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Abstract

Feature selection has shown its effectiveness to prepare

high-dimensional data for many data mining and machine

learning tasks. Traditional feature selection algorithms are

mainly based on the assumption that data instances are in-

dependent and identically distributed. However, this as-

sumption is invalid in networked data since instances are

not only associated with high dimensional features but also

inherently interconnected with each other. In addition, ob-

taining label information for networked data is time con-

suming and labor intensive. Without label information to

direct feature selection, it is difficult to assess the feature

relevance. In contrast to the scarce label information, link

information in networks are abundant and could help select

relevant features. However, most networked data has a lot

of noisy links, resulting in the feature selection algorithms to

be less effective. To address the above mentioned issues, we

propose a robust unsupervised feature selection framework

NetFS for networked data, which embeds the latent repre-

sentation learning into feature selection. Therefore, content

information is able to help mitigate the negative effects from

noisy links in learning latent representations, while good la-

tent representations in turn can contribute to extract more

meaningful features. In other words, both phases could co-

operate and boost each other. Experimental results on real-

world datasets demonstrate the effectiveness of the proposed

framework.

1 Introduction

Networked data encodes pairwise relations among in-
stances in a network. It appears in many domains, such
as gene interactions in bioinformatics, hyperlinks be-
tween web pages, citations among research papers. In
addition to the structural interactions, networked in-
stances are often accompanied with high-dimensional
features. For example, in Facebook and Twitter, mil-
lions of posts are generated every day which bring about
high-dimensional feature space. The high-dimensional
feature space of networked data poses challenges to
many learning tasks due to the curse of dimensional-
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ity [6]. Besides, data with high dimensionality signifi-
cantly increases the memory storage requirements and
computational costs for data analytics. Moreover, the
existence of irrelevant, redundant and noisy features
overfits the learning algorithms and results in low ef-
ficiency and poor performance.

Feature selection [21], as a data preprocessing step,
has shown to be effective in preparing high-dimensional
data for many data mining tasks such as sentiment anal-
ysis [14, 32] and node classification [10]. According to
the availability of labels, feature selection methods con-
sist of supervised methods [5, 25, 31] and unsupervised
methods [3, 12, 19, 34]. As it is easy to amass substan-
tial amounts of unlabeled data while label information
is costly to obtain, unsupervised feature selection has
received increasingly attention in the past few years.
Without label information to help assess feature rele-
vance, unsupervised feature selection algorithms exploit
different criteria to define the relevance of features such
as data similarity [3, 12, 34], local discriminative infor-
mation [19, 33] and data reconstruction error [7].

Existing unsupervised feature selection algorithms
cannot be directly applied or are not suitable for net-
worked data because of its distinct characteristics: (1) in
networks, data instances are not independent and iden-
tically distributed (i.i.d.) but inherently interconnected
with each other. Meanwhile, they are often associated
with some content features. As indicated by homophily
effect [23] in social sciences theories, network structure
and content information correlates with each other and
the formation of one is dependent on the other one; (2)
in addition to noisy features in the content space, link
information is prevalent and also contains a lot of noise.
For example, in social networks, it is easy for spammers
to imitate normal users by generating a large number
of noisy links; in bank transaction networks, abnormal
financial activities also bring some noisy links. These
noisy links may have a negative effect in finding rele-
vant features.

Considering the unique properties of networked
data mentioned above, we propose a robust unsuper-
vised feature selection framework NetFS. First, to cap-
ture the inherent interactions among networked in-
stances, we introduce the concept of latent represen-
tations to uncover some hidden attributes encoded in
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Figure 1: The proposed robust unsupervised feature selection framework NetFS for networked data. It embeds
the latent representation learning into the feature selection phase. Each color bar denotes a feature, the values in
the color bar show the value of the feature, for example the word frequency as indicated in the figure. Network
information is encoded in an adjacency matrix, where the value of 1 indicates the existence of a relationship.

the network structure. Second, to reduce the negative
effects from noisy links in feature selection, we propose
to embed the latent representation learning into the fea-
ture selection phase. In this way, the latent representa-
tion modeling could cooperate with the feature selection
phase. Specifically, content information helps mitigate
the negative effects of noisy links in learning latent rep-
resentations, the learnt latent representations can not
only characterize the network structure but also in turn
act as label information to guide the feature selection
phase. As a result, the feature selection performance
would be better. The main contributions of this paper
are as follows:

• Proposing a principled way to embed the latent
representation learning from network structure into
feature selection phase;

• Proposing a robust unsupervised feature selection
framework NetFS for networked data;

• Providing an alternating algorithm to optimize the
proposed NetFS framework; and

• Evaluating the efficacy of the proposed NetFS
framework on real-world datasets.

The rest of this paper is structured as follows. The
problem statement is introduced in Section 2. In Sec-
tion 3, we talk about the proposed NetFS framework
with an optimization method and its convergence anal-
ysis. Experimental evaluation on real-world datasets is
presented in Section 4 with discussions. In Section 5,
we briefly review related work on traditional feature se-
lection methods and feature selection methods for net-

worked data. The conclusions and future work are pre-
sented in Section 6.

2 Problem Statement

We first summarize some notations used in this paper.
Following the commonly used notations, we use bold
uppercase characters for matrices (e.g. A), bold low-
ercase characters for vectors (e.g. a), normal lower-
case characters for scalars (e.g. a), calligraphic fonts
for sets (e.g. F). Also, we follow the matrix settings
in matlab to represent i-th row of matrix A as A(i, :),
j-th column as A(:, j), (i, j)-th entry as A(i, j), trans-
pose as A′, trace as Tr(A) if A is a square matrix.
For any matrix A ∈ Rn×d, its Frobenius norm is de-

fined as ||A||F =
√∑n

i=1

∑d
j=1 A(i, j)2, its ℓ2,1-norm is

||A||2,1 =
∑n

i=1

√∑d
j=1 A(i, j)2. In denotes the iden-

tity matrix of size n.
Let U = {u1, u2, ..., un} denote a set of n linked

instances in the network, we use the adjacency ma-
trix A ∈ Rn×n to represent the network structure of
U . For undirected network, the adjacency matrix is
symmetric such that A = A′. To model the network
information on directed networks, we follow [8] to use
A = max(A,A′). Each linked instance is associated
with a set of d features F = {f1, f2, ..., fd}, X ∈ Rn×d

denotes the content information of all n instances. With
above notations, the problem statement is as follows:

Problem 1. Unsupervised Feature Selection for Net-
worked Data

Given: The feature set F , content matrix X and adja-
cency matrix A for all n instances.



Select: A subset of most relevant features S ⊆ F by
exploiting both content information X and network
information A.

3 Robust Unsupervised Feature Selection for
Networked Data - NetFS

In this section, we introduce the proposed NetFS frame-
work which embeds latent representation learning into
feature selection in detail.

The workflow of the proposed framework is illus-
trated in Figure 1. From the figure, we can see that we
have two sources of information, i.e., the content infor-
mation and the link information. At the first step, we
try to model the link information with the concept of
latent representations. In the second step, we embed
the latent representation learning into feature selection.
Actually, these two steps influence and help each other
iteratively. The output of NetFS is a subset of rele-
vant features in the content space. We first discuss how
to model the latent representations from network struc-
ture, and then introduce how to embed the latent repre-
sentation learning into content information for feature
selection. At last, we will provide an alternating opti-
mization algorithm for the proposed framework with its
convergence analysis.

3.1 Modeling Link Information with Latent
Representation As illustrated in Figure 1, although
link information is abundant, it cannot be directly
applied as data is not i.i.d.. In this subsection, we talk
about how to exploit link information effectively.

In networks, instances connect to each other due to
a variety of factors. For example, in social networks,
these factors can be movie fans, sports enthusiasts, col-
leagues, family members, etc; in coauthor networks, fac-
tors include similar research interests, same affiliations,
etc. These hidden factors are often referred as latent
representations since they can describe a set of diverse
affiliation factors hidden in a network. Latent represen-
tations of different instances interact with each other to
form link information, and the instances with similar
latent representations are more likely to be connected
with each other than the instances with dissimilar latent
representations.

Uncovering latent representations has received in-
creasingly attention recently in the data mining and
machine learning communities [1, 24, 30]. Here, we
model the latent representations from link informa-
tion by a symmetric nonnegative matrix factorization
model (SymNMF) [13, 16]. The principle of SymNMF
is consistent with network clustering such that each
networked instance consists of a mixture of latent at-
tributes. Mathematically, it decomposes the adjacency

matrix A into a product of a nonnegative matrix U and
its transpose U′ in a low-dimensional latent space:

(3.1) min
U≥0

||A−UU′||2F ,

where U ∈ Rn×c is the latent representations of all n
instances, c is the number of latent factors.

3.2 Embedding Latent Representation Learn-
ing into Feature Selection It can be observed from
Figure 1, after we model the network structure by la-
tent representations, we can take advantage of them for
feature selection. In this section, we introduce how to
perform feature selection in a robust manner.

With the existence of noisy links in networked data,
latent representations that are directly derived from
link information may jeopardize feature selection on the
content space. In addition, according to the homophily
effect [23] in network studies, content information will
affect and is dependent on the latent representations
from network structure. Therefore, it is desirable
to embed the latent representation learning into the
feature selection phase on the content space. As a result,
the latent representation learning and feature selection
could help and boost each other. Content information
can help learn better latent representations which are
robust to noisy links, and better latent representations
can fill the gap of scarce label information and rich link
information to guide feature selection.

As latent factors encode some hidden attributes of
instances, they should be related to some features (or
attributes) of networked instances. Therefore, we take
U as a constraint to model the content information
through a multivariate linear regression model:

(3.2) min
W

||XW −U||2F ,

where W ∈ Rd×c is a transformation parameter matrix,
each row vector W(i, :) measures the importance of the
i-th feature. To achieve feature selection, we add a
ℓ2,1-norm regularization term on W for a joint sparsity
among all c latent factors:

(3.3) min
W

||XW −U||2F + α||W||2,1,

where parameter α controls the sparseness of the model.
By combining the objective function in Eq. (3.1)

and Eq. (3.3), the objective function that embeds latent
representation learning into feature selection phase can
be formulated as follows:

min
U≥0,W

J (W,U) = ||XW −U||2F + α||W||2,1

+
β

2
||A−UU′||2F ,(3.4)



where β is a parameter to balance the latent representa-
tion modeling and the feature selection in content space.
It can be observed from Eq. (3.4) than when W is fixed,
the latent representation learning phase is not only asso-
ciated with the adjacency matrixA, but also the content
matrix X. In this way, the learnt latent representations
can capture their inherent correlations and are more ro-
bust to noisy links. When the latent representations U
is fixed, they will take the role of label information to
steer feature selection in a supervised way.

3.3 Optimization Solution In this subsection, we
talk about how to solve the optimization problem of
NetFS. The objective function in Eq. (3.4) is not convex
in both U and W simultaneously, besides, due to the
ℓ2,1-norm regularization term, it is also not smooth.
Motivated by [25], we adopt an alternating optimization
scheme to solve this problem.

When U is fixed, the objective function is convex
w.r.t. W, therefore, we take the derivative of J (W,U)
with respect to W to be zero, then we have:

(3.5) X′(XW −U) + αDW = 0,

where D ∈ Rd×d is a diagonal matrix, with the i-th
diagonal element as:

(3.6) D(i, i) =
1

2||W(i, :)||2
.

It should be noted that in practice, ||W(i, :)||2 could
be very close to zero. Therefore, we define D(i, i) =

1
2||W(i,:)||2+ϵ , where ϵ is a very small constant. X′X

is a positive semi-definite matrix, αD is a diagonal
matrix with positive entries, it is also positive semi-
definite. Their summation X′X + αD is also positive
semi-definite. Therefore, W has a closed form solution,
which is:

(3.7) W = (X′X+ αD)−1X′U.

By substituting above solution of W into Eq. (3.4),
we get:

min
U≥0,W

J (W,U)

=Tr(U′U)− Tr(W′MW) +
β

2
||A−UU′||2F

=Tr(U′U)− Tr(U′XM−1X′U) +
β

2
||A−UU′||2F

=Tr(U′(In −XM−1X′)U) +
β

2
||A−UU′||2F ,

(3.8)

where M = X′X+ αD.

The problem in Eq. (3.8) is a standard bound-
constrained optimization problem, we propose to use
projected gradient methods [20] to optimize it. Now
the objective function can be reformulated as:
(3.9)

min
U≥0

J (U) = Tr(U′(In−XM−1X′)U)+
β

2
||A−UU′||2F .

LetUt denotes the update ofU at the t-th iteration.
It is updated by the following rule:

(3.10) Ut+1 = P [Ut − st∇J (Ut)],

where P [Ut − st∇J (Ut)] is a box projection operator
which maps a point to a bounded region, let C =
Ut − st∇J (Ut), then:

P [C](i, j) =

{
C(i, j) if C(i, j) ≥ 0
0 otherwise

(3.11)

st is the step size at the t-th iteration and can be
determined by Armijo rule [2]. To be more specific,
st = θat , where at is the first nonnegative integer such
that the condition:

(3.12) J (Ut+1)− J (Ut) ≤ σ⟨∇J (Ut), (Ut+1 −Ut)⟩

is satisfied, where θ and σ are two predefined parameters
between 0 and 1, ⟨A,B⟩ represents the inner product
operation between two matrix A and B.

In summary, the objective function in Eq. (3.4) is
solved through an iterative way as illustrated in Algo-
rithm 1, when W is fixed, we use projected gradient
method through Eq. (3.10) to update U, the computa-
tion cost is O(n2d)+O(nd2)+O(n2c); then we fixU and
employ Eq. (3.7) to updateW, the total cost of comput-
ing W in Eq. (3.7) is O(nd2)+O(d3)+O(d2c)+O(ncd).

3.4 Convergence Analysis We show the objective
function in Eq. (3.4) decreases each iteration and it is
guaranteed to converge.

Lemma 3.1. The following inequality holds if Wk(i, :)
and Wk+1(i, :) are non-zero vectors (i=1,2,...,d) [25]:

||Wk+1||2,1 −
∑
i

||Wk+1(i, :)||22
2||Wk(i, :)||2

≤||Wk||2,1 −
∑
i

||Wk(i, :)||22
2||Wk(i, :)||2

(3.13)

Theorem 3.1. The alternating procedure in Algo-
rithm 1 will decrease the objective function value of
Eq. (3.4).



Algorithm 1 NetFS algorithm

Input: Data matrix X and adjacency matrix A, pa-
rameter α, β.

Output: The most m relevant features.
1: Initialize Dk as an identity matrix;
2: Set k = 0;
3: while objective function value in Eq. (3.4) not

converge do
4: Compute Mk = X′X+ αDk;
5: Obtain Uk+1 by projected gradient method in

Eq. (3.10);
6: Obtain Wk+1 by Eq. (3.7);
7: Update Dk+1 by Eq. (3.6);
8: k = k + 1;
9: end while

10: Sort each feature according to ||W(i, :)||2 in a
descending order and select the top-m ranked ones

11: Return m most relevant features.

Proof. During the k+1-th iteration, when Wk is fixed,
we update U with projected gradient method. Pro-
jected gradient descent method decreases the objec-
tive function J (U) for appropriate choices of step size.
Therefore, we have:

(3.14) J (Uk+1,Wk) ≤ J (Uk,Wk).

Then whenUk+1 is fixed, we obtain the optimal solution
Wk+1 through Eq. (3.7) andWk+1 is the solution of the
following objective function:

(3.15) min
W

||XW −Uk+1||2F + αTr(W′DkW)

Therefore, we have the following inequality:

||XWk+1 −Uk+1||2F + αTr(W′
k+1DkWk+1)

≤ ||XWk −Uk+1||2F + αTr(W′
kDkWk)

⇒ ||XWk+1 −Uk+1||2F + α||Wk+1||2,1

− α(||Wk+1||2,1 −
∑
i

||Wk+1(i, :)||22
2||Wk(i, :)||2

)

≤ ||XWk −Uk+1||2F + α||Wk||2,1

− α(||Wk||2,1 −
∑
i

||Wk(i, :)||22
2||Wk(i, :)||2

)

(3.16)

Integrating the results in Lemma 3.1, we have the
following:

||XWk+1 −Uk+1||2F + α||Wk+1||2,1
≤ ||XWk −Uk+1||2F + α||Wk||2,1
⇒ J (Uk+1,Wk+1) ≤ J (Uk+1,Wk) ≤ J (Uk,Wk)

(3.17)

BlogCatalog Flickr Epinions

# of Users 5,196 7,575 5,665

# of Features 8,189 12,047 10,382

# of Links 171,743 239,738 97,123

# of Ave Degree 66.11 63.30 17.14

# of Classes 6 9 24

Table 1: Detailed information of the datasets.

which completes the proof.

4 Experiments

In this section, we conduct experiments to evaluate the
effectiveness of the proposed NetFS framework. We first
introduce the datasets and experimental settings before
presenting details of the experiments.

4.1 Datasets Three real-world social media
datasets, BlogCatalog1, Flickr1 and Epinions2 are
used for evaluation. Some statistics of these datasets
are listed in Table 1.

BlogCatalog: BlogCatalog is a social blog direc-
tory in which users can post their blogs under different
predefined categories. The tag information of blogs from
users form the feature information, while the major cat-
egories of blogs by users are considered as ground truth
in this work.

Flickr: Flickr is an image sharing website, users
can provide tags for the photos they upload which
provide feature information. Besides, users interact
with others forming link information. Photos are
organized under some predefined categories, which are
used as ground truth.

Epinions: Epinions is a product review website
in which users can share their reviews about products.
Users themselves can also build trust networks to seek
advices from others. Features are formed by the bag-of-
words model, while the major categories of reviews by
users are taken as ground truth of class labels.

4.2 Experimental Settings Following the standard
way to assess unsupervised feature selection [3, 19,
33], we evaluate the proposed NetFS framework in
terms of clustering performance. Two commonly used
clustering performance metrics, i.e., normalized mutual
information (NMI) and accuracy (ACC) are used. Let
C and C ′ denote the clustering results from ground
truth class labels and the predicted cluster labels,
respectively. The mutual information between two

1http://dmml.asu.edu/users/xufei/datasets.html
2http://jiliang.xyz/trust.html



clusters C and C ′ is:

(4.18) MI(C,C ′) =
∑

ci∈C,c′j∈C′

p(ci, c
′
j)log

p(ci, c
′
j)

p(ci)p(c′j)

where p(ci) and p(c′j) are the probabilities of instances
in cluster ci and c′j , respectively. p(ci, c

′
j) indicates the

probability of instances in cluster ci and in c′j at the
same time. Then, NMI is defined as:

(4.19) NMI(C,C ′) =
MI(C,C ′)

max(H(C), H(C ′)

where H(C) and H(C ′) represent the entropies of
clusterings C and C ′, respectively.

Let pi and qi be the clustering result and the ground
truth label for instance ui, respectively. Then, accuracy
(ACC) is defined as:

(4.20) ACC =
1

n

n∑
i=1

δ(qi,map(pi))

where n is the total number of instances, δ(.) is an
indicator function such that δ(x, y) = 1 if x = y,
otherwise δ(x, y) = 0. map(x) permutes the predicted
cluster labels to match the ground truth as much as
possible.

NetFS is measured against the following state-of-
the-art unsupervised feature selection algorithms in
terms of clustering performance:

• LapScore: Laplacian score [12] evaluates feature
via its ability of locality preservation.

• SPEC: SPEC is an extension of Laplacian Score,
features are selected using spectral analysis [34].

• NDFS: Features are selected via joint nonnegative
spectral analysis and ℓ2,1-norm regularization [19].

• LUFS: Social dimensions are first extracted from
link information, then they are utilized to guide
feature selection in the content space [29].

In LapScore and NDFS, as suggested by the original
papers [12, 19], we set the number of neighborhood size
to be 5 to construct the affinity matrix. NDFS and
LUFS have different regularization parameters, we set
these parameters by the suggestions from the original
papers [19, 29]. In the proposed NetFS, we also have
two regularization parameters α and β. These two
parameters can be determined by grid search strategy
among the range of {0.001, 0.01, 0.1, 1, 10, 100, 1000}. In
the experiments, we empirically set α as 10 and β as 0.1.

Each feature selection algorithm is first applied to
select features, then K-means clustering is performed
based on the selected features. We repeat the K-means
algorithm 20 times and report the average clustering
results since K-means may converge to local optimal.

4.3 Quality of Selected Features by NetFS In
this subsection, we compare the quality of selected fea-
tures by NetFS and other baseline methods on the three
above mentioned datasets. The number of selected fea-
tures varies as {200, 400, ..., 1800, 2000}. The compari-
son results are shown in Table 2, Table 3 and Table 4.
The higher the ACC and NMI values are, the better the
feature selection performance is. We make the following
observations:

• NetFS outperforms traditional unsupervised fea-
ture selection algorithms in almost all cases by ob-
taining better clustering performance. We also per-
form pairwise Wilcoxon signed-rank test [4, 18] be-
tween NetFS and these baseline methods, the test
results show NetFS is significantly better, with a
0.05 significance level. A major reason is that tra-
ditional algorithms can only handle i.i.d. data while
NetFS exploits content information and network
structure to obtain good features.

• NetFS and LUFS deal with network and content
information differently. LUFS performs network
structure modeling and feature selection separately
and the feature selection performance is highly de-
pendent on the quality of extracted latent represen-
tations; and the proposed NetFS embeds the latent
representation learning phase into the feature selec-
tion, therefore, content information is used adap-
tively to obtain better latent factor representations
because better latent factors can contribute to se-
lecting more relevant features.

• In Blogcatalog dataset, NetFS works well with only
a few hundred of features. Flickr and Epinions
datasets have more features than Blogcatalog, but
NetFS still achieves good clustering performance
with only around 1/8 and 1/7 of total features,
respectively.

4.4 Effect of Parameters NetFS has two regular-
ization parameters α and β. α controls the sparsity
of the model while β balances the latent representa-
tion learning and feature selection phase. To investigate
the effects of these two parameters, we fix one param-
eter each time and vary the other one to see how it
affects the feature selection performance. As the set-
tings mentioned above, we assess the feature selection
performance in terms of clustering with different num-
ber of selected features. In Figure 2(a), we present the
clustering performance of NetFS on Epinions dataset in
terms of ACC. We only report the parameter study re-
sults of ACC on Epinions dataset to save space as we
have the similar observations in terms of NMI.



Accuracy

200 400 600 800 1000 1200 1400 1600 1800 2000

LapScore 26.75 28.95 26.35 24.52 32.91 27.66 27.96 29.94 30.75 32.37

SPEC 17.90 18.01 18.90 19.55 20.52 23.73 22.32 21.11 26.00 24.23

NDFS 24.61 32.35 33.43 31.89 34.85 32.99 33.76 45.57 42.90 43.15

LUFS 21.52 21.70 31.72 31.79 32.39 32.60 34.16 42.13 41.28 43.49

NetFS 50.89 42.38 42.96 42.73 43.17 43.30 43.36 43.61 43.61 43.65

NMI

200 400 600 800 1000 1200 1400 1600 1800 2000

LapScore 0.0703 0.0720 0.0557 0.0386 0.0836 0.0465 0.0460 0.0577 0.0622 0.0703

SPEC 0.0016 0.0018 0.0052 0.0073 0.0083 0.0222 0.0246 0.0181 0.0493 0.0341

NDFS 0.1053 0.1597 0.1925 0.1381 0.1699 0.1466 0.1531 0.2298 0.2329 0.2356

LUFS 0.0374 0.0397 0.1417 0.1398 0.1646 0.1739 0.1946 0.2751 0.2677 0.2328

NetFS 0.3264 0.2276 0.2363 0.2345 0.2349 0.2374 0.2378 0.2409 0.2401 0.2403

Table 2: Clustering results with different feature selection algorithms on BlogCatalog dataset.

Accuracy

200 400 600 800 1000 1200 1400 1600 1800 2000

LapScore 12.30 12.37 12.42 13.21 13.28 13.65 14.96 16.03 17.04 16.86

SPEC 11.87 12.48 13.15 13.89 14.32 14.27 14.67 15.33 14.73 14.86

NDFS 15.52 17.23 27.21 29.94 35.70 33.89 37.65 39.42 42.06 46.43

LUFS 13.25 18.19 20.40 23.59 22.53 30.07 27.99 29.16 35.22 39.51

NetFS 22.18 30.39 35.49 36.51 35.52 43.29 45.35 40.29 48.17 36.21

NMI

200 400 600 800 1000 1200 1400 1600 1800 2000

LapScore 0.0058 0.0069 0.0068 0.0120 0.0194 0.0210 0.0272 0.0384 0.0428 0.0364

SPEC 0.0018 0.0057 0.0077 0.0119 0.0157 0.0139 0.0152 0.0172 0.0160 0.0188

NDFS 0.0327 0.0390 0.0924 0.1146 0.1752 0.1424 0.1942 0.2254 0.2338 0.3000

LUFS 0.0147 0.0687 0.0949 0.1258 0.1051 0.1475 0.1356 0.1491 0.2031 0.2404

NetFS 0.1017 0.1648 0.1825 0.1950 0.2195 0.2285 0.2776 0.2474 0.2935 0.2263

Table 3: Clustering results with different feature selection algorithms on Flickr dataset.

Accuracy

200 400 600 800 1000 1200 1400 1600 1800 2000

LapScore 15.22 13.35 12.44 11.95 11.63 11.88 11.84 11.58 11.30 11.23

SPEC 14.67 12.10 11.09 10.95 10.89 10.47 10.87 11.37 11.53 10.73

NDFS 12.60 11.97 12.34 12.68 12.79 14.69 14.16 15.80 14.28 15.43

LUFS 12.70 11.48 11.14 11.81 12.87 14.12 13.24 14.21 13.65 17.19

NetFS 13.93 16.77 18.45 20.56 20.72 21.78 24.61 23.83 24.40 27.17

NMI

200 400 600 800 1000 1200 1400 1600 1800 2000

LapScore 0.0146 0.0197 0.0211 0.0217 0.0213 0.0213 0.0226 0.0230 0.0210 0.0203

SPEC 0.0170 0.0219 0.0245 0.0256 0.0263 0.0253 0.0273 0.0286 0.0278 0.0259

NDFS 0.0234 0.0264 0.0291 0.0320 0.0348 0.0395 0.0436 0.0464 0.0494 0.0552

LUFS 0.0212 0.0232 0.0246 0.0280 0.0325 0.0375 0.0392 0.0418 0.0446 0.0501

NetFS 0.0359 0.0547 0.0661 0.0746 0.0964 0.1020 0.1106 0.1124 0.1131 0.0808

Table 4: Clustering results with different feature selection algorithms on Epinions dataset.

We first fix the parameter β to be 0.1 and vary the
other parameter α as {0.001, 0.01, 0.1, 1, 10, 100, 1000}.
As shown in Figure 2(a), with the increase of α, the

clustering performance first increases then becomes
stable between 1 and 1000. The reason is that when
α is small, the sparsity of the model is low, which is not
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Figure 2: Parameter study of NetFS on Epinions.

suitable for feature selection. Then we fix α to be 10 and
vary β in {0.001, 0.01, 0.1, 1, 10, 100, 1000}, the results
are presented in Figure 2(b), we can observe that the
clustering performance is less sensitive to β compared
with α, the performance is relatively better when β is
around 1. The clustering performance is relatively more
sensitive to the number of selected features, which is still
an open problem in unsupervised feature selection.

5 Related Work

In this section, we review some related work from two
aspects: (1) traditional feature selection; and (2) feature
selection for networked data.

5.1 Traditional Feature Selection Based on the
availability of class labels, feature selection algorithms
can be categorized into supervised and unsupervised
methods. Supervised feature selection algorithms eval-
uate feature relevance by its correlation to the class la-
bels. Supervised methods can be further divided into
wrapper methods and filter methods [15, 22]. Wrapper
methods require a predefined learning algorithm and use
the learning performance to assess features. The com-
putational cost of wrappers is usually expensive [11].
Filter methods are independent of any learning algo-
rithms, they rely on some characteristics of data like dis-
tance, consistency, dependency and correlation to eval-
uate the importance of features [9, 12, 26]. Since most
real-world data is unlabeled, more and more researchers
pay attention to develop effective and efficient unsuper-
vised feature selection algorithms. Due to the lack of
label information, they exploit different alternative cri-
teria to assess feature relevance such as data similar-
ity [3, 12, 34], local discriminative information [19, 33]
and data reconstruction error [7]. Recently, unsuper-
vised feature selection methods that uses ℓ1-norm and
ℓ2,1-norm [3, 19, 33, 27] regularization have been widely
investigated and proven to achieve good performance,
through the sparsity regularization, feature selection
can be embedded in the learning process.

5.2 Feature Selection for Networked Data Tra-
ditional feature selection algorithms cannot be directly
applied on networked data as the i.i.d. assumption does
not hold. Gu and Han [8] proposed a supervised feature
selection method for networked data. They exploit a
linear regression model to capture the content informa-
tion and adopt graph regularization to take into account
link information. Tang and Liu [28] first attempted to
perform feature selection on social media data. In the
proposed supervised feature selection framework, dif-
ferent social relationships (CoPost, CoFollowing, Co-
Followed and Following) are extracted to enhance the
feature selection performance. Since social media data
is ubiquitous and effortless to label, an unsupervised
feature selection algorithm for linked social media data,
LUFS, is proposed in [29]. Social dimensions are ex-
tracted and linked data are exploited to help select rel-
evant features. USFS [17] is an unsupervised streaming
feature selection algorithm which takes advantage of ex-
ternal latent representations to update selected feature
set timely. However, these works are substantially dif-
ferent from our proposed framework NetFS in either of
the following - (1) NetFS is an unsupervised feature se-
lection method which leverages both link and content
information, without label information to assess feature
importance, the task is more challenging; and (2) NetFS
provides an iterative way to learn latent representations
and feature weights in a joint learning framework and
the feature selection phase is more robust to noisy links.

6 Conclusions and Future Work

In this paper, we propose a robust unsupervised feature
selection framework NetFS for networked data. First,
we propose to use latent representations to capture in-
herent correlations in the network, then we propose to
embed the latent representations learning process into
feature selection. Therefore, the latent representation
learning on the network structure and feature selection
on the content space could help and boost each other to
obtain good features, and the proposed model is more
robust to noisy links. Methodologically, we propose
to use an alternating scheme to optimize the objective
function of the proposed NetFS framework. Experimen-
tal results on real-world social media datasets demon-
strate the effectiveness of the proposed framework when
measured against the state-of-the-art unsupervised fea-
ture selection methods.

There are many future work directions to investi-
gate. First, in this work, we use social media as a
test bed to evaluate the proposed NetFS framework, we
also would like to validate the proposed framework on
other kinds of networks such as gene networks, citation
networks. Second, real-world networks are usually not



static but evolve over time such that both the network
structure and the content information may change, we
would like to study how to perform feature selection on
dynamic networks in the future.
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