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Abstract

For items, the higher the click-through rate, the higher the rat-
ing. Thus, existing recommendation methods implicitly model click
behaviors by learning user preferences and achieving accurate pre-
dictions on rating prediction tasks. However, they ignore the help of
the rating behaviors for the click-through rate prediction task (CTR).
Although the rating behavior occurs after the click behavior, we can
still get helpful information about clicks from ratings. In this paper,
we propose a multi-factor collaborative prediction method (MFC),
which mines the complex relationship between click and rating
behaviors, achieving accurate prediction on CTR tasks. Specifically,
we factorize the complex relationship into three simple relation-
ships, i.e., linear, sharing, and cross-correlation relationships. Thus,
MFC first extracts click factors, rating factors, and their sharing
factor from user click and rating behaviors with user reviews, as
review-based methods have achieved great results on rating predic-
tions. Then, a rating factor regularization method is used to learn
rating factors accurately, helping to model the true relationships
between click and rating behavior. Finally, MFC combines those
three factors to make predictions, while click and rating factors are
used to model the linear and cross-correlation relationships, and
the sharing factors correspond to the sharing relation. Experiments
on five real-world datasets demonstrate that MFC outperforms the
best baseline by 9.19%, 9.80%, 0.69%, and 7.95%, in terms of Accu-
racy, Precision, Recall, and F1-score, respectively. MFC also reduces
the MAE of the rating prediction task by 1.92%. The source code is
available at https://github.com/dianziliu/MFC.
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1 Introduction

Recommender systems help users find items that meet their re-
quirements and interests, and they have found wide applications
in human life. To help improve the performance of recommender
systems, users are encouraged to share their feelings. Take online
shopping platforms as an example: users not only rate items but also
comment on them after making purchases. These reviews contain
significant semantic information that recommender systems can
harness[36, 39]. Other users sometimes make informed shopping
decisions based on these reviews [12]. Thus, many methods have
been developed to improve the review-based recommendation and
achieve great rating predictions [3, 32, 40].

Existing review-based recommendation methods can be divided
into two categories. The first category focuses on modeling the
latent features in reviews. Some methods use natural language pro-
cess (NLP) techniques to extract review features [10, 28, 30, 31], such
as DeepCoNN [42], CARL [37], DAML [11]. Some methods, such as
RGNN [16]and MA-GNNs [41], build graphs based on reviews and
then employ graph neural networks (GNNs) to learn review fea-
tures. The second category mainly models the interactions between
users and items with review-based representation. RGCL [25] and
ReHCL [32] introduce review features into the user-item graph,
enhancing the performance of GNNs. D-attn [24], TSE [40], and
PBFL [12] implicitly learn click behaviors through review features.
Users usually select items they would like to rate, i.e., the higher
the click-through rate, the higher the rating. Thus, these methods
implicitly model click behaviors, achieving accurate predictions on
rating prediction tasks (RP).

However, these methods only focus on RP tasks with the help of
click behaviors, but ignore the help of rating behaviors for the click-
through rate (CTR) prediction task. Although the rating behavior
occurs after the click behavior, we can still get helpful information
about clicks from ratings. Figure 1 shows the relationships between
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Figure 1: Average rating-click count scatter plot. We marked
the median of the mean rating and click count with dotted
lines, dividing the plot into 4 regions. These regions reflect
the complex relationship between interaction and score fea-
tures.

mean ratings and the click count of each item in an Amazon dataset.
The positive correlation from click counts to ratings is easy to
observe: the higher the click count on an item, the higher its average
rating. In contrast, without any assistance, it is difficult to identify
the effect of ratings on click behaviors. So, we marked the median of
the rating and click count with dotted lines, dividing the plot into 4
regions. On the one hand, regions B and D reflect the approximately
linear relationship between rating and click. In this situation, users
prefer to click on items they favor, meaning that a high-rating item
is more likely to be clicked than a low-rating one [23]. On the other
hand, regions A and C do not comply with the above rules. Region
A indicates that users have strong demands and will click on an
item even if its quality is poor; and region C shows that some high-
quality items have a small audience and are possibly extremely
personalized. These results also show a challenge when we want
to use rating behaviors to enhance model performance on the CTR
task: a complex relationship exists between interaction and rating
behaviors.

In this paper, we propose a multi-factor collaborative prediction
method (MFC) for the review-based recommendation on the CTR
task. MFC mines the complex and diverse relationships between
interaction and rating behaviors based on user reviews, achieving
accurate prediction on CTR tasks. Specifically, MFC factorizes the
complex relationships between the two behaviors into three simple
relationships, i.e., linear, sharing, and cross-correlation relation-
ships. Thus, we first design a factor learning network that extracts
click, rating, and sharing factors from user reviews and that models
the direct relationship from clicks to ratings. The click and rating
factors are then used to model the linear and cross-correlation re-
lationships, while the sharing factors correspond to the sharing
relation. At the same time, to ensure rating factors accurately re-
flect rating behaviors, we propose a rating factor regularization
method, which injects supervision information of ratings into the
rating factors. Finally, MFC combines those three factors to make
predictions, which enhance the model performance on the CTR
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task by introducing rating factors on CTR predictions. In summary,
the main contributions of this article are as follows.

e We design a multi-factor collaborative prediction method
(MFC), which mines the complex relationships between click
and rating behaviors, achieving accurate prediction on CTR
tasks.

e We propose a rating factor regularization method, which
applies supervision information of ratings to ensure accurate
learning of rating factors.

e Experiments on five real-world datasets demonstrate that
the performance of MFC significantly outperforms SOTA
baselines. MFC outperform the best baseline by 9.19%, 9.80%,
0.69%, 7.95%, 1.92% on Accuracy, Precision, Recall, F1-score,
and MAE, respectively.

2 Related Work

In this section, we summarize collaborative filtering and review-
based recommendation methods.

2.1 Collaborative filtering methods

Early recommendation methods, mainly collaborative filtering meth-
ods, are mining user preference in ratings to train models. These
methods consider the rating prediction in the recommendation
problems, and are widely known to researchers by Netflix Prize
competition [9]. Rating prediction requires the recommendation
model to predict the ratings of users on items. Slight performance
enhancements of predictions could significantly improve the rec-
ommendations [1, 8]. In these methods, matrix factorization (MF) is
a successful and recognized latent factor model that attracts much
attention. The variations of MF includes PMF [17], SVD [9], FM [21],
etc. PMF is the probabilistic matrix factorization model, which is
a classical collaborative filtering-based rating prediction method.
SVD is a classic matrix factorization method that exploits both the
user’s explicit preferences on items and the influences of the user’s
historical items on the target item.

Another task in the recommender system is the click-through
rate prediction (CTR) task. CTR prediction requires the recommen-
dation model to predict the click probability of users on items. Many
methods that are designed for PR tasks are also suitable for CTR
tasks. In addition, some methods introduce pairwise loss to meet
the problem that recommended data does not contain negative
items [13, 18, 22]. Compared with previous methods, the pairwise
methods no longer pursue the prediction results to be close to the
ground trues [19, 20, 29]. They hypothesize that a user prefers ob-
served items over all other non-observed items and then maximizes
the relative relationships between items to achieve superior rank-
ing outcomes. For the CTR task, the pairwise method avoids hard
constraints on negative samples and can reduce the system error
caused by negative sampling, thus achieving better performance.

Recent methods [5, 23, 33] develop a two-step method, that they
first use a pre-training model to learn the click propensity through
the CTR task, and then the interaction feature is used to influence
the gradients in the training of the RP task. But these methods cut
down the between CTR and RP tasks.
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2.2 Review-based method

Most review-based methods predict ratings by learning user pref-
erences and incorporating NLP techniques. These methods are
typically divided into two types by considering their innovations.

The first types focus on using natural language processing (NLP)
models to extract accurate text features. Exemplary works include
CTR’s application of LDA for topic modeling and CDL’s imple-
mentation of stacked denoising autoencoders (SDAE) for comment
embedding [30]. Subsequent advancements employ deep learning
architectures: ConvMF [7] and DeepCoNN [42] adopt convolu-
tional neural networks (CNN) to capture hierarchical textual pat-
terns, whereas NARRE [2] incorporates attention mechanisms to
weight influential reviews during user embedding aggregation. Re-
cent innovations extend this paradigm through temporal modeling
(TAERT [4] with temporal convolutional networks) and structural
enhancement (RGNN [16] via review-based graph construction).
Despite demonstrating text processing proficiency, these method-
ologies show limited attention to deriving interaction patterns from
textual representations.

The second category emphasizes learning interaction prefer-
ences through attention mechanisms. CARL [37] leverages con-
textual attention to encode user-item pair relationships, while
D-attn [24] employs dual attention modules for capturing local-
ized and global interaction patterns. DAML [11] extends this par-
adigm by modeling cross-modal attention between users and tex-
tual reviews. HTI [34] introduces cross-entity attention to char-
acterize textual feature propagation across entities. Building on
graph architectures, RGCL [25] and ReHCL [32] enhance graph
neural networks through review-aware attention propagation. Re-
cent extensions incorporate multi-granularity modeling: TSE [40]
combines global behavioral attention (coarse-grained homophily)
with interaction-level attention (fine-grained homophily), whereas
DSRNL [15] designs temporal attention layers to model evolving
interest sequences. PBFL [12] establishes a tri-attention framework
across review semantics, interaction patterns, and rating signals.

These methods implicitly learn interaction features from high-
level review features, which lack supervision, and the final result
can only learn part of the interaction features.

3 Methodology

The complex relationships between click and rating behaviors can
be decomposed into three simple relationships: linear relationships,
sharing relationships, and cross-correlation relationships. Thus, we
propose a multi-factor collaborative prediction method (MFC) to
mine the relationships, achieving accurate prediction on CTR tasks.
Specifically, MFC first utilizes a factor learning network to extract
click, rating, and sharing factors. The click and rating factors are
then used to model the linear and cross-correlation relationships,
while the sharing factor is used for the sharing relationship. Next, to
ensure accurate learning of rating factors, we design a rating factor
regularization method to guide the teaching of rating factors. Fi-
nally, we propose a factor collaborative prediction mechanism that
combines click, rating, and sharing factors to model the three sub-
relationships between click and rating behaviors. Figure 2 shows
the framework of our method.
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3.1 Factor learning network

Existing review-based methods [12, 40] develop a three-stage frame-
work that sequentially learns user preference in reviews, clicks, and
ratings. This framework models the effect of click behaviors on
rating behaviors, achieving good performance in RP tasks. Based on
this framework, our goal is to model the effect of rating behaviors
on click behaviors. Thus, we employ an existing method, TSE [40],
as the backbone of our factor learning network to extract the click
factor e, and rating factor e, based on corresponding preference
features.

Following the existing method [40], our factor learning network
has three steps, and each step uses a statically shared embedding
layer to learn the coarse-grained homophily in global behavior
data, and a dynamically shared embedding layer to learn the fine-
grained homophily in the process of user-item interaction. We first
summarize the statically and dynamically shared embedding layers,
that are widely used in learning three factors; then, we show how
to extract review, click, and rating factors in sequence. The review
factors are used to learn click and rating factors without directly
participating in the prediction.

3.1.1 Statically shared embedding. Many methods introduce mul-
tiple embedding vectors to represent user preferences reflected
in various types of behaviors [2, 11, 12]. However, the sparsity of
recommendation data limits the learning effect of utilizing full em-
bedding. TSE [40] proposes a statically shared embedding method,
which generates multi-level static shared embeddings for users
and items based on global behavioral data, and is a coarse-grained
homogeneity modeling. Compared to full embedding, the shared
embedding method reduces model complexity and improves model
performance. We use s, s5;, s& to denote review-level, click-level,
and rating-level shared embedding vectors, respectively; and we
use the s¢, s, in the learning of review and click factors, and s2 in
the rating factor learning. The symbols of items are similar to those
of users, i.e., sf, sl?, s?.

3.1.2  Dynamically shared embedding. As the statically shared em-
bedding is based on global behaviors, it models user homophily
in a coarse-grained way, which is insufficient for precisely model-
ing users. Although multiple users are generally similar, they may
differ greatly in some specific behaviors. Thus, TSE [40] proposes
a dynamically shared embedding method that models homophily
in a fine-grained way. Specifically, it considers the similarity be-
tween different user-item interactions in the prediction process
and shares the dynamic interaction features between user-item
pairs. Thus, we utilize three dynamically shared embedding layers
to learn interaction features in review-, click- and rating levels. The
output are denotes as d¢,, dS, d2 for review-, click- and rating-level,
respectively. Likewise, the item’s dynamically shared embedding
are df, df, d?.

3.1.3  Review factor learning. This layer is designed to embed text,
extract feature vectors from reviews, and aggregate these features
to represent users and items. First, we embed the words in a review

into a sequence of low-dimensional dense vectors. Let d = {wx }521

denote a review containing p words, and {w,(}gz1 be its corre-

sponding word embedding sequence. Second, we employ CNNs
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Figure 2: Framework of the proposed method, while the rating factor regularization only works in the training process.

to extract high-level word features, denoted as cx. Next, an atten-
tion mechanism is applied to summarize these word vectors with
the statically shared embedding vectors sj, and s{ to generate a
review representation. Then, we utilize a recurrent aggregated at-
tention layer, introduced by PBFL [12], which aggregates multiple
reviews to form comprehensive representations for users and items.
Subsequently, a review-level dynamically shared embedding layer
is employed to further encode the user and item representations,
resulting in the dynamically shared embeddings df, and df. Af-
terward, df,, df, and the CNN-extracted features are fed into the
attention layer. Finally, the output is passed through the recurrent
aggregated attention layer again to obtain the final review-based
representations ey, and e for users and items.

e;, = fre(Dy), €] = fre(Dy), (1)

where f is the review factor learning netwok, Dy, and D; are the
user u and item i’s history reviews.

3.1.4  Click factor learning. Review features contain rich informa-
tion on the interaction between users and items. Combining it
with click-level preference embeddings will enhance the results
of learning interaction features [12, 40]. This layer first uses MLP
to aggregate review-based features ej;, e and click-level statically
shared embedding vectors sj, and s{,to get an interaction feature.

¢ _ e ¢ e .C
e“ = MLPi(ey, s, e;,8;)

= el (P (eI (eS8, : €€ 1 5C]))..0),

@

where ¢J‘il” denotes the mapping function of x-th neural network
layer. Then, the interaction feature e is used to select the inter-
action dynamically shared embedding d°. Finally, we use MLP to
aggregate interaction features and d° to get the final click factor.
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e’ = MLP;(dy, dj, d;, d5) 3)

3.1.5 Rating factor learning. Similar to the click factor learning
layer, this layer utilizes click factor and user/item rating-level pref-
erence embeddings to learn the rating factor. Specifically, this layer
first uses MLP to aggregate click factors and rating-level statically
shared embedding vectors sj; and s{:

e’ = MLP; (e, 5, 87)
= el (Pl (P ([e€ - 52 - 591))..0),

where zﬁ;l“ denotes the mapping function of x-th neural network

©)

layer. The rating features e” " are used to select the rating dynami-
cally shared embedding d“. Finally, we use MLP to aggregate rating-
based features and d“ to get the final rating factor.

e” = MLP; (e, dZ,d?). (%)

3.2 Rating Factor Regularization

It introduces supervised information on ratings to regularize the
learning of rating factors only in the training process. Specifically,
we input the rating factor into a single-layer MLP for rating pre-
diction and then optimize the rating factor by constraining the
difference between the predicted rating and the true rating through
squared loss.
Lr= ) (t];—MLP(e], )%, (6)
u,i€D
where tZ,i is the rating of user u on item i.
However, in many real data, not all rating labels are always
available. Recommendation models usually sample negative items
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from unobserved data, which lack rating labels. Thus, we need to
complete rating labels for negative samples.

Considering that the rating distribution has a significant center,
in some individual rating prediction tasks, researchers try to as-
sume the label of unobserved data as a fixed value and assign it a
confidence level to make it participate in the process of the train-
ing model [6, 26, 33]. But this one-size-fits-all approach can only
guarantee a lower bound on performance. The lack of independent
settings will make the model’s prediction more biased towards the
central value and lack personalization. Here we pretrain a rating
prediction model [40] and use it to complete rating labels in the
training stage. The method can achieve better prediction perfor-
mance than the method that regards a fixed value as the label. Thus,
it gives a better lower bound of model performance than the fixed
value method.

3.3 Multi-factor collaborative prediction

Users’ click behavior and rating behavior have a complex rela-
tionship with each other. We use F to represent the relationship
between rating and click behavior, as follows,

pe=F"(p"), ™

p" =7, ®
where ¢ is the goal that we want to learn. As shown in Figure 1,
it is a challenge that we cannot find simple functions to model
the relationships. Fortunately, we find some potential relationships
between ratings and clicks. On the one hand, regions B and D reflect
a linear relationship that users prefer to click a high-rated item than
a low-rated one [23]; on the other hand, region A indicates that
users have strong demands and will click on an item even if its
quality is poor. This situation reflects an inherent feature of click
behaviors. Region C shows that some high-quality items have a
small audience and are possibly extremely personalized. It shows
a complex conditional probability between the two behaviors. In
a word, there are three simple relations between click and rating
behaviors: linear relation and high-level cross relation. Thus, our
factor sharing prediction method is as:

P = MFC(u,i) + A2GE(¢7) + A3HE (¢]t7) )
where F€ is the original click behavior learning, G¢ models the
linear relation between rating and click behaviors, and H¢ models
the high-level cross relation.

Considering the true labels of t" and t¢ are unknown in the
process of predictions, we use the input features instead of the true
labels. For a recommendation model, the existing methods usually
learn embedding vectors x,, and x; for users and items, and then
use a MLP with x hidden layers to make predictions. Given a user
u and an item i, they make prediction following as

p = MLP(xy, X;))
= el (el (L g (M ([xy i) ) ) ),

We denote the output of x-th layer as e, which is the factor vector
of the input. Thus, the prediction of our method is

p¢ = A{F°(e°) + A5G (e") + ASH (e - e") (11)
where e€ and e” are learned from Eq. (3) and Eq. (5), respectively.
In fact, the click factor and rating factor could share some features

(10)
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from users’ deep mind [14, 27]. Thus, we introduce a sharing factor
€® to model the common parts in the input factors of two tasks.
Thus, our prediction method is re-written as:

p¢ = ASF(e, ) + A5G (e") + ASH (e - e") (12)
In practice, we use MLP to implement the functions F, G, and H,
similar to Equation (10).

In a word, we factorize and model the complex relationships
between click and rating behaviors into three simple relationships,
i.e., linear, sharing, and cross-correlation relationships. By fusing
these three relations, MFC introduces rating behaviors to enhance
the model’s performance on CTR tasks.

3.4 Model training

Following existing methods, we use Binary Cross-Entropy (BCE) as
the loss function. The objective function of our method is defined
as

min £ = IBCE(t;i»P;i)
)eD

+ ALy + AFHGHF

where N = |D)| is the size of train data, © is the model parameters,
Ar is used to control the impact of rating factor regularization, || -||r
is the Frobenius norm, and Af is the regularized coefficient for the
Frobenius norm. We use an Adam optimizer to optima our objective
function.

DY
N
IN] (wity oty

(13)

4 Experimental Results

This section begins by introducing the datasets, baselines, and
experimental setup. Next, we compare the proposed method against
all baselines and present the results. Finally, we conduct an ablation
study and a parameter sensitivity analysis to investigate the impact
of different model components.

4.1 Dataset

Experiments are conducted on five publicly available Amazon 5-
core datasets! to validate the effectiveness of the proposed model:
Music Instruments (MI), Office Products (OP), Grocery and Gourmet
Food (GGF), Video Games (VG), and Sports and Outdoors (SO).
These standardized datasets are extensively adopted for review-
driven recommendation validation [12, 37, 40]. The lexical process-
ing pipeline involves: (1) text normalization through case folding
and non-linguistic element removal via regex patterns; (2) stop
word elimination using NLTK toolkit [35, 37]. Our review encoder
operates on a fixed vocabulary of 20,000 high-frequency tokens
derived from corpus analysis. Following established practices [2],
variable-length reviews are standardized through zero-padding.
Complete dataset characteristics are summarized in Table 1.

4.2 Baseline

To fully evaluate the proposed method, we compare it with two
types of methods: enhancing review representation and modeling
interaction patterns. Specifically, we select the following methods
as baselines. The first type of method includes:

!http://jmcauley.ucsd.edu/data/amazon/
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Table 1: Statistical results of five datasets, where #Users,
#Items denotes the number of users and items, #Ra/Re in-
dicate the number of ratings and reviews, and I denotes the
average number of words per review.

Dataset #Users #Items #Ra/Re |  Density
MI 1,429 900 10,261 59 0.798%
opP 4905 2420 53,228 56  0.449%
GGF 14,681 8,713 151,254 89 0.118%
VG 24,303 10,672 231,577 124 0.089%
SO 35,598 18,357 296,337 99  0.045%

o ERP [38] considers the collaborative signal and similarity
between user historical items and the target item, to differ-
entiate the contribution of different reviews and model user
preference for the target item.

e TAERT [4] implements triple-branch attention architecture
for lexical saliency weighting, review quality assessment,
and rating preference alignment.

e RGNN [16] constructs heterogeneous review graphs with
lexical nodes and syntactic edges encoding sequential de-
pendencies through graph attention networks, introducing
GNN into the review-based recommendation.

The second type of method includes:

e DAML [11] develops cross-attentive CNN modules that syn-
chronously learn local review semantics and global interac-
tion contexts through multi-head attention.

o NARRE [2] filters the useless reviews by using users’ and
items’ embedding vectors as a part of attention scores.

o HTI [35] captures interactions based on reviews by mutually
propagating textual features.

e DSRNL [15] extracts dynamic and static user preferences via
dual attention layers on interaction and review data, respec-
tively, and fuses them adaptively. Item representations are
obtained via element-wise product of temporal and inherent
attributes.

o TSE [40] proposes a two-tier shared embedding framework
that models multi-scale homophily. It captures macro ho-
mophily by clustering global behaviors and micro homophily
by focusing on each user-item interaction.

e PBFL [12] designs tripartite preference distillation frame-
work integrating review semantics, interaction possibility,
and rating preference.

4.3

The review factor learning layer first employs GloVe-100 pre-trained
embeddings for lexical initialization [2, 40]. It then cascades two
convolutional layers with filter sizes 3,5 followed by max-pooling
operations [12]. Factor learning layers utilize MLP (300-200-100
dimensionality progression) to fuse four modality-specific embed-
dings through concatenation and nonlinear transformations [2, 30].

Each experiment is repeated five times, and the reported results
represent the average of these runs. For each training process, each
dataset was uniformly randomly shuffled and split into three parts:

Setup
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a training set (80%), a validation set (10%), and a test set(10%). Only
reviews in the training set were used for model training. The valida-
tion set is used to tune hyperparameters. For the rating prediction
task, the model’s performance on the test set was evaluated us-
ing the mean absolute error (MAE). For the CTR task, we assessed
performance using Accuracy (ACC), Precision (P), Recall (R), and F1-
score (F1). For the CTR prediction, recommender systems typically
generate negative samples from unobserved data, while observed
data are treated as positive samples. In this work, we randomly se-
lect negative samples at a predefined ratio Ay, i.e., for each positive
sample, we sample A4 negative samples. Here, we set 1,4 as 1 to
balance the positive and negative samples.

4.4 Comparison results

Table 2 shows performance results for all baselines. Compared to
the baseline models, which represent the state-of-the-art for single-
task performance, our model achieves significant improvements in
both the RP and CTR tasks. It identifies that our method success-
fully captures the complex relationships between click and rating
behaviors. Specifically, MFC outperform the best baseline by 9.19%,
9.80%, 0.69%, 7.95%, 1.92% on ACC, P, R, F1, and MAE. Through
the multi-factor sharing method to model the three relationships,
the review-based recommendation achieves improved performance
compared to previous methods.

4.5 Ablation study

Eq. (12) captures three types of relationships between the two behav-
iors: sharing, linear, and cross-correlation relationships. To evaluate
the impact of each relationship, we conducted an ablation study. We
created three model variants that utilize only one relationship and
remove the others, denoted as MFC(S), MFC(L), and MFC(C), respec-
tively. Figure 3 presents the model’s performance on the two tasks.
Compared to TSE, which is the best baseline and also the backbone
of our method, our variants demonstrate significant improvements
in the CTR prediction task. The three relationship types effectively
capture the relationships between the click and rating behaviors.
Among the variants, MFC(S) performs best in most cases, indicating
a strong connection between two behaviors and the effectiveness
of the sharing factor in modeling this connection. Meanwhile, the
other two relationships provide complementary benefits, enabling
MFC to outperform all variants in most scenarios.

4.6 The impact of rating factor regularization

This experiment aims to evaluate the impact of the proposed method
on rating label completion. We compare MFC with a variant, MFC(F),
which assigns a fixed value (e.g., 4) to negative samples. The results
are presented in Table 3. Compared to TSE, MFC(F) shows signifi-
cant improvement in the CTR task but experiences a performance
drop in the RP task. This one-size-fits-all approach only ensures
a lower performance bound, as the lack of task-specific settings
causes the model’s predictions to become biased toward central
values, reducing personalization. More importantly, it may mislead
the model into treating the fixed value always as a negative sample.
In contrast, the rating labels generated using the proposed comple-
tion method help MFC achieve better performance on both tasks.
Additionally, we introduce MFC(P), a pretraining-based variant
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Table 2: The performances of different recommendation methods. The best results are in bold faces and the second-best results
are underlined.

ERP TAERT RGNN CARL DAML NARRE HTI DSRLN PBFL TSE  MFC(meanzstd)

ACC 0.5972 0.6045 0.6159 0.4719 0.5452 0.5694 0.5960 0.3364 0.5735 0.5480 0.6770+0.02
P 0.6646  0.5651 0.6764 0.4319 0.5222  0.5268 0.5690 0.6439 0.5511 0.7700 0.8400+0.009
MI R 0.7094 0.4239 0.7780 0.4295 0.8138 0.8058 0.7980 0.8591 0.7104 0.7500 0.9015+0.009
F1 0.6863 0.4844 0.7237 0.4307 0.6362 0.6371 0.6643 0.7361 0.6207 0.7599 0.8697+0.009
MAE 0.6430 0.6010 0.6050 0.6770 0.6510  0.6820 0.6110  0.6200  0.5950  0.5060 0.4920+0.005

ACC 0.5388 0.6915 0.5871 0.4779 0.5676  0.5757 0.6852 0.5801 0.6165 0.7570 0.7364+0.02
P 0.6629  0.7050  0.6043 0.4271 0.5459  0.6639 0.6474 0.6871 0.6469 0.7360 0.8359+0.02
OP R 0.7871 0.5920 0.7715 0.4325 0.8417 0.8216 0.8006 0.8330 0.7271 0.8510 0.8991+0.01
F1 0.7197  0.6436  0.6777 0.4298 0.6623  0.7344 0.7159 0.7530 0.6847 0.7893 0.8663+0.01
MAE 0.7250 0.6040  0.6230 0.6470 0.6120  0.6800  0.5520 0.6210  0.5250 0.4640 0.4517+0.003

ACC 0.6014 0.7014 0.6037 0.4240 0.5702 0.5627 0.6811 0.5319 0.6823 0.7802 0.7840+0.009
P 0.6791  0.6919  0.6274 0.3940 0.5011  0.5548 0.6799 0.7175 0.7811 0.8100 0.8570+0.005
GGF R 0.8136  0.5157  0.7569 0.4467 0.7467  0.5710  0.7266 0.8994 0.5479  0.8020 0.8350+0.007
F1 0.7403  0.5909 0.6861 0.4187 0.5997 0.5628 0.7025 0.7982  0.6440 0.8060 0.8459+0.007
MAE 0.8350 0.6920 0.7100 0.7530 0.7350  0.7470  0.6720 0.7210  0.6310  0.5200 0.5120+0.004

ACC 0.5331 0.7019 0.5976 0.3780 0.5615 0.4997 0.6904 0.5091 0.7156 0.6800 0.7497+0.007
P 0.6611 0.7354 0.5978 0.3780 0.5516  0.4842 0.7013 0.7671 0.7452 0.7120 0.8322+0.01
VG R 0.7098  0.5726  0.7195 0.5000 0.7597 0.5241 0.6962 0.8314 0.7921 0.6050 0.8818+0.04
F1 0.6846  0.6439  0.6530 0.4305 0.6391 0.5034 0.6987 0.7980 0.7679 0.6542 0.8563+0.02
MAE 09380 0.6870 0.7660 0.7980 0.7880  0.7990 0.7310 0.7540 0.6460 0.5180 0.5164+0.005

ACC 04859 0.6217 0.6034 0.4817 0.5223  0.4749 0.5562 0.4823 0.6215 0.6550 0.8139+0.02
P 0.6617  0.6493  0.6265 0.4266 0.5350 0.4628 0.5379 0.7334 0.6058 0.6700 0.8219+0.03
SO R 0.7130 0.6941  0.7211 0.4547 0.8217 0.8171 0.8024 0.9267 0.7647 0.5350 0.8707+0.05
F1 0.6864 0.6710 0.6705 0.4402 0.6481  0.5909 0.6441 0.8188 0.6760  0.5949 0.8456+0.04
MAE 0.6800 0.5940 0.6460 0.6860 0.6670  0.6900 0.6290  0.6510 0.5630  0.4410 0.4306+0.003
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Figure 3: Performance of various variants

of MFC. It initializes the parameters of the rating-factor learning network with the rating completion model. However, this approach
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Figure 4: Preference of different ratios of the hyperparameters A; : 13 : 13

Table 3: Performance of variants.

TSE  MFC(F) MFC(P) MFC

ACC 05480 06260 06173  0.6770

P 0.7700 0.8360  0.8319  0.8400

Ml R 0.7500 0.8290  0.8850  0.9015
F1 07599 0.8325  0.8576  0.8697
MAE 05060 0.5530  0.5070  0.4920
ACC  0.7570 0.7000  0.7338  0.6979

P 0.7360 0.8750  0.8693  0.8359

OP R 0.8510 09130  0.9077  0.8991
F1 07893 0.8936  0.8881  0.8663
MAE  0.4640 04980 0.4680  0.4517
ACC 07802 0.8050  0.7991  0.7840

P 0.8100 0.8841  0.8411  0.8570
GGF R 0.8020 0.8278  0.8489  0.8350
F1 0.8060 0.8550  0.8450  0.8459
MAE 05200 05491  0.5190  0.5120
ACC  0.6800 0.7550  0.7397  0.7497

P 0.7120 0.8020  0.8439  0.8322
VG R 0.6050 0.7520  0.8907  0.8818
F1 0.6542 07762  0.8667  0.8563
MAE 05180 05812  0.5155  0.5164
ACC  0.6550 0.8220 08115  0.8139

P 0.6700 0.8200  0.8229  0.8219

SO R 05350 0.7990  0.8657  0.8707
F1 0.5949 0.8094  0.8438  0.8456
MAE 04410 0.5660  0.4547  0.4306

tends to overfit the RP task because the expert network has already
undergone training once, limiting its generalization ability.
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4.7 Hyperparameter sensitivity study

To further investigate the role of each factor, we evaluate the
model’s performance using different hyperparameter settings. We
select six distinct configurations for these hyperparameters. The
ratio settings of the three factorsare {(1:1:1),(1:1:2),(1:1:
2),(2:1:1),(3:1:1),(2:2:1)}. Figure 4 presents the model
preference on five datasets and the average preferences. We can find
that the model performance with the ratio (1 : 1 : 1) outperforms
other settings on the CTR task and that with the ratio (2:1: 1)
is the best setting on the rating prediction task. Considering the
results of the sharing factor shown in the ablation study, we fur-
ther identify that the sharing factor has an important effect on the
rating prediction task. It shows that rating features learned from
user reviews can improve model performance on CTR tasks. The
difference in the optimal settings between the two tasks also shows
that there is a complex relationship between the two tasks.

5 Conclusion

Recommender systems have become widely used in everyday life,
aiming to satisfy user requirements and interests. User reviews,
as a significant form of feedback on item features, can help these
systems better understand user preferences and item attributes.
Existing methods implicitly model click behaviors to achieve ac-
curate predictions on rating prediction tasks (RP), but ignore the
help of the rating behaviors for the click-through rate prediction
task (CTR). This paper proposes a multi-factor collaborative pre-
diction method (MFC) for review-based recommendations, which
mines the complex relationship between click and rating behaviors,
achieving accurate prediction on CTR tasks. Specifically, we first
factorize the complex relationships between the two behaviors into
three simple relationships, i.e., linear, sharing, and cross-correlation
relationships. Then, we use three individual but with similar struc-
ture factor-learning networks to extract click, rating, and sharing
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factors from user reviews. At the same time, to ensure rating fac-
tors accurately reflect rating behaviors, we propose a rating factor
regularization method, which injects supervision information of
ratings into the rating factors. Finally, we combine these three fac-
tors to make predictions, while click and rating factors are used
to model the linear and cross-correlation relationships, and the
sharing factors correspond to the sharing relation. Experiments on
five real-world datasets demonstrate that the performance of MFC
significantly outperforms baselines in CTR and PR tasks.
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