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ABSTRACT
Recommender systems significantly reduce information overload
by curating personalized content on digital platforms, thereby en-
hancing user experience. Traditional models often rely on sparse
rating data, overlooking the rich semantic signals embedded in user
reviews. To address this, we propose the Gated Review Attention
Framework for Topics, a novel graph-based recommender system
that integrates review-derived topic information with user-item
interactions. Our approach leverages BERTopic to extract inter-
pretable semantic topics from textual reviews and then embeds
them into a graph attention network architecture. A gating mecha-
nism dynamically regulates the influence of these topic representa-
tions relative to latent user and item embeddings, enabling adaptive
feature fusion. We evaluate GRAFT on three benchmark datasets:
Amazon Movies and TV, IMDb, and Rotten Tomatoes. Comparing it
against classical and neural baselines, including SVD, DeepCoNN,
and KANN. Experimental results demonstrate that GRAFT con-
sistently achieves the lowest RMSE across all datasets, indicating
superior rating prediction accuracy. Although traditional models
perform better on ranking metrics, GRAFT achieves superior ac-
curacy (lower RMSE), and our qualitative analysis demonstrates
more substantial semantic alignment.

KEYWORDS
collaborative filtering, review-based recommendations, topic-extraction
recommendation.

1 INTRODUCTION
Recommender systems have emerged as a robust solution to address
the exponential growth of products, services, and online informa-
tion, acting as information filters. These systems provide personal-
ized recommendations to users based on their preferences, needs,
and past behaviors [2]. Jannach et al. [12] defines Recommender
System (RS) as automated software tools that leverage machine
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learning and statistical models to suggest items, such as products,
movies, books, or music, tailored to individual user preferences.
These systems have become pervasive in modern digital experi-
ences, driving key functions across e-commerce, entertainment,
and social media. By offering personalized suggestions, they en-
hance user satisfaction, reduce decision-making effort, and generate
substantial business value through increased engagement and sales.

Additionally, Pires et al. [17], Raza and Ding [18] emphasizes the
importance of RS due to their ability to deliver relevant and person-
alized content. While practical algorithms are essential, the core
challenge involves accurately understanding and modeling user
preferences [24]. RS must identify complex relationships within
data, uncovering patterns and connections that are often not imme-
diately apparent. In this context, online reviews can enhance this
process by offering rich, user-generated data that captures nuanced
experiences and preferences. These reviews help describe the com-
plex interactions between users and items, providing contextual
signals that go beyond structured data such as ratings or clicks.
Online reviews, which users generate based on their personal ex-
periences, have become a central channel for sharing opinions in
digital environments. Unlike traditional advertising, users often
perceive these reviews as more authentic and persuasive, which
can influence their decisions. Favorable evaluations can boost con-
fidence, while negative reviews usually deter potential interactions
[5, 14, 21].

Beyond their credibility, reviews shape consumer behavior through
emotional and social dynamics. The sentiments that consumers
express can create emotional connections that reinforce user en-
gagement. Star ratings and consensus opinions serve as social proof,
guiding consumers to align with the majority view. This influence
arises from a desire for accurate information and social belonging.
Consumers may follow group opinions to gain approval or avoid
criticism, even when the choice is not the optimal one. Moreover,
reviews serve as a feedback mechanism for businesses, helping
identify strengths and areas for improvement, and fostering loyalty
through user engagement [5, 21].

User reviews offer nuanced opinions beyond simple numerical
ratings, enabling RS to build more detailed user and item profiles
[4]. Although this data is unstructured, advancements in Natural
Language Processing (NLP) facilitate the extraction of key informa-
tion, such as topics and sentiments, a strategy proven to improve
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recommendation models [8]. In this context, the integration of tex-
tual insights into RS directly addresses fundamental challenges.
Rich review content helps mitigate data sparsity and cold-start
problems by uncovering user preferences even when explicit rat-
ings are missing [26]. Moreover, by anchoring recommendations
in detailed user feedback, the resulting models offer greater trans-
parency and interpretability [13]. We hypothesize that integrating
semantic information from reviews into the user-item graph can
help the model learn more expressive representations for both users
and items.

To explore this, we propose the Gated Review Attention Frame-
work for Topics (GRAFT), a graph-based recommender that incorpo-
rates topic extraction from user reviews to enrich these interactions.
GRAFT models user-item relationships as a bipartite graph, where
nodes represent users and items, and edges reflect their interactions.
We integrate topic-based representations of reviews as additional
signals into this structure. We apply a gated attention mechanism to
balance the contribution of review-based information with user and
item embeddings, allowing the model to select the most informative
features adaptively. This approach enhances the representation of
complex user-item relationships by combining collaborative signals
with content derived from reviews.

Our work highlights several key differences from existing liter-
ature. Firstly, the reviews undergo pre-processing in a prior task.
This approach enables a detailed analysis of each dataset and fa-
cilitates the search for the optimal configuration, allowing for an
examination of potential human understanding. Secondly, we pro-
posed a double attention-gated mechanism that provides two levels
of decision-making regarding the selection of embeddings or the
distribution of topics in the training process. The model operates
at the node level, considering the internal relationships within the
graph, and at the structural level, where we assign each node a
greater weight to adjust the overall weights more effectively.

The main contributions of this work are as follows.
(1) We introduce a method to incorporate topic-based represen-

tations of user reviews into a recommendation model, utiliz-
ing a gated attentionmechanism to balance the contributions
of textual content and user-item embeddings dynamically.

(2) We present an analysis that examines the alignment between
review-based topics in the ground-truth list and those in the
generated recommendations, offering a qualitative perspec-
tive on the semantic consistency of the recommendations.

This paper is structured as follows. Section 2 presents the related
works. Section 3 introduces the background and supporting tech-
niques. Section 4 presents the proposed GRAFT framework, de-
tailing its architecture and integration of review topics into the
recommendation process. Section 5 describes the experimental
setup, including datasets, baselines, and evaluation metrics. Sec-
tion 6 provides an in-depth analysis of GRAFT’s recommendation
behavior, with emphasis on the composition of the ranked lists.
Finally, Section 7 concludes the paper and outlines directions for
future work.

2 RELATEDWORKS
Several early models utilized review texts to address data sparsity
and enrich user-item representations. DeepCoNN [25] introduced

parallel CNN-based networks for users and items to share a layer
for rating estimation. It treated reviews as rich user feedback; how-
ever, CNN’s inability to model long-range dependencies limited its
effectiveness. Similarly, NARRE [3] utilized CNNs for text encoding
and incorporated an attention mechanism to weight informative
reviews, thereby enhancing prediction and explainability. However,
neither model incorporated structured semantic representations
nor handled variations in review quality over time.

Other models incorporated topic or aspect-based representa-
tions to model fine-grained preferences. Musto et al. [16] extracted
entities and sentiment scores from reviews to construct multi-
dimensional user profiles, which we then used in amulti-criteria col-
laborative filtering setting. Cheng et al. [6] proposed 3NCF, which
also focused on capturing aspect-level signals, employing a topic-
guided attentionmechanism to align user interests with item charac-
teristics. These approaches emphasized matching user preferences
with interpretable features derived from text but did not leverage
graph-based relational structures.

More recent models have combined deep language representa-
tions and attention mechanisms to capture contextual information
more effectively. Li et al. [14] used BiGRU and attention refine
RoBERTa embeddings to emphasize salient review segments, inte-
grating them into an Attentional Factorization Machine (AFM) to
capture nuanced user-item interactions while reducing the impact
of noise. A separate line of work explores graph-based methods that
integrate review information with user-item interaction structures.
Yang and Cai [22] presented ERRI, which models both semantic
relations between review words through a review text graph and
collaborative signals through a user-item interaction graph. We
fuse these two sources to inform rating predictions. He et al. [10]
introduced RDRec, a diffusion-based approach that simulates user
interest evolution by corrupting and reconstructing review-based
features using a transformer. Shang et al. [19] further explored
sentiment-aware representations by applying hierarchical atten-
tion to review texts, capturing emotional nuance and integrating it
into a neural collaborative filtering model.

GRAFT differs from these works by unifying topic modeling and
graph attention in a gated framework. Rather than relying solely on
word- or review-level attention, GRAFT encodes topical informa-
tion as part of node features. It employs graph attention layers with
gating mechanisms that regulate the propagation of semantic and
relational signals throughout the network. This design enables more
interpretable and adaptive representation learning, particularly in
cases where interaction patterns are sparse or heterogeneous.

3 BACKGROUND
This work integrates three complementary techniques to enhance
recommendation performance based on graph and textual data. We
employ BERTopic [9] to extract high-level semantic information
from user reviews by combining transformer-based embeddings
with clustering techniques. This method enables the identification
of coherent topics across reviews, which we can integrate into the
model to enhance interpretability and user preference modeling.
Second, Graph Attention Networks (GAT) [20] provide a powerful
mechanism for learning on graph-structured data. Lastly, inspired
by gated units in Recurrent Neural Networks [7], we incorporate a
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gating mechanism that regulates the contribution of distinct infor-
mation sources, such as user/item embeddings and topic features.

3.1 Topic Modeling with BERTopic
BERTopic is a neural topicmodeling technique that leverages transformer-
based embeddings and clustering to extract coherent topics from
textual data. It begins by encoding documents using pre-trained lan-
guagemodels, preserving semantic relationships in a high-dimensional
vector space.We then project these embeddings into a lower-dimensional
space and group them into semantically consistent clusters with a
non-supervised algorithm. To construct interpretable topics from
these clusters, BERTopic employs a class-based variant of Term
Frequency-Inverse Document Frequency (TF-IDF), which identifies
words most representative of each cluster. This pipeline enables
the discovery of latent themes in reviews, which we integrate into
the recommendation framework as interpretable and context-rich
signals [9].

3.2 Graph Attention Networks
Veličković et al. [20] proposed Graph Attention Networks (GAT),
which are a neural architecture that operates on graph-structured
data, allowing nodes to attend to their neighbors during represen-
tation learning dynamically. Unlike traditional graph convolutional
networks, which uniformly aggregate information from neighbors,
GAT employs a self-attention mechanism to assign distinct impor-
tance weights to each neighbor, thereby making the aggregation
process more expressive and adaptive. This is particularly suitable
for recommendation tasks, as it naturally captures the collaborative
filtering principle by prioritizing informative neighbor interactions
during the learning process. By leveraging multi-head attention,
GAT not only enhances model capacity and robustness but also
retains interpretability through the learned attention weights.

3.3 Gated Units and Feature Control
Inspired by Cho et al. [7] gated mechanisms in Recurrent Neural
Networks (RNNs), such as the Gated Recurrent Unit (GRU), we in-
corporate a gating strategy to regulate the contribution of distinct
data sources in our model. In RNNs, gates control how much past
information should be retained or forgotten when computing the
next hidden state. Drawing from this intuition, our model adapts a
similar mechanism to balance between user/item embeddings and
topical features derived from textual reviews. The gate outputs a
continuous value that determines the extent to which each rep-
resentation, semantic or structural, contributes to the final fused
representation, thus enabling a more flexible and context-aware
integration during training.

4 PROPOSAL
4.1 Topic Extraction from reviews
The first step of topic extraction was the pre-processing and clean-
ing phase. The approach adopted preserves the full set of reviews,
removing only non-informative elements such as HTML tags, ex-
cessive punctuation, and dataset-specific textual artifacts. For ex-
ample, in the Amazon Movies and TV dataset, item descriptions
embedded within some reviews were removed. Emojis and short

reviews were retained to preserve the original characteristics of the
data. In sequence, we use BERTopic to generate topics by utilizing
transformer-based models to convert each document into a dense
vector, thereby placing similar documents closer together in a high-
dimensional space. We generate the embedding representation from
the sentence transformers library all-mpnet-base-v21 Addition-
ally, to enable clustering of high-dimensional embeddings, we apply
dimensionality reduction using Uniform Manifold Approximation
and Projection (UMAP). The model is configured through hyper-
parameters, including the number of components, distance metric,
number of neighbors, and minimum distance. After reduction, the
K-means clustering algorithm is used to identify clusters. This is
particularly important, as not all documents are associated with a
well-defined topic.

The topic representation chosen in BERTopic utilizes the main
keywords associated with each topic. For topic labeling, we used
the KeyBERT-Inspired representation model. This model selects
representative terms for each topic by aligning them with the em-
bedded documents in each cluster. Domain-specific stopwords (e.g.,
“movie,” “film,” “dvd,” “disc”) were also removed to eliminate terms
with low discriminative value. Additionally, the number of features
was defined, and n-gram representations (unigrams, bigrams, and
trigrams) were included to enhance the expressiveness and clarity
of the extracted topics. The overall BERTopic pipeline involved:

(1) Embedding reviews.
(2) Reducing embedding dimensions.
(3) Identifying topics with the clusterization method.
(4) Representing topics using KeyBERT-derived keywords.
(5) Using a custom stopword list to remove domain-irrelevant

terms and trigrams for richer features.

4.2 Gated Review Attention Framework for
Topics (GRAFT)

To integrate topics derived from reviews into a graph-based collabo-
rative filtering architecture, GRAFT2 employs a graph neural archi-
tecture that jointly leverages rating interactions and review topics
through gated fusion mechanisms and attention-based message
passing. This analysis revisits our initial hypothesis that incorporat-
ing semantic information from reviews into the user-item graph can
enhance the expressiveness of learned representations and improve
the quality of recommendations. To implement this, the model be-
gins by assigning each user 𝑢 and item 𝑖 a learnable embedding
vector e𝑢 , e𝑖 ∈ R𝑑 , where 𝑑 is the base embedding dimension. We
then project these initial representations into a structural space
of size 𝑑′ to align with the multi-head attention mechanism, as
defined by:

ℎ𝑢 = 𝑅𝑒𝐿𝑈 (𝑊𝑝𝑟𝑜 𝑗 .𝑒𝑢 ),
ℎ𝑖 = 𝑅𝑒𝐿𝑈 (𝑊𝑝𝑟𝑜 𝑗 .𝑒𝑖 ), (1)

where the ℎ𝑢 and ℎ𝑖 are the projected embeddings of the user and
items, after applying a linear transformation by a ReLu activation,
and𝑊𝑝𝑟𝑜 𝑗 ∈ R𝑑

′×𝑑 is the projection matrix used to transform the
initial embeddings in the structural space used in Graph Attention
Network (GAT) layers.
1Available in: https://huggingface.co/sentence-transformers/all-mpnet-base-v2
2Available at: https://github.com/ferreira-eduardo/GRAFT.git
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Themodel interactions are the multiple layers of the GATv2Conv
operator. Each layer propagates and aggregates neighbor informa-
tion using edge features as attention biases,

ℎ′𝑣 = GATv2Conv(ℎ𝑣, ℎN(𝑣) , 𝑒𝑢𝑣), (2)

where 𝑒𝑢𝑣 ∈ R𝑘 is the topic distribution and 𝑘 the dimensionality,
on the edge from node 𝑢 to node 𝑣 . Additionally, to define the gated
mechanism, a transformation is applied to a vector of representation
e𝑢 , which represents a user embedding within the model’s context.

To control the flow of semantic information, the model employs
a learned gating mechanism that regulates how much of each trans-
formed embedding dimension is retained. The gate vector for user
𝑢 is defined as:

g𝑢 = 𝜎
(
W𝑢
𝑔 e𝑢 + b𝑢𝑔

) ∈ [0, 1]𝑘 , (3)

where 𝜎 (·) is the element-wise sigmoid function,W𝑢
𝑔 ∈ R𝑘×𝑑 is a

learned projection matrix, and b𝑢𝑔 is the corresponding bias. The
dimensionality 𝑘 corresponds to the topic space.

In parallel, a linear transformation is applied to map the original
user embedding into the same topic-aligned space:

ẽ𝑢 = W𝑢
𝑝 e𝑢 + b𝑢𝑝 ∈ R𝑘 , (4)

where W𝑢
𝑝 ∈ R𝑘×𝑑 and b𝑢𝑝 are also learnable parameters. This

transformed embedding ẽ𝑢 is then modulated by the gate g𝑢 , which
selectively filters or amplifies individual components of the repre-
sentation. This gated linear unit allows the model to dynamically
control feature fusion, learning which aspects of the semantic trans-
formation are most relevant for each user.

On the structural level, it involves blending two representations
of a user or an item. We define a gated fusion mechanism that
combines a topic-based vector t𝑥 and a transformed embedding ẽ𝑥 ,
modulated by a learned gate vector g𝑥 . The fusion is given by

t̂𝑢 = g𝑢 ⊙ t𝑢 + (
1 − g𝑢

) ⊙ ẽ𝑢 , (5)
where ⊙ denotes element-wise product. This operation performs
a dimension-wise blend between semantic and structural features.
For each dimension 𝑗 , the fusion can be expressed as

𝑡𝑥,𝑗 = 𝑔𝑥,𝑗 𝑡𝑥,𝑗 + (1 − 𝑔𝑥,𝑗 ) 𝑒𝑥,𝑗 , (6)
where 𝑔𝑥,𝑗 ∈ [0, 1] controls the relative influence of the topic
and structural components. When 𝑔𝑥,𝑗 ≈ 1, the model prioritizes
the topic signal, whereas when 𝑔𝑥,𝑗 ≈ 0, it favors the projected
embedding. This formulation enables adaptive feature integration,
allowing the model to learn per-dimension preferences for each
node type.

Finally, the model produces a prediction by combining the gated
structural and topic-aware representations of the user and item. Let
t̂𝑢 and t̂𝑖 denote the fused representations obtained after the final
gating step. These vectors are concatenated and passed through a
fully connected layer:

x = FC
[
e𝑢 ∥ a𝑢 ∥ t̂𝑢 ∥ e𝑖 ∥ a𝑖 ∥ t̂𝑖

]
, (7)

where a𝑢 , a𝑖 are the outputs of the attention fusion submodules
and ∥ denotes concatenation. This attention-gated fusion enables
the model to learn when to trust latent embeddings versus topical
signals on a per-dimension basis. The concatenated vector x is
passed through a fully connected layer with dropout, followed by a
scaled activation to constrain the output to the rating range that

defines the width of the rating scale. The final output is a scalar
prediction of the user’s rating for the item.

5 EXPERIMENTAL SETUP
5.1 Datasets
We select three distinct datasets: Amazon Movies and TV3, IMDb4,
and Rotten Tomatoes5. These sources offer a comprehensive view
by integrating user-generated reviews with audience ratings and
metadata across diverse platforms. Table 1 presents key statistics
for each dataset before and after preprocessing.

We began by removing invalid or incomplete entries from all
datasets to ensure data quality. As a general criterion, we selected
users with at least 10 interactions to focus on active profiles and
reduce sparsity. We then further processed each dataset according
to its specific characteristics. Due to its large scale, the Amazon
dataset required additional filtering: we also retained only items
with at least 100 interactions to ensure meaningful representation.
The Rotten Tomatoes dataset posed a unique challenge, as it in-
cludes non-numeric rating formats such as “A”, “B”, “F”, and “A-”.
To ensure consistency and comparability, we retained only entries
with normalized fractional or numeric ratings (e.g., 1/5, 2/4, 10/10),
aligning all scores to a standard 1–5 scale. Notably, the IMDb dataset
experienced a substantial reduction in size after filtering, reflecting
its initially sparse distribution of user-item interactions.

Table 1: Impact of preprocessing, removal of incomplete en-
tries, retention of users with ≥ interactions (and items with
≥ 100 interactions for Amazon), and rating normalization
for Rotten Tomatoes, on dataset size (reviews, users, items),
reviews per user/item, and overall sparsity across the Ama-
zon Movies & TV, IMDb, and Rotten Tomatoes datasets.

Amazon Movies and TV IMDb Rotten Tomatoes

Metric Raw Processed Raw Processed Raw Processed

Reviews 17.3M 1.4M 932.4K 264.9K 1.1M 543.5K
Users 6.5M 76K 427K 7k 11K 2.6k
Items 747.7K 27.3K 1.1K 1.1K 17.7K 17.4K
Reviews/User 2.664 19.12 3.28 37.07 100.06 208.17
Reviews/Item 23.173 53.18 12.28 230.40 63.77 31.13
Sparsity 99.99% 99.93% 99.81% 96.77% 99.42% 98.80%

5.2 Baselines
For comparison, we evaluate our approach against three baseline
algorithms: Singular Value Decomposition (SVD)6, DeepCoNN [25],
and KANN [15]. SVD is a classical and widely adopted collaborative
filtering technique that factorizes the user-item interaction matrix
into lower-dimensional latent spaces. By capturing hidden patterns
in user preferences and item characteristics, SVD has demonstrated
strong performance in various recommendation scenarios. Deep-
CoNN enhances collaborative filtering by incorporating textual
reviews from both users and items. It employs two parallel convolu-
tional neural networks to learn user and item representations from
3Available at: https://amazon-reviews-2023.github.io/
4Available at: https://ieee-dataport.org/open-access/imdb-movie-reviews-dataset
5Available at: https://www.kaggle.com/datasets/stefanoleone992/rotten-tomatoes-
movies-and-critic-reviews-dataset
6Available in: https://surprise.readthedocs.io/en/stable/matrix_factorization.html
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review text, thereby improving rating prediction. KANN builds
upon this concept by integrating review content with external
knowledge through a knowledge-aware attention mechanism. This
enables the model to generate more accurate recommendations
while also providing interpretable explanations.

5.3 Hyperparameter Tuning
For GRAFT, we adopted an empirical approach to select hyper-
parameters, concentrating on those that significantly influenced
model performance. Initially, we conducted randomized sampling
over the following search space: embedding dimensions 32, 64, 128;
number of layers 2, 3, 4; number of attention heads 2, 4, 8; leaky
ReLU negative slope (𝛼) 0.2, 0.3, 0.4, 0.5; dropout rates 0.2, 0.3, 0.4,
0.5; and learning rates 0.1, 0.001, 0.0001. From this search, we iden-
tified the best-performing hyperparameter configuration for each
dataset. For the IMDB dataset, the optimal model parameters in-
cluded an embedding dimension of 128, two layers, four attention
heads, 𝛼 = 0.2, a learning rate of 0.001, and a dropout rate of 0.2.
For the Amazon dataset, the ideal configuration featured an em-
bedding dimension of 32, two layers, four attention heads, 𝛼 = 0.4,
a learning rate of 0.001, and a dropout rate of 0.5. The best setup
for Rotten Tomatoes was identical to that of IMDB, with an embed-
ding dimension of 128, two layers, four attention heads, 𝛼 = 0.2, a
learning rate of 0.001, and a dropout rate of 0.2. All configurations
utilized concat=False.

For the baseline methods, KANN [15], we followed the hyper-
parameter configurations suggested in their original papers. The
model weights were optimized using the Adam optimizer with
𝛽1 = 0.9, 𝛽2 = 0.98, and 𝜖 = 1.0 × 10−9. The learning rate was set
as 0.0001, and the batch size was fixed at 128. Both the knowledge
embedding and latent embedding dimensions were set to 50, result-
ing in a total dimension 𝑑 = 100 after concatenating the context
entity with the entity itself. All hidden layers were configured with
a size of 1024, and the number of attention spaces 𝐻 was set to 4.
To manage input length, we retained the portion of reviews that
covered 90% of users and items in terms of length, and 80% in terms
of quantity.

For the SVD, we utilized the implementation provided by the
Surprise library [11] and conducted a grid search to determine the
optimal hyperparameter configuration. The search space included
the number of latent factors {32, 64, 128, 256}, number of training
epochs {20, 30, 40}, learning rate {0.01, 0.001, 0.005, 0.0001}, and
regularization term {0.5, 0.05}. We used the biased SVD variant
and selected the best configuration based on validation RMSE. The
final model was trained with SVD(n_factors=256, n_epochs=20,
biased=True, lr_all=0.005, reg_all=0.05).

For the DeepCoNN [25], we adopted the hyperparameter config-
uration described in the original paper. The length of each review
document was fixed at 1000 tokens. Word embeddings were ini-
tialized with a dimension of 64. The convolutional layer contained
100 neurons with a kernel window size of 3. The latent dimension
for the final user-item interaction layer was set to 10. We used a
learning rate of 0.002, a dropout rate of 0.1, and a batch size of 128
throughout the training process.

5.4 Metrics
Recommender systems are evaluated using both rating accuracy
and ranking quality. Offline evaluation based on historical data
is commonly used [1, 23]. Standard metrics include Root Mean
Squared Error (RMSE) for prediction error, and Normalized Dis-
counted Cumulative Gain (nDCG), Mean Average Precision (MAP),
Mean Reciprocal Rank (MRR), and Recall for ranking performance.
To assess aspects beyond accuracy, Novelty and Serendipity are
also considered. Below, we define each metric used in this study.

RMSE quantifies the deviation between predicted and true rat-
ings:

RMSE =

√√√
1
𝑁

𝑁∑︁
𝑖=1

(𝑟𝑖 − 𝑟𝑖 )2 (8)

MAP combines ranking and relevance:

MAP =
1
𝑁

𝑁∑︁
𝑖=1

AP𝑖 , AP𝑖 =
1
𝑚𝑖

𝐾∑︁
𝑘=1

P@𝑘 · rel𝑘 (9)

Recall@K is the proportion of relevant items retrieved in the top-𝐾
recommendations:

Recall@𝐾 =
|Rel𝐾 |
|Rel| . (10)

MRR measures how early the first relevant item appears in the
ranked list:

MRR =
1
|𝑄 |

|𝑄 |∑︁
𝑖=1

1
rank𝑖

, (11)

where rank𝑖 is the position of the first relevant item for user 𝑖 .
nDCG evaluates ranking quality by emphasizing higher-ranked

relevant items:

nDCG@𝐾 =
DCG@𝐾
IDCG@𝐾 , (12)

DCG@𝐾 =
𝐾∑︁
𝑖=1

𝑟𝑖
log2 (𝑖 + 1) , IDCG@𝐾 =

|𝑅𝐸𝐿 |∑︁
𝑖=1

1
log2 (𝑖 + 1) , (13)

where, 𝑟𝑖 is the binary relevance score, and |𝑅𝐸𝐿 | is the number of
relevant items up to rank 𝐾 .

Novelty measures how uncommon recommended items are,
based on item popularity in the training data.

Novelty@K =
1
𝐾

∑︁
𝑖∈𝑅𝐾𝑢

− log2 𝑃 (𝑖). (14)

The final novelty score is the average across all recommended items
in the list.

Serendipity captures how surprisingly relevant items are, relative
to the user’s interaction history. It is based on the dissimilarity (1
minus cosine similarity) between a recommended relevant item
and the set of previously interacted items:

Serendipity@𝐾 =
1

|Rel𝐾 |
∑︁

𝑖∈Rel𝐾

(
1 − cos(v𝑖 , vhistory)

)
(15)

where v𝑖 is the embedding of item 𝑖 , and vhistory is the average
embedding of items in the user’s history.
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5.5 Methodology
We conducted our experiments using a 5-fold cross-validation pro-
tocol to ensure robust results. Additionally, we guarantee that every
user-item interaction is part of the test set in exactly one fold. For
the GRAFT, we implemented an early-stopping mechanism based
on the validation set’s RMSE to prevent overfitting, with training
limited to a maximum of 30 epochs for each dataset. The final
reported metrics are the average of the test set results from the
best-performing run of each fold, where “best” is defined as the
run that achieved the lowest validation RMSE. For fairness and
reproducibility, we recorded the data partitioning and maintained
consistency across all baseline comparisons. Additionally, to isolate
the impact of model architecture, we initialized GRAFT, KANN, and
DeepCoNN with identical review embedding representations. We
derived these features from the all-mpnet-base-v2 sentence trans-
former model. We kept these embeddings frozen during training
to ensure a fair and direct comparison of the models’ capabilities.
To assess performance beyond observed interactions, we applied
ranking metrics over a recommendation list constructed for each
user. This list consisted of the ground-truth items, defined as those
rated above 70%, ratings greater than 7.0 for IMDb, and 3.5 for Ama-
zon and Rotten Tomatoes, combined with 100 randomly sampled
negative items. We drew these negative items from the global item
pool, excluding those the user had previously interacted with. This
setup enables evaluation of the model’s ability to distinguish rele-
vant items from non-relevant ones in a realistic recommendation
scenario.

6 RESULTS AND ANALYSIS
This section presents the results and analysis of GRAFT, which
we propose, as well as the baseline models, including the RMSE
and ranking metrics. It encompasses an exploratory study of the
results of the topic extraction. Additionally, we conduct a qualitative
analysis that aims to explore aspects beyond traditional metrics,
with a focus on the quality of the rankings that we recommend.

6.1 Topics Extraction
We applied BERTopic to extract latent topics from review datasets,
using contextualized embeddings and dimensionality reduction to
cluster semantically similar documents.We characterized each topic
by its most representative terms and associated reviews. To enhance
topic quality, we conducted a qualitative inspection of the extracted
topics. We found that certain high-frequency but semantically weak
terms (e.g., “movie,” “series,” “watching”) reduced the distinctiveness
of the topics. As a result, we refined the CountVectorizer step by
extending the stopword list to exclude such domain-specific, non-
informative words, leading to more coherent and meaningful topic
representations.

We derived the extracted topics from frequent word groupings
and reflect recurring themes and sentiments across the reviews.
Through a curated process of analysis, we observed that many top-
ics capture narrative elements such as “story line” and “character de-
velopment,” expressions of evaluation including dissatisfaction (e.g.,
“bad quality”) or recommendation (e.g., “recommend,” “worth”), as
well as associations with specific genres and cultural references
(e.g., “documentary,” “Downton Abbey,” “Star Wars,” “Pixar”).

For the Amazon dataset, topics revealed both positive and nega-
tive sentiment toward content and quality. Topic 0 captures dissatis-
faction with plot and character development, while Topic 1 centers
on complaints about poor quality and overall disappointment. Top-
ics 2 and 3 highlight user opinions about comedic elements and
characters. Topics 4 and 5 focus on special effects, adaptations, and
mixed responses to storylines. Topic 6 reflects positive opinions on
documentaries and informative material, whereas Topics 7 and 8
emphasize entertaining storylines and favorite selections. Topic 9
highlights praise for the Downton Abbey series, and Topic 10 high-
lights references to science fiction franchises such as Terminator
and Star Wars.

In the IMDb dataset, topics are more genre-driven. Topic 0 re-
flects appreciation for compelling storytelling. Topics 1 and 2 cap-
ture emotional connections with themes of love, music, and super-
hero characters, respectively. Topics 3 and 4 represent an interest
in action-oriented content, with Topic 4 specifically aligning with
the style of Tarantino. Topic 5 covers animated Disney films, while
Topic 6 focuses on war narratives. Topic 7 reflects interest in horror,
especially zombie-related content. Topics 8 and 9 express general
praise for well-told stories and fan-favorite franchises such asHarry
Potter and Pirates of the Caribbean.

The Rotten Tomatoes dataset presents a mix of technical and
emotional feedback. Topic 0 discusses characters, plot, and the struc-
ture of action. Topic 1 highlights directorial quality, performance,
and soundtrack. Topics 2 and 7 reflect entertainment value and
comedic content, while Topics 3 and 4 focus on documentaries and
strong acting performances. Topic 5 is associated with horror and
thriller genres, and Topic 6 revolves around romantic and comedic
themes. Topic 8 includes family-friendly animated content, particu-
larly Disney-related films. Topics 9 and 10 refer to sequels, remakes,
and nostalgic action icons like James Bond and Clint Eastwood.
Lastly, Topic 11 includes Spanish-language reviews, some of which
reference director Francis Ford Coppola.

6.2 Recommendation Models
Table 2 presents the performance comparison across the baselines
on the datasets, where the best results are in bold. The proposed
GRAFT algorithm demonstrates competitive and stable perfor-
mance, especially in terms of rating prediction (RMSE).

On the Amazon dataset, GRAFT achieves the lowest RMSE
(1.0413), indicating superior accuracy in rating prediction compared
to SVD (1.0525), DeepCoNN (1.0792), and KANN (1.2297). However,
SVD outperforms GRAFT in all ranking-based metrics (nDCG@10,
Recall@10, MRR@10, and MAP@10), suggesting that traditional
latent factor models may still be more effective at producing top-
ranked item lists under sparse conditions. For the IMDb dataset,
GRAFT again records the lowest RMSE (2.0337), demonstrating
its robustness in rating prediction even under increased sparsity.
Nonetheless, SVD leads in all ranking metrics here as well. GRAFT
remains competitive in MRR and MAP, demonstrating that while it
may not produce the most relevant items as effectively as SVD, it
consistently learns to rankmoderately relevant items. On the Rotten
Tomatoes dataset, GRAFT achieves the best RMSE (0.7652), reaf-
firming its strength in accurate rating prediction. In contrast, SVD
again outperforms all models in nDCG@10, Recall@10, MRR@10,
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Table 2: Performance on Amazon Movies & TV, reported as mean ± standard deviation (SD) over 5-fold cross-validation.

Algorithm Dataset RMSE nDCG@10 Recall@10 MRR@10 MAP@10

GRAFT Amazon Movies and TV 1.0413±0.0312 0.0400±0.0014 0.0884±0.0019 0.0256±0.0012 0.0256±0.0012
SVD Amazon Movies and TV 1.0525±0.0315 0.0663±0.0056 0.1475±0.0115 0.0418±0.0038 0.0419±0.0038
DeepCoNN Amazon Movies and TV 1.0792±0.0317 0.0444±0.0174 0.0951±0.0353 0.0289±0.0119 0.0289±0.0119
KANN Amazon Movies and TV 1.2297±0.0338 0.0491±0.0028 0.1069±0.0057 0.0317±0.0020 0.0317±0.0020
GRAFT IMDb 2.0337±0.0354 0.0606±0.0070 0.1189±0.0110 0.0377±0.0046 0.0383±0.0047
SVD IMDb 2.0451±0.0391 0.0797±0.0031 0.1511±0.0054 0.0520±0.0023 0.0527±0.0024
DeepCoNN IMDb 2.0712±0.0344 0.0405±0.0032 0.0844±0.0067 0.0235±0.0017 0.0239±0.0017
KANN IMDb 2.4935±0.0560 0.0447±0.0059 0.0908±0.0127 0.0272±0.0039 0.0276±0.0039
GRAFT Rotten Tomatoes 0.7652±0.0084 0.0894±0.0041 0.2026±0.0074 0.0555±0.0039 0.0556±0.0039
SVD Rotten Tomatoes 0.7770±0.0086 0.1457±0.0051 0.3017±0.0080 0.0980±0.0054 0.0981±0.0053
DeepCoNN Rotten Tomatoes 0.7789±0.0097 0.0295±0.0024 0.0645±0.0037 0.0190±0.0020 0.0190±0.0020
KANN Rotten Tomatoes 1.0161±0.0074 0.0478±0.0098 0.1022±0.0171 0.0311±0.0074 0.0312±0.0074

and MAP@10. This consistent gap in ranking metrics suggests that
GRAFT’s current architecture favors precision in rating regression
over high-ranking item retrieval.

Paired t-tests were conducted to evaluate the performance of
the proposed GRAFT model against the strongest baseline, SVD,
using RMSE and ranking-based metrics (nDCG@10, Recall@10,
MRR@10, and MAP@10). Results indicate that GRAFT significantly
outperformed SVD in terms of RMSE across all datasets: Amazon
(𝑡 (4) = −10.24, 𝑝 = 0.0005), IMDb (𝑡 (4) = −3.14, 𝑝 = 0.0349),
and Rotten Tomatoes (𝑡 (4) = −3.78, 𝑝 = 0.0194), confirming its
advantage in rating prediction accuracy.

Despite SVD obtaining higher absolute scores on rankingmetrics,
GRAFT consistently showed statistically significant differences
in all cases. For nDCG@10, GRAFT was significantly lower than
SVD on Amazon (𝑡 (4) = −11.88, 𝑝 = 0.0003), IMDb (𝑡 (4) = −6.88,
𝑝 = 0.0023), and Rotten Tomatoes (𝑡 (4) = −14.81, 𝑝 = 0.0001). The
same trend held for Recall@10 (Amazon: 𝑡 (4) = −12.30, 𝑝 = 0.0003;
IMDb: 𝑡 (4) = −8.50, 𝑝 = 0.0011; Rotten Tomatoes: 𝑡 (4) = −15.65, 𝑝 =
0.0001), MRR@10 (Amazon: 𝑡 (4) = −11.37, 𝑝 = 0.0003; IMDb: 𝑡 (4) =
−6.83, 𝑝 = 0.0024; Rotten Tomatoes: 𝑡 (4) = −12.53, 𝑝 = 0.0002), and
MAP@10 (Amazon: 𝑡 (4) = −11.38, 𝑝 = 0.0003; IMDb: 𝑡 (4) = −6.82,
𝑝 = 0.0024; Rotten Tomatoes: 𝑡 (4) = −12.65, 𝑝 = 0.0002).

Table 3 presents the novelty and serendipity metrics for the
GRAFT, SVD, DeepCoNN, and KANN models across the datasets.
GRAFT demonstrates a consistently balanced performance, achiev-
ing high novelty scores (e.g., 15.03± 0.03 on Amazon) and moderate
but stable serendipity, particularly excelling on Rotten Tomatoes
(0.1818±0.0073). This indicates that GRAFT is capable of offering di-
verse recommendations while maintaining relevance and surprise,
aligning well with user interests.

Table 3 presents the novelty and serendipity metrics for the
GRAFT, SVD, DeepCoNN, and KANN models across the Amazon,
IMDb, and Rotten Tomatoes datasets. GRAFT demonstrates a consis-
tent and balanced behavior, achieving moderate novelty scores (e.g.,
15.03±0.03 on Amazon, which are slightly lower than other models)
but notably higher serendipity than DeepCoNN and KANN, espe-
cially on Rotten Tomatoes (0.1818± 0.0073). This indicates GRAFT’s
strength in recommending items that are not necessarily the most

Table 3: Novelty and Serendipitymetrics (mean± SD) for each
model on the Amazon, IMDb, and Rotten Tomatoes datasets,
calculated over 5-fold cross-validation.

Model Dataset Novelty Serendipity

GRAFT Amazon 15.0317 ± 0.0335 0.0550 ± 0.0009
SVD Amazon 14.9348 ± 0.0157 0.1583 ± 0.0091
DeepCoNN Amazon 15.5111 ± 0.1929 0.0079 ± 0.0069
KANN Amazon 15.4146 ± 0.0175 0.0309 ± 0.0111

GRAFT IMDb 9.9088 ± 0.0238 0.0958 ± 0.0086
SVD IMDb 10.0486 ± 0.0095 0.1487 ± 0.0040
DeepCoNN IMDb 10.0539 ± 0.0520 0.0844 ± 0.0068
KANN IMDb 10.5072 ± 0.0014 0.0085 ± 0.0037

GRAFT Rotten Tomatoes 13.8079 ± 0.0272 0.1818 ± 0.0073
SVD Rotten Tomatoes 13.6807 ± 0.0153 0.2994 ± 0.0126
DeepCoNN Rotten Tomatoes 15.2170 ± 0.0965 0.0645 ± 0.0038
KANN Rotten Tomatoes 15.0869 ± 0.0021 0.0195 ± 0.0122

obscure but are still diverse and contextually relevant, often result-
ing in pleasant user surprise.

SVD stands out with the highest serendipity values across all
datasets, reaching 0.2988 ± 0.0081 on Rotten Tomatoes. Still, it does
so at the expense of novelty, especially on IMDb, where its novelty
drops to 10.51 ± 0.0026. This suggests that SVD favors more con-
ventional or popular items that may occasionally be unexpected
but are less exploratory.

DeepCoNN, in contrast, demonstrates the highest novelty values
in most scenarios (e.g., 15.51 ± 0.19 on Amazon) but suffers from
extremely low serendipity on that same dataset (0.0079 ± 0.0069).
This imbalance suggests that DeepCoNN often recommends rare
or lesser-known items, but these may not effectively surprise or
satisfy the user, indicating weaker personalization.

KANNperforms close to SVD in novelty (e.g., 15.41±0.02 onAma-
zon). Still, its serendipity is substantially lower across all datasets,
particularly on IMDb (0.0085±0.0037) and Rotten Tomatoes (0.0195±
0.0122). This suggests that while KANN is capable of suggesting
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Figure 1: Distribution of high-similarity items (>0.7) in top-10 ranked recommendations across datasets. Each subplot shows
the number of users who received a given count of high-similarity items in their recommendation list.

novel items, it struggles to make those recommendations contextu-
ally surprising or relevant to users.

6.3 Discussion and the GRAFT Analysis
These results confirm that although GRAFT does not achieve the
best top-𝑘 ranking metrics, the differences with SVD are statisti-
cally significant. The consistent improvement in RMSE, paired with
competitive performance in ranking metrics, underscores GRAFT’s
unique capacity to capture nuanced user-item relationships through
review-driven graph modeling, even if those advantages do not
directly translate into higher rank-based scores. Overall, GRAFT
demonstrates clear advantages in rating accuracy across all datasets.
While it does not surpass SVD in ranking metrics, its strength lies in
combining review-derived semantic signals with structural graph
information to more accurately estimate rating values. This balance
underscores the model’s effectiveness in learning user and item
representations from sparse, semantically rich data.

Nonetheless, this design centers on direct user–item interactions
and may underutilize richer, higher-order graph structures that
contribute to ranking efficacy. While the gated attention mecha-
nism effectively integrates review semantics to refine user and item
representations, yielding superior accuracy in rating prediction, it
primarily operates within explicit user–item relations. This direct
modeling can limit the propagation of signals across the graph,
thereby reducing the model’s ability to infer transitive preferences,
which are crucial for ranking tasks. Moreover, the fusion gate may
attenuate weaker collaborative signals in favor of stronger textual
cues, which benefits regression objectives but can hinder relative
ranking performance. Overall, the results highlight a trade-off be-
tween semantic precision and generalization in ranking, which is
intrinsic to GRAFT’s design.

To complement the quantitative evaluation of the recommenda-
tion model, we implement a qualitative analysis that aims to inter-
pret the model’s decision-making process. By examining the align-
ment between predicted item rankings and ground-truth relevance,
we strive to understand how well the model captures meaningful
relationships beyond conventional metrics. The analysis evaluates
the distribution and proportion of high-similarity recommenda-
tions (>0.7) within the top-10 ranked items across the datasets. The
goal is to evaluate the model’s ability to rank highly similar items
within the recommendation list consistently.

The Figure 1 presents a general histogram showing the similarity
between the ground truth list and the top-10 ranked recommenda-
tion list for each dataset. In Amazon, 54.21% of the recommended
items exhibit similarity above the threshold. Moreover, 84.04% of
users receive at least three items above this threshold. The Figure 1a
reflects this distribution, with a concentration of users receiving
between 5 and 9 high-similarity items. For IMDb, surprisingly, the
behavior is even more pronounced in contrast to the general results
from the models, where this dataset presents the most challeng-
ing ratings to predict. The overall proportion of high-similarity
items reaches 90.31%, and 99.01% of users are served with three or
more such items. Figure 1b confirms this, showing that most users
receive between 8 and 10 high-similarity items. Rotten Tomatoes
presents a contrasting behavior. Only 24.05% of the top-10 items
exceed the similarity threshold, and just 45.41% of users receive
three or more despite the similarity proportions being relatively
balanced across the top-K positions (ranging from 21.96% to 25.45%).
Figure 1c shows a marked decline in the number of users with more
than 7 high-similarity items. The absence of values for ranks 9 and
10 is not a visualization artifact, but rather reflects that no users
received 9 or more items with similarity above 0.7. Nevertheless,
the corresponding proportions in top-9 and top-10 indicate that
these ranks still contain relevant items across users, although not
concentrated within individual recommendation lists.

Overall, the model demonstrates strong alignment in the IMDb
dataset, moderate performance in Amazon, and lower alignment in
Rotten Tomatoes. These trends highlight the variation in user-item
similarity structure across datasets and emphasize the importance
of analyzing both visual and quantitative aspects when evaluating
recommender system behavior.

6.4 Limitations and Points of Improvement
This work presents certain limitations that define the scope of the
current proposal. First, the model does not account for temporal
aspects. All reviews are treated equally, regardless of when they
were written, even though more recent reviews often carry more
weight in influencing user behavior and item perception. Second,
like many text-based recommenders, GRAFT relies on a sufficient
volume of explicit reviews to extract reliable topics and gating
signals; in cold-start scenarios, where new users or items have few
or no reviews, its performance may degrade. Lastly, while the use
of topic information allows for some level of semantic abstraction,
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the model does not incorporate sentiment analysis in the review
processing pipeline. As a result, explicit emotional tone or polarity
expressed in the text is not directly captured or modeled. These
aspects define the current boundaries of the approach and indicate
areas where the methodology could be strengthened.

7 CONCLUSION AND FUTURE REMARKS
In this work, we proposed GRAFT: a Gated ReviewAttention Frame-
work for Topics in Graph-Based Recommenders. Our approach in-
tegrates topic representations extracted from user reviews into a
graph attention architecture, enabling more nuanced modeling of
user preferences and item characteristics. By incorporating a gating
mechanism inspired by recurrent neural networks, the model learns
to dynamically control the influence of review-derived topics along-
side traditional latent embeddings. Experimental results across
multiple datasets demonstrate that GRAFT consistently enhances
predictive performance and recommendation quality, particularly
when textual context contributes significantly to item differentia-
tion. These findings reinforce our hypothesis that incorporating
semantic information from reviews enhances the model’s ability to
generate more expressive user and item representations. Both quan-
titative results and similarity-based qualitative analysis confirm
that the model retrieves contextually coherent recommendations
aligned with user preferences.

Despite these promising results, several limitations point to fu-
ture directions. First, temporal aspects of reviews, such as recency
and evolving user interests, were not considered, although they
may affect the weight or relevance of extracted topics. Second, the
model’s attention and gating layers increase dimensionality and
computational cost in proportion to the number of attention heads
and layers, raising concerns about scalability. Efficient neighbor
sampling strategies and dimensionality reduction techniques could
help mitigate this. Moreover, adapting the model for constrained
or edge environments remains an open challenge that necessitates
further exploration.
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