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Abstract

Feature selection is widely used in preparing high-
dimensional data for effective data mining. Attribute-
value data in traditional feature selection differs from so-
cial media data, although both can be large-scale. Social
media data is inherently not independent and identically
distributed (i.i.d.), but linked. Furthermore, there is a
lot of noise. The quality of social media data can vary
drastically. These unique properties present challenges
as well as opportunities for feature selection. Motivated
by these differences, we propose a novel feature selection
framework, CoSelect, for social media data. In partic-
ular, CoSelect can exploit link information by applying
social correlation theories, incorporate instance selec-
tion with feature selection, and select relevant instances
and features simultaneously. Experimental results on
real-world social media datasets demonstrate the effec-
tiveness of our proposed framework and its potential in
mining social media data.

1 Introduction

The massive and high dimensional social media data
poses new challenges to data mining tasks such as clas-
sification and clustering. One conventional and direct
approach to handling large-scale and high-dimensional
data is feature selection [1, 3]. Feature selection aims
to select a subset of relevant features for a compact but
more accurate data representation [3, 5].

The vast majority of existing feature selection al-
gorithms work with “flat” data containing uniform en-
tities (or attribute-value data points) that are typi-
cally assumed to be independent and identically dis-
tributed (i.i.d.). However, the nature of social me-
dia determines that social media data is different from
attribute-value data. Social media data is inherently
linked. A typical example of social media data is demon-
strated in Figure 1. There are users and posts and note
that we use “post” here in a loose way to cover high-
dimensional user generated content in social media such
as tweets, blogs, photos and videos. A user can have
multiple posts (posting relations) and also can follow
other users (following relations). Except the conven-
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Figure 1: A Typical Example of Social Media Data

tional attribute-value part (the content of posts), posts
are linked via hyperlinks or social context (posting re-
lations and following relations)1. Linked social media
data is patently not independent and identically dis-
tributed, which contradicts one of the most enduring
and deeply buried assumptions of traditional machine
learning methods [9, 10]. Furthermore, two common
characteristics of linked data, i.e., concentrated link-
age and autocorrelation, reduce the effective size of in-
stances for learning [9]. That is, given attribute-value
data of the same size, there are more irrelevant instances
in linked data. The challenges from social media data do
not stop here. Users in social media can be both pas-
sive content consumers and active content producers,
causing the quality of social media data to vary dras-
tically [11]. In other words, social media data consists
of useful and noisy data instances, further exacerbating
the problem of irrelevant instances.

However, social media data contains more informa-
tion than attribute-value data does in terms of links. In
general, there are correlations between connected data
instances [6, 7]. For example, it is likely that photos

1For some types of social media data such as photos in Flickr
and videos in YouTube, there are no hyperlinks among its data

instances, however, social media data consistently has social

context.



from the same user have similar topics, or two blogs
linked via hyperlinks are more similar in terms of topics.
The availability of link information can help advanced
research on feature selection for social media data.

In this paper, we would like to develop a novel
framework for performing feature selection on posts
(e.g., tweets, blogs, or photos) by considering the unique
properties of social media data: availability of link in-
formation and existence of irrelevant instances. We in-
vestigate: (1) how to exploit link information; (2) how
to select the most relevant instances for feature selec-
tion. In our attempt to solve these challenges, we pro-
pose a novel feature selection framework, coSelect, for
social media data. According to social correlation theo-
ries [13, 14], link information can be exploited as topics
of linked data instances are more likely to be similar [6].
We incorporate instance selection and feature selection
in the same framework to find relevant instances and
features simultaneously. Combining instance selection
and feature selection enables us to build a novel feature
selection framework for linked and noisy social media
data: relevant instances help the selection of relevant
features, and relevant features in turn help the selec-
tion of relevant instances. Our empirical study on two
real-world social media datasets demonstrates the effec-
tiveness of CoSelect.

The rest of this paper is organized as follows: our
feature selection framework for social media data, CoSe-
lect, with an optimization method and its detailed con-
vergence analysis, is introduced in Section 2; empiri-
cal evaluation on datasets from real-world social media
websites is presented with discussion in Section 3; the
related work is shown in Section 4; and the conclusions
and future work are presented in Section 5.

2 A Framework for Social Media Data:

coSelect

We first introduce the notations and definitions in our
paper. Let p = {p1, p2, . . . , pn} be the set of posts where
n is the number of posts and f = {f1, f2, . . . , fm} be
the set of features where m is the number of features.
Let X = [x1,x2, . . . ,xn] ∈ R

m×n where xi represents
pi and xi(j) is the frequency of fj used by pi. Let
c = {c1, c2, . . . , ck} denote the class label set where k

is the number of classes. Y ∈ R
k×n is the class label

indicator matrix where Y(j, i) = 1 if pi is labeled as cj ,
otherwise zero.

Except the conventional representation, social me-
dia data is linked. Following [6], pi and pj are linked if
pi and pj are connected with hyperlinks, from the same
user, or from two linked users. LetR ∈ R

n×n denote the
link information for social media data, and R(i, j) = 1
if pi and pj are linked, zero otherwise.

There are two challenges arising from the differences
between social media data and attribute-value data:
linked and irrelevant instances. In this section, we
first present the solutions to these challenges, then with
the solutions to the challenges posed by social media
data, we propose a novel feature selection framework,
coSelect, for social media data, and finally we present
an optimization algorithm for coSelect with detailed
convergence analysis.

2.1 Exploiting Link Information Linked social
media data is different from attribute-value data due
to the correlations between its data instances [6]. Two
linked blogs are more likely to have similar topics than
two randomly chosen blogs. For example, a blog about
“sports” is more likely to connect to other “sports”
related blogs. These correlations can be explained by
social correlation theories such as homophily [13] and
social influence [14]. Homophily suggests that instances
with similar topics are more likely to be linked while
social influence theory indicates that linked instances
are more likely to have similar topics.

We can exploit the correlations suggested by so-
cial correlation theories for feature selection. Before
going into the details, we first introduce a representa-
tive feature selection method based on ℓ2,1-norm regu-
larization [15] as our basis feature selection algorithm,
which selects features across data points with joint spar-
sity [16].

(2.1) min
W

‖W⊤X−Y‖2F + α‖W‖2,1,

where W ∈ R
m×k and ‖W‖2,1 is the ℓ2,1-norm of W,

which is defined as follows,

(2.2) ‖W‖2,1 =

m
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i=1
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√

√
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‖W(i, :)‖2

it controls the capacity of W and also ensures that W
is sparse in rows, making it particularly suitable for
feature selection. The parameter α is introduced to
control the sparsity of W.

Let T (xi) : Rm → R
k be the function to predict

the labels of the data instance pi, i.e., T (xi) = W⊤xi.
As analyzed above, linked data are more likely to have
similar labels. The sum of label distances between



linked data instances can be calculated as,

∑

i

∑

j

R(i, j)‖T (xi)− T (xj)‖
2
2,

=
∑

i

∑

j

R(i, j)‖W⊤xi −W⊤xj‖
2
2,

=
∑

l

∑

i

∑

j

R(i, j)(w⊤
l xi −w⊤

l xj)
2,

= Tr(W⊤XLX⊤W),(2.3)

where L = D − R is the Laplacian matrix, and D

is a diagonal matrix with D(i, i) =
∑

j R(j, i). To
capture link information, we add a regularization term
into Eq. (2.1) to force the labels of linked data instances
close to each other by minimizing Eq. (2.3). Therefore
the formulation for feature selection exploiting link
information can be written as

min
W

‖X⊤W −Y‖2F + α‖W‖2,1 + γTr(W⊤XLX⊤W),

(2.4)

where γ is introduced to control the contribution from
link information.

2.2 Incorporating Instance Selection Social me-
dia produces massive user generated content and the
quality of social media data varies drastically from ex-
cellent content to abuse and spam [11], resulting in use-
ful and irrelevant instances mixed together. Further-
more, the linked property of social media data deter-
mines the existence of irrelevant instances [9]. In this
subsection, we introduce the technical details about how
to select relevant instances for feature selection.

Let B = X⊤W − Y⊤ − Ξ be the residual matrix
where Ξ is a random error matrix, usually assumed
to be multi-dimensional normal distribution [17]. The
residual matrix B is a strong indicator of anomalies
in a dataset [18, 17]. Each row of B corresponds to
a data instance, and a large norm of B(i, :) indicates
a significant deviation of the i-th data instance, more
likely to be an irrelevant instance. Therefore the
residual matrix B can be used to realize instance
selection and feature selection with instance selection
can be formulated as:

min
W,B

‖W⊤X−B⊤ −Y‖2F + α‖W‖2,1 + β‖B‖2,1,

(2.5)

where the parameter β is introduced to control the
sparsity of B.

In Eq. (2.5), feature selection is achieved via ℓ2,1-
norm on W while the purpose of the ℓ2,1-norm on B

is two-fold. One is that ℓ2,1-norm of a matrix ensures

that B is sparse in rows, making it particularly suitable
for instance selection; the other is to avoid the trivial
estimate B = Y⊤ and get a meaningful estimate of W.

2.3 The CoSelect Framework With our solutions
to these two challenges posed by social media data, we
are ready to introduce the CoSelect framework. Consid-
ering both exploiting link information (Eq. (2.4)) and
incorporating instance selection (Eq. (2.5)), CoSelect is
to solve the following optimization problem,

min
W,B

‖W⊤X−B⊤ −Y‖2F + α‖W‖2,1

+ β‖B‖2,1 + γTr(W⊤XLX⊤W).(2.6)

We use J (W,B) to denote the objective function
in Eq. (2.6), where the first term is used to fit the
label information, the second and third terms use
ℓ2,1 on W and B to achieve feature selection and
instance selection respectively, and the fourth term
is used to exploit link information. It is easy to
verify that J (W,B) is jointly convex with W and B,
implying that a global optimal solution is guaranteed
for the problem in Eq. (2.6). However, it is difficult
to optimize two variables simultaneously. Thus we
adopt an alternating optimization to solve this problem,
which works well for a number of practical optimization
problems [19]. Under this scheme, we update W and B

in an alternating manner.

2.3.1 Given B, Computing W: Given B, the
optimal W can be obtained by minimizing the following
problem,

min
W

J (W) = ‖W⊤X−C‖2F+

α‖W‖2,1 + γTr(W⊤XLX⊤W),(2.7)

where C = B⊤ + Y is a constant matrix. We develop
the following theorem to obtain the update rule for W
in each iteration.

Theorem 2.1. When fixing B, W can be updated by,

W← (XX⊤ + γXLX⊤ + αDW )−1XC⊤,(2.8)

where DW is a diagonal matrix with the i-th diagonal
element as: DW (i, i) = 1

2‖W(i,:)‖2

.

Proof. The Lagrangian function of the problem in
Eq. (2.7) is:

LW = Tr(W⊤XX⊤W − 2W⊤XC⊤)

+ α‖W‖2,1 + γTr(W⊤XLX⊤W).(2.9)



We take the derivative of LW ,

∂LW

∂W
= 2XX⊤W − 2XC⊤ + 2αDWW + 2γXLX⊤W.

Matrices XX⊤ and XLX⊤ are semi-positive definite
matrices and therefore XX⊤ + γXLX⊤ + αDW is a
positive definite matrix. Setting the derivative to zero,
we can obtain the update rule in Eq. (2.10),

(2.10) W = (XX⊤ + γXLX⊤ + αDW )−1XC⊤,

which completes the proof.

2.3.2 Given W, Computing B: Given W, the
optimal B can be obtained by minimizing the following
problem,

min
B

J (B) = ‖H−B⊤‖2F + β‖B‖2,1,(2.11)

where H = W⊤X−Y.
Similarly, we develop the following theorem to

obtain the update rule for B.

Theorem 2.2. When fixing W, B can be updated by,

(2.12) B← (In + βDB)
−1H⊤,

where DB is a diagonal matrix with the i-th diagonal
element as: DB(i, i) =

1
2‖B(i,:)‖2

.

Proof. The proof process is similar to that for Theo-
rem 2.1. To save space, we ignore the detailed proof.

Based on Theorems 2.1 and 2.2, we develop CoSe-
lect with its details in Algorithm 1: by setting C = Y in
Eq. (2.10), W is initialized as shown in line 3, in order
to speed up the algorithm’s convergence (more to fol-
low in the experiment section). From line 5 to line 10,
B and W are updated alternatingly according to The-
orems 2.1 and 2.2. After the algorithm terminates, we
select the most relevant features and instances accord-
ing to W and B, respectively. The larger the norm of
‖W(i, :)‖2, the more relevant the i-th feature is; while
the larger the norm of ‖B(j, :)‖2, the more irrelevant
the j-th instance is, as shown in lines 12 and 13. We
begin the convergence study with the following lemma.

Lemma 1. The following inequality holds provided
that bi

t|
r
i=1 are non-zero vectors, where r is an arbitrary

number.

∑

i

‖bi
t+1‖2 −

∑

i

‖bi
t+1‖2

2‖bi
t‖2

≤
∑

i

‖bi
t‖2 −

∑

i

‖bi
t‖

2
2

2‖bi
t‖2

(2.13)

Algorithm 1 CoSelect

Input: {X,Y,R, α, β, γ, kf , ki}
Output: kf most relevant features and ki most relevant
instances

1: Construct the Laplacian matrix L;
2: Initialize DW and DB as identity matrices;
3: Initialize W = (XX⊤ + γXLX⊤ + αDW )−1XY⊤;
4: while Not convergent do
5: Set H = W⊤X−Y;
6: Update B as: B← (In + βDB)

−1H⊤;
7: Update the diagonal matrix DB , where the i-th

diagonal element is 1
2‖B(i,:)‖2

;

8: Set C = B⊤ +Y;
9: Update W as: W ← (XX⊤ + γXLX⊤ +

αDW )−1XC⊤;
10: Update the diagonal matrix DW , where the i-th

diagonal element is 1
2‖W(i,:)‖2

;

11: end while

12: Sort each feature according to ‖W(i, :)‖2 in de-

scending order and select the top-kf ranked ones;
13: Sort each instances according to ‖B(j, :)‖2 in as-

cending order and select the top-ki ranked ones.

Proof. The proof process is similar to that in [20, 6],
and we ignore the detailed proof to save space.

With Lemma 1, we develop the following theorem
regarding the convergence of Algorithm 1.

Theorem 2.3. Algorithm 1 monotonically decreases
the objective function value of J (W,B) in Eq. (2.6)
thus Algorithm 1 converges.

Proof. We divide the proof process into two steps: (1)
the update rule in Theorem 2.2 monotonically decreases
J (B), i.e., J (Wt,Bt) ≥ J (Wt,Bt+1), and (2) the
update rule in Theorem 2.1 monotonically decreases
J (W), i.e., J (Wt,Bt+1) ≥ J (Wt+1,Bt+1).

It can be easily verified that Bt+1 is the solution to
the following problem,

Bt+1 = min
B

Tr(B⊤(In + βDB)B− 2B⊤H⊤),

which indicates that,

Tr(B⊤
t+1(In + βDB)Bt+1 − 2B⊤

t+1H
⊤)

≤ Tr(B⊤
t (In + βDB)Bt − 2B⊤

t H
⊤).



Then we have the following inequality,

Tr(B⊤
t+1Bt+1 − 2B⊤

t+1H
⊤) + β

∑

i

‖Bt+1(i, :)‖2

− β(
∑

i

‖Bt+1(i, :)‖2 −
∑

i

‖Bt+1(i, :)‖
2
2

2‖Bt(i, :)‖2
)

≤ Tr(B⊤
t Bt − 2B⊤

t+1H
⊤) + β

∑

i

‖Bt(i, :)‖2

− β(
∑

i

‖Bt(i, :)‖2 −
∑

i

‖Bt(i, :)‖
2
2

2‖B
(
ti, :)‖2

)

Meanwhile, according to Lemma 1, we have,

‖H−B⊤
t+1‖

2
F + β‖Bt+1‖2,1 ≤ ‖H−B⊤

t ‖
2
F + β‖Bt‖2,1,

which indicates that J (Wt,Bt) ≥ J (Wt,Bt+1).
Similarly, we can verify that J (Wt,Bt+1) ≥
J (Wt+1,Bt+1). Thus we can get the following inequal-
ity chain,

J (W0,B0) ≥ J (W0,B1)

≥ J (W1,B1) ≥ J (W1,B2) . . . .

Algorithm 1 monotonically decreases the objective func-
tion value. Thus it converges to an optimal solution
for Eq. (2.6) since the objective function in Eq. (2.6) is
jointly convex, which completes the proof.

Time Complexity: The most time consuming
operations of Algorithm 1 are to obtain the inverses of
the matrices In + βDB and (XX⊤ + γXLX⊤ +αDW ).

• In+βDB is a diagonal matrix, hence, (In+βDB)
−1

is also diagonal and its i-th diagonal element cor-
respond to the reciprocal of i-th diagonal element
of In + βDB , which needs O(n) operations.

• The terms XX⊤ and XLX⊤ in (XX⊤+γXLX⊤+
αDW ) can be computed efficiently since X is
sparse. It costs O(max(m,n)n). They are not
changed during iterations, hence we only need to
calculate them once. W = (XX⊤ + γXLX⊤ +
αDW )−1XC⊤ can be efficiently obtained through
solving the linear equation (XX⊤ + γXLX⊤ +
αDW )W = XC⊤, which needs O(m2k).

In summary, the total time complexity of Algo-
rithm 1 is #iterations ∗O(m2k) +O(max(m,n)n)

3 Experiments

In this section, we conduct experiments to verify the
effectiveness of the proposed framework, CoSelect, on
datasets from real-world social media websites by com-
paring it with the state-of-the-art feature selection

Table 1: Statistics of the Datasets
Datasets BlogCatalog Digg
# Posts 4,142 1,943
# Features 4,548 3,289
# Classes 8 2
# Links 10,242 8,051

methods with and without instance selection. After in-
troducing datasets, we discuss experiment setting with
a convergence study, and present a comprehensive com-
parative study of CoSelect followed by a discussion on
parameter selection.

3.1 Social Media Data Two datasets from real-
world social media websites, BlogCatalog and Digg, are
collected for evaluation.

BlogCatalog: BlogCatalog2 is a blog directory
where users can register their blogs under predefined
categories, which are used as class labels of blogs in our
work. Blogs are linked via their hyperlinks and social
context. This dataset is obtained from [21].

Digg: Digg3 is a popular social news aggregator
that allows users to submit, digg, and comment on
stories. The topics of stories are considered as the class
labels. The hyperlinks between stories are unavailable
and stories are linked via social context. This dataset
is a subset of the dataset used in [22].

The posts are preprocessed for stop-word removal
and stemming and TFIDF is used to remove obviously
irrelevant features. Note that terms in posts are con-
sidered as features in both data sets. Some statistics of
these datasets are shown in Table 1.

3.2 Experiment Setting and Baseline Methods

For both datasets, we randomly split data into training
data (40%) and testing data (60%). Following [20, 23],
feature quality is assessed via classification performance.
Linear SVM [25] is used for classification given its over-
all good performance. How to automatically determine
the optimal number of selected features is still an open
problem [6], thus we vary the percentages of selected
features from 10% to 100% with an incremental step of
10%.

Two representative feature selection algorithms are
chosen as baseline methods: FisherScore [26](FS) and
Joint ℓ2,1-Norms [20](RFS). Previous study showed that
FisherScore is a state-of-the-art supervised feature se-
lection algorithm [27] while RFS applies joint ℓ2,1-norm
minimization on both loss function and regularization,

2http://www.blogcatalog.com
3http://www.digg.com
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Figure 2: Convergence Ratio of CoSelect with Dif-
ferent Initializing Methods. Note that in this figure,
“Random” denotes initializingW randomly while “non-
Random” denotes initializing W as shown in line 3 of
Algorithm 1.

which is robust to outliers [20]. We did not compare
CoSelect with LinkedFS in [6] as LinkedFS utilizes un-
labeled data during training. As a common practice, the
parameters in feature selection algorithms and Linear
SVM are tuned via cross-validation.

3.3 Convergence Study Before proceeding to ob-
tain classification results, we investigate the convergence
of CoSelect with two different initializations of W, ran-
dom vs. non-random initialization; the latter initial-
ization is shown in line 3 of Algorithm 1. The results
are depicted in Figure 2. We observe that: (1) CoS-
elect with non-random initialization of W converges
much faster than that with random initialization; and
(2) CoSelect with non-random initialization converges
rapidly, usually in fewer than 10 iterations. In our fol-
lowing experiments, we adopt the non-random initial-
ization of W in pursuit of efficiency.

3.4 Comparing CoSelect with Feature Selec-

tion Algorithms with and without Instance Se-

lection In this set of experiments, we evaluate CoSe-
lect in two scenarios: (1) without applying instance se-
lection, we observe how different feature selection algo-
rithms fare, and (2) with instance selection, i.e., apply-
ing instance selection with state-of-the-art algorithms
first, we examine how these feature selection algorithms
compare with CoSelect. When using 100% of instances,
we select x% of features whose classification perfor-
mance is shown in Table 2, where x varies from 10 to
100 with an increment of 10. Note that all parameters
are determined through cross-validation. For CoSelect,
we set {α = 0.1, β = 0.01, λ = 0.3} for BlogCatalog and
{α = 0.1, β = 0.1, λ = 0.3} for Digg.

As the percentage of selected features increases, the
performance first improves, achieves its peak value, and

then degrades. In short, feature selection helps. For
example, CoSelect gains 16.24% and 8.85% relative im-
provement with 20% of features in BlogCatalog and
Digg, respectively, compared to that with 100% of fea-
tures. It is clear that the number of features can be
significantly reduced for social media data without com-
promising performance. We note that RFS consistently
outperforms FS. RFS selects features in batch mode and
considers feature correlation. It is consistent with what
was suggested in [6, 23] that it is better to analyze fea-
tures jointly for feature selection. CoSelect consistently
outperforms RFS (and FS), especially when the num-
bers of selected features are small. There are two main
reasons: first, CoSelect exploits link information among
instances; and second, CoSelect selects the most rele-
vant features and instances simultaneously.

Next we run FS and RFS after applying an instance
selection algorithm to select instances, and we choose
DROP3 in our work since it is proven to be one of
the state-of-the-art instance selection algorithms [28].
We vary the number of selected instances from 10%
to 100% with an incremental step of 10%, and then
for each percentage of selected instances, we repeat the
experiment by selecting x% features where x varies from
10 to 100 with an increment of 10. Hence, for each
y% of selected instances, there are 10 accuracy rates
correspondingly, and we report the best performance
with the corresponding selected features and the results
are shown in Table 3.

A simple combination of feature selection, i.e., FS
or RFS, and instance selection, i.e., DROP3, results in
limited or no performance improvement for social me-
dia data. For example, FS only gains less than 1% im-
provement in BlogCatalog and no improvement in Digg.
As we know, social media data is high-dimensional and
noisy. Therefore high-dimensional data can make in-
stance selection difficult and noisy instances could con-
fuse feature selection. CoSelect obtains significant im-
provement when selecting features and instances simul-
taneously: on average, CoSelect obtains 9.76% and
4.06% relative improvement in BlogCatalog and Digg,
respectively.

We note that CoSelect achieves its best performance
with fewer instances and features, demonstrating that
CoSelect is more likely to select relevant instances and
features. CoSelect allows feature selection and instance
selection to reinforce each other: relevant instances can
guide the selection of relevant features, and relevant
features in turn help select relevant instances.

3.5 A Comprehensive Study of Co-Selecting

Features and Instances In this subsection, we sys-
tematically investigate the performance of CoSelect by



Table 2: Classification Accuracy of Different Feature Selection Algorithms with 100% Instances

Features
BlogCatalog Digg

FS RFS CoSelect FS RFS CoSelect
10% 48.45% 48.98% 51.78% 75.70% 74.51% 79.74%
20% 48.65% 50.22% 52.35% 86.60% 86.54% 87.98%
30% 50.90% 51.67% 52.57% 85.06% 86.61% 88.64%
40% 51.12% 51.79% 52.57% 84.46% 84.81% 87.15%
50% 51.35% 51.57% 51.79% 84.55% 85.06% 86.23%
60% 51.35% 51.80% 51.93% 83.38% 84.89% 86.06%
70% 51.57% 51.63% 51.65% 83.18% 84.03% 84.78%
80% 50.67% 50.77% 50.80% 83.78% 83.78% 83.78%
90% 49.33% 49.42% 49.55% 82.32% 82.32% 82.32%
100% 48.21% 48.21% 48.21% 81.46% 81.46% 81.46%

varying numbers of both selected features and selected
instances from 10% to 100% with an incremental step
of 10%: i.e., a total of 100 experiments for each dataset.
We only show the results for BlogCatalog in Table 4
since we have similar observations in Digg. Note that
the first row represents the percentages of features and
the first column denotes the percentages of instances.

The highlighted numbers are the best performance
of CoSelect for each percentage of selected features. It is
consistently better than that with 100% instances. The
boldfaced numbers signify the cases with the smallest
numbers of features and instances whose performance
exceeds that with 100% features and 100% instances.
We can see that using a very small portion of the whole
datasets can obtain comparable or better performance
than using the whole dataset. For example, for the
BlogCatalog data, the performance with 40% instances
and 10% of features is better than that with 100%
instances and 100% of features, i.e., 51.10% vs 48.21%.
In other words, CoSelect can obtain better performance
with only 4% of the whole dataset.

In order to verify the effect of instance selection
with respect to feature selection, given a percentage of
selected features, we perform another comparison for
CoSelect to use selected instances or the full set of train-
ing data in classification. We observe that when select-
ing relevant features and instances together, CoSelect
gains up to 10.36% and 4.09% relative improvement for
BlogCatalog and Digg, respectively. The above obser-
vations demonstrate that CoSelect can select relevant
features and instances simultaneously by integrating in-
stance and feature selection in the same framework.

4 Related Work

Feature selection methods fall into three categories, i.e.,
the filter model, the wrapper model and the embed-
ded model [29, 5]. The filter model relies on gen-

eral characteristics of the data to evaluate and se-
lect feature subsets without involving any mining al-
gorithm [30, 31, 32, 24]. The wrapper model requires
one predetermined mining algorithm and uses its per-
formance as the evaluation criterion. It searches for fea-
tures better suited to the mining algorithm aiming to
improve mining performance [26, 34, 35]. For the em-
bedded model, the procedure of feature selection is em-
bedded directly in the training process [36, 20, 15, 6, 4].

Sparsity regularization such as ℓ2,1 of a matrix is
applied to feature selection in recent years. In [16],
the ℓ2,1 of the matrix is introduced as a rotational
invariant ℓ1 norm. A similar model for ℓ2,1-norm
regularization is proposed to select features for multi-
task learning [37, 15]. In [23], Zhao et al. introduces
a spectral feature selection algorithm based on a sparse
multi-output regression with a ℓ2,1 norm constraint to
select relevant features while removing redundancy. Nie
et al. [20] apply ℓ2,1-norm minimization to both loss
function and regularization. A loss function with ℓ2,1-
norm is robust to outliers while ℓ2,1-norm regularization
selects features across all instances with joint sparsity.
The increasing popularity of social media produces
massive linked social media data. In [6], LinkedFS is
proposed to take advantage of social context for feature
selection in a semi-supervised manner. In [4], LUFS
is introduced to exploit link information presented in
social media data for unsupervised feature selection.
However, both LinkedFS and LUFS utilize unlabeled
data when training and cannot distinguish relevant
instances from irrelevant instances for effective learning.

In [40], a coSelection framework is proposed for un-
supervised rare category analysis. It can co-select exam-
ples from the rare category and features relevant to iden-
tify the rare category. However, this coSelection frame-
work is different from our proposed coSelect framework.
First, coSelection in [40] is only for attribute-value data
while our proposed framework can take into account



Table 3: Classification Accuracy of Different Feature Selection Algorithms with Different Numbers of Selected
Instances

Instances
BlogCatalog Digg

FS( #) RFS( #) CoSelect( #) FS( #) RFS ( #) CoSelect( #)
10% 26.10%(70%) 28.02%(70%) 40.57%(40%) 56.74%(50%) 56.98%(60%) 64.37%(40%)
20% 30.41%(70%) 31.06%(60%) 44.38%(40%) 60.55%(50%) 61.63%(50%) 68.06%(30%)
30% 34.65%(70%) 34.54%(70%) 48.19%(50%) 70.37%(50%) 69.47%(50%) 80.99%(40%)
40% 36.39%(70%) 38.02%(70%) 52.00%(20%) 75.87%(50%) 75.90%(40%) 87.21%(50%)
50% 38.01%(70%) 38.02%(60%) 51.55%(50%) 75.44%(40%) 78.54%(40%) 86.78%(40%)
60% 43.54%(60%) 43.55%(60%) 55.36%(20%) 80.67%(40%) 81.53%(40%) 87.46%(40%)
70% 47.07%(60%) 48.02%(60%) 57.70%(40%) 82.75%(40%) 82.66%(30%) 88.15%(30%)
80% 51.97%(60%) 52.36%(60%) 56.04%(40%) 83.35%(40%) 84.46%(30%) 92.21%(30%)
90% 52.07%(70%) 53.52%(60%) 53.45%(30%) 83.92%(40%) 85.65%(30%) 89.09%(30%)
100% 51.57%(70%) 51.80%(60%) 52.57%(40%) 86.60%(20%) 86.61%(30%) 88.64%(30%)

linked data. Second, the tasks of these two frameworks
are different. coSelection aims to identify the rare cat-
egories and their relevant features, including rare cat-
egory selection and feature selection, while our work
focuses on feature selection aided by instance selection
for efficient and effective learning. Instance selection is
introduced to address the noisiness of social media data.
Third, coSelection in [40] is unsupervised while ours is
supervised. Thus their formulations and optimization
methods are different from ours.

5 Conclusions

Having observed the unique characteristics of social me-
dia data, we propose a novel feature selection frame-
work, CoSelect, for social media data. As we know,
social media data is linked, noisy, and can contain irrel-
evant instances. Link information suggests that topics
of linked instances may be similar. Instance selection
is incorporated into feature selection in order to select
relevant instances while selecting features. Experimen-
tal results on two real-world social media datasets show
that the proposed framework (CoSelect) can effectively
handle linked data to select features as well as instances.
By performing feature selection and instance selection
in a co-selection scheme, CoSelect can greatly reduce
data (e.g., only 4% of the original dataset) without per-
formance deterioration.

In online social networks, it is easy to establish con-
nections which can lead to networks with heterogeneous
relationship strengths [41]. Thus one future direction is
to incorporate tie strength estimation and prediction
into CoSelect to further exploit link information. Ex-
cept link information, social media data is always re-
lated to other sources. In the future, we would like to
investigate how to integrate multiple sources about so-
cial media data for feature selection
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