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Summary:

Recent advances in neuroimaging technologies have provided opportunities to acquire brain images of different modalities for

studying human brain organization from both functional and structural perspectives. Analysis of images derived from various

modalities involves some common goals such as dimension reduction, denoising, and feature extraction. However, since these

modalities have vastly different data characteristics, the current analysis is usually performed using distinct analytical tools that

are only suitable for a specific imaging modality. In this paper, we present a Distributional Independent Component Analysis

(DICA) that represents a new approach that performs decomposition on the distribution level, providing a unified framework for

extracting features across imaging modalities with different scales and representations. When applying DICA to fMRI images,

we successfully recover well-established brain functional networks in neuroscience literature, providing empirical validation

that DICA delivers neurologically relevant findings. More importantly, we discover several structural network components

when applying DICA to DTI images. Through fiber tracking, we find these DICA-derived structural components correspond

to several major white fiber bundles. To the best of our knowledge, this is the first time these fiber bundles are successfully

identified via blind source separation on single subject DTI images. We also evaluate the performance of DICA as compared

with existing ICA methods through extensive simulation studies.
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1. Introduction

With the advancement of neuroimaging techniques, it has become increasingly common for neu-

roscience studies to collect multimodal brain imaging data in order to obtain a more comprehensive

understanding of brain function and structure. For example, functional magnetic resonance imaging

(fMRI), which is currently the most prominent functional neuroimaging modality, measures the hemo-

dynamic response related to neural activity in the brain; diffusion tensor imaging (DTI), an increasing

important structural imaging modality, maps white fiber tract structure by measuring water diffusion

in the brain. Data collected from these different imaging modalities offer complementary views on

the brain organization and could potentially provide new insights into the relationship between brain

function and structure (Guye et al., 2008). For example, the structural connections revealed by DTI can

help understand and verify the functional networks identified based on fMRI and also provide useful

information for constructing biologically plausible models for brain functional networks (Ramnani

et al., 2004). It has become increasingly clear utilizing information from diverse imaging modalities

leads to more effective neuroscience research.

Analyzing data derived from different imaging modalities is a challenging task. One of the major

difficulties is that imaging measurements across these modalities have different data representations.

For example, fMRI records a time series of blood-oxygen-level-dependent (BOLD) signals reflecting the

hemodynamic responses at a voxel, i.e., the volume element within fMRI data. DTI data is represented

by a 3D tensor matrix at each voxel representing the local water diffusion pattern. Furthermore, these

modalities have different noise levels and intensities. Given these issues, existing methods have to adopt

different analytical approaches that are specific to each modality (Calhoun and Sui, 2016). This often

causes challenges for integrating information and results across modalities. Therefore, it is desirable

to develop a general analytical framework that can accommodate different types of imaging data.

Some common objectives in analyzing data from different imaging modalities include dimension

reduction, denoising and extraction of latent features such as the functional networks from fMRI data
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and white matter structural networks from DTI data. A useful computational tool that can achieve

these goals is independent component analysis (ICA). ICA is one of the most widely applied blind

source separation methods for recovering latent features underlying multivariate observations. This

rapidly evolving technique has found successful applications in a wide range of scientific areas such as

biomedical imaging (e.g. neuroimaging and optical imaging), visual receptive fields, signal processing

and machine learning (Hyvärinen et al., 2001; Bartlett et al., 2002; Beckmann et al., 2005) Essentially,

ICA is a computational method for decomposing observed multivariate data into additive components

which are statistically as independent as possible. The problem is typically expressed as follows. Let

Y be the observed multivariate data matrix with the dimension of T × J which contains T mixed

signals of length J each. The classical noise-free ICA method decomposes the observed data into a

linear combination of latent independent sources as,

YT×J = AT×LSL×J , (1)

where A is a mixing matrix, S represents non-Gaussian source signals and L is the number of latent

independent sources which is smaller than T . The L source signals are assumed to be statistically

independent. ICA has been shown to be a highly effective tool for dimension reduction, denoising and

extraction of latent source signals (Hyvärinen et al., 2001). ICA has several appealing properties that

make it a popular tool in many fields. For example, compared with methods such as PCA and factor

analysis which are based on the second-order statistics of the data, ICA exploits information from

higher-order statistics which are relevant for non-Gaussian data. Additionally, the key assumption

of ICA, i.e. statistical independence across components, is often supported by large-scale data with

sparse signals (Beckmann et al., 2005). Diverse algorithms have been developed for ICA over the past

decades. For example, the well-known traditional ICA algorithms include Infomax (Bell and Sejnowski,

1995) and FastICA (Hyvarinen, 1999). More advanced methods were developed soon in engineering,

statistical and computer science societies, such as maximum likelihood estimations (e.g. Hastie and

Tibshirani (2003)), rank-based estimations (e.g. Hallin and Mehta (2015)) and estimations using deep

learning techniques (e.g. Ngiam et al. (2010); Le et al. (2011)). Of note, although the non-Gaussianity of
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sources is one of the assumptions used in many ICA algorithms, the ICA optimization can be achieved

in various ways in addition to maximizing the non-Gaussianity. For example, non-Gaussianity and

sample dependence have been considered together to achieve better performance (Adali et al., 2014).

Furthermore, recent work demonstrates that statistical independence and sparsity can be considered

simultaneously in ICA in order to achieve sparse signal decomposition (Boukouvalas et al., 2018).

In neuroscience research, ICA has become one of the most commonly applied tools for identifying

brain functional networks based on fMRI data (McKeown et al., 1998; Calhoun et al., 2001; Beckmann

and Smith, 2005; Guo, 2011; Guo and Tang, 2013; Shi and Guo, 2016; Wang and Guo, 2019). The

classical ICA model in (1) can be readily applied to decompose a subject’s fMRI data (McKeown et al.,

1998). Specifically, Y is the T × J matrix of observed fMRI signals where T is the number of fMRI

scans acquired, each row of Y is a concatenated 3D brain image acquired during each scan and J is

the number of voxels of an image. S is the spatial source signal matrix where each row represents a

concatenated 3D map of an independent source signal. A represents the temporal mixing matrix which

mixes the L spatial sources to generate the observed time series of fMRI images. For fMRI data, each

independent component (IC) potentially corresponds to a brain functional network where each row of

S and the corresponding column of A characterizing the spatial distribution and temporal dynamics

for a functional network, respectively. ICA naturally has advantages applied to fMRI data. The spatial

independence assumption of ICA corresponds well to the sparsity of fMRI signals, and thus ICA can

identify brain functional networks without constraining the temporal dynamics (Calhoun et al., 2009).

In addition, the non-Gaussianity assumption of ICA means we may capture the structured noise of

fMRI data with noise components simultaneously, and thus denoise the data. Existing studies have

found that ICA can be successfully applied to either resting-state or task-based fMRI analysis, single-

subject or multi-subject studies.

Though ICA has been widely applied to fMRI data analysis, its applications to other imaging modal-

ities, especially DTI data, have been very limited. One main reason is that the classical ICA was mainly
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developed to decompose multivariate observations, such as fMRI time series, but is not applicable to

the diffusion tensor matrices in DTI. In a few cases where ICA was applied to DTI data (Li et al., 2012;

Ouyang et al., 2015), investigators first obtained at each voxel the fractional anisotropy (FA) (Basser

et al., 1994; Koay et al., 2006) which is a scalar summary statistic derived from the estimated tensor

matrix and then applied the classical ICA model to decompose multi-subject FA data. This FA-based

ICA application has several major limitations. The diffusion tensor matrix from DTI data characterizes

both the shape and orientation of the diffusion ellipsoid at each voxel where the eigenvectors of the

tensor matrix represent the diffusion directions and the eigenvalues are associated with the speed

of diffusion in these directions. The FA, which is a scalar summary statistic derived based on the

differences among the eigenvalues, only captures the degree of anisotropy in the diffusion ellipsoid

but does not use information from the eigenvectors. Consequently, the FA-based ICA does not take

into account the orientation of the diffusion tensors, which is a crucial piece of information in DTI

data. Furthermore, the FA-based ICA method requires multi-subject FA values and is not applicable

to single subject DTI analysis.

To help address these challenges, we propose a new Distributional Independent Component Analysis

(DICA) method to provide a unified framework for extracting source signals from diverse types of data

from different imaging modalities including but not restricted to fMRI and DTI. We note that the

aforementioned limitations of the classical ICA mainly relate to the fact that the classical ICA aims

to decompose the observed data. Hence the ICA model and associated estimation methods need to

be tailored to the specific imaging modality. The proposed DICA represents a fundamentally different

approach of source separation. Instead of separating the observed data, DICA aims to separate the

characterizing parameters in the distribution function of the observed data as a mixture of source sig-

nals. Specifically, in the DICA framework, we first model the observed data with a mixture distribution

model where the component distributions are chosen appropriately based on the data representations

from the specific imaging modality. The mixture distribution model is characterized by the component
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distributions and a set of weight parameters which is a probability vector representing the loading on

each component distribution. At the second stage of DICA, we perform the ICA decomposition on

the posterior weights by separating them as a linear mixture of independent latent source signals. In

this new framework, the component distributions of the mixture distribution model at the first stage

of DICA can be viewed as a set of bases in the distribution space of the imaging data. The posterior

weights of the mixture distribution can be viewed as the set of coordinates of the observed data on

the bases of component distributions. For diverse types of data from different modalities, the basis

component distributions are specific to each imaging modality while the weights are comparable across

modalities. For example, in DTI analysis, the first stage of DICA models the whole tensor using the

mixture of Wishart distributions, allowing us to allowing us to take into account information from

both eigenvalues and eigenvectors of the tensor matrices. The voxel-specific posterior weights derived

from the first-stage DICA contain both the shape and direction information of a representative diffu-

sion tensor. DICA is also able to decompose single-subject DTI data. Therefore, the proposed DICA

addresses the major limitations in existing ICA analysis of DTI data. Our goal of the proposed DICA

is to provide a unified platform to decompose diverse types of data derived from different imaging

modalities. Building on this unified platform, future research can be conducted to extend the DICA

method to performing joint decomposition across multiple imaging modalities.

We applied DICA to decompose fMRI data and DTI data from the Philadelphia Neurodevelopmental

Cohort (PNC) study (Satterthwaite et al., 2014). For fMRI data, DICA successfully recovered well-

known resting state brain function networks that have been consistently identified in fMRI studies.

This demonstrates the validity of the proposed DICA for fMRI data. For DTI data, the DICA ex-

tracted independent components that are composed of white matter regions that correspond to major

fiber bundles in the brain. The results demonstrate the applicability of DICA for revealing structural

networks related to white matter pathways. To the best of our knowledge, the proposed DICA is the

first ICA framework that can achieve this goal for single subject DTI data.
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The rest of this paper is organized as follows. In Section 2, we introduce the DICA framework and

its estimation procedure, and discuss the connection and distinction between DICA and the classical

ICA model. In Section 3, we include the results obtained by applying DICA to the fMRI and DTI

imaging data from the PNC study. Section 4 presents simulation studies to evaluate the performance

of DICA for separating data generated from different underlying mechanisms, compared with two

popular classical ICA algorithms. We conclude with a discussion in Section 5.

2. The Distributional ICA

The DICA method is a general decomposition method that can be applied to data collected from

diverse imaging modalities such as fMRI and DTI. These modalities measure different aspects of brain

function and structure. For instance, fMRI measures the blood-oxygenation-level-dependent (BOLD)

signal as a correlate of neural activity. Series of BOLD signals are captured across time to investigate

the temporal dynamics of the neural processing in response to experimental stimuli or during resting

state. From fMRI data, we can infer brain functional networks consisting of brain regions demonstrat-

ing coherent BOLD temporal dynamics. DTI is another MRI modality that maps white matter fiber

tracts in the brain by measuring the diffusion of water molecules within brain tissues. Specifically, DTI

models local water diffusion using a zero-mean 3D Gaussian distribution. The 3×3 covariance matrix

of the Gaussian distribution, known as the diffusion tensor matrix, characterizes the water diffusion

pattern in 3D space. From diffusion tensors, we can infer local white fiber orientation and subsequently

construct brain structural networks consisting of major white matter fiber bundles.

2.1. A Two-Stage Method

Let I represent the imaging data space where we collect data from. Denote by Yj ∈ I the imaging

measurement obtained at voxel j (j = 1, . . . , J). The imaging data space I is specific to an imaging

modality. For fMRI, Yj represents the BOLD signal series measured over T time points at voxel j.

Hence, I = RT is a T -dimensional Euclidean space. For DTI, Yj represents the diffusion tensor matrix
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at voxel j which is visualized as an ellipsoid characterizing the diffusion pattern of water molecules in

local brain tissue. Hence, I = PG3 represents the space of 3× 3 symmetric positive definite matrices.

The proposed DICA consists of two stages. At stage one, DICA models the observed data using

a mixture distribution model and projects the data onto a space of probability vectors containing

posterior weights of the mixture distribution. At stage two, DICA decomposes the posterior probability

weights to extract latent source signals. Please see Figure 1 for a schematic illustration of the DICA.

We present some detailed introduction in the following.

At stage one, we model the probability distribution of imaging measurements using a mixture dis-

tribution of K components:

Yj ∼
K∑

k=1

πkD (Θk) , for j = 1, . . . , J,

where πk is the weight of the component k in the mixture distribution and D(Θk) specifies the distri-

bution of component k, which is chosen according to the specific imaging modality. For fMRI data,

D (Θk) can be specified as a multivariate Gaussian distribution with Θk =
(
θfMRI
k , τ fMRI

k

)
where

θfMRI
k and τ fMRI

k are the mean and covariance of the multivariate Gaussian. For DTI data,D (Θk) can

be specified as a Wishart distribution with Θk =
(
θDTI
k , τDTI

k

)
, where θDTI

k represents the expected

tensor shape andτDTI
k is the degree of freedom. From the definition of Wishart distribution on the space

PG3, we require that τDTI
k > 2. To simplify presentation, for the rest of the paper, we use the generic

notation Θk = (θk, τ k) when related computations are generally applicable to both modalities. When

we discuss scenarios that are specific to a modality, we use the notation ΘfMRI
k = (θfMRI

k , τ fMRI
k ) for

fMRI data and ΘDTI
k = (θDTI

k , τDTI
k ) for DTI data.

For each voxel, we obtain the posterior probability wj = (w1j, . . . , wKj)
T as follows:

wkj =
πkD (Yj; Θk)∑K

k′=1 πk′D (Yj; Θk′)
, k = 1, . . . , K, (2)

where D (·; Θk) is the probability density function for component k. Given the component distribu-

tions, the probability vector wj provides a re-representation of the measurements Yj. The mixture

model has been widely used for T1 brain image segmentation (Greenspan et al., 2006) where the com-
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ponent distributions model voxels from various tissue types and the posterior probability characterizes

which tissue type a voxel is associated with. Similarly, at stage one of DICA, the component distribu-

tions model brain voxels with various types of characteristics within the specific imaging modality

(e.g. fMRI BOLD series patterns or DTI diffusion ellipsoid patterns), and the posterior probability

characterizes a voxel’s association with the different types of characteristics (Figure 1).

At stage two, we decompose wj into L independent components as follows:

g(wj) =
L∑

l=1

alSlj.

Here, g(.) is a link function for the probability vector that provides a mapping from PK to RK−1, where

PK = {x ∈ RK : xT1 = 1,x > 0}. For example, we can specify the mlogit link function with

g(x) = (log{x1/xK}, . . . , log{xK−1/xK}). The term Slj ∈ R represents the latent source signal of the

lth independent component at voxel j. The parameters al = (a1l, . . . , aKl) are the mixing coefficients

that mix the independent source signals to generate the mixture weights wj that are related to the

observed images. At stage two, we have the same assumptions as the classical ICA. That is, the source

signals Slj(l = 1, . . . , L) are statistically independent; the number of sources L is less than the number

of mixturesK; and the source signals Slj follow a non-Gaussian distribution. Our ICA model is spatial

ICA with statistical independence assumed in the spatial domain. Previous work has shown that the

spatial independence assumption is well suited to the sparse distributed nature of the spatial pattern

for brain functional networks (McKeown and Sejnowski, 1998). Similar observations have also been

made for structural networks derived from DTI data. Therefore, ICA applications with fMRI and DTI

data are predominantly performed as spatial ICA (Calhoun et al., 2001; Beckmann and Smith, 2005;

Guo and Pagnoni, 2008; Shi and Guo, 2016; Li et al., 2012; Ouyang et al., 2015).

Here we provide an intuitive explanation of the rationale for the DICA. In the distribution model,

the collection of the component distributions {D (Θk)}Kk=1 may be viewed as a set of bases character-

izing the distributional space of the mixture model for Yj; and the posterior weights wj represent the

coordinates of the observed data Yj on this set of distributional bases. It is worth noting that only the
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distributional bases, i.e. {D (Θk)}Kk=1, depend on the data characteristics of specific imaging modalities

while the posterior weights wj have common representations across different modalities. DICA uses the

mixture distribution model to capture modality-specific data characteristics, extract posterior weights

wj as re-representations of the imaging measurements and conduct ICA source separation on wj which

are free of specific modality characteristics. The ICs extracted from the posterior weights are assumed

to be spatially independent with each other based on the fact that different brain networks usually

have limited spatial overlaps. Under such an assumption, each IC potentially corresponds to a brain

functional or structural network.

In neuroimaging literature, the number of ICsL can be chosen either using quantitative methods such

as Laplace approximation (Minka, 2000) or based on the biological interpretations of brain networks.

Previous work (Smith et al., 2013) has shown that the extracted brain networks are largely robust to

the selection of the number of ICs within a range. For L corresponding to qualitatively different model

orders, results show that the low model orders lead to large ICs representing networks responsible for

very broad sets of similar functions, while high model orders give rise to small ICs representing sub-

networks with more specific functions under the same umbrella. Our experiments show that the choice

of L has similar effects on DICA. In practice, the choice of L depends on the established knowledge in

neuroimaging literature and also the scale of brain networks investigators are interested in identifying.

2.2. Computation

In this section, we present computation details of the DICA method. At stage one, we fit the mixture

distribution model using the Expectation-Maximization (EM) algorithm. Specifically, for fMRI data,

we fit the mixture of Gaussian distributions using the standard EM algorithm. For DTI data, we fit the

mixture of Wishart distributions using k-MLE proposed by Nielsen (2012), which can be regarded as a

hard membership clustering version of the EM algorithm with a higher efficiency. We obtain the MLE

of each Wishart component using the method proposed by Saint-Jean and Nielsen (2014). The number

of components in the mixture model is chosen according to the Bayesian information criteria (BIC).
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At stage two, we transform the estimated posterior mixture weights ŵj using the mlogit function, i.e.

mlogit(ŵj). A standard ICA algorithm such as Infomax (Bell and Sejnowski, 1995) is then applied to

decompose mlogit(ŵj) to estimate the mixing matrix A = {akl} and the source signal S = {Slj}.

2.3. Connection between the DICA and the Classical ICA

The proposed DICA method is closely connected to the classical ICA model. The posterior proba-

bility of mixture component wj is a re-representation of the imaging measurements Yj, i.e. a mapping

p(y) = {p1(y), . . . pK−1(y)} defined by equation (2) with p(y) : I → PK . Here, the p(y) maps

the imaging measurements Yj from their modality-specific space I to a probability vector space PK

which is free of modality characteristics. Then a link function g(.) is applied to wj = p(Yj) for the

ICA decomposition, i.e. g(wj) =
∑L

l=1 alSlj. The classical ICA model can be represented using a

similar procedure with a different mapping and link function. Suppose Yj is a R dimensional vec-

tor. The classical ICA can be viewed as a two-stage procedure which applies the identity mapping

p∗(y) = y at stage one and the identity link g∗(y) = y at stage two followed by ICA decomposition,

i.e. g∗(p∗(Yj)) =
∑L

l=1 alSlj. Some dimensional reduction steps prior to ICA such as PCA also can

be considered as special mappings at stage one of classical ICA. The main distinction between DICA

and classical ICA is that at stage one, DICA performs a mapping p(y) : I → PK that transforms

imaging measurements with various types of representations into a probability vector space which is

free of modality characteristics. This makes DICA a unified source separation framework that can

be applied to decompose diverse imaging modalities. Furthermore, unlike classical ICA that mainly

separates linear mixtures, DICA is potentially capable of separating non-linear mixtures on the original

scale of the data because of the non-linearity of the mapping, which we demonstrate in Section 4.

3. Application to Real Imaging Data

3.1. Data Description

We applied the DICA to the rs-fMRI and DTI data obtained from a subject from the Philadelphia

Neurodevelopmental Cohort (PNC) study. All images from the PNC study were acquired on a Siemens
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Tim Trio 3 Tesla scanner. The rs-fMRI scans were acquired with 124 volumes each containing a 3D

brain image of 64 × 64 × 46 voxels with the resolution of 3.0 × 3.0 × 3.0mm. DTI data were derived

based on diffusion-weighted imaging (DWI) scans using a twice-refocused spin echo (TRSE) single-

shot EPI sequence. The sequence consisted of 64 diffusion-weighted directions with b = 1000s/mm2,

and 7 scans with b = 0s/mm2. More details about image acquisition can be found in Satterthwaite

et al. (2014).

3.2. Analysis of rs-fMRI Data

To pre-processed the rs-fMRI data, skull stripping was performed on the T1 images to remove extra-

cranial material, then the first four volumes of the functional time series were removed to stabilize the

signal, leaving 120 volumes for subsequent preprocessing. The anatomical image was registered to the

8th volume of the functional image and subsequently spatially normalized to the MNI standard brain

space. These normalization parameters from MNI space were used for the functional images, which

were smoothed with a 6mm FWHM Gaussian kernel. Motion corrections were applied on the functional

images. A validated confound regression procedure was performed on each subject’s time series data to

remove confounding factors including motions, global effects, white matter (WM) and cerebrospinal

fluid (CSF) nuisance signals. The confound regression contained nine standard confounding signals

(6 motion parameters plus global / WM / CSF) as well as the temporal derivative, quadratic term

and temporal derivative of the quadratic of each. Furthermore, motion-related spike regressors were

included to bound the observed displacement. Lastly, the functional time series data were band-pass

filtered to retain frequencies between 0.01 and 0.1 Hz which is the relevant frequency range for rs-fMRI.

Prior to ICA analysis, we performed additional preprocessing steps including centering and dimension

reduction. Specifically, we performed a PCA and reduced the dimension of the fMRI BOLD response

at each voxel by projecting the fMRI time series onto the first 30 principal component (PC) directions,

where the number of PCs was chosen based on the scree plot.

We then applied DICA to the preprocessed fMRI data. We considered a mixture of Gaussian (MoG)
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distribution with 20 Gaussian components for the first stage of DICA. In our experiments, we also

considered MoG distribution models with a different number of Gaussian components ranging from

18 to 30. We found that the results from the second stage of DICA are fairly robust to the selection of the

number of mixtures at stage one. At stage two of DICA, we extractedL = 14 ICs from the rs-fMRI data.

The choice of L was motivated by the selection of the number of ICs in the existing neuroimaging ICA

(Shi and Guo, 2016; Guo and Tang, 2013) which leads to neurobiologically interpretable ICs. Among

the extracted components, we identified several well known resting state functional networks such as

the occipital pole visual network, lateral visual, default mode network, sensorimotor network, auditory

network and executive control network. Figure 2 presents the DICA estimates of these networks. The

maps were thresholded showing activated voxels whose z-scores based on the estimated source signal

exceeding 95th percentile. These DICA-based rs-fMRI networks have been consistently identified in

large sample rs-fMRI studies in the literature using the standard ICA methods (Smith et al., 2009).

The fact that DICA successfully recovered these networks using a single subject fMRI data demon-

strates the applicability of DICA for extracting brain functional networks from fMRI. To evaluate the

reliability of the results, we performed the DICA analysis for additional subjects from the PNC study.

Web Appendix A in the Supplementary Information presents results for the additional subjects. We

obtained largely consistent brain functional networks across subjects, which are similar as the results

reported in Figures 2.

3.3. Analysis of DTI Data

The DWI scans were preprocessed using the DWI pipeline in FSL. The procedure includes brain

extraction to remove non-brain regions, phase reversal distortion correction, and aligning diffusion-

weighted images to the average non-diffusion weighted image by a rigid body affine transformation to

remove motion artifact and also correction of eddy current distortions. We then estimated the direc-

tional diffusion at each voxel based on a diffusion tensor model implemented via the Diffusion Toolbox

(FDT) in FSL.
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At stage one of DICA, we considered a mixture of Wishart distributions with 20 component distribu-

tions. We also considered distributions with a different number of components and the findings of the

second stage DICA remained similar. At the second stage of DICA, we extracted 14 ICs. Among the

extracted components, we identified several ICs that are found to correspond to major white matter

fiber pathways via fiber tracking. These ICs were also identified when we extracted different number

of ICs. Figure 3 presents the DICA estimates of the spatial source signals of the extracted ICs. The

maps were thresholded showing significant voxels whose z-scores based on the estimated source signal

posterior distribution exceeding 95th percentile. We also required a minimum activation cluster size

of at least of 3000 voxels to improve the reliability of the voxels selected into the thresholded map. To

demonstrate the white fiber pathways that each IC is associated with, we applied the DTI tractography

to reconstruct the fiber tracts passing through the spatial regions of each IC (Figure 3). In addition, we

illustrate the main DTI diffusion ellipsoid associated with each IC in Figure 3. The first IC corresponds

to the corpus callosum and contains a major fiber bundle that connects left and right cerebral hemi-

spheres (Catani and Thiebaut de Schotten, 2008). We can see the main diffusion ellipsoid associated

with this IC demonstrates diffusion between left and right in the brain which is consistent with the

major fiber tract direction of the corpus callosum. The second IC is mostly located symmetrically in

both hemispheres of the brain and mainly contains projection fiber tracts passing through the internal

capsule and corona radiata which contains ascending fibers from the thalamus to the cerebral cortex

and descending fibers from the frontoparietal cortex to subcortical nuclei (Catani and Thiebaut de

Schotten, 2008). The main diffusion ellipsoid associated with this IC demonstrates inferior-superior

diffusion pattern which is consistent with the direction of the projection tracts. The third IC represents

cingulum, a medial associative fiber bundle that runs an antero-posterior course within the cingulate

gyrus around the corpus callosum. Correspondingly, the main diffusion ellipsoid of this IC demon-

strates antero-posterior diffusion pattern. The fourth IC contains corticoponto-cerebellar tracts which

create communications between the cerebellum and the controlateral cerebral hemisphere (Catani
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and Thiebaut de Schotten, 2008). The diffusion ellipsoid of this IC demonstrates inferior-superior

diffusion pattern which corresponds to the projection tracts that pass through this IC. Similar as in

the analysis of fMRI data, we also present results for additional subjects in the Web Appendix A in the

Supplementary Information. We obtained largely consistent brain structural networks across subjects,

which are similar as the results reported in Figures 3.

4. Simulation Studies

We conducted several simulation studies to evaluate the performance of the proposed DICA method.

We generated data from three distinct underlying models including a model favors DICA where ob-

served data are linear mixtures of source signals on the distribution level, the classical linear ICA model

and a nonlinear ICA model where observed data that are nonlinear mixtures of latent source signals.

Among the three settings, the first case is based on the DICA model while the latter two represent

models that deviate from the DICA. In particular, the classical linear ICA is the underlying model

of infomax and FastICA. Following previous work (Beckmann and Smith, 2005; Guo and Pagnoni,

2008), we evaluated the performance of each ICA method based on the correlation between the true

and estimated source signals. Also, we evaluated the AUC of the estimated source signals for Simula-

tions II and III where there were categorical definition of activated/non-activated voxel in generating

the sources. Since ICA recovery is invariant to permutations, each estimated IC was matched with

the original source with which it had the highest spatial correlation (Beckmann and Smith, 2005).

In comparison to DICA, we considered two commonly applied ICA algorithms: Infomax (Bell and

Sejnowski, 1995) and FastICA (Hyvarinen, 1999). In addition, we considered two advanced and more

recent ICA developments: SparseICA (Boukouvalas et al., 2018) and non-linear ICA (Almeida, 2003).

The SparseICA was implemented with the SparseICA-EBM algorithm (Boukouvalas et al., 2018). The

non-linear ICA was implemented with a MATLAB toolbox “MISEP” for Simulation III.
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4.1. Simulation Study I: Data from a Model that aligns with DICA

In the first simulation study, we considered data derived from a model that aligns with the DICA

procedure. Specifically, we generated Yj as 10× 1 vectors for j = 1, . . . , J = 6400:

Yj ∼
K∑

k=1

w0
kjN (θk, τ k), j = 1, . . . , J. (3)

Here, data were generated from a mixture of multivariate Gaussian distribution with the dimension

of d = 10 and the number of mixture K = 6. The mean and covariance for each component were

specified as θk = (k − (K + 1)/2)1d and τ = 0.1Id×d. The weights w0
kj were the posterior weights

derived from a mixture of multivariate Gaussian with the same mean and covariance as (3) and prior

weights wkj = 1/6, k = 1, . . . , K, j = 1, . . . , J . The true source signals Slj and the mixing matrix

akl, l = 1, . . . , L with L = 3 were obtained by decomposing w0
kj as at stage two of DICA.

We applied the proposed DICA, FastICA, Infomax, and SparseICA to decompose the simulated

data Yj. Table 1 provides the means (standard deviations) of the correlations between the true and

estimated source signals across 100 simulation runs based on each of the three ICA methods. The

results show the proposed DICA demonstrated a much better accuracy in recovering the true source

signals as compared with the other methods when the data are generated in this process that aligns

with the DICA model. FastICA, Infomax and SparseICA only captured one of the true signals while

DICA successfully recovered all of them. The significant difference in the performance between the

methods demonstrates that when data are mixed on the distribution level, the standard ICA which

decomposes the observed data may yield poor results.

4.2. Simulation Study II: Data from the Classical Linear ICA

In the second simulation study, we generated data from the classical linear ICA model where the

observed data is a linear mixture of the source signals via the mixing coefficients plus a noise term,

i.e. Yj =
∑L

l=1 alSlj + εj. Specifically, we generated image data from three ICs. For each IC, we

generated a 2D spatial map with the dimension of 100× 100 and the activated signals in the ICs are
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displayed in Figure 4. This spatial maps were generated using MATLAB toolbox simTB (Erhardt et al.,

2012), which simulates spatial maps that mimic brain networks. The mixing coefficient vector al was

a time series of the length T = 40 based on i.i.d standard Gaussian random variables. We considered

a Gaussian noise term added to the linear mixtures with zero mean and standard deviation of 0.8. We

tried multiple noise levels with different standard deviations and obtained similar conclusions.

We applied the DICA, Infomax, FastICA, and SparseICA to decompose the data. We specifiedK =

10 and L = 6 for the DICA. Other specifications of K and L were also investigated and the results

were found to be similar. We evaluated the methods with the AUCs of the estimated source signals as

well as the correlations between the true and the estimated signals. As shown in Table 1, the Infomax,

FastICA, and SparseICA performed better than DICA in both AUCs and correlations for this data.

This is expected given that the data were generated from the classical linear ICA which is the under-

lying model of the three methods. The accuracy of DICA was acceptable as compared with the three

linear ICA methods. Results from Figure 4 show that DICA successfully recovered the true underlying

source signals. The fact that DICA demonstrated reasonable accuracy indicates that the DICA can

be an effective decomposition method for data that conform to the classical ICA model assumption.

4.3. Simulation Study III: Data from Nonlinear Mixtures

In the third simulation study, we compared the performance of the methods for recovering sources

when the observed data are nonlinear mixtures of source signals, which represents a scenario that devi-

ates from both the DICA and classical linear ICA models. We considered two source signals each with a

50×50 spatial map. The true maps are presented in Figure 5(B), which were generated from the follow-

ing functional forms added Gaussian noise with the standard deviation of 0.1 to each pixel, s1(x1, x2) =

0.95 I [ (x1 − 0.3)2 + (x2 − 0.3)2 6 0.32 ] and s2(x1, x2) = 0.95 I [ |x1 − 0.7| + |x2 − 0.7| 6 0.3 ],

where (x1, x2) ∈ [0, 1]2 represents the location. We have considered different noise levels, which led to

consistent conclusions. The observed data Y were then generated by performing a nonlinear mixing

of the source signals via a nonlinear mixing function, i.e. Y = f(s) with f(s) = f1(s) + f2(s) + f3(s)
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(Figure 5(A)), where the functions were specified as,

f1(s) =



tanh(4s1 − 2) + 2s1+s2

2
)

tanh(4s1 − 2) + 2s1+s2
2

)


 , f2(s) =



tanh( s2

2
) +

2s1+s22
2

s31 − s1 + tanh(s2)


 , f3(s) =




s32 + s1

tanh(s2) + s31


 .

Figure 5(B) presents the true source signals and the reconstructed sources using DICA, FastICA,

Infomax, SparseICA and non-linear ICA, and the estimation results were evaluated as shown in Table

1. In DICA, we specified K = 12 and L = 4, where other specifications yielded similar results.

We observe that the proposed DICA showed satisfactory performance in recovering the sources from

the nonlinear mixtures. In comparison, the three linear ICA methods, i.e. FastICA, Infomax, and

SparseICA, failed to separate the two underlying source signals. The non-linear ICA implemented

with MISEP didn’t perform well either in this case and failed to identify the true source patterns in

many simulated data sets. Specifically, the non-linear ICA only successfully identified the true source

1 and 2 with correlation greater than 0.5 in 41 and 15 simulation runs out of 100 runs, respectively.

In most of the simulation runs, the non-linear ICA could only identify one of the two sources. We also

compared the non-linear ICA and DICA in other simulation settings by generating non-linear mixtures

following the example provided by the MISEP toolbox itself. The performance of the proposed DICA

is comparable or better than the non-linear ICA in that scenario as well. This result indicates that

DICA can potentially provide a useful decomposition tool for data derived from mixing mechanisms

that are more complicated than the classical linear mixture model.

5. Discussion

In this paper, we propose a distributional ICA procedure to provide a general analysis tool for de-

composing diverse types of imaging modalities. Compared with the classical ICA, the proposed DICA

represents a new approach that aims to separate the observed data on the distribution level. We develop

a two-stage estimation for the DICA procedure. We apply the DICA model to real-world fMRI and

DTI data. Our analyses have generated scientifically meaningful and insightful findings. For fMRI

data, DICA successfully identified well-known resting-state functional networks. For DTI data, DICA
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discovered components that correspond to major white fiber pathways in the brain. To the best of

our knowledge, the proposed DICA is the first ICA method that can perform source separations for

diffusion tensors based on single subject DWI scans and our findings are not obtainable using the

existing ICA methods. The extensive simulation studies conducted in the paper further demonstrate

satisfactory performance of the DICA for recovering source signals from data that were generated from

different underlying mixture models.

In recent neuroimaging studies, investigators often need to deal with multimodal neuroimaging where

measurements have different forms and dimensions. Methods have been proposed to jointly model

features extracted from multimodality data. For example, some ICA methodologies (Franco et al.,

2008; Eichele et al., 2008) were developed to jointly analyze multi-subject and multi-dimensional fea-

tures extracted from fMRI, ERP and genetic data. Methods based on the graph Laplacian have been

proposed for joint modeling of multi-subject multi-modal network features extracted from fMRI and

DTI (Abdelnour et al., 2018; Dodero et al., 2014). Deep learning techniques such as auto-encoder, U-

net and GAN are also widely employed in feature extraction and image synthesis (Wang et al., 2020).

Compared to the existing methods, our DICA has a different goal which is to provide a unified ICA

method to decompose images obtained using different imaging modalities to identify underlying source

signals. DICA is applicable to both single subject as well as multi-subject imaging data. The term

“unified” is in the sense that DICA can be applied to diverse modalities, such as fMRI or DTI. In future

research, this unified decomposition framework could be extended to performing joint decomposition

across multiple modalities. Another useful application of the DICA is that it can potentially separate

both linear and non-linear mixtures on the original scale of the data, while the classical ICA mainly

separates linear mixtures. DICA can be used as an alternative blind source separation tool that may

provide new findings that complement the outputs from the standard ICA algorithms.

For future research, we plan to extend the current DICA model to decompose multi-subject imaging

data. For fMRI data, a straightforward extension of DICA is to follow the temporal concatenation ICA
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(TC-GICA) framework (Calhoun et al., 2001; Guo and Pagnoni, 2008; Guo, 2011) by concatenating

the fMRI data on the temporal domain across subjects and then apply DICA. An alternative way for

multi-subject extension is to adopt the hierarchical ICA framework (Guo and Tang, 2013; Shi and Guo,

2016) and develop multilevel DICA models. As another future research topic, we plan to investigate on

other distribution models such as the matrix Langevin distributions on the Stiefel manifold to model

the DTI data and multivariate Laplacian to model fMRI data.
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Figure 1 The schematic representation of the DICA method.
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Figure 2 Brain functional networks estimated from a subject’s resting state fMRI data from the
PNC study using DICA. The IC maps are thresholded showing significant voxels with z-scores
derived from the estimated source signal posterior distribution exceeding 95th percentile. The DICA
successfully recovered well-known brain functional networks that have been consistently identified
in fMRI studies.
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Figure 3 Brain structural networks estimated from a subject’s DTI data from the PNC study using
DICA. DICA discovered components corresponding to major white fiber pathways in the brain.
(a): The estimated IC spatial maps, which are thresholded based on the z-scores derived from the
estimated source signal posterior distribution, (b): Tractography-reconstructed fiber tracts passing
through the spatial regions of each IC, (c): the main DTI diffusion ellipsoid associated with each IC.
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Figure 4 True source signals and the estimated ICs based on different ICA methods in simulation
study II for data simulated from the classical ICA model (averaged over 100 runs).
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Figure 5 Simulation III: (A) the nonlinear mixing function and (B) the true and estimated source
signals (averaged over 100 runs) using DICA, FastICA, Infomax, SparseICA and non-linear ICA to
separate the data from nonlinear mixtures.
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Table 1 (A) Mean(standard deviation) of the correlations between the true and estimated source
signals based on different ICA methods with 100 simulation runs in the three simulation studies.

Simulation I: Distributional ICA
DICA FastICA Infomax SparseICA

Source 1 0.993(0.000) 0.800(0.001) 0.800(0.001) 0.793(0.034)
Source 2 0.991(0.000) 0.019(0.013) 0.018(0.012) 0.043(0.050)
Source 3 0.948(0.001) 0.021(0.014) 0.021(0.012) 0.035(0.008)

Simulation II: Linear ICA
DICA FastICA Infomax SparseICA

Source 1 0.817(0.085) 0.859(0.025) 0.859(0.025) 0.862(0.025)
Source 2 0.593(0.107) 0.683(0.050) 0.683(0.050) 0.689(0.040)
Source 2 0.654(0.109) 0.736(0.040) 0.736(0.040) 0.738(0.046)

Simulation III: Nonlinear ICA
DICA FastICA Infomax SparseICA non-linear ICA

Source 1 0.979(0.008) 0.869(0.010) 0.869(0.009) 0.807(0.043) 0.377(0.349)
Source 2 0.963(0.014) 0.523(0.011) 0.523(0.011) 0.529(0.034) 0.164(0.219)

Table 1 (B) Mean(standard deviation) of the AUCs of the estimated source signals based on
different ICA methods with 100 simulation runs in Simulation II and III.

Simulation II: Linear ICA
DICA FastICA Infomax SparseICA

Source 1 0.898(0.039) 0.912(0.012) 0.912(0.012) 0.917(0.013)
Source 2 0.862(0.047) 0.893(0.019) 0.893(0.019) 0.900(0.016)
Source 3 0.880(0.049) 0.907(0.016) 0.907(0.016) 0.912(0.016)

Simulation III: Nonlinear ICA
DICA FastICA Infomax SparseICA non-linear ICA

Source 1 1.000(0.000) 1.000(0.000) 1.000(0.000) 0.978(0.014) 0.718(0.228)
Source 2 1.000(0.000) 0.853(0.008) 0.853(0.008) 0.862(0.024) 0.585(0.173)


