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The existing graph neural network recommendation models aggregate neighborhood information by using a
weighted sum strategy based on node popularity. However, this strategy struggles to accurately model the impact
of item category features on user behavior. To alleviate this problem, we propose MDCRec, a novel graph convo-
lutional recommendation framework integrating deep clustering. MDCRec utilizes the deep clustering module to
mine item category information from the item review keyword documents and constructs multi-view subgraphs
based on category information. Information aggregation based on node popularity is performed subsequently
on each subgraph to obtain the node embeddings within each subgraph. Ultimately, based on the interaction
distribution of users in each subgraph, the embeddings within multi-view subgraphs are aggregated into the fi-
nal embeddings of nodes. MDCRec integrates item category information and user interests across categories into
information aggregation, allowing recommendation models to capture more fine-grained relationships between
items and user preferences. It can also work in tandem with other performance-enhancing techniques like con-
trastive learning to further boost model effectiveness. Experimental results on public real-world datasets indicate
that most graph neural network recommendation models—including variants that use contrastive learning—
integrated with the MDCRec information aggregation framework outperform the original popularity-based ver-
sion. These models achieve varying degrees of performance gains, with average improvements of 1.75% in Re-
call@20 and 1.87% in NDCG@20. Our code is publicly available at https://github.com/dacilab/MDCRec.

as vectors and uses inner products to predict the probability of user-
item interactions [3]. When interaction data for a user or item is sparse,

1. Introduction

In order to mitigate the progressively severe issue of information
overload, recommendation systems have been extensively deployed to
offer users a personalized information filtering service. Recommenda-
tion systems center on predicting users’ subsequent preferences based on
their history of interactions, including purchases and clicks. As the most
foundational paradigm in recommendation systems, Collaborative filter-
ing (CF) is widely adopted for its domain-agnostic nature and reliance
solely on user-item interaction data, thereby avoiding costly feature en-
gineering on items. Based on the core assumption that users with similar
interactions share similar preferences, CF methods learn latent embed-
dings for users and items to make predictions. Matrix factorization is one
of the most dominant models [1,2], which directly models users/items
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these methods [4,5] often fail to construct effective embedded represen-
tations. Graph neural networks can incorporate neighbor nodes to aid
in learning for data-sparse nodes, mitigating the data sparsity problem.
Therefore, numerous existing works have integrated graph neural net-
works [6] into recommendation systems to boost their modeling capabil-
ities for sparse data [7-13]. From a graph perspective, the user-item in-
teraction in recommendation system is a bipartite graph. Both users and
items are nodes in the graph, and users are linked to the items they have
interacted with. Given this graph, graph neural networks can be used
to capture the information hidden in interactions to enhance user/item
representation learning. Numerous graph convolutional networks-based
methods have demonstrated state-of-the-art recommendation results on
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multiple public datasets [14-18]. While recommendation models based
on graph convolutional networks (GCN) can aggregate neighborhood in-
formation from user-item graph, this topology-based aggregation strat-
egy struggles to effectively model the influence of item category fea-
tures on user behavior. This is because existing methods commonly
adopt an information aggregation strategy based on item popularity,
and nodes with low popularity are often assigned higher weights. This
is because, in the aforementioned methods, neighbor nodes are ag-
gregated into the node through a weighted sum approach, where the
weight is computed as the reciprocal of the node’s historical interac-
tion frequency. As illustrated in Fig. 1(a). The more historical inter-
actions a node has, the lower the weight between it and other nodes.
While this approach can diminish the influence of high-degree nodes
during information aggregation, enabling less popular nodes to con-
tribute information equitably, it overlooks the category correlations
among items. For item nodes, some neighbor nodes that are irrelevant or
have low relevance to the item node are incorporated into the learning
of node representations; for user nodes, this popularity-only strategy
struggles to accurately model users’ genuine preferences for different
categories.

Consider the information aggregation process for electronic products
category item “camera” as an example of item node. Fig. 1(a) demon-
strates the information aggregation process for the camera. If only pop-
ularity is considered, guitar and drum—two musical instrument items
with low relevance to cameras—are aggregated into the camera’s rep-
resentation as second-hop neighbor nodes alongside other electronics
in the same way. This is highly detrimental to camera recommenda-
tions because users are more likely to purchase a camera due to buy-
ing similar electronic products, rather than because they bought the
same musical instruments. Category features of nodes are difficult to
be learned accurately when the popularity-only strategy aggregating
information is employed. This issue is also present within single elec-
tronic products category. This category encompasses various products,
including robotic arms, servers, mobile phones, and laptops. However,
compared to robotic arms and servers, mobile phones and laptops have a
higher similarity to cameras. The former two are more suited for produc-
tion, whereas the latter two are better suited for users’ personal needs.
Therefore, despite all belonging to this category, for camera information
aggregation, the weights of mobile phone and laptop nodes should be
higher than robotic arm and server. Calculating weights solely based on
popularity would have an adverse effect on camera information aggre-
gation.

For the user node, as depicted in Fig. 1(b), user 1 has purchased
multiple electronic products and a drum. Based on the purchase history,
the user exhibits a stronger preference for electronic products and also
shows some interest in musical instruments. However, due to the impact
of popularity on node aggregation, if the drum has low popularity, its
high-hop neighbors and the drum itself will be assigned higher weights,
causing items similar to the drum to be over-recommended. Conversely,
if the drum has high popularity, items similar to it will be recommended
less frequently, or even rarely. Both of these situations conflict with the
user’s actual preferences. This issue is also present within single elec-
tronic products category. User 1 may have purchased mobile phones
and laptops out of personal interest, but bought a robotic arm due to
company procurement needs. Compared with mobile phones and lap-
tops, robotic arms typically have lower popularity, resulting in over-
recommendation of similar electronic products, even if the user 1 has
little interest in them.

In practical scenarios, manual category labeling is challenging due to
the item scale. We propose MDCRec, a graph convolutional framework
integrating deep clustering. First, a deep clustering module processes TF-
IDF keyword documents from item reviews to generate hard and soft
labels. Hard labels assign items to deterministic clusters for subgraph
construction, while soft labels represent category distributions. Users’
preference distributions are then derived from their interaction counts
across these subgraphs.

Knowledge-Based Systems 338 (2026) 115449

Through this strategy, we integrate item categories and user prefer-
ences into the aggregation process. For each cluster, we compute repre-
sentations via a popularity-based strategy on the subgraph, followed by
a weighted sum using the category and preference distributions.

The fundamental distinction between MDCRec and existing
paradigms lies in the transition from pure popularity-based aggre-
gation to a category-aware graph aggregation framework. While
pure popularity-based methods rely predominantly on structural fre-
quency and connectivity—often overlooking underlying semantics—our
category-aware strategy modulates node representations with latent se-
mantic distributions. This mechanism ensures that the aggregation is
refined by fine-grained interest clusters rather than just global interac-
tion patterns. Consequently, MDCRec captures nuanced preferences that
transcend simple connectivity, while remaining compatible with tech-
niques like contrastive learning to further bolster effectiveness.

Experimental results across multiple public datasets and baselines
validate the effectiveness of our proposed framework. The principal con-
tributions of this article are as follows:

e We propose MDCRec, a plug-and-play graph convolutional frame-
work that incorporates category features into aggregation to enhance
representation learning.

¢ We develop a deep clustering module to extract category seman-
tics and design a category-popularity aware multi-view aggregation
strategy for balanced node weights.

e Experiments on Yelp and Amazon demonstrate that MDCRec con-
sistently improves various graph convolutional models for ranking
prediction.

2. Related work
2.1. Deep clustering

Clustering is a fundamental task in machine learning. It assigns in-
stances to different groups,ensuring similar samples are in the same clus-
ter and dissimilar ones in different clusters. However, as data grows in-
creasingly complex, traditional clustering methods struggle to manage
high-dimensional data types. With the advancement of deep learning,
the concept of deep clustering has emerged, aiming to jointly optimize
deep representation learning and clustering to enable efficient clustering
and representation learning. Based on different ways of integrating rep-
resentation learning and clustering, deep clustering can be categorized
into multistage deep clustering, iterative deep clustering, and simulta-
neous deep clustering [19].multistage deep clustering [20-23] refers to
methods where representation learning and clustering modules are op-
timized respectively and connected sequentially. It first learns repre-
sentations (embeddings),then feeds these into classical clustering mod-
els to obtain final clustering results. Some early representative methods
[20,21] utilize autoencoders for feature learning and subsequently ap-
ply k-means clustering to the learned representations. While straight-
forward and easy to understand, Multistage deep clustering disconnects
the information flow between representation learning and clustering,
allowing the final performance be affected by the limitations of both
sides.Iterative deep clustering [24-28] alternately performs representa-
tion learning and clustering: it first computes clustering results based on
current representations and then updates representations based on cur-
rent clustering results, repeating this process. Iterative deep clustering
benefits from the interplay between representation learning and clus-
tering. However, the inaccurate results of clustering in the early train-
ing stages can lead to confusing representations, which may result in
even less accurate clustering outcomes. Thus, iterative clustering models
heavily need high-quality pre-training modules for representation. Si-
multaneous deep clustering [29-33] represents the most active research
direction in deep clustering. The representation learning module and
the clustering module of such models are optimized simultaneously. A
representative method is DEC [34], which combines autoencoders with
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Fig. 1. Information aggregation for existing GCN recommendation models.

self-training strategies to optimize both clustering and representation
learning. Simultaneous deep clustering has garnered the most attention
due to its unified optimization, as it can learn clustering-oriented repre-
sentations. However, simultaneous learning of representation and clus-
tering may lead to an imbalance in optimization focus between the two
modules, necessitating the manual setting of balancing parameters to
alleviate this issue.

While existing deep clustering methods excel on general multimodal
data, their direct application to recommendation scenarios is fundamen-
tally limited. The core issue lies in their objective: they are designed to
capture the dominant semantic themes within text, which in the context
of user reviews, are often conflated with sentiment or specific product
attributes. This results in learned representations that reflect how users
feel about a product rather than what the product intrinsically is. Thus,
utilizing clustering models to extract item category features from aux-
iliary information is a crucial problem. Inspired by existing simultane-
ous deep text clustering model [30], we employ the TF-IDF algorithm in
the clustering module to extract keyword documents from item reviews,
thereby eliminating the interference of text sentiment and other factors
on item category features. We achieve effective clustering of keyword
documents through contrastive representation learning combined with
self-training strategy.

2.2. Graph neural network-based recommender systems

From a graph perspective, the user-item interaction in recommen-
dation system is a bipartite graph. Both users and items are nodes in
the graph, and users are linked to the items they have interacted with.
Graph neural network (GNN) can be employed to capture user-item re-
lationship interactions and learn effective user/item embeddings. Nu-
merous Graph Neural Network-based recommendation system models
have been introduced [8-11,35]. Among these, graph convolutional
network is the most prevalent method and has been extensively ap-
plied in recommendation systems. GC-MC [36] employs a bipartite user-
item graph to represent user-item interaction data, modeling user (item)
nodes based on their interacted items (users). However, it disregards
the original user (item) representations and only considers single-hop
neighbors, thus failing to fully leverage messages propagated through
the graph structure. STAR-GCN [37] utilizes the stacking of multiple
independent GCN blocks to mitigate the over-smoothing issue caused
by directly stacking multiple GCN layers, thereby achieving better per-
formance than GC-MC. Both GC-MC and STAR-GCN treat neighbors’ in-
fluences equally; the messages propagated depend solely on the neigh-
bor nodes. NGCF [38] determines message propagation based on the
affinity between central nodes in the graph structure. It capitalizes on
the advantages of residual networks by using representations from dif-

ferent layers to obtain the final node embeddings, achieving remark-
able improvements. PinSage [39] combines random walk strategies with
graph convolution to learn node embeddings, enabling its application
on large-scale data. LightGCN [12] simplifies NGCF by eliminating fea-
ture transformation and non-linear activation operations, significantly
streamlining the model structure and outperforming previous models
on multiple datasets. LR-GCCF [13] integrates non-linear feature prop-
agation and residual structures into the model, thereby enhancing its
performance and time efficiency. These methods leverage graph net-
works to learn about item neighbor nodes, thereby enriching user and
item representations. To alleviate the degradation of feature represen-
tations caused by data sparsity, some works have incorporated con-
trastive learning into graph neural network recommendation systems
[40-45].

However, these methods typically employ information aggregation
strategies based solely on item popularity, lacking effective modeling
of category information. This leads to two critical flaws: 1) for items,
their representations become homogenized towards the average signal
of their popular neighbors, obscuring their core category identity; 2) for
users, the model fails to distinguish between a broad interest in pop-
ular items and a genuine, fine-grained preference for a specific cate-
gory. Hence, our work employs deep clustering module to extract item
category information from reviews and proposes a strategy that con-
siders both category features and popularity. This strategy enables the
model to learn item category and user interest information in a more
fine-grained manner.

3. Research objectives

To clarify the research objectives of this article, we describe the lim-
itations of existing research, the problem that need to be addressed, and
the research objectives of our proposed method.

Limitations of existing research. The existing graph neural net-
work recommendation models often use popularity-based information
aggregation strategy. But this strategy leads to the introduction of some
neighbor nodes that are irrelevant or have a low correlation with the
user or item nodes into their information aggregation. Thereby unnec-
essary noise is introduced, especially when those irrelevant or less rele-
vant neighbor nodes have a low popularity.

Problem to be addressed. The problem we try to solve is how to
reduce the influence of noise from low-correlation neighbor nodes on
node embedding learning and accurately identify users’ true preferences
for different categories.

Research objectives of our research. The research objectives of
this article are as follows:
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1. To develop an effective method for mining category information ap-
plicable to recommendation system scenarios from auxiliary infor-
mation such as item reviews.

2. To design a new information aggregation strategy to introduce cat-
egory information into the information aggregation of graph neural
network recommendation models, enabling them to better learn the
real preferences of users.

4. Method
4.1. Problem formulation

In this section, we formally define the multi view graph network
recommendation problem based on deep clustering. Define the user set
UV = {uy,uy,...,up} and the item set V = {v,,v,,...,vy}, Where M is
the number of users and N is the number of items. The user-item inter-
action matrix is denoted as R € RM*N Based on implicit user feedback,
Y. = | indicates that user u has interacted with item v (such as click-
ing or purchasing), otherwise y,, = 0. In addition to the user-item inter-
action matrix, we cluster the reviews of items to incorporate category
information and further learn user preferences. Define the category set
C={C,,C,,...,Ck}, where K represents the number of categories. For
each item, keywords are extracted from available reviews as the feature
document set D = {D;, D,, ..., Dy} to represent the item category. The
category distribution of item v is represented as p, = {p.,p?, ... pK},
where p¥ denotes the probability that document D, belongs to category
C,.. If p¥ is the maximum value in {p!, p?, ..., pK}, item v will be clas-
sified into category C,. For users, their interest preference distribution
is constructed based on the items they have interacted with in differ-
ent categories. The interest preference distribution of user u is defined
asp, = {p..p2,....pX}, where p* represents the number of items user u
has interacted with in category C,. Given all the above information, the
recommendation of multi-view graph network based on deep clustering
can be formally defined as learning a function j,, = f(u, v,p,,p,), with
the objective of predicting the degree to which user u is interested in
item v.

4.2. The framework of MDCRec

This section presents the proposed MDCRec, a recommendation
framework of multi-view graph networks based on deep clustering.
Fig. 2 depicts the workflow of the MDCRec framework. The framework
consists of three main modules: deep clustering on item reviews, con-
struction of multi-cluster subgraphs, and information aggregation on
multi-view subgraphs. First, for each item, we extract keywords from
user reviews using TF-IDF to form feature documents, which are then
clustered to obtain hard labels and soft labels. Then, based on hard la-
bels, user-item interaction subgraphs for different categories will be con-
structed. For each item, its soft label serves as the clustering distribution
vector. For each user, the proportion of items interacted with in dif-
ferent categories forms the interest distribution vector. Next, based on
different subgraphs, we perform message propagation and aggregation
within different clusters. Finally, according to the user’s interest distri-
bution vector and the item’s clustering distribution vector, we conduct
inter-cluster aggregation of user and item feature vectors from different
clusters.These components will be explained in detail in the following
sections.

4.3. Deep clustering on item reviews

Given that reviews contain factors like text sentiment, for each item,
we first employ the TF-IDF to extract keywords from all reviews asso-
ciated with the item. We construct keyword documents for each item
and utilize these documents to establish item category distribution vec-
tor. We utilize the BERT model for document embedding and conduct
item document clustering with contrastive learning. We first employ the
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pretrained BERT model (MiniLMv2 [46]) to embed all item documents
and subsequently apply K-means to compute the original cluster centers
He.k € {1,...,K}, which are incorporated as part of the model parame-
ters.

To enhance the BERT model’s ability to represent keyword docu-
ments using contrastive learning, we perform data augmentation on
item documents. For a batch of n items, we generate two augmented
documents: one by copying the item document and another by randomly
removing a few words, resulting in 2n item documents. For an item v,
we define v' as its document in the first augmented documents and v?
as its document in the second augmented documents. Then, v! and v*
form a positive pair for contrastive learning, while v' and documents
of 2n — 2 other items serve as negative examples.Let z,1,z,» denote the
embeddings of v',v?, respectively, and z ; be the embedding of other
item’s document. We minimize the following contrastive learning loss
function to bring z,1 and z,, closer and push z,, and z;,,» further apart:

exp(sim(z,1,z,2)/7)
Z/zi] 84,1 - eXP(SIM(z,1,2)2)/7)

where, §;.,,1 is an indicator, and 7 represents the temperature hyperpa-
rameter. sim(z,, z,») denotes the similarity between z,; and z,, defined
as:

LSIL =—log

@

T

Z 22
sim(z,1,z,) = —————. 2)
1z ll2llz,2 1l
The overall contrastive learning loss is expressed as:
2n LCL
0
Letuster-c = 9, = 3
Cluster-CL n

i=1

The clustering module is learned simultaneously. Let e, denote the
embedding of item v’s original document. The probability g, thatitem v
belongs to the kth cluster is computed using the Student’s t-distribution:

(1 + lle, — py 12 /a)=(e+Dr2
% — ,
Yoo (Lt lley = w113 /a)(@+b/2
where, a represents the degrees of freedom of the Student’s t-
distribution. We then compute the auxiliary distribution ¢/, and mini-

mize the KL divergence between g,, and qL . for unsupervised clustering.
q/, is expressed as:
2
q, = quk/ S
k T~ 2 5. 0
T v andte
where, f, = X", gy, k=1,...,K represents the sum of soft clustering
frequencies of all items in the kth cluster within a batch. This auxiliary
distribution encourages learning high-confidence scores and overcomes

biases from imbalanced clusters. We optimize the clustering distribution
of item v by minimizing the following clustering loss:

4

Aok =

(5)

K '
Dok
LS =KL(g,llq) = Y} 4 log = )
k=1 ok
where, LS denotes the clustering loss for item v, computed as the
Kullback-Leibler (KL) divergence between the primary distribution g,
and the auxiliary distribution ¢/. In the summation, K is the total num-
ber of clusters, k is the index of a specific cluster. The overall clustering
loss is expressed as:
N rC
L,
Lepysterc = 2 Wl )
v=1

The overall loss function for the clustering module is summarized as:

LCluster = LCluster-CL + ”Lcluster-C’ €))

where, 7 is a hyperparameter that balances contrastive learning loss and
clustering loss. Through the clustering module, we obtain all clustering
hard and soft labels. In the subsequent sections, we construct subgraphs
under multiple cluster perspectives using hard labels and perform fea-
ture aggregation across different clusters using the soft labels.
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Fig. 2. An overview of MDCRec. (a): Deep clustering module is utilized to extract hard and soft labels of items from reviews; (b): Multi-view subgraphs were
constructed based on hard labels; (c): After graph convolution is performed on different subgraphs, p, (proportion of user’s interactions in subgraphs) and p, (soft

labels) are used as weights to aggregate information across different clusters.

4.4. Construction of multi-cluster subgraphs

Based on the hard labels, we construct user-item interaction sub-
graphs for different clusters. For category C, € C, let G, denote the cor-
responding graph, and S, = {(u, v)|u € U, ¢, = k} represent the set of all
user-item interactions in this category. The user-item interaction matrix
for this category is R € RM*N | If there is an interaction between a user
and an item in the category, R¥ = 1; otherwise, it is 0. The adjacency
matrix A* for S, is formulated as:

Ak=< )

When constructing the subgraph for the k" cluster, we do not di-
rectly use AX, but combine it with adjacency matrices of other clusters

to form A A’;] . is formulated as follows:

RK
0

0

o ©

K

Ak = oA+ (1-0) Y by - AV,
k'=1

(10)

where, ¢ is a hyperparameter that balances the importance of interac-
tion edges within this category in the graph. We compute A’;” instead
of directly using A¥ as the adjacency matrix for G, because using A*
directly would result in the loss of higher-hop interaction information.

As shown in Fig. 3, there is indirect information transfer between
user 1 and item 7, and between user 1 and item 8. However, the infor-
mation transfer path for item 7 exists because user 1 and user 3 jointly
interacted with item 1, which is not in this cluster. Therefore, for this
cluster, item 7 has less influence on the user’s interest features compared
to item 8, but it is not without influence. Directly using A* as the adja-

cency matrix for G, would lead to a significant loss of such higher-hop
interaction information, thereby affecting model performance. Thus, re-
ducing the weights of edges corresponding to items not in this cluster is
a better choice for modeling the interaction graph of this cluster.

4.5. Information aggregation on multi-view subgraphs

In this section, we use LightGCN [12] as the backbone for MDCRec
to show the aggregation process on multi-cluster subgraphs. LightGCN
employs a simple aggregation mechanism,which makes it highly effi-
cient and significantly reduce computational costs. It mainly performs
L layers of recursive aggregation for nodes.

In the /" layer of each aggregation, the aggregation for multi-cluster
subgraphs is described as follows:

t+D _ 1

(l) 1D
W = X e
‘ vEN, |Nkll||NkL|
AL Y —) 12)
€ —¢
’ uEN, |N.k1¢||NkL|
where, e and eg) represent the embeddings of user « and item v at the

Ith layer ;’n the kth cluster. N, and N, denote the neighbors of user u
and item v, while N, and W}, denote the neighbors of user u and item
v within the kth cluster.

Subsequently, we sum the representations from different layers to
obtain the embeddings e,, and e, in the kth cluster, as follows:

Zal (1) 2“1 (1)

13
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Fig. 3. Comparison of two types of subgraphs construction.

where, o, represents the weights of representations from different layers,
empirically set to 1/(L + 1).

Then, we aggregate the user and item embeddings from different
clusters to obtain the final embeddings e, and e:

K K
€, = 2 Culiw> € = 2 €olro> a4
k=1 k=1

where, p,, represents user u’s interest in the k™ cluster, and p,, rep-
resents the probability of the item belonging to the k™ cluster, both of
which have been regularized.p,, and p,, are computed using the follow-
ing formulas:

k k

_ b by
K VK

DI =1 Pl
where, p* denotes the probability of item v belonging to category C,, and
p¥ denotes the number of items user u has interacted with in category
C,.

We implemented the model in matrix form. Let the Oth layer em-
bedding matrix be E© € RM+N)XT 'where T is the embedding size. The
matrix equivalent form of LightGCN + MDCRec at the maximum layer L
is:

Pru > P = (15)

1 _1
Eil+1)temp _ (D‘ZAZ”D 3 )E(’), (16)
(L) _ (L)temp (L)temp
B = cat( B PoPy, ELTP 0Py, ), 7)
K
(I+1) _ (I+1)
ECD = Y ED, as
k=1

where D is a (M + N) X (M + N) diagonal matrix where each element
D;; indicates the number of non-zero elements in the i’ row of the ad-
jacency matrix A’g”. E;{’H)temp is the unweighted embedding matrix for

the (I + 1)"” layer of the k™ cluster. EE(L) is the weighted embedding ma-
trix for the L™ layer of the k' cluster. P,, is an M x | matrix where
the u'" element represents user ’s interest in the k' cluster p,,, and P,
is an N x 1 matrix where the v element represents item v’s classifi-

cation into the k™ cluster py,,. cat(Eiﬁ)tﬁ;poPku, EiLK;T;p wran OPro) refers

to extracting the first M rows of EZL)temp for element-wise multiplica-
tion with P,,,, and rows M + 1 to M + N for element-wise multiplication
with P,,, then concatenating the results.

Finally, the final embedding matrix for model prediction is obtained
as:

E=¢EQ + ¢, ED + 0,E? 4 .. 4+ ¢, ED. 19
4.6. Rating prediction

In the preceding sections, we obtained the user u’s representation e,
and item v’s representation e, through message aggregation. Based on
this, we can compute the likelihood score for the final item recommen-
dation results:

Hu,v)=¢]e,. (20)

To optimize the model, we adopted the BPR loss to define the loss
function:

Lgec_ppr = Y, —log sig((3(u, v*) = $(u, v7))), (21)

where v represents the items that user u interacted with during train-
ing, and v~ represents the items not observed. sig() denotes the sigmoid
function.

By combining the contrastive loss with the BPR loss, we optimize the
following objective function to learn the model parameters:

l:MDCRec = LRec—BPR + A”H”; (22)

where 6 represents the model parameter set,and A is a hyperparame-
ter used to control the L2 regularization term. The overall optimization
process for MDCRec is outlined in Algorithm 1.

Algorithm 1: The training procedure for MDCRec.

Input : User set U, Item set 7, User-item interaction data R,
Item review D,Epoch number N,, Batch size N,.
1 Train clustering model on D and construct subgraphs A’;” as
Sections 4.3 & 4.4 ;
2 Calculate distribution of user’s preference and item’s category as
P,,P,;
3 fori < 1to N, do
4 Sample a mini batch from R ;
5 for j «< 1 to N, do
6 for j < 1to N, do
7 Calculate e, , e, on different subgraphs
// Obtain cluster-specific embeddings ;
8 €, = Zlf:l €xuPku> €, = Z[lle €10Pko // Aggregate
embeddings across clusters;

9 end

10 Calculate loss as Eq. (22) and update model parameters
11 end
12 end

Output: MDCRec

5. Experiments
5.1. Dataset

We conducted experiments on two public datasets: Yelp and Amazon.
The details of the dataset are shown in Table 1.

e Yelp dataset: This dataset comprises reviews and ratings of busi-
nesses across multiple categories, including restaurants, cafes, bars,
and hotels, from various global cities. Since the Yelp platform per-
mits reviews of unexperienced items, to ensure authenticity, we se-
lects reviews made by users with consumption records from 2016 to
2020 (interactions in Yelp Tip3) and performs 5 - core processing.
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Table 1
Statistics of the datasets.
Dataset #Users #Items #Interactions Sparsity
Instruments 1429 900 10,261 0.798%
Office 4905 2420 53,258 0.449%
Music 5541 3568 64,706 0.327%
Phones 27,879 10,429 194,439 0.067%
Clothing 39,387 23,033 278,677 0.031%
Amazon-all 73,784 40,342 601,341 0.020%
Yelp 7768 18,577 217,459 0.151%
Table 2
Parameter range.

Parameter Range

K [4,6,8,10,12]

n [1,5,10]

a [0.5,1.0,1.5]

T [0.45,0.5,0.55]

€ [0.05,0.1,0.15,0.2]

B [0.05,0.1,0.15,0.2]

4 [0.1,0.15,0.2]

L [1,2,3]

o [0.70,0.75, 0.80, 0.85, 0.90]

Only users and items with a minimum of 5 interactions are retained.
For each business, all associated user reviews are concatenated into
a single document, and TF-IDF is applied to extract keyword features
that reflect the item’s category characteristics.

o Amazon dataset: This dataset is from Amazon 5 - core, where each
user/item has at least 5 interactions/reviews. To demonstrate that
MDCRec works not only for complex datasets with multi-category
items but also for single-category item datasets, We chose sub-
sets of five specific item categories: “Clothing Shoes and Jewelry”,
“Cell Phones and Accessories”, “Office Products”, “Music Instru-
ments”, “Digital Music”. These subsets are concisely termed Cloth-
ing, Phones, Office, Instruments, Music. As users exist across these
subsets, we combined them into Amazon-all dataset. The training
set of Amazon-all includes all the interactions in the training sets of
the five subsets, and the validation and test sets are also constructed
in the same way. Similarly, for each product, all user reviews are
concatenated into a complete document.

Similar to most recent works, our study also uses datasets based on
implicit feedback, where a label of 1 signifies positive user feedback to-
ward item, and O indicates otherwise. When there is interaction between
the user and an item, the implicit feedback value can be regarded as 1.
On the contrary, if there is no interaction between the user and a item,
then the implicit feedback value is 0. For negative samples, we randomly
samples from items that user has not interacted with. All the datasets
are divided into three parts—training, validation, and test sets—in an
8:1:1 ratio.

5.2. Baselines

e BPRMF[47]: This is a matrix factorization model based on Bayesian
personalized ranking.It constructs collaborative filtering recommen-
dations by modeling users’ partial order preferences for items. It di-
rectly optimizes for personalized ranking and effectively processes
implicit feedback data, which lacks negative observations.

e NGCF[38]: This is a graph neural network-based model. It primarily
transforms user-item interaction data into graph structure and lever-
ages GCN to learn representations of user and item. This model effec-
tively captures high-order connectivity between users and items. It
goes beyond direct interactions to uncover deeper relational insights,
enhancing recommendation quality.
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e LightGCN[12]: This is a simplified and enhanced graph convolu-
tional network-based recommendation method, retaining only essen-
tial graph convolutional layers.

e SGL[40]: This is a graph contrastive learning-based recommendation
method. Its core idea is to augment data on the user-item graph, gen-
erating subgraphs. It applies graph convolutional neural networks
to subgraphs, extracting diverse node representations. Then, it con-
structs contrastive learning tasks to boost recommendation accuracy
and robustness.

e DirectAU[48]: This is an optimization method for representation
alignment and uniformity in collaborative filtering. DirectAU en-
hances recommendation performance by directly optimizing these
two properties’ learning objectives.

e MixGCF[49]: This is a graph neural network-based recommenda-
tion system training method. It boosts model training effectiveness
through negative sample synthesis, more effectively capturing user
interest preferences to enhance recommendation quality.

e XSimGCL[42]: This is a simple graph contrastive learning rec-
ommendation model. It adopts a simple sampling-based graph
augmentation strategy during contrastive learning. This reduces
computational overhead while significantly boosting recommenda-
tion performance.

¢ Rankformer[50]:This is a ranking-inspired recommendation model
based on a unique graph transformer architecture. It leverages global
information from all users and items, and uses specific attention
weights to guide the evolution of embeddings towards improved
ranking performance. It is the current state-of-the-art(SOTA) method
in graph neural network recommendation.

e DPNS[51]:This is a negative sampling framework for graph collabo-
rative filtering that mitigates feedback conflicts and false negatives
by disentangling positive and negative feedback into different fea-
ture spaces.

e MixRec[52]:This is a data augmentation framework for recom-
mender systems that mitigates data sparsity and training inefficiency
by employing a dual mixing strategy for efficient sample construc-
tion.

o ReCAFR[53]:This is a review-centric recommendation framework
that mitigates data sparsity and representation inconsistency by em-
ploying contrastive alignment to unify user, item, and review repre-
sentations.

We selected three representative graph convolutional recommendation

methods: NGCF, LightGCN, and XSimGCL as MDCRec’s backbones. Ex-
tensive comparative experiments validated MDCRec’s effectiveness.

5.3. Evaluation metrics

We have utilized two common evaluation metrics for recommenda-
tion, NDCG and Recall. NDCG evaluates the position-aware ranking per-

formance. It is calculated as NDCG, = IDDZZ” , where IDCG,, represents
2

the ideal cumulative gain, and DCG,, is defined as:

P
zrel,- -1

DCG, = _ 23

4 ; log,(1 +1) 23)

where rel; denotes the relevance score of the item at rank i, and p is the
cutoff length of the recommendation list.

Recall measures the proportion of relevant items successfully re-
trieved from the complete set of ground-truth items. It is defined as:

TP

Recall = TP-I-—FI\] N

@4
where TP is the number of relevant items correctly recommended, and
FN is the number of relevant items missed. Higher values for both met-
rics indicate better performance.
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Fig. 4. Effect of clusters number K on model performance.
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Fig. 5. Effect of subgraph construction weights ¢ on model performance.

5.4. Implementation details

The Experiments were performed on a server with an Intel(R)
Xeon(R) Gold 6342 CPU @ 2.80GHz and an NVIDIA GeForce RTX 3090.
The environment setup for all compared methods and our proposed
framework includes: Ubuntu 20.04 as the operating system, Python 3.10
as the programming language, and PyTorch 2.6.0 as the deep learn-
ing framework. We implemented MDCRec and most of the baselines
using the SELFREC framework [54]. For Rankformer, we ran its of-
ficial code on the experimental datasets. Both MDCRec and all base-
lines are run on the previously mentioned datasets. For baselines, we
used the optimal hyperparameters reported in their original articles and
fine-tuned them via grid search. For standard settings, we initialized
user and item embeddings using Xavier initialization with a dimen-
sion of 64. We used Adam for optimizing all models with a learning

rate of 0.001. We also set the batch size to 2048, a common choice
in many graph network recommendation studies. The keyword ex-
traction component in MDCRec is implemented using TfidfVectorizer
from the scikit-learn library, with parameters set to default configura-
tions; keywords are selected as features from item review texts based
on a TF-IDF score threshold of 0.07. The remaining parameters were
determined through grid search within specified ranges, as shown in
Table 2.

K: number of clusters, : weight of contrastive learning loss in the
clustering module, a: degrees of freedom for Student’s t-distribution
in the clustering module, 7z: temperature of contrastive learning loss
in the clustering module, ¢: amplitude of noise enhancement in the
recommendation module, f: weight of contrastive learning loss in the
recommendation module, 7’: temperature of contrastive learning loss
in the recommendation module, ¢, §, 7" are specific to models based on
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Fig. 6. Effect of embedding size on model performance.
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XSimGCL. L: number of graph network layers, ¢: graph weight during
subgraph construction.

5.5. Performance comparison

We compared the models with those enhanced by MDCRec’s varia-
tions across different layers to evaluate MDCRec’s performance. Here,
+MDCRec** denotes the version using only A* for constructing the k'
cluster’s subgraph. The results are presented in Table 3. Our findings are
summarized below:

1. Whether applied to subsets like Clothing or complete datasets like
Amazon All and Yelp, most models with MDCRec showed improve-
ments in Recall@20 and NDCG@20 compared to the original mod-
els, thus proving the effectiveness and universality of our proposed
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MDCRec framework. By integrating clustering information into the
aggregation process of graph neural network, recommendation mod-
els can learn item categories and user interests information better.
The MDCRec framework is applicable not only to complex datasets
with diverse item categories but also effective for single-category
recommendation.

. However, in experiments with these three base models, adding

+M DCRec*® resulted in decreased performance across multiple
datasets for most models, even underperforming compared to the
original base models sometimes. This suggests that directly using
A¥ as the adjacency matrix for G, is not optimal. This phenomenon
may stem from the significant loss of high-hop interaction informa-
tion due to this graph construction approach. Given the inherent
sparsity of data in recommendation systems—where user interac-
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Fig. 8. Robustness evaluation with respect to data noise and sparsity.

tion histories are limited compared to the vast number of items to
recommend—even the loss of some high-hop interaction information
can greatly affect model performance.

3. With the integration of MDCRec, classic graph convolutional recom-
mendation models such as NGCF and LightGCN demonstrated per-
formance improvements, confirming that combining category infor-
mation with popularity effectively enhances the model’s informa-
tion aggregation process. Moreover, recommendation models that
incorporate graph contrastive learning, such as XSimGCL, also expe-
rienced performance improvements after integrating MDCRec. This
shows that MDCRec can effectively integrate with various modules,
highlighting its versatility in improving the performance of GCN-
based recommendation models.

To further explore the effectiveness of MDCRec, we compared it
against classical matrix factorization model and other recent graph-
based recommendation models on the same datasets. Recommendation
methods based on large language models are not used for compari-
son. This is because MDCRec is a graph neural network recommenda-
tion framework that improves the calculation of node weights for in-
formation aggregation. The focus of the comparison should be placed
on the recommendation model centered on graph neural networks, so
as to evaluate the effectiveness of our method more accurately. Based
on the results from Table 4, MDCRec (using XsimGCL as the back-
bone) has demonstrated performance close to that of SOTA methods on
most datasets, outperforming the latest method Rankformer on several
datasets such as Amazon-all and Yelp. Even on these datasets, the per-
formance of XsimGCL as the backbone lags behind other models. This
experimental result strongly demonstrates the effectiveness of MDCRec.
However, on the Clothing dataset, MDCRec paradoxically diminished
XsimGCL’s performance. We attribute this setback to the consistent re-
flection of users’ clothing preferences across different subcategories in
the Clothing dataset. Over-categorization of clothing items may actually
impair the model’s capability to comprehend user preferences. On the
Office and Music datasets, although MDCRec demonstrated an excellent
recall rate, it performed poorly on NDCG.We attribute the reason to the
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fact that the embeddings learned by MDCRec for items of the same cat-
egory are more similar. Although it improves the recall rate of long-tail
items under each category, it also increases the difficulty of ranking.

5.6. Parametric analysis

In this section, we investigate the influence of key parameters in
MDCRec on model performance using two comprehensive datasets: Yelp
and Amazon-all.

5.6.1. Effect of the number of clusters K on model performance

To examine the effect of clusters number K on performance, we var-
ied K across [4,6,8,10,12]. The results are depicted in Fig. 4, which in-
dicates that as K increases, model performance on both datasets tends
to rise initially and then decline. This trend is attributed to the struc-
ture of data within clusters. When K is low, each cluster contains more
items across multiple categories, leading to substantial feature variance
within clusters. As K increases, the features within clusters become more
homogeneous, aiding the model in learning more precise feature repre-
sentations. However, when K is too high, each cluster contains fewer
items, leading to overly fragmented subgraphs, which can degrade the
model’s recommendation capabilities.

5.6.2. Effect of subgraph construction weights o on model performance

To examine the effect of subgraph weight ¢ on model performance,
¢ was varied across [0.7,0.75,0.8,0.85,0.9]. The results are shown in
Fig. 5, which shows that model performance generally increases and
then decreases with changes in o, suggesting an optimal ¢ value. This
trend is associated with the balance of information propagation during
subgraph construction. When ¢ is low, the model incorporates excessive
indirect information via paths involving different item categories; this
information includes features from less relevant nodes, disrupting the
model’s learning and reducing performance. As ¢ increases, the model
increasingly relies on direct information within clusters, aiding in learn-
ing more accurate feature representations. However, when o is too high,
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Table 4

Performance comparison for different GNN-based recommendation models.

Yelp

Amazon-all

Music

Office Instruments

Phones

Clothing

Model

NDCG@20 Recall@20 NDCG@20 Recall@20  NDCG@20 Recall@20  NDCG@20 Recall@20  NDCG@20 Recall@20 NDCG@20  Recall@20 NDCG@20

Recall@20

0.004096
0.04378

0.03809 0.00727

0.07689
0.09362
0.09449
0.09881

0.14278
0.14319

0.06475 0.26745

0.12962
0.17758
0.17974
0.22955
0.23429
0.22988
0.23926
0.23924
0.23325
0.23218

0.05099
0.04945

0.10378
0.10609
0.11682
0.13422
0.13790
0.14155

0.05637

0.11351
0.12484
0.12533
0.14850
0.14921

0.01556

0.02550

0.03277

BPRMF
NGCF

0.07756

0.04637

0.27739
0.29120

0.08106

0.06105

0.05256

0.04407
0.04821

0.07912

0.04685

0.15765
0.15560
0.15581

0.08624
0.11178
0.11023
0.11609
0.11320
0.11702
0.11599
0.11401
0.11410
0.11436
0.11530
0.11724

0.05551

0.06193

0.02596
0.02801

0.05357

NGCF + MDCRec

LightGCN

0.08427

0.04876

0.28919

0.06646
0.06826
0.07123

0.07430
0.07478
0.08051

0.05827

0.05428
0.55220

0.05161 0.09266

0.10353
0.11847
0.11946
0.11918
0.11941
0.11955
0.11953
0.11849
0.12003
0.12107

0.29335

0.02889
0.03036
0.03542
0.03412

0.05974
0.06187

LightGCN + MDCRec

SGL

0.09618

0.05930

0.17145

0.30688
0.30252
0.29206
0.30621

0.15891

0.08599 0.05041

0.05829

0.16573
0.16512

0.07076
0.07693

0.07516

0.14382
0.14590
0.15017
0.14923
0.14940
0.15068
0.14920
0.15132

0.16606 0.08331

0.16504
0.16561

0.07397

DirectAU
MixGCF

0.05884
0.05578
0.05608
0.05704
0.05649
0.05654
0.05731

0.09559

0.05877

0.08160

0.07121

0.09636

0.05931

0.17277
0.17059
0.17324
0.17286
0.17212

0.08306
0.08311

0.03534
0.03441

0.07292

XSimGCL
DPNS

0.09668
0.09661

0.05833

0.30218

0.07699
0.07632
0.07641

0.16659
0.16727
0.16706
0.16720
0.16665

0.07044
0.07358

0.05808

0.30918

0.23305
0.23629
0.23415

0.08385

0.03535

MixRec

0.09723

0.05868

0.30444
0.31007
0.31044

0.08392
0.08405
0.08398

0.03634

0.07417

Rankformer
ReCAFR

0.09688

0.05908

0.07572

0.036191
0.03447

0.07456

0.09842

0.24169 0.17153 0.05995

0.07591

0.07068

XSimGCL + MDCRec
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the model overly focuses on direct interactions within clusters, ignoring
indirect information via different item categories, preventing the model
from fully capturing complex user-item relationships.

5.6.3. Effect of embedding size on model performance

To examine the effect of embedding size on model performance, em-
bedding size was varied across [16, 32, 64, 128]. The results are shown
in Fig. 6, which indicates that as embedding size increases, model perfor-
mance consistently improves on Amazon-all. This may be because the
large dataset requires more parameters to effectively model user and
item features, necessitating a larger embedding size. However, due to
the increased space and time cost of larger embedding sizes, we opted
for an embedding size of 64 in our experiments. In contrast, on Yelp,
model performance typically rises initially and then declines. This sug-
gests that with an excessive number of model parameters, the informa-
tion provided by the recommendation set is inadequate for effectively
updating and optimizing numerous latent factors, resulting in underfit-
ting.

5.7. Embeddings visualization

In this section, we visualize embeddings of the baselines NGCF,
LightGCN, and XSimGCL, as well as the enhanced models NGCF + MD-
CRec, LightGCN + MDCRec, and XSimGCL + MDCRec. This analysis aims
to explore how the inclusion of clustering information influences the
representation learning of items. In the Amazon-All dataset, we ran-
domly sampled 500 items from each subclass. We then projected the
representations learned by various CGCN variants into a 2D space using
t-SNE to generate a 2D feature distribution map. From the Fig. 7, it’s ev-
ident that whether models without contrastive learning like NGCF and
LightGCN,or model like XSimGCL with a contrastive learning module,
After the addition of MDCRec, items of the same category are more ob-
viously clustered in their learned representations.The distances between
clusters are relatively uniform, but there’s a significant reduction in
intra-cluster distances, indicating more compact clusters. This suggests
that the addition of the clustering information aggregation module leads
the model to learn more similar representations for items within the
same category, highlighting their categorical attributes. Consequently,
similar items are more likely to be recommended to users with relevant
preferences, facilitating the discovery of long-tail items within a cate-
gory and enhancing the model’s performance.

5.8. Robustness evaluation

5.8.1. Data noise

To evaluate the model’s robustness against noise, we simulated data
noise scenarios on the Amazon-all and Yelp datasets by replacing 10%,
20%, and 30% of the original interactions with randomly generated
noisy interactions, respectively. As shown in the left part of Fig. 8,
our proposed method, MDCRec, exhibits strong noise resistance. Specif-
ically, on both the Amazon-all and Yelp datasets, as the noise level
increases, the Recall@20 performance of XsimGCL+MDCRec consis-
tently surpasses that of the original XsimGCL model and the founda-
tional LightGCN model. Furthermore, its rate of performance degrada-
tion remains consistent with that of XsimGCL. This indicates that the
performance enhancement mechanism of MDCRec possesses consider-
able noise resilience, enabling it to boost the performance of the base
model in the presence of data noise.

5.8.2. Data sparsity

To assess the model’s performance under data sparsity, we simulated
sparse data scenarios by randomly removing 30%, 50%, and 70% of
the interaction records for each user. We then compared the Recall@20
performance on the Amazon-all and Yelp datasets. As shown in the
right part of Fig. 8, XsimGCL + MDCRec consistently outperformed both
XsimGCL and LightGCN across all sparsity levels. Even in the extreme
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sparsity scenario where 70% of each user’s interactions were removed,
XsimGCL + MDCRec retained its capacity to enhance the original base
model. This advantage stems from MDCRec’s integration of a deep clus-
tering module, which learns categorical information to augment the in-
formation aggregation process of the GCN, thereby improving the base
model’s performance in data-sparse scenarios.

6. Discussion
6.1. Results analysis

The MDCRec framework aims to incorporate cluster module to model
the impact of item category features on user behavior in the informa-
tion aggregation process, thereby enhancing the accuracy of recom-
mendation predictions. Through comparative experiments with multi-
ple baseline models, we have demonstrated the general effectiveness
of MDCRec. Whether on single-category subsets or multi-category full
sets, the graph neural network recommendation models enhanced by
MDCRec can more accurately capture user intentions and preferences,
outperforming existing methods in most evaluation metrics. The visual-
ization of learned features further reveals the mechanism behind MD-
CRec’s performance improvement by showing that items in the same
category learn more similar features after incorporating the clustering-
based information aggregation module. Through hyperparameter ad-
justment, models enhanced by MDCRec achieve remarkable results
across datasets.

The experimental results highlight the following advantages of our
work:

1. By integrating deep clustering module, MDCRec effectively extracts
explicit item category information and user interest preferences and
incorporates them into the information aggregation process. Com-
pared to the original version that only uses popularity-based strat-
egy, most graph neural network recommendation models with the
MDCRec framework for information aggregation have demonstrated
varying degrees of performance improvement.

2. The visualization of learned features indicates that the model us-
ing MDCRec can better learn the category correlation of items.
Consequently, similar items are more likely to be recommended to
users with relevant preferences, enhancing the possibility of long-tail
projects being recommended within a category.

3. The modular design of MDCRec allows it to be applicable to most
existing graph neural network recommendation models. Whether it
is traditional models like NGCF and LightGCN without contrastive
learning, or models like XSimGCL with contrastive learning mod-
ules, their performance has been improved after adding MDCRec.
This generality enables MDCRec to be conveniently incorporated
into other graph neural network models to enhance their perfor-
mance.

6.2. The limitations of MDCRec

Despite its demonstrated advantages, the MDCRec framework ex-
hibits several limitations that present opportunities for future improve-
ment. The primary drawbacks are not merely operational but also con-
ceptual, pointing to fundamental constraints in its current architecture.

1. Limitation in Cold-Start Scenarios. The reliance on item review text
leads to poor performance in cold-start scenarios. New items lack the
textual data required for the deep clustering module, which prevents
their category assignment and consequently hinders the generation
of meaningful embeddings.

2. Operational Inefficiency and Decoupled Training. The two-stage
pipeline (clustering followed by recommendation) is inefficient. It
increases computational overhead and complicates model deploy-
ment and tuning, hindering rapid iteration and real-time updates.
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3. Inability to Leverage Implicit Category Signals. By relying solely on
explicit text, MDCRec overlooks rich, implicit category signals inher-
ent in the user-item interaction graph. This prevents the discovery
of behavior-based clusters, limiting the granularity of learned user
preferences.

4. The Challenge of End-to-End Integration. The most critical
limitation is the lack of an end-to-end learning mechanism.
This prevents the joint optimization of category discovery and
recommendation, missing the opportunity for these two tasks to mu-
tually reinforce each other.

6.3. Theoretical and practical implications

Theoretically, the proposed MDCRec framework leverages deep clus-
tering to mine item category information, combines it with node pop-
ularity, and constructs multi-view subgraphs to more accurately cap-
ture user-item interactions and preferences. This addresses the limi-
tations of traditional popularity-based methods, which overlook cat-
egory correlations among items and thus impair node representa-
tion learning. Practically, MDCRec improves recommendation accu-
racy by modeling users’ true preferences across multiple categories
and item types, which traditional methods struggle to achieve. Its
integration into existing systems as a node weight calculation strat-
egy is straightforward, offering significant benefits such as enhanced
user satisfaction and more precise recommendations for platforms like
e-commerce.

6.4. Prospects for future work

Based on the identified limitations of MDCRec, future research can
be directed towards several promising avenues to further enhance its
performance and applicability.

1. Mitigating the Cold Start Problem. Future work should focus on de-
veloping strategies to handle new items without review text. This
could involve leveraging side information such as item attributes,
visual content, or initializing embeddings through transfer learning
from other domains, ensuring that new items can be effectively cat-
egorized and recommended.

2. Leveraging Implicit Category Signals. Future work should focus on
designing mechanisms to automatically discover latent item clusters
from the user-item interaction graph itself. This would reduce the
dependency on external textual data and capture behavior-based cat-
egories, leading to a more robust and fine-grained understanding of
user preferences.

3. Achieving End-to-End Integration. The most critical direction is to
develop an end-to-end learning framework that unifies clustering
and recommendation. This would allow for joint optimization, where
the discovered categories are directly tailored for and mutually rein-
forced by the recommendation objective, eliminating the inefficiency
of the two-stage pipeline.
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