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Abstract

Review personalization aims at presenting the most relevant re-
views of a product according to the preferences of the individual
user. Existing studies of review personalization use the reviews au-
thored by the user as a proxy for their preferences, and henceforth
as a means for learning and evaluating personalization quality. In
this work, we suggest using review votes rather than authorship
for personalization. We propose MAGLLM, an approach that lever-
ages heterogeneous graphs for modeling the relationships among
reviews, products, and users, with large language model (LLM) to
enrich user representation on the graph. Our evaluation over a
unique public dataset that includes user voting information indi-
cates that the vote signal yields substantially higher personalization
performance across a variety of recommendation methods and e-
commerce domains. It also indicates that our graph-LLM approach
outperforms comparative baselines and algorithmic alternatives.
We conclude with concrete recommendations for e-commerce plat-
forms seeking to enhance their review personalization experience.
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1 Introduction

Online reviews play a central role in the success of e-commerce plat-
forms, allowing potential buyers to gain insights about a product
from customers who have already purchased it. With their growing
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popularity, many products accumulate a large number of reviews,
making it impractical for potential buyers to traverse all of them.
Review personalization aims at surfacing the most relevant reviews
for each user, based on their own characteristics and preferences.

Most works on review personalization define the task as a rec-
ommendation task, where given a product and a user, the goal
is to recommend the top k product reviews that would be most
helpful for the user [11, 20, 21, 36]. The evaluation of such a task
is nontrivial, since it requires feedback from specific users about
the reviews they prefer. The common approach within the review
personalization literature is to leverage review authorship to gain
ground truth information about user review preferences [11, 20, 39].
The underlying assumption is that reviews produced by a user are
reflective of the reviews they would like to consume. The infor-
mation about user-review authorship is available in many public
review datasets (e.g., [35, 48]) and relying on it as a proxy for user
preferences can serve as a basis for both user modeling and for
creating a test set where success is defined as recommending to the
user their own authored review [20].

In this work, we argue that relying on authored reviews for the
review personalization task has two fundamental drawbacks. First,
the underlying assumption that the content produced by users is
similar to the content they would prefer to consume, is questionable,
as has been shown in previous work [16, 17]. It is preferable to rely
on information that reflects user preferences in terms of consuming
product reviews as a more direct signal. Second, review authorship
provides a sparse signal. As in many other social systems, the
majority of users are lurkers; that is, they consume reviews but do
not produce them.

To overcome these two shortcomings, we suggest leveraging a
different signal that associates users with reviews, reflecting their
preferences for reviews they consume. To this end, we observe that
many e-commerce platforms give users the opportunity to provide
explicit feedback on reviews written by other users. This type of
feedback is orthogonal to the feedback (ratings) users can provide
for the product itself. The screenshots of this functionality across
four popular e-commerce platforms are demonstrated in Appen-
dix A. There are subtle differences between these platforms. For
instance, review feedback can be a simple “helpful” indicator (e.g.,
Amazon, Aliexpress), a thumbs up or thumbs down for “liking” or
“disliking” (Walmart), or multi-dimensional with “helpful”, “thanks”,
“love this”, and “oh no” (Yelp). The effort required to vote on a review
is substantially lower than review authorship. In our analysis, we
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show that not only is voting already a more frequent signal than
authorship, but it also engages a considerably higher portion of the
users, many of whom are lurkers, who have never been engaged
in writing a review. To the best of our knowledge, no previous
work has comprehensively studied review personalization based
on voting information.

One of the reasons likely to withhold past work from leverag-
ing the voting signal, is merely its absence from the vast majority
of popular review datasets! [35, 48]. To evaluate our suggested
approach, we use a public dataset that includes user-review asso-
ciations by voting within an e-commerce platform, over a variety
of domains. We compare the use of review authorship and review
voting signals for personalization across popular recommendation
methods and five different e-commerce domains. Our results indi-
cate that using the voting signal consistently yields substantially
higher personalization performance. In some cases, combining the
authorship and voting signals yields additional improvements over
using the voting signal alone. We note that despite its exclusion
from most public datasets, many leading e-commerce platforms
already enable voting functionality and naturally have access to
this type of information for review personalization.

In addition to inspecting existing personalization approaches, we
suggest a new personalization method, which we term MAGLLM.
This method employs heterogeneous graph modeling to capture
the relationships among products, reviews, and users. To enhance
user representations, a large language model (LLM) is utilized to
summarize associated reviews. In our experiments, MAGLLM con-
sistently shows higher performance results over a variety of other
common recommendation techniques. Similarly to the other meth-
ods, the use of the voting signal is evidently preferable to using the
authorship signal to model user-review relationships in MAGLLM.
The principal contribution of this work is twofold:

e Advocating the use of voting, rather than authorship, for review
personalization learning and evaluation, demonstrating its mer-
its through data analysis, and showing it is substantially more
effective over a variety of recommendation methods.

o Suggesting a review personalization approach that models product-
review-user relationships using heterogeneous graph meta-paths,
with enhanced user representation using LLM, and showing its
superiority over a variety of other recommendation methods
across multiple e-commerce domains. The implementation of our
model is publicly available at https://github.com/lilahz/MAGLLM

2 Related Work

Personalized review recommendation models consider users’ past
interactions and preferences expressed directly or indirectly through
review engagement, enabling a tailored review reading experience.
Some works (e.g., [33, 34]) attempt to predict a personalized help-
fulness score by integrating the connections between the review
author, review text, review reader, and the product itself into proba-
bilistic factorization models. However, even though the mentioned
studies predict helpfulness of a review (tailored to users), they
only consider predefined user types, such as amateurs and experts,
and do not consider individual users’ preferences. Another line of

!Some of the datasets include information about the total votes per review, but not
the individual voters.
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research considers the different kinds of interactions that can be
derived from reviews. For example, the relationships between the
users reading the reviews and the users who wrote the reviews
(e.g., [7]) or review-user-item relationships. For example, Wang et
al. [44] use transformers for computing personalized embeddings
that are later used as an input for auxiliary tasks of user-item inter-
action modeling and review quality modeling. Peddireddy [36] used
recent shopping history and previous reviews as additional user
information perspectives for review recommendation; however, as
this kind of information is generally not available, the author con-
structed user profiles by randomly generating purchase histories
and review engagements.

Aside from exploiting connections between users, items, and
reviews, some works also incorporated the content of reviews. By
analyzing the text of the written review, they were able to identify
specific attributes and preferences, which were used for recommen-
dation. Suresh et al. [39] extracted the product attributes with their
sentiments from each review. A user profile was then formed based
on the user’s preferences for specific products and their qualities.
These profiles were used, along with social networks information,
to identify similar users. However, social network information is
often sparse or completely unavailable to e-commerce platforms.
Dash et al. [11] used the reviews to extract product attributes us-
ing Latent Dirichlet Allocation and later grouped similar users by
preferences that were calculated using sentiment analysis. After
grouping the similar users, review recommendations were calcu-
lated per group. In this case, personalization might have a smaller
impact on a particular user. Huang et al. [20] used sentiment-based
recommendations. They evaluate similarity between users based on
the attributes and sentiments they share and use it for personalized
review recommendations. Concretely, the method identifies users’
aspect preferences from the reviews they wrote, calculates similar-
ity between users with shared preferences for the same products,
and ranks reviews using a helpfulness score. The written reviews
are considered as a ground truth. Most of the above-mentioned
works solely rely on authored reviews for review personalization,
which holds its limitations as described in the previous section.

Leveraging graphs is also an established approach in other rec-
ommendation scenarios [24, 27, 38, 40]. For example, Tan et al. [40]
modeled the user-item rating data and additional features using a
heterogeneous graph and manually construct the meta-paths based
on domain knowledge. This graph is used to extract user and item
embeddings and fed as an input to a deep-learning model for rating
prediction. These works often leverage user and item embeddings
that were learned from the graph for rating prediction, however
they mostly focus on items rather than their reviews.

3 Datasets

In this section, we first present the primary dataset used for our
analysis and evaluation. We then introduce an additional dataset,
employed mainly for gaining deeper insights into user behavior,
particularly on how users express their preferences on reviews. Both
datasets are significant to our work because they contain valuable
and non-trivial information about the feedback users provide on
products and reviews, which is not commonly available in other
public datasets used in previous studies.
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Ciao Dataset. [41]. This is the main dataset used for the evalua-
tion of our proposed method, and the comparison of review author-
ship versus review voting signal for personalization across various
recommendation methods examined in our research. Ciao is a pub-
lic dataset of product ratings and reviews from an European-based
online-shopping portal. Ciao uses a 6-point product rating scale
ranging from 0 to 5. It also allows users to express their feedback
about the helpfulness of a review using numeric quality ratings
ranging the same 6-point scale. We refer to this feedback hereafter
as a vote. The dataset contains, for each review, the user identifier,
product name, product category, product rating score given by the
reviewer, overall review helpfulness score , date the review was
written, content of the review, and a list of helpfulness voting scores
associated with specific user ids.

The data was crawled from the site along the month of May 2011
and consists of 27 categories. Tables 1 and 2 present the statistics
of the dataset. In total, there are 270,126 reviews, over 10,700 users
who write reviews and over 42,000 users who vote for reviews. We
can see that over 95% of the users interact with the products by
voting for reviews, while only 22.7% of the users write reviews on
products. These numbers attest to the benefit of using votes rather
than authorship as basis for review personalization. We opted to use
this dataset since it shares, for each user, the reviews they voted for
(and the rating of the vote), while other datasets, only include the
total number of votes per reviews (e.g., Amazon [35] and Yelp [48])
or do not include review vote information at all, even though the
corresponding platforms do feature a helpfulness score per review
(e.g. TripAdvisor and IMDB [30]). As mentioned in Section 1, this
information is typically available to e-commerce sites who seek to
personalize product reviews.

Figure 1 shows different distributions of reviews and votes in
the dataset. In the first two figures, 1a and 1b, we can see the distri-
butions of number of reviews per product and number of reviews
per reviewer, respectively. Both distributions follow a power-law
distribution. A large portion of products receives a small number of
reviews, while a small portion of products has many reviews. As for
users, few users write a large number of reviews while many users
write only few reviews. A similar trend can be seen also in Figure 1d,
which shows the distribution of number of votes per voter. Figure
1c shows the distribution of number of votes per review, which
deviates to some extent from a perfect power-law distribution since
the first values, which refer to reviews with five or fewer votes,
are not the most frequent in the dataset. In addition, we examined
two distributions that refer to the review rating scores. First, the
distribution of overall rating scores that were given by the writer
of the review (the reviewer) to the product (Figure 1le). The rating
score reflects the extent to which the reviewer is satisfied with the
product. It can be seen that nearly 50% give the highest score of 5,
additional 32.5% give 4, and only 19% give the four lower scores of
0-3. Overall this reflects the positivity of product rating, as has also
been show in past work [26]. Second, the distribution of the quality
ratings of reviews (Figure 1f), given by the reader of the review
(the voter). The quality score expresses how much the review was
helpful for the reader. Overwhelmingly, the most common score is
the second highest - 4 - at nearly 80%. 3 and 5 account for roughly

11% and 6%, respectively, and only 2.2% of the voters give the three
lowest scores of 0-2.
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Table 1: Ciao Dataset - Basic Characteristics.

#Products  #Reviews  #Reviewers #Votes #Voters

109,451 270,126 10,731 7,788,175 42,035

Table 2: Ciao Dataset - Review Writing and Voting,.

Action #Users %Users
Write 10,731 24.26%
Vote 42,035 95.02%
Write & Vote 10,050 22.72%
Write & Not Vote 681 1.54%
Vote & Not Write 31,985 72.30%
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Figure 1: Ciao Dataset Analysis

Edmunds dataset. Our second dataset is also public and contains
car reviews [14] collected from American Automotive online shop-
ping site Edmunds. The total number of reviews is 42,288. Each
review includes the date, the reviewer name, the full review text,
and an additional ‘favorite’ field (manually filled by the reviewer),
which highlights attributes or characteristics of the product that the
reviewer especially preferred. After removing reviews with missing
data, we were left with a total of 40,925 reviews. This dataset is
unique because it includes an explicit signal indicating users’ fa-
vorite characteristics of the product, captured through the ’favorite’
text field. Leveraging this information allows us to assess how well
written reviews capture user interests in the product by comparing
the full review text with the additional ‘favorite’ field for each user.

4 Voting vs. Writing

Most of the existing works on review personalization rely on mod-
eling approaches that utilize reviews written by users themselves to
create personalized review recommendations and perform evalua-
tion [11, 20, 36, 39, 43]. Relying only on reviews written by users has
two significant limitations. First, written reviews may not capture
the full spectrum of user preferences and opinions. The assumption
that the reviews a user writes represent, in terms of content and
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Table 3: Reviews vs. Votes Statistics across Datasets.

Dataset Category #Reviews  #Votes  Ratio

Amazon Books 29,475,453 52,381,607 1.78

Amazon CDs and Vinyl 4,827,273 9,212,281 1.91
Amazon Camera & Photo 4,340,159 7,020,382  1.62
Amazon Exercise & Fitness 3,193,115 5,155,488 1.61
Amazon Games 1,502,718 2,573,243 1.71
Amazon Hair Extensions, Wigs & Accessories 985,065 1,648,990 1.67
Yelp 6,990,280 14,048,967 2.01

style, the reviews they are also going to prefer as consumers, has
never been put to test. Second, as in other user—generated content,
the majority of users who consume reviews do not produce ones.
Table 2 presents the statistics of review writing and voting in the
Ciao dataset described in Section 3. While only 24.3% of the users
write reviews, over 95% of the users vote for reviews. Similar trends
can also be observed in other review datasets that are widely used
in recommendation research, such as Amazon [35] and Yelp [48].
Since the information of user-review interactions is not available
in these datasets (only the total amount of votes per review), we
cannot calculate directly the portion of users that write or vote.
Instead, for each dataset, we calculated the total number of reviews
across all products to represent authorship, and the total number of
votes across all reviews to represent user voting. Table 3 includes
the ratio column, which represents the number of votes divided
by the number of reviews. As shown in the table, in the Amazon
dataset, across several popular categories, voting is substantially
more prevalent than writing a review, with the number of votes
exceeding the number of reviews by a factor of at least 1.6. Notably,
in the CDs and Vinyl category, the ratio is nearly double. In the Yelp
dataset, the number of votes (which includes three different types:
useful, funny, and cool) is over double the number of reviews.

4.1 Do Written Reviews Reflect Preferences?

To validate the assumption that written reviews do not fully rep-
resent user preferences, we analyze the cars reviews dataset - the
Edmunds dataset- since in addition to the reviews written by users,
it includes an explicit field mentioning the favorite characteristics
of the reviewed car by the user. We set out to examine the inter-
section between the attributes mentioned in the review and the
attributes mentioned by the user in the “favorite” field. We used a
neural named-entity recognition tool [6], which is currently state-
of-the-art for e-commerce attribute extraction, to identify a list of
car attributes from the review texts. To further expand the attribute
list we used, in addition, two publicly available datasets of car at-
tributes that were manually collected and annotated from various
websites with reviews [10, 31]. We also added plural forms of singu-
lar attributes to the list and vice versa to include different variants
of the attributes. Finally, we calculated how many attributes are
mentioned in both the review and the “favorite” field for each user.

The analysis reveals that the average number of attributes men-
tioned in the review, 8.451, is almost double the number mentioned
in the “favorite” field, which is 4.879. Moreover, the intersection
of the two lists is quite low, on average 0.791 (i.e., less than one
overlapping attribute), hence most of the attributes are different.
Since the “favorite” field contains explicit user preferences, this
indicates a clear gap between the content of written reviews and
user preferences. Thus, written reviews do not fully represent the
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Table 4: Ciao 4-core Dataset Statistics across Top 5 Categories.

Category #Products #Reviews #Reviewers #Votes #Voters
DVDs 2,640 27,964 3,703 602,291 5,189
Beauty 1,813 14,091 2,747 333,407 4,417
Food & Drink 1,318 12,084 2,533 349,302 4,410
Internet 790 11,737 3,079 226,115 4,965
Games 909 8,919 2,486 110,424 4,269

user preferences and relying exclusively on them may result in
missing important information.

4.2 Using Voting Signals For User Preferences

Since written reviews are sparse and noisy and may not fully repre-
sent the user preferences, we suggest to utilize the more frequent
and direct vote signal. To our knowledge, we are the first to ex-
plore the use of the vote signal as a primary source for capturing
user preferences in review recommendation. By leveraging the data
from the user-review interactions, we aim to create a more accurate
representation of user preferences and improve the personalized
review recommendation.

To assess the effectiveness of harnessing the vote signal com-
pared to using the reviews written by users, we use a dataset that
includes explicit user feedback on reviews, where users both au-
thored their own reviews and voted on reviews written by others.
For the training and evaluation of our approach we create a dataset
based on the Ciao dataset, which we refer to as the “4-core” dataset.
Concretely, we consider all users who wrote at least 4 reviews and
all products that have at least 4 written reviews, with 4 chosen
based on empirical testing. The portion of the reviews we consider
this way is 50% of all the reviews. Note that for products with fewer
reviews, personalization is not acutely required, since the user can
simply traverse all the reviews (3 or fewer). The “4-core” dataset
allows to compare two different approaches on the same set of
users: write versus vote. The first approach relies only on reviews
written by the user, while the second approach relies only on re-
views the user has voted for. Additionally, we test a third approach,
a hybrid version of both write and vote, to examine whether the
combination of these two approaches provides any improvement
over the single-signal approaches. In our work, we focus on the five
largest categories based on the number of reviews: DVDs, Beauty,
Food & Drink, Internet, and Games. Table 4 presents the statistics
of the categories in the 4-core dataset.

We use the 4-core dataset to compare three different strategies
for personalized review recommendation: 1) using only the vote
signal, 2) using only the write signal, and 3) combining both signals.
For each signale{vote, write, both}, the user is associated with a
different review set. Specifically, the reviews the user voted for in
the vote signal, the reviews the user authored in the write signal, and
a union of the two in the both signal. Accordingly, we define this
set as the signal-based review set associated with a user, and refer
to this definition throughout our experiment and result description.
We consider reviews with scores of 3, 4, or 5 as positive or "liked"
reviews, and reviews with scores of 0, 1, or 2 as negative or "disliked"
reviews. When using the vote signal for learning user preferences,
we consider only positive reviews in the signal-based review set. We
examine each of the signals across a variety of recommendation
methods, including our proposed approach based on heterogeneous
graph modeling and LLM-generated user profiles.
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Figure 2: An overview of our proposed method MAGLLM for personalized review recommendation

5 Our Suggested Approach

We propose MAGLLM, a personalized review recommendation tech-
nique that models relationships among products, reviews, and users
using a heterogeneous graph network with meta-paths and en-
hances user representation using LLM. Our approach consists of
two components: (1) a user profile generated using LLM to provide
a rich representation of users based on the reviews they wrote
and/or voted for, and (2) a heterogeneous graph-based model with
meta-paths originally designed for the link prediction task and ad-
justed for the review personalization task. The graph structure is
aimed at capturing the diverse and complex relationships between
users, reviews, and products. The predicted link connects a user to
a review, with the score reflecting the probability that the user will
like the review.

An overview of the MAGLLM architecture is illustrated in Fig-
ure 2. First, the user’s review history is provided as input to the
LLM, which generates a user profile summary in natural language
that serves as the user’s representation in the graph. To convert
the profile into user node features, we compute the average of the
Word2Vec embeddings [32] of its words. For Word2Vec embeddings,
we use the CBOW model with negative sampling, a vector size of
300, and a window size of 8. The model is trained on two review
corpora, Ciao and Amazon, which include multiple categories. We
opted to use an unweighted average of the embeddings after ex-
perimenting with a weighted average using TF-IDF, which showed
slightly lower performance. Similarly, the review and product node
features are represented by Word2Vec embeddings. A review vector
is represented by the average of its words, while a product vector is
derived by averaging all its review vectors. Throughout this work,
we use the average Word2Vec embedding approach detailed above
to represent any review or set of reviews. A heterogeneous graph
is constructed using the users, reviews, and products as nodes,
along with the connections (edges) between them and the prede-
fined meta-paths . Finally, by analyzing the learned embeddings of
user and review nodes, we perform link prediction to estimate the
probability that a user will like a specific review.

User Profile Generation. To comprehensively capture user pref-
erences and topics of interest, our goal is to generate a high-level
summary of user preferences, incorporating as many relevant de-
tails as possible. To this end, we leverage an LLM to generate a
summary by analyzing the history of reviews a user has interacted
with, whether through writing or voting. This allows the LLM to
extract valuable insights into the user’s preferences, such as favored
products or sentiment toward specific attributes. The user profile

is built independently for each category and signal by considering
the reviews in the signal-based review set linked to the user across
all other categories. From this list, we randomly sample 5 reviews
to create the history of the user and truncate each review to the
first 150 tokens due to LLM prompt size limitations. The summary
produced by the LLM is then converted into a user vector using
Word2Vec embeddings. We experiment with several prompt for-
mats using different content and style, and present here the one that
achieved the best performance (additional prompts are provided in
Appendix B.1). The LLM prompt is structured as follows:

You are asked to describe user interests and preferences

on his/her nal} reviews list, your'e given the user's past
{signal} reviews in the format:

<product category, product title> : <product review content>
You can only reply the user interests and preferences (at most
10 sentences). Don't use lists, use summary structure. The

output should
{signal} review
<product-1- category product-1l-title>: <review-l-content>

beg]n with the word Profile. These are the

<product—5—category , product-5-title>:<review-5-content>

where the {signal} token is replaced with ‘voted” or ‘written’ or
‘voted or written’ according to the specific signal. We use LLaMA-
7B model [42] with the implementation of llama-cpp-python [2] as
our LLM.

We explore various alternatives for tuning prompt parameters to
generate user profiles, elaborated in Appendix B.2. We also explore
an alternative strategy for leveraging LLMs to our task, which was
not found productive, as described in Appendix B.3.

Heterogeneous Graph Modeling. Unlike traditional graphs, where
nodes and edges are of a single type, heterogeneous graphs allow
for the representation of multiple types of nodes (e.g., users, prod-
ucts, reviews) and edges (e.g., a user writing a review, or a user
rating a product). Meta-paths are a set of relationships, which rep-
resents sequences of specific node and edge types. Our problem
involves diverse relationships between users, reviews, and products,
which requires a structure capable of modeling complex data inter-
actions that capture rich and diverse information. A heterogeneous
graph combined with meta-paths provides the necessary frame-
work to achieve this, which is why we chose this approach for our
model. Specifically, we employ the MAGNN [13] implementation
[1], which uses aggregation over meta-paths to incorporate infor-
mation not only from the two endpoints, but also from intermediate
nodes along the path, ultimately generating node embeddings. We
“transformed” the link prediction task into a review personalization
task by using the prediction score for a link between a user node
and a review node as a point-wise indication of the preference of
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Table 5: Graph statistics across signals.

Signal Nodes Edges Meta-paths
# Vo.ter (V): 5,959 # V-R: 951,730 VRV, VRPRV, VPV,
Vote # Review (R): 74,795 #R-P: 74,795 RPR. RVR. RPVPR
# Product (P): 7,470 # V-P: 653,043 ’ )
# Author (A): 5,672 # A-R: 74,795
Write # Review (R): 74,795 #R-P: 74,795 R&Rl;%g ggjsz
# Product (P): 7,470 # A-P: 74,438 ) ?
# V-R: 951,730
J 1:/;:;:(22)-539:? . # AR: 74795 VRV, VRPRY, VPV,
Both 4 Review (R)74 795 #R-P: 74,795 ARPRA, APA, RVR, RAR,
4 Product (P) 7 '470 # V-P: 653,043 RPR, RPVPR, RPAPR
e # A-P: 74,438

the specific user towards the specific review. The personalization
task can then be performed by ranking all the reviews of a product
based on their link prediction score to the user in question. The link
prediction score, which represents the strength of the relation be-
tween the user and the review, is computed by applying a sigmoid
function to the dot product of the user and review embeddings
derived from the graph.

For each signale{vote, write, both}, we constructed a heteroge-
neous graph with meta-paths to describe the user-review, user-
product and review-product interactions. Connections (edges) be-
tween a user and a review or product were created according to
the signal-based review set associated with a user. For instance, for
signal=vote, a user will be connected to reviews she voted for and
the products associated with these reviews, but not to reviews she
authored. Similarly to Fu et al. [13], we present the graph statistics
of the signals in Table 5. The table shows for each signal the number
of nodes and edges in the graph structure, and the meta-paths. The
meta-paths were manually created based on domain knowledge
and include only paths that start or end with users and reviews, as
our focus is on personalizing reviews for users. The graphs consist
of multiple node types including Voter (V), Author (A), Review (R),
and Product (P). Using meta-paths allows the formation of complex
relationships between nodes. For example, the meta-path Voter-
Review-Voter (VRV) represent a connection between two different
users who voted for the same review, and the meta-path Author-
Review-Product-Review-Author (ARPRA) represent two users who
wrote reviews for the same product. In addition, we use node con-
tent features for products, reviews, and users.

6 Evaluation

In this section, we describe the models and metrics used in our
evaluation. Our goal is twofold: first, to compare the effectiveness
of the voting signal (vote) versus the authorship signal (write) for
personalization across various recommendation methods, from
basic to more advanced ones. Second, to compare these methods
with our proposed approach and show that it outperforms them all.

6.1 Recommendation Methods

6.1.1 Non-personalized baselines. In this group, we consider two
basic methods that do not personalize the recommended reviews.

e Random - randomly sort the review list.

e Popularity - recommend the most popular reviews to all users.
Popularity is calculated by the number of positive votes (equal
or greater than 3). While simple, popularity is known to often
produce a strong baseline [22].
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6.1.2  Content-based methods. In this group of models, we create a
user profile based on the content of their associated reviews in the
signal-based review set. We represent a review using an embedding
vector, and the user profile and product are represented accordingly
by averaging their corresponding review vectors. The reviews of a
product are ranked based on their cosine similarity score with the
user profile.

e Word2Vec - learn vector representations of words and capture
their semantic relationships. The user profile is calculated by
averaging all review vectors in the user’s signal-based review set.

e Top Terms - extract the top k frequent terms (excluding stop
words [28]) from the signal-based review set associated with a
user to create a user profile. The profile is calculated by averaging
the word embeddings of these top terms. Each review is also
represented by the average word embeddings of its top k frequent
terms. We experimented with different values of k and settled
on k=20 as it yielded the best performance.

o Sentence-BERT [37] - learn vector representations of sentences
and capture their semantic meaning for tasks like similarity and
clustering. Its backbone model, BERT [12], generates contextual
embeddings where a word’s representation changes based on its
surrounding words in the sentence. Using this model, each review
is represented by the average of its sentence embedding vectors.
Then, the user profile is calculated by averaging the review vec-
tors of all reviews in the user’s signal-based review set. We use
NLTK [28] to split the review into sentences, and applied on
them the pre-trained Sentence-BERT model al1-MinilM-L6-v2.

6.1.3  KNN Collaborative Filtering. These methods use traditional
collaborative filtering (CF) based on k-nearest-neighbors (KNN)
to harness user-item relationships for recommendation. We imple-
ment the models with the Surprise library [3], with hyper-parameter
tuning including the minimum common k, the maximum k neigh-
bors, and the minimum support similarity.

o KNN item-based [45] - a CF approach based on KNN with
item-to-item similarity, where reviews are considered as the
items. We built a user-review matrix based on the signal that
was tested: for the vote signal, the entries are represented by the
users votes for the reviews (rating score on a scale of 0 to 5).
For the write signal, the entries are represented in a binary form
(1 if the user authored the review, 0 otherwise). For the both
signal, we convert the votes from numeric to binary: votes in the
range of 0-2 were converted into 0, whereas votes in the range
of 3-5 were converted into 1. Then, the vote and the write signals
are combined using a union operation. We use cosine similarity
between review vectors to find reviews similar to those the user
has written and/or voted for. Then, the predicted quality rating
score between a user and a specific review is calculated by a
weighted average of the quality rating scores of the k-nearest
reviews, with weights based on their similarity to the user.

o KNN user-based [18] - a CF approach similar to KNN item-
based, but here to find nearest neighbors the cosine similarity is
calculated between user vectors.

6.1.4 Deep learning methods. These methods leverage neural net-
works to model complex patterns and interactions for recommenda-
tion tasks, capturing non-linear relationships and semantic features.
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e DeepFM [15] - a hybrid model that combines factorization ma-
chines (FM) and deep neural networks (DNN) for recommenda-
tion tasks. The FM component captures low-order interactions,
while the DNN component models complex, high-order inter-
actions among features. This is a state-of-the-art algorithm for
solving binary classification problems like click prediction. We
used the implementation of DeepCTR [5], with a regression task
and Adam optimizer. Hyper-parameter tuning included the em-
bedding dimension, number of hidden units, L2 regularization,
and dropout rate.

e NRMS [47] - a news recommendation method that utilizes multi-
head self-attention networks together with additive attention to
learn representations of users and news. The news representa-
tions are based on the article titles and the user representations
on users’ browsing history. For our experiments, we used the
news encoder as a review encoder that gets as input the review
text with a maximum length of 350 tokens. The user encoder
used a “history” of up to 10 reviews, in our case the history
refers to reviews the user interacted with based on the user’s
signal-based review set. The model was trained using a negative
sampling technique: for each review the user interacted with
(regarded as a positive sample), we randomly sampled k reviews
the user did not vote for or did not author. Our implementation
is based on NRMS-Pytorch [4] with k=3. We use Adam optimizer
and performed hyper-parameter tuning for the learning rate,
weight decay, batch size, and dropout rate.

6.2 Dataset Preparation

The ground truth for the ranking of product reviews for each user
was determined by the actual rating scores (from 0 to 5) they as-
signed to the reviews they voted for. The reviews were sorted in
descending order based on these scores. Reviews with no votes
were placed in-between those with negative and positive votes. To
create the train, validation and test sets, we split the 4-core dataset
according to the user voting data (where each user can vote for one
or more product reviews). For each user, we created a list of prod-
ucts they interacted with by considering the reviews they voted
for. We then split the products into 60%, 20%, and 20% for the train,
validation, and test sets, respectively.

6.3 Metrics

We evaluate review recommendation performance using three com-
mon metrics:

e Normalized Discounted Cumulative Gain (NDCG): mea-
sures ranking quality by considering both the order and the
actual rating value of the reviews.

o Recall: measure the proportion of correctly identified reviews
with a positive vote in the top-k recommendations.

e Hit Ratio: measure whether at least one review with a positive
vote appears within the top-k recommendations.

A formal definition of these metrics is provided in Appendix C.
We opt to use Hit Ratio in addition to Recall to assess whether
we can successfully recommend at least one review the user liked
within the top-k. We report the metrics for top-k recommendations
and focus on up to 5 reviews, as we believe this is a reasonable
number of reviews a user is likely to read on a product page.
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7 Results

In this section, we present the results of our proposed approach. Ta-
ble 6 depicts the results of 12 different models across five categories
of the Ciao dataset. The table is segmented into five sections accord-
ing to model types: non-personalized, content-based, collaborative
filtering, deep learning, and graph-based models which includes
our suggested MAGLLM method. For each category, the models are
tested with each of the three signals: vote, write, and both. We report
the results using NDCG@5, Recall@1,5, and Hit@1,5 metrics.

Voting vs. Authorship. The results demonstrate that the vote sig-
nal consistently outperforms the write signal in the vast majority of
the inspected models (except for Games in the Top Terms method,
and DVDs in the NRMS method). In all categories, the gap between
the vote signal and the write signal is substantial, with an improve-
ment of over 20% in the NDCG@5 metric when using collaborative
filtering and graph-based methods. This uplift is also observed in
Games and Internet categories in the DeepFM method. Similarly,
for the Hit@1 metric, there is an improvement of over 20% across all
categories and methods, except for the content-based approaches
and NRMS. In many cases, combining both signals further boosts
performance, particularly in CF methods and DeepFM, but the boost
is not very large, up to 6.8% uplift for the DeepFM model in the
Beauty and Food & Drink categories. These findings confirm our
hypothesis that the voting signal provides an advantage over the
authorship signal across a range of recommendation models and
categories, and more accurately captures user preferences.

Methods Performance. Inspecting the different types of review
recommendation methods, as depicted in the different segments
of Table 6, reveals various observations. It can be seen that the CF
methods achieve higher performance than the content-based meth-
ods, as is commonly observed in other studies for non-extremely
sparse scenarios [8]. The popularity baseline, as observed in previ-
ous studies [23], is notably strong and often outperforms content-
based, CF, and even more advanced models like DeepFM. However,
more complex models such as NRMS and graph-based methods,
which capture the intricate relationships between all involved enti-
ties, are able to surpass the popularity baseline. This highlights the
value of methods with richer structures that capture detailed and
diverse information for the personalization task. The graph-based
methods, including graph only (MAG) and our proposed approach
MAGLLM which combines LLM, achieve the highest performance
across all categories when using the vote or both signals. Specifi-
cally, our method MAGLLM outperforms all other methods across
all categories. In addition, the graph methods present the largest
performance gap between the write and vote signals. This is likely
due to the richer information represented in the graph and the
ability of meta-paths to capture complex relationships between
nodes. For example, looking at relationship between two users, the
meta-path Voter-Review-Voter (VRV) can be formed because two
users can vote for the same review, whereas Author-Review-Author
(ARA) cannot be formed, as two users cannot be considered as
authors of the same review. In most cases, our method MAGLLM
successfully ranks at least one review the user liked within the
top-5 reviews, as the Hit@5 metric reaches at least 90% across all
categories. Appendix D details further analysis, inspecting how the
quality of personalization varies with voting patterns.



WWW ’25, April 28-May 2, 2025, Sydney, NSW, Australia

Sharon Hirsch, Lilach Zitnitski, Slava Novgorodov, Ido Guy, and Bracha Shapira

Table 6: Models performance. The best signal result in each model is boldfaced. The best result in a column is underlined.

Category | DVDs Beauty Food & Drink Internet Games
Baseline [Signal [ N@5 R@1 __R@5 H@I H@5 |N@5 R@1__R@5 H@!I H@5 |N@5 R@1__R@5 H@I H@5 |[N@5 R@1__R@5 H@I H@5 |[N@5 R@1__R@5 H@I _H@5
Non-Personalized
Random ‘N/A ‘0.397 11.25% 53.77% 1641% 60.97%‘0.447 13.77% 6553% 18.17% 70.29% | 0411 1249% 57.91% 17.11% 64.03% | 0336 9.36% 42.60% 14.00% 49.32% | 0413 1190% 56.95% 17.12% 6259%
Popularity 0583 25.84% 72.68% 34.16% 79.31% | 0620 29.37% 81.10% 36.22% 85.12% | 0562 24.89% 72.23% 32.20% 78.02% | 0545 2478% 63.97% 32.90% 72.05% | 0.613 30.46% 75.36% 38.42% 80.35%
Content Based
vote |0.485 17.20% 63.37% 23.77% 70.69% ] 0.532 20.67% 73.86% 26.14% 78.54% | 0.470 16.63% G64.04% 22.23% 70.22% | 0.426 14.27% 52.66% 20.54% 60.52% | 0.506 19.53% 65.68% 26.18% 7143%
‘Word2Vec write | 0.467 15.71% 61.53% 21.99% 68.88% | 0.513 18.80% 72.38% 24.03% 77.06% | 0.457 15.30% 63.01% 20.77% 69.14% | 0416 13.79% 51.67% 19.79% 59.58% | 0.491 17.24% 65.55% 23.39% 71.16%
both |0.485 17.09% 6336% 23.66% 70.69% | 0.532 20.66% 73.75% 26.13% 78.44% | 0.470 16.60% 64.08% 22.21% 70.28% |0.426 14.27% 52.67% 20.54% 60.52% | 0.506 19.59% 65.70% 26.25% 71.47%
vote | 0.447 14.47% 59.31% 20.48% 66.68% | 0.501 17.90% 70.97% 23.03% 75.70% | 0.440 14.15% 6151% 19.21% 67.67% | 0.386 11.66% 48.37% 17.14% 56.05% | 0.453 1512% 60.84% 20.99% 66.62%
Top Terms | write | 0442 14.10% 58.84% 19.99% 66.17% | 0492 16.78% 70.61% 21.67% 75.37% | 0434 13.80% 6091% 18.77% 67.11% | 0384 1173% 48.25% 16.96% 55.83% |0.472 15.92% 63.36% 21.73% 68.94%
both |0.447 1445% 59.27% 20.47% 66.65% | 0.501 17.94% 70.98% 23.06% 75.66% | 0.441 14.17% 61.62% 19.25% 67.79% |0.387 11.76% 48.46% 17.28% 56.13% | 0453 15.17% 60.77% 21.06% 66.52%
Sentence. | VOte | 0469 16.44% 6120% 22.96% 68.56% | 0571 20.16% 75.18% 29.21% 82.66% | 0.458 15.72% 62.80% 21.14% 69.07% | 0.406 1296% 50.73% 18.72% 58.50% | 0472 16.71% G62.25% 22.95% 68.09%
write | 0.460 15.62% 60.54% 21.91% 67.86% | 0.502 17.89% 71.30% 22.93% 76.06% | 0.449 14.72% 62.12% 20.05% 6834% | 0.399 12.87% 49.92% 18.40% 57.54% | 0.477 16.27% 64.04% 22.15% 69.64%
BERT both | 0.468 1642% 61.17% 22.94% 6853% | 0514 19.29% 72.01% 24.58% 76.75% | 0.458 15.63% 62.72% 21.03% 69.00% | 0.406 13.03% 50.70% 18.80% 58.45% | 0.472 16.69% 62.35% 22.92% 68.19%
KNN Collaborative Filtering
KNN vote |0.510 19.74% 65.51% 26.53% 72.59% | 0556 23.39% 7537% 29.28% 79.89% | 0471 16.12% 65.05% 21.69% 70.76% | 0.466 18.59% 56.18% 25.05% 63.89% | 0539 22.93% 68.67% 29.96% 74.14%
write | 0.404 11.43% 54.80% 16.84% 61.91% | 0.452 14.41% 65.83% 19.08% 70.61% | 0.414 12.43% 58.43% 17.10% 64.42% | 0.344 9.37% 43.86% 14.09% 50.81% | 0.417 12.70% 56.81% 18.17% 62.41%
item-based | o | 0508 19.74% 65.42% 26137 72.17% | 0.641 32.19% 82.18% 38.93% 86.33% | 0559 24.24% 72.73% 30.69% 78.27% 0469 1921% 5611% 25.79% 6330% | 0.578 28.24% 70.77% 35.55% 76.03%
NN Vote | 0.530 21.84% 66.82% 28.70% 74.02% | 0.589 26.92% 77.54% 32.84% 82.01% | 0.527 20.90% 70.08% 26.79% 76.01% | 0.468 18.94% 56.11% 25.25% 63.90% | 0.512 22.49% 63.86% 29.53% 69.56%
write | 0403 1139% 54.84% 16.68% 62.00% | 0452 14.09% 66.12% 18.54% 71.08% | 0411 12.24% 58.19% 16.81% 64.42% | 0347 959% 44.18% 14.43% 51.18% | 0411 1193% 56.57% 17.39% 62.10%
userbased | o | 0482 1676% 63.85% 22.68% 70.94% | 0.606 26.96% 80.93% 33.00% 85.26% | 0.564 23.94% 73.83% 30.36% 79.49% | 0465 18.07% 56.41% 2437% 63.87% | 0.542 24.76% 67.68% 31.07% 73.23%
Deep Learning
Vote | 0508 1853% 66.50% 25.24% 73.44% | 0558 22.08% 7691% 27.90% 81.27% | 0485 17.15% 66.45% 23.04% 72.35% | 0474 1752% 58.69% 23.95% 66.37% | 0547 22.90% 70.07% 30.09% 7537%
DeepFM | write | 0.442 13.90% 58.93% 19.71% 66.14% | 0.473 16.26% 67.65% 21.26% 72.46% | 0431 13.80% 60.02% 18.91% 66.07% | 0341 9.24% 43.21% 14.18% 50.20% | 0.419 13.17% 56.73% 18.81% 62.29%
both |0.525 19.78% 68.11% 26.64% 75.16% | 0.596 26.26% 79.56% 32.65% 83.88% | 0.519 20.03% 69.37% 26.28% 75.22% | 0.496 21.03% 58.71% 28.10% 66.62% |0.554 24.50% 69.80% 20.06% 75.38%
vote | 0.681 36.35% 80.59% 46.06% 86.66% | 0.731 42.54% 88.71% 50.68% 92.21% | 0.696 37.56% 84.56% 46.58% 89.38% | 0.604 29.85% 69.35% 39.15% 77.59% | 0.647 33.23% 77.94% 41.70% 83.48%
NRMS write | 0.692 37.67% 81.34% 47.64% 87.27% | 0724 4131% 88.50% 49.51% 9190% | 0.690 36.59% 84.28% 45.82% 88.99% | 0.596 29.36% 68.46% 38.73% 76.82% | 0.598 27.74% 74.38% 3549% 79.91%
both | 0.693 37.83% 81.23% 47.74% 87.20% | 0.725 41.54% 88.43% 49.76% 91.90% | 0.694 37.35% 84.44% 46.52% 89.17% | 0.606 30.47% 68.89% 39.83% 77.33% | 0.615 30.49% 75.16% 38.51% 80.64%
Graphs
Vote ] 0.876 70.42% 88.80% 84.89% 90.50% | 0.898 74.74% 92.58% 86.22% 93.54% ] 0.837 67.93% 8598% B80.78% 87.08% | 0.881 69.74% 87.14% 85.80% 00.04% | 0.882 71.65% 89.04% B83.54% 92.24%
MAG write [ 0704 45.45% 80.38% 54.56% 84.89% | 0.689 43.21% 84.07% 49.93% 87.11% | 0664 41.11% 80.01% 48.32% 83.67% | 0.604 3472% 68.97% 42.55% 75.20% | 0723 52.13% 78.65% 61.34% 82.05%
both | 0.856 67.67% 87.22% 81.89% 89.18% | 0.865 7147% 89.84% 82.76% 90.77% | 0.843 68.34% 86.70% 81.25% 87.86% | 0.862 67.81% 85.67% 83.66% 88.34% | 0.883 72.00% 89.69% 84.65% 91.81%
vote | 0.883 71.29% 89.29% 85.39% 91.15% | 0.911 76.96% 93.29% 88.38% 94.23% | 0858 69.41% 88.46% 82.13% 89.75% | 0.894 70.65% 89.46% B86.64% 92.30% | 0.912 75.48% 92.07% 87.91% 94.29%
MAGLLM | write | 0.669 42.60% 77.12% 51.73% 81.07% | 0.680 41.04% 84.17% 47.40% 87.30% | 0.639 40.01% 76.91% 47.44% 79.95% | 0.616 39.59% 67.72% 50.00% 71.70% | 0.745 54.17% 79.84% 64.53% 83.35%
both | 0.850 68.44% 86.20% 82.26% 87.94% | 0.875 72.08% 90.93% 83.20% 9193% | 0.863 70.40% 88.69% 83.17% 89.91% | 0.857 65.75% 86.70% 81.23% 89.88% | 0.899 74.87% 90.26% 87.20% 92.39%

8 Discussion and Future Work

We present, for the first time in review personalization, the use
of voting signals to learn user preferences. We compare the use
of review authorship and review voting signals for personaliza-
tion across popular recommendation methods and five different
e-commerce domains. Our results indicate that utilizing the voting
signal consistently achieves substantially higher personalization
performance compared to the authorship signal. In some cases, com-
bining authorship and voting signals results in additional improve-
ments compared to using the voting signal alone. We also suggested
MAGLLM, a personalized review recommendation technique that
models relationships among users, products, and reviews, using a
heterogeneous graph network with meta-paths and improves user
representation using LLM. MAGLLM reaches high results, with
Hit@5 varying from 89.9% (Food & Drink) to 94.2% (Beauty and
Games), which allows high quality personalization.

Our results highlight the advantage of using voting data over
authored data, as its availability and the strength of its signal con-
tribute to more effective personalization. These findings confirm
our hypothesis that the voting signal can more accurately reflect
user preferences. Our analysis shows that on e-commerce plat-
forms, the number of votes is up to double the number of reviews.
This suggests that there is a significant potential for growth in
user engagement through voting, as the current volume of votes is
relatively low, although still much higher than authored reviews.
Encouraging user feedback is a key for unlocking this potential.
While writing a review is often time-consuming and requires more
effort, providing direct feedback through voting mechanisms, such
as likes, dislikes, or numeric ratings, is much simpler and more intu-
itive for many users. This ease of engagement allows for a broader
spectrum of user participation.

The performance improvement achieved by using the voting
signal highlights its significant potential for enhancing personal-
ized recommendations. Based on these findings, we propose key

practical implications for e-commerce platform design. First, make
the voting-for-review feature visible and prominent to encourage
more voting. Some platforms may not invest enough in this fea-
ture or lack it altogether, but it can be a powerful tool to improve
recommendation systems in various contexts. Second, consider
introducing more detailed voting options, such as star ratings or
multi-dimensional feedback similar to Yelp’s categories (e.g., "help-
ful,' "thanks," "love this," and "oh no"), to better capture nuanced
user preferences and enhance personalization. Third, emphasize
aggregate vote counts per review: highlighting how many users
found a review helpful can encourage engagement and improve
personalization data reliability. Finally, as generative Al becomes
more prevalent, automated review generation is likely to become
more popular. While this may reduce the need for users to write
full reviews, voting will remain a valuable form of explicit feedback.
Therefore, investing in this feature could be highly beneficial.

For future work, several directions can extend the paper. Ex-
ploring other graph-based approaches could further uncover the
potential of heterogeneous graphs in review recommendation. An-
alyzing meta-path importance could optimize graph representation
by identifying key relationships. Another direction is to investigate
whether voting, rather than authorship, improves cold-start rec-
ommendations. Leveraging votes could reduce the "warming" time
and better identify similar users during the cold-start phase. Finally,
in-vivo experiments within live environments could offer valuable
insights into the real-world applicability of our approach. To mea-
sure the success of the approach, user engagement can be evaluated
at both the review and the platform level. Review level metrics
such as reading time, voting interactions, and scrolling depth can
indicate user interest and satisfaction with recommendations. At
the platform level, metrics like session duration, conversion rates,
changes in review writing and voting activity over time, and overall
user activity could reflect improved user experiences.
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A Screenshots of Review Feedback
Functionality on various e-commerce
Platforms.

Figure 3 demonstrates the review feedback functionality across
four popular e-commerce platforms. There are subtle differences
between these platforms. For instance, review feedback can be a
simple “helpful” indicator (e.g., Amazon, Aliexpress), a thumbs up
or thumbs down for “liking” or “disliking” (Walmart), or multi-
dimensional with “helpful”, “thanks”, “love this”, and “oh no” (Yelp).

FodfhK Great for infants and toddlers
Reviewed in the United States on August 14, 2024
Style: Blocks = Verified Purchase

This product has brought fun play time to my granddaughter's and grandson.
They love sorting them by shape, exploring how to put them in and as they
get a bit older have them sort by color. Great product! Love the material!!

One person found this helpful

VTR
‘\, Helpful / Report

(a) Amazon
¢ Verified Purchase (i)

A-M-A-Z-I-N-G

These AirPods are just #! The sound quality is to die for and they go super loud so they can
definitely tune someone out. You are able to hear that they are loud if you are listening
from a 3rd person POV but their still good. They came untouched, no scratches, not dirty
and no dents! Definitely recommend! (and they came with 65% battery)

View less

Helpful? 5 (29) T2 (4)  Report

(b) Walmart
0008 an102024

(© 7 photos

Was in the area and stumbled upon this soul food restaurant. Who doesn't love a feel good story
about someone giving back to the community! It's a walk right into the roaring 1920s inside the
establishment. They had live jazz and all the staff dressed the part.

| ordered the peanut stew and my wife ordered the Fried Chicken. We both really enjoyed our
dishes! The peanut stew was warm and comforting. All the staff were extremely accommodating and
attentive. All and all, | would for sure check out this unique place in BayView again!

Q & Q@ (&

Helpful 7 Thanks 3 Love this 2 Ohno 0

(c) Yelp

Color:EU Plug

The babysitter is good, the display is large, the video quality is
good, even excellent. The control is simple, there is the Russian
language. The night mode was not impressed, but in general the
norms. The load failed more than 10 days overdue.

Additional feedback: It is discharged quickly, but it is charged for
half a day, or even longer. Charging Unit 1A.

K***y | 21 Apr 2024 9 Helpful (7)
(d) Aliexpress

Figure 3: Review feedback examples on different e-commerce
platforms
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B LLM Experiments for Our Suggested
Approach

B.1 LLM Prompts for User Profile

Figure 4 illustrates some of the prompts we used in the experimenta-
tion of generating user profile using LLM based on the user history,
which is the signal-based review set associated with the user.

system: You are required to generate user profile based on the

history of a user. The profile should contain only user

interests that can be learned from the given history. Do not
infer the user name, age or gender.

The profile will later be used to calculate personalized
recommendation of new reviews. Use up to 300 tokens.

prompt: The user previously ignal} the following reviews:
<history>.

His profile:

system: Your objective is to create user profile using their
review history. The profile should be general, without any
personal details, but with enough details to allow
personalized recommendations of new reviews.

The profile should contain up to 300 tokens.

prompt: The user previously {signal} the following reviews:
<history>.

His profile:

Figure 4: LLM prompt examples for generating user profile
using the user history

B.2 LLM Prompt Tuning

We explore various alternatives for setting prompt parameters to
generate user profiles, focusing on parameters such as review text
size, history size, review order, zero-shot and few-shot prompting,
and Chain-of-Thought (CoT) reasoning. Experimentation results,
depicted in detail in Table 7, indicate that the best performance
is achieved with a review text size of 150 tokens and a history
size of 5 reviews. Including more than 5 reviews does not lead
to further performance improvements. For the order of reviews
in the user history, sorting them by quality rating in ascending
order, with the highest-rated reviews placed last, produces the best
outcome. This finding suggests the presence of a position bias as
has been observed in other works [9, 19]. We also experiment with
zero-shot and few-shot prompting using one and two examples.
The examples include two variations: (1) a user’s review history
with a natural language user profile based on these reviews, and
(2) only the user profile without the history. Few-shot prompting
with two examples including only user profile achieves the highest
performance. In CoT reasoning, we test two strategies of zero-shot:
the first involves adding "Let’s think step by step" to the prompt
[25], while the second builds on this by including an additional
prompt extension, "Let’s first understand the problem and devise a
plan to solve the problem. Then, let’s carry out the plan and solve
the problem step by step." [46]. However, incorporating reasoning
results in lower performance compared to not using reasoning at all.
This could be due to reasoning prompts introducing unnecessary
complexity or deviation from the concise nature required for user
profile generation.
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Table 7: Prompt Tuning,.

Parameter Variants Best

Review text size 100, 150, 200 150 tokens

History size 5,7,10,12, 15 5 reviews

Random,
Highest score first,
Highest score last

Order of reviews in user history Highest score last

Zero-shot,
Few-shot with one example,
Few-shot with two examples

Zero-shot vs. few-shot prompting Few-shot with two examples

No reasoning,
Zero-shot Chain-of-Thought [25],
Plan-and-Solve prompting [46]

Chain-of-Thought reasoning No reasoning

B.3 Exploring a Two-Stage LLM-Based
Recommendation Approach

Other than for user profile generation, we explored an alternative
strategy for leveraging LLMs to our task by applying a two-stage
approach consisting of retrieval and recommendation stages. This
concept, introduced in the work of LlamaRec, was applied for se-
quential recommendation [50]. In the retrieval stage, a model is
used to generate an initial list of candidates, and in the recommen-
dation stage, an LLM ranks these candidates. Similarly, we used
a recommendation model, specifically the heterogeneous graph-
based model with meta-paths used in our approach to identify the
initial candidates, and then the LLM re-ranked the retrieved can-
didates. Initially, we applied a list-wise approach, but since LLMs
have been shown to suffer from position bias [9, 19, 29, 49], where
the model gives disproportionate importance to items based on
their position in the input sequence, we also experimented with a
point-wise approach, in which the LLM ranked one candidate at
a time. However, even with the point-wise approach, the perfor-
mance remained low, actually degrading the performance of the
recommendation model used at the retrieval stage. We therefore
do not report the results of this approach in detail.

C Metrics

We use three common metrics to evaluate review recommendation
performance:

e Normalized Discounted Cumulative Gain (NDCG): mea-
sures ranking quality in recommendations systems. It takes into
account the rank position information and the actual value of
the rating. NDCG is calculated as:

NDCG@K = bcG@K (1)
" IDCG@K

k
tA
DCG@K = ) - e @)
i=1

g2 (i +1)
where grat; is the quality rating score of the review at position i
IDCG refer to ideal DCG representing the ideal order of ranking
(e.g., reviews that the user votes with 5 at the top, followed by
4, and so on until reviews with a vote of 0, where reviews not
voted for by the user are in-between 2 and 3).
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e Recall: measures the proportion of correctly identified reviews
with a positive vote in the top-k recommendations out of the
total number of reviews with a positive vote. It is calculated as
follows:

Number of reviews with a positive vote in top-k

Recall@K =
@ Total number of reviews with a positive vote

®)

o Hit Ratio: measures whether at least one positive review ap-

pears within the top-k recommended reviews. It is calculated as
follows:

Number of reviews with a positive vote in top-k

Hit@K = )

Total number of reviews

D Voting Behavior Analysis

We explore how the quality of personalization varies with vot-
ing patterns. This analysis is conducted using the best-performing
model, MAGLLM, with the vote signal, focusing only on Beauty
category. First, we examine the personalization performance ac-
cording to the user’s primary vote, i.e., the most common score
across all of the votes performed by the user. Table 8 presents the
results across the five metrics, for primary votes of 3, 4, and 5. It can
be seen that all metrics are higher when the primary vote is higher.
This indicates that the voting signal for personalization is stronger
for users who tend to vote more positively. In other words, votes
with a higher score reflect a stronger preference from the user to
the review, as could be intuitively expected, and thus is a stronger
indication for the model. We also examine personalization perfor-
mance as a factor of the user’s total number of votes (regardless of
their score). We found that performance was quite similar across
users with different number of total votes, with only a slight and
inconsistent increase for users who are more actively voting. For
example, NDCG@5 increases from 0.875 for users with 1 total vote
to 0.909 for users with 10 or more votes. Recall@1 even slightly de-
creased, from 81.08% for users with 1 vote to 80.25% for users with
10 votes or more. These results indicate that our personalization is
effective even for users with very few votes. Finally, we examine the
impact of users voting for a single review versus multiple reviews
within a product. The model performs slightly better when there
are multiple votes for a product’s reviews. However, even with
just one vote, the personalization remains effective, successfully
ranking the review the user preferred at the top. The NDCG@5
scores are 0.907 for a single review and 0.925 for multiple reviews,
while the Hit@1 scores are 87.96% and 89.67%, respectively.

Table 8: Performance of MAGLLM by the user’s primary vote.

Primary Vote N@5 R@1 R@5 H@1 H@5
3 0.813 74.65% 84.73% 77.65% 85.42%
4 0.899 83.07% 92.35% 87.10% 92.82%
5 0.914 86.51% 96.18% 86.78% 96.18%




	Abstract
	1 Introduction
	2 Related Work
	3 Datasets
	4 Voting vs. Writing
	4.1 Do Written Reviews Reflect Preferences?
	4.2 Using Voting Signals For User Preferences

	5 Our Suggested Approach
	6 Evaluation
	6.1 Recommendation Methods
	6.2 Dataset Preparation
	6.3 Metrics

	7 Results
	8 Discussion and Future Work
	References
	A Screenshots of Review Feedback Functionality on various e-commerce Platforms.
	B LLM Experiments for Our Suggested Approach
	B.1 LLM Prompts for User Profile
	B.2 LLM Prompt Tuning
	B.3 Exploring a Two-Stage LLM-Based Recommendation Approach

	C Metrics
	D Voting Behavior Analysis

