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Abstract:   Neuroimaging data typically include multiple modalities, such as structural or functional magnetic resonance imaging, dif-
fusion tensor imaging, and positron emission tomography, which provide multiple views for observing and analyzing the brain. To lever-
age the complementary representations of different modalities, multimodal fusion is consequently needed to dig out both inter-modality
and intra-modality information. With the exploited rich information, it is becoming popular to combine multiple modality data to ex-
plore the structural and  functional characteristics of the brain  in both health and disease status. In this paper, we  first review a wide
spectrum of advanced machine learning methodologies for fusing multimodal brain imaging data, broadly categorized into unsupervised
and supervised learning strategies. Followed by this, some representative applications are discussed, including how they help to under-
stand the brain arealization, how they  improve the prediction of behavioral phenotypes and brain aging, and how they accelerate the
biomarker exploration of brain diseases. Finally, we discuss some exciting emerging trends and important future directions. Collectively,
we  intend  to offer a comprehensive overview of brain  imaging  fusion methods and  their  successful applications, along with  the chal-
lenges imposed by multi-scale and big data, which arises an urgent demand on developing new models and platforms.
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 1   Introduction

Neuroimaging  provides  a  means  for  identifying  and

measuring the structure and function of the brain. Differ-

ent  non-invasive  imaging  measurements  reveal  different

characteristics  of  the  nervous  system,  e.g.,  architecture,

activation,  or  structural  and  functional  connectivity.

Magnetic resonance imaging (MRI) is one of the most im-

portant  neuroimaging  technologies  and  widely  used  in

neuroscience  research  and  clinical  settings.  Structural

MRI  (sMRI)  provides  information  about  the  tissue  type

of the brain. Functional MRI (fMRI) measures the hemo-

dynamic  response  related  to  neural  activity  in  the  brain

dynamically. Diffusion-weighted imaging (DWI) can addi-

tionally  provide  information  on  structural  connectivity

among  brain  regions.  Typically,  these  data  are  analyzed

separately  in  a  single-modality  fashion.  While  more  re-

cently,  collecting  multiple  types  of  brain  data  from  the

same individual using various imaging techniques has be-

come  common  practice[1].  Compared  to  single  modality,

the  fusion  of  multiple  modalities,  which  may  capture

cross-modal  (both  shared  and  complementary)  informa-

tion,  is  envisioned to  provide  more  insights  into  the  un-

derlying problem.

The  common goal  of  data  fusion  is  to  maximally  dig

out the joint information shared among modalities as well

as  the  modality-specified  complementary  information.

The  past  decades  have  witnessed  significant  improve-

ments in learning-based fusion methods. Based on wheth-

er  labels  are used to guide the learning process,  we sub-

divide  the  existing  fusion  technologies  into  unsupervised

and supervised  learning  methods.  The objective  function

for the supervised learning method is obvious and consist-

ent to learn the mapping between input and labels, then

the  joint  representations  were  optimized  through  redu-

cing  the  difference  between predicted labels  and true  la-
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bels. While for the unsupervised learning strategy, we fur-

ther subdivide it into three categories according to differ-

ent  objective  functions,  correlation-based  fusion,  multi-

view clustering and data reconstruction. Advanced meth-

ods in each category will be systematically reviewed later.

The conventional fusion methods are commonly emphas-

ized  to  maximally  exploit  the  shared  representation,

whereas  the  modality-specified  complementary  informa-

tion  is  often  underutilized.  Therefore,  the  variants  of

those  methods  towards  exploring  the  complementary  in-

formation will be discussed along the way.

Carrying out multimodal fusion analysis benefits a cu-

mulative understanding of the complex brain networks on

different temporal and spatial scales.  First,  the brain at-

las  is  a  prerequisite  for  studying  brain  networks,  which

plays a central role in neuroscience and clinical practice[2].

Though many extensively applied brain atlases segregate

brain into distinct brain areas primarily by a single mod-

ality  (cytoarchitecture,  topography,  function  or  con-

nectivity),  a  series  of  recent  studies  shed  light  on  more

stable  boundaries  delineated  by  fusing  various  moda-

lities[3, 4].  More  importantly,  constructing  a  reference

brain atlas paves the way to fuse a large scale of informa-

tion spanning from genes, proteins, synapses and neurons

to  areas,  pathways  and  the  whole  brain,  which  provides

the possibility to comprehensively explore neuroscience is-

sues for both healthy development and clinical pathology

via data fusion technology. Furthermore, the exploration

of the mystery of  cognition and development has always

been a core topic in the field of neuroscience. Using mul-

timodal  data has achieved significantly higher accuracies

compared  to  using  unimodal  data  when  predicting  indi-

viduals′ behaviors  and  intelligence  quotient  scores  in  re-

cent  studies[5, 6].  Last  but  not  least,  encouraging  efforts

have  been  devoted  to  early  diagnosis  and  prognosis  of

psychiatric  disorders  via  multimodal  fusion  methods.

During  the  period  of  growth,  psychiatric  symptoms  fre-

quently  emerge  with  complex  reasons.  Typically,  psychi-

atric  disorders  develop  with  a  long  process,  imposing  a

great socioeconomic burden. Consequently, increasing at-

tention is focused on detecting early abnormalities[7, 8], ex-

ploring  potential  subtypes[9, 10],  as  well  as  revealing  pos-

sible  neuroimaging  biomarkers  for  predicting  treatment

outcomes.

In this  review, four interrelated topics  are covered as

shown  in Fig. 1:  1)  Methodologies,  which  summarize  the

representative multimodal brain imaging fusion technolo-

gies  in  recent  years;  2)  Atlasing  via  multimodal  brain

imaging, which reviews brain parcellations at both macro-

level and micro-level based on information of anatomical

structure,  function  activation,  connectivity  or  multiple

modalities;  3)  Multimodal  fusion  in  studying  cognition

and  development,  which  includes  representative  applica-

tions  on  how  multimodal  fusion  methods  help  improve

the  prediction  and  understanding  of  behavioral  pheno-

type and brain aging; 4) Multimodal fusion in brain dis-

orders,  which  elaborates  important  applications  on  how

multimodal fusion helps accelerate the exploration of un-

derlying biological mechanisms of brain diseases.

 2   Multimodal fusion methods

As  brain  imaging  is  often  with  three-dimension  (3D)

or higher dimension, it  is  difficult to determine the link-

ages via computing simple correlation. To effectively fuse

multimodal  data,  various  machine  learning  methodolo-

gies have been proposed. The common pipeline is to first
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transfer  the  high-dimension  images  to  a  2D  matrix.  Su-

pervised  or  unsupervised  strategies  are  then  adopted  to

reduce the dimension of the 2D matrix of different modal-

ities  to  a  common  latent  space.  The  inner  associations

between modalities are then explored in the latent space.

In  this  section,  we  review  some  important  advances  of

each category that  have been successfully  used for  brain

imaging data fusion (Fig. 2).

 2.1   Unsupervised learning

Unsupervised learning is to discover latent representa-

tions  and  disentangle  explanatory  factors  from  rich  and

unlabelled data.  It  does  not receive any kind of  supervi-

sion  from  the  target  outputs  (or  labels)  to  guide  the

learning process.  Based on the objective functions, unsu-

pervised  fusion  approaches  could  be  further  differenti-

ated as 1) correlation-based, 2) cluster-based, and 3) data

reconstruction-based  fusion.  Correlation-based  methods

are  particularly  suitable  for  revealing  the  joint  patterns

shared among modalities. These methods can typically be

combined with other algorithms for tasks such as predic-

tion,  clustering,  or  other  applications[7].  Clustering-based

methods  are  effective  at  exploring  the  clusters  shared

across  different  modalities,  which  have  been  successfully

used for revealing subtypes of disease[11]. Data reconstruc-

tion-based  methods  perform well  when  the  two  modalit-

ies  are  across  multiscales,  i.e.,  when  they  have  different

resolutions  or  signal  forms  (such  as  imaging  and  data

series)[12].

 2.1.1   Correlation-based fusion

CCA and variants

X1, X2

W1,W2

Canonical correlation analysis (CCA) is a typical sub-

space learning approach that aims to find pairs of projec-

tions  for  different  views  with  maximized  linear  correla-

tions[13].  This  method  decomposes  each  dataset  ( )

into a set of components and their corresponding mixing

profiles ( ) that maximize inter-subject covariation

across two datasets as (1).

max
W1,W2

WT
1 XT

1 X2W2 (1)

s.t. WT
1 XT

1 X1W1 = WT
2 XT

2 X2W2 = 1. (2)

l1 l1

l1 l2

It  can be  extended to  multi-set  CCA (mCCA) to  in-

corporate more than two modalities[14]. The largest short-

coming  of  CCA  is  that  it  only  analyzes  linear  relation-

ships between modalities. Therefore, sparse CCA and ker-

nel CCA have been developed and applied in brain ima-

ging analysis[15−17]. Sparse CCA are developed by introdu-

cing the sparse penalties into the traditional CCA model,

mostly using the  norm (CCA- ) or the combination of

 and  norm  (CCA-elastic  net)  penalties[15].  Group

sparse  CCA  extends  to  explore  the  correlation  of  the

group  structure  between  the  two  modalities[16].  Kernel

CCA employs  feature  mappings  induced  by  positive-def-

inite kernels[17]. Another drawback of CCA is that the in-

tra-modality independence is overlooked. To extract com-

plementary  information  between  modalities,  Sui  et  al.[18]

then proposed to combine independent component analys-

is  (ICA) with mCCA, where the output spatial  compon-

ents  of  mCCA  were  further  concatenated  and  decom-

posed  using  ICA.  This  method  allows  both  highly  and

weakly connected modulations as well  as joint independ-

ent components. To uncover the neurocognitive mapping

of  specific  clinical  measurements,  the  prior  information

has  further  been  employed  as  a  reference  to  guide  the

multimodal data fusion process[19].

ICA and variants

Independent component analysis  (ICA) discovers hid-

den features  from observations  which are  assumed to  be

linear mixtures of independent sources. Joint ICA (jICA)

is a second-level fMRI analysis method that assumes two

or more features (modalities) share the same mixing mat-

rix and maximizes the independence among joint compon-

ents[20]. This method maximizes the independence among

the  concatenated  multimodal  features  but  generates  the

same  mixing  matrix  for  all  modalities.  A  general  frame-
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work  named  disjoint  subspace  analysis  using  ICA  (DS-

ICA)  was  developed,  which  identifies  and  extracts  not

only the common but also the distinct components across

multiple  datasets[21].  The  main  idea  for  DS-ICA  is  to

identify  and  split  the  common  and  distinct  subspaces

from the modalities and perform separate analyses.

Also,  the  strong  regularization  imposed  by  the  jICA

framework can be relaxed in a  number of  ways to  allow

for more flexibility in the estimation. One such approach

is called parallel ICA. This method builds upon the blind

matrix factorization techniques used in ICA to simultan-

eously  extract  latent  statistically  independent  compon-

ents  and  jointly  identify  mutual  relationships  between

modalities[22]. It has also been generalized to include three

modalities[23].  Group  ICA  has  further  been  incorporated

into parallel ICA to fuse the first-level 4D fMRI data[24].

Linked ICA is a probabilistic approach based on a modu-

lar  Bayesian  framework,  which  is  designed  for  simultan-

eously  modeling  and  discovering  common  characteristics

across  multiple  modalities[25].  Linked  ICA  automatically

determines  the  optimal  weighting  of  each  modality,  and

also  can  detect  single-modality  structured  components

when  present.  To  face  a  computational  challenge  for

thousands of subjects, more quick fusion strategies based

on linked ICA have been proposed[26, 27].

Independent vector analysis (IVA), a multidataset ex-

tension of ICA, provides a natural and extendable way to

directly  link  multivariate  brain  imaging  data  together.

IVA extends the ICA model to multiple datasets, assum-

ing a linear mixture of independent sources for each data-

set.  This  collection  of  linked  sources  is  defined  as  the

source  component  vector  (SCV)[28].  As  a  more  general

model, multidataset independent subspace analysis (ISA)

solves multiple blind source separation problems (includ-

ing  ICA,  IVA,  ISA,  and  more)  under  the  same  frame-

work with remarkable performance and improved robust-

ness  even at low signal  to noise ratio (SNR)[29].  In addi-

tion,  Avants  et  al.[30] also  proposed  a  general  fusion

framework  named  similarity-driven  multi-view  linear  re-

construction  (SiMLR),  which  combines  features  from

CCA, ICA and singular value decomposition (SVD) in an

accessible  and  flexible  joint  dimensionality  reduction  al-

gorithm.
 2.1.2   Clustering-based fusion

Multi-view clustering and variants

For the multi-view clustering problem, the general as-

sumption  is  that  different  views  admit  same  underlying

clustering of the data, so the goal of this kind of methods

is to look for clusters that are consistent across the views.

Among all the popular techniques, spectral clustering has

gained  considerable  attention  due  to  its  good  perform-

ance on arbitrary shaped clusters and well-defined math-

ematical framework. Existing multi-view clustering meth-

ods  are  often  conducted  based  on  the  similarity  matrix.

One  of  the  most  representative  multi-view spectral  clus-

tering  methods  is  co-regularized  spectral  clustering[31].  It

combines  co-regularization  with  existing  spectral  cluster-

ing approaches to make the clustering hypotheses on dif-

ferent  views  agree  with  each  other.  For  example,  after

calculating  the  similarity  matrix,  the  cost  function  is

measured  as  the  disagreement  between  the  clustering  of

two views：

D
(
U (v), U (w)

)
=

∥∥∥∥∥ KU(v)

∥KU(v)∥2F
−

KU(w)

∥KU(w)∥2F

∥∥∥∥∥
2

F

(3)

KU(v) KU(w)

U (v) U (w) ‖ · ‖F
where  and  are the similarity matrices for the

eigenvector  matrix  and ,  respectively. 

denotes the Frobenius norm of the matrix. The similarity

matrices are generally learned by most existing methods,

which  cannot  well  characterize  the  intrinsic  geometric

structure  and  the  neighbor  relationship.  To  address  this

issue,  Xie  et  al.[32] proposed  a  novel  subspace  learning-

based  multi-view  clustering  method,  which  learns

similarity  matrix  adaptively  from  the  learned  latent

representation by manifold learning.

Similarity network fusion

To  create  a  comprehensive  view  of  a  disease  given  a

cohort of patients, Wang et al.[11] proposed similarity net-

work  fusion,  which  computes  and  fuses  similarity  net-

works of patients obtained from each of their data types

separately, taking advantage of the complementary in the

data. A sample-by-sample similarity matrix for each data

type was first constructed, which is equivalent to a simil-

arity  network.  The  nodes  are  samples  and  the  weighted

edges represent pairwise sample similarities. The network-

fusion  step  uses  a  nonlinear  method  based  on  message-

passing theory to integrate a set of biological graphs into

a  single  network  in  an  iterative  manner.  The  advantage

of this procedure is that weak similarities disappear, help-

ing  reduce  the  noise,  and  strong  similarities  present  in

one or more networks are added to the others. This meth-

od makes full use of a network′s local structure, integrat-

ing common as well as complementary information across

networks.
 2.1.3   Data reconstruction

Multi-view autoencoder and variants

Autoencoder  (AE)  is  an  artificial  neural  network  de-

signed to learn latent data representations in an unsuper-

vised manner, which can optimally reconstruct the origin-

al data[33]. AEs are composed by an encoder, which trans-

forms  the  input  into  a  latent  representation,  and  a  de-

coder, which reconstructs the input from this representa-

tion[34].  AEs  are  trained  to  minimize  the  reconstruction

error. It has been demonstrated the capacity of reducing

dimensionality and mining latent features. Multi-view au-

toencoder learns a representation with multi-encoders and

then uses the shared representation for reconstruction. To

fuse  more  complementary  information  from  multi-views,

usually constraints will  be added in the latent space.  As

an example, Bao et al.[12] used structured self-supervision

learning  to  encourage  the  structure  of  each  modality  to
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be  maintained  in  the  joint  latent  space.  Then,  the  joint

representation is optimized by a common self-reconstruc-

tion loss and a structured self-supervision loss. Many oth-

er widely used multi-view learning methods focus on im-

proving  model  performance  by  effectively  utilizing  fea-

ture correlation among different views in the latent space.

Moreover,  to  deal  with  the  issue  that  many  proposed

multi-view  learning  methods  overlooked  “biologically

meaningful” features, Ma and Zhang[35] incorporated bio-

logical  interaction  networks  as  an  “external”  domain

knowledge source into the models through network regu-

larization.  This  method  provides  a  framework  for  unify-

ing  data-driven  and  knowledge-driven  approaches  for

mining multiple data with biological knowledge.

 2.2   Supervised learning

Supervised  learning  denotes  the  class  of  problems

where the original data and its corresponding target pre-

dictions (or labels)  are provided for the learning system.

The goal  is  to  learn the  mapping between input  and la-

bel,  so  that  the  system  is  capable  of  performing  predic-

tions  for  previously  unseen  input  data  points.  The  best

joint  multimodal  features  are  selected  through  maximiz-

ing the classification/prediction accuracy.

Multi-task learning and variants

M

The classification of multimodality data is formulated

as a multitask learning problem. Classifications with dif-

ferent modalities are regarded as different tasks. Assume

that  there  are  different  modalities  (i.e.,  tasks).  The

classical multi-task model is to solve the following optim-

ization problem:

min
W

1

2

M∑
m=1

‖y −X(m)w(m)‖22 + β‖W ‖2,1 (4)

X(m) m

y

w(m)

m l2,1

where  denotes the input feature vector of the -th

modality  for  all  subjects.  is  the  response  vector  from

these subjects.  is the regression coefficient vector for

the -th  modality.  The -norm  encourages  these

predictors  from  different  modalities  to  share  similar

parameter  sparsity  patterns.  Zhang  and  Shen[36] first

proposed  a  multimodal  multi-task  learning  method  to

jointly  predict  multiple  variables  from  multimodal  data.

The variables include both the clinical variables used for

regression and the categorical variable for classification. It

is a general learning framework which includes two major

steps,  i.e.,  the  multi-task  feature  selection  and  multi-

modal support vector machine.

In the classical multi-task learning model, only the re-

lation  between  data  and  the  response  values  is  con-

sidered,  which  ignores  the  structural  information  of  the

data,  leading  to  large  deviations.  With  the  expectation

that similar subjects should have similar response values,

Jie  et  al.[37] proposed  a  manifold  regularized  multi-task

learning model, which added manifold regularizer to con-

sider  the  subject-subject  relation  within  each  modality.

To further add the important mutual relation of subjects

between modalities,  Xiao  et  al.[38] proposed a  new mani-

fold  regularized  multi-task  learning  model  which  effect-

ively  considers  both  the  relation  of  subjects  within  the

same modality and that between modalities.

Another important extension of multi-task learning is

multi-template  learning.  Since  subjects  are  often  ac-

quired  from  a  wide  range  of  patients  and  controls  with

different  ages,  ethnicities,  races,  etc.,  feature  representa-

tions generated from a single template may not be suffi-

cient to reveal the underlying complex differences. There-

fore,  researchers  have  proposed  several  multi-template-

based  methods  to  compare  group  differences  more  effi-

ciently.  For  example,  Liu  et  al.[39] nonlinearly  register

each brain′s MR images separately onto multiple preselec-

ted templates and then fused the extracted multiple sets

of  features  under  a  multi-task  sparse  feature  selection

framework with a support vector machine (SVM) classifi-

er. The classification in each template space is treated as

a specific task. The final result is achieved through using

an ensemble classification to combine outputs of all SVM

classifiers.

Deep learning-based fusion

Along with the accumulation of big data from various

consortia, the number of neuroimaging studies using deep

learning  models  has  rapidly  grown  since  2014[40].  Com-

pared to standard machine learning methods, deep learn-

ing  approaches  are  highly  flexible  and  can  learn  multi-

level  nonlinear  abstract  representations  of  the  data.  The

simplest  way  of  fusing  multi-modality  data  in  a  super-

vised manner is to concatenate data before sending them

to  classification  model  (a  prefusion  strategy)  or  after

learning feature representations of each modality (a post-

fusion  strategy).  A  prefusion  strategy  is  easy  to  imple-

ment  but  has  limitations  when  the  feature  dimensional-

ity  of  one  modality  is  much  higher  than  the  others  or

when  the  concatenation  is  infeasible  because  of  the  het-

erogeneity  in  data  format[41].  Moreover,  such  strategies

cannot  effectively  explore  the  correlations  and  comple-

mentary  characteristics  across  different  views,  and  their

explicit  physical  meanings  of  different  types  of  features

and  biomarkers  are  not  fully  considered  in  the  feature

learning  phase,  resulting  in  great  information  loss[42].

Compared  to  prefusion,  a  postfusion  framework  is  more

flexible when dealing with diverse modalities but more la-

borious  in  finding  the  optimal  architectures  and  hyper-

parameters.

Beyond the simple concatenation for postfusion, more

advanced  postfusion  strategies,  taking  nonlinear  cross-

modality relationships into consideration, have been pro-

posed. For example, deep CCA was proposed by Andrew

et  al.[43] to  detect  nonlinear  correlations,  which  intro-

duces  a  deep  network  representation  for  each  modality

and then fused later using a CCA framework. Collaborat-

ive regression incorporates a regression penalty into CCA
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so that the model is capable of identifying correlated rep-

resentations from different views, which are also equipped

with  discriminative  power  for  phenotype[44].  Hu  et  al.[45]

proposed a deep collaborative learning (DCL) framework,

which  seeks  a  deep  network  representation  of  two  data-

sets, while incorporating their correlations into the model

at the same time. Despite the deep learning model is cap-

able  of  better  performing  data  fusion  by  capturing  the

complex relationship between multimodal data, the inter-

pretability of the model is poor. Focusing on this limita-

tion,  Hu  et  al.[46] further  proposed  Gradient-weighted

Class  Activation  Mapping  (Grad-CAM)  guided  convolu-

tional  collaborative  learning  on the  basis  of  DCL,  which

enhanced the interpretability of the model to the results.

Besides,  as  an  interesting  branch  of  deep  learning,

graph  neural  network  (GNN)  is  quite  suitable  for  mul-

timodal-fusion-based  learning  tasks,  as  the  features  of

each node and edge can be extracted from different mod-

alities. For instance, Chen et al.[47] utilized a GNN based

method  to  integrate  features  extracted  from  sMRI  and

fMRI. Specifically, they constructed brain-level graph and

took the functional connectivity calculated from fMRI as

edge features, took T1-weighted intensity from sMRI and

the amplitude of  low-frequency fluctuation (ALFF) from

fMRI as  node features.  As graph convolutional  networks

(GCN) have recently been demonstrated to be superior in

capturing network representations tailored for identifying

specific  brain  disorders,  Yao  et  al.[48] proposed  a  mutual

multi-scale  triplet  GCN  method  for  brain  disorder  dia-

gnosis,  which  outperforms  several  state-of-the-art  meth-

ods  in  identifying three  types  of  brain  disorders  through

fusing multi-scale structural and functional connectivities.

 3   Atlasing via multimodal brain ima-
ging

The  terms  of  brain  template,  brain  parcellation  and

brain  atlas  are  often  confusing  and occasionally  used  in-

terchangeably. To be clear in this review, the brain tem-

plate refers to a standardized 3D coordinate frame, which

allows brain researchers to combine data from many sub-

jects  to  detect  group-averaged  signals  above  the  back-

ground  noise[49].  Based  on  the  brain  template  frame,  re-

searchers  can  compare  findings  from  different  imaging

modalities and laboratories around the world, share large-

scale  neuroimaging  databases,  conduct  parcellation,  as

well as constructing atlas maps across subjects. The term

brain parcellation is a way of segmenting a particular re-

gion  of  the  brain  or  the  whole  brain  into  sub-regions.

They  may  not  reflect  a  pre-defined  ontology  of  brain

structures,  but  better  characteristics  of  the  signal  of  in-

terest[50].  Unlike  brain  parcellation,  brain  atlases  refer  to

the  segmentation  or  parcellation  of  the  whole  brain  and

the  associated  assignment  of  each  subregion,  accounting

for a certain state of the knowledge of structures anatom-

ically, functionally or based on connectivity.

Brodmann atlas  is  the most widely cited atlas  of  hu-

mans  defined  by  the  cytoarchitectural  organization  of

neurons using the Nissl method of cell staining in 1909[51].

It  split  the  cortex  into  52  different  areas.  Although  this

atlas  has  provided  invaluable  information,  their  micro-

scale  cytoarchitectonics  is  insufficient  to  completely  rep-

resent brain organization, especially under the recent pro-

gress of ultrathin section technology, staining technology

and  microscopic  observation  technology.  Since  most  of

the existing high-resolution histological imaging technolo-

gies  need to  slice  the  brain first,  then the inevitable  tis-

sue defects  and deformation in this  process  make it  lack

accurate  3D spatial  information.  In  order  to  construct  a

brain  atlas  with  both  accurate  3-dimensional  spatial  in-

formation and high-resolution anatomical information, re-

searchers  usually  fuse  MRI  with  high-resolution  histolo-

gical  images,  which provides  an important  way to  study

the  mesoscopic  mechanism  of  macroscopic  features  and

the  macroscopic  characterization  of  mesoscopic  features.

For example,  Allen Institute recently constructed an av-

erage template brain named the Allen Mouse Brain Com-

mon Coordinate Framework at 10 μm voxel resolution by

interpolating  high  resolution  in-plane  serial  two-photon

tomography  images  with  100 μm  z-sampling  from 1 675

young  adult  mice[52].  As  a  general  reference  framework,

the  atlas  can  integrate  multimodal  data  such  as  histolo-

gical  staining,  immunohistochemistry,  transgene,  in  situ

hybridization and tracer projection, and has a good visu-

alization  tool  and  interactive  interface.  Amunts  et  al.[53]

published  the  latest  human  cytoarchitecture  brain  atlas

(Julich-Brain atlas) via fusion MRI images and brain his-

tological  sections  for  microscopic  imaging.  This  atlas  is

the  first  human  three-dimensional  atlas  containing

cytoarchitectonic  maps  of  cortical  areas  and  subcortical

nuclei.  It is open access to support neuroimaging studies

as  well  as  modeling  and  simulation.  It  is  also  interoper-

able, which enables it to connect to other atlases and re-

sources.

Apart  from building  brain  atlas  based  on  micro-scale

cytoarchitecture,  another  category  is  based  on  macro-

scale connectional information, both structural and func-

tional  connectivity  profiles  derived  from  MRI.  For  ex-

ample,  the  Yeo  Atlases  are  designed  to  study  intrinsic

functional  connectivity  using  resting-state  fMRI,  with

each  hemisphere  being  subdivided  into  either  7  or  17

functionally coupled regions across the cerebral cortex[54].

Structural connectivity derived from DTI is used to con-

struct  a  fine-grained  parcellation  named  the  Human

Brainnetome  Atlas[55].  It  provides  a  cross-validated  atlas

and  contains  information  on  both  anatomical  and  func-

tional connections. As child brain may have different to-

pological patterns from adult, the same team recently re-

leased  a  child  atlas  named  the  Human  Child  Brain-

netome  Atlas[56],  which  provides  a  precise  period-specific

and  cross-validated  version  of  the  brain  atlas  for  the

preadolescent individuals aging from 8 to 10 years old.
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To  fuse  multiple  modalities  in  the  same  parcellation

task, Parisot et al.[3] proposed a graph-based multimodal

parcellation  framework  to  handle  the  large  variety  of

available  input  modalities  for  parcellation  task.  This

method  designs  an  iterative  framework  to  fuse  different

modalities,  forcing  the  parcellations  to  converge  towards

a set of mutually informed modality specific parcellations.

Quantitative  and  qualitative  results  show  that  integrat-

ing multi-modal information yields stronger and more ro-

bust  connectivity  networks  that  provide  a  better  repres-

entation of the population. To further consider individu-

al-specific topography of cerebral cartography for person-

alized medical practice, Ma et al.[4] developed a new tool

called brain atlas individualization network (BAI-Net) to

automatically  parcellate  individual  cerebral  cortex  into

segregated areas using structural and diffusion MRIs.

 4   Multimodal fusion in studying cog-
nition and development

 4.1   Cognition

The mysteries of cognition have attracted wide atten-

tion. To clarify the potential source of cognition, some re-

searchers  have  tried  to  mine  the  internal  key  factors  by

establishing multimodal fusion algorithms that can effect-

ively  predict  cognitive  ability.  For  example,  through  a

standard post-fusion pipeline, Xiao et al.[57] established a

multimodal model to predict the visual working memory

(VWM) based on ALFF, gray matter volume (GM) and

fraction anisotropy (FA) extracted from multimodal MRI

data,  and  identified  specific  features  that  supported  the

human  VWM.  Besides,  Xiao  et  al.[38] took  the  between-

subject  and  between-modality  relationships  reflected  by

multimodalities into account, forming a manifold regular-

ized  multi-task  learning  model.  Through  this  approach,

they achieved better performance in the prediction of in-

telligence quotient (IQ) using both working memory task

and emotion cognition task fMRI.

Furthermore, in order to effectively exploit the nonlin-

ear relationship of multimodal data, deep learning techno-

logy has also been widely used in the prediction of cognit-

ive  ability.  For  example,  Hu et  al.[45] proposed  the  DCL

framework  to  capture  the  nonlinear  predictive  relation-

ship between multimodal data. They applied the method

to several fMRI modalities and achieved higher accuracy

over  other  baseline  methods  in  tasks  of  classifying  indi-

viduals into groups with different age and cognition level.

To  improve  the  interpretability  of  the  model,  they  fur-

ther  proposed  Grad-CAM guided  convolutional  collabor-

ative  learning  on  the  basis  of  DCL[46].  They  integrated

fMRI and single nucleotide polymorphism (SNP) data to

classify  subjects  into  groups  with  low  or  high  cognitive

functions  and  identified  associated  salient  features  with

each modality of input data. Besides, by adopting GNNs

as  a  basic  framework  for  multimodal  fusion  technology,

Qu et al.[58] handled multi-diagram fMRI (emotion cogni-

tion task and working memory task fMRI),  and conduc-

ted  multimodal  fusion,  taking  the  relationships  between

subjects within and between modalities as manifold regu-

larization term. The authors achieved satisfactory regres-

sion  results  in  the  task  of  predicting  individual  wide

range  achievement  test  (WRAT)  score  based  on  mul-

timodal data,  and also discovered relevant potential  bio-

markers.

 4.2   Brain age

Brain  age  is  defined  as  the  estimated  biological  age

based on the normal population[59]. Recently, using brain

imaging to accurately predict brain age is another popu-

lar topic as it is closely associated with development, cog-

nition  and  even  disorders[60, 61].  Accurate  and  objective

brain  age  prediction  based  on  multimodal  data  can  be

used as a biomarker, which has important neurobiologic-

al  and clinical  significance[62, 63].  In order to improve the

accuracy  of  brain  age  prediction,  Liem  et  al.[64] adopted

multimodal data (fMRI and sMRI) for predicting of brain

age. They used support vector regression (SVR) to make

predictions with unimodality and then integrated the pre-

dictions from each modality using random forest models.

The  experimental  results  showed  that  multimodal  data

improved  brain  age  prediction  and  the  discrepancy

between  brain  age  and  the  chronological  age  captured

cognitive impairment.  Based on these results,  Engemann

et  al.[65] further  integrated  magnetoencephalography

(MEG)  with  fMRI  and  sMRI  to  improve  the  perform-

ance of brain age prediction, which found that MEG car-

ried non-redundant information with fMRI and the mul-

timodal learning mitigated the impact of missing data on

prediction  results.  More  comprehensively,  Niu  et  al.[66]

conducted  a  study  to  systematically  compare  the  effects

of  different  combinations  of  machine  learning  methods

and multimodal features on the performance of brain age

prediction.  They  included  features  extracted  from  three

modalities  (T1,  resting-state  fMRI  and  DWI)  and  four

machine learning algorithms (SVR, Gaussian processes re-

gression,  ridge  regression  and  deep  neural  networks),

forming a total of 36 combinations. Through a large num-

ber  of  experiments,  they  demonstrated  that  multimodal

imaging features can predict brain age with better accur-

acy than unimodal imaging features.

In addition, aiming at the more challenging task of in-

fant age prediction, Hu et al.[67] proposed a disentangled-

multimodal adversarial autoencoder method (DMM-AAE)

to  disentangle  complementary  and  shared  information

between  modalities  for  effectively  predicting  infant  age.

The  well-designed  deep  learning  model  considered  both

the complementary and shared information of multimod-

al  data  and  brought  new  possibilities  for  improving  the

accuracy of brain age prediction.
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 5   Multimodal fusion in studying brain
disorders

With  the  accumulation  of  clinical  multimodal  data,

multimodal fusion technology has a wide range of applica-

tions  in  clinical  scenarios  (Fig. 3).  On  the  one  hand,

through  the  multimodal  fusion  technology  based  on  su-

pervised  learning,  we  can  carry  out  efficient  computer-

aided diagnosis and identify key biomarkers. On the oth-

er,  unsupervised  fusion  methods  are  expected  to  help  us

explore potential disease-related factors of complex brain

diseases, of which pathogenesis of many diseases has not

been  fully  understood,  from  multiple  perspectives,  thus

enabling the development of  clinical  diagnosis  and treat-

ment.

 5.1   Diagnosis

In  terms  of  multimodal  based  diagnosis,  supervised

learning methods are widely used to guide the multimod-

al fusion process. Among them, the one simple and com-

monly used framework is to concatenate the features ex-

tracted  from  multimodalities  and  take  the  concatenated

features as input of the classification algorithms, such as

SVM[68] and  decision  tree[69].  Besides,  increasing  efforts

have been made to take into account the correlational or

complementary  relationship  between  multimodal  data.

Focusing  on  the  use  of  the  information  shared  by  mul-

timodal  data  for  Alzheimer′s  disease  (AD)  classification,

Ning  et  al.[70] mapped  the  features  extracted  from sMRI

and positron emission tomography (PET) to a discrimin-

ative shared latent space. To improve the performance of

representation  learning  and  alleviate  the  risk  of  overfit-

ting, serval relational constraints were introduced as reg-

ularization  terms.  Due  to  the  end-to-end  learning

strategy, deep learning provides a scalable multimodal fu-

sion  framework  for  computer-aided  diagnosis.  Taking

both edge and node features into account, Chen et al.[47]

proposed  an  adversarial  learning  based  node-edge  graph

attention  network  architecture  and  experimentally

demonstrated  the  effectiveness  of  the  model  in  handling

multimodal  fusion  based  autistic  spectrum  disorder

(ASD)  classification  task.  Simultaneously  considering

cross-modality information correlation and complementa-

tion,  Zheng et  al.[71] prosed a multimodal  graph learning

(MMGL) method constructed on a population-level graph

to conduct ASD diagnosis. The authors fused demograph-

ic  information,  automated anatomical  quality assessment

metrics,  automated  functional  quality  assessment  metric

and  functional  connectivity  with  the  attention  mechan-

ism,  achieving  modal-aware  representation  learning.

Based on the modal-aware representation, then, the pop-

ulation-level adaptive graph structure learning was intro-

duced to build the graph structure and perform the node

classification  task  (diagnosis  of  ASD).  Besides,  the  pro-

posed method was  also  applied to  the  prediction task of

AD, demonstrating its popularization.

Although  the  applications  of  multimodal  fusion  tech-

nology based on unsupervised learning in computer-aided

diagnosis  are  relatively  challenging,  some  studies  have

made  attempts  in  this  field  and  provided  feasible  re-

search schemes. As the information contained in different

modalities  is  not  necessarily  linearly  related,  inspired  by

similarity network fusion,  Tong et al.[72] focused on non-

linear graph fusion which fused the inter-subject similar-

ity matrix derived from different modalities (MRI, PET,

cerebrospinal fluid (CSF) and genes) into a unified graph

in an iteration manner so as to package the complement-

ary information. The unified graph was then used to clas-

sify  healthy  controls,  mild  cognitive  impairment  (MCI)

and  AD  subjects  and  the  experimental  results  showed

that  this  nonlinear  graph  fusion  method  is  superior  to
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other  methods  based  on  single  modality  and  the  mul-

timodal method based on linear fusion in the AD diagnos-

is task. Besides, Liu et al.[73] tried to provide a more com-

prehensive view of schizophrenia (SCZ) through unsuper-

vised  multimodal  fusion  technology.  Aiming  to  uncover

the co-vary abnormal patterns across different neuroima-

ging  modalities  of  SCZ,  they  conducted  a  linked  4-way

multimodal  analysis  in  an  unsupervised  manner  using

MCCA + jICA. In this study, Zang et al.[74] identified the

co-varying  patterns  cross  four  types  of  features,  that  is

GM extracted from sMRI, FA extracted from dMRI and

regional homogeneity (ReHo) and functional network con-

nectivity extracted from rsfMRI. And multiple synchron-

ous  abnormal  changes  in  functional  and  structural  re-

gions  were suggested to be associated with SCZ,  provid-

ing  a  unique  perspective  to  bridge  the  functional  and

structural abnormalities in SCZ which cannot be achieved

in  unimodal  studies.  Moreover,  through  fusing  sMRI,

fMRI and genetics with a parallel ICA-based framework,

Luo et al.[75] explored how the changes captured by differ-

ent  modalities  are  correlated  along  the  progress  of  SCZ,

and revealed that different modalities are differently sens-

itive to the duration of illness and disease stages.

 5.2   Prognosis

Establishing  accurate  prognosis  models  (prediction  of

disease progression) can provide valuable advice for clin-

ical  treatment  plans,  and  it  is  also  an  essential  part  of

precision medicine. In this research field, due to high re-

quirements for model  interpretability and the scarcity of

data  resources,  most  studies  have  adopted  relatively

simple  multimodal  fusion  strategies  with  strong  inter-

pretability.  Kinreich  et  al.[76] used  the  least  absolute

shrinkage  and  selection  operator  (LASSO)  to  select  dis-

criminative ones from multimodal features extracted from

electroencephalogram (EEG),  polygenic  risk  scores,  med-

ications,  and  demographic  information.  And  then  linear

SVM was used to predict the future status (continued or

remitted)  of  participants  with  alcohol  use  disorder.  And

Luo et al.[77] explored the performance of ensemble learn-

ing based multimodal fusion methods in the prognosis of

childhood  onset  ADHD,  persisters  or  remitters.  In  this

work,  they  enumerated  the  combinations  of  four  en-

semble learning strategies (voting, bagging, boosting and

stacking) and seven commonly used classifiers. Finally, it

was found that after training SVM classifiers respectively

based  on  the  features  extracted  from  T1,  DWI  and  the

cued attention based fMRI, the best performance of out-

come  prediction  with  an  area  under  the  curve  (AUC)

score of 0.9 could be achieved by bagging based ensemble

learning. Also, Song et al.[78] packaged resting-state fMRI

and three clinical  characteristics,  and successfully  identi-

fied whether the patients with disorders of consciousness

could  later  recover  consciousness  with  high  accuracy  of

88%, utilizing partial least squares regression.

Deep  learning  methods  have  also  been  proposed  to

fuse  multimodal  neuroimaging  for  better  performance  of

prognosis  prediction.  For  example,  focusing  on  incom-

plete  multimodal  neuroimaging,  Liu  et  al.[79] proposed  a

joint  neuroimaging  synthesis  and  representation  learning

framework to effectively integrate sMRI and PET in the

scenarios  with  incomplete  multimodal  data,  and  pre-

dicted conversion from subjective cognitive decline (SCD)

to  MCI.  The  proposed  framework  was  equipped  with  a

generative adversarial network based image synthesis sub-

network and a fusion subnetwork, which took the concat-

enated multimodal features as inputs, finally achieved an

AUC score of 0.747 in SCD conversion prediction.

 5.3   Treatment response prediction

It  is  of  great  significance  for  clinical  decision-making

to establish a treatment response prediction model based

on  clinical  data  and  machine  learning,  which  still  re-

mains challenging. Due to the particularity of the applica-

tion scenario, the models for predicting the treatment re-

sponse need to be easy to understand. Accordingly, most

of  the  relevant  studies  use  algorithms  with  strong  inter-

pretability.  For  example,  Luo  et  al.[80] integrated  mul-

timodal  data  in  a  simple  way,  logistic  regression,  and

found  that  the  multimodal  model  which  combined  the

neuroimaging and behavioral information significantly im-

proved the predictive performance of  treatment response

for  cocaine  dependence  with  96% accuracy.  Besides,  Bil-

lot  et  al.[81] found  that  using  multimodal  features  selec-

ted  from  demographic  information,  behavioral  assess-

ment, and features extracted from multimodal neuroima-

ging data, SVM or random forest can be used for better

prediction  of  response  to  rehabilitation  in  chronic  post-

stroke  than  utilizing  single  modality  data.  Also,  Schmit-

gen et al.[82] adopted a random forest model to predict the

response  of  subjects  with  borderline  personality  disorder

to dialectical behavior therapy based on previously identi-

fied  multimodal  features.  Using  the  random  forest  al-

gorithm,  they  identified  multimodal  features  that  have

predictive  power  for  the  treatment  from  the  feature  set

which  contained  features  extracted  from  functional  and

structural  MRI,  as  well  as  clinical  and  demographic  in-

formation,  providing the possibility  for  personalized psy-

chiatric interventions.

 6   Challenges and future directions

With the ability to revealing cross-modal information

compared to  single  modality,  multimodal  fusion of  brain

imagings  gained  promising  performances  in  studying

brain parcellation, cognition and development, and brain

disorders. However, with the random variation character-

istics  of  some  fusion  strategies,  small  sample  size  may
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lead  to  a  false  positive  linkage.  Then  the  first  common

challenge  is  to  produce  big  data.  Second,  the  develop-

ment of imaging technology brings the brain imaging to a

finer  scale.  How  to  bridge  the  gap  of  spatial  alignment

across-scales  is  challenging.  Third,  most  current  mul-

timodal  fusion  methods  are  applied  to  solve  macro-scale

problems. With the release of micro-scale and meso-scale

data, how to transfer the current fusion strategies for in-

teraging multi-scale  datasets  is  an important  focus.  Fur-

thermore,  the  above  discussed  large  cohorts,  high-

throughput  and  high-quality  imaging,  and  new  models

are  all  creating  substantial  challenges  for  resources  of

storing, analyses and visualization of the data, leaving an

increased demand for building new platforms.

 6.1   Big data

Studies with small sample sizes are often vulnerable to

sampling  variability,  the  random  variation  of  an  associ-

ation  across  population  subsamples.  Sampling  variability

decreases  and  associations  stabilize  with  increasing

sample  sizes.  A  recent  study  which  quantifies  the  effect

sizes and reproducibility of brain-wide association studies

(BWAS) as a function of sample size revealed that when

sample  sizes  grew  into  the  thousands,  replication  rates

began  to  improve  and  effect  size  inflation  decreased[83].

BWAS paves a way to reveal associations between inter-

individual  differences  in  brain  structure  or  function  and

complex  cognitive  or  mental  health  phenotypes.  Con-

sequently, achieving reliable association results from vari-

ous  modalities  is  also  appealing  for  larger  sample  sizes.

Encouragingly, it has gained increasing attention, for ex-

ample,  an  increasing  number  of  large  consortia  released

multiple  brain  imaging  modalities  data  from  over  thou-

sands of  participants involving lifespan development and

typical  mental  illnesses,  e.g.,  UK Biobank[84],  Adolescent

Brain Cognitive Development (ABCD)[85],  Human Conn-

ectome  Project  (HCP)[86],  etc.  The  Chinese  government

has  also  released  ongoing  projects  to  collect  large  brain

imaging  cohorts  for  children  development  and  brain  dis-

order exploration.

 6.2   Multi-scale data

0.32× 0.32× 1.00

Multimodal data are always across scales, from genet-

ic, molecular, cellular to macroscale level. With the devel-

opment  of  imaging  technology,  observing  the  brain  at

much  finer  scales,  such  as  visualizing  individual  brain

cells  and  synapses,  are  made  possible.  For  example,  ad-

vanced optical  imaging is  capable of  delineating cellular-

level  images  of  the  mouse  brain  at  a  voxel  size  of

 μm3[87].  Large-scale  neuronal  tracing,

fluorescent  labelling  techniques  and  CLARITY-tissue

staining have proven useful  in  uncovering axonal  projec-

tions  between  brain  areas  in  mice[88] and  macaques[89].

Nevertheless,  histology  requires  sectioning  tissue,  hence

distorting  its  3D  structure.  To  link  the  different  spatial

scales from the synaptic level to the whole brain on mac-

roscopic  scale  is  challenging,  because  data from different

scales are always with various heterogeneities, uncompar-

able coordinates and different levels of resolution. In gen-

eral,  a volumetric  MRI scan was often used as undistor-

ted reference to guide the reconstructions of histology im-

ages[90].  For  example,  the  Allen  Institute  for  Brain  Sci-

ence defined the Allen Mouse Brain Common Coordinate

Framework on the whole mouse brain[52],  which provides

a  nice  paradigm  and  resource  for  researchers.  The  open

Big Brain allow for a unique comparison of cytoarchitec-

tonic  features  to  macroscale  brain  connectivity[91].  The

latest  human  cytoarchitecture  brain  atlas  (Julich-Brain

atlas)  fused  MRI  images  with  brain  histological  sections

for  microscopic  imaging[53].  However,  due  to  the  relat-

ively large volume and complex structure of primates, es-

pecially  human  brains,  the  slicing  work  is  cumbersome

and  there  will  be  more  defects  and  deformation  in  the

process,  which  makes  it  very  difficult  to  obtain  and  re-

construct histological images.

 6.3   New models

Whether  now  or  in  the  future,  how  to  mine  comple-

mentary  information  between  different  modalities,  and

how  to  integrate  different  spatial  resolution  information

at  macro-,  meso-  and  micro-scales  are  important  ques-

tions in brain imaging fusion. With the advances of artifi-

cial intelligence (AI), it is an inevitable trend to fuse mul-

timodal  high-quality  images  of  large  samples  using  AI

systems  and  algorithms.  While  brain-inspired  and  biolo-

gically  constrained  AI  is  promising  in  particular  because

of  the  biological  meanings  embedded.  For  example,  all

the anatomical nodes, function activations and connectiv-

ity derived from the multimodal multi-scale brain atlases,

could  be  considered  as  constraints  to  the  AI  models  for

information fusion.

Meanwhile,  brain  modeling  and  simulation  plays  an

increasingly important role in understanding the working

mechanism of the brain, such as digital twin brain. It has

been used to build computational models of complex sys-

tems with multiple modality information to predict with

high  precision  how  a  certain  therapeutic  intervention

would  benefit  or  harm  a  particular  patient[92].  However,

the  simulation of  brain  network function across  scales  is

still in progress. Combining multiscale brain networks to

a digital twin brain model and simulating brain function-

al activity across different resolutions, as well as develop-

ing  targeted  and  integrated  platforms  to  do  so,  has  be-

come an important direction of multimodal brain data fu-

sion.

Moreover, although multimodal fusion has been widely

used and is becoming a powerful tool for a wide range of
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applications,  it  is  not always the optimal choice.  Not all

problems require  multiple  sources  of  information,  and in

some  cases,  the  fusion  of  all  available  modalities  may

even  lead  to  a  degradation  of  overall  performance[81, 82].

Nevertheless,  it  is  undeniable  that  multimodal  fusion

provides us with the possibility of a more comprehensive

understanding  of  the  research  topic  and  effectively  com-

pensates  for  incomplete  information  in  single  modalities.

It  is  worth noting that different modalities  depict  differ-

ent  information  and  have  certain  modality-specificity.

Therefore, it is necessary to select appropriate multi-mod-

al data according to different research tasks. This is also

why we emphasize  the  need to  further  explore  the  shar-

ing  and  complementary  relationships  of  multimodal  in-

formation  while  advocating  multimodal  fusion  techno-

logy  in  our  review.  By  exploring  the  best  practices  for

multimodal  fusion  strategies,  we  can  unlock  new  oppor-

tunities  for  scientific  inquiry  and  gain  a  deeper  under-

standing of the brain.

 6.4   New platforms

Due  to  an  increased  demand  for  large  cohorts,  high-

throughput and high-quality imaging, and models with a

huge number of parameters, research on optimization for

computational  efficiency  is  certainly  an  important  direc-

tion. For example, when reconstructing a fragment of the

human  cerebral  cortex  to  three  dimensions,  a  volume  of

about 1 mm3 is correspond to a data volume of about 1.4

petabytes[93].  Requirements  will  further  increase  when

adding more temporal changes to the current spatial scale

data.  Such  large  datasets  also  create  substantial  chal-

lenges  for  the  analysis  and  visualization  of  the  data[94].

The big data challenge in neuroscience demands modular

and  interactive  concepts  of  future  supercomputing  for

data processing, petabyte-scale data centers for data stor-

age  and  sometimes  even  hard  drives  for  long-distance

data transmission. To deal with the challenges in storage

and  computational  efficiency,  new  software  and  hard-

ware  platforms  are  in  urgent  demand.  For  example,  the

computing  services  of  Human  Brain  Project[95] build  on

resources  and services  of  the Fenix infrastructure.  With-

in  the  Fenix  infrastructure,  six  European  supercomput-

ing  centres  have  agreed  to  align  their  services,  support-

ing for interactive and scalable computing services, virtu-

al machine services, active and archival data repositories,

and other addition services. The raw data of the BRAIN

initiative cell census network (BICCN) project[96] is stored

in three data centers (University of Maryland, USA, Pitt-

sburgh Supercomputing Center, USA, and Massachusetts

Institute of Technology, USA). The code tools related to

the project are updated on GitHub and customized based

on Google Terra cloud native computing platform.

 7   Conclusions

In  this  review,  we  attempted  to  conduct  a  compre-

hensive  survey  on  the  progress  of  the  multimodal  brain

imaging fusion studies in recent years, aiming at tracking

down the advanced fusion strategies  and remarkable  ap-

plications.  Compared  to  unimodal,  the  multimodal

strategies could better exploit both the shared representa-

tion between modalities and the modality-specific comple-

mentary information, hence improving the applications on

building  brain  atlases,  predicting  phenotypic  outcomes

and  classifying  brain  diseases.  With  the  development  of

larger  datasets,  novel  fusion models  and supercomputing

facilities,  multimodal  fusion  could  help  better  unveil  the

underlying  mechanisms  of  human  brain  cognition  and

clinical disorders in the future.
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