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As an important pre-processing stage in many machine learning and pattern recognition domains, feature
selection deems to identify the most discriminate features for a compact data representation. As typical feature
selection methods, Lasso and its variants using the l1-norm based regularization have received much attention
in recent years. However, most of existing l1-norm based sparse feature selection methods ignore the structure
information of data or only consider the pairwise relationships among samples. In this paper, we propose a
hypergraph regularized sparse feature learning method, where the high-order relationships among samples are
modeled and incorporated into the learning process. Speciﬁcally, we ﬁrst construct a hypergraph with multiple
hyperedges to capture the high-order relationships among samples, followed by the computation of a
hypergraph Laplacian matrix. Then, we propose a hypergraph regularization term, and a hypergraph
regularized Lasso model. We conduct a series of experiments on a number of data sets from UCI machine
learning repository, and two real-world neuroimaging based classiﬁcation tasks. Experimental results
demonstrate that the proposed method achieves promising classiﬁcation results, compared with several well
known feature selection approaches.
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1. Introduction
During the past decades, the rapid advances in data collection and
storage capabilities have led to an information overload in many
machine learning and pattern recognition domains. Researchers working in domains, such as computer vision, neuroimaging analysis,
biology and remote sensing, are facing larger and larger observations
and simulations [1–4]. Usually, the feature dimension is even much
higher than the number of features, which is called ‘small-sample-size’
problem [1,5]. The high dimensional features will consume more
computation and storage resources, and even may degrade the
performances of learning algorithms, which is typically referred as
‘the curse of dimensionality’ [1]. For addressing the high-dimensional
feature problem, various dimension reduction approaches are proposed, including feature extraction methods and feature selection
methods [5]. Feature extraction approaches aim to ﬁnd a lower
dimensional representation to capture the content in the original data,
according to some criterion [6]. In contrast, feature selection methods
deem to ﬁnd the most informative features from the original feature
sets to ﬁnd a more compact representation of the original data, which is
the very focus of this study.
Generally, existing feature selection approaches can be roughly
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categorized into two classes, i.e., ﬁlter-type methods and wrapper-type
methods [7]. Speciﬁcally, wrapper-type methods require a pre-deﬁned
learning algorithm to evaluate the performance on each candidate
feature subset, and then determine the optimal feature subset according to the learning performance [8]. In contrast to wrapper-type
methods, ﬁlter-type feature selection approaches directly select features according to some criterion (e.g., mutual information, correlation
[9–12]), and involve no learning algorithm. Among a huge literature on
feature selection methods, Laplacian Score (LS) [13], Fisher Score (FS)
[14] and Constraint Score (CS) [15] are typical examples.
On the other hand, sparse feature learning methods (e.g., Lasso and
its variants) have received increasing attention in feature selection
domain, where the l1-norm based regularization is adopted to encourage sparsity among feature weights [1,16–20]. In recent years, the l1norm based sparse feature selection methods have been widely used in
various machine learning and pattern recognition domains, such as
dimension reduction [21–24,11], imaging annotation [25], and objective categorization [26,27]. However, most of existing sparse feature
learning methods seldom take advantage of the high-order relationships among samples that is a kind of important prior information.
Intuitively, modeling the high-order relationship information can
further boost the performance of feature learning models.
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ping data in the original feature space into the label space. Although the
LapLasso model considers the relationship information of data, it only
focuses on the pairwise relationships, while the relationships among
three or more samples (i.e., the high-order relationships) are not
modeled.

For addressing that problem, in this paper, we propose a hypergraph regularized sparse feature learning method, where a hypergraph
Laplacian regularization is developed to explicitly model the high-order
relationship information of data. Speciﬁcally, we ﬁrst construct a
hypergraph, by constructing multiple hyperedges that reﬂect the
high-order relationships among samples. Then, we propose a hypergraph Laplacian regularization term, as well as a hypergraph regularized Lasso model. We conduct a series of experiments on a number of
data sets from University of California-Irvine (UCI) machine learning
repository [28], and two real-world neuroimaging based classiﬁcation
tasks on the baseline Alzheimer's Disease Neuroimaging Initiative
(ADNI) database [29]. Experimental results demonstrate that the
proposed method achieves promising classiﬁcation results, compared
with several established feature selection methods.
The rest of this paper is organized as follows. Section 2 introduces
the related work on sparse feature selection and hypergraph learning.
In Section 3, we present the proposed hypergraph regularized sparse
feature learning method in details. We then introduce the experiments
and related discussions in Section 4 and Section 5, respectively. Finally,
we conclude this paper in Section 6.

2.2. Hypergraph learning
In the literature, graph learning [34,35] and hypergraph learning
[36–38] have achieved promising performance in many applications.
In graph learning, one sample is represented by a vertex in a graph, and
one edge connects a pair of vertices based on some distance measure
metric (e.g., Euclidean distance). Thus, only the pairwise relationships
among samples can be captured in graph learning methods.
Diﬀerent from conventional graph learning approaches, a hyperedge in a hypergraph can connect more than two vertices according to
some criterion [36]. In this way, hypergraph learning can automatically
model the complex (e.g., high-order) relationships of data, which is a
very appealing property. Recently, hypergraph learning has been
widely used in various applications. For instance, Gao et al. [37]
develop a hypergraph-based 3D object retrieval and recognition
method, and achieved state-of-the-art results. In this method, the
relationship among diﬀerent objects are formulated in the hypergraph
structure. Based on diﬀerent sample clustering results, multiple
hypergraphs are constructed and the learning on multiple hypergraphs
is jointly conducted to estimate the relevance among these objects.
Hypergraph has been also investigated in hyperspectral image classiﬁcation. In [39], both the spectral and the spatial correlations among
samples are formulated in a hypergraph structure, and the learning on
the hypergraph is conducted to classify diﬀerent samples. To further
extend this method, a bi-layer graph learning strategy is proposed in
[40], where a simple graph layer is generated to learn the connectionbased feature among samples, and a hypergraph layer is employed to
further modeling these samples based on the output of the ﬁrst layer.
The main contribution of this study is that we propose to
incorporate the hypergraph regularizer into a sparse feature learning
model, where the high-order relationships among samples can be
modeled explicitly. To the best of our knowledge, this is the ﬁrst work
to consider the high-order relationship among samples in sparse
feature learning. We evaluate the proposed method on both UCI data
sets and a real-world data set, with results demonstrating the eﬃcacy of
our method.

2. Related work
2.1. Sparse feature selection
In the last two decades, sparse learning attracts much attention in
pattern recognition and machine learning domains. As a typical sparse
learning methods, Lasso [16] is a shrinkage and feature selection
method for linear regression, and has been proven to be very popular
and well studied for high-dimensional data [30–32,1]. Some reasons
for the popularity might include 1) the entire regularization path of the
Lasso can be computed eﬃciently, and 2) Lasso is able to handle more
predictor variables than samples by producing sparse models [1,33].
Generally, Lasso is a penalized least squares method, which
minimizes the usual sum of squared errors with the l1-norm penalty
on the weight vector (i.e., w ∈ 9 D ). Mathematically, the objective
function of Lasso is deﬁned as follows [16]:

arg min
w

1
y − Xw
2

2
2

+ λ1 w 1 ,

(1)

where X = [x1, x2, …, xD] is the N × D matrix whose rows consist of the
D-dimensional ﬁxed predictor variables xn (n = 1, 2, …, N ), and w ∈ 9 D
is the estimated weighted vector. The vector y contains the Ndimensional set of real valued observations of the response variable.
Due to the sparsity nature of l1-norm, the Lasso method can perform
feature selection and regression/classiﬁcation simultaneously.
Recently, several extensions of Lasso are proposed, following the
work in [16]. Some typical approaches include elastic net [19], group
Lasso [18], and fused Lasso [17]. It is worth noting that most existing
l1-norm based feature learning methods seldom consider the structure
information of data. Intuitively, such structure information is one type
of prior information that can beneﬁt the subsequent learning problem
at hand. Recently, researchers in [2] develop a manifold Laplacian
regularized Lasso (called LapLasso in this study) method, where the
Laplacian matrix based on the manifold assumption for data is adopted
to guide the sparse feature learning method. Speciﬁcally, the LapLasso
model is deﬁned in the following [2]:

arg min
w

1
y − Xw
2

2
2

+ λ1 w

1

+ λ2 wT XT LmXw,

3. Hypergraph regularized sparse feature learning
In this section, we ﬁrst present the proposed hypergraph Laplacian
regularization in Section 3.1, and then ﬂesh out the proposed hypergraph regularized Lasso (HLasso) model in Section 3.2.
3.1. Hypergraph laplacian regularization
Fig. 1 shows the ﬂowchart of our proposed hypergraph regularized
sparse feature learning method. As can be seen from Fig. 1, we ﬁrst
construct a hypergraph using the input data matrix, and then compute
the hypergraph Laplacian matrix. Next, we develop a hypergraph
regularized sparse feature selection approach. Finally, we perform
classiﬁcation using the selected features. Throughout the paper, we
denote boldface upper-case letters, boldface lower-case letters and
normal italic letters as matrices, vectors and scalars, respectively.
Table 1 summarizes important notation and their corresponding
deﬁnitions used in the rest of this paper.
Given a vertex set = where each vertex represents a sample, a
hyperedge set , with each one connecting two or more vertices, and a
weight vector a = (ai ) ∈ 9 Ne for Ne hyperedges, a hypergraph is
represented by . = (= , , , a). It is worth noting, diﬀerent from the
edge in simple graph that connects only two vertices, a hyperedge in a

(2)

where Lm is the manifold Laplacian matrix, which is deﬁned as
Lm = D m − Sm . Note that Sm is the similarity matrix with the element

Sijm = e−
Diim

xi − x j 2
2
σ
,

N
∑ j =1

and D m is a diagonal matrix with the element

Sijm .

=
Note that the last term in Eq. (2) is to preserve the
pairwise relationship information of data during the process of map186
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Fig. 1. Flowchart of the proposed hypergraph regularized sparse feature learning method. There are four main steps, including (1) hypergraph construction, (2) hypergraph Laplacian
computation and (3) Hypergraph regularized sparse feature selection, and (4) classiﬁcation.

from the original hypergraph, e.g., star expansion [42], clique expansion [42] and Rodriquez's Laplacian [43]. In the second category, a
hypergraph Laplacian is deﬁned by using the analogies from the simple
graph Laplacian, e.g., normalized Laplacian [36] and Bolla's Laplacian
[44]. It is reported that the aforementioned two categories are close to
each other [45]. In this study, we adopt the method proposed in [36] to
compute the hypergraph Laplacian. That is the positive semi-deﬁnite
matrix Lh = I − Θ is called the hypergraph Laplacian, where
Θ = D−1/2
HAD−1/2
HT D−1/2
.
v
e
v
It is worth noting that, hyperedge construction is an essential
process in hypergraph learning [41,44]. Following [36,37], we adopt a
KNN technique to construct hyperedges. To be speciﬁc, we treat each
vertex as a center, and compute its K nearest neighbors via the
Euclidean distance between the center vertex and the other vertices.
Then, a hyperedge is constructed by connecting that center vertex and
its K-nearest neighbors. Given N samples, we can then construct N
hyperedges. Following [37], we empirically assign equal weighting
values to all hyperedges, i.e., a ei = 1 for the hyperedge ei
(i = 1, 2, …, Ne ).

Table 1
List of important notation used in this paper.
Notation

Definition

X

The data matrix X ∈ 9 N × D , where N is the sample size and D is
the feature dimension.

y

The class label vector for N subjects, i.e., y ∈ 9 N .
The weighting vector that mapping the data in original feature

w
. = (= , , , a)

Ne
A

space into the label space, and w ∈ 9 D .
. denotes a hypergraph, where = , , and a represent the set of
vertices, the set of hyperedges, and the weights of hyperedges,
respectively.
The number of hyperedges, i.e., Ne = , .
The diagonal matrix of the hyperedge weights A ∈ 9 Ne × Ne , and
Aii = ai .
The degree of the vertex v.
The degree of the hyperedge e.

d(v)
δ (e)
Dv

The diagonal matrix of the vertex degrees, and Dv ∈ 9 N × N .

De

The diagonal matrix of the hyperedge degrees, and De ∈ 9 Ne × Ne .

H

The incidence matrix for the hypergraph, and H ∈ 9 N × Ne .

Lm

The manifold Laplacian matrix Lm ∈ 9 N × N .

Lh

The hypergraph Laplacian matrix Lh ∈ 9 N × N .

3.2. Hyergraph regularized lasso model
hypergraph can connect more than two vertices, through which highorder relationships can be modeled explicitly [34,41]. Here, each
hyperedge ei (i = 1, …, Ne ) is assigned a weighting value a (ei ). For the
hypergraph . , its incidence matrix H ∈ 9 N × Ne is generated to represent
the relationships among diﬀerent vertices. Speciﬁcally, the entry h (v, e)
of the incidence matrix H denotes whether the vertex v is connected
with other vertices via the hyperedge e, which is deﬁned as follows:

⎧1, if v ∈ e
h (v , e ) = ⎨
.
⎩ 0, if v ∉ e

Based on the hypergraph Laplacian matrix, we now present our
hypergraph regularization term, which is deﬁned as follows

The intuition of Eq. (8) is that we want to preserve the structure
information of data in the original feature space, while such structure is
high-order reﬂected by hypergraph Laplacian matrix Lh . With the
proposed hypergraph regularization term Ω, we now present our
hypergraph regularized Lasso (HLasso for short) model as follows:

(3)

Based on the incidence matrix H , the vertex degree of each vertex
v ∈ = and hyperedge degree of the hyperedge e ∈ , are deﬁned,
respectively, as

d (v ) =

∑ w (e) h (v, e),
e∈ ,

arg min
w

∑

(4)

(5)

In addition, we denote Dv and De as diagonal matrices of vertex
degrees and hyperedge degrees, respectively, with elements deﬁned as
follows

⎧ d (i ), if i == j
Dv (i, j ) = ⎨
,
otherwise
⎩ 0,

(6)

and

⎧ δ (i ), if i == j
De (i, j ) = ⎨
.
otherwise
⎩ 0,

2
2

+ λ1 w

1

+ λ2 wT XT LhXw,

(9)

where is the hypergraph Laplacian matrix. The ﬁrst term in Eq. (9) is
the empirical loss on the training data, the second term is the l1-norm
regularization, and the last term is the hypergraph Laplacian regularization.
With the proposed HLasso model, we can not only perform sparse
feature selection, but also utilize the high-order structure information
conveyed by the hypergraph Laplacian matrix Lh . It is worth noting that
our proposed HLasso model is diﬀerent from conventional manifold
Laplacian regularized Lasso model (i.e., LapLasso in Eq. (2)). That is,
HLasso can explicitly model the high-order relationships among
samples, while LapLasso can only capture the pairwise relationships.
Now, we introduce an eﬃcient optimization algorithm for solving
the objective function of HLasso deﬁned in Eq. (9). It is straightforward
to verify that the proposed objective function is convex but non-smooth
because of the non-smooth l1-norm regularization term. The basic idea
to solve the problem is to use a smooth function to approximate the
original non-smooth objective function, and then solve the former by
utilizing some oﬀ-the-shelf fast algorithms. In this paper, we resort to
the widely used accelerated proximal gradient (APG) method [46] to
solve the proposed problem. For a ﬁxed Q (i.e., the maximum
iteration), the APG algorithm for the problem in Eq. (9) has 6 (1/ Q 2 )
asymptotic convergence rate. Then, we list the process of our hyper-

h (v , e).

v∈ =

1
y − Xw
2

Lh

and

δ (e ) =

(8)

Ω = wT XT LhXw.

(7)

Let A represent the diagonal matrix of hyperedge weights, with the
diagonal element Aii = ai . Currently, there are various methods for
computing the hypergraph Laplacian, which can be divided into two
categories [36]. The ﬁrst category aims to construct a simple graph
187
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graph regularized sparse feature learning method in Algorithm 1.

•

Algorithm 1. The hypergraph regularized sparse feature learning
method.
Input: Data matrix X ∈ 9 N × D ; Label vector y ∈ 9 N .
Initialization: Parameters λ1 and λ2.
Step 1. Construct a hypergraph . , and compute the hypergraph
Laplacian matrix Lh according to the data matrix X .
Step 2. Perform sparse feature selection using Eq.(9), by selecting
features with non-zero coeﬃcients in the learned weight vector
w.
Step 3. Perform classiﬁcation based on the data with only those
selected features.
Output: Classiﬁcation results.

•
•

4. Experiment
4.1. Data sets

Generally, we adopt a 5-fold cross validation strategy to compute
the classiﬁcation accuracy. To be speciﬁc, we ﬁrst partition the whole
data set into 5 subsets (each subset with roughly equal size), and each
time one of these subsets is utilized as the test set while the other 4
subsets are combined together to be the training set. In addition, to
determine the number of optimal feature dimensions in each fold, we
further perform feature selection via an inner cross-validation on
training data (i.e., another 5-fold cross-validation is performed on
training data). Note that the test data is not used to determine the
selected features, and not used for parameter selection. Then, the mean
and the standard deviation of classiﬁcation accuracies on the test set
using such optimal feature subset are reported.
In the experiments, three classiﬁers are used to perform classiﬁcation tasks based on the selected features achieved by diﬀerent feature
selection methods. The ﬁrst one is the K-nearest neighborhood (KNN)
classiﬁer with Euclidean distance and K=1, the second one is a linear
support vector machines (Linear SVM) with the default regularization
parameters value (i.e., C=1) [47], and the third one is the SVM
classiﬁer with RBF kernel (RBF SVM) with a heat kernel. The
bandwidth parameter of RBF kernel in RBF SVM is selected from
{10−3, 10−2, …, 10 3} via inner cross-validation on the training data.
For feature ranking methods (i.e., LS, FS and CS), we ﬁrst select the
ﬁrst d features from the ranking list of features generated by
corresponding algorithms, where d is the desired number of selected
features speciﬁed as d = 1, 2, …, D in the experiments. Then, we report
the highest classiﬁcation accuracy as well the number of selected
features for LS, FS, and CS. For sparse feature selection methods
(i.e., Lasso, LapLasso and the proposed HLasso method), the optimal
feature subset is determined on the training data through corresponding algorithms, and the classiﬁcation results on the test data are
reported using such ﬁxed feature subsets. Following [15,23], the
parameter λ for CS is set to be 0.1 empirically. The regularization
parameters λ for Lasso are chosen from {10−6, 10−5, …, 10 0} through
inner 5-fold cross validation on the training data. Similarly, the
parameters λ1 and λ2 in LapLasso and our HLasso method are selected
from the same range by inner cross validation on the training data. As
mentioned in Section 2, we adopt the KNN technique for constructing
hyperedges, where the neighbor size K is selected from the range
{3, 5, 7, 11, 15, 25, 35, 50} through inner cross validation on the training data.

First, we evaluate the eﬃcacy of the proposed method on eight data
sets from the UCI machine learning repository [28]. These data sets
have small or middle size of feature numbers, with class numbers
ranging from 2 to 6. The detailed information of those UCI data sets
used in this study are shown in Table 2.
Then, we evaluate our method on two neuroimaging based classiﬁcation tasks using the Alzheimer's Disease Neuroimaging Initiative
(ADNI) database (http://adni.loni.usc.edu) [29]. This database have
included 202 subjects with the magnetic resonance imaging (MRI).
There are three categories of subjects, including 51 AD patients, 99
mild cognitive impairment (MCI) patients and 52 normal controls
(NCs). Two classiﬁcation tasks are performed, including AD vs. NC
classiﬁcation and MCI vs. NC classiﬁcation. For each subject, we adopt
the voxel-based morphometry (VBM) to extract voxel-based gray
matter (GM) density features from its MR imaging. The whole image
processing step follows the standard VBM protocol. Particularly, we
adopt the t-test to select the informative features.
4.2. Experimental setting
We compare the proposed method with ﬁve popular feature
selection approaches, which are described as follows.

•
•

Laplacian Score (LS) [13]. Laplacian Score is a simple unsupervised
feature selection method, with a key assumption that the data points
from the same class should be close to each other. LS prefers
features with larger variances as well as stronger locality preserving
ability.
Fisher Score (FS) [14]. As a supervised feature selection method,
Fisher Score needs full class labels of samples. This method seeks
features that can maximize the distance of data points between
diﬀerent classes and minimize the distance of data points within the

Table 2
Statistics of UCI data sets used in the experiments.
Name

Feature Dimension

Class Number

Sample Number

Dermatology
Diabetes
Hepatitis
Ionosphere
Parkinson
Vehicle
Wdbc
Wine

34
8
19
33
22
18
14
13

6
2
2
2
2
4
2
3

361
768
155
351
195
846
569
178

same class simultaneously.
Constraint Score (CS) [15]. This method is semi-supervised, where
pairwise constraints are used to guide the feature selection process.
Speciﬁcally, Constraint Score performs feature selection according
to the constraint preserving ability of features. It utilizes
M = {(xi , xj)|xi and xj belong to the same class} containing pairwise mustlink constraints and C = {(xi , xj)|xi and xj belong to different classes}
containing pairwise cannot-link constraints as the supervision
information.
Lasso [16]. As a typical sparse feature selection method, Lasso
performs feature selection through the l1-norm, where features
corresponding to zero coeﬃcients in the weight vector will be
discarded [16].
Manifold Laplacian regularized Lasso (LapLasso). LapLasso performs feature selection via the l1-norm regularization, which is
similar to Lasso. In particular, LapLasso adopts a manifold
Laplacian regularization to preserve the structure information of
data in the original feature space [2].

4.3. Results on UCI data sets
In the ﬁrst group of experiments, we evaluate the performance of
our proposed method and those compared methods (including LS, FS,
CS, Lasso and LapLasso) on eight data sets from the UCI machine
learning repository. In Fig. 2, we report the mean classiﬁcation
188
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Fig. 2. Classiﬁcation results achieved by the proposed method and the compared methods on UCI data sets, using (a) KNN classiﬁer, (b) Linear SVM classiﬁer, and (c) RBF SVM
classiﬁer.

accuracies as well as corresponding variances, by using KNN, Linear
SVM and RBF SVM classiﬁers.
From Fig. 2, one can observe two main points. First, regardless of
the using of diﬀerent classiﬁers, our proposed HLasso method usually
achieves the overall better performance than the compared methods.
For instance, on the Dermatology data set, the accuracy achieved by
HLasso is 98.52%, while the best accuracy of the compared methods is
only 97.08% (achieved by FS) using KNN classiﬁer. Second, among
three l1-norm based sparse feature selection algorithms, HLasso performs better than Lasso and LapLasso in most cases. In particular,
HLasso usually outperforms LapLasso in eight UCI data sets with three
classiﬁers. It indicates that the higher-order relationship information
can further boost the performance of conventional sparse feature
learning models that only model the pairwise relationships among
samples.
In addition, we list the average number of selected features
achieved by diﬀerent feature selection methods among those 5-fold
cross validation, with results shown in Table 3. From Table 3, one can
see that the number of selected features achieved by our HLasso
method is similar to the compared methods. Recall the classiﬁcation
results shown in Fig. 2, we can ﬁnd that using similar number of
selected features, the proposed HLasso method can achieve more
accurate classiﬁcation accuracy, compared with the other ﬁve methods
(i.e., LS, FS, CS, Lasso and LapLasso).

Table 3
Number of selected features on UCI data sets.
LS

FS

CS

Lasso

LapLasso

HLasso

KNN

Dermatology
Diabetes
Hepatitis
Ionosphere
Parkinson
Vehicle
Wdbc
Wine

25
8
19
32
15
17
18
11

22
6
19
29
21
10
20
12

28
8
19
29
23
18
18
10

34
8
19
33
21
18
29
12

33
6
18
28
19
17
27
12

32
5
18
15
21
17
26
13

Linear SVM

Dermatology
Diabetes
Hepatitis
Ionosphere
Parkinson
Vehicle
Wdbc
Wine

25
8
1
32
12
17
26
8

22
6
15
30
18
18
25
5

26
8
12
35
20
17
26
8

33
8
19
32
21
18
29
13

32
6
17
31
21
17
27
13

33
7
18
32
21
17
26
12

RBF SVM

Dermatology
Diabetes
Hepatitis
Ionosphere
Parkinson
Vehicle
Wdbc
Wine

25
8
1
31
11
16
21
12

25
6
18
31
21
18
27
9

27
6
13
26
15
15
29
9

34
8
18
33
19
18
29
13

33
6
18
30
20
17
28
12

33
6
16
26
18
17
26
12

4.4. Results on real-world database
further demonstrate the superiority of our HLasso method, where the
high-order information is incorporated into the sparse feature selection
process.

In the second group of experiments, we evaluate our proposed
method on the ADNI database. Speciﬁcally, two classiﬁcation tasks are
performed, including AD vs. NC classiﬁcation and MCI vs. NC
classiﬁcation, with experimental results shown in Fig. 3. From Fig. 3,
we can observe that in AD vs. NC classiﬁcation, our HLasso method
consistently outperforms the compared methods, using KNN, Linear
SVM and RBF SVM classiﬁers. For instance, with KNN classiﬁer,
HLasso achieves an accuracy of 89.33%, while the best results achieved
by the compared methods is only 86.67% achieved by Lasso and
LapLasso. Similarly, the proposed HLasso method perform better than
the compared methods in MCI vs. NC classiﬁcation. These results

5. Discussion
In this section, we ﬁrst investigate the inﬂuence of neighbor size
(for constructing the hyperedge) on the performance of the proposed
HLasso method (Section 5.1), and then study the inﬂuence of two
parameters on the performance of HLasso (Section 5.2).
189
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Fig. 3. Classiﬁcation results achieved by the proposed method and the compared methods on the ADNI data set for (a) AD vs. NC classiﬁcation and (b) MCI vs. NC classiﬁcation.

Fig. 4. Classiﬁcation results achieved by the proposed method using diﬀerent neighbor sizes for hyperedge construction on the Dermatology (left) and the Ionosphere (right) data sets.

5.1. Inﬂuence of neighbor size
As mentioned in Section 3.1, we construct a hypergraph by using a
KNN technique for hyperedge generation. Now we investigate the
inﬂuence of neighbor size in KNN on the performance of our proposed
method. Fig. 4 reports the results achieved by our HLasso method on
Dermatology and Ionosphere data sets, where the neighbor size varies
in the range {3, 5, 7, 11, 15, 25, 35, 50}. As can be seen from Fig. 4, on
the Dermatology data set, HLasso achieves the best performance using
the neighbor size 7. On the Ionosphere data set, HLasso adopts the
neighbor size 7 (or 11) to obtain the best results. When the neighbor
size is large than 15, the performance degrade rapidly. The underlying
reason could be that, with a large neighbor size, only the global
structure information (other than the local structure information)
can be modeled, which is not suﬃcient to reﬂect the true data structure.
5.2. Inﬂuence of parameters
Fig. 5. Classiﬁcation results achieved by the proposed method using diﬀerent parameters (i.e., λ1 and λ2) on the Dermatology data set using KNN classiﬁer.

Furthermore, we investigate the inﬂuence of two parameters (i.e., λ1
and λ2) on the proposed HLasso method. In Fig. 5, we show the results
of HLasso on the Dermatology data set using KNN classiﬁer, where λ1
and λ2 vary in the range {10−6, 10−5, …, 10 0}. As can be seen from Fig. 5,
the performance of the proposed HLasso method has some ﬂuctuations
by using diﬀerent values for two parameters. When λ1 and λ2 lie in the
range {10−4 , 10−3, 10−2}, HLasso achieves the best result, and such
performance is stable. These results imply that the selection of
parameters is important for our proposed method, which is also an
open problem in sparse learning. For choosing the optimal parameters,
one can adopt the cross-validation strategy, as suggested in [1].

can be modeled explicitly and incorporated into the sparse feature
selection process. Speciﬁcally, we ﬁrst construct a hypergraph based on
the input data matrix. Then, we develop a hypergraph Laplacian
regularization term, and a hypergraph regularized Lasso model. We
evaluate our method on a series of data sets, with experimental results
demonstrating the eﬃcacy of the proposed method. In the currrent
work, we simply assign equal weights to each hyperedge in the
constructed hypergraph. Since diﬀerent hyperedges may contain
diﬀerent information of data structure, it is interesting to learn
diﬀerent weights for diﬀerent hyperedges, which will be our future
work. In addition, besides class labels, there are many other kinds of
weak supervision information (such as pairwise constraints). In the
future work, it is also interesting to investigate how to integrate the
pairwise constraints into our proposed hypergraph regularized sparse

6. Conclusion
In this paper, we propose a hypergraph regularized sparse feature
learning method, where the higher-order relationships among samples
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