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Abstract. We consider the problem of ﬁnding the sparse associations
between two sources of data, for example the sparse association between
genetic variations (e.g., single nucleotide polymorphisms, SNPs) and phenotypical features (e.g., magnetic resonance imaging, MRI) in the study
of Alzheimer’s disease (AD). Despite the success of Canonical Correlation Analysis (CCA) based its sparse variants in a number of applications, they usually neglect the underlying natural tree structures SNPs
and MRI data. Speciﬁcally, the whole candidate set, genes, SNPs of gene
form a path of tree structure in SNPs data, and the whole image, regions
of image, features of region form a path of tree structure in the MRI
data. In order to model the tree structure of features in both sources of
data, in this paper, we propose a Tree-guided Sparse Canonical Correlation Analysis (TSCCA). The proposed model equips CCA with special
mixed-norm regularization terms in order to model the underlying multilevel tree structures among both the inputs and outputs. To solve the
resulted complicated optimization problem, we introduce an eﬃcient iterative algorithm for TSCCA by rewriting tree-structured regularization
into the common form of overlapping group lasso. To evaluate the proposed model, we have designed the simulation study and real world study
respectively on Alzheimer’s disease. Experimental results on the simulation study have shown that the proposed method outperforms CCA
with Lasso and group Lasso. The real world study on Alzheimer’s disease
has shown that our model can ﬁnd biologically meaningful associations
between SNPs and MRI features.
Keywords: Tree-guided Sparse · Canonical correlation analysis
Association study · Alzheimer’s disease

c Springer Nature Switzerland AG 2018

L. Cheng et al. (Eds.): ICONIP 2018, LNCS 11307, pp. 585–597, 2018.
https://doi.org/10.1007/978-3-030-04239-4_53

586

1

S. Zhou et al.

Introduction

Many real world problems in machine learning and science discovery amount to
ﬁnding a sparse and consistent mapping between one source of high dimensional
features to another source of output signals. For example, in social media study,
one wants to ﬁnd the association between the objects in images and the labels
raised by users [5]. In bioinformatics, one wants to ﬁnd the association between
a selected set of single nucleotide polymorphism and the output genetic expressions, which is known as expression quantitative trait loci (eQTL) mapping [4].
In the study of many complex diseases such as Alzheimer’s disease, identifying
associations between genetic variations and intermediate phenotypes is crucial
[6,7]. In other words, a key step in this task is to discover cross linkages between
genetic risk factors based on genomic data−−such as SNPs, and indicative intermediate phenotypes−−such as brain regions abnormalities measured by MRI.
This result can help us ﬁnd out a subset of SNPs which may have functional
consequences potentially on brain region structures.
Many approaches have been proposed to solve this problem including canonical correlation analysis [8] and its variants with various sparse priors [2,3,6,7,18].
For example, Parkhomenko et al. [18] applied sparse CCA (SCCA) to ﬁnd relationships between genetic loci and gene expression levels in Utah families; Witten
and Tibshirani [3] used SCCA to reveal associations between gene expression
and DNA copy variation; and Chen et al. [2] used structured CCA for pathway selection. In general, by assuming the independence of the output variables,
sparse priors such as Lasso [21], elastic net [36], group Lasso or equivalently
multiple kernel learning [11,24–28,30–32], overlapping group Lasso [1,9,10], and
Bayesian automatic relevance determination [15,17] can be applied, where the
non-zero coeﬃcients can be interpreted as the markers truly associated with the
output variables. Despite the success in some applications, these sparse priors
suﬀer from various problems, for example, the features selected by Lasso may
randomly distribute throughout the whole feature set, but neglect structured
information in features. Group Lasso aiming modeling the group structure of
features either does not consider overlaps among groups or cause an imbalance
among diﬀerent features due to over penalization on large groups.
However, the structure information underneath data in real world problems
can be more complex. For Example, in study of person re-identiﬁcation, Zhou
et al. [35] divide the person image into three parts (head, torso and legs), which
can be represented by a tree-structured feature. And in the study of Alzheimer’s
disease, both the SNPs and the MRI features naturally form a tree structure
(as shown in Fig. 1): the whole set of corresponding genes related to the AD
study forms the root node whose children are the genes and grandchildren are
the SNPs; the whole MRI image forms the root of a tree with diﬀerent regions
(e.g. Left Hippocampus) of the image being children and each feature (e.g.,
volume of Left Hippocampus) being the grandchildren. In order to model the
tree structure of features in both sources of data, in this paper, we propose a Treeguided Sparse Canonical Component Analysis (TSCCA). The proposed model
equips CCA with special mixed-norm regularization terms in order to model the
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underlying multilevel tree (i.e., hierarchical) structures among both the inputs
and outputs motivated from literature on tree-structured regularization [13,14].
To solve the resulted complicated optimization problem, we introduce an eﬃcient
iterative algorithm for TSCCA by rewriting tree-structured regularization into
the common form of overlapping group lasso. To evaluate the proposed model, we
have designed a simulation study and a real world study on Alzheimer’s disease.
Experimental results on the simulation study have shown that the proposed
method outperforms CCA with Lasso and CCA with group Lasso. The real world
study on Alzheimer’s disease has shown that our model can discover meaningful
correlations between SNPs and MRI features.

Fig. 1. The illustration the tree structures of SNPs and MRI data. The whole feature
set of genes and MRI features are considered as foot nodes of the two trees, respectively;
the internal nodes are groups of features, which are grouped based on corresponding
genes and regions, respectively; The individual features of SNPs and MRI are considered as leaf nodes.

2

Methods

Before presenting the model, we ﬁrst introduce some basic notations. In our
paper, there are two sources of data (e.g., SNPs and MRI), denoted by X =
[x1 , . . . , xn ] and Y = [y1 , . . . , yn ], respectively. Here both X and Y contain
n subjects, and described by p-dimensional and q-dimensional feature vectors,
respectively.
2.1

Model

Sparse Canonical Correlation Analysis. Given the two data sources X
and Y , the variance matrices of data X, Y are denoted by ΣXX and ΣY Y ,
respectively. And the covariance matrix between X and Y is denoted by ΣXY
or ΣY X . The CCA method aims to ﬁnd two projection vectors α and β, i.e.,
the linear combinations of two data variables, which maximize the correlation
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between these two linear combinations (i.e., α X and β  Y ), as shown in the
Eq. (1):
max α ΣXY β
α,β

(1)

s. t. α ΣXY α = 1, β  ΣXY β = 1.
In practical applications, the amount of samples may be much smaller than
the high dimensions of data (i.e., p, q  n). To address this issue, sparse methods
such as Lasso [21], elastic net [36], and group Lasso [32], can be imposed on the
projection vectors as the penalty function, as shown in the Eq. (2).
min −α ΣXY β + λ1 Ψ (α) + λ2 Φ(β)
α,β

(2)

s. t. α ΣXX α ≤ 1, β  ΣY Y β ≤ 1,
where Ψ (·) and Φ(·) denote the penalty function on α and β, respectively.
Tree-Structure Modelling. As shown in Fig. 1, the features of SNPs and MRI
data form a tree structure, respectively. In order to select important features in
the hierarchical tree structures, we introduce the tree-structured lasso into the
CCA model. In tree structure, we observe that the overlapping between nodes
may exist: any child node overlaps with its parent nodes, actually, the child
node’s feature set belongs to that of its parent node; the nodes from the same
depth in the tree do not overlap.
Let T be an index tree with a depth d, and let Ti = {Gi1 , Gi2 , . . . , Gini } denote
the set of nodes corresponding to the depth i, where n0 = 1, G01 = {1, 2, . . . , p}
and ni ≥ 1, i = 1, 2, . . . , d. Then this set of nodes satisﬁes the following conditions: (1) the nodes from the same tree depth have non-overlapping features,
i.e., Gij ∩ Gik = ∅, ∀i ∈ {1, 2, . . . , d}, j = k, 1 ≤ j, k ≤ ni ; and (2) If Gi−1
j0 is the
i−1
i
i
parent node of a non-root node Gj , then Gj ⊆ Gj0 .
Given the tree structure, the tree-structured regularization can be deﬁned
as:
ni
d 

h
Φ(x) =
ωji xGij + x x,
(3)
2
2
i=0 j=1
where x ∈ Rp , ωji ≥ 0 (i = 0, 1, . . . , d, j = 1, 2, . . . , ni ) denotes the pre-deﬁned
weight for the node Gij , · denotes the Euclidean norm, h is a tuning parameter,
and xGij is a vector composed of the feature of x with indices in Gij . To address

the problem of collinearity, the ridge penalty h2 x x is introduced in Eq. (3).
Tree-guided group Lasso can be seen as a special case of the overlapping group
Lasso [13], which models the overlapping groups through a tree structure.
Each group of coeﬃcients xGij in Eq. (3) is weighted with ωji . For convenience
of subsequent discussion, we denote ωv = ωji , where v is the jth node of the depth
i. Existing overlapping group Lasso methods may bring an imbalanced penalty
among diﬀerent features. To address this downside, we follow a weight-balanced
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scheme. We deﬁne ωv in terms of two quantities gv and sv , where gv + sv = 1.
The sv is the weight for selecting the variables according to each of the children
node v separately, and gv is the weight to select these nodes jointly. Now, for
a given tree T , we apply the Eq. (4) operation recursively, from the root node
towards the leaf nodes.
d2 
mi

i=0

where


W (v) =

ωji βGij

2

= W (vroot ),

(4)

j



sv ·

c∈Children(v)

|W (c)| + gv · βGv
|βGv | ,

2,

(a)
(b)

In the above equation, (a) represents that v is an internal node, and (b) represents that v represents the leaf node.
It is shown the relationship in Eq. (5) holds between ωv ’s and (sv , gv )’s [13].
⎧
sm ,
⎪
⎨ gv
m∈Ancestors(v)
ωv =
(5)
sm ,
⎪
⎩
m∈Ancestors(v)

Actually, the above weighting scheme extends the elastic-net-like penalty hierarchically, which result in a balance of our model. It is easy to verify that the
following proposition holds [13]:
Proposition 1. For feature k, the sum of the weights ωv for the nodes v ∈ T
whose feature group Gv contains the feature k equals one, i.e., as following holds:

ωv =
sm
v:k∈Gv

m∈Ancestors(vleaf )



+

gl

l∈Ancestors(vleaf )

sm = 1.
m∈Ancestors(l)

Tree-Guided Sparse CCA. In this study, since the features can be naturally
be represented using certain tree structures as shown in Fig. 1, we incorporate
the tree-guided sparse penalty on the both source of features into the design of
CCA models. This results in a tree-guided sparse CCA (TSCCA), as shown in
the following equation:
min −α ΣXY β + λ1 Φ1 (α) + λ2 Φ2 (β)

(6)

α,β

s. t. α ΣXY α ≤ 1, β  ΣXY β ≤ 1,
where Φ1 (α) =
h2 
2 β β.

d1 
ni

i=0 j

ψji αGij

2

+

h1 
2 α α

and Φ2 (β) =

d2 
mi

i=0 j

ωji βGij

2

+
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Optimization Algorithm

The main diﬃculty in solving Eq. (6) grows from the tree-structured regularization. Motivated by [2], we transform the tree-structured regularization into
the common form of the overlapping group lasso. Let the nodes of the index
tree be numbered from left to right and from top to bottom (e.g. G01 = 1, G11 =
2, ..., Gij = k, ..., Gdnd = l). Then the tree-structured regularization can be rewritten as:
l

h
Φ(x) =
ωk xk 2 + x x.
(7)
2
k=1

For illustrating easily, we assume that Φ1 (α) = α 1 . Thus, we get the following
equation:


min −α ΣXY β + λ
α,β

l


ωk βk

2

+

k=1


h 
β β
2

s. t. α ΣXY α ≤ 1, β ΣXY β ≤ 1, α

1

≤ 1.

Let the β domain be denoted as Q1 = {β| β 2 ≤ 1}, v = τ1 Y  Xα and γ =
Then the optimization of Eq. (6) respecting β can be written as:
min f (β) ≡ l(β) + Φ(β),

β∈Q1

(8)

λ
τ.

(9)

where l(β) = 12 β − v 2 is the Euclidean distance loss function and Φ(β) is the
rewritten tree-structured regularization. According to the Theorems 1–3 in [2]
and the Fenchel duality theorem, the optimization problems in the form like
Eq. (9) can be solved by the Excessive Gap Method. The details of proof and
calculation process can be found in [2].

3
3.1

Results
Simulation Study

At ﬁrst, we design a simulation study to examine TSCCA to estimate the accuracy on ﬁnding cross linkages between the two source of data, to investigate
whether TSCCA can improve the detection power compared to the other sparse
model.
Simulation Data. For generating the ground truth, we simulate two data sets
X and Y , consisting of p = 400 and q = 300 variables (features), which the
index tree structures in α and β are given as a priori. Data X and Y are divided
into GX = 20 and GY = 10 groups respectively as internal nodes. For simplicity,
the feature size of internal nodes are the same in both X and Y . We set the
depth to be 3, i.e., d = 3. Each individual feature in X and Y is a leaf node,
and the whole feature set in both X and Y is considered as the foot node.
We set the sample size n as 200. To append the potential correlation between
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variables in X and variables in Y , a latent variable is set Υ = {γi |i = 1, . . . , n}
with a Gaussian distribution N (0, σγ2 ) and normalize all the variables to the
unit length, which have the similar eﬀect on the correlated variables from two
source of data. We generate X and Y with each sample xi ∼ N (γi α, σe2 ΣXX ),
and yi ∼ N (γi β, σe2 ΣY Y ), where α = [α1 , . . . , αp ], β = [β1 , . . . , βq ] are the
projection vectors of X and Y , respectively, where αj = 0, βk = 0, if xj , yk are
the correlated variables, σe2 is the variance of noise variable, and ΣXX and ΣY Y
are the variance-covariance matrices of X, Y data which are used to simulate
the tree-structured group eﬀect within each dataset. We set Σij = ρ|i−j| , while
variables i and j are correlated variables, i.e., they are included in the same
group, where ρ is preferred to be 0.5 referring to [16,32].
For performance evaluation on the sparsity, we adopt the F1-measure to
evaluating diﬀerent models. We compare the proposed model with current stateof-the-art sparse association study methods, including CCA with lasso sparse
penalty (denoted by CCA-Lasso) and CCA with Group Lasso penalty (denoted
by CCA-Group Lasso).
In the following, we ﬁrst compare the recovering results of correlated variables
from two source of date among diﬀerent sparse CCA methods.
Figures 2 and 3 show the results of recovered projection vectors α and β
by CCA-Lasso, CCA-Group Lasso and TSCCA methods, respectively. It shows
that TSCCA can estimate the α and β more accurate than the other two sparse
models. The CCA-Lasso misses out some true variables, and CCA-Group Lasso
selects more noise variables. The TSCCA not only can recover the tree structure
between two source of date accurately but also can distinguish noise variables.
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Fig. 2. Performance comparison in recovering α of three sparse CCA models. (a)
Ground Truth α; (b–d) α recovered by CCA-Lasso, CCA-Group Lasso and TSCCA.

Secondly, we discuss the how the sample size of data eﬀects the recovery
performance. We increase the sample size n from 50 to 250, with step of 50,
comparing the performance of these sparse models. Figure 4(a) presents the F1
score with diﬀerent sample size. It shows that, with the sample size increasing,
TSCCA keeps the best F1-measure among these methods.
Finally, we discuss how noise in data aﬀects the model performance. To compare these models under diﬀerent noise levels, we ﬁxed other conditions but
adjust the standard deviation σe , starting from 0.1 to 1 with step 0.1, manipulating the relation coeﬃcient between two datasets. From Fig. 4(b), we can
see that TSCCA is more robust than other methods whenever the noise level
increase.
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Fig. 3. Performance comparison in recovering β of three sparse CCA models. (a)
Ground Truth β; (b–d) β recovered by CCA-Lasso, CCA- Group Lasso and TSCCA.
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Fig. 4. A comparison of three SCCA models in diﬀerent situations. (a) F1-measures
for three methods when varying sample sizes from 50 to 250. (b) F1-measures for three
methods when varying the standard deviation of noises.

3.2

AD Study

We conduct association analysis study based on a dataset called Alzheimer’s
Disease Neuroimaging Initiative (ADNI). The ADNI study is a longitudinal
multi-site observational study of the elderly individuals with diﬀerent cognition
conditions (i.e., normal cognition, mild cognitive impairment (MCI) or AD). We
applied our model TSCCA to discover the correlation between genetic variations
and brain regions atrophy measured by MRI.
The ADNI dataset is available on adni.loni.ucla.edu. After removing samples
with missing values, it contains 618 samples (182 normal, 302 MCI and 134
AD) and each sample includes 924 SNPs (selected as the top SNPs with high
discriminative power to separate normal subjects from MCI and AD) and 328
MRI features (measuring the brain atrophies in diﬀerent regions about surface
area, volume or cortical thickness with FreeSurfer software). Based on the feature
belongs to diﬀerent brain regions, we divided the 328 MRI features into 118
groups, which are considered as internal nodes. We ﬁrst obtain the gene that
each SNP belongs to by analyzing the SNPs information downloaded from www.
ncbi.nlm.nih.gov/projects/SNP/dbSNP.cgi?list=rslist, then we divided the 937
SNPs into 529 groups based on the SNP belongs to diﬀerent genes, which are
also considered as internal nodes. Each individual feature of SNPs and MRI is
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considered as leaf node, and the whole feature set of both SNPs and MRI is
considered as foot node, hence SNPs and MRI data naturally be represented
using two certain tree structures with depth three.
We apply our proposed method TSCCA on association discovery of
Alzheimer’s Disease using SNPs and MRI features. Lastly, the heatmap Fig. 5
shows the biclustering of the SNPs-MRI cross linkages, witch reveals meaningful correlations between genetic variations and brain atrophy. For example, the
top ranked 19 SNPs are included in a few genes, such as PVRL2 (rs8105340),
TOMM40 (rs2075650), HK2 (rs3771773), MAGI2 (rs508990), of which some have
been studied more carefully in AD (www.alzgene.org); In selected 22 MRI features, Fusiform, Middle Temporal, and Hippocampus play a important role in
formating long-term memory.

4

Discussion

Since the dimensions of SNPs and MRI features are far larger than sample size in
ADNI dataset, the standard CCA models have the problem of overﬁtting, which
cannot be applied directly. To handle this problem, many methods impose an
L1−norm on α and β as a penalty function to shrink the coeﬃcients of the
irrelevant variables toward zero [19,22,23]. Corresponding models are referred
to sparse CCA. However, sparse learning with L1−norm is limited which neglects
the latent rich structural information among data. Actually, data structure as
prior information is crucial to improve model performance and interpret ability,
especially when leaning from high-dimensional data.
Recently, To take advantage of the structure prior knowledge of data, various extensions of L1−norm penalty have been proposed, such as the elastic
net [36], the Group Lasso penalty [32], overlapping Group Lasso [2], as well as
the mixed-norm tree-structured penalty [12–14]. However, the tree-structured
penalty has not been incorporated into the CCA framework for AD study. The
main challenge arises from the computational side. For solving the group-sparsity
regularized optimization problem, [14] showed the Moreau-Yosida regularization
associated with the tree structured group Lasso admits an analytical solution,
and design eﬃcient algorithm for solving the problem for smooth convex loss
functions; and Kim [13] adopted the smoothing proximal gradient approach to
solve the problem.
For associations discovery study, [29,33,34] presented Bayesian multiview
learning models for joint associations discovery and disease prediction in the
AD study. Diﬀerent from the proposed unsupervised association study, those
methods also require the given disease status as an input. It is also important
to note that there are some approaches aim to make diagnosis based on MRI
imaging data [20], while the focus of this paper is to ﬁnd the associations.
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Fig. 5. The heatmap estimated by TSCCA, which shows the associations between
SNPs and MRI features. Where, the SNP names are given at the bottom and the MRI
features are listed on the right.

5

Conclusions

In this paper, we presented, TSCCA, a tree-guided sparse CCA model for associations discovery in the Alzheimer’s disease study. We also develop an eﬃcient
optimization algorithm for the proposed model. Our experimental results on the
simulation study have demonstrated that the proposed method can discover more
rich structure information. Experimental results on the real world AD study has
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shown that the proposed method can output biologically meaningful results and
we plan to apply our model to a wide range of applications in bioinformatics
and computer vision involving the tree structure.
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