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Abstract

Machine learning techniques have led to developments of algorithms that can

learn from datasets alone to perform various pattern recognition, classification,

and prediction tasks under rapid increase in computational power. In the field of

biomedical engineering, they are expected to be promising solutions to deal with

data growth associated with high-throughput experiments and high-resolution

imaging techniques. However, there are still difficulties in applying machine

learning techniques to the large amount of high-dimensional data.

The first is about high-dimensionality, that is, the number of features may be

much larger than that of samples while the most of features could be irrelevant to

the phenotypes. In this situation, imposing sparsity-inducing regularization on

machine learning models is able to remove irrelevant features automatically and

effective in yielding insights into underlying biology to allow experimentalists

to have a new working hypothesis. The next is about co-linearity, that is, a

feature is linearly correlated with others, leading to unstable estimation of model

parameters. One of the solutions is to apply dimension reduction that maps the

original dataset onto a low dimensional space while keeping most of important

information, under assuming that the entire dataset has been generated by

a dominant system with a fewer dimensionality. The last is a nonlinearity

inherent in biological phenomena. Since many biological phenomena could be

nonlinear, it is worth introducing a nonlinear assumption into the models. Here,

kernel-based methods are used for this purpose which deal with various types

of nonlinear transformation within a unified framework.

In this thesis, I explored interpretable machine learning methods that can

be applied to high-dimensional data with a particular interest in analyses of hu-

man brain activities, and moreover, investigated a novel method for multimodal

analyses that can be seen in the biomedical engineering field.
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In chapter 3, I focused on diagnosis of depression based on human functional

magnetic resonance imaging (fMRI). In order to achieve both accurate diag-

nosis and identifying relevant anatomical regions for depression, I introduced

region-wise sub-kernels that corresponded one-to-one to anatomical brain re-

gions, and an associated learning method as an extension of multiple kernel

learning. This method achieved reasonably good accuracy in terms of leave-

one-out cross-validation and also identified a restricted number of anatomical

regions which will be profitable for depression diagnosis in the future study.

In chapter 4, I predicted a number of clinical scores from resting-state func-

tional connectivity, with an interest in knowing the relation between the psychi-

atry scores and patient’s brain activities. To ease the effects from co-linearity

in the functional connectivity, I applied partial least squares regression (PLSR)

and its kernel variants. As a result, I successfully demonstrated that they pro-

vided significantly better prediction of psychiatry scores than that by ordinary

linear regression after applying a low-dimensional feature extraction.

In chapter 5, I examined the problems that often occur when nonlinear cor-

relation analyses are applied to high-dimensional data. I introduced a novel

method called two-stage kernel canonical correlation analysis, in order to intro-

duce an appropriate design of kernels within the framework of multiple kernel

learning. Using synthetic datasets, I confirmed that this method enabled us to

remove irrelevant features. An application to gene expression analysis for the

mice metabolic system is also demonstrated.

As a conclusion, I explored machine learning algorithms that allowed us

to interpret the obtained results and to simultaneously deal with co-linearity

and nonlinearity in high-dimensional datasets. Specifically, I focused on the

relationship between clinical diagnosis, scores, and fMRI data of depression pa-

tients with an attempt to reveal a physiological basis of traditional psychological
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evaluations in chapters 3 and 4. Moreover, to obtain deeper understanding of

biological phenotypes in a data driven manner, I introduced a novel method

based on multiple kernel learning in chapter 5, which enabled us to obtain non-

linear associations in the given biomedical data. Thus, the studies shown in

this thesis could be new methodologies for dealing with high-dimensional and

multimodal data in the field of biomedical engineering.
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1 Introduction

1.1 Background

Machine learning techniques, which grew out of computational statistics, de-

velop algorithms that can learn from datasets to make pattern recognitions,

classifications, and predictions under rapid increase of computer power. In the

field of biomedical engineering, they are expected to be promising solutions for

biologist and medical scientists since the amount of data is rapidly increasing

due to appearance of high-throughput experiments and high resolution imaging

techniques. However, applying machine learning techniques to the large amount

of data is not always straightforward. One of difficulties is high-dimensionality,

where the number of features p is much larger than that of samples N . In this

situation, conventional use of statistics including multivariate analysis doesn’t

work properly. Another difficulty is about interpretability. In this field, a re-

sult of machine learning techniques is required to yield some new insights about

underlying biology to lead experimentalists to a new working hypothesis.

Let us consider a concrete example of machine learning applications to as-

sociate behavioral responses with brain activity data measured by functional

magnetic resonance imaging (fMRI). In the framework of machine learning, this

application is formulated as a prediction problem to build a model that can

assign a newly measured brain activity data to behavioral responses automati-

cally. Note that brain activity data could be high-dimensional data since fMRI

techniques have high spatial resolution. There are a number of important topics

and I mention three of them.

The first is that brain activity in most of anatomical regions could be ir-

relevant to the behavioral responses of interest due to theory of localization of

brain function. In this case, it is natural to assume that only a small number

of anatomical regions are contributing to the prediction and the rest are not.
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Therefore, it is desirable to apply a method that can automatically identify con-

tributing anatomical regions and remove the irrelevant regions in the learning

process. In the field of machine learning, it is useful to impose sparsity-inducing

penalty such as L1 regularization that focuses on a small number of features that

contribute to the outputs. This procedure can provide interpretability of the

model that could guide us to some new insights about underlying relationship

between brain activity and the behavioral responses.

The next is that brain activity in many regions could be strongly correlated

when they have strong coherence in their activity. In terms of machine learning,

this causes a phenomenon called co-linearity that leads to unstable estimation

of parameters. One of the solutions is to apply dimension reduction that trans-

fers the original dataset into a low dimensional space while keeping most of

important information. Note that the underlying assumption is that the entire

dataset is generated by a few dominant systems and identifying the systems is

beneficial for interpretation of the result.

The last is nonlinearity in biological phenomenons. Since many biological

phenomenons could be nonlinear, it is worth incorporating a nonlinear assump-

tion into the learning algorithms. In addition, a framework that can deal with

the various types of data, such as graph data, string data, and so on, is ex-

pected in this field. Here, the method frequently used for this purpose is kernel

method that deals with various types of nonlinear transformation in a unified

framework.

In this thesis, I explore interpretable machine learning in high-dimensional

data for analysis of brain activity to solve the above mentioned problems and

investigate a novel method for multimodal analysis.
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1.2 Structure

This thesis is organized as follows.

In chapter 2, I briefly review three topics in machine learning. First, I review

sparsity-inducing regularizations with L1 norm and their previous applications.

Second, I review modeling with latent variables to explain basis of canonical cor-

relation analysis and partial least squares method, and overview their previous

applications. Finally, I review the basis of kernel methods, such as reproducing

kernel Hilbert space and representer theorem, and overview the previous studies.

In chapter 3, I focus on diagnosis of depression based on functional magnetic

resonance imaging (fMRI). In order to achieve both accurate diagnosis and

identifying relevant anatomical regions for depression, I introduce region-wise

sparseness using multiple kernel learning.

In chapter 4, I predict a number of clinical scores from resting-state func-

tional connectivity in order to investigate the relation between conventional

psychiatry and brain activity. Using partial least squares regression (PLSR)

and its kernel variants, I demonstrate that they provide significantly better

prediction of clinical scores than ordinary linear regression and subsequent clas-

sification using predicted clinical scores distinguishes depression patients from

healthy controls with 80% accuracy. Moreover, I evaluate loading vectors for

latent variables to identify brain regions relevant to depression.

In chapter 5, I investigate a novel method to introduce sparseness and inter-

pretability in terms of nonlinear correlation analysis. Using synthetic datasets

and nutrigenomic datasets, I show that my introduced method can extract mul-

tiple, nonlinear associations among high-dimensional data and multiplicative

interactions among variables.

In chapter 6, I give some conclusion remarks.
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2 Machine Learning Methods

In this chapter, I review three topics in machine learning algorithms.

2.1 Sparsity-Inducing Regularizations

Regularization was originally introduced to solve an ill-posed problem and avoid

overfitting in the field of machine learning. Among many variants of regular-

ization, L1 regularization was invented to learn the model and perform feature

selection simultaneously [1].

2.1.1 Problems

L1 norm regularization

By adding L1 norm ∥w∥1, an optimization problem with respect to w ∈ Rd is

written as follows:

min
w∈Rd

L(w) + λ∥w∥1, (1)

where L(w) is a convex and differentiable loss function and λ is a regularization

parameter that controls the amount of regularization: the larger the value λ

is, the larger the amount of regularization is. This optimization problem is

reformulated as follows:

min
w∈Rd

L(w) s.t. ∥w∥1 ≤ C, (2)

where C is an upper bound of L1 norm. There is a one to one correspondence

between λ and C. If the regularization parameter is large enough, or the upper

bound is small enough, some of the coefficient w go to exact zero.

It is worth mentioning the sparsity-inducing mechanism of L1 regularization.

Since the L1 norm ∥w∥1 =
∑
|wl| is convex but non-differentiable at a point

10



wl = 0, subgradient is introduced as below.

Definition 2.1 Let f : Rd → R be a convex and non-smooth function. A

subgradient of f at a point w0 denoted by ∂f(w0) is defined as follows:

∂f(w0) = {g ∈ Rd : ∀w, f(w)− f(w0) ≥ ⟨g,w −w0⟩}. (3)

If zero vector is included in a subgradient at a point w0, f(w0) is a minimum

since f(w) ≥ f(w0) for any w.

The subgradient of Eq. (1) with respect to l-th coefficient is obtained as

follows:

∂L

∂wl
+ λ∂|wl|. (4)

If the gradient of loss function evaluated as a point wl = 0 is included in an

interval [−λ, λ] as follows:

∂L

∂wl
|wl=0∈ [−λ, λ], (5)

optimal minimum is achieved when wl = 0.

Fu, et al. (1998) introduced one sort of coordinate descent gradient algo-

rithms called shooting algorithm for L1 regularization with least squares regres-

sion [2]. Their method optimizes the following:

min
w∈Rd

1

2
∥y −Xw∥22 + λ∥w∥1, (6)

where y ∈ RN are response variables and X ∈ RNp is a design matrix where

xij represents i-th sample’s j-th feature. A subgradient of Eq. (6) is obtained

as follows:
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∂L

∂wl
+ λ∂|wl| =


alwl − ρl − λ, wl < 0,

[− ρl − λ,−ρl + λ] wl = 0,

alwl − ρl + λ, wl > 0,

(7)

where al =
∑N

i=1 x
2
il and ρl =

∑N
i=1 xil(yi −

∑
j ̸=l wlxij). ρl is proportional to

the correlation of l-th feature and residuals obtained without it, indicating the

relevance of l-th feature. Due to the optimality condition, the solution is as

follows:

w∗ =


ρl+λ
al

, ρl ≤ −λ

0, −λ < ρl < λ

ρl−λ
al

, ρl ≥ λ.

(8)

This indicates that if relevance of each feature is less than the given λ, the

corresponding weight becomes exact zero.

Although least angle regression and shrinkage (LARS) [3] is limited to the

case where the loss function is a least squared error, it is well studied as a

method to efficiently obtain an optimal solution for all possible λ.

Group L1 norm regularization

Suppose that d predictors are divided into G groups without any overlaps.

Group lasso was proposed to introduce sparseness at the group level [4], for-

mulated as follows:

min
w∈Rd

L(w) + λ
G∑

g=1

∥wg∥2, (9)

where ∥ · ∥2 represents Euclidean norm. This optimization problem is reformu-

lated as follows:
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min
w∈Rd

L(w) s.t.
G∑

g=1

∥wg∥2 ≤ Cg, (10)

where Cg is an upper bound of a regularization term. This term forces all

predictors within a group drop out of the model.

2.1.2 Proximal Gradient Methods

In Eq. (1) and (9), while L(w) is differentiable convex function, such as least

squares loss and logistic loss, a regularization term is non-differentiable func-

tion, suggesting conventional smooth optimization algorithms are not applica-

ble. Proximal gradient method is a useful iterative algorithm applicable to both

L1 and group L1 regularization similarly.

Definition 2.2 A proximity operator proxg is defined as follows:

proxg(y) = argmin
w∈Rd

(
1

2
∥y −w∥22 + g(w)), (11)

where g is a convex function.

A proximity operator with L1 norm is defined as follows:

proxl1
λ (y) = argmin

w∈Rd

(
1

2
∥y −w∥22 + λ∥w∥1). (12)

The solution is as follows:

[proxl1
λ (y)]i =


yi − λ, yi ≥ λ

0, −λ ≤ yi ≤ λ

yi + λ, yi ≤ −λ,

(13)

for i = 1, ..., d. A proximity operator with L1 norm is called soft threshold

function.
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A proximity operator with group L1 norm is defined as follows:

proxgr
λ (y) = argmin

w∈Rd

(
1

2
∥y −w∥22 +

G∑
g=1

∥wg∥2). (14)

The solution is obtained in each group as follows:

proxgr
λ (yg) =

 (∥yg∥2 − λ)
yg

∥yg∥2
, ∥yg∥2 > λ

0, others.
(15)

In the case of Eq. (1), given t-th iteration wt, next iteration is obtained as

follows:

wt+1 = argmin
w

∇L(wt)
T (w −wt) + λ∥w∥1 +

1

2ηt
∥w −wt∥22, (16)

where the first term is a linear approximation of L(w) at wt and the third term

is called proximity term that penalizes the distance from the current value. Due

to this term, the solution is obtained using proximity operator as follows:

wt+1 = proxl1
ληt

(wt − ηt∇L(wt)). (17)

When the loss function is H smooth, proximal gradient method is known to

be converged with O(1/k) with the number of steps k.

2.1.3 L1 Regularization in Biomedical Data

Multivariate regression and classification with L1 regularization are useful to

identify a small subset of millions of genotypes linked to the given phenotype

such as disease outcome, in a genome-wide association (GWA) study [5, 6].

Wu, et al. (2009) applied logistic regression with L1 regularization to SNPs

data in case-controls study and successfully identified a subset of SNPs relevant

to coeliac disease. This method was extended to multi-task regression that
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performed a joint GWA study from multiple populations, rather than to analyze

each population separately to identify a subset of relevant genotypes shared

across different populations [7].

2.2 Modeling with Latent Variables

A wide class of machine learning methods for modeling with latent variables,

including canonical correlation analysis (CCA) and partial least squares regres-

sion (PLSR), are obtaining a great amount of attention in the field of biomedical

engineering. They were introduced to model latent variables shared across two

datasets.

2.2.1 Canonical Correlation Analysis

Canonical correlation analysis (CCA) is an method that extracts common char-

acteristics involved in two datasets by maximizing the correlation coefficient

between linear projections of two datasets [8].

Let D = {(xi, zi)}Ni=1 be N pairs of samples, where xi and zi are the i-th

samples drawn from p- and q-dimensional Euclidian space, respectively. Let

w ∈ Rp and v ∈ Rq be projection vectors for x and z, respectively. The

objective of linear CCA is to find projection vectors that maximize Pearson’s

correlation between {wTxi}Ni=1 and {vT zi}Ni=1 and formulated as the following

optimization problem:

max
w∈Rp,v∈Rq

wTCxzv (18a)

subject to wTCxxw = 1 (18b)

vTCzzv = 1, (18c)
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where Cxz denotes the empirical covariance matrix between x and z, and Cxx

and Czz denote the empirical covariance matrices of x and z, respectively. Note

that both x and z are set to have zero mean. The optimal solution (w∗,v∗) of

Eq. (18) is obtained by solving the method of Lagrange multiplier as follows:

max
w∈Rp,v∈Rq

L(w,v, λw, λv) = wTCxzv + λw(1−wTCxxw) + λv(1− vTCzzv),

(19)

where λw, λv are Lagrange multipliers. Optimization of Eq.(19) with respect to

w,v, λw, and λv is formulated as generalized eigenvalue problem:

 O Cxz

CT
xz O


 w

v

 = λ

 Cxx O

O Czz


 w

v

 , (20)

where λ = 2λw = 2λv is the canonical coefficient.

In the generalized eigenvalue problems, the k-th eigenvectors w∗
k and v∗

k,

corresponding to the k-th largest eigenvalue are the k-th projection vectors,

and w∗T
k x and v∗T

k z are said to be the k-th canonical variables for x ∈ Rp and

z ∈ Rq, respectively.

The different formulation of CCA is obtained from the view point of a rank-

K matrix decomposion [9]. Suppose that identity matrices can be substituted

for covariance matrices Cxx and Czz, the following formulation is obtained as

follows:
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max
w∈Rp,v∈Rq

wTCxzv (21a)

subject to wTw = 1 (21b)

vTv = 1. (21c)

Let wk and vk be the k-th column of matrix W and V , and dk be the

k-th diagonal element of a diagonal matrix D, respectively. Eq. (21) can be

considered as the singular value decomposition of covariance matrix Cxz due to

the following equation:

∥Cxz −WDV T ∥2F = ∥Cxz∥2F − 2
K∑

k=1

wT
k Cxzvk +

K∑
k=1

d2k, (22)

where wk and vk represent the k-th singular vectors.

Formulating CCA as the singular value decomposition of a covariance matrix

enables us to introduce sparseness of weight vectors efficiently [9]. When the

number of features p and q are larger than the number of sample n, unique

solutions can be obtained using sparseness.

2.2.2 Canonical Correlation Analysis in Biomedical Data

CCA was used for modeling relations between gene expression data and single

nucleotide polymorphism (SNPs) copy number measurements [9, 10], gene ex-

pression data and concentration of chemical compound [11, 12], several brain

imaging data, such as fMRI and EEG in schizophrenia patients [13, 14]. Sparse

CCA was developed to perform feature selection by introducing L1 regulariza-

tion on projection vectors [9, 15]. Moreover, group sparseness was introduced to

CCA [16] and used to analyze the relation between fMRI data and SNPs data
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in schizophrenia patients [17].

2.2.3 Partial Least Squares Methods

Partial least squares methods are used to analyze the relations between two

datasets by transforming datasets into a low dimensional space [18]. There are

two types of partial least squares methods: (1) partial least squares correlation

(PLSC) is maximizing a covariance of projections of two datasets, indicating

that it is similar with CCA, (2) partial least squares regression (PLSR) is a

regression technique that predicts one dataset from another.

PLS models a linear relation between two blocks of variables {xi}ni=1 ∈ Rp

and {yi}ni=1 ∈ Rq. In the following parts, X = (x1, ...,xn)
T represents the

(n× p) predictor matrix and Y = (y1, ...,yn)
T represents the (n× q) response

matrix. This procedure obtains L latent components as {ti}Li=1 and {ui}Li=1

and assumes following decompositions:

X = TPT + Fx (23)

Y = UQT + Fy, (24)

where both T = (t1, ..., tL) and U = (u1, ...,uL) are the (n × L) matrices of L

latent components corresponding to X and Y , respectively. The (p×L) matrix

P and the (q × L) matrix Q are loadings and the (n × p) matrix Fx and the

(n× q) matrix Fy are matrices of residuals.

Our objective is to obtain weight vectors w ∈ Rp and c ∈ Rq such that

max
t,u

cov(t,u) = max
w,c

cov(Xw, Y c). (25)

The classical form of PLS is called nonlinear iterative partial least squares (NI-
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PALS) algorithm which optimizes weight vectors w and c and latent vectors t

and u iteratively with random initialization of latent vector u (see Algorithm 1).

Algorithm 1 NIPALS

Input: X,Y
randomly initialize u
repeat
w = XTu/(uTu)
∥w∥ → 1
t = Xw
c = Y T t/(tT t)
∥c∥ → 1
u = Y c

until Convergence
series Output: w, t, c,u

Note that ∥w∥2 and ∥c∥2 is one.

deflation

After extracting the first latent component, the observation matrices X and Y

are deflated by subtracting their rank-1 approximation to obtain series of latent

component. Different variants of deflation define different forms of analysis.

One of the variants is a symmetric deflation for PLSC called PLS mode A that

was originally introduced by Wold, et al. [19]. By repeating the above Algorithm

1 and deflation procedure, L times, the weight matrices W = (w1, ...,wL) and

C = (c1, ..., cL) are obtained. Note that loading of X, p is obtained by solving

following problem:

min
p
∥X − tpT ∥2F . (26)

Loading p is given as XT t/(tT t). In the same way, the oading of Y is obtained,

q = Y Tu/(uTu).

Considering the objective Eq. (25) can be seen as singular value decom-

position of XTY , a series of latent components and weight vectors is obtained
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Algorithm 2 PLS mode A

series Input: X and Y
repeat
obtain w, t, c,u using Algorithm 1
X ← X − tpT

Y ← Y − uqT

until obtain L components
series Output: W,T,C,U

at once without iterative deflation. This procedure is equivalent to CCA as

singular value decomposition.

In contrast to the above symmetric deflation, asymmetric scheme that Y is

deflated based on t is required for PLSR. The underlying assumption is that

the latent component of Y , ui, is well predicted from ui such that

U = TD + F, (27)

where D is a regression coefficients matrix and F is a residual matrix.

Algorithm 3 PLSR

series Input: X and Y
repeat
obtain w, t, c,u using Algorithm 1
X ← X − tpT

Y ← Y − tcT

until obtain L components
series Output: W,T,C,U

Finally, the relation in the original data space can be expressed by

Y = XB + E, (28)

where B is the (p × q) matrix of regression coefficients and E is the (n × q)

matrix of residuals.

Plugging the relationship B = W (PTW )−1CT [20, 21] into Eq. (28), the
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different expression of Y is obtained as follows:

Ŷ = XB (29)

= XW (PTW )−1CT (30)

= XXTU(TTXXTU)−1TTY. (31)

The final transformation is derived by following equalities [22]:

W = XTU, (32)

P = XTT (TTT )−1, (33)

C = Y TT (TTT )−1. (34)

Note that tTi tj = δij (the Kronecher delta) takes the values 1 for i = j and 0

for i ̸= j by the consequence of algorithm.

In general, B is obtained from a centered training data set. The response

ynew for a new subject xnew, referred to as test data set, is then estimated as

follows:

ynew = ȳ +BT (xnew − x̄), (35)

where ȳ and x̄ represent mean predictor and response in training data set,

respectively.

2.2.4 Partial Least Squares Methods in Biomedical Data

After McIntosh, et al. firstly introduced PLSC to identify common information

between functional neuroimaging data and the block design of task experiment

or behavior pattern of subjects [23], it was actively studied in the field of neu-
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roimaging. For example, it was used to model the relation between gray matter

density in human brain measured by MRI and psychological assessments of

cognitive ability [24], PET imaging with in-vivo amyloid marker and mental

score for Alzheimer’s patients [25]. Moreover, it was applicable for dimension

reduction prior to a classification of gene expression data to types of tumor and

confirmed to outperform existing dimension reduction method, such as princi-

pal component analysis (PCA) [26]. In the context of multivariate regression,

PLSR was used to predict individuals’ nicotine effect from fMRI data [27] and

survival time from gene expression data [28].

2.3 Kernel Methods

In the field of machine learning, kernel methods using positive semi-definite

matrices are used for complex pattern analysis. The idea of kernel methods is

to transform data from an original space into a high-dimensional feature space

where the standard linear algorithm is applied. While various nonlinear infor-

mation is incorporated in a high-dimensional feature space, kernel method does

not require to specify the transformation explicitly. In stead, by specifying a

kernel, a similarity between data points in the original space, and a correspond-

ing reproducing kernel Hilbert space (RKHS), nonlinear pattern recognition can

be performed efficiently.

2.3.1 A Positive Semi-Definite Kernel

First, suppose a function called a kernel that represents similarity between data

points. Let X be a non-empty set. A function k : X × X → R is a kernel if

there exists a map ϕ : X → H such that ∀x, y ∈ X ,

k(x, y) = ⟨ϕ(x), ϕ(y)⟩H. (36)
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A map transforms original data into a high-dimensional feature space H. In the

Eq. (36), ⟨·, ·⟩H represents an inner product in the feature space H.

The kernel trick is to define k in an original data space X without specifying

a map and computing an inner product in the feature space H. The following

kernels are examples of kernels frequently used in kernel algorithms:

1. linear kernel

k(x, y) = xT y,

2. polynomial kernel

k(x, y) = (xT y + a)b (a ≥ 0, b ∈ N),

3. Gaussian kernel

k(x, y) = exp(−γ∥x− y∥22) (γ > 0),

4. exponential kernel

k(x, y) = exp(−βxT y) (β > 0).

Due to the kernel trick, kernels can be defined on sequence data, text data,

graphs, as well as vector data.

A kernel, k is a positive semi-definite kernel if k(x, y) = k(y, x), and for

every x1, ..., xn ∈ X and c1, ..., cn ∈ R,

n∑
i,j

cicjk(xi, xj) ≥ 0. (37)

Let k1, k2, ... be positive semi-definite kernel kernels defined on X , the fol-

lowing kernels are also positive semi-definite kernels:

1. the sum

k =
∑

λiki, (λ1, λ2, ... ≥ 0),

2. the product

k(x, y) = k1(x, y)k2(x, y),
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3. the limit

k = limi→∞ki,

4. the normalize

k̃(x, y) = k(x,y)√
k(x,x)k(y,y)

.

In the field on machine learning, it is important to point out that every

positive semi-definite kernel defines a unique reproducing kernel Hilbert space.

A function f : X → R in a reproducing kernel Hilbert space is characterized

by the reproducing property. Evaluation of f at a point x denoted by f(x) is

defined as an inner product in feature space as follows:

f(x) = ⟨f, k(·, x)⟩H, (38)

with k(·, x) ∈ H.

2.3.2 Representer Theorem

Given input data {x}ni=1, output data {y}ni=1, a kernel k over X , and a corre-

sponding reproducing kernel Hilbert space H, the following optimization prob-

lem can be considered:

min
f∈H

N∑
i=1

L(yi, f(xi)) + Φ(∥f∥), (39)

where L is a loss function and Φ : R → R is a monotonically increasing func-

tion. Following theorem called representer theorem shows that kernel algorithm

reduces to an N -dimensional optimization problem [29].

Theorem 2.1 A optimum of Eq. (39) is written as follows:

f∗ =
N∑
i=1

αik(·, xi). (40)
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Proof 2.1 Let H0 be a finite dimensional subspace spanned by {k(·, x1),...,k(·, xN )}

and H⊥
0 be orthogonal compliment, orthogonal decomposition is given as follows:

H = H0 ⊕H⊥
0 . (41)

A function f ∈ H is decomposed into f0 ∈ H0 and f⊥ ∈ H⊥
0 . Due to the

reproducing property,

⟨f, k(·, xi)⟩ = ⟨f0, k(·, xi)⟩+ ⟨f⊥
0 , k(·, xi)⟩ (42a)

= ⟨f0, k(·, xi)⟩ (42b)

= f0(xi). (42c)

In addition, considering ∥f∥ = ∥f0∥+ ∥f⊥
0 ∥ and monotonically increasing func-

tion Φ, the relation Φ(∥f0∥) ≤ Φ(∥f∥) is obtained. Therefore, an optimum f∗

is f0 ∈ H0. □

2.3.3 Kernel Methods in Biomedical Data

Among variants of kernel methods, support vector machine (SVM) is well stud-

ied in the field of biomedical enginerring [30]. As microarray experiments which

yield a huge amount of gene expression measurements prevail, SVM was used

for functionally classification of gene expression [31, 32]. In diagnosis of mul-

tiple malignancies, SVM outperformed conventional histopathological method

in accuracy using gene expression measurements from cancer tissue [33, 34]. It

was also used in prediction of protein property using protein structure [35, 36],

and the objective diagnosis of depressed patients [37]. It was also used to iden-

tify genes associated with cancer by applying SVM recursively to a smaller and

smaller sets of features [38].

One of challenging topics in current biomedical enginerring is to character-
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ize data represented by graphs (e.g. protein-protein interactions network and

genetic interaction network) and strings (e.g. sequence of DNA or amino acid).

In previous studies, diffusion kernels and string kernels were used to capture

the similarity of arbitrary pair of samples [39, 40]. For an example, string ker-

nels was used to yield sequence similarity based on shared occurrence of fixed

length patterns in two sequences. They were applied to protein classification

into functional and structural families [40], prediction of transcription start site

location [41], feature extraction of microarray data [42], and prediction of pro-

tein interactions [43].
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3 Sparse Multiple Kernel Learning for Diagno-

sis of Depression

3.1 Introduction

Major depressive disorder (MDD) is though to be caused by a malfunction of

the neural circuit, but little is understood about its detailed etiology. Recent

advance in brain imaging, such as functional magnetic resonance imaging (fMRI)

allows us to monitor human brain activity and opens up a possibility to discover

neural correlates of MDD in a data-driven manner.

Several recent studies have shown that machine learning algorithms, such

as Gaussian process classifier and support vector machine are useful to classify

patients with depression and healthy controls accurately. Especially, support

vector machine (SVM) achieved significantly accurate diagnosis of depression

and providee the neurobiological biomarker in depression [44, 45]. While SVM

uses a single kernel, multiple kernel learning (MKL) uses a weighted summation

of several sub-kernels and the weights are optimized [46, 47]. This technique

was applied to fMRI data to combine different sources of data and improve the

classification performance [48, 49].

In this study, I propose to apply a sparse multiple kernel learning algorithm

called Spicy MKL [50] with sub-kernels defined in a region-wise manner. Here,

each sub-kernel (called region-wise kernel) has it’s own weight, enabling us to

interpret the obtained model (i.e. I can interpret which anatomical regions are

relevant to classification). In addition, using a sparse regularization term in

MKL, the irrelevant anatomical regions are automatically removed.
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Table 1: Patients and controls. Mean ±standard deviation
Patients Controls

age 33.5± 12 38.81± 9.76
gender (male) 15 16
mean reaction time (s) 1.28± 0.32 1.50± 0.33

3.2 Methods

This study was approved by the Human Subjects Research Review Committee

at Okinawa Institute of Science of Technology as well as the Research Ethics

Committee of Hiroshima University (permission nr. 172). Written and informed

consent was obtained from all subjects participating in the study.

3.2.1 Data Acquisition and Preprocessing

31 drug naive patients diagnosed with depression were recruited by the Psychi-

atry Department of Hiroshima University and collaborating medical institutes.

As a control group, 31 persons with no history of mental disorders were re-

cruited (Table 1). All subjects performed a two-blocked cognitive experiment

called phonological and semantic verbal fluency task. In the control condition,

subjects were asked to repeat a word presented on display in their mind and

press the button. In the task condition, they were asked to find some word,

utter it in their mind, and press a button. The word found in each trial had to

begin with a given syllable in phonological task and match a given category in

semantic task.

The obtained images were processed with SPM8 (http://www.fil.ion.ucl.ac.uk/spm/software/spm8),

using slice timing correction, motion correction, normalization with standard

brain template, and smoothing. The contrast between task and control condi-

tions evaluated by z-scores was proceed to input of my method.

I denote the set of resulting data by T = {(xi, yi)}Ni=1 (N = 62), where
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xi ∈ RD(D = 13972) is the fMRI data of the i-th subject and yi ∈ {±1} is the

target class indicating a patient (yi = +1) or a healthy control (yi = −1).

3.2.2 Classification Algorithm

To construct the binary classifier from T , I employed a sparse multiple kernel

learning called “Spicy MKL” [50] with hinge loss. Given M sub-kernel functions

km : X × X → R and corresponding reproducing kernel Hilbert spaces Hm,

sub-kernel matrices were defined as [Km]ij = km(xi, xj) (m = 1, 2, ...,M). I

considered the learning problem with weighted sum of sub-kernels defined as

K =
∑M

m=1 dmKm, where {dm}Mm=1 are non-negative values. Let ∥ · ∥Hm
and

fm be norms and functions in Hm, respectively. The optimization problem is

written as follows:

minimize
f1∈H1,...,fM∈HM ,d1≥0,...,dM≥0

E[f1, ..., fM ] + λ(
M∑

m=1

∥fm∥2Hm

dm
+ dm). (43)

In this equation, the first and second term are empirical hinge loss function

and regularization term, respectively. The third term is L1 norm of weight

vector introduced to penalize weight {dm}Mm=1. By optimizing weight with fixed

f1, f2, ..., fM , the optimal weights d∗m = ∥fm∥Hm
are obtained. The equation

(43) reduces to

minimize
f1∈H1,...,fM∈HM

E[f1, ..., fM ] + λ
M∑

m=1

∥fm∥Hm . (44)

Since the second term is block 1-norm regularization, corresponding to group

lasso [50], norm of irrelevant function (i.e. irrelevant kernel weight) should be

zero.

Due to the representer theorem [29], the solution is expressed in the form of
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fm,i =
∑N

i=1 Km(xi, xj)αj , in which {αi}Ni=1 can be obtained by an algorithm

named dual augmented Lagrangian (DAL) [51, 50]. 1.

3.2.3 Region-wise Kernels

In the application of Spicy MKL to fMRI data, I definedM sub-kernels, {Km}Mm=1,

based on the Automated Anatomical Labeling (AAL) [52] that divides whole-

brain into M = 116 anatomical regions (see Fig. 1). Specifically, let V (m) be

a set of voxel indices belonging to the m-th anatomical region, and ϕm(x) ≡

(xd)d∈V (m) be a sub-vector of x which is constructed by extracting voxels in-

cluded in the region. Then, I defined Km as follows:

Km(xi, xj) =
ϕm(xi)

Tϕm(xj)

∥ϕm(xi)∥∥ϕm(xj)∥
, m = 1, ...,M,

where ∥·∥ denotes the Euclidean norm. Since the m-th sub-kernel has only

information about the m-th anatomical region, {m|dm ̸= 0} can be interpreted

as a set of regions relevant to major depression.

3.2.4 Nested Leave One Out Cross Validation

Cross validation is employed to assure generalizability of a model or evaluate

optimal parameters. Since I had a parameter λ that controls complexity, I hence

made use of nested leave one out cross validation (LOOCV), which consisted of

outer- and inner-LOOCV. The outer-LOOCV repeated iterations that splited

whole set of samples into a single outer-validation sample used to evaluate the

generalizability and an outer-training set for model estimation. The inner-loop

of LOOCV was performed on the outer-training set to optimize the parame-

ters. The parameter which achieved the highest classification accuracy based

on inner-validation sample was adopted as an optimal parameter and used to

1The matlab toolbox is available at http://www.is.titech.ac.jp/∼s-
taiji/software/SpicyMKL
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Figure 1: Automatic anatomical labeling. Each anatomical region defined
by automatic anatomical labeling is color-coded. There are 116 anatomical
regions in whole-brain.
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evaluate the model using the outer-LOOCV. These steps were repeated until

each sample has served as validation sample.

3.3 Results

To evaluate performance of my method based on Spicy MKL, I compared it with

logistic regression with LASSO (denoted by Logit) [1] and linear SVM [30], in

terms of the classification performance, such as accuracy, sensitivity (i.e. correct

detection of patients), and specificity (i.e. correct detection of healthy controls).

My method achieved 76.8 and 78.4% accuracy in phonological and semantic

data, respectively (Fig. 2 and Table 2 , 3). It was significantly better than that

of Logit (69.6 and 65.1% accuracy, respectively) and comparable with that of

SVM (80.3 and 81.0% accuracy, respectively). All statistical comparisons were

adjusted for multiplicity using the Bonferroni-Holm method with significance

level, α = 0.05.
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Figure 2: Classification performance. While my method significantly out-
performed logistic regression with L1 regularization in accuracy, it was compa-
rable with SVM.

Since Logit’s classification was found to be unreliable, I compared only Spicy
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Table 2: Classification performance in phonological data.

Accuracy (%) Sensitivity (%) Specificity (%)
Logit 69.6±3.5 63.4±5.7 80.2±4.3
SVM 80.3±1.6 76.0±2.5 84.7±2.1
SpicyMKL 76.8±0.3 82.4±0.4 72.7±0.6

Table 3: Classification performance in semantic data.

Accuracy (%) Sensitivity (%) Specificity (%)
Logit 65.1±0.5 73.2±0.5 67.5±0.5
SVM 81.0±1.4 83.3±1.9 78.7±2.3
SpicyMKL 78.4±0.4 75.9±0.6 81.6±0.6

MKL and SVM in terms of feature selection ability. Fig. 3 and 4 shows voxels

contributing to the classification. For SVM, almost every voxel was selected as

the contributing one, making it difficult to interpret relevant brain regions. In

contrast, for Spicy MKL, the contributing voxels were located in left postcentral

gyrus and left middle frontal cortex in phonological data ,and left precentral

gyrus, left precuneus, and left cerebellum crus1 in semantic data.

3.4 Discussion

Sparse multiple kernel learning algorithm using region-wise kernels defined in

this study is consistent with group lasso if I consider voxels belonging to same

anatomical region as a group [4, 53]. Our study identified relevant anatomical

regions, consistent with the previous study [54].

The part of the precentral gyrus is the primary motor cortex in human brain

that controls motor system. This region was pointed out to be related to a

semantic task in fMRI study of aphasia [55]. The left precuneus is known as

a hub of default mode network that shows synchronized deactivation during

cognitive tasks and suggested to be associated with depression in resting state

33



Figure 3: Relevant brain regions in phonological verbal fluency task.
(Left) Relevant brain regions by SVM, distributing in whole-brain. (Right)
Relevant brain regions by Spicy MKL with region-wise kernels, distributing in
left postcentral gyrus and left middle frontal cortex. The red and blue voxels
represent positive and negative weight, respectively.
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Figure 4: Relevant brain regions in semantic verbal fluency task. (Left)
Relevant brain regions by SVM, distributing in whole-brain. (Right) Relevant
brain regions by Spicy MKL with region-wise kernels, distributing in left pre-
central gyrus, left precuneus, and left cerebellum crus1. The red and blue voxels
represent positive and negative weight, respectively.
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fMRI studies [56, 57, 58]. In addition, increased activity in the left precuneus

was found to be related to some risk-gene in depression [59] in fMRI study with

a semantic verbal fluency task. While the left cerebellum crus1 is usually consid-

ered to be responsible for motion controls in general my results indicated that

it might be associated with depression in a semantic task. Some fMRI studies

demonstrated that this area was responsible for various types of information

processing [60, 61] and resting state functional connectivity study implied that

cerebellum might be critical region for distinguish between depression patients

and healthy controls [62, 63].

Our result suggests that these regions characterize the depressive patients

in a semantic verbal fluency task.

3.5 Conclusion

I successfully classified depression patients and healthy controls with 83.9%

accuracy, using region-wise kernels for sparse multiple kernel learning algorithm

called Spicy MKL. The weight of each kernel demonstrated that left precentral

gyrus, left precuneus, and left cerebellum crus1 were relevant anatomical regions

for depression.
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4 Prediction of Clinical Depression Scores and

Detection of Changes in Whole-brain using

Resting-state Functional MRI Data with Par-

tial Least Squares Regression

4.1 Introduction

Advances in analyzing large datasets with machine learning algorithms promote

their application in medical diagnosis. In particular, their use in objective di-

agnosis of psychiatric disorders using brain imaging and other biological data

is now being actively studied [54]. A major challenge in applying statistical

machine learning algorithms to brain imaging or genetic data is the high dimen-

sionality of the input variables, such as the number of voxels and the number of

possible genetic polymorphisms. Even though algorithms such as support vec-

tor machine (SVM) and L1-regularized classifiers (LASSO) manage the issue of

high-dimensionality, the problem of co-linearity in brain imaging data remains.

Neural activities in nearby voxels or in the same functional network are highly

correlated, which makes the results of commonly used regression or classifica-

tion tools unreliable. In this thesis, I propose the use of partial least squares

(PLSR) regression [64, 23, 65, 66, 24, 27] with multiple clinical measures to ad-

dress this problem. Here, I project resting-state functional magnetic resonance

imaging (rs-fMRI) data and clinical scores from clinically depressed patients and

healthy control subjects into a low-dimensional space and use them to predict

depression-related clinical measures and thereafter, to classify subjects.

Use of rs-fMRI is gaining attention in diagnosis of psychiatric disorders be-

cause it makes few cognitive demands in measurements and because it can be

applied to multiple disorders [67]. In depressed patients, functional connec-
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tivities (FCs) between brain areas estimated using rs-fMRI show distributed

changes throughout the entire brain [68, 69, 70, 71]. Zeng et al. (2012) [63]

demonstrated that ∼ 94% of 53 subjects could be correctly classified as patients

or healthy controls using FCs and linear SVM, and they reported that the ma-

jority of discriminating FCs were distributed within or across the default mode

network, the affective network, visual cortical areas, and the cerebellum. While

the aforementioned study sought to discern differences between patients and

healthy controls in a binary manner, Zhang et al. (2011) [72] tried to predict

clinical measures of the Beck Depression Inventory II (BDI-II) [73] by regressing

fMRI signals acquired during a face-watching task. They showed that true and

predicted BDI-II were significantly correlated (r = 0.55) and using the standard

threshold of 14 for the predicted BDI-II, 89% of the automated diagnoses agreed

with those of psychiatrists.

Clinical depression is characterized by multiple, related symptoms [74]. There

are various clinical measures for assessing symptoms, such as the Snaith-Hamilton

Pleasure Scale (SHAPS) [75] for anhedonia and Positive and Negative Affect

Schedule (PANAS) [76] for altered mood. In addition, the age of subjects is im-

portant for diagnosis since aging increases the risk of depression in general [77].

Here, I consider a two-step method which predicts multiple measures of

clinical depression from rs-fMRI in the first step, and then uses results of the first

step for diagnosis. For the first step, I explore a regression model to predict BDI-

II, SHAPS, PANAS(n), and age from functional connectivity data. Although

this could be done using ordinary least squares regression, in order to tackle the

issue of high-dimensionality and co-linearity of the input, I explore the use of

partial least squares regression (PLSR) [64, 23, 65, 66, 24, 27], which maps input

and output variables to low-dimensional spaces so that the covariance of data

in the latent spaces is maximized. I compare the classification performance of
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the two-step method using PLSR with other classification methods. Thereafter,

I consider the use of subject age by testing (i) a model with age as a response

variable (output-age model), (ii) a model with age as a predictor (input-age

model), and (iii) a model that does not consider age (no-age model).

In this chapter, I further develop the basic idea presented in [78] to overcome

limitations of linear methods and perform objective diagnosis. In section 4.2, I

illustrate the details of rs-fMRI and clinical measures for subjects. Section 4.3

provides the mathematical basis of PLSR and its kernel variants. In addition,

it is extended to classification models for the purpose of objective diagnosis. In

section 4.4, I illustrate the efficacy of my application in predicting clinical mea-

sures, discriminating between patients and healthy controls, and interpreting

derived coefficients. Finally, I offer my conclusions and discuss future work in

section 4.5.

4.2 Data Set

This study was approved by the Human Subjects Research Review Committee

at the Okinawa Institute of Science of Technology, as well as the Research Ethics

Committee of Hiroshima University (permission nr. 172). Written consent was

obtained from all subjects participating in the study.

4.2.1 Subjects

58 patients (age 26 − 73, average 42.8 ± 11.9, 33 female) with major depres-

sion disorder were recruited by the Psychiatry Department of Hiroshima Uni-

versity and collaborating medical institutions, based on the Mini-international

neuropsychiatric interview (M.I.N.I [79]), which enables doctors to identify psy-

chiatric disorders, according to the Diagnostic and Statistical Manual of Mental

Disorders, Fourth Edition (DSM-IV [80]). As a healthy control group, 65 sub-
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jects (ages 20− 66, average 34.8± 13.0, 28 female) with no history of mental or

neurological disease, were recruited via advertisements in local newspapers.

Clinical Measures

The following interview- and questionnaire-based measures are used for deter-

mination of disease presence and quantification of the severity of two primary

symptoms I wish to predict, namely, anhedonia (loss of motivation, loss of plea-

sure, etc.) and negative mood (low mood, guilty feelings, suicidal thoughts,

etc.).

Beck Depression Inventory II (BDI-II)

This measure evaluates the presence and severity of depression based on a self-

report questionnaire [73]. Subjects are asked to answer 21 questions about

feelings of punishment or guilt, suicidal thoughts, etc. Each answer is scored

with a value between 0 and 3, with 3 being the most serious. High scores indicate

severe symptoms. The standardized score of ≥14 indicates that a subject is

suffering from depression.

Snaith-Hamilton Pleasure Scale (SHAPS)

This measure was developed to evaluate the level of anhedonia [75]. Subjects

are asked to answer 14 questions about hedonic capacity, with scores between 1

and 4. High scores indicate more severe anhedonia.

Positive and Negative Affect Schedule (PANAS)

This widely used measure evaluates positive and negative moods of subjects [76,

81]. In this study, I considered only scores related to negative mood items. This

measure is generally known as PANAS(n). Subjects are asked to respond to

10 questions about their moods, with answers between 0 and 5. The sum of
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Table 4: Mean (± standard deviation) of clinical measures

Controls Patients
Number of subjects 65 58

Age 34.8 (±13.0) 42.8 (±11.9)
BDI-II 6.92 (±5.9) 30.9 (±9.0)
SHAPS 23.3 (±6.2) 37.8 (±5.5)

PANAS(n) 8.5 (±6.4) 25.1 (±7.9)

all scores indicates the strength of their negative moods. Due to an evaluation

issue, one subject’s response could not be assessed, so that score was replaced

with the mean of the remaining subjects.

Table 4 summarizes scores exhibited for each measure by each group in my

study. Although most patients showed both anhedonia and negative mood, some

exhibited only one trait. Correspondingly, the scores of the BDI-II, SHAPS,

and PANAS(n) are highly, but not completely correlated. As decreased mental

function results from aging, the age of the subjects is expected to correlate with

BDI-II, SHAPS, and PANAS(n) as well.

I verified these correlations by calculating the correlation coefficients (Ta-

ble 5). Strong correlations between clinical measures are reflected in coefficients

above 0.7. Weaker correlations between age and individual clinical measures

were around 0.3. In my regression model, BDI-II, SHAPS, PANAS(n), and age

of each subject are considered as responses in order to correct for their natural

correlation, resulting from functional connectivity. I will show that the intro-

duction of subject age as an output rather than as an input is beneficial with

respect to classification accuracy.
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Table 5: The Pearson’s correlation coefficients between the clinical measures
and the subjects’ age

Age BDI-II SHAPS PANAS(n)

BDI-II 0.2451 - 0.7883 0.8005
SHAPS 0.3221 0.7883 - 0.7497

PANAS(n) 0.2480 0.8005 0.7497 -

4.2.2 Functional Connectivity of resting-state fMRI

Functional MRI measurements were acquired on a 3T GE Signa HDx scanner

with a 2D EP/GR (TR = 3s, TE=27ms, FA=90deg, matrix size 64x64x32, voxel

size 4x4x4 mm, no gap, interleaved). Subjects were instructed to lie with their

eyes open, to think of nothing in particular, and to remain awake. They were

also instructed to refrain from taking caffeine, nicotine, and alcohol in the day

of experiment.

For each subject, acquired images were processed with SPM8 (Wellcome

Trust Centre for Neuroimaging, UCL, London) following standard procedures.

I first performed slice timing correction, motion correction, co-registration to

anatomical MRI, normalization with standard brain and smoothing (Gaussian

of full-width at half-maximum 8mm). I confirmed that there were no signif-

icant differences in six motion parameters between two diagnostic groups in

order to reject a possible effect of spurious functional connectivity due to head

motion [82, 83]. Voxels were assigned to 116 brain regions, according to the

automatic anatomical labeling atlas (AAL) [52]. Mean activation time series in

each brain region were obtained by averaging MRI signal time series over all

voxels assigned to each region. Note that I also tested finer brain atlases, such

as the Brainvisa Sulci Atlas (BSA) [84] and extended BSA (BAL) [67], how-

ever, they did not provide better prediction performance than by AAL. Finally,

functional connectivity between each pair of regions was computed as the cross

42



correlation of the corresponding time-series.

4.3 Methods

Partial least squares regression (PLSR) is a method for modeling a relationship

between two sets of multivariate data via a latent space, and of performing

least squares regression in that space. PLSR can handle high-dimensional co-

linear datasets because of its underlying assumption that the two datasets are

generated by a small number of latent components. In this process, latent

components are formed by maximizing the covariance between the two datasets

(see section 2.2). Conveniently, it can be easily extended to nonlinear regression

models using a kernel trick so I briefly review the kernel variants of PLSR in

this section [21, 85].

4.3.1 Kernel Partial Least Squares Regression (KPLSR)

Let ϕ : Rp → H be a nonlinear transformation of the predictor, x ∈ Rp, into a

feature vector, ϕ(x) ∈ H, where H is a high-dimensional feature space. Define

a Gram matrix K as inner products of points in feature space, i.e., K = ΦΦT ,

where Φ = (ϕ(x1), ..., ϕ(xn))
T represents the predictor matrix in feature space.

In general, the number of columns of Φ is so large that with the explicit form

of Φ, the same procedure can not be performed as in the linear case. However,

due to the kernel trick, the explicit form of Φ becomes unnecessary.

The deflation procedure is performed as follows:

K ← (In − ttT )K(In − ttT ) (45)

Y ← Y − ttTY, (46)

where In represents an n-dimensional identity matrix.

43



I obtain the prediction on the training data:

Ŷ = ΦB (47)

= ΦΦTU(TTΦΦTU)−1TTY (48)

= KU(TTKU)−1TTY. (49)

To exclude the bias term, I assumed that the responses and the predictors

were set to have zero mean in the feature space by applying the following pro-

cedure to test kernel Kt and training kernel K [86]:

Kt ← (Kt −
1

n
1nt1

T
nK)(In −

1

n
1n1

T
n ) (50)

K ← (In −
1

n
1n1

T
n )K(In −

1

n
1n1

T
n ), (51)

where 1n represents the n-length vector whose n elements are 1. Note that n

and nt represent the number of training and test samples, respectively.

In the following part of this thesis, I investigated three kernel functions: 1)

a second order polynomial kernel k(x, x
′
) = (xTx

′
+ 1)2, referred to as KPLS-

Poly(2), 2) a third order polynomial kernel k(x, x
′
) = (xTx

′
+ 1)3, referred to

as KPLS-Poly(3), 3) a Gaussian kernel k(x, x
′
) = exp(−γ||x − x

′ ||)2), referred

to as KPLS-Gauss, where γ is a hyper parameter and set to the inverse of the

median of the Euclidian distance of data points.

4.3.2 Classification

In addition to predicting clinical measures, I investigated classification of sub-

jects into depressed patients and healthy controls using the predicted value of

clinical measures for objective diagnosis. I evaluated generalization of binary

classifiers using linear discriminant analysis (LDA). Given the training data
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Dtr = {xtr,ytr, ztr} and test data Dte = {xte,yte, zte}, x ∈ Rp, y ∈ Rq,

and z ∈ {0, 1} represent functional connectivity as predictors, clinical measures

as responses, and binary labels (i.e. 0 is patients and 1 is healthy controls),

respectively. In the prediction phase, my objective is to learn the function

fB : Rp → Rq, which, given predictors, xtr, and responses, ytr, assigns predic-

tors to the most probable values of y. The prediction on the training dataset

is ŷtr = fB(xtr). In the next classification phase, my objective is to learn the

classifier gw : Rq → {0, 1}, which, given predicted responses, ŷtr, and binary

labels, ztr, assigns predicted responses to the most probable labels. Assigned

labels on the test dataset are obtained as ẑte = gw(ŷte) = gw(fB(x̂te)). It is

important to stress that the binary classifier is not trained on actual clinical

measures, ytr, but on predicted values of ŷtr.

In a previous study [63], the authors only identified the binary classifier

g
′

w : Rp → 0, 1, which, given functional connectivity, xtr, and binary labels,

ztr, assigns functional connectivity directly to binary labels. By exploiting the

predicted result of clinical measures, it may be possible to improve classification

performance. I compared two scenarios, i.e. i) classification of patients and

healthy controls using LDA from predicted clinical measures with KPLSR (with

KPLS-Gauss, KPLS-Poly(3), and KPLS-Poly(2)), PLSR, and ordinary least

squares regression (OLS), ii) classification of patients and healthy controls by

means of LDA and SVM from functional connectivity directly. Note that I

performed feature selection before scenario 2) by calculating connection-wise

t-tests to determine the connections with different group means, represented

by t-scores. I selected the M functional connections with the highest absolute

t-scores. M was optimized by cross validations.
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Pre-screening

Even though PLSR can cope with high-dimensional, co-linear datasets, I pre-

screened variables depending on their relevance to responses in the following

way.

Based on Pearson correlation coefficients, ρrl, between the r-th functional

connection and the l-th clinical measures, I defined the empirical relevance of

the r-th functional connection as follows:

Rr =
4∑

l=1

ρ2rl, r = 1, . . . , p, (52)

where p is the total number of functional connections.

These functional connections were ranked according to their empirical rele-

vance, {Rr}pr=1, and only M relevant functional connections were used in fol-

lowing procedure. The optimal number for M was determined through nested

leave-one-out cross-validation.

Nested leave-one-out cross validation

Conventionally, cross validation is employed to assure generalization ability of

a model or to evaluate optimal parameters. Since I had to account for both

generalization ability and parameter optimization, I made use of nested leave-

one-out cross validation (LOOCV), which consisted of outer and inner LOOCV.

The outer LOOCV repeated iterations that divided the whole set of samples

into a single outer validation sample used to evaluate the generalization ability,

and an outer training set for model estimation. The inner loop of LOOCV

was performed on the outer training set to optimize two parameters, M and

L, the number of selected predictor variables and the number of components,

respectively. The pair of parameters that achieved the lowest root mean squared

error based on the inner validation sample were adopted as optimal parameters
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and used to evaluate the model using the outer LOOCV. These steps were

repeated until each sample had served as the validation sample.

Age

Age was significantly correlated with three clinical measures (Table 5). In gen-

eral, age matching performed on different diagnostic groups reduces sample size,

causing poor performance. To avoid this problem, I investigated three models,

i.e. (i) a model with age as a response (denoted by output-age), (ii) a model

with age as a predictor (denoted by input-age), and (iii) a model without age

(denoted by no-age). By incorporating age into my model, I could cope with

age differences among subjects and can fairly evaluate prediction performance.

Interpretation

Interpretation of each latent component projected from input and output data

gives novel insights into the relationship between functional connectivity and

clinical measures. In the framework of PLSR, loading matrices, P and C, indi-

cate contributions from predictor variables and response variables to each latent

component (see Eq. 10 and 11). The (i, j)-element of the loading matrix, P ,

represents the contribution of the i-th functional connection to the j-th latent

component. Similarly, the (i, j)-element of the loading matrix, C, represents

the contribution of the i-th clinical measure to the j-th latent component. Note

that due to subject variability, values of Pij and Cij vary depending on the

training set used.
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4.4 Results

4.4.1 Regression Performance

I compared the prediction performance of PLSR, its kernel variants, and other

methods by means of the root mean squared error (RMSE) of the predicted

clinical measures in nested leave-one-out cross validation (see Methods). Kernel

PLSR with a second-order polynomial kernel (KPLS-Poly(2)) achieved the low-

est RMSE (9.56 for BDI-II, 6.11 for SHAPS, and 7.29 for PANAS(n)) (Fig. 5).

This performance was significantly better than that of ordinary least squares

regression (OLS) (11.6 for BDI-II, 7.33 for SHAPS, and 8.91 for PANAS(n)) and

comparable to that of other variants of PLSR applied in my study, suggesting

that projection of data into a low-dimensional space was beneficial to regression

performance. All statistical comparisons were adjusted for multiplicity using

the Bonferroni-Holm method with significance level, α = 0.05.
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Figure 5: Comparison of predicted performance by means of the root
mean squared errors. Linear and kernel variants of PLSR achieved signifi-
cantly better performance than did OLS in all clinical scores. Subject age was
used as the output along with clinical scores (output-age model).
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Next, to evaluate the best way of incorporating age into my regression mod-

els, I compared RMSE of the output-age, input-age, and no-age models. In

my study, incorporating age into my regression model as a response (output-

age) achieved significantly better performance than that of the input-age and

no-age models (Fig. 6, Table S1). All statistical comparisons were adjusted for

multiplicity using the Bonferroni-Holm method with significance level, α = 0.05.
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Figure 6: Root mean squared errors in KPLS-Poly(2). KPLS-Poly(2)
achieved significantly better performance in output-age model than in other
models.

The correlation coefficient of actual and predicted values for BDI-II, SHAPS,

and PANAS(n) in the case of KPLS-Poly(2) were r = 0.541, 0.591, 0.563, respec-

tively. Fig. 7 exemplifies the relationship between predicted and actual values

of BDI-II for KPLS-Poly(2). This result was comparable to that of Zhang et

al. (2011) [72]; however, the number of subjects in my study was larger than in

theirs, reconfirming validity of the results.

The optimal number of retained features M∗ identified by pre-screening

and using the latent component L∗ identified with nested LOOCV were 40
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Figure 7: Actual and predicted values of BDI-II. BDI-II were well pre-
dicted by KPLS-Poly(2) with RMSE=9.56 and r = 0.541 (p < 10−10). Red and
blue points represent patients and healthy controls, respectively.

and 3, respectively, suggesting that reduction of feature size was relevant for

improvement of PLSR accuracy.

4.4.2 Classification Performance

Projecting the original data onto a low-dimensional space was expected to im-

prove classification accuracy. To verify the benefit of projection, several clas-

sification methods were performed and evaluated using accuracy, sensitivity,

and specificity (Fig. 8 and Table S2). In my study, KPLS-Poly(2) followed by

LDA achieved the best accuracy 80.5% (sensitivity 81.0% and specificity 80.0%),

which is significantly better than the 57.7% accuracy of direct LDA (sensitivity

53.4%, and specificity 61.5%) and 69.1% accuracy of direct SVM (sensitivity

69.0%, and specificity 69.2%). This result indicates that it was beneficial to ex-

ploit the prediction model for clinical measures in order to build a classification

model. In addition, KPLS-Poly(2) followed by LDA also achieved significantly

better accuracy than the 62.6% accuracy of OLS followed by LDA (sensitiv-
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ity 62.1% and specificity 63.1%), indicating that considering a latent space in

a regression model was beneficial to final classification. Accuracy did not dif-

fer significantly between PLSR and kernel variants. All statistical tests were

based on approximation with the normal and adjusted for multiplicity using the

Bonferroni-Holm method with significance level α = 0.05.
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Figure 8: Classification accuracy, sensitivity, and specificity. KPLS-
Poly(2) followed by LDA achieves the best performance (accuracy=80.5%,
sensitivity=81.0%, and specificity=80.0%).

4.4.3 Interpretation

In my study, three clinical scores showed almost equally positive influences on

the first component, and age also had a positive influence as well. However, age

showed a strong negative influence on the second component, in contrast to the

clinical scores (Table. 6).

Latent space representation of subjects showed that the first component

explained most depression severity in comparison with the second component

(Fig. 9). This is consistent with the results of loading matrix C. Note that since
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Table 6: Loading matrix C. Mean ± standard deviation.

BDI-II SHAPS PANAS(n) age
1st 7.23±8.17×10−2 7.50±7.56×10−2 7.40±8.54×10−2 4.55±1.35×10−1

2nd 1.21±3.69×10−1 1.24±3.77×10−1 2.53±5.88×10−1 -5.26±1.43

the optimal number of latent components, in terms of minimizing regression

error, was 3, the second and the third components are thought to contain some

information about scores.
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Figure 9: Scatter plot of the latent variables in the first two latent components
generated from KPLS-Poly(2). Red and blue dots represent patients and healthy
controls, respectively. The two groups are separated mainly by the first latent
component.

In order to validate the effect of age, especially in the second component, all

subjects were grouped into young (age 20−31, 41 subjects), middle (age 31−43,

41 subjects), and old (age 44 − 73, 41 subjects) groups. Note I simply divided

the subjects in three equal-sized groups for convenience, "young", "middle",

and "old". They are relative, not absolute age classes. Latent variables of old

subjects in the second component were significantly lower than those of young
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and middle subjects (p < 10−5 by Wilcoxon Rank-Sum Test), suggesting that

old patients have distinctive patterns in the second latent space [66] (Fig. 10).
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Figure 10: Scatter plot of subjects separated on the basis of the two latent
components generated from KPLS-Poly(2) for young, middle, and old subjects.
Old subjects have significantly lower values in the second component (p < 10−5

by Wilcoxon Rank-Sum Test).

Evaluation of loading matrix, P , reveals functional connections relevant to

each latent component. Especially, the first column of P , corresponding to

the first component responsible for discrimination of each diagnostic group, is

expected to reveal useful insights about the effect of functional connections

on depression symptoms. Even though the performance of KPLS-Poly(2) in

prediction and classification was comparable to or better than that of linear

PLSR, patterns of significant loadings were consistent in my experiments. For

reasons of interpretation, I therefore focus on the loading matrix of the linear

terms in the following part.

BrainNet Viewer [87] (http://www.nitrc.org/projects/bnv/) was used to vi-

sualize the top 10 connections with positive and negative loadings for the first

component (Fig. 11 and 12). In this figure, many regions involved in the de-

fault mode network (DMN), as well as the left supplementary motor area, the
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right superior frontal gyrus, and the insula, were relevant. In addition, some

functional connectivity between the right cuneus and regions involved in the

cerebellum were negatively correlated with the first component.

Figure 11: Contributing functional connectivity in first latent component. Red
and blue lines represent positive and negative loadings, respectively. SFGdor.R:
right superior frontal gyrus, INS: insula, SMA.L: left supplementary motor area,
CUN.R:right cuneus.

4.5 Discussion

MacIntosh et al. (1996) first introduced partial least squares method into

the field of neuroimaging in order to extract common information between

brain activity and exogenous information, such as experimental or behavioral

data [23, 65]. In particular, behavioral data are increasingly used to extract as-

sociated brain activity patterns for various types of psychological diseases, such
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Figure 12: Contributing functional connectivity in first latent component. Pur-
ple and yellow nodes represent brain areas within the default mode network
and cerebellum, respectively. SFGdor.R: right superior frontal gyrus, INS: in-
sula, SMA.L: left supplementary motor area, CUN.R:right cuneus.

as Alzheimer’s disease [25], obsessive-compulsive disorder [88], and schizophre-

nia [89]. In these studies, neuropsychological test scores are used as behavioral

data, in addition to the labels that represent diagnostic groups and age. To

the best of my knowledge, this is the first study to investigate associations be-

tween functional connectivity in whole brain and multiple clinical measures for

depressed patients, using PLSR and its kernel variants.

Diagnosis based on resting-state functional connectivity is a challenging task

due to the high-dimensionality and co-linearity of data. Recent studies have

demonstrated that depressed patients can be distinguished from healthy controls

by means of their functional connectivity by applying conventional methods,
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such as support vector machine [63, 68]. Since binary labels are ultimately

abstracted information about depression that ignores the severity of symptoms,

it is worth considering more detailed information, such as BDI-II, SHAPS, and

PANAS(n) to build more sophisticated models. Our study demonstrated that

projecting functional connectivity data into a low-dimensional latent space, can

predict clinical measures, and can also improve depression diagnostic accuracy

(see from Fig. 5 to Fig. 8).

To separately identify neural circuits associated with anhedonia and negative

mood is a challenging task. A psychopathological study suggests that these

primary symptoms result from different neural circuits and from alternation of

different neurotransmitters [74]. Our results show that SHAPS and PANAS(n)

are highly correlated and contributed quite similarly to each latent component

(see Table 6), suggesting that further investigation and different methodes may

be required to support psychopathological studies from the point of data driven

analysis.

4.5.1 Contributing brain regions

Identification of relevant brain regions in functional connectivity analysis yielded

the following three observations: (1) connections between the default mode

network and other regions, such as the right superior frontal gyrus and the left

supplementary motor area are relevant (2) the left and right insulas in both

hemispheres are relevant, (3) connections between the cerebellum and the right

cuneus are relevant.

First, the default mode network (DMN) shows synchronized deactivation

during cognitive tasks and is thought to be related to major depressive disor-

der [90, 91, 58, 57]. My study supports these results, indicating many contribut-

ing connections related to the DMN, such as the right posterior cingulum, the

right precuneus, and the superior parietal gyrus. The DMN contributes posi-
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tive connections with the right superior frontal gyrus and the left supplementary

motor area. The superior frontal gyrus, as a critical region in cognitive tasks,

was previously reported to be associated with depression [92]. While the sup-

plementary motor area is known to be responsible for motor control, it was also

reportedly related to some subtype of depression [93]. Our results support these

results.

Second, my results suggest that the insula is associated with depression.

This supports some meta-analysis of PET and fMRI studies that revealed that

the insula plays an important role in regulation of emotion [94, 95]. Similarly,

other resting-state fMRI studies indicated that the insula is directly associated

with depression [96, 97].

Finally, my results show that connections between the right cuneus, located

in the visual cortical area, and the cerebellum, negatively influence depression.

While visual processing is believed not to be affected in depression, some pre-

vious studies suggested that it was associated with bipolar disorder [98]. In

addition, there are other study that showed regional homogeneity (ReHo) as

a measure of localized synchrony in resting-state fMRI was decreased [99]. In

general, the cerebellum is considered to be responsible for motion control, how-

ever my results indicate that it may also be involved in regulation of mood and

cognitive processing associated with symptoms of depression. Some fMRI stud-

ies demonstrated that this area was responsible for various types of information

processing [60, 61], and some resting-state functional connectivity studies im-

plied that the cerebellum may be critical for the distinction between depressed

patients and healthy controls [62, 63]. My result is consistent with these previ-

ous studies.
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4.6 Conclusion

In summary, I employed partial least squares regression and its kernel variants

to predict clinical measures of subjects using resting-state functional connec-

tivity. Diagnosis of depression based on predicted clinical scores performed

better than classification algorithms attempting diagnoses directly from func-

tional connectivity. Moreover, analysis of latent variables identified functional

networks relevant to the diagnosis of depression. These results suggest that

a low-dimensional representation derived using PLSR is beneficial for objective

diagnosis. Further investigations are required to separate the two neural circuits

associated with two primary symptoms, anhedonia and negative mood.
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5 Sparse Kernel Canonical Correlation Analy-

sis for discovery of nonlinear interactions in

High-Dimensional Data

5.1 Introduction

Canonical correlation analysis (CCA) [8] is a statistical method for finding com-

mon information from two different sources of multivariate data. This method

optimizes linear projection vectors so that two random multivariate datasets

are maximally correlated. With advances in high-throughput biological mea-

surements, such as DNA sequencing, RNA microarrays, and mass spectroscopy,

CCA has been extensively used for discovery of interactions between the genome,

gene transcription, protein synthesis, and metabolites [43, 15, 9, 12]. Because

CCA solution is reduced to an eigenvalue problem, multiple components of in-

teractions with sparse constraints are readily introduced [9, 100, 101].

Kernel CCA (KCCA) was introduced to capture nonlinear associations be-

tween two blocks of multivariate data [102, 103, 42, 104]. Given two blocks

of multivariate data x and z, KCCA finds nonlinear transformations f(x) and

g(z) in a reproducing kernel Hilbert space (RKHS) so that the correlation be-

tween f(x) and g(z) is maximized. While this method performs properly in

a low-dimensional dataset, it is impossible to remove irrelevant features and

avoid overfitting in a high-dimensional dataset. In order to solve the prob-

lem and to improve interpretability of results, sparse additive functional CCA

(SAFCCA) [105] constrains f(x) and g(z) as sparse additive models and opti-

mizes them using the biconvex back-fitting algorithm [106]. However, it is not

straightforward to obtain multiple orthogonal transformations for extracting

multiple components of associations.

In this thesis, I propose two-stage kernel CCA (TSKCCA), which enables
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us (1) to select sparse features in high-dimensional data and (2) to obtain mul-

tiple nonlinear associations. In the first stage, I represent target kernels with a

weighted sum of pre-specified sub-kernels and optimize their weight coefficients

based on HSIC with sparse regularization. In the second stage, I apply standard

KCCA using target kernels obtained in the first stage to find multiple nonlinear

correlations.

I briefly review CCA, KCCA, and two-stage MKL, and then present TSKCCA

algorithm. I apply TSKCCA to three synthetic datasets and nutrigenomic ex-

perimental data to show that the method discovers multiple nonlinear associa-

tions within high-dimensional data, and provides interpretation that are robust

to irrelevant features.

5.2 CCA, Kernel CCA, and Multiple Kernel Learning

In this section, I briefly review the bases of my proposed method, namely, kernel

CCA (KCCA), and multiple kernel learning (MKL). The basis of linear CCA

was reviewed in section 2.2.

5.2.1 Kernel CCA

In Kernel CCA (KCCA), I suppose that the original data can be mapped

into a feature space via nonlinear functions. Then linear CCA is applied in

the feature space. More specifically, nonlinear functions ϕx : Rp → Hx and

ϕz : Rq → Hz transform the original data {(xn, zn)}Nn=1 to feature vectors

{(ϕx(xn), ϕz(zn))}Nn=1 in reproducing kernel Hilbert spaces (RKHS) Hx and Hz.

Inner-product kernels for Hx and Hz are defined as kx(x,x
′) = ϕx(x)

Tϕx(x
′),

and kz(z, z
′) = ϕz(z)

Tϕz(z
′).

Let us implement fw(x) and gv(z) by projections fw(x) ≡ wTϕx(x) and

gv(z) ≡ vTϕz(z). By introducing appropriate regularization terms, Eq. (18)
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can be reformulated as the following optimization problem ([102, 103]):

max
α∈RN ,β∈RN

αTKxKzβ (53a)

subject to αT

(
Kx +

Nκ

2
I

)2

α = 1 (53b)

βT

(
Kz +

Nκ

2
I

)2

β = 1, (53c)

where Kx and Kz are N -by-N kernel matrices defined as [Kx]nn′ = kx(xn,xn′)

and [Kz]nn′ = kz(zn, zn′) 1. I is the N -by-N identity matrix and κ (κ > 0) is

the regularization parameter.

Once having obtained the solution of Eq. (53), denoted by (α∗,β∗), canonical

variables for x ∈ Rp and z ∈ Rq are given by

f∗(x) =
N∑

n=1

kx(x,xn)α
∗
n (54a)

g∗(z) =
N∑

n=1

kz(z, zn)β
∗
n, (54b)

respectively. As indicated by Eq. (53), the nonlinear functions, ϕx and ϕz, are

not explicitly used in the computation of KCCA. Instead, the kernels kx and

kz implicitly specify the nonlinear functions, and the main goal is to solve the

constrained quadratic optimization problem with 2N -dimensional variables.

5.2.2 Multiple Kernel Learning

Kernel methods usually require users to design a particular kernel, which criti-

cally affects the performance of the algorithm. To make the design more flexible,

the framework of multiple kernel learning (MKL) was proposed for classification

and regression problems [46, 47]. In MKL, I manually design Mx sub-kernels

1In this thesis, [·]nn′ denotes the (n, n′)-th elements of the matrix enclosed by the brackets.
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{k(m)
x }Mx

m=1, where each sub-kernel k
(m)
x uses only a distinct set of features in x.

Also, Mz sub-kernels {k(l)z }Mz

l=1 for z is also designed in the same manner. Then,

kx and kz are represented as the weighted sum of those sub-kernels:

kx(x,x
′) =

Mx∑
m=1

ηmk(m)
x (x,x′) (55a)

kz(z, z
′) =

Mz∑
l=1

µlk
(l)
z (z, z′), (55b)

where weight coefficients of sub-kernels, {ηm}Mx
m=1 and {µl}Mz

l=1 are tuned to

optimize an objective function.

A specific example of this framework is the two-stage MKL method [107,

108]: In the first stage, the weight coefficients are optimized based on a similarity

criterion, such as the kernel target alignment; then, a standard kernel algorithm,

such as support vector machine, is applied in the second stage.

5.3 Methods

In this section, I propose a novel nonlinear CCA method, two-stage kernel CCA

(TSKCCA), inspired by the concepts of sparse multiple kernel learning and

kernel CCA. In the following, I present the general framework of TSKCCA,

followed by my solutions for practical issues in the implementation.

5.3.1 First Stage: Multiple Kernel Learning with HSIC and Sparse

Regularizer

In TSKCCA, sub-kernels are restricted to the same class as Eq. (55), allowing

us to express the kernel matrices Kx and Kz as follows:
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Kx =

Mx∑
m=1

ηmK(m)
x (56a)

Kz =

Mz∑
l=1

µlK
(l)
z , (56b)

where [K
(m)
x ]nn′ = k

(m)
x (xn,xn′) and [K

(l)
z ]nn′ = k

(l)
z (zn, zn′). The goal of

the first stage is to optimize the weight vector η = (η1, ..., ηMx)
T and µ =

(µ1, ..., µMz )
T so that kernel matrices Kx and Kz statistically depend on each

other as much as possible, while irrelevant sub-kernels are filtered out.

The statistical dependence between Kx and Kz is evaluated by the Hilbert-

Schmidt Independent Criterion (HSIC) and approximated by its empirical esti-

mator [109]:

D(Kx,Kz) =
Tr(KxHKzH)

(N − 1)2
, (57)

where H is an N -by-N matrix such that [H]nn′ = δnn′ − 1
N , and δnn′ is Kro-

necker’s delta. Tr(·) denotes the trace. In my setting, optimization problem is

reduced to a simple bilinear form with respect to η and µ:

D(Kx,Kz) = ηTMµ, (58)

where M is a Mx-by-Mz matrix such that

[M ]ml =
Tr(K

(m)
x HK

(l)
z H)

(N − 1)2
. (59)

In addition to maximizing the dependency measure D(Kx,Kz), η and µ

should be sparse in order to filter out irrelevant sub-kernel matrices. To this end,

I determine optimal weight vectors as the solution of the following constrained

optimization problem:
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Algorithm 4 Penalized Matrix Decomposition for Learning Kernels

Input: M (Eq. 59), regularization c1 and c2
for i = 1 to rank(M) do
initialize ηi to a first left singular vector of M
repeat

µ(i) ← S((η(i)TM)+,∆)

∥S((η(i)TM)+,∆)∥2

η(i) ← S((Mµ(i))+,∆)

∥S((Mµ(i))+,∆)∥2

until Convergence
compute i-th singular value as σi ← η(i)TMµ(i)

obtain residual as M ←M − σiη
(i)µ(i)T

end for
Output: {µ(i)}rank(Mx)

i=1 and {η(i)}rank(Mz)
i=1

max
η∈RMx ,µ∈RMz

D(Kx,Kz) = ηTMµ (60a)

subject to η ≥ 0, µ ≥ 0,

∥η∥2 = ∥µ∥2 = 1, (60b)

∥η∥1 ≤ c1, ∥µ∥1 ≤ c2, (60c)

where ∥x∥p = (
∑

i |xi|p)1/p is the Lp-norm of the vector x and c1 and c2 are

parameters (See also Sec. Parameter Tuning by A Permutation Test).

This optimization problem is an example of penalized matrix decomposition

with non-negativity constraints [9]. Accordingly, I can obtain optimal weight

coefficients by performing singular value decomposition of matrix M under con-

straints. In this process, the i-th left singular vector η(i) = (η
(i)
1 , . . . , η

(i)
Mx

)T as

well as the right singular vector µ(i) = (µ
(i)
1 , . . . , µ

(i)
Mz

)T are obtained iteratively

by Algorithm 4.

In Algorithm 4, S denotes the element-wise soft-thresholding operator: The

m-th element of S(a, c) is given by sign(am)(|am|−c)+, where (x)+ is x if x ≥ 0

and 0 if x < 0. In each step, ∆ is chosen by a binary search so that L1 constraints
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∥η∥1 ≤ c1 and ∥µ∥1 ≤ c2 are satisfied. In general, the above iteration does not

necessarily converge to a global optimum. For each iteration, I initialize η(i)

with a non-sparse, left singular vector of M , following the previous study, to

obtain reasonable solutions [9].

5.3.2 The Second Stage: Kernel CCA

After learning kernels via penalized matrix decomposition as above, I perform

the second stage of standard kernel CCA [102, 103] to obtain optimal coeffi-

cients α∗ and β∗ (Eq. 54) with parameter κ for each pair of singular vectors

{η(i),µ(i)}rank(M)
i=1 . Given test kernel {K(m)

x,test}
Mx
m=1 and {K(l)

z,test}
Mz

l=1, test corre-

lation corresponding to the i-th singular vectors is defined as correlation between∑Mx

m=1 ηmK
(m)
x,testα

∗ and
∑Mz

l=1 µlK
(l)
z,testβ

∗.

5.3.3 Practical Solutions for TSKCCA Implementation

TSKCCA still has several options for sub-kernels to be designed manually. In

this study, I focus on feature-wise kernel and pair-wise kernel defined in the

following part.

Feature-wise kernel

Feature-wise kernel was introduced to perform feature-wise nonlinear Lasso [110].

In the previous study, using feature-wise kernels as sub-kernels in sparse MKL

resulted in sparsity in terms of features since each sub-kernel corresponds to

each feature. With xnm and znl representing the m-th feature for xn and l-th

feature for zn, respectively, I adopt the following Gaussian kernel in this study:
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[K(m)
x ]nn′ = exp

{
−γx(xnm − xn′m)2

}
(61a)

[K(l)
z ]nn′ = exp

{
−γz(znl − zn′l)

2
}
, (61b)

where γx and γz are width parameters. By applying feature-wise kernels, projec-

tion functions are restricted to additive models defined as f∗(x) =
∑p

m=1 fm(x.m)

and g∗(z) =
∑q

l=1 gl(z.l), where fm : R → R (m = 1, . . . , p) and gl : R → R

(l = 1, . . . , q) are certain nonlinear functions 2. Note that the number of sub-

kernels, Mx and Mz, are equivalent to the number of features, p and q, respec-

tively.

Pair-wise kernel

I introduce pair-wise kernels as sub-kernels to consider cross-feature interactions

among all possible pairs of features. Since the sparseness is induced to the weight

of sub-kernels, the pair-wise kernels result in selecting relevant cross-feature in-

teractions. Projection functions are defined as f∗(x) =
∑p

m<m′ fm,m′(x.m,x.m′)

and g∗(z) =
∑q

l<l′ gl,l′(z.l, z.l′), where fm,m′ : R2 → R and gl,l′ : R2 → R are

certain nonlinear functions with two dimensional inputs. Note that the number

of sub-kernels, Mx and Mz, are, p(p− 1)/2 and q(q − 1)/2, respectively.

5.3.4 Preprocessing for MKL

I normalize the sub-kernels to have uniform variance in RKHS. This is an im-

portant procedure in the context of MKL because each feature-wise kernel has

a different scale. This makes it difficult to evaluate weight coefficients [111]. To

compensate for that, I calculate the variance σ2 in RKHS as follows:

2In this thesis, x.m denotes the m-th feature of x.
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σ2 =
1

N

N∑
n

∥ϕ(xn)−
1

N

N∑
n′

ϕ(xn′)∥22 (62a)

=
1

N

N∑
n

ϕ(xn)
Tϕ(xn)−

1

N2

N∑
n,n′

ϕ(xn′)Tϕ(xn′) (62b)

=
1

N

N∑
n

[K]nn −
1

N2

N∑
n,n′

[K]nn′ . (62c)

Dividing each sub-kernel by its varianceK ← K
σ2 , I can achieve normalization

of each sub-kernel.

5.3.5 Parameter Tuning by a Permutation Test

When the kernel matrix Kx (or Ky) is full rank, as is typically my case, KCCA

with a small κ (κ ≪ 1) can always find a solution such that the maximum

canonical correlation nearly equals one. This property makes it difficult to tune

the regularization parameters for the first stage c1 and c2. To solve the issue, I

introduce a simple heuristics.

The key idea is to conduct a permutation test for deciding whether to re-

ject a null hypothesis that the maximal canonical correlation induced by i-th

singular vectors is no more than those attained when x and z are statistically

independent. Since the p-value of this test is interpreted as the deviance be-

tween the actual outcome and those expected under the null hypothesis, I use

it as a score to evaluate the significance of i-th singular vectors where smaller

p-value is more significant.

Algorithm 5 summarizes my implementation for the permutation test. Only

for the first singular vectors η(1) and µ(1), this procedure is applied to various

pairs of (c1, c2) that satisfy the constraints of 1 ≤ c1 ≤
√
Mx and 1 ≤ c2 ≤√

My [9]. Among them, the pair with the lowest p-value is chosen as the optimal
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Algorithm 5 A Permutation Test

Input: {K(m)
x }Mx

m=1, {K
(l)
z }Mz

l=1, c1, and c2

c = Cor({K(m)
x }Mx

m=1, {K
(l)
z }Mz

l=1,η
(i),µ(i))

for b = 1 to B do
permute the samples of x and calculate {K̃(m)

x }Mx
m=1

obtain M̃ where [M̃ ]ij =
Tr(K̃(m)

x HK(l)
z H)

(N−1)2

perform the first stage; matrix decomposition of M̃ to obtain η̃(i) and µ̃(i)

calculate cb = Cor({K̃(m)
x }Mx

m=1, {K
(l)
z }Mz

l=1, η̃
(i), µ̃(i))

end for
p =

∑B
b=1 I(|cb|>|c|)

B+1
Output: p

parameters of c1 and c2.

For simplicity, other parameters, such as γ in the Gaussian kernel and κ

in KCCA, are fixed heuristically. γ−1 is set to the median of the Euclidean

distance between data points and κ is set to 0.02 as recommended in the previous

study [103].

5.4 Results

In this section, I experimentally evaluated the performance of my proposed

TSKCCA, SAFCCA [105], and other methods using synthetic data and nu-

trigenomic experimental data.

5.4.1 Dataset 1: Single nonlinear association

To evaluate the ability to extract a single nonlinear association, we generated

simple synthetic data which consisted of a single pair of relevant features in

quadratic association and noise, in which standard CCA and KCCA are known

to performance poorly [105]. Let N(µ, s2) and U(A) denote the normal dis-

tribution with mean µ, variance s2, and uniform distribution supported in A,

respectively. The synthetic data were generated as
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x.m ∼ U([−0.5, 0.5]) m = 1, ..., D

z.1 = x2
.1 + ϵ

z.l ∼ U([−0.5, 0.5]) l = 2, ..., D

ϵ ∼ N(0, s2),

where D was the total number of dimensions and ϵ was independent noise.

The optimal model in each method was trained using N training samples.

Here, I assumed c1 = c2 in the range of 1 ≤ c1, c2 ≤
√
D
2 and obtained optimal

values using a permutation test with B = 100. The test correlation was eval-

uated with separate 100 test samples, averaged over 100 simulation runs as I

varied the number of dimensions, the sample size, and the noise level.

Fig. 13 shows the test correlations achieved by TSKCCA and SAFCCA with

different data dimensions D, sample size N , and noise level s. In the first stage,

my method selected only two sub-kernels, corresponding to x1 and z1, among

2×D sub-kernels in the first stage, especially in the case of N = 100 and N =

150. As a result, it achieved better test correlation than SAFCCA, especially

with high-dimensional data, indicating that my method was sufficiently robust.

In addition, Fig. 14 shows average computation time for each method over

100 simulation runs with dataset 1. Computation time of TSKCCA was com-

parable with that of SAFCCA, and could scale up with the feature size. Note

that all the experiments were performed on a MacBook Pro with Intel Core i7

(2.9GHz dual core processor with 4MB L3 cache) with 8GB main memory. All

the simulation programs were implemented in MATLAB R⃝.

69



0 10 20 30 40 50
0

0.25

0.5

0.75

1
Test Correlation N=50

0 10 20 30 40 50
0

0.25

0.5

0.75

1
Test Correlation N=100

0 10 20 30 40 50
0

0.25

0.5

0.75

1
Test Correlation N=150

 

 

SAFCCA (s=0.1)

SAFCCA (s=0.2)

SAFCCA (s=0.3)

TSKCCA (s=0.1)

TSKCCA (s=0.2)

TSKCCA (s=0.3)

Figure 13: Comparison of test correlation averaged over simulation runs in Data
1. The horizontal axis denotes the number of dimensions D, and the vertical
axis denotes test correlations. The number of training samples is 50, 100, and
150. TSKCCA outperforms SAFCCA, especially with high-dimensional data.
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Figure 14: Comparison of computation time for Data 1. The horizontal axis
denotes the number of dimensions D, and the vertical axis denotes computation
time in log-scale. The number of training samples is 50, 100, 150 for SAFCCA
and TSKCCA. Computation time of TSKCCA is moderate and can be scaled.
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5.4.2 Dataset 2: Multiple nonlinear associations

To test whether my method could extract multiple nonlinear associations pre-

cisely, I generated the following data:

x.m ∼ U([−0.5, 0.5]) m = 1, ..., 25

z.1 = x.1 + exp(−x2
.4) + ϵ1

z.2 = x2
.2 + sin(πx.5/2) + ϵ2

z.3 = |x.3|+ 1/(1 + exp(−5x.6)) + ϵ3

z.l ∼ U([−0.5, 0.5]) l = 4, ..., 25

ϵl ∼ N(0, 0.12) l = 1, 2, 3.

First, I performed a permutation test with B = 1000 for ten singular vectors

{η(i),µ(i)}10i=1 corresponding to the ten highest singular values of M given by

Eq. (59). P-values of the top three were significant (p < 0.001) and the rest

were non-significant. This result suggests that only the three singular vectors

included nonlinear associations.

Fig. 15 shows the transformations f(x) and g(z) obtained with TSKCCA.

In the first singular vectors, the contributions of η11 , η
1
4 and µ1

1 were dominant,

indicating that x.1,x.4 and z.1 were associated. The contributions of η22 , η
2
5 and

µ2
2 in the second singular vectors were also dominant, indicating that x.2, x.5

and z.2 were associated. Finally, the contributions of η33 , η
3
6 and µ3

3 in the third

singular vectors were dominant, indicating that x.3, x.6 andz.3 were associated.

Some singular vectors averaged over 100 simulation runs are listed in Table 7.

My results suggest that TSKCCA achieved feature selection precisely.

I further evaluated test correlation, precision, and recall averaged over 20

simulation runs. Table 8 shows that SAFCCA failed to detect all relevant fea-
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Figure 15: Transformations f(x) and g(z) obtained with TSKCCA. The top
three rows and the bottom row show the resulting functions corresponding to
relevant and irrelevant features, respectively.

Table 7: Feature selection through singular vectors (SVs) in Data 2. These
results show mean weight coefficients (standard deviation) in 100 simulation
runs. Significant weight coefficients are bold faced.

1st SV (η(1)) 2nd SV (η(2)) 3rd SV (η(3))
η1 0.98 (0.002) 0.00 (0.018) 0.00 (0.001)
η2 0.00 (0.003) 0.21 (0.033) 0.00 (0.001)
η3 0.00 (0.001) 0.00 (0.010) 0.22 (0.029)
η4 0.22 (0.013) 0.00 (0.017) 0.00 (0.005)
η5 0.00 (0.000) 0.98 (0.004) 0.00 (0.005)
η6 0.00 (0.004) 0.00 (0.002) 0.98 (0.003)

1st SV (µ(1)) 2nd SV (µ(2)) 3rd SV (µ(3))
µ1 0.99 (0.005) 0.01 (0.022) 0.01 (0.014)
µ2 0.01 (0.027) 0.99 (0.004) 0.01 (0.015)
µ3 0.01 (0.024) 0.01 (0.018) 0.99 (0.003)
µ4 0.01 (0.023) 0.01 (0.026) 0.01 (0.017)
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Table 8: Comparison of test correlation, precision, and recall in Data 2.
TSKCCA can identify most relevant features through three significant singu-
lar vectors, while SAFCCA can only identify a small set of them.

Correlation Precision Recall
TSKCCA 0.9670 0.9163 1

0.9636
0.9732

SAFCCA 0.7585 0.6350 0.4375

tures because it is not able to obtain multiple canonical correlations, while my

method detected 9 relevant sub-kernels out of 50 in the first stage in most runs.

Note that the precision is the fraction of retrieved features that are relevant and

recall is the fraction of relevant features that are retrieved.

5.4.3 Dataset 3: Feature interactions

To assess the capability of TSKCCA in discovering nonlinear interactions, I

generated data with a product term:

x.m ∼ U([−0.5, 0.5]) m = 1, ..., D

z.1 = x.1x.2 + ϵ

z.l ∼ U([−0.5, 0.5]) l = 2, ..., D

ϵ ∼ N(0, 0.12),

where D was the number of dimensions. For this dataset, I used feature-wise

kernels and pair-wise kernels as sub-kernels in order to handle both single feature

effects and cross-feature interactions like the term x.1x.2. There were D +D ×

(D − 1)/2 sub-kernels, the weight coefficients of which were optimized in my

method.

First, to evaluate the performance of my method with feature-wise and pair-

wise kernels, I obtained test correlations evaluated by individual test data (N =
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100) in different numbers of dimensions D. Next, to evaluate the accuracy of

feature selection of the model, I assessed recall and precision. Average test

correlations, recall, and precision over 100 simulation runs are shown in Fig. 16.

Our results illustrate that in the case of D < 10 (i.e. the number of sub-kernels

is less than 10+10×9/2 = 55), my method successfully determined the relation

between z.1 and x.1x.2.
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Figure 16: The performance of pair-wise kernels in Data 3. (Left) Test corre-
lations averaged over 100 simulation runs in different numbers of dimensions.
(Right) Recall and precision averaged over 100 simulation runs in different num-
bers of dimensions. Our method successfully extracts nonlinear associations
with relevant features.

5.4.4 Dataset 4: Nutrigenomic data

I then analyzed a nutrigenomic dataset from a previous mouse study [112, 11].

In this study, expression of 120 genes in liver cells that would be relevant in the

context of nutrition and concentrations of 21 hepatic fatty acids were measured

on 20 wild-type mice and 20 PPARα-deficient mice. Mice of each genotype were

fed 5 different diets with different levels of fat. For matrix notation, gene ex-

pression data were denoted by X ∈ R40×120, and data regarding concentrations
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of fatty acids was denoted by Z ∈ R40×21. Data were standardized to have a

mean of zero and unit variance in each dimension. Several linear correlations

between X and Z were detected by applying a regularized version of the linear

CCA [12, 11].

First, I performed a permutation test for sparse CCA, KCCA, SAFCCA,

and TSKCCA on parameters defined by equally-spaced grid points in order to

identify significant associations in these data. In KCCA and SAFCCA, there

were no significant associations; thus, I focused on sparse CCA and TSKCCA in

the following analysis. I identified two significant linear associations in sparse

CCA (p < 0.001 using a permutation test) and one nonlinear association in

TSKCCA (p = 0.0067 using a permutation test) with c1 = 2.6257 and c2 =

1.9275.

Fig. 17 and 18 show the results of feature selection of sparse CCA and

TSKCCA, respectively. Genes selected by the first singular vector of my method

have different expression levels in different genotypes (marked with asterisk),

suggesting that my method successfully extracted the nonlinear correlation as-

sociated with genotypes.

For further analysis, cross-validation was performed in 100 runs. In each

runs, 40 samples were randomly split into 30 training samples used for fitting

models and 10 validation samples used for evaluating the canonical correlation

for fitted models. Fig. 19 shows box plots of correlation coefficients in sparse

CCA and TSKCCA. Left one represents the first canonical correlation coefficient

in sparse CCA and right one represents correlation coefficient obtained with the

first singular vectors. Significantly higher test correlation (p < 10−6 with a

t-test) were achieved by the first singular vectors of TSKCCA, indicating that

it avoided overfitting despite having nonlinearity.

To account for interactions between features into my model, I calculated
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Figure 17: Feature selection of sparse CCA in nutrigenomic data. Left and
right panels show selected genes and fatty acids, respectively. Genes marked
with asterisks show significantly different expression in different genotypes.
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associated with the genotype.
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Figure 19: Box plot of test correlations in nutrigenomic data. Left and right
panels show the box plot of 100 times test correlation using sparse CCA and
TSKCCA, respectively. TSKCCA achieves significantly higher test correlation
through its first weight vector (p < 10−6 with a t-test).

pair-wise kernels for nutrigenomic data. Although the number of sub-kernels

was huge (120+120× 119/2 = 7260 sub-kernels for genes, 21+21× 20/2 = 231

sub-kernels for fatty acids), TSKCCA successfully extracted a significant asso-

ciation (p < 0.001 using a permutation test). To evaluate the stability of feature

selection, I performed TSKCCA on 1000 runs with data generated by random

sampling of empirical data with replacement. Table 9 shows the frequencies

of features (i.e. pairs of features) selected across 1000 runs, suggesting that

PMDCI played an important role within the interactions.

5.5 Discussion

Other researchers have employed the sparse additive model [106] to extend

KCCA to high-dimensional problems, and have defined two equivalent formu-

lations, such as sparse additive functional CCA (SAFCCA) and sparse addi-

tive kernel CCA (SAKCCA) [105]. The former was defined in a second order
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Table 9: Frequency of selection per sub-kernel corresponding to genes (left) and
fatty acids (right) in nutrigenomic data.

genes / pair of genes freq. fatty acids / pair of fatty
acids

freq.

PMDCI 643 C16.0-C18.0 622
CAR1-PMDCI 564 C18.0 485
PMDCI-THIOL 563 C16.0-C20.3n.6 429
ACBP-PMDCI 473 C16.0 340
L.FABP-PMDCI 451 C18.0-C20.3n.6 315
CYP4A10-PMDCI 379 - -
CYP3A11-PMDCI 370 - -
ALDH3-PMDCI 369 - -
Ntcp-PMDCI 354 - -
PMDCI-SPI1.1 347 - -
ACOTH-PMDCI 330 - -
PMDCI-SR.BI 306 - -

Sobolev space and solved using the biconvex back-fitting procedure. The latter,

defined in RKHS, was derived by applying representer theorem to the former.

Given some function fm ∈ Hm, these algorithms optimize the additive model,

f1 ∈ H1, f2 ∈ H2, ..., fp ∈ Hp. In contrast, my formulation supposes an additive

kernel, such as
∑

ηmKm associated with RKHS Hadd and finds correlations in

this space. This method enables us to reveal multiple components of associa-

tions.

Some problems specific to KCCA, such as choosing two parameters (i.e.

regularization parameter κ and the width parameter γ) and the number of

components, remain unsolved. While cross validation is applicable to set these

values [113], they are fixed for simplicity in my study, based on the previous

study [103].

Next, I discuss the validity of feature selection in nutrigenomic data per-

formed using sparse CCA and TSKCCA. In the original study, the authors

focused on the role of PPARα as a major transcriptional regulator of lipid

metabolism and determined that PPARα regulates the expression of many genes
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in mouse liver under lower dietary fat conditions [112]. They provided a list of

genes that have significantly different expression levels between wild-type and

PPARα-deficient mice. While only a few genes selected by sparse CCA were

included in the list, 13 out of 14 genes selected with the 1st singular vector in

TSKCCA were included in the list. This result shows that TSKCCA successfully

extracts meaningful nonlinear associations induced by PPARα-deficiency.

Moreover, in my analysis of pair-wise kernels, most of the frequently selected

pairs of genes retained PMDCI known as a sort of enoyl-CoA isomerases involved

in β-oxidation of polyunsaturated fatty acids. This implies that the interactions

of PMDCI and other genes contribute to lipid metabolism in PPARα-deficient

mice.

Many variants of sub-kernels, such as string kernels or graph kernels, can

be employed in the same framework. In the field of biomedical engineering,

Yamanishi et al. adopted integrated KCCA (IKCCA), which exploited the

simple sum of multiple kernels to combine many sorts of biological data [104].

This technique can be improved by optimizing weight coefficients of each kernel

in the frame of TSKCCA. Finally, if kernels are defined on groups of features,

it enables us to perform group-wise feature selection, just like group sparse

CCA [4, 53, 16]. It is beneficial to consider group-wise feature selection for

biomarker detection problems.

5.6 Conclusions

This thesis proposesed a novel extension of kernel CCA that I call two-stage

kernel CCA, which is able to identify multiple canonical variables from sparse

features. This method optimizes the sparse weight coefficients of pre-specified

sub-kernels as a sparse matrix decomposition before performing standard ker-

nel CCA. This procedure enables us to achieve interpretability by removing
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irrelevant features in the context of nonlinear correlational analysis.

Through three numerical experiments, I have demonstrated that TSKCCA

is more useful for higher dimensional data and for extracting multiple nonlinear

associations than an existing method, SAFCCA. Using nutrigenomic data, my

results show that TSKCCA can retrieve information about genotype and may

reveal an interactive mechanism of lipid metabolism in PPARα-deficient mice.
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6 Conclusion Remarks

In this thesis, to evaluate the state of depression patients based on objective

physiological data such as brain activity, I explored interpretable machine learn-

ing algorithms in high-dimensional datasets.

In chapter 3, I exploited some priori knowledge about anatomical segmenta-

tion of human brain and examined a method using sub-kernels that corresponds

one-to-one to the anatomical brain regions. I confirmed that it was superior to

the existing method such as logistic regression with L1 regularization for the pur-

pose of judging the presence or absence of disease from fMRI data of depressed

patients and healthy controls. Although the accuracy was almost comparable

with SVM, thanks to the application of the regional-wise sub-kernels, I success-

fully identified the relevant anatomical regions, such as left precentral gyrus and

left precuneus.

In chapter 4, I assumed that the resting-state functional connectivity data

and depression-related clinical scores, which have strong correlations with each

other, could be projected on a common low-dimensional latent space. In order to

take account of this assumption, I examined the application of the partial least

squares regression and obtained higher accuracy in comparison with ordinary

least squares regression. Moreover, by looking at the regression coefficients, I

successfully identified some relevant functional connectivity to depression.

In chapter 5, I examined the problems that could occur when nonlinear

correlation analysis was applied to high dimensional datasets. I introduced a

novel method to obtain an appropriate design of kernels that remove irrelevant

information in the framework of multiple kernel learning as in chapter 3. I ap-

plied this novel method to some synthetic data and mouse nutrigenomic data to

evaluate the capability of removing noise and obtaining nonlinear associations.

In this thesis, I investigated the relationship between diagnoses, clinical
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scores and fMRI data in chapters 3 and 4. Since these studies were not enough

to obtain deep understanding of major depression in a data driven manner,

other types of physiological data such as SNPs should be considered like [114].

In future work, my proposed method called two stage kernel CCA in chapter 5

can be useful to combine multiple high dimensional datasets as a multimodal

method. To that end, there are still many remaining issues. The most impor-

tant one is about the design of the sub-kernels. For the purpose of handling

multiple high dimensional datasets such as SNPs and brain activity, further

design of sub-kernels should be investigated. One of the valuable candidate is

group sparseness applied to analysis of SNPs and fMRI data in [16, 115]. As

a natural extension of group sparseness, it is possible to divide variables into

several groups and define the sub-kernels for each group. Since the final inter-

pretability of results depends on how to divide the variables into groups, further

investigation is required in future study. As a conclusion, further investigation

is required to combine multiple datasets using two stage kernel CCA to find

some new insights about depression.
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Appendix

Table 10: Root mean squared error (output-
age).

BDI-II SHAPS PANAS(n) age
OLS 11.6±1.35 7.33±0.81 8.91±0.982 9.89±1.15
PLS 9.71±1.11 6.44±0.77 7.38±0.817 9.40±1.08
KPLS-Poly(2) 9.56±1.08 6.11±0.673 7.29±0.807 9.51±1.09
KPLS-Poly(3) 10.3±1.15 6.43±0.702 7.57±0.831 9.41±1.07
KPLS-Gauss 9.88±1.11 6.49±0.706 7.42±0.821 9.29±1.05

Table 11: Root mean squared error (input-age).
BDI-II SHAPS PANAS(n) age

OLS 12.9±1.48 7.90±0.895 9.98±1.11 -
PLS 11.7±1.30 7.52±0.822 8.74±0.962 -
KPLS-Poly(2) 11.7±1.30 7.70±0.842 8.83±0.963 -
KPLS-Poly(3) 12.3±1.36 7.93±0.863 9.21±1.01 -
KPLS-Gauss 10.3±1.17 6.78±0.759 7.69±0.853 -

Table 12: Root mean squared error (no-age).
BDI-II SHAPS PANAS(n) age

OLS 12.5±1.43 7.69±0.868 9.69±1.07 -
PLS 11.4±1.27 7.44±0.804 8.59±0.946 -
KPLS-Poly(2) 11.0±1.22 7.17±0.777 8.24±0.916 -
KPLS-Poly(3) 11.5±1.31 7.32±0.812 8.61±0.973 -
KPLS-Gauss 11.6±1.29 7.87±0.853 8.97±0.971 -
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Table 13: Classification Performance (Mean±SE over nested leave-one-out cross
validation). KPLS-Poly(2) followed by LDA significantly outperformed direct
LDA, SVM, and OLS followed by LDA in accuracy (adjusted for multiplicity
using the Bonferroni-Holm method with significance level α = 0.05).

accuracy (%) sensitivity (%) specificity (%)
direct LDA 57.7±4.45 53.4±6.55 61.5±6.03
direct SVM 69.1±4.17 69.0±6.07 69.2±5.72
OLS+LDA 62.6±4.36 62.1±6.37 63.1±5.99
PLS+LDA 72.4±4.03 74.1±5.75 70.8±5.65

KPLS-Poly(2)+LDA 80.5±3.57 81.0±5.15 80.0±4.96
KPLS-Poly(3)+LDA 76.4±3.83 74.1±5.75 78.5±5.10
KPLS-Gauss+LDA 71.5±4.07 70.7±5.98 72.3±5.55

Table 14: Classification Performance without subjects over 60 (Mean±SE over
nested leave-one-out cross validation). KPLS-Poly(2) followed by LDA signif-
icantly outperformed direct LDA and OLS followed by LDA in accuracy (ad-
justed for multiplicity using the Bonferroni-Holm method with significance level
α = 0.05).

accuracy (%) sensitivity (%) specificity (%)
direct LDA 66.1±4.27 66.7±6.19 65.6±5.89
direct SVM 67.8±4.21 74.1±5.75 62.3±6.01
OLS+LDA 61.7±4.38 61.1±6.40 62.3±6.01
PLS+LDA 70.4±4.11 72.2±5.88 68.9±5.74

KPLS-Poly(2)+LDA 78.3±3.72 77.1±5.29 80.0±5.22
KPLS-Poly(3)+LDA 73.9±3.96 68.5±6.10 78.7±5.08
KPLS-Gauss+LDA 70.4±4.11 68.5±6.10 72.1±5.56
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