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Abstract. In this study, we propose a method to help understand prod-
ucts that don’t have many reviews. Specifically, we use an LLM to re-
trieve reviews of similar products. This helps users get more useful in-
formation when they are thinking of buying a product. First, when the
user inputs a product and a question, the system uses the LLLM to find
the attributes that are related to the user’s question. Next, the system
calculates the similarity of the attributes and find similar products. After
that, by using an LLM, the system retrieves opinions from reviews of the
similar products that are related to these attributes. Finally, the system
ranks the opinions that were judged to be related to the attribute queries
and shows them as the search results. This adds more useful informa-
tion to support the target product. In the experiment, we compared the
similarity between the opinions retrieved by the proposed method and
the actual opinions that the target product has. As a result, opinions
retrieved from similar products were slightly more similar to the actual
opinions than those from randomly selected products.

Keywords: information retrieval - LLM - review supplement.

1 Introduction

As the internet has grown, more and more people are shopping on e-commerce
websites [I4]. When buying something on an e-commerce site, reviews are im-
portant to help people decide what to buy. By reading reviews, people can learn
more about the actual use of the product.

However, there are some products, such as new or less popular ones, that have
very few reviews. In such cases, users may not be able to find enough information
they want. For example, suppose a user wants to know how much space a new
TV called A takes up by reading reviews. Even if the user searches for reviews
about screen size of A, there may be very few reviews mentioning it, or none at
all. The user might end up buying a TV that is not the right size for the room.

To solve this problem, we supplement the missing opinions by using reviews
from similar products, as shown in Figure [1} First, the user selects the product
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Fig. 1. Examples of supplementing product opinions with reviews from similar prod-
ucts.

they want to research. Next, the user types a question, such as “How much space
does it take up?” or “Easy to carry.” Using a Large Language Model (LLM),
the system reads this question and selects the related attribute (like screen size,
weight, or sound quality) from the product’s specification. In this case, screen
size and width x height x depth are selected. Then, using the LLM again, the
system finds reviews from similar products that mention the same attribute,
such as a review saying “The room is about 10m?, so just the right size.” These
reviews are shown to the user. In this way, even if the target product has very few
reviews, the user can get opinions on what people think about it. For example,
suppose a review of TV B, which has the same screen size as TV A, says “The
room is about 10m?, so just the right size.” This opinion also applies to TV A.

Studies that use reviews from similar products to help understand the prod-
uct the user is searching for have been done before [2] [9] [II]. However, no past
study has used an LLM. We thought that using the LLM could make the user’s
input and the system’s answer more flexible and more accurate. In our study,
our goal is to find reviews from similar products that mention the attributes the
user wants to know by using the LLM.

In the experiment, we evaluated the system from three points of view. The
first point is how well the LLM can select the correct attribute related to what
the user wants to know. We compared the results of the author’s judgments
and the LLM’s judgments, and calculated precision, recall, and F}-score. The
result was that effectiveness was sufficiently high. The second point is how well
the LLM can find reviews related to the selected attribute. Again, we compared
the results of the author’s judgments and the LLM’s judgments, and calculated
precision, recall, and Fj-score. The result was that effectiveness was not high.
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The third point is how similar the opinions found by the proposed method are
to the actual opinions of the target product. We used both automatic similarity
calculation and human judgment to evaluate this. As a result, our method, which
uses opinions from similar products, performed better than the baseline method,
which uses opinions from randomly selected products. Therefore, the proposed
method can retrieve opinions that are closer to actual opinions.

2 Related Work

2.1 Analyzing Customer Reviews

There have been studies on extracting attributes or aspects and opinions from
reviews. Hu et al. collected positive and negative opinions about product at-
tributes using WordNet [5] . Poria et al. used word embeddings to find aspects
mentioned in reviews [I0]. Wang et al. proposed using a multi-layer coupled
attention mechanism to extract attributes and opinions [I6]. Ishii et al. used
T5 to generate which aspects were discussed in each sentence of the review [G].
Adhikary et al. used an LLM to extract review aspects and their opinions [IJ.

These previous studies have focused only on finding features and opinions in
reviews about products. They do not address the issue of products with few or
no reviews. In our study, we use reviews of similar products to fill in the gaps.
This allows us to obtain useful information about a particular product that users
are interested in, even when there are few reviews of the product.

2.2 Retrieving Opinions from Reviews of Similar Products

There have been studies on methods to supplement opinions of a product by
using reviews from similar products when the product does not have enough
reviews. Park et al. used a query likelihood model to retrieve reviews from prod-
ucts that have similar attributes to the target product [9]. Du et al. also used
similar products and considered both usefulness and coverage when retrieving
reviews [2]. Rozen et al. built a model using RoOBERTa to answer questions that
were not answered in the reviews of the target product [13]. Their model used
reviews from similar products to create answers. Pourgholamali et al. used em-
beddings learned in the same vector space of attribute values and reviews to
obtain reviews of similar products [I11].

These previous studies often used limited methods for asking and answering
questions, such as only allowing simple inputs or yes/no outputs. In our study, we
introduce a new approach using a Large Language Model (LLM). This enables
users to ask questions more flexibly and receive answers in many different forms,
something previous methods could not achieve.

3 Problem Definition

In this section, we define the problem that our study focuses on. A product
category consists of k£ products, written as {P(l), P ... ,P(k)}. Each product
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has its attributes that describe its specifications. An attribute is written as a pair
(az, vy ), where a, is the name of the attribute and v,, is its value. For example, in
the case of a TV, attributes can be written as (screen size, 32 inches) or (weight,
4.5 kg). If the products in a category have n attributes, the set of attributes for
product P® can be written as shown in Equation .

PO = {(@”,0}"), (a5 037, (@l o))} (1<i <k (1)
The user inputs the target product P and the question or the requirement g
about the product into the system. We call the product P(*) the target product,
and the question or the requirement ¢ the text query. Examples of text queries
include “How much space does it take up?” and “Easy to carry.”

The system is given a set of products {P(1), P(?) ... P®)} a target product
P and a text query ¢. The system then selects the attributes that are related to
the text query q. We call these attributes the attribute queries. For example, if
the text query is “How much space does it take up?”, then attributes like “screen
size” and “width x height x depth” become the attribute queries. The selected
set of m attribute queries is written as A((Ii) = {(al(i), vl(i)) m, C PW. For each
attribute query pl(z) = (al(’), vl(z)) € A((;), the system calculates its similarity to the
same attribute in other products, written as sim(pl(l), pl(] )). Using this similarity,
the system selects N products that are similar to the target product. This set
is written as S, = {P™),..., PN)} and is called the similar products. Then,
the system uses the reviews of these similar products in S, to find and rank the
opinions that are likely to match the target product. These opinions are shown
to the user.

4 Methodology

4.1 Overview

An overview of the proposed method is shown in Figure [2| This method uses an
LLM to supplement opinions of the target product by retrieving opinions about
attribute queries from similar products. First, the user inputs a target product
and a text query. Next, the system uses an LLM to select attribute queries
from the text query. Then, the system calculates the similarity of the values of
these attribute queries between the target product and other products to find
similar products. After that, by using an LLM, the system retrieves opinions
from reviews of the similar products that are related to the attribute queries.
Finally, the system ranks the opinions that were judged to be related to the
attribute queries and shows them as the search results.

4.2 Transformation of Text Query into Attribute Queries

We use an LLM to judge which attributes are related to a text query. In our
study, we limit the text queries to those that ask about the features of the product
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Fig. 2. Overview of the proposed method.

because most of the product attributes used in the supplement are related to
features. Although price is also important when reading reviews, we exclude it
from our study because it can change depending on when the user buys.

The following is the prompt used when judging the attributes related to TV:

You are now trying to search for reviews of a {product category}.

Given the input “{text query}”, does the attribute “{attribute query candidate}”
match the query? Think step-by-step, and write the answer as True or False.
##H#OUTPUT_EXAMPLE:

True or False

In this case, {product category} is “TV”, {text query} can be something like
“How much space does it take up?” or “Good image quality”, and {attribute
query candidate} can be attributes such as “screen size”, “number of pixels”,
and others. Attributes that output True at this prompt are used as attribute

queries.
4.3 Attribute-Based Retrieval of Similar Products

We calculate the similarity between the values of attribute queries of the target
product and those of other products to select similar products. At this time, we
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use only the attributes that were judged as True in Section [£.2] as the attribute
queries A((f). For a product P with an attribute pl(i) = (al(i), vl(i)), we calculate
its similarity with the same attribute pl(j ) = (al(j ), vl(j )) of another product P, If
the attribute is quantitative data, the similarity is calculated using the following

formula:
sim(p{”, p") = 1= [of” = o) (2)
Here, vg(ci) is a normalized value so that the maximum value becomes 1. If the

attribute is categorical data, the similarity is calculated using the following for-
mula.

e (4) (7)
(i) () L ifo 7 =
sim , = 3
m(py P {0 otherwise (3)

In this case, the similarity is 1 only when the values of attribute queries match
exactly.

In our study, we calculate the similarity for each attribute in the attribute
queries At(f) using the formulae above. We then select the top IV products that
have the largest number of similar attributes as the similar products. If two or
more products have the same total number of similar attributes, we give higher
priority to the product that has more reviews.

4.4 Attribute-Based Opinion Extraction and Ranking

We use an LLM to extract the opinions of product reviews that mention specific
attribute queries.
When using TV reviews, the following is an example of the prompt:

-

From the {product category} review “{review of the product in the product cat-
egory}”, please get the opinion related to “{one attribute query}.” Follow the
OUTPUT_EXAMPLE format.

If there is no related description, output the value of “attribute” as “{one at-
tribute query}” and the value of “sentence” as “none.”

{instructions for JSON output}

H##H#INPUT_EXAMPLE:

(Example for a hair dryer review)

This hair dryer has strong power and dries my hair quickly.
##H#OUTPUT_EXAMPLE:

When getting an opinion related to airflow from the hair dryer review
{{attribute: airflow, sentence: has strong power and dries my hair quickly}}
INPUT: {review of the product in the product category}

JSON_OUTPUT:

)

To generate more accurate outputs, we use a few-shot prompt that includes
examples. At that time, to prevent the examples from affecting the output,



Retrieving Opinions from Products with Similar Attributes 7

Table 1. Example of output when the input is “How much space does it take up?”

How much space does it take up?

1. Size

2. It is just the right size for watching from 1.5 to 2 meters away.

It might be too small for those who sit farther.

. I mounted it on the wall (installed 5 to 7 cm from the wall behind the TV).
. Perfect size

. I searched for a 32-inches TV because my room is 10m?.

. Sufficient for a studio layout.

. Because it is lightweight, you don’t need strong furniture to place it.
. I thought it was a little too big for my small room.

. The room is about 10m?, so just the right size.

0. This size

= © 00 O otk W

we use attributes and reviews from a different product category than the one
currently being searched.

For example, suppose we want to extract information about “screen size” or
“recording function” from the following TV review: “I'm glad I bought it because
it’s not too big and easy to see in my 10m? room. Setup was very easy. Shipping
was fast. Thank you.” In this case, {product category} is “T'V”, {review of the
product in the product category} is “I'm glad I bought it because it’s not too big
and easy to see in my 10m? room. Setup was very easy. Shipping was fast. Thank
you.”, and {one attribute query} is either “screen size” or “recording function”.
When we run the prompt using “screen size” as the attribute query, the output
includes the phrase “it’s not too big and easy to see in my 10m? room”, since
it relates to screen size. On the other hand, since this review does not mention
anything related to the “recording function” attribute, running the prompt with
“recording function” as the attribute query will return “none” as the output.

By applying the above prompt, we can extract the opinion that corresponds
to each attribute in a review. Note that this extraction step is independent of
the user’s text query; therefore, the entire review corpus can be processed offline
before search time, and the attribute-opinion pairs can be extracted in advance.

Then, we present to the user the opinions related to the attribute query
that were found in the reviews of similar products. To rank the opinions, we
calculated the similarity between the text query and these opinions. Specifically,
the text query and these opinions were converted into embeddings and the cosine
similarity was calculated.

We describe an example of the actual output. When the target product is
a TV with model number “J32SK03” and the text query is “How much space
does it take up?”, the top 10 results ranked by similarity to the text query are
shown in Table [I} For example, opinions like “Sufficient for a studio layout”
and “I searched for a 32-inches TV because my room is 10m?” were successfully
retrieved from reviews related to the size of a 32-inches TV.
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Table 2. List of attributes used for cameras and TVs.

Category Attributes

TV Screen size, Number of pixels, Panel type, HDR format, Image process-
ing engine, Backlight, Quantum dots, High frame rate feature, BS 8K,
BS 4K/110°CS 4K, Recording function, Built-in drive, Auto recording,
Simultaneous recording of 2 programs, Fast playback, Smart speaker
connection, Rotating stand, HDMI terminal, Voice-operated remote
control, Number of speakers, Width x Height x Depth, Weight
Camera Self-timer, Selfie function, LCD monitor, Startup time, Number of
shots, Shutter speed, ISO sensitivity, Weight, Width x Height x Depth,
Interface, Time-lapse, Number of pixels, Continuous shooting, Image
stabilization, 4K support, Touch panel, Storage media, Recording for-
mat, Image sensor

5 Experiment

5.1 Datasets

We conducted the experiment with two categories: TVs and cameras. We selected
these two categories because they have a large number of attributes. We used
the specification information of TVs and cameras listed on the Japanese website
kakaku.conﬂ as the product attributes. Kakaku.com is a website in Japan that
shows product descriptions, user reviews, and information from online stores.
Each product page includes a section called “specification information,” which
lists the attributes of the product. If the products belong to the same category,
they usually share the same set of attributes. We used 22 attributes for TVs and
19 attributes for cameras. The list of attributes used is shown in Table 21

For the product reviews, we used the Rakuten Ichiba review data contained
in the Rakuten Dataset [I2]. Rakuten Ichiba is a Japanese e-commerce site.
Specifically, we selected the top 100 products with the most reviews in the TV
and camera categories. These reviews were posted between January 1, 2017 and
December 31, 2019. From these, we used only the products that had clearly writ-
ten model numbers and specification information available on kakaku.com. As a
result, we used 7,963 reviews for 87 TV products and 1,840 reviews for 55 cam-
era products. For the text queries, we prepared 25 queries for each category by
hand. The queries we prepared are shown in Table [3] Note that the experiments
were conducted in Japanese, and the attributes and queries listed in Tables
and 3| are presented in English translation.

5.2 Model Used

We describe the models used in the proposed method. For judging the attribute
queries related to the text query in Section we used GPT—40(2024—0806)H We

! Thttps:/ /kakaku.com/
2 |https://platform.openai.com/docs/models#gpt-40
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Table 3. List of actual queries prepared.

TV

Camera,

Easy to carry
No delay when playing games
Good for watching movies
Good sound quality
Good for watching sports
Smooth movement of rotating stand
Fast response of the remote control
High image quality
Stable stand
Easy to see from the side
Can record a lot

Can be operated while recording two programs

Smooth playback of recorded programs
How much space does it take up?
Accurate voice recognition
Does not tire the eyes during long viewing

Best for taking still photos of baseball
Good for beginners
Good for taking pictures of trains
Vibration resistance (image stabilization)
Can it take pictures of stars?
Good for indoor selfies
Difference from iPhone
Faster shooting than a smartphone
Easy to carry
Long battery life
Good image quality in high sensitivity
Good for taking pictures of food
Good printing quality
Difference from the LCD screen image
Good for shooting in dark places
High-speed continuous shooting

Easy to edit on a PC
Good for landscape photography
Easy for children to use
Smooth time-lapse function
Easy-to-see LCD screen
Responsive touch panel
Actual number of pictures taken
Vivid colors
Large storage capacity

Easy volume adjustment
Smooth connection with external HDD
Disadvantage of no high frame rate feature
Easy-to-use HDMI port
Easy to set recording options
Smooth video display
Good for use as a PC monitor
Good signal reception
Good for watching concerts

selected this model because the number of processes required was relatively small
((number of text queries) x (number of attributes)), allowing us to prioritize ac-
curacy over computational cost. For identifying the attribute related to product
reviews in Section [4.4] we used Llama-3.1-Swallow- 8B-Instruct-v0.3 [3] [4].
This model is based on Llama 3.1 and has been further pre-trained on Japanese
datasets, which improves its performance in Japanese. We selected this model
because the number of required processes was large ((number of reviews) x
(number of attributes)), making it necessary to use a lightweight model that can
run efficiently at a lower computational cost. In addition, for calculating cosine
similarity during ranking in Section we used multilingual-e5-large [I5].
We selected this model because of its high retrieval performance.

5.3 Effectiveness of Judging Attributes Related to Text Queries

We evaluated the effectiveness of judging the attributes related to the text
queries, as described in Section For 25 text queries each from the TV and
camera categories, we manually judged whether each attribute was relevant or
not. We treated these manual judgments as the ground truth, and then compared
them with the results given by the LLM.
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Table 4. Effectiveness of judging attributes related to target products.

Metric TV Camera

Precision 0.702 0.534
Recall 0.676 0.761
Fi-score 0.688 0.629

Table 5. Effectiveness of identifying related attributes in product reviews.

Metric TV Camera

Precision 0.600 0.441
Recall 0.308 0.650
Fi-score 0.409 0.526

The results are shown in Table[d] In the TV category, the precision was 0.702,
the recall was 0.676, and the F}-score was 0.688. In the camera category, the
precision was 0.534, the recall was 0.761, and the Fj-score was 0.629. Compared
to the TV category, two of the three values were lower.

5.4 Effectiveness of Judging Attributes Related to Product Reviews

We evaluated the effectiveness of judging the attributes related to product re-
views, as described in Section [£.4] We randomly selected 200 reviews each from
the TV and camera categories. For each review, we manually judged whether an
attribute was relevant or not. These manual judgments were used as the ground
truth, and we compared them with the results judged by the LLM.

The results are shown in Table[5] In the TV category, the precision was 0.600,
the recall was 0.308, and the F}j-score was 0.409. In the camera category, the
precision was 0.441, the recall was 0.650, and the Fi-score was 0.526.

The impact of this effectiveness is discussed in Section [6.1

5.5 Similarity of the Opinions Retrieved by the Proposed Method

To verify the efficacy of the proposed method, we calculated the similarity be-
tween the opinions retrieved by the proposed method and the actual opinions
of the target product. The purpose of this evaluation is to check whether the
opinions retrieved by the proposed method can be used to supplement opinions
when the target product has no reviews. If the opinions retrieved from similar
products is similar to the actual opinions for the target product, we can say the
proposed method can supplement the opinions of the target product.

Evaluation Method In the proposed method, we first selected 10 similar prod-
ucts using the method described in Section [.3] Then, using the methods of Sec-
tions [£.4] we ranked the opinions related to the attribute queries and used the
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Table 6. Opinion similarity between target products and similar products retrieved
by proposed and baseline methods. Bold indicates a higher metric score.

TV Camera
Metric  Proposed Baseline Proposed Baseline

ROUGE 0.381 0.364 0.311 0.309
BLEU 11.725 11.107 9.553  9.098
BERTScore 0.762  0.761 0.745  0.741

top 10 results. We selected the top 10 results because this number includes a
reasonable amount of opinions that are highly related to the text query. As a
baseline method, we replaced the 10 similar products with 10 randomly selected
products. Target products were prepared for each text query. Specifically, one
product was randomly selected from the top five products with the highest num-
ber of reviews for each category. We also selected the top 10 actual opinions of
the target product using the same methods described in Sections We then
evaluated whether the opinions retrieved by the proposed method or the baseline
method were more similar to the actual opinions of the target product.

Automatic Evaluation We conducted an automatic evaluation of the similar-
ity between the opinions retrieved by the proposed method from similar products
and the actual opinions of the target product. We used ROUGE (ROUGE-1) [7],
BLEU [8], and BERTScore [I7]. These metrics are often used when evaluating
the similarity between machine summary or machine translation and the original
text. In our study, we considered the opinions in the target product as the orig-
inal sentences. We used these metrics to evaluate the similarity of the opinions
retrieved by the proposed method. We used the text queries show in Table
For the top 10 opinions retrieved by both the proposed method and the baseline
method, we calculated the maximum similarity for each opinion against the top
10 actual opinions of the target product. The average scores for the proposed
method and the baseline method are shown in Table @ In all evaluation metrics,
the proposed method outperformed the baseline method. This suggests that the
proposed method can retrieve opinions that are closer to actual opinions.

Manual Evaluation We also conducted a human evaluation of the similarity
between the opinions retrieved by the proposed method and those of the target
product. Three annotators from our university participated in this evaluation.
We used the text queries show in Table[3] Similarly to the automatic evaluation,
for the top 10 opinions retrieved by both the proposed method and the base-
line method, the annotators judged which method retrieved opinions that were
more similar to the actual opinions of the target product. The evaluation was
conducted using a five-point Likert scale:

1. The proposed method is much closer to the opinions of the target product.
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A Proposed Method
M Neutral
/N Baseline Method

TV Camera
Domain

Fig. 3. Number of text queries judged by the annotators to be similar to the target
product.

2. The proposed method is slightly closer to the opinions of the target product.
3. Neither method is close to the opinions of the target product.

4. The baseline method is slightly closer to the opinions of the target product.
5. The baseline method is much closer to the opinions of the target product.

To prevent bias, we presented the methods as “Method 17 and “Method 27,
and randomly switched the order of the proposed and baseline methods for
each query, so that the annotators did not know which result came from which
method. The breakdown of the results from the 25 queries evaluated by 3 human
annotators is shown in Figure [3] In this figure, ratings of 1 or 2 are labeled as
“closer to the proposed method”, a rating of 3 is labeled as “neutral”, and
ratings of 4 or 5 are labeled as “closer to the baseline method”. In both product
categories, the number of cases judged to be closer to the proposed method was
higher. From the evaluation of the human point of view, we can say that the
proposed method retrieves opinions that are closer to actual opinions.

6 Discussion

6.1 Analysis of Results

To discuss why the proposed method outperforms the baseline method, we ana-
lyze cases where the proposed method worked well. From the results in Table [6]
and Figure |3] we can see that using opinions from similar products helps us
retrieve opinions that are closer to the actual reviews. For example, for the text
query “ease of viewing the LCD screen” in the camera category, both the similar
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products and the target product had negative opinions such as “the screen is
a bit small” and “the viewing angle of the LCD monitor is narrow and hard
to see.” However, these opinions were not found in the opinions retrieved from
random products. The random products had LCD monitors with many different
screen sizes and quality levels, so the retrieved reviews were more general. In
contrast, the similar products had LCD monitors with screen size and quality
close to the target product, so the retrieved opinions were more relevant. There-
fore, using an LLM to retrieve opinions from similar products can be a useful
way to supplement opinions for products with few reviews.

However, in Table[6] the automatic evaluation shows only a small difference
between the proposed method and the baseline method. There are two reasons for
this. First, when the reviews mention the same attribute, they often use similar
words. For example, the BERTScore similarity between the pair “The LCD is
hard to see” and “The LCD 1is easy to see” is 0.893, and between “The LCD is
hard to see” and “The LCD is difficult to see” is 0.899. Since the words used are
similar, the similarity score becomes high, even when the meaning is different.
This is one reason why there was little difference between the two methods.
Second, it is possible that the same products were selected in both the proposed
method and the baseline method. In fact, in both TV and camera categories, on
average, at least one common product was included per text query. Because of
this, similar or the same reviews might have been shown in both methods.

Also, as shown in Table [4] the effectiveness of identifying related attributes
from text queries using the LLM is fairly high. On the other hand, Table [5|shows
that the effectiveness of identifying the relationship between product reviews and
attributes using the LLM is not very high. However, we believe that even if this
effectiveness is low, it does not have a large negative effect on the overall per-
formance of the proposed method. This is because the proposed method finally
selects only the reviews that have high similarity to the query, and does not use
unrelated reviews. Nevertheless, further improving the effectiveness of these two
judgment tasks is important for making the proposed method more accurate
overall. For example, we could improve the prompts used with the LLM or use
another LLM to check and filter the output.

6.2 Limitation

In our study, we did not explore hyperparameters such as the number of similar
products selected by the proposed method or the number of reviews shown in the
ranking. Therefore, the evaluation may not be conducted in the best performance
setting. We need to test which values are appropriate in the future. Moreover,
our study was evaluated using only two product categories. Therefore, it is not
clear whether the proposed method would also work well in other categories.
Also, the amount of knowledge that each annotator had about each category
may have affected the results. In the future, we need to test the method on more
diverse product categories and increase the number of annotators to conduct a
more reliable human evaluation.
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7 Conclusion and Future Work

In our study, we propose a method using an LLM to supplement opinions on
products with few reviews from reviews of similar products. First, when the user
inputs a product and a question, the system uses the LLM to find the attributes
that are related to the user’s question. Next, the system calculates the similarity
of the attributes and find similar products. After that, by using the LLM, the
system retrieves opinions from reviews of the similar products that are related
to these attributes. Finally, the system ranks the opinions that were judged to
be related to the attribute queries and shows them as the search results. We first
conducted effectiveness evaluations for the parts where the LLM was used. For
identifying the relationship between the text query and the attributes, the effec-
tiveness was found to be fairly high. In contrast, the effectiveness of identifying
the relationship between reviews and attributes was not very high, indicating
that, to supplement reviews with an LLM, the accuracy of determining the re-
view—attribute relationship must be improved. We then compared the similarity
between the opinions retrieved by our method and the opinions about the target
product. The result was slightly better than using randomly selected products.

In future work, we would like to build a question-answering system that
generates evaluation information based on the opinions from similar products
retrieved in our method. In our study, we were able to make the input more
flexible compared to previous studies. However, the output is still limited to
showing actual opinions, just like in past studies. Therefore, we aim to make the
output more flexible by summarizing the collected opinions using an LLM and
generating answers to user questions. Also, to make the system more practical,
it will be important to improve the effectiveness of the LLM’s judgments. In
addition, we need to show which attributes are similar to the text query to make
the system more trustworthy.
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