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ABSTRACT

Alzheimer’s disease (AD), one of the most common causes of de-
mentia, is a severe irreversible neurodegenerative disease that re-
sults in loss of mental functions. The transitional stage between
the expected cognitive decline of normal aging and AD, mild cog-
nitive impairment (MCI), has been widely regarded as a suitable
time for possible therapeutic intervention. The challenging task
of MCI detection is therefore of great clinical importance, where
the key is to effectively fuse predictive information from multiple
heterogeneous data sources collected from the patients. In this
paper, we propose a framework to fuse multiple data modalities
for predictive modeling using deep matrix factorization, which ex-
plores the non-linear interactions among the modalities and ex-
ploits such interactions to transfer knowledge and enable high per-
formance prediction. Specifically, the proposed collective deep ma-
trix factorization decomposes all modalities simultaneously to cap-
ture non-linear structures of the modalities in a supervised manner,
and learns a modality specific component for each modality and a
modality invariant component across all modalities. The modality
invariant component serves as a compact feature representation
of patients that has high predictive power. The modality specific
components provide an effective means to explore imaging genet-
ics, yielding insights into how imaging and genotype interact with
each other non-linearly in the AD pathology. Extensive empiri-
cal studies using various data modalities provided by Alzheimer’s
Disease Neuroimaging Initiative (ADNI) demonstrate the effective-
ness of the proposed method for fusing heterogeneous modalities.
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1 INTRODUCTION

Alzheimer’s disease (AD) is a severe neurodegenerative disease
causing 60% to 70% dementia [43]. It starts with vanished memory
and progresses to an advanced stage followed by cognitive func-
tion loss, which ultimately leads to death. Currently, AD ranks the
sixth leading cause of death in the U.S. and the number of patients
affected is expected to reach 13.4 million by the year 2050, which
induces substantial burden on the healthcare system [4]. The tran-
sitional stage between expected cognitive decline of normal aging
and AD, mild cognitive impairment (MCI) has been considered as
suitable for possible early therapeutic intervention for AD [34].
However, it is not yet possible to determine the underlying cause
of MCI from symptoms of a person [5]. Effective prognosis of MCI
can greatly benefit public health and reduce healthcare burden.
Variants in multiple biological measures such as medical imag-
ing and genotype can provide complementary information on brain
structure and function, thus improve capability in differentiating
between normal aging subjects and MCI patients. Magnetic reso-
nance imaging (MRI), providing detailed anatomical description of
the brain, has been extensively used in extracting imaging biomark-
ers and identifying MCI subjects [19, 30, 39, 40]. T1-weighted MRI
(T1 MRI) can capture structural information of gray matter in the
brain, while diffusion-weighted MRI (dMRI) is sensitive to micro-
scopic properties of brain’s white matter. Combining T1 MRI and
dMRI together provides a comprehensive illustration of the brain
than utilizing them separately. Moreover, prior studies strongly fa-
vor a joint analysis on multiple modalities including imaging and
genetics, since it has been shown that genetic variants have played
a significant role in the onset of the disease [7, 36, 44, 45].
However, few prior studies combined two types of MRI imaging
in detecting MCI, let alone a joint model that incorporate imag-
ing modalities and genetic information. One significant challenge
is the limited sample size. It is usually very costly to construct
large cohort studies that involve imaging and genetic data. For ex-
ample, more than $60 million has been devoted to the first stage
of Alzheimer’s Disease Neuroimaging Initiative (ADNI) to collect
819 subjects’ brain imaging data, genetic data and other biological
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samples. Different biological data modalities have different fea-
ture dimensions. For example, imaging data contains hundreds to
thousands features, while the feature dimension of genetic data is
around 1 million. Due to the high dimensionality of brain images
and genetic markers, directly combining multiple modalities will
increase the feature dimension drastically, which not only makes
it difficult to extract valid predictive signals, but also induces over-
fitting problems. Also, some subjects do not have genetic data or
dMRI data because they did not participate some parts of the study.
Directly combining multiple modalities means those subjects must
be discarded, which significantly reduces the sample size. More-
over, different modalities describe different aspects of brain: T1
MRI captures areas composed of neurons while dMRI estimates
connection between those areas; the genotype impacts the disease
in a way that is not directly related to brain structure and func-
tion. As such, all these data modalities are interacting in a compli-
cated manner, suggesting that directly combining feature spaces
may not lead to effective integration.

Analysis of high dimensional data can greatly benefit from its
intrinsic low-rank structures, exploiting which allows us to sig-
nificantly reduce the feature dimensionality while maintain most
information in data. Recent studies have identified such low-rank
properties in imaging and genetic data [28, 42, 49]. Matrix factor-
ization techniques [23, 25] are powerful tools to recover the low
rank structure of a matrix and have been widely used in many
data mining and machine learning applications. Because of its ca-
pability to denoise data, such approach is especially attractive in
processing noisy data such as genetics and imaging. Matrix factor-
ization also provides an integrated approach to fuse multiple data
modalities by mapping different modalities to a shared subspace.
This method has been widely applied in network analysis [9] and
clustering [3]. We note that matrix factorization techniques have
a strong linear assumption that objects interact with each other
linearly in a low dimensional subspace. However, brain as well
as genotype-phenotype interactions have inherent complex struc-
ture [15, 17, 24]. For example, it has been identified that human
brain functional networks have a hierarchical modular organiza-
tion structure [29]. Thus, the linear assumption in traditional ma-
trix factorization may fail to capture the complexity, nonlinearities
and hierarchical interactions among different modalities in AD re-
search.

In this paper, we propose a deep matrix factorization framework
to fuse information from multiple modalities and transfer predic-
tive knowledge in order to differentiate MCI patients from cogni-
tive normal subjects. Specifically, we build a nonlinear hierarchi-
cal deep matrix factorization framework which decomposes each
modality into a modality invariant component and a modality spe-
cific component guided by supervision information. The proposed
collective deep matrix factorization delivers higher predictive per-
formance than its linear counterpart, since its deep nonlinear struc-
ture can discover the hidden complexity and nonlinearity of orig-
inal data, and map original data which are not linear separable
into a representation that can make subjects easier to be separated.
Moreover, the modality specific term can be used to uncover com-
plicated interactions among different modalities that cannot be
discovered by traditional matrix factorization methods. We per-
form extensive empirical studies on ADNI dataset to identify MCI
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patients by fusing three modalities including T1 MRI, dMRI, and
genotype. We also compare our method with state-of-the-art deep
multimodality algorithms including deep neural network, DCCA
[6] and DCCAE [41]. The results demonstrate the effectiveness of
the proposed approach.

2 RELATED WORK

The proposed framework performs collective deep matrix factor-
ization for multi-modal learning. In this section, we review the
related work in fields of multi-modal learning and matrix factor-
ization, and point out the differences.

2.1 Learning from multiple modalities

Fusing information from multiple modalities has been an active re-
search topic that attracts intensive efforts in the community. Deep
learning techniques have recently been utilized to fuse multiple
data modalities. In [32], the authors proposed multi-modal deep
learning. They extracted shared representations of two modalities
by reconstructing them from the one modality that was available at
testing and showed their method can learn descent cross modality
features. In [6], traditional canonical correlation analysis was ex-
tended to deep canonical correlation analysis by learning two deep
neural networks on two modalities and maximizing the canoni-
cal correlation of the output of two neural networks. The authors
in [41] combined the ideas from [32] and [6], and proposed deep
canonically correlated auto-encoders that optimize the combina-
tion of canonical correlation between the learned representation
of two modalities and the reconstruction errors of auto-encoders.

Multi-modal learning is closely related to multi-view learning.
Multi-view learning can be considered as a special setting of multi-
modal where the multiple modalities have the same set of samples.
[16] introduced a multi-view deep learning model in recommenda-
tion systems which mapped users and items into a shared semantic
space by deep neural network and recommended items which have
maximum similarity with users in the mapped space. In [20], the
authors presented a novel multi-view deep network to deal with
multi-view data. The method learned a discriminant and view-
invariant representation shared between multiple views using a
non-linear deep neural network.

All these methods try to remove the modality specific correla-
tions layer-by-layer until a modality invariant representation is
learned. Our method also tries to learn a modality invariant repre-
sentation. However, instead of directly removing all the modality
specific information, we decompose the input modality-full data
into a modality invariant term and several modality specific terms.
This process shows how modality specific information is separated
from modality invariant part explicitly. Also, the modality specific
terms can be used to analyze the relationship between multiple
modalities and provide their associations.

2.2 Matrix factorization

Matrix factorization techniques exploit the inherent low-rank struc-
ture of a matrix and learn latent representations of objects involved.
Recent years have witnessed growing efforts in improving matrix
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factorization using deep learning techniques. In [38], authors ex-
tended semi-non-negative matrix factorization to deep semi-non-
negative matrix factorization to perform clustering. Deep semi-
non-negative matrix factorization can learn different attributes of
the data from different hidden layers and cluster data by those dif-
ferent attributes. In [37], the authors proposed multi-layer non-
negative matrix factorization network for classification task. They
stacked non-negative matrix factorization into several layers and
took step-by-step approach in learning the features, which can pro-
vide intuitive explanation of learning steps in each layer. [35] pre-
sented a method based on DNN and applied low-rank matrix fac-
torization on the final weight layer. Low-rank matrix factorization
reduced the number of parameters involved in the network. Thus,
it reduced training time without a significant loss in final recogni-
tion accuracy compared to a full-rank representation.

Matrix factorization has also been used to fuse multiple data
modalities. [9] proposed factorized similarity learning to mining
the similarity between pairs of nodes in a network from multiple
modalities. They fused knowledge from network structure (links),
content, and user supervision to achieve stable and generalized
similarity learning on networks by matrix factorization.

Although previous work has been worked on extracting high-
level representation or fusing multiple modalities by matrix factor-
ization, none of them can combine the two methods to extract com-
plex non-linear structures of multiple modalities and fuse learned
high-level representations to improve performance.

3 FUSING MULTIPLE MODALITIES VIA DEEP
MATRIX FACTORIZATION

3.1 Matrix factorization

Classical matrix factorization seeks to approximate a matrix with
a low-rank matrix, by explicitly learning the matrix factors. Given
a data matrix X € R™*" matrix factorization learns two reduced
matrix factors U € R™" and V € R™ 7 such that X ~ UVT, and
r < min(m, n) is the upper bound of the rank of the approximated
matrix UVT (the rank of UV can be less than r if columns of U
or V are linearly dependent). The factors U and V are typically
learned via an objective function:

ming v d(X,UVT), st. U € 81,V € So, (1)
where d(X,Y) is a distance metric function measuring the differ-
ence between matrices X and Y, and S7 and So are two constrains
imposed on the factor matrices X and Y.

Typically the distance metric d(X,Y) is chosen to be the Frobe-
nius norm of the difference between X and Y. However, when
missing values present in X, d(X, Y) can be defined as the squared
(o distance between all the observed elements in X and their cor-
responding elements in Y. As such, we are able to learn matrix
factors even with missing values, and the learned matrix factors
can then be used to estimate the missing values under the low-
rank assumption. This is the setup for matrix completion [8] and is
commonly used in recommender systems [23]. The constraints S1
and So specify the feasible regions of the matrix factors to induce
many desired properties, such as non-negativity S = {U|U;; >
0, Vi, j} in non-negative matrix factorization [26] and sparsity S =
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{UlllU|l1 < z} for interpretable factors [48]. In addition, the com-
plexity control can be implemented using Frobenius constraints
S = {U] ||U||12, < z}, which are equivalent to the Frobenius norm
regularizations [22].

3.2 Collective matrix factorization for
multi-modal analysis

The approximation in (1) addresses important semantics in data
analysis. When the data matrix X describes the relationship be-
tween two types of entities, the factors U and V can be thought
of as latent features or latent representations of the entities. For
example, in recommender systems we use X; j to describe the re-
lationship (e.g., rating) between a user i and an item j. The row
vector u! € R gives a r-dimensional latent feature representation
for the user i and similarly the row vector v/ € R” is a latent rep-
resentation of the item j. The two types of latent profile interact
with each other linearly in the latent subspace R”, i.e., the observed
relationship in X; j can be explained as u’(v/)T.

The latent representation/subspace perspective of matrix factor-
ization allows us to link multiple data modalities, when the entities
involved in the modalities are overlapped. In multi-modality mod-
eling, assume we have two datasets X € R4 and Xy € R"*
describing the same set of objects from two sets of features. For ex-
ample, we study a set of n patients. X7 includes d; features from
T1 MRI modality and X3 includes dg features from dMRI modality.
Then we can apply the matrix factorization procedure to factorize
both datasets and connect the two factorizations by enforcing a
shared patient latent representation:

min  d(X1, UV ) +d(X2, UV ), st. U € So, Vi € Si,i = 1,2,
U,vy, Vs

where the latent representation U is thus jointly learned from two
modalities. We call this U matrix modality invariant, as the repre-
sentation now captures intrinsic properties of the patients. When
performing regression and classification on patients, instead of us-
ing features from raw data matrices X7 and X2, we can use the
latent representation. We can easily generalize this approach to
handle more data modalities.

3.3 Capturing complex interactions via
collective deep matrix factorization

One essential assumption associated to the classical matrix fac-
torization is the linear dependence in the matrix. Therefore, it
implicitly specifies that the latent representations learned from
collective matrix factorization have to interact with each other
linearly in the learned latent subspace. However, this assump-
tion is too restrictive in many applications, especially in the mod-
eling of Alzheimer’s disease, where imaging modalities and ge-
netic modality are likely to link through a highly non-linearly man-
ner. To capture the complex interactions among modalities, we
thus propose a novel framework to fuse multiple data modalities
through deep matrix factorization. Assume we have t data modali-
ties Xq € R™d1 X, e RMXd: describing different views of the
same set of n samples. We use a deep neural network gy (.) param-
eterized 6 to factorize each modality, i.e., X; ~ Ugyp, (V;), where in
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Figure 1: Illustration of proposed collective deep matrix factorization (CDMF) framework. In this example, CDMF fuses
information from three modalities: T1 weighted MRI, diffusion MRI, and genotypes (SNPs) to learn a modality invariant

latent representation, to perform predictive modeling,.

this paper we use a structured deep neural network with k layers:

90,(Vi) = f(Wik, i) f Wig—1,y f (- - - F(W(1,1) Vi)

where W(; ;) is the network weight at the j-th layer, 0; = {W(¢ ;).
Wik-1,i)>- - -» W(1,i)} collectively denotes network weights, and f
is a non-linear activation function. The deep network serves as a
highly non-linear mapping between input matrix X; and U, and
projects the latent representations non-linearly to the same latent
space. We call this gg, (V;) modality specific component for i-th
modality. We can thus perform collective deep matrix factorization
(CDMF) to associate multiple data modalities:

min "' d(X;.Ugg,(Vi)) st. U € So.Vi € Sy Vi.
U, (V;,0;}_, —Hi=1 !

We would like to highlight one property of collective deep matrix
factorization that modality invariant component/representation can
have different dimensions from modality components, i.e., U and
V can be different, and V in different modalities can also be differ-
ent. This flexibility is desired especially when different modalities
contain different amount of information, and thus the optimal la-
tent representations may have different dimensions. We also note
that one way to control the complexity of networks under multiple
modalities is to enforce shared network structures, i.e., {gg,} have
the same architecture and share the same parameter values, except
for the last layer.

In many applications, our ultimate goal is to build predictive
models from multi-modal analysis. To achieve this, we can inte-
grate predictive modeling and collective deep matrix factorization
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during learning, such that predictive modeling uses latent repre-
sentations learned from collective deep matrix factorization as in-
put features. Assume that we are given supervision information
{y1,...,yn} for the n subjects, and a linear model for the predic-
tion task h(U; w) = Uw (with a dummy variable to include bias).
Given a latent representation U; (i.e. the j-th row of U matrix)
for the j-th subject and its corresponding label y;, we use a proper
loss function £(h(Uj; w), y;) (e.g., logistic loss for classification and
least squares for regression). The proposed supervised CDMF for-
mulation is thus given by:

n
i C(h(Uss w d(X;, Ugg, (Vi
o Zj:1 (h(Uj; w), y; +Z i.Ugp, (Vi)

st. U eS8y, V; e8,Vi, (2)

where ¢; is a tunable parameter to control knowledge fusion pro-
portion of the i-th modality, specifying how much that the modal-
ity influences the learning of the modality invariant component.
When ¢; is large, a less reconstruction error for this modality will
be achieved when minimizing overall loss, and therefore the learned
representation U contains more information of this modality, and
vice versa. Figure 1 illustrates the proposed framework fusing
three modalities: dMRI, T1 MRI and genotypes (SNPs).
Optimization and initialization. The formulation can be solved
efficiently by TensorFlow [1]. However, since the objective in (2)
is highly non-convex and gradient algorithms may easily trapped
in local optima, a good initialization is important for training the
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network. In this work, we propose to iteratively apply linear ma-
trix factorizations in the original data matrix, and use linear and
hierarchical matrix factors to initialize the deep neural networks.
As such, the initialization is similar to a valid linear matrix fac-
torization, and the algorithm iteratively explore non-linear effects
within linear latent spaces and capture non-linearity in the net-
work during learning process. Technically we can choose arbitrary
linear factorization methods in (1) for initialization, however, we
find in our experiments that singular vectors given by iterative sin-
gular value decomposition (SVD) usually provide decent models
that outperform other factorization methods. This may due to fact
that orthogonal basis obtained by SVD characterize the optimal
linear subspace of the data matrix.

Handling modalities with missing subjects. In many appli-
cations especially medical cases, some data modalities may not
be available to all samples. For example, some subjects did not
participate the genetic study and thus lack genotype information.
Besides, in the first stage of ADNI study there are no diffusion
MRI imaging available, leading to structured missing patterns in
the dataset [46]. Since {X;} involve different sets of subjects, such
missing modalities will cause dimension problems in U, and thus
the modalities cannot be projected to the same U. One way to over-
come this issue is to discard all the subjects with missing modalities
and make the dimensions consistent across modalities. However,
this approach will significantly reduce the number of samples and
thus compromise the predictive performance. We therefore extend
the proposed formulation to deal with it. We define an indicator
matrix for each modality, where for the i-th modality it is denoted
by I; € R™", whose j-th row is given by:

(1), = {"

€j

if the this modality is missing for j-th subject

s

otherwise

where ej € R" is n-dimensional standard basis with only j-th entry
as 1. The revised formulation is given by:
min

2
w, U {Vi,0:}i_, j=1

st. U €8y, V; €8;,Vi,

t ~
ChUw)y) + . @id(Xi, [iUgg, (Vi)
®)
where X; is an augmented data matrix, whose j-th row is given by:

~j _ J0  if this subject lacks of i-th modality
i XZJ. (original features) otherwise '

By multiplying indicators and replacing X; by X;, the correspond-
ing rows of subjects with missing modality will be 0 for this modal-
ity, which has no effect on loss. This approach would ensure that
we use all the information available during the learning.

Application in Disease Modeling. Even though the proposed
CDMF framework can be used in various data mining applications,
here we emphasize on its advantages in our specific disease model-
ing problem. The goal of MCI diagnosis is to differentiate between
MCI subjects and normal cognitive (NC) subjects, which is a classi-
fication problem. We thus use CDMF in Eq. (3) with a logistic loss,
in which knowledge from different modalities is fused in a super-
vised manner such that only the part that is more relevant to group
difference of MCI and NC will be fused to the latent representation
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U, which in turn can improve prediction. This property is impor-
tant for our multi-modality disease modeling since the modalities
may contain knowledge that is not relevant to the desired learning
task. Without proper guidance, the irrelevant knowledge may neg-
atively impact the representation leading to suboptimal predictive
performance. For example, brain imaging may contain informa-
tion of other inherited brain diseases or aging properties, likewise
for genetic data. If the fusion process is carried out in an unsu-
pervised manner, we may not obtain a U that is most informative
regarding the progression of MCIL.

Association study of multiple modalities. The interactions be-
tween latent representations are of great interests in the commu-
nity (e.g., generate predictions in the recommender system), and
can reveal important insights into how different modalities are
connected to each other. Although it is straight forward in linear
case that we can use inner products u' (vj )T, we cannot directly
compute this way in CDMF since the modalities are connected
through non-linear networks. Instead, we can use the following
transformed latent factors:

Vi = fWie, iy f Wige—1, iy f (- - - fF(Wq,y Vi), ()
which is a mapping matrix that contains the modality specific infor-
mation of the corresponding modality. All the columns of this ma-
trix form the specific feature space of this modality. Hence, we can
calculate the association of any features between any two modali-
ties using the transformed latent factors V;. Let C; j(m, n) denote
the cosine similarity between the m-th column from V; and the n-
th column from V;. When C; j(m, n) is large, the m-th feature of
i-th modality is highly related with the n-th feature of j-th modal-
ity and a small C; j(m, n) indicates the association between those
features is weak. This provides a novel tool to study the imaging
genetics, identifying how genotypes influence brain structures un-
der specific tasks (e.g., MCI prediction in our case).

4 EXPERIMENT

4.1 Dataset and features

Data from two stages of ADNI are used in this study: ADNI1 and
ADNI2. Detail demographic characteristics and missing data in-
formation are listed in Table 1. Whole genome sequencing (WGS)
SNPs are provided by ADNI and used as genetic modality in our
study. For MRI, ADNI1 participants are scanned by 1.5T or 3T
MRI scanner while all ADNI2 participants are scanned by 3T MRI
scanner . FreeSurfer V5.3 is adopted to extract 333 measures in-
clude the area, thickness, cortical volume, subcortical volume and
white matter volume from T1 MRI to form T1 MRI modality. For
dMRI, we first parcellate the brain into 113 cortical and subcortical
region-of-interests (ROIs) according to the Harvard Oxford Cor-
tical and subcortical Probabilistic Atlas [13]. Then we reconstruct
the whole-brain tractography using an ODF-based probabilistic ap-
proach: PICo[12]. Finally, a brain network is generated in which
the nodes indicate ROIs and the edges are determined by the pro-
portion of fibers intersecting with each pair of ROIs. As such, each
brain network is a 113 X 113 symmetric matrix with 6328 distinct
edges. These 6328 edges are used as the feature variables for dMRI
modality.

!http://adni.loni.usc.edu/data-samples/mri/
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Table 1: Demographic information of subjects

[ ADNI1 Cohort NC MCI Total [[ ADNI2 Cohort [ NC MCI Total
Age 75.84+4.95 74.48+7.48 75.17+6.68 || Age 69.36 £ 1540 71.68 £9.93 70.96 + 11.89
Sex 115M/108F  247M/138F = 362M/246F || Sex 22M/28F 71M/41F 93M/69F
total subjects 223 385 608 total subjects 50 112 162
Subjects with dMRI 0 0 0 Subjects with dMRI 50 112 162
Subjects with T1 MRI 223 385 608 Subjects with T1 MRI 50 112 162
Subjects with genotype 202 348 550 Subjects with genotype 27 82 109

4.2

Imaging modalities preprocessing. ADNI1 and ADNI2 use dif-
ferent scanner protocol which may introduce biases for the datasets.
Hence, we decide to harmonize the cohorts by removing this co-
hort effect. We create an indicator variable to differentiate ADNI1
and ADNI2 with 1 for all subjects from ADNI1 and -1 for all sub-
jects from ADNI2. In addition, age and sex are common confounders
biasing the analysis. In this study, generalized linear regression ap-
proach [31] is used to remove all confounders including age, sex
and cohort index. It assumes each observed variable is linearly de-
pendent on the confounder variables and fitting a generalized lin-
ear model can remove confounders’ effect. Denote the observed
variable of variable X as X°%S and the original variable as X°"".
The linear dependence of X°bS and X°77 is:

Data preprocessing

XObs — 4y - age + wo - sex + w3 - cohort + X°TF,

where wi, wa, w3 are coefficients of confounders. Let (w1, wa, w3)
be w and (age;, sex;, cohort;) be t;, where i denotes the i-th subject.
Coeflicients can be obtained by solving a linear regression:

w' = mui}n Z:Zl(thi —XiObs)g. (5)

After solving Eq. (5), the original feature variable is given by:
XOTt = XS _ (wy - age + wo - sex + w3 - cohort).

We apply this on both T1 MRI data and dMRI data and will only
use X°! in the downstream experiments.

Genetic modality preprocessing. Genetic data is preprocessed
by standard quality control using PLINK? and then impute using
MaCH3. SNPs with minor allele frequency (MAF) less than 5% or
missing values greater than 5% are discarded. Subjects with miss-
ing values greater than 10% at all SNPs are removed. Finally, 659
subjects with reading values on 6, 566, 154 SNPs are attained.

In order to extract more relevant features, we apply genome-
wide association study (GWAS) on our data. In detail, we regress
patient state NL/MCI on each SNP using logistic regression, with
p-value generated and adjusted to —log, , scale. Larger adjusted p-
value indicates strong association between response and the marker.
Figure 2 shows SNPs with adjust p value greater than 2 on each
chromosome. SNPs on chromosome 19 have stronger association
with MCI than others, suggesting crucial effects of this chromo-
some on the Alzheimer’s deterioration. Finally, the top 200 signifi-
cant SNPs for each iteration are retained as features for our down-
stream analysis. Since SNPs are categorical, i.e. {0, 1,2}, we use
the one-hot coding to be the feature representation. Hence, the
final feature dimension for genetic modality is 600.

Zhttp://pngu.mgh.harvard.edu/ purcell/plink/
3http://csg.sph.umich.edu/abecasis/MaCH/

4.3 Predict performance

Shallow collective matrix factorization
Comp. # - - -
linear sigmoid square
30 0.529 +0.080 | 0.616 +0.102 | 0.564 +0.011
50 0.587 +0.069 | 0.593 +0.120 | 0.718 £ 0.076
70 0.610 +0.079 | 0.644 +0.075 | 0.659 = 0.161
90 0.526 +0.065 | 0.597 +0.086 | 0.634 +0.097
110 0.656 + 0.089 | 0.681 +0.116 | 0.658 +0.106
130 0.561 +0.024 | 0.613 +0.105 | 0.668 = 0.127
Deep collective matrix factorization
Comp. # - - -
linear sigmoid square
30 0.519 +£0.099 | 0.653 +£0.139 | 0.719 +0.142
50 0.594 + 0.151 | 0.646 +0.078 | 0.693 +0.100
70 0.573+0.135 | 0.593 +£0.165 | 0.758 £0.115
90 0.519 +0.093 | 0.610 +0.146 | 0.805 £ 0.073
110 0.558 +0.083 | 0.542 +0.048 | 0.726 + 0.027
130 0.553 +0.124 | 0.544 +0.110 | 0.679 +0.152
Comp. # Other deep multi-modality methods
DCCA DCCAE DNN
30 0.770 £ 0.065 | 0.723 +0.031 | 0.617 +0.143
50 0.722 +0.088 | 0.743 +£0.094 | 0.604 +0.026
70 0.689 +0.134 | 0.780 +0.054 | 0.560 +0.111
90 0.684 +0.089 | 0.703 +0.042 | 0.579 + 0.068
110 * 0.735+0.135 | 0.627 +0.165
130 * 0.699 +0.089 | 0.689 +0.131

* means not applicable due to the algorithm design.
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Table 2: Prediction performance of different models using
ADNI2’s T1 MRI and dMRI in terms of AUC. With an ap-
propriate activation function and components’ number, our
method outperforms than all other methods.

In this section, we evaluate the performance of our method and
compare with other methods using ADNI dataset. The distance
metric d(X,Y) we used in the following experiments is || X — YIII%.
We perform experiments on three different settings.

In the first setting, only ADNI2 dataset and its two modalities:
T1 MRI and dMRI are covered. In this setting, no modality has
missing subjects. We randomly select 90% subjects as the training
set and 10% subjects as the testing set. Our main assumption is
deep matrix factorization can extract high-level nonlinear features
to improve diagnosis performance. In order to prove it, we com-
pare deep models with shallow models, i.e. one layer matrix fac-
torization, and compare nonlinear models with linear models. Two
main nonlinear functions are used in our experiments: sigmoid(x)
and x2. In deep models, we focus on those with two hidden layers.
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Figure 2: Manhattan plot for SNPs with adjusted p value greater than 2. Colors indicate different chromosomes.

Shallow collective matrix factorization
Comp. # - - -
linear sigmoid square
30 0.702 £ 0.019 | 0.672 £0.137 | 0.708 £ 0.024
50 0.749 £ 0.052 | 0.793 +£0.034 | 0.742 + 0.063
70 0.743 £ 0.063 | 0.696 = 0.037 | 0.747 +0.061
90 0.754 +0.046 | 0.756 + 0.059 | 0.749 + 0.049
110 0.791 £ 0.027 | 0.798 +0.058 | 0.786 + 0.032
130 0.671+£0.049 | 0.652 +£0.058 | 0.679 +0.048
Deep collective matrix factorization
Comp. # - - -
linear sigmoid square
30 0.634 +0.065 | 0.665 +0.044 | 0.627 +0.768
50 0.701 £ 0.064 | 0.735+0.061 | 0.681 +0.039
70 0.778 £ 0.059 | 0.749 +0.011 | 0.784 +0.055
90 0.775 +0.063 | 0.801 +0.023 | 0.821 + 0.015
110 0.806 +0.049 | 0.792 +£0.031 | 0.800 + 0.032
130 0.717 £0.037 | 0.705 +0.049 | 0.759 = 0.044
Comp. # Other deep multi-modality methods
DCCA DCCAE DNN
30 0.801 £ 0.101 | 0.737 £0.063 | 0.758 + 0.098
50 0.732+£0.041 | 0.753 £0.014 | 0.767 = 0.069
70 0.788 +0.084 | 0.813 £0.047 | 0.756 + 0.087
90 0.746 +£0.159 | 0.750 £ 0.124 | 0.757 +0.078
110 0.759 £ 0.151 | 0.780 +0.058 | 0.754 = 0.070
130 0.739 £ 0.183 | 0.774 +0.074 | 0.754 + 0.056

Table 3: Prediction performance of different models using
ADNI2 and ADNIT’s T1 MRI and dMRI in terms of AUC. Al-
though dMRI modality lacks of a large number of subjects,
performance is still improved a lot compared with that only
uses ADNI2 data.

After some preliminary experiments, we fix the first layer’s com-
ponents to be 162,i.e. V; € R162xd; for j=1,2,...,t and vary sec-
ond layer’s components from 30 to 130, i.e. W ; € R™%162 where
r € {30,50,70,90,110,130}. Hence, U € R%*". How the new
features’ dimension affects performance can be traced by varying
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r. We report average area under ROC curve (AUC) over three it-
erations in Table 2. We implemented the proposed model using
TensorFlow [1]. All the experiments were run on GT1080 or Titan
X. It takes approximately 3 minutes to train one model.

When using x? as activation function and setting components
number to be 90, our model outperforms all other models. We ob-
serve when the activation function is inappropriate, i.e, sigmoid(x)
for our case, the AUC is very low. Hence, choosing a suitable ac-
tivation function is very important. Only certain nonlinear func-
tions can correctly fit this dataset and extract the desired features.
Also, we find the number of components is crucial for all differ-
ent models. An inappropriate number of components will reduce
the performance drastically. When the number of components is
too small, new feature representation is not rich enough to capture
the complex hidden information. But when this number becomes
too large, they contain too many redundant features. Since sample
size is not large enough, it causes overfitting and reduces testing
performance. We also compare our method with three state-of-the-
art multi-modality learning algorithms: DCCA, DCCAE and deep
neural network. Since training sample size is 90, when the com-
ponents number of new feature representation is larger than 90,
DCCA’s code? reports error. Hence, we set it to be {30, 50, 70, 90}
for DCCA. The deep neural network has two parts. The first part is
used to remove modality specific information. It has two two-layer
sub-networks corresponding to two modalities. The first layer is
the input layer. To make the network consistent. The second layer
contains 162 neurons for each sub-network. The outputs of two
sub-networks are concatenate to a vector and used as the input of
the second part of the whole network to fuse knowledge and im-
plement classification tasks. The second part has three layers. The
first layer is the input layer where the output of the first part is fed.
The second layer contains {30, 50, 70, 90, 110, 130} units. The third
layer is a logistic regression layer. To compare with our model, the
two parts are jointly trained. The results are reported in the last
three columns in Table 2. Our method outperforms all baselines.

In the second setting, we include all ADNI1 subjects’ imaging
data into the training set. Compared with the first setting, dMRI

“http://ttic.uchicago.edu/ wwang5/dccae html
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Shallow collective matrix factorization Deep collective matrix factorization
Components # - - - - — DNN
linear sigmoid square linear sigmoid square
30 0.684 + 0.051 | 0.658 +0.039 | 0.766 +0.115 || 0.632+0.019 | 0.665 = 0.042 | 0.670+0.052 || 0.674+0.114
50 0.767 +£0.019 | 0.772+0.032 | 0.818 +£0.076 || 0.707 +0.054 | 0.737 £ 0.064 | 0.719+0.073 || 0.666 +0.108
70 0.763 + 0.059 | 0.759 +0.020 | 0.797 +0.049 || 0.781 +0.065 | 0.750 + 0.010 | 0.799 +0.040 || 0.669 +0.119
90 0.772 +0.070 | 0.775+0.030 | 0.767 +£0.081 || 0.784 +0.071 | 0.797 +£ 0.019 | 0.852 + 0.018 || 0.667 + 0.090
110 0.822 +0.018 | 0.795 +0.005 | 0.803 +0.014 || 0.811 +0.047 | 0.782+0.030 | 0.779 +0.008 || 0.656 + 0.080
130 0.702 + 0.067 | 0.669 + 0.055 | 0.689 +0.071 || 0.728 +0.048 | 0.705 + 0.055 | 0.725+0.105 || 0.671 +0.098

Table 4: Prediction performance of fusing genetic knowledge and imaging knowledge using ADNI1 and ADNI2 in terms of
AUC. Genetic modality can be successfully integrated with imaging modalities.

modality has a lot of missing subjects in this setting. Also, this set-
ting’s training sample size is much larger than the previous one. In
order to compare the performance of these two settings, the testing
data set and all the other model settings are the same as in the first
setting. Since DNN, DCCA and DCCAE cannot deal with modality
with missing subjects, we fill all the missing values with the mean
over all available samples for each modality. Average AUC is re-
ported in Table 3 for all models and similar trends are observed in
these results with those in the first setting. Moreover, we find un-
der the same experiment settings, almost all models’ performance
is higher than that of the previous one. It shows our extended
formulation can successfully deal with modality with missing sub-
jects and leverage partial knowledge in this modality to greatly
improve overall performance.

In the last setting, we include genetic modality as the third modal-
ity and fuse genetic knowledge and imaging knowledge to improve
diagnosis performance. We preform GWAS on each iteration’s
training set to select SNPs involved in our experiment. To com-
pare with the second setting, all the model settings are the same
as in previous settings. Average AUC is reported in Table 4. Since
DCCA and DCCAE cannot deal with three modalities, we only use
DNN as baseline. With the same training sample size, DNN’s per-
formance is much worse than that of previous setting, which im-
plies concatenating all the output of each sub-network as fusion
method does not work for this case. That is because features from
the genetic modality are discrete and the matrix is very sparse,
while features for two imaging modalities are continues and the
matrices are extremely dense. They have different statistical prop-
erties. However, for our method, the performance for this setting
is much better than that of the second setting, which implies ge-
netic modality can be successfully integrated with imaging modal-
ities by our method even though the modalities are radically dif-
ferent.

At last, we report sparse logistic regression results on each sin-
gle modality as single modality baselines. The results are shown
in Table 5. Experiments on ADNI2 dataset have the same train-
ing testing splitting method as the first setting and experiments on
ADNI1 + ADNI2 dataset have the same splitting way as the second
setting. We see single modality’s average AUC is lower than the
highest AUC in all three settings. Hence, only by fusing knowledge
from different modalities can we achieve descent performance.

ADNI2
T1 MRI dMRI SNPs
AUC | 0.71+0.04 | 0.63+0.07 | 0.63+£0.14
ADNI1+ADNI2
T1 MRI dMRI SNPs
AUC | 0.72+0.06 - 0.67+0.27

Table 5: Results of applying sparse logistic regression on
each single modality in terms of AUC. ADNI1 study did not
collect dMRI.

4.4 Effects of knowledge fusion parameters

Knowledge fusion parameters control how much knowledge a modal-
ity is fused into modality invariant term. In this section, we show
how these parameters affect performance. Let a1, a2, a3 be the pa-
rameters to control knowledge fusion of dMRI, T1 MRI and SNPs
respectively. The training set and testing set are split in the same
way as the third setting in the last section. We focus on deep model
with 2 hidden layers, with x2 as activation function. The compo-
nents of the first layer and the second layer is 162 and 90 respec-
tively.

We first fix 1 and a2 to be 1 and vary a3 to see how a3 affects
performance. The results is shown in Figure 4 in blue line. We
see when we increase a3, the performance first increases slightly.
But when a3 is larger than 0.1, the performance decreases very
fast if we continue increasing it. That is because genetic modal-
ity is noisier than imaging modalities. With a small a3, i.e. 0.1,
this model can tolerant a larger reconstruction error for genetic
modality. Hence, the model is robust to the noise in genetic modal-
ity. When a3 becomes larger, the reconstruction error of genetic
modality must be small in order to achieve a low total loss. More
noise distorts U, which reduces the performance. But when a3 is
too small, some useful knowledge of this modality cannot all be
fused to U, which also reduces the performance. Hence, only with
a suitable fusion parameter can the model correctly fuses all the
useful knowledge of genetic modality. Next, we fix a3, a1 to be 0.1
and 1 receptively and vary a2 to see how a2 affects performance.
We also fix @3, ag to be 0.1 and 1 respectively and vary a7 to see the
effects of changing a1. The results are shown in Figure 4 in green
line and red line. These two are very similar to each other since
they both control knowledge fusion of imaging modalities. We
see when a7 and aa reach 1, the performance reaches the highest.
Hence, imaging modalities need to contribute more knowledge to
U than genetic modality to make a better performance.
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4.5 Imaging-genetics association

In this section, we present imaging-genetics association uncovered
by modality specific components. We compute the association be-
tween SNPs with cortical thickness and area on 68 ROIs. This asso-
ciation indicates how significant a brain imaging feature is associ-
ated with a SNP under the task of predicting MCL In Figure 3, we
show the map of the significance level at each ROI for the most as-
sociated SNP within that ROL The first two figures are based on cor-
tical area features for left and right brain respectively and the last
two figures are for cortical thickness features. Warmer colors rep-
resent stronger association and cooler colors indicate the opposite.
Our results show that there are some cluster patterns which indi-
cate those ROIs are highly related to each other in respect of MCI.
Top 6 significant T1 MRI features are: right cuneus thickness, right
parahippocampal area, right posterior cingulate thickness, left pars
opercularis area, left cuneus thickness and right frontal pole thick-
ness. Among those features, cuneus thickness, posterior cingulate
thickness, frontal pole thickness and parahippocampal region are
identified significantly associated with MCI [10, 14, 18, 33]. The
SNPs most related to these 6 features are: rs10414043, rs429358,
15429358, rs8141950, rs11178933, rs10414043 respectively. All the
SNPs except rs8141950 are located at Chromosome19 which has
been identified to be highly associated with MCI and AD [11, 27].
Especially, rs429358 locates in the fourth exon of the APOE gene [21]
in Chromosome19, which has been extensively reported as the ge-
netic risk factor for the late-onset of AD. rs8141950, located on
Chromosome22, has also been found to be closely related to AD [2].
This shows that our method can correctly uncover imaging-genetic
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association in respect of MCI. This association can be used to an-
alyze how the genotype influences brain structures and provide a
potential way to explore the mechanism behind MCI and AD.

5 CONCLUSIONS

In this paper, we proposed collective deep matrix factorization to
fuse knowledge from different modalities. Specifically, we build
uniform nonlinear hierarchical deep matrix factorization frame-
work across different modalities which decomposes each modality
into a modality specific component and a modality invariant com-
ponent that serves as a learned feature representation. We also
add supervision on the modality invariant component to guide the
learning process. The proposed method can exploit complicated
non-linear interactions among different modalities and learn a fea-
ture representation which is compact and more relevant to our pre-
dictive problem. Also, the modality specific term can be used to
uncover complicated imaging-genetic associations. We perform
extensive experiments on ADNI dataset and show the proposed
method significantly improves predictive performance. We also
show some imaging-genetic association which can benefit future
research. We plan to extend this framework into the multi-task
learning setting [47] to simultaneously predict multiple targets of
interests.
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