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A joint subspace mapping between structural and functional
brain connectomes

Sanjay Ghosh®, Ashish Raj"1, Srikantan S. Nagarajan™1
Department of Radiology and Biomedical Imaging, University of California San Francisco, 513
Parnassus Ave, San Francisco, 94143, California, USA

Abstract

Understanding the connection between the brain’s structural connectivity and its functional
connectivity is of immense interest in computational neuroscience. Although some studies have
suggested that whole brain functional connectivity is shaped by the underlying structure, the

rule by which anatomy constraints brain dynamics remains an open question. In this work, we
introduce a computational framework that identifies a joint subspace of eigenmodes for both
functional and structural connectomes. We found that a small number of those eigenmodes are
sufficient to reconstruct functional connectivity from the structural connectome, thus serving as
low-dimensional basis function set. We then develop an algorithm that can estimate the functional
eigen spectrum in this joint space from the structural eigen spectrum. By concurrently estimating
the joint eigenmodes and the functional eigen spectrum, we can reconstruct a given subject’s
functional connectivity from their structural connectome. We perform elaborate experiments and
demonstrate that the proposed algorithm for estimating functional connectivity from the structural
connectome using joint space eigenmodes gives competitive performance as compared to the
existing benchmark methods with better interpretability.

Keywords

Brain connectivity; Structural connectome; Functional connectome; Laplacian; Eigen
decomposition

1. Introduction

The connection between the dynamics of neural processes and the anatomical substrate

of the brain is a central question in neuroscience research. Understanding this interplay is
essential for understanding how behaviour emerges from the underlying anatomy Sporns et
al. (2005); Suérez et al. (2020). To this extent, a common way to represent the whole brain is
using a network or graph Preti and Van De Ville (2019), where nodes represent cortical and
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subcortical gray matter volumes and edges stand for the strength of structural or functional
connectivity. Structural connectivity is typically extracted from tractography algorithms
applied to diffusion magnetic resonance imaging (MRI) or diffusion tensor imaging (DTI)
data Berman et al. (2008). Functional connectivity usually refers to pairwise correlation
between activation signals in various brain regions is measured by various functional brain
imaging modalities - functional MRI (fMRI) Sahoo et al. (2020), electroencephalography
(EEG) Caoito et al. (2016), magnetoencephalography (MEG) Soleimani et al. (2022) etc.
Although several studies Deco et al. (2011, 2013); Fukushima and Sporns (2020); Gerrish
et al. (2014); Glomb et al. (2020); Honey et al. (2010); Saggio et al. (2016); Skudlarski

et al. (2008); Zamani Esfahlani et al. (2022) have suggested that whole brain functional
connectivity is shaped by the underlying structure, the rule by which anatomy constraints
brain dynamics remains an open question and an interesting research challenge Deco et
al. (2011). We note that a deeper analysis could explain how signals propagate within

a structured graph between different regions, and interfere or interact with each other

to induce a global pattern of temporal correlations. Conversely, a fuller understanding

of this relationship will allow us to explore what portion of functional activity that

are not explainable by structural connectome alone; potentially reflecting more complex
transynaptic processing across brain networks Abdelnour et al. (2018, 2014); Atasoy et al.
(2016).

Several studies have aimed towards understanding of the mapping between structural and
functional connectivity Abdelnour et al. (2018, 2014); Liégeois et al. (2020); Meier et al.
(2016); Pascucci et al. (2021); Robinson (2012); Rosenthal et al. (2018); Saggio et al.
(2016); Verma et al. (2022). A broad class of these studies are built on complex generative
models of functional activity Deco et al. (2011); Messé et al. (2014, 2015); Raj et al. (2020,
2012); Robinson (2012); Verma et al. (2022) typically that generate simulated functional
time-series from which the functional connectome is estimated. In contrast, some direct
approaches Abdelnour et al. (2018); Becker et al. (2018); Meier et al. (2016) rely on the
eigen decomposition of the structural connectivity matrix or its Laplacian and finding a
link to eigendecomposition of the functional connectivity matrix Abdelnour et al. (2018,
2021); Becker et al. (2018); Cummings et al. (2022); Deligianni et al. (2013); Meier et al.
(2016); Robinson et al. (2016); Tewarie et al. (2020). Authors in Abdelnour et al. (2018)
predict the functional connectome from the eigenmodes of structural Laplacian. In this
paper, we use the term “eigenmode” to refer eigenvectors and “eigen spectrum” to refer
eigenvalues. Similarly, authors in Tewarie et al. (2020) posed the structure-function mapping
as a L, minimization problem. However, similar to Abdelnour et al. (2018), the feasible
eigenmodes were restricted to the individual eigenmodes of structural connectome (roughly
equivalent to Laplacian eigenmodes). Despite the success of this approach, it can be limiting
to enforce the functional eigenmodes to belong to the space of the structural Laplacian
eigenmodes. Recently Becker et al. Becker et al. (2018) introduced an idea of using
rotational operator between the connectomes. Recently, authors in Deslauriers-Gauthier

et al. (2020) introduced a unified framework by which most existing mappings based

on eigenmodes can be expressed [See Sec. 2.4 in Deslauriers-Gauthier et al. (2020)]. In
particular, the predicted functional connectome by the spectral mapping of Becker et al.
(2018) was shown to have a structured eigen polynomial of degree N, the number of ROIs.
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Moreover, to achieve improved predictions, the authors in Deslauriers-Gauthier et al. (2020)
proposed to add a constant symmetric matrix term within the expression of the predictive
model. This structure-function mapping was posed was Riemannian distance You and Park
(2021) minimization problem in Deslauriers-Gauthier et al. (2022).

In this paper, we introduce a new approach to integrate both structural Laplacian

and functional connectivity by a common vector space. The underlying neuroscientific
assumption is that functional correlations arise due to signal transmission on the structural
network, hence the two should share a common set of @modes g or eigenvectors. However,
a one-way mapping from structure to function, may not fully capture all underlying
biological processes. The structural network is biased towards monosynaptic connections
and also may not be considered a gold standard in view of our ability to accurately measure
all connections (especially lateral cortical connections). Therefore, there remains a need

for a joint mapping approach that does not privilege one or the other connectome. We

build upon the seminal work in Abdelnour et al. (2018, 2014); Atasoy et al. (2016) that
investigated the use of brain connectivity harmonics as a basis to represent spatial patterns
of cortical networks. By using the orthogonality of connectome harmonics, it is shown that a
linear combination of these eigenmodes can be used to recreate any spatial pattern of neural
activity.

This joint estimation framework allows us to express functional connectivity of a particular
subject (brain sample) as a subspace of the joint eigenmodes of both structure and function.
We demonstrate that just a small fraction of the proposed joint eigenmodes are sufficient
to span the functional connectivity. We further extend the core idea to develop a predictive
model that is able to accurately predict functional connectivity from structural Laplacian.
The bottleneck for this prediction model is to find a mapping from the projection of
structural Laplacian and functional connectome to the joint space. We circumvent this by
using a nonlinear and data-driven mapping technique. We refer our proposed predictive
method as joint efgen spectrum mapping (JESM). This finally gives us an efficient method
for structure-function mapping of human brain connectivity. In summary, the present

work emphasizes on a deeper theoretical foundation towards analyzing brain structure and
function. Two main contributions in this paper are:

1. We demonstrate how to jointly diagonalize both structural and functional
connectivities using a common set of eigenmodes. To the best of our
understanding, this is an interesting finding in context human brain connectivity
analysis. This exploration could serve as a building block for more future
research on the impact of brain diseases on brain structural and functional
connectivity.

2. We propose an optimization based method for structure-function mapping using
joint eigenmodes and the relationship between joint eigen spectra of both the
connectomes.

This paper is outlined as follows. In Section 2, we introduce our framework governing
the relationship between structural Laplacian and functional connectivity. The details on
structure-function predictive model are presented in Section 3. In Section 4, we perform
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thorough experimental analysis on a large dataset of healthy subjects and also compare

our approach with existing state-of-the-art methods. We also experiment on data of
schizophrenic patients to demonstrate that the proposed method generalizes beyond healthy
subjects. Finally, we conclude in Section 5 with a summary of our work.

2. Theory and methods

Suppose S € R”*" and F € R" *" are the structural and functional connectivity matrices
of an arbitrary subject. Here » corresponds to the number of regions-of-interest (ROI) in

a brain atlas. The entry (i, j) of these matrices represents the strength of the connectivity
between regions i and j evaluated either structurally or functionally. In Table 1, we describe
the parameters and variables used in this work.

We consider the problem of finding a joint or common vector space between .S and F. We
perform a unique decomposition of both connectomes sharing the same algebraic structure.
This is referred as simultaneous diagonalization, which is a well-studied area in signal
processing André et al. (2020); Cardoso and Souloumiac (1996); Luciani and Albera (2015).
Our goal is to find a matrix &/ = [ala,)... | a,] and a, € R"* Lvi= {1,2, n} that can express
both structural and functional connectivity by its orthonormal column vectors a,. Without
loss of generality, we instead work with structural Laplacian of the structural connectivity as
in Abdelnour et al. (2018). Let D be the (diagonal) degree matrix of structural connectivity
S. Then, the (normalized) Laplacian of the structural connectivity is given by:

L=(1- D-l/st-l/z),

where I e R"*" is an identity matrix. Finally, the revised mathematical problem is to find a
matrix & = [aj|a,... | a,] Such that:

L=do Ay o1
F= o Ay o7 .

@)

The above joint diagonalization gives us the pair of diagonal matrices A, and Ay, where

the diagonals ® = {¢,, ¢,, ..., ¢,} and ¥ = {y, v, ..., w,} constitute the joint eigen spectra of
L and F respectively. We additionally assume « is orthogonal matrix such that &7 o = I.
From the perspective of projection theory, the eigen spectra @ and ¥ could be viewed as

the projections of structural Laplacian and functional connectome on the space spanned by
{ai, a,...,a,}. For example, ¢, and y, are the projections of L and F respectively on a,. Thus,
the problem in (1) could be equivalently formulated as a minimization as follows:

[ " W)= agmin |F- o &y o7 |3t L= o Ay o1 ol o =1,
A, D, P

@
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where the subscript F stands for Frobenius norm of a matrix.

The mathematical problem in (2) is a particular instance of simultaneous diagonalization.
There exist several algorithms to solve (2); here we choose the method by Cardoso and
Souloumiac (1996) due to its computational simplicity. We refer the columns of « as

joint eigenmodes of the pair (L, F). One attractive aspect of joint eigenmodes is that we

can diagonalize both structural (Laplacian) and functional connectome using the same set
of these eigenmodes. We note that there could exist an interesting relationship between
these joint eigenmodes and individual eigenmodes of structural Laplacian or functional
connectome. We discuss this in detail in Section 2.2. Suppose (U, A,) are the eigenmode
and eigen spectrum respectively of structural Laplacian L and (V, A) are the eigenmode and
eigen spectrum respectively of functional connectome. Then,

LU = UA, FV = VA.
©)

We note that the dominant eigenmodes of structural Laplacian L are those eigenmodes with
least eigen spectrum, whereas dominant eigenmodes of functional connectome F are those
eigenmodes with highest eigen spectrum.

Suppose the eigenvalues of L are arranged as follows: 4, < 4, < ... < 4,. Then one can show
that 0 < 4 < 2. A detailed proof is quite straightforward by using two facts: (i) symmetric

nature of structural connectome S and (ii) non-negativeness of each entry of S. We also
note that functional connectomes are positive semi-definite matrices because they arise
from covariance matrices. Therefore, the eigenvalues in (3) of each functional connectome
follows: y, > 0, Vi, where y, are the diagonal entries of A,.

It remains an open question to explore the connections between the joint eigen spectra and
individual eigen spectra. We state two interesting theorems on the bounding properties of
joint eigen spectra @ and ¥ as follows:

Theorem 1: The joint eigenvalues of structural Laplacian {¢,, ¢,, ..., ¢,} are bounded:

0<p <2, Viel2 ..n.

Proof. See Appendix .1.

Theorem 2: The joint eigenvalues of functional connectome {y, v, ..., y,} are non-negative.

wi>0, Yiel2 . ..n.

Proof. See Appendix .2.

In Fig. 1, we display a pair of structural and functional connectomes and their respective
eigen spectra (ordered) of a representative subject. It can be seen that the eigenvalues
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of L lie in the range [0, 2] and the eigenvalues of the functional connectome are non-
negative. The structural and functional eigenmodes corresponding to the dominant/top four
eigenvalues L and F respectively are shown in second and third rows of Fig. 1. The
bottom two rows show the joint eigen spectra and top four joint eigenmodes as a result

of joint optimization of the L and F pair. Notice some visual similarities between the

joint eigenmodes with the respective dominant (individual) eigenmodes of structural and
functional connectomes. We investigate this property in detail in Section 2.2.

Fig. 2 shows (@, W) eigen spectra for eight other representative subjects from Griffa et

al. (2019). The joint diagonalization is performed independently on (L, F) pair for each
subject. Visual results from 8 subjects are shown in Fig. 2. Across all subjects, the first four
joint modes lie in the lower-half of both the structural and functional eigen spectra. Also
eigenvalues in ¥ for each subject sparse in nature, most of the eigenvalues are close to zero
except a few. This unique nature of the ¥ motivates us to establish a subspace relationship
between vector space of structural Laplacian connectome and vector space of functional
connectome of the same subject. We also note that the most dominant eigenmode is often the
one corresponds to the least value of ®. However, subsequent (after the top one) dominant
joint eigenmodes do not follow any consistent sequence across subjects.

2.1. Subspace relationship

In this section, we establish the fact that the functional connectome can be reconstructed
using only a small number of the joint eigenmodes - i.e. a low-rank subspace. As an
example, we re-arrange the joint eigenmodes {a,} Vi € 1,2, ...,n and ¥ of the subject from
Fig. 1(n) in ascending order of the latter and shown in Fig. 3(a). We plot Pearson R metric
Abdelnour et al. (2018) correlation between ground-truth functional connectome and the
estimated one from the reduced eigenmodes as a function of number of joint modes (k). Here
k = 1 implies the estimated functional connectome from only one joint mode and k = n is
when all modes are used in the estimation which results in perfect recovery.

Using the properties of singular value decomposition (SVD), the structural Laplacian can be
expressed as outer-products of the joint eigenmodes:

n
L= z cbkaka[.
k=1

Similarly, the functional connectome can be expressed as the outer-products of the joint
eigenmodes. The Pearson R plot in Fig. 3(b) suggests that K = 20 is enough to approximate
F. In particular:

F

14

K
Z u/kakal.
k=1

Only a few number (K < n) of joint eigenmodes sufficiently span the functional
connectome. Another example is shown the last row in Fig. 3. Here only K = 30 dominant
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modes span the functional connectome (» = 219). In summary, the existence of joint
eigenmodes and the sparse nature of ¥ lead to this subspace relationship. Note that the
low-rank nature of functional connectome is also preserved in form of joint subspace
Abdelnour et al. (2018, 2014).

Relationship between joint eigenmodes and individual eigenmodes

Here, we study the relationship between joint eigenmodes and individual eigenmodes

of structural Laplacian and the functional connectivity matrix. In particular, we perform
quantitative analysis in terms of Pearson R metric Abdelnour et al. (2018). We note that a
high value of Pearson R implies high correlation. In Fig. 4, we show the results for subject
#1 from dataset Griffa et al. (2019). For completeness, we also show the correlation with
group-level joint eigenmodes of all 68 subjects in Griffa et al. (2019). We summarize the
mean and variance statistics of absolute Pearson R (for the each pair in Fig. 4) across 68
subjects in Tables 2, 3, 4, 5. We found a high correlation between the pair (a,, v,) when we
compare with individual joint eigenmodes. On the other hand, the group level mode a, is
found to have high correction with the functional mode v..

We recall,

L= oAyl and L=UAUT.

We note that eigenmodes of a real symmetric matrix are orthogonal Strang (2006) and span
the entire space R". In other words, the vector space spanned by the columns of o, referred
as C, has dimensionality ». Similarly, the vector space spanned by the column of U, referred
as C, has dimensionality ». Therefore, there exists an invertable mapping R,:C, — C.,
such that:

o =UR].

Suppose the vector space spanned by the column of Vv is given by C,, which has
dimensionality ». Similar to the case of structural Laplacian, there exists a mapping
R;:C, — C,, such that:

o =VRE.
Therefore, the joint eigenmodes and the eigenmodes of the structural Laplacian and

functional connectome are all related through rotational or other invertible similarity
transformations.

3. Structure-Function mapping

In this section, we extend the concept of joint eigen space to estimate functional connectivity
of a subject from its structural (via Laplacian) counterpart. Given the joint eigenmodes
between the structural Laplacian and functional connectome, the task boils down to

Neuroimage. Author manuscript; available in PMC 2024 July 12.
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estimating ¥ from @ at an individual subject level. It was reported in Abdelnour et al. (2018)
that there could be an inverse relationship between log(¥) and ® based on a linear graph
model predicting a subject’s functional connectivity matrix from their structural connectivity
matrix via graph diffusion Abdelnour et al. (2014). Motivated by the findings in Abdelnour
et al. (2018), here we aim to estimate ¥ from .

3.1. Joint eigen spectrum mapping

We propose a data-driven approach to learn a group level mapping between @ and ¥. The
idea is to consider the diagonals of both A, and A, as two points in a vector space of

size R"* 1. Then we pose the mapping between @ and ‘¥ as a least-squares problem Ghosh
and Chaudhury (2016). Suppose there are M subjects in the group from which learn the
least-squares mappings. Therefore, for each subject j € {1,2, ..., m} there is a pair of joint
eigenvalues (@, ¥;) obtained by via performing joint diagonalization of the pair (L, F)). First,
we embed joint eigenvalues of each subject in two matrices X e R"*™ and Y € R"*™ as
follows:

Q)

where @, %, € R"* !, vj e {1,2,...,m}. We consider the following linear (directional)

transformation w € R" <"

®)

To circumvent the limitation of over-fitting incurred by simple least-squares solution, we
seek to impose rank constraint Pong et al. (2010) on W. Note that this problem is a NP-hard.
Various approaches have been proposed in the literature to solve this problem approximately
Liu and Vandenberghe (2010). One efficient approach is to regularize the objective by trace
norm (sum of singular values), which is popularly called as nuclear norm. In particular, we
consider the following minimization:

W =argmin [| Y -WX ||z +u | W ..
w
(6)
where x> 0 and || W ||, is the nuclear norm of W. We solve the minimization using a primal
gradient method Pong et al. (2010).

The reason we used structural Laplacian instead of structural connectome is as follows. The
eigen spectrum of structural Laplacian is bounded in [0, 2]; whereas no such bound exists

for the eigen spectrum of structural connectome. We also note it can be shown theoretically
that the eigen spectrum of functional connectome is non-negative. Therefore, while working

Neuroimage. Author manuscript; available in PMC 2024 July 12.
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with structural Laplacian, the spectrum mapping W does not exhibit polarity shift. However,
in theory, one could simply work directly with structural connectome. In that case, the
respective joint eigenmodes would be between structural and functional connectomes.

Predicting functional connectome with joint mapping

Here we aim to estimate the functional connectome F, for an individual subject /, given
their structural Laplacian L, group level joint eigenmodes and individual joint eigen
spectra. An optimal spectrum mapping in (6) would work best under the assumption that
joint eigenmodes for each subject is known to us. However, this is not really a realistic
assumption from the perspective of a predictive model. We empirically notice that each
subject has different set of joint eigenmodes. This is what makes the above formulation as
bottleneck to being an efficient predictive model from structural to functional connectome.
Instead, our aim is to find a set of group-level joint eigenmodes o e R”*", where each
column represents group-level joint eigenmode. In particular, we consider the following
optimization problem:

2
Fi— o Ay, o7 ”
;

minimize Z .
o i=1

subjectto L= of Ao, o1 s ol o = of @ =1, forj=1,2,... M,

™

where F; and L, stand for functional connectome and structural Laplacian of subject j
respectively. Using eigen spectrum mapping from (5), we get ¥, = W, which implicitly
takes into account the fact that L, = o/ A, 2" Further, by using standard trace equality

and the connection between Frobenius norm and trace of a matrix, we further simplify the
objective function above as follows:

(er(FTF) =2 u{(F] o Awa, a" )+tr[( A Ayo, 9T )T(.szl Awo, ssz)}).

j=1

By using &7 & = I and cyclic property of trace of matrix, the third term above is
simplified to (&/w " Wa,). In fact, it is clear that both first and third terms above do not

depend on «. Thus, the reduced optimization is:

minizr{nize—trz;n:leTd Ay @ o7
subjectto o/ of = o o1 =1.
8

It is worth noting that there is no known closed-form solution to (8). We adopt the iterative
algorithm described in Absil et al. (2009) to find an approximate solution.
In summary, we propose a two-step strategy for the structure function mapping. First, we

construct matrices X and Y using both structure and function connectomes of the subjects;
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then we learn the spectrum mapping W in (6). Second, we solve (8) to obtain group level
joint eigenmodes «. In the next iteration, we re-train the mapping W in (5) using these
joint eigenmodes followed by estimating a refined group joint eigenmodes using the new
mapping. Upon convergence, we obtain a final set of joint eigenmodes < and spectrum
mapping W.

Detailed steps of the proposed JESM Algorithm are described in 1. We finally obtain the
group level joint eigenmodes & and mapping W, and estimate functional connectome for an
arbitrary subject /as follows:

®, = diag( " Lot ).
V=W,
Fi=d Ay, o' .

©)

Dataset

To validate the proposed brain connectivity analysis framework, we experimented on data
from 68 healthy subjects Griffa et al. (2019). The brain data acquisition comprised of (i)

a magnetization-prepared rapid acquisition gradient echo (MPRAGE) sequence sensitive
to white/gray matter contrast, (ii) a DSI sequence (128 diffusion-weighted volumes),

and (iii) a gradient echo EPI sequence sensitive to BOLD contrast. These data was
pre-processed using the Connectome Mapper pipeline Daducci et al. (2012). Gray and
white matter were segmented using Freesurfer and parcelled into total of 68 cortical
regions. Structural connectivity matrices are estimated for each subject using deterministic
streamline tractography on reconstructed DSI data Wedeen et al. (2008). Functional data
were estimated using the protocol in Power et al. (2012). This includes regression of white
matter, cerebrospinal fluid, motion deblurring and lowpass filtering of BOLD signal.

Neuroimage. Author manuscript; available in PMC 2024 July 12.
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Algorithm 1: Joint Eigen Spectrum Mapping (JESM).

Input: Structural and functional connectomes: S ;, F j for
Jj € {1,2....,m}. User defined stopping conditional
parameters K,y OF €.
Output: Joint eigenmodes .4 and mapping W.

1 for j=1,2,...,mdo

2 Compute structural Laplacian L from §;.

3 Perform joint diagonalization of (L;, Fj)to obtain

jointeigenvalues ®; and ¥ as in (2).
4 Embed vectorized joint eigenvalues ®@; and '¥; in matricesX
and Y as in (4).

s end

7 Obtain spectrum mapping W using (6).

9 Set Ag =1I.
11 Initialize k « Orepeat
13 k< k+1.

14 | Calculate joint eigenmodes A using (8).

15 Set 4; = A.

16 Recompute joint eigen spectra: ®; = diag{ATLjA) and
¥, = diag(A” F;A).
17 Embed vectorized joint eigen spectra ®; and ¥; in Xand Y as
in (4).

18 Obtain spectrum mapping W using (6).

19 Compute & = || Ay = Aj_1l|f-
20 until stopping condition is satisfied: k = kg, Or 6 < €.

In addition, we have used a schizophrenia dataset Vohryzek et al. (2020) consisting of
27 control subjects and 27 schizophrenia subjects. All connectomes in this schizophrenia
dataset have 83 ROIs; of which 68 cortical and 15 sub-cortical regions.

3.4. Benchmark comparisons

We compare the performance of JESM with the following benchmark methods in terms of
estimating functional connectivity of a subject from its structural counterpart.

1 Abdelnour et al. Abdelnour et al. (2018): The standalone eigenmodes of
structural Laplacian A were used to estimate the functional connectome of the
subject. Following Abdelnour et al. (2014), the functional eigen spectra I" were
estimated using an exponential transformation of A.

2. Tewarie et al. Tewarie et al. (2020): We implemented the optimization framework
of Tewarie et al. (2020) to estimate the projections of functional connectome on
the eigenmodes of structural connectome. Note that this work did not focus on
a predictive pipeline. Therefore it did not include any form of spectrum or curve
fitting. The core focus was on the theory to approximate functional connectome
of a subject by the projection of each eigenmode of structural connectome. It
was theoretically shown that given the eigenmodes of the structural connectome,
the best estimation of the functional connectome is eigen spectral composition
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of the projection of the functional connectome on each eigenmode. In our
implementation, we display the best predicted functional connectome result
which could be obtained when one is somehow provided with the optimized
projection values.

3. Becker et al. Becker et al. (2018): We implemented the structure-function
mapping method in Becker et al. (2018), where given both structural and
functional connectomes of a particular subject, a rotation matrix and a
polynomial expansion of the respective eigen spectra were used to estimate the
functional connectome from structure. The core idea is to map the functional
connectome from the structural connectome of a subject via a rotation operation.
Authors Becker et al. (2018) further showed that such a rotation matrix
could be derived only if we have access to stand-alone eigenmodes of both
functional and structural connectomes for a particular subject. Therefore, it
is not straightforward to directly estimate functional connectome from the
structural connectome for a subject. However, it could be possible to construct
a representative mapping in terms of rotation matrix for a group of subjects via
some form of manifold optimization.

In summary, both Abdelnour et al. Abdelnour et al. (2018) and Tewarie et al. Tewarie et al.
(2020) rely on the eigenmodes of structural connectome (or Laplacian). On the other hand,
Becker et al. Becker et al. (2018) makes use of structural eigenmodes in an implicit manner
to construct the rotation matrix based mapping.

3.5. Performance evaluation of the predictive model

We study the effectiveness of the proposed method in terms of accurately estimating
functional connectome (FC) of a subject from its structural connectome (or Laplacian)

and compare with state-of-the-art methods in the literature. The prediction performance is
quantified in terms of Pearson R statistic between the estimated FC and true FC of a subject.

In our group level prediction pipeline, we learn the mapping between joint eigenvalues of
structural Laplacian and eigenvalues of functional connectome. We perform 4-fold cross
validation experimental setting to evaluate and compare the predictive methods. First, we
use both structural and functional connectomes of the train set of subjects. We perform joint
diagonalization and then obtain the initial estimate the linear mapping. Next we learn group
level joint eigenmodes by solving an optimization problem using the toolbox in Boumal et
al. (2014). Both the mapping and joint eigenmodes are further refined through few iterations.
Finally, we use the learned mapping and group level joint modes to predict functional
connectome from the structural connectivity of each subject from the test set.

4. Results

In this section, we first display and the group-level joint eigenmodes of a group of 68
healthy subjects in the dataset Griffa et al. (2019). In particular, we run Algorithm 1 on the
collection of connectome-pairs to obtain the group-level joint eigenmodes . In Fig. 5, we
display top four the joint eigenmodes, which are the first four columns of «7. We draw few
important observations on the group-level eigenmodes shown. The first mode in Fig. 5(a)
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exhibits relatively low variation across the ROIs. This is perhaps, represent a low frequency
mode of the underlined brain graph obtained from the structural Laplacian Preti and Van De
Ville (2019). The second eigenmode in 5(b) has an interesting distribution across the ROIs.
It is found to have prominent intensity gradient from perceptual and motor regions to default
mode network (DMN) Margulies et al. (2016). Note that a similar intensity gradient profile
is also present in the fourth eigenmode. Also notice that the intensity profile in the third
eigenmode exhibits two polarity nature across the frontal and peripheral regions in the brain.
In Fig. 6, we compare the correlation of these four group-level eigenmodes with 7 canonical
networks Yeo et al. (2011): default, dorsal-attention, frontoparietal, limbic, somatomotor,
ventral-attention, and visual. In terms of Pearson R metric (deep yellow is high), we see

that a, joint mode closely resemble with default network; a; has positive alignment with

both frontoparietal and ventral-attention networks; and a, has high correlation with both
dorsal-attention and frontoparietal networks. With reference to geodesic distance Venkatesh
et al. (2020) metric, a, mode exhibits high non-Euclidean proximity with all 7 networks

and dorsal-attention also has high similarly to all 4 group-level joint eigenmodes. We note
that that geodesic distance reflects the non-Euclidean geometry between two correlation/
symmetric matrices. Therefore, to compute the geodesic distance between two eigenmodes,
we first construct outer product (rank-1) matrix from each and compute the non-Euclidean
distance. For geodesic distance, a lower metric indicate better correlation between the pair of
eigenmodes.

Comparison of structure-function mapping performance

Next, we perform detailed experiments to examine the effectiveness of the proposed joint
eigenmode approach in structure-function mapping. We start with detailed experimentation
of our proposed eigen spectrum mapping approach. Finally, we compare with state-of-the-art
methods in the literature for structure-function mapping.

In Fig. 7 we present results of estimated functional connectomes using our method for two
representative subjects Griffa et al. (2019). We also display the results for the benchmark
methods: Abdelnour et al. Abdelnour et al. (2018), Tewarie et al. Tewarie et al. (2020),

and Becker et al. Becker et al. (2018). We first group the dataset Griffa et al. (2019) of

68 healthy subjects into two groups and then perform 4-fold cross validation setting for
evaluation of the predictive methods. Note that the connectomes used in this experiment
have 68 cortical regions. The respective Pearson R Abdelnour et al. (2018) values and
geodesic distances Venkatesh et al. (2020) are noted below each panel. A higher value of
Pearson R and lower value of geodesic distance indicate better prediction. It is visually
evident that proposed JESM outperforms both Abdelnour et al. Abdelnour et al. (2018)

and Tewarie et al. Tewarie et al. (2020). The estimated functional using JESM more

closely resembles the ground-truth functional connectomes respectively. We summarize the
comparison of our proposed algorithm and benchmarks for structure function prediction
using violin plots for performance metrics across all subjects in Fig. 8. For this analysis, we
group all 68 subjects into two and perform 4-fold cross-validation on each group containing
34 subjects. Please note that each connectome has 68 ROIs. We used 4 quality metrics -
Pearson R, geodesic distance Venkatesh et al. (2020), structural similarity index measure
(SSIM) Wang et al. (2004), and mean squared error (MSE) Ghosh and Chaudhury (2016)
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to quantify the prediction performance. For Pearson R and SSIM, higher values indicate
better prediction. On the other hand, for geodesic distance and MSE, a lower value refers to
superiority of the method. We further present a result in Fig. 9 on analyzing estimation at (a)
intra - vs inter-hemispheric and (b) short vs long connections. In particular, we generate a
histogram of the residual (upon linear model fitting) between the predicted and ground-truth
functional connectomes. Notice that both in cases the residual histogram is zero-centered.
The result suggests that functional connections are neither under-nor over-estimated. In other
words, the functional connectivity values are well-estimated across ROIs. We further draw
the following observations in terms of the similarity between intra/inter (and short/long)
residuals and variances: (i) very similar residual pattern is found between both intra - vs
inter-hemispheric and short vs long connections cases; (b) variance patterns are also similar
between both intra - vs inter-hemispheric and short vs long connections cases.

We also make an attempt to investigate whether the individual differences are preserved

by our method JESM. we examine the edgewise variance in empirical vs estimated
connectomes for JESM and compare them to a benchmark (Becker et al.). In Fig. 12, we
show the histogram of edge-wise variance at each ROI-pair of the function connectomes:

(i) empirical functional connectomes (FCs), (ii) estimated FC by JESM, and (iii) estimated
FC by Becker method. First, we note that the edge-wise variance is lower for estimates
when compared to the empirical FCs. However, JESM exhibits higher edge-wise variance
when compared to other benchmarks - we show the best performing benchmark by Becker
et al. below. These results suggest some level of preservation of individual differences in FC
estimates.

We note that our JESM method gives competitive structure-function mapping performance
the benchmark methods In fact, we argue that our predictive model could asymptotically
match Becker et al. (2018) under a suitable rotation of the eigenmodes. However, the
important aspect is that our proposed approach has an interesting geometric interpretation.
For a given subject, the existence of joint eigenmode could serve as a basis for both
structural and functional connectomes. In other words, the joint eigenmode could be used
as a mutual representation of the multimodal connectomes. In our current work, we have
explored these joint modes to predict functional connectome from structural connectome
of a subject. In theory, one could also extend the idea to predict structural connectome
from the functional counterpart; which we consider as a future exercise. In a different
direction, one could analyze the joint-mode for more than two connectome; for example -
fMRI connectome, MEG connectome, and EEG connectome. This could be a new insight to
capture the mutual information present in three different functional modalities.

4.2. Structure-Function mapping of schizophrenia disorder

In this subsection, we first study the nature of joint eigenmodes of the schizophrenia dataset
using our JESM method. In Fig. 13, we display the first four joint eigenmodes from a

set of 27 schizophrenia subjects Vohryzek et al. (2020). Note that the dimension of each
connectome in this dataset is 83 x 83; which consists of 68 cortical and 15 sub-cortical ROIs.
However, for visualization purposes, we display only the cortical ROIs. Notice the visual
difference between joint modes in Figs. 5 and 13.
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4.2.1. Structure-Function mapping from joint modes of healthy subjects—To
strengthen the analysis of our approach in context group-level joint modes based structure-
function prediction, we use the joint modes from an external, completely separate dataset.
In this experiment, we train the joint modes and joint eigen spectrum mapping on a set of
27 control subjects from the cohort studied by Vohryzek et al. (2020). Then, we test the
prediction (of functional connectome) on Schizophrenia patients who were not present in
the training set. Two such visual results are shown in Fig. 10. Note that all the connectomes
used in this experiment contain 83 ROIs. The predicted functional connectome in (c, f) quite
resemble the ground-truth in (b, e) respectively. In Fig. 11, we present the performance
statistics of the functional connectivity prediction on all 27 Schizophrenia patients and also
compare with the benchmark methods. This experiment confirms that the proposed method
JESM generalizes beyond healthy subjects.

4.2.2. Structure-Function mapping from joint modes of schizophrenia
subjects—Here study the structure-function mapping performance of JESM using group-
level joint modes of Schizophrenia subjects. In particular, we perform 3-fold cross-validation
on 27 schizophrenia subjects. Therefore, in each fold, we learn the joint modes from 18
schizophrenia subjects and use them for the prediction of the remaining 9 subjects. In Fig.
14, we display a visual result for a subject (from Vohryzek et al. (2020) dataset). It is evident
that the predicted functional connectome looks very similar to ground-truth.

We summarize the comparison of our proposed algorithm and benchmarks for structure-
function prediction for schizophrenia data using violin plots in Fig. 15. For simplicity, we
report only Pearson R and geodesic distance results. The pair of violin plots suggest that
our method JESM produces competitive performance in this setting of predicting functional
connectome using group-level joint modes of schizophrenia subjects.

5. Discussion

We provided a principled mathematical framework to connect the structural and functional
connectivity matrices. By expressing both connectomes using a common eigen space with
biophysical interpretability, we simplified the subspace relationship between structural and
functional connectomes with a joint harmonic mapping between structure and function.

We then developed a novel algorithm for predicting functional connectomes based on
structural connectomes and this joint mapping, and demonstrated the superiority of

this prediction algorithm compared to existing benchmarks. Our theoretical framework
generalizes benchmark approaches that predict functional connectomes using a rotation
matrix applied to structural eigenmodes and polynomial mapping of structural eigen spectra
Becker et al. (2018); Deslauriers-Gauthier et al. (2020).

The group level predictive model is of particular interest to us. For predicting the functional
connectome for a particular subject from its structural connectome via joint subspace
mapping, we need to know: (i) the mapping between joint eigen spectra of both and (ii) joint
eigenmodes which closely diagonalize both connectomes. We address this concern by two-
step optimization. First, we learn a mapping from joint eigenvalues of structural Laplacian
to joint eigenvalues of functional connectome via spectrum mapping. Second, we use this
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learned spectrum mapping to estimate joint eigenmodes using manifold optimization. By
efficient use of advanced numerical optimization, we obtain a group level eigenmodes that
jointly diagonalize individual subject level structural and functional connectomes.

Among the notable existing works, Abdelnour et al. (2018) predicts the functional
connectome using the eigenmodes of structural Laplacian. Authors in Tewarie et al. (2020)
formulated this structure function mapping as a L, minimization problem where the feasible
eigenmodes were restricted to the individual eigenmodes of structural connectome. Becker
et al. Becker et al. (2018) proposed an efficient eigenmode mapping, by introducing a
rotation matrix along with the structural eigenmodes as a means to capture individual
subjects” FC. We show below that our methods are computational equivalent barring a few
differences, with better interpretability offered by our method in contrast to Becker et al.
First, for a single subject, we use a linear projection of the structural and functional eigen
spectrum, whereas Becker et al. Becker et al. (2018) uses a polynomial approximation.
Second, the rotation matrix /in Becker et al. (2018) can be viewed as somewhat equivalent
to our joint eigenmode matrix & with a key difference though. Note that & jointly
diagonalizes both F and L, whereas R does not diagonalize either F or L. Therefore, our
proposal is more geometrically comprehensive with stronger mathematical interpretability.
Third, for group-level predictive model, the joint approximation in JESM and Becker et al.
Becker et al. (2018) are equivalent except for the above differences. Therefore, it is not a
surprise that our result is similar to Becker et al. Becker et al. (2018).

To study the connection between the structural Laplacian eigenmodes, functional
connectome eigenmodes, and joint eigenmodes, we also recall the recent works in Misic
et al. (2016); Yusuf et al. (2019). The role of structural eigenmodes in the formation and
dissolution of temporally evolving functional brain networks was shown in Tewarie et

al. (2022). Authors in Misic et al. (2016) investigated the association between spatially
extended structural networks and functional networks using a multivariate statistical
technique, partial least squares. They studied whether network-level interactions among
neural elements may give rise to global functional patterns. With sufficient experimental
results it was demonstrated that the network organization of the cerebral cortex supports
the emergence of diverse functional network configurations that often diverge from the
underlying anatomical substrate. A multimodal connectomics paradigm utilizing graph
matching to measure similarity between structural and functional connectomes was
presented in Yusuf et al. (2019). In this paper, we also performed a statistical analysis

to find the similarity in terms of Pearson R metric. We found that the joint eigenmodes
are more similar to the functional eigenmodes than the structural eigenmodes at both the
individual and the group level. To address the neuroscientific significance of the joint
eigenmodes, we compared four group-level eigenmodes with the seven canonical cortical
networks: default, dorsal-attention, frontoparietal, limbic, somatomotor, ventral-attention,
and visual. Authors in Yusuf et al. (2019) reported high matching between structural and
functional connectivity was shown at visual and motor networks are higher as compared
to other more integrated systems. It presented an insight into the structural underpinnings
of functional deactivation patterns between default mode network (DMN) and task positive
systems in the brain. Authors in Osmanloglu et al. (2020) presented a study to systematically
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analyze the consistency of connectomes, that is the similarity between connectomes in
terms of individual connections between brain regions and in terms of overall network
topology. The comprehensive study of consistency in connectomes for a single subject
examined longitudinally and across a large cohort of subjects cross-sectionally, in structure
and function separately. In contrast, our joint eigenmodes are somewhat associated with
canonical networks depending on the metric of similarity. Specifically, we found that the
pair (a2, default) has the highest similarity in terms of Pearson R metric and the pair (al,
dorsal-attention) has the highest similarity in terms of geodesic distance metric.

Our proposed idea of joint eigenmode decomposition looks promising in terms of both
multimodal brain connectivity analysis and structure-function mapping. The main limitation
of our estimation approach is computational complexity and numerical stability of group
estimates, especially for manifold optimization with a large number of subjects and

higher spatial resolution connectomes. Also, in this paper, we only examined the joint
optimization of the structural Laplacian and fMRI functional connectomes. The sensitivity
of the joint eigenmodes to identify both state and trait characteristics remain to be
established. Specifically, explorations of whether joint eigenmodes estimate state changes
in task-induced functional data, or trait changes in neurological or psychiatric diseases are
needed in future studies. In a different-direction, referring to the result in Fig. 12, we note
that the edge-wise variance by our method is lower for estimates when compared to the
empirical FCs.

In summary, our contribution is a step forward in understanding multimodal brain
connectivity: underlying structure-function networks that support the differences between
diseased and healthy populations. The concept of common subspace in our predictive model
could open the door to better data-driven tracking of brain diseases progression. Our long-
term vision is to obtain potentially sensitive structure-function biomarkers for differential
diagnosis or prognosis or therapeutic monitoring in various neurological disorders.
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6.: Appendix

Lemma 1: For any X e R" %! spanned by joint eigenvectors, the maximum joint eigenvalue
of structural Laplacian follows
xTLx

max, =a¢,.
*xT'x

(10)

Proof. We have a,,i € {1,2,...,n} be joint eigenmodes in & such that a, is the eigenmode
corresponding to the largest joint eigenvalue » and 4, is the joint eigenmode corresponds
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to the smallest joint eigenvalue ¢,. Suppose x = (¢,a, + c.a, + ... + na,), for some constants
{ei, e ...,c,}. Then

xLx = (qa+ ... + cna,,)TL(clal +...+ca,).

Using the properties of joint eigenmodes La, = ¢a, for i € {1,2,...,n}, we get

[ Lx = (cla;+ ...+ c,,a,,)T(qd)lal + ...+ cd.a,)
i=1
= Z c’¢. (since ay, a,, ..., a, are orthonormal)
N

Similarly, xTx = ¥"_, ¢ Therefore,

*xTLx Z?=1Ci2¢i < ¢n2;’=]ci2

xTx - ) INT. D YT

=¢n'

Lemma 2: Given a symmetric matrix S with non-negative entries, and its diagonal degree
matrix D, and the matrix § = D~'/25Dp~!/2, then both (I - ) and (I + ) are positive
semi-definite (PSD) matrices.

Proof. For any given x € R”, spanned the joint eigenmodes in < we can write:

2
xT(D - S)x = YnsnSuln—x)"

(11)
where S,; = S, using the symmetric properties of S. By construction of structural
connectivity, each entry of S is non-negative real number. Therefore

xI(D-S)x>0.

This proves that (D — S) is a positive semi-definite matrix: (D —.5) = 0. We use the properties
of eigenvalues of multiplication of matrices Meenakshi and Rajian (1999). Since D is

positive definite matrix, D~ /2 is also positive definite. Therefore
p~Yp-s)p~1"2 = (I—E) >0.
(12)
Similar to (11), we have

«I\D+s

x = ; Sii(xi + x/)2 >0.
(). (0 # J)
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(13)
Using the properties of eigenvalues of matrix multiplication,

D_l/z(D+S)D_1/2:(I+§) >0.

(14)

Al. Proof of theorem 1

A2.

The lower bound on eigenvalues of L directly follows from (12) in Lemma 2. It proves that
L= (I - §) is a PSD matrix. Therefore, the minimum joint eigenvalue of L follows ¢, > 0.

To show the upper bound of eigenvalues of L, we recall (14) in Lemma 2 that (I + E) > 0.
For any x, spanned the joint eigenmodes in &, we have

xIx + xTSx >0=> *xT'x > - xI'Sx.

By adding a positive quantity x”x to both sides:

xx — xTSx < 25T x = xT(I - E)x < 2xTx

By further simplification,

T
xLx<

<2.
xT'x

(15)
Combining (10) in Lemma 1 and (15), we obtain ¢, < 2.

Proof of theorem 2

We show here that each functional connectome is a positive semi-definite matrix. Without
loss of generality, we note that functional connectome Power et al. (2012); Sanchez Bornot
et al. (2018) basically measures the second moment matrix of a temporal signal (/random

variable) z € R" %!, In particular,

F = E(zzT).

Suppose there are T time-point at each ROI is used to estimate the connectivity. Then,

T .
E(zzT) = %ZL 1 z(t)z(t) . Now, for any random vector » € R"* !, we can write

b7 Fb = bT E(zz7)b = E(szsz) = E((sz)z) >0
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Note that b Fb is the expectation of the square of the scalar random variable 2 = b’ z.
Therefore, for any eigenmodes in «f, the respective eigen spectrum is a non-negative number.
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Data: We used publicly available datasets [1,2] from Prof. P. Hugmann’s group (https://
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P. Conus, K. D. Cuenod, P. Hagmann, Structural and functional connectomes from 27
schizophrenic patients and 27 matched healthy adults [data set], Zenodo (2020).

Code: Our method is implemented in Matlab 2021a. All codes will be made publicly
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Data availability

Data will be made available on request.

References

Abdelnour F, Dayan M, Devinsky O, Thesen T, Raj A, 2018. Functional brain connectivity
is predictable from anatomic network’s laplacian eigen-structure. Neuroimage 172, 728-739.
[PubMed: 29454104]
Abdelnour F, Dayan M, Devinsky O, Thesen T, Raj A, 2021. Algebraic relationship between the
structural network’s laplacian and functional network’s adjacency matrix is preserved in temporal
lobe epilepsy subjects. Neuroimage 228, 117705. [PubMed: 33385550]
Abdelnour F, Voss HU, Raj A, 2014. Network diffusion accurately models the relationship between
structural and functional brain connectivity networks. Neuroimage 90, 335-347. [PubMed:
24384152]
Absil P-A, Mahony R, Sepulchre R, 2009. Optimization algorithms on matrix manifolds. Princeton
University Press.
André R, Luciani X, Moreau E, 2020. Joint eigenvalue decomposition algorithms based on first-order
taylor expansion. IEEE Trans. Signal Process. 68, 1716-1727.
Atasoy S, Donnelly I, Pearson J, 2016. Human brain networks function in connectome-specific
harmonic waves. Nat. Commun. 7 (1), 1-10.
Becker CO, Pequito S, Pappas GJ, Miller MB, Grafton ST, Bassett DS, Preciado VM, 2018. Spectral
mapping of brain functional connectivity from diffusion imaging. Sci. Rep 8 (1), 1-15. [PubMed:
29311619]
Berman JI, Chung S, Mukherjee P, Hess CP, Han ET, Henry RG, 2008. Probabilistic streamline g-ball
tractography using the residual bootstrap. Neuroimage 39 (1), 215-222. [PubMed: 17911030]
Boumal N, Mishra B, Absil P-A, Sepulchre R, 2014. Manopt, a matlab toolbox for optimization on
manifolds. J. Mach. Learn. Res 15 (1), 1455-1459.
Cardoso J-F, Souloumiac A, 1996. Jacobi angles for simultaneous diagonalization. SIAM J. Matrix
Anal. Appl 17 (1), 161-164.

Coito A, Michel CM, Van Mierlo P, Vulliemoz S, Plomp G, 2016. Directed functional brain
connectivity based on EEG source imaging: methodology and application to temporal lobe
epilepsy. IEEE Trans. Biomed. Eng. 63 (12), 2619-2628. [PubMed: 27775899]

Neuroimage. Author manuscript; available in PMC 2024 July 12.


https://wp.unil.ch/connectomics/datasets/
https://wp.unil.ch/connectomics/datasets/

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Ghosh et al.

Page 21

Cummings JA, Sipes B, Mathalon DH, Raj A, 2022. Predicting functional connectivity from observed
and latent structural connectivity via eigenvalue mapping. Front. Neurosci 16.

Daducci A, Gerhard S, Griffa A, Lemkaddem A, Cammoun L, Gigandet X, Meuli R, Hagmann
P, Thiran J-P, 2012. The connectome mapper: an open-source processing pipeline to map
connectomes with MRI. PLoS ONE 7 (12), e48121. [PubMed: 23272041]

Deco G, Jirsa VK, Mcintosh AR, 2011. Emerging concepts for the dynamical organization of resting-
state activity in the brain. Nat. Rev. Neurosci 12 (1), 43-56. [PubMed: 21170073]

Deco G, Ponce-Alvarez A, Mantini D, Romani GL, Hagmann P, Corbetta M, 2013. Resting-state
functional connectivity emerges from structurally and dynamically shaped slow linear fluctuations.
J. Neurosci 33 (27), 11239-11252. [PubMed: 23825427]

Deligianni F, Varoquaux G, Thirion B, Sharp DJ, Ledig C, Leech R, Rueckert D, 2013. A framework
for inter-subject prediction of functional connectivity from structural networks. IEEE Trans. Med.
Imag 32 (12), 2200-2214.

Deslauriers-Gauthier S, Zucchelli M, Frigo M, Deriche R, 2020. A unified framework for multimodal
structure—function mapping based on eigenmodes. Med. Image Anal 66, 101799. [PubMed:
32889301]

Deslauriers-Gauthier S, Zucchelli M, Laghrissi H, Deriche R, 2022. A riemannian revisiting of
structure-function mapping based on eigenmodes. Front. Neuroimag 9.

Fukushima M, Sporns O, 2020. Structural determinants of dynamic fluctuations between segregation
and integration on the human connectome. Commun. Biol 3 (1), 1-11. [PubMed: 31925316]

Gerrish AC, Thomas AG, Dineen RA, 2014. Brain white matter tracts: functional anatomy and clinical
relevance. In: Seminars in Ultrasound, CT and MRI, Vol. 35. Elsevier, pp. 432-444.

Ghosh S, Chaudhury KN, 2016. Fast and high-quality bilateral filtering using gauss-chebyshev
approximation. In: 2016 International Conference on Signal Processing and Communications
(SPCOM). IEEE, pp. 1-5.

Glomb K, Queralt JR, Pascucci D, Defferrard M, Tourbier S, Carboni M, Rubega M, Vulliemoz S,
Plomp G, Hagmann P, 2020. Connectome spectral analysis to track EEG task dynamics on a
subsecond scale. Neuroimage 221, 117137. [PubMed: 32652217]

Griffa A, Aleman-Gémez Y, Hagmann P, 2019. Structural and functional connectome from 70 young
healthy adults [data set]. Zenodo.

Honey CJ, Thivierge J-P, Sporns O, 2010. Can structure predict function in the human brain?
Neuroimage 52 (3), 766-776. [PubMed: 20116438]

Liégeois R, Santos A, Matta V, Van De Ville D, Sayed AH, 2020. Revisiting correlation-based
functional connectivity and its relationship with structural connectivity. Netw. Neurosci. 4 (4),
1235-1251. [PubMed: 33409438]

Liu Z, Vandenberghe L, 2010. Interior-point method for nuclear norm approximation with application
to system identification. SIAM J. Matrix Anal. Appl 31 (3), 1235-1256.

Luciani X, Albera L, 2015. Joint eigenvalue decomposition of non-defective matrices based on the LU
factorization with application to ICA. IEEE Trans. Signal Process 63 (17), 4594-4608.

Margulies DS, Ghosh SS, Goulas A, Falkiewicz M, Huntenburg JM, Langs G, Bezgin G, Eickhoff SB,
Castellanos FX, Petrides M, et al. , 2016. Situating the default-mode network along a principal
gradient of macroscale cortical organization. Proc. Natl. Acad. Sci 113 (44), 12574-12579.
[PubMed: 27791099]

Meenakshi AR, Rajian C, 1999. On a product of positive semidefinite matrices. Linear Algebra Appl.
295 (1-3), 3-6.

Meier J, Tewarie P, Hillebrand A, Douw L, van Dijk BW, Stufflebeam SM, Van Mieghem P, 2016.

A mapping between structural and functional brain networks. Brain Connect. 6 (4), 298-311.
[PubMed: 26860437]

Messé A, Benali H, Marrelec G, 2014. Relating structural and functional connectivity in MRI: a simple
model for a complex brain. IEEE Trans. Med. Imag 34 (1), 27-37.

Messé A, Hitt M-T, Kénig P, Hilgetag CC, 2015. A closer look at the apparent correlation of structural
and functional connectivity in excitable neural networks. Sci. Rep 5 (1), 1-5.

Neuroimage. Author manuscript; available in PMC 2024 July 12.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Ghosh et al.

Page 22

Misic B, Betzel RF, De Reus MA, Van Den Heuvel MP, Berman MG, Mclntosh AR, Sporns O,

2016. Network-level structure-function relationships in human neocortex. Cereb. Cortex 26 (7),
3285-3296. [PubMed: 27102654]

Osmanloglu Y, Alappatt JA, Parker D, Verma R, 2020. Connectomic consistency: a systematic
stability analysis of structural and functional connectivity. J. Neural Eng 17 (4), 045004. [PubMed:
32428883]

Pascucci D, Rubega M, Rué-Queralt J, Tourbier S, Hagmann P, Plomp G, 2021. Structure supports
function: informing directed and dynamic functional connectivity with anatomical priors. bioRxiv.

Pong TK, Tseng P, Ji S, Ye J, 2010. Trace norm regularization: reformulations, algorithms, and
multi-task learning. SIAM J. Optim 20 (6), 3465-3489

Power JD, Barnes KA, Snyder AZ, Schlaggar BL, Petersen SE, 2012. Spurious but systematic
correlations in functional connectivity MRI networks arise from subject motion. Neuroimage 59
(3), 2142-2154. [PubMed: 22019881]

Preti MG, Van De Ville D, 2019. Decoupling of brain function from structure reveals regional
behavioral specialization in humans. Nat. Commun 10 (1), 1-7. [PubMed: 30602773]

Raj A, Cai C, Xie X, Palacios E, Owen J, Mukherjee P, Nagarajan S, 2020. Spectral graph theory of
brain oscillations. Hum. Brain Mapp 41 (11), 2980-2998. [PubMed: 32202027]

Raj A, Kuceyeski A, Weiner M, 2012. A network diffusion model of disease progression in dementia.
Neuron 73 (6), 1204-1215. [PubMed: 22445347]

Robinson PA, 2012. Interrelating anatomical, effective, and functional brain connectivity using
propagators and neural field theory. Phys. Rev. E 85 (1), 011912.

Robinson PA, Zhao X, Aquino KM, Griffiths JD, Sarkar S, Mehta-Pandejee G, 2016. Eigenmodes of
brain activity: neural field theory predictions and comparison with experiment. Neuroimage 142,
79-98. [PubMed: 27157788]

Rosenthal G, Vasa F, Griffa A, Hagmann P, Amico E, Gofii J, Avidan G, Sporns O, 2018. Mapping
higher-order relations between brain structure and function with embedded vector representations
of connectomes. Nat. Commun 9 (1), 1-12. [PubMed: 29317637]

Saggio ML, Ritter P, Jirsa VK, 2016. Analytical operations relate structural and functional connectivity
in the brain. PLoS ONE 11 (8), e0157292. [PubMed: 27536987]

Sahoo D, Satterthwaite TD, Davatzikos C, 2020. Hierarchical extraction of functional connectivity
components in human brain using resting-state fMRI. IEEE Trans. Med. Imag 40 (3), 940-950.

Sanchez Bornot JM, Wong-Lin K, Ahmad AL, Prasad G, 2018. Robust EEG/MEG based functional
connectivity with the envelope of the imaginary coherence: sensor space analysis. Brain Topogr.
31 (6), 895-916. [PubMed: 29546509]

Skudlarski P, Jagannathan K, Calhoun VD, Hampson M, Skudlarska BA, Pearlson G, 2008. Measuring
brain connectivity: diffusion tensor imaging validates resting state temporal correlations.
Neuroimage 43 (3), 554-561. [PubMed: 18771736]

Soleimani B, Das P, Karunathilake IMD, Kuchinsky SE, Simon JZ, Babadi B, 2022. Nlgc: network
localized granger causality with application to meg directional functional connectivity analysis.
bioRxiv.

Sporns O, Tononi G, Kétter R, 2005. The human connectome: a structural description of the human
brain. PLoS Comput. Biol 1 (4), e42. [PubMed: 16201007]

Strang G, 2006. Linear algebra and its applications. Belmont, CA: Thomson, Brooks/Cole.

Suérez LE, Markello RD, Betzel RF, Misic B, 2020. Linking structure and function in macroscale
brain networks. Trends Cogn. Sci. (Regul. Ed.) 24 (4), 302-315.

Tewarie P, Prasse B, Meier J, Mandke K, Warrington S, Stam CJ, Brookes MJ, Van Mieghem
P, Sotiropoulos SN, Hillebrand A, 2022. Predicting time-resolved electrophysiological brain
networks from structural eigenmodes. Hum. Brain Mapp

Tewarie P, Prasse B, Meier JM, Santos FAN, Douw L, Schoonheim MM, Stam CJ, Van Mieghem P,
Hillebrand A, 2020. Mapping functional brain networks from the structural connectome: relating
the series expansion and eigenmode approaches. Neuroimage 216, 116805. [PubMed: 32335264]

Venkatesh M, Jaja J, Pessoa L, 2020. Comparing functional connectivity matrices: ageometry-aware
approach applied to participant identification. Neuroimage 207, 116398. [PubMed: 31783117]

Neuroimage. Author manuscript; available in PMC 2024 July 12.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Ghosh et al.

Page 23

Verma P, Nagarajan S, Raj A, 2022. Spectral graph theory of brain oscillations-revisited and improved.
Neuroimage 249, 118919 . [PubMed: 35051584]

\ohryzek J, Aleman-Gomez Y, Griffa A, Raoul J, Cleusix M, Baumann PS, Conus P, Cuenod KD,
Hagmann P, 2020. Structural and functional connectomes from 27 schizophrenic patients and 27
matched healthy adults [data set]. Zenodo.

Wang Z, Bovik AC, Sheikh HR, Simoncelli EP, 2004. Image quality assessment: from error visibility
to structural similarity. IEEE Trans. Image Process 13 (4), 600-612 [PubMed: 15376593]

Wedeen VJ, Wang RP, Schmahmann JD, Benner T, Tseng W-Y1, Dai G, Pandya DN, Hagmann P,

D’ Arceuil H, de Crespigny AJ, 2008. Diffusion spectrum magnetic resonance imaging (DSI)
tractography of crossing fibers. Neuroimage 41 (4), 1267-1277. [PubMed: 18495497]

Yeo BTT, Krienen FM, Sepulcre J, Sabuncu MR, Lashkari D, Hollinshead M, Roffman JL, Smoller
JW, Zéllei L, Polimeni JR, et al. , 2011. The organization of the human cerebral cortex estimated
by intrinsic functional connectivity. J. Neurophysiol.

You K, Park H-J, 2021. Re-visiting riemannian geometry of symmetric positive definite matrices for
the analysis of functional connectivity. Neuroimage 225, 117464. [PubMed: 33075555]

Yusuf O, Tung B, Parker D, Elliott MA, Baum GL, Ciric R, Satterthwaite TD, Gur RE, Gur RC, Verma
R, 2019. System-level matching of structural and functional connectomes in the human brain.
Neuroimage 199, 93-104. [PubMed: 31141738]

Zamani Esfahlani F, Faskowitz J, Slack J, Misic B, Betzel RF, 2022. Local structurefunction
relationships in human brain networks across the lifespan. Nat. Commun 13 (1), 1-16. [PubMed:
34983933]

Neuroimage. Author manuscript; available in PMC 2024 July 12.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Ghosh et al. Page 24

008 o 25
10 - ]
L (17 5
0 15+
40 :: ; 10
0 05 5
&0 oo ..\.
30 e e e = 0 o Dﬂ..‘ il L ;,0 W w il 0— """" 2 é"o'—'wdwu --6-10-----'
(a) Struct. con. (S). (b) Struct. eigen spec-  (¢) Func. con. (F).  (d) Funec. eigen spec-
trum (A). trum (T').

Connectomes and their eigen spectra.

(e) uy.
Top four dominant eigenmodes of Laplacian (L).

(k) va (1) vy

2 25 ¢
15 0
o 15 4
1 o
i 10
05; et i 54
o stlULINNTNINITTTDTTNTRING g lakal Tl Rand et oo |
o 20 40 &0 1] 20 40 60
(m) Joint struct. eigen (n) Joint func. eigen
spectrum () spectrum (¥)

Joint eigen spectra of structural Laplacian and functional connectome.

an an

(0) a1 (») a2 (a) a3 (r) aa.
Top four joint eigenmodes.

Fig. 1.
A pair of structural and functional connectomes (from public dataset Griffa et al. (2019)

subject # 1) and their respective eigen spectra. The line plot in (b) shows eigen spectra of
Laplacian of the structural connectome shown in (a). Similarly, the line plot in (d) displays
eigen spectra of the functional connectome in (c). In second row, we show the top four
eigenmodes (eigenvectors corresponding to least eigenvalues) of the structural Laplacian.
Similarly, in the third row we show the top eigenmodes of functional connectome.

The fourth row show the joint eigen spectra for the structural Laplacian and functional
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connectome. The bottom row shows the top four dominant (with respect to ¥) joint
eigenmodes.
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Joint eigen spectra for different representative subjects from dataset Griffa et al. (2019). For
each subject, left plot is joint eigen spectrum (@) of structural Laplacian and right plot is
joint eigen spectrum (¥) of functional connectome. Across all subjects, it can be noted that
the first four joint modes lie in the lower-half of both the structural and functional eigen
spectra. However, there is no consistent ordering in the dominant eigenmodes with reference
to ascending ordering of joint eigen spectra (@) of structural Laplacian.
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Fig. 3.

Example of subspace relationship in structure-function joint eigen-spectrum. (a): ¥ obtained
via joint diagonalization. Top K = 20 values are marked in red. (b): Plot of Pearson R

value as a function of K. For each K, we estimate functional connectome as in (). The red
dotted x-line indicates the instance when estimated functional connectome almost matches
with the ground-truth one. In the top example, it is K = 20 where the Pearson R is 0.996.
Similarly, for K = 30, the Pearson R is 0.998 in case of (219 x 219) atlas in the bottom
example. The respective estimated functional connectomes are displayed in the last column.
It is evident that both the estimated connectomes are visually indistinguishable to the true
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functional connectomes shown in third column. These examples demonstrate that functional
connectome is contained within structural connectome. (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 4.
Similarity of joint eigenmodes with structural and functional eigenmodes. Pearson R for

different combination of (first four) eigenmodes for subject #1 in dataset Griffa et al. (2019):
(a) eigenmodes of structural Laplacian of subject #1 vs its joint eigenmodes, (b) eigenmodes
of functional connectome of subject #1 vs its joint eigenmodes, (c) eigenmodes of structural
Laplacian of subject #1 vs the group-level joint eigenmodes, and (d) eigenmodes of
functional connectome of subject #1 vs the group-level joint eigenmodes. A higher value
indicates high correlation. With reference to se/fjoint eigenmode of this subject, we observe
highest correlation between (v, a,) pair in (b). For the group-level joint eigenmodes, the
highest correlation is found between (v,, a,). In general however, the joint eigenmodes

are more similar to the functional eigenmodes than the structural eigenmodes at both the
individual and the group level.
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Fig. 5.
Group-level joint eigenmodes: first four modes. These modes are obtained using Algorithm

1 on all 68 subjects in the public dataset Griffa et al. (2019).
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Fig. 6.

Si?nilarity between 7 canonical networks and group-level (first four) joint eigenmodes of 68
subjects in dataset Griffa et al. (2019). The pair (a,, default) has the highest similarity in
terms of Pearson R metric. The pair (a,, dorsal-attention) has the highest similarity in terms
of geodesic metric..
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Fig. 7.

Comparison of structure function mapping for a representative subject (#7). The Pearson R
and geodesic distance values for the estimated FC (with reference to the ground-truth one)
are reported in the sub-captions. A higher R value indicates superior prediction. On the other
hand, a lower value of geodesic distance implies better quality. Among all the methods, our
proposed method JESM achieves best results in terms of both visual quality and numerical
metrics.
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Performance comparisons of structure-function mapping on 68 healthy subjects from Griffa
et al. (2019). Metrics of performance are: (a) Pearson R, (b) Geodesic distance, (c)
Structural similarity index measure (SSIM), and (d) Mean square error (MSE).
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Residual and variance measures on the predicted functional connectivity values for the
experimental setting in Fig. 8. Notice that the residual histograms are fairly symmetric
distributions with zero mean at (a) intra- vs inter hemispheric and (b) short vs long cases.
The mean and skewness of the histograms in (a) are (0,-0.172) and (0,-0.167). This
indicates similar residual nature between the intra- and inter-hemispheric regions. The mean
and skewness of the histograms of short and long connections in (b) are (0, 0.174) and

(0, 0.172). Therefore, a highly similar residual pattern is also found between short vs long
connections. The variance of FC estimates across subjects at intra- and inter-hemispheric
regions shown in (c) have the same mean and median values as (0.012, 0.011). Similarly,
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the variance at both short and long connections shown in (d) have mean and median values
(0.013, 0.012). Therefore, very similar pattern of variances are found at both (c) intra- vs
inter hemispheric and (d) short vs long cases. Moreover, JESM preserves the difference
across subjects equally well at both intra- vs inter-hemispheric regions as well as short vs
long connections in the brain..
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Fig. 10.
Predicting FC on Schizophrenia dataset Vohryzek et al. (2020): group-level joint modes

from healthy subjects. We train the model on connectome pairs of 27 control subjects and
then estimate the FC of Schizophrenia patients using our proposed method JESM. The
geodesic distance between (b, c) pair is 30.07 and (e, f) pair is 31.67.
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Statistics of the functional connectivity estimation on Schizophrenia patients data Vohryzek
et al. (2020): group-level joint modes from healthy subjects.
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Predicted FCs using Becker

0.05

Variance (point-wise) across 68 subjects at each ROI pair. Left: from input functional

connectomes. Right: from predicted FCs using our method JESM.
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(d) ag.

Fig. 13.
Group-level joint eigenmodes of schizophrenia subjects: first four modes. These modes are

obtained using Algorithm 1 on all 27 subjects obtained from the public dataset Vohryzek et
al. (2020).
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Fig. 14.

Visual comparison of structure function mapping on Schizophrenia Subject #2. In this
experiment, we perform 3-fold cross-validation on 27 schizophrenia subjects. In particular,
data from 18 subjects are used to train the group-level joint modes..
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Statistics of the functional connectivity estimation on Schizophrenia dataset Vohryzek et
al. (2020) with 27 patients. The group-level joint modes are learned from schizophrenia

subjects via 3-fold cross validation.
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Table 1

Summary of the variables and definitions used in this text.

Symbol  Description

n Number of region-of-interest (ROI).

S Structural connectome of size (n X n).

L Structural Laplacian.

F Functional connectome.

A Eigenvalues (/eigen spectra) of structural Laplacian (L)
U Eigenvectors of structural Laplacian.

r Eigenvalues of functional connectome.

14 Eigenvectors (/feigenmodes) of functional connectome.
] Joint eigenvalues of structural Laplacian (L).

Y Joint eigenvalues of functional connectome (F).

o Joint eigenmodes of L and F.

m Number of subjects.

L, Laplacian of subject j.

F, Functional connectome of subject j.

D, Joint eigenvalues of structural Laplacian of subject j.
Y, Joint eigenvalues of functional connectome of subject j.
A, Diagonal matrix with diagonal entries A.

Ar Diagonal matrix with diagonal entries I".

Ay Diagonal matrix with diagonal entries ®.

Ay Diagonal matrix with diagonal entries V.

A¢j Diagonal matrix with diagonal entries @, of subject j.
Ay Diagonal matrix with diagonal entries ¥'; of subject j.
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Mean and variance statistics of Pearson R across 68 subjects: U vs & (group).

Table 4
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Table 5

Mean and variance statistics of Pearson R across 68 subjects: V' vs o (group).

U Uy 2] Uy
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