation methods.

with an average rating of 3.26. However, this trend is reversed in re-
lation construction, where the LLM-based model shows superior per-
formance and an average rating of 2.75. We thus posit that the spe-
cific contextual knowledge in pre-trained BERT models may be ad-
vantageous in entity recognition tasks [9], while LLMs may have an
advantage in detecting relations between entities, as has been found
in relation-based argument mining [7, 13]. We leave deeper valida-
tion of these hypotheses to future work. Overall, these scores pro-
vide a quantitative assessment of the model outputs, highlighting the
strengths and weaknesses of each method in extracting meaningful
semantic information from customer reviews.

3.2 Evaluation of the Review Aggregation

To evaluate the performance of the review aggregation, the MAE and
RMSE were calculated between the product average rating and the
ontology product score in both the Amazon and Disney datasets.

Given that the scale of both MAE and RMSE ranges was from
0 to 1, both methods gave promising averages of less than 0.140 as
shown in Table 1. This indicates a reasonable alignment between the
aggregated argument strengths and the overall user sentiment. For the
Amazon product categories, both the LLM-based and BERT-based
methods demonstrate comparable performance. The Disney dataset,
despite its relatively high number of reviews per product, shows the
highest MAE and RMSE values for both methods, which may be
attributed to the unique characteristics of the reviews or the sentiment
expressions within this dataset.

4 Conclusions and Future Work

This paper successfully implements the ADA-X system with the inte-
gration of two distinctive automatic ontology extraction method with
the ADA framework. Compared with traditional review aggregation
approaches, ADA-X offers more explainable insights for customers,
potentially helping them better understand product attributes and per-
formance. We demonstrated the system’s effectiveness using two
datasets: Amazon product reviews and Disneyland reviews. ADA-
X achieved promising scores when compared with the aggregated
ratings provided by the respective platforms.

This work opens up a number of avenues for future work. For
example, the modular design of the codebase enables future devel-
opers to incorporate new features and experiment with alternative
ontology extraction methods for further research and improvement.
Moreover, it would be interesting to undertake further experimenta-
tion in datasets across different product types, e.g. in streamed prod-
ucts such as movies or music, as well as user studies in real world
settings, which will be crucial for evaluating ADA-X’s effectiveness
along human-centric metrics such as comprehensibility or trust.
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