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Outline

* What are Structural Connectivity (SC) & Functional Connectivity (FC)?
e State the SC-FC problem
* Laplacian operator for graph

* Graph Diffusion
 Single diffusion kernel (SDK) for predicting FC

 Multiple Kernel Learning (MKL)
e Graph Wavelet Diffusion — Every ROl can have its own diffusion scale

* Summary & Future Directions



Functional Magnetic Resonance Imaging (fMRI)

Brain activation patterns when engaged in tasks give insights about task-related activation
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Exciting Discovery in the last two decades: Resting brain never rests!




What is (resting state) RS-fMRI?

The brain is always active (restless!), even in the absence
of explicit input or output.

RS-fMRI focuses on spontaneous low frequency
fluctuations (<0.1 Hz) in the BOLD signal.

Biswal et al. (1995) generated resting-state maps of
motor cortex
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RS-fMRI reveals the intrinsic functional connectivity of the brain




Functional Connectivity

r=0.80

BOLD
Signal

Time

Seed-based Correlation Approach

Synchronous activations among regions that are spatially distinct, occurring in
the absence of a task or stimulus correspond to Resting State Networks (RSN)



Lee, et al.,, AJNR 2013

A, Default mode network. B, Somatomotor network. C, Visual network.
D, Language network. E, Dorsal attention network.
F, Ventral attention network. G, Frontoparietal control network



Structure-Function Relationship

Structural Connectivity (SC): Number or
strength of white-matter fiber
streamlines connecting each of the
region-pairs.

Functional Connectivity (FC): Pairwise
statistical dependence between BOLD
time-series of regions.

Histologial or 3\ Anat?Imi_cal Recording sites 3 Time series data
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Holy grail!
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brain network

Structural
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SC Network analysis FC Q O does C arise from SC

Sporns et al. (2011) Can we recover SC from FC?




Measuring the Connectivity

Anatomical projections Neural activity ,
Structural Functional
connectivity connectivity
e AT T

Suarez LE, Markello RD, Betzel RF, Misic B. Linking Structure and Function in Macroscale Brain Networks. Trends Cogn Sci. 2020, 24(4):302-315.



* The persistent and reproducible nature of brain activity during rest makes
resting-state FC an ideal starting point to study structure—function
relationships. But the correspondence between SC-FC is imperfect.
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Imperfect SC-FC (C)

Structural Functional
° Structu re and fU nction communities communities
diverge at the mesoscopic

scale.

« Community detection for &
structural and functional o, R
networks yields different &, |
solutions o N ot

* RSNs tend to encompass | g
spatially distributed e &
systems with perceptual,

cognitive, and affective
relevance ' - ‘ Structural

e Structural networks tend connections
to be more spatially 05 I -
constrained. connectivity




Functional Connectivity (FC) versus Structural Connectivity (SC)

|
t-score

Lee, et al.,, AJNR 2013

DMN is an example where SC-FC mapping is not direct!



Discordance between SC and FC

e Communities or modules recovered from structural networks are

assortative.

* Thus, Clustering or community detection methods typically fail to identify a
default mode-like structural network, because not all parts of the network are

anatomically inter-connected.

e Structural connections (anatomical wiring) is subject to material,
spatial, and metabolic constraints.

e Communities recovered from functional networks are disassortative.

® e Functional interactions are much less distance-dependent

. Prope%sity of two regional time courses to correlate is driven not only by direct
signaling betwedr them, but also by the common inputs they receive from

sensory orga . — ?
Need for incorporating Higher-order Interactiogs!
—
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Derivation of Laplacian Operator

The Laplacian operator is defined as:
a2

T a2

acting on functions f(x), with analogous forms in other dimensions.

A

z
Let f(x) be a function and suppose we aim to approximate the second derivative j I{ (x). We
can use a centered difference approximation as follows:

af f ) - fa= )

dx2 Ax
L L[ft o f) fln) - e b
Ax Ax Ax
= Gz U+ 8) = () + f(x = ) = f(2)

{5.1']2 F(x+ Ax) + F(x — Ax) — 2£(x)].

Note that if we take Ax = 1, this approximation depends only on the function values at the
integer points.



Derivation of Laplacian Operator

Now, consider the graph consisting of vertices on the integers of the real line, with edges
connecting consecutive integers. For any function f defined on the vertices, the Laplacian can be

computed as:
&f(ﬂa'} = f{t"‘i+1} +f[ﬂf—1] - Ef{ﬂe}
for any vertex v;. The Laplacian is represented as an infinite matrix of the form:

floizq)
Af = f(v)
floia)

It is also important to note that this matrix is equivalent to the adjacency matrix minus twice
the identity matrix. The number 2 represents the degree of each vertex, so we can express the

Laplacian matrix as:
L=A-D,

where A is the adjacency matrix, and D is the diagonal matrix containing the degrees (also known
as the degree matrix).



Structural Harmonics

normalized Laplacian eigenvalues:
SPATIAL FREQUENCIES

* Spectral Graph Theory
« L =UVUT
* U - Eigenvector

regions N

regions

+V > Eigenvalue |

‘parcellation

1. Pang, James C., et al. "Geometric constraints on human brain function." Nature 618.7965 (2023): 566-574.
2. Preti, M.G., Van De Ville, D., 2019. Decoupling of brain function from structure reveals regional behavioral specialization in humans. Nat. Commun. 10, 4747. doi:10.1038/s41467-
019-12765-7.



Graph Diffusion

Heat source

. . . ou 0%u
Laplacian Heat Diffusion: 5 = 2%z
* Discretize space derivate for graph data:

L=A-D

.—=L
Jat u

e u(t) = ey

e ¢(-L5) js the heat kernel operator, where s
represents scale.




Network Diffusion Model

* Consider single region.
* Region 1: x4 (t)

¢ L= iy (1)

* Pair of regions.
dx;(t) =p (51 25, %2 (t) — x4 (ﬂ)

* N regions.

dXL(t) :B (Z Sl] 5 Xj (t) xi(t))

dt

Abdelnour, Farras, Henning U. Voss, and Ashish Raj. "Network diffusion accurately models the relationship between structural and functional brain connectivity networks.” Neuroimage 90
(2014): 335-347.



Network Diffusion Model

dx‘(t) Z _15;jx;(t) — x;(t) \\ Network Diffusion

. dz(tt) = —Lx(t) \\ Concatenated for all i

e x(t) = e +x(0)

Single Diffusion Kernel (SDK) model

1. Abdelnour, Farras, Henning U. Voss, and Ashish Raj. "Network diffusion accurately models the relationship between structural and functional brain connectivity networks.” Neuroimage 90

(2014): 335-347.



SDK: Results

Correlation curves
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* Scales decided manually
* Physiological Meaning of the Scales not explained

Abdelnour, Farras, Henning U. Voss, and Ashish Raj. "Network diffusion accurately models the relationship between structural and functional brain connectivity networks.” Neuroimage 90
(2014): 335-347.



Multiple Kernel Learning (MKL)

* Hypothesis: FC is combination of diffusion kernels at different scales.
s FC =%l me s

* 17; are learned coefficients

Diffusion Kernels= FC=2m;H.

Find mT; using
Lasso regression.

Laplacian of SC H = estfor
multiple s values.

Surampudi, S.G., Naik, S., Surampudi, R.B. et al. Multiple Kernel Learning Model for Relating Structural and Functional Connectivity in the Brain. Sci Rep 8, 3265 (2018).




Pearson correlation Pearson correlation

Pearson correlation

MKL -Results

- MKL
-8 =~ DMF
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 Wavelet Localization: x; = UG(s;)UT§; \\ Wavelet Diffusion
* Asymmetric diffusion kernel: K = ||;x;
* FC = LinearLayer(K]|S)

51

$;<S5,< S,

Jain, Chirag, Sravanthi Upadrasta Naga Sita, Avinash Sharma, and Bapi Raju Surampudi. "Diffusion wavelets on connectome: Localizing the sources of diffusion mediating
structure-function mapping using graph diffusion wavelets." Network Neuroscience (2025): 1-21.




Wavelet Diffusion

* Wavelet Localization: x; = UG(s;)UT6; \\ Wavelet Diffusion
* Asymmetric diffusion kernel: K = ||;x;
* FC = LinearlLayer(K||S)

| | : Concatenate per-Vertex
Structura Structura . (K) Linear Layer .
Functional
Connectome Connectome : (pvLL) canerional
(5) Laplacian Sy
(L) (F)

Diffusion  Impulse
Kernels  Wavelets

(H;) (6:)

Jain, Chirag, Sravanthi Upadrasta Naga Sita, Avinash Sharma, and Bapi Raju Surampudi. "Diffusion wavelets on connectome: Localizing the sources of diffusion mediating
structure-function mapping using graph diffusion wavelets." Network Neuroscience (2025): 1-21.




Results

e 5-fold CV

e Vary k & hidden layer size

5-Fold Cross Validation

Model Correlation
A-GHN (Oota et al., 2024) 0.788
MKL (Surampudi et al., 2018) 0.645
GNN (GCN + GTN) (Jietal., 2021) 0.715
GCN Encoder Decoder (Li et al., 2019) 0.732
Graph Wavelet Diffusion 0.833
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Jain, Chirag, Sravanthi Upadrasta Naga Sita, Avinash Sharma, and Bapi Raju Surampudi. "Diffusion wavelets on connectome: Localizing the sources of diffusion mediating
structure-function mapping using graph diffusion wavelets." Network Neuroscience (2025): 1-21.




Learned Diffusion Scale for Brain Regions
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Chirag et al. Network Neuroscience (2025): 1-21. Diffusion Scale



 Hub: Dense. lon g -distance Table S1. Top 10 Brain Regions by Diffusion Scale (Sorted High to Low)

- - Brain Region Diffusion Scale
connections to other regions ctieth-frontalpole 0207406
* Bilaterally Symmetric: Frontal ctx-rh-bankssts 0.162382
and Tem por al Poles ctx-lh-frontalpole 0.143831
ctx-lh-transversetemporal 0.099931

ctx-th-pericalcarine 0.078568

ctx-rh-parsopercularis 0.077401

ctx-lh-pericalcarine 0.077179

ctx-rh-insula 0.071619

ctx-rh-transversetemporal 0.062333

ctx-lh-parahippocampal 0.058326

Jain, Chirag, Sravanthi Upadrasta Naga Sita, Avinash Sharma, and Bapi Raju Surampudi. "Diffusion wavelets on connectome: Localizing the sources of diffusion
mediating structure-function mapping using graph diffusion wavelets." Network Neuroscience (2025): 1-21.

Achard, Sophie, et al. "A resilient, low-frequency, small-world human brain functional network with highly connected association cortical hubs." Journal of
Neuroscience 26.1 (2006): 63-72.




Results: Power Law & Criticality

Degree Distribution with Power-Law Fit
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Jain, Chirag, Sravanthi Upadrasta Naga Sita, Avinash Sharma, and Bapi Raju Surampudi. "Diffusion wavelets on connectome: Localizing the sources of diffusion mediating
structure-function mapping using graph diffusion wavelets." Network Neuroscience (2025): 1-21.




* Spectral Graph Theory is an important tool in Network Neuroscience
* Enables capturing higher-order interactions
* Resolving the discordance between SC and FC

* Graph Algorithms are instrumental in analysis of brain networks.

* Future Directions:
* Healthy Aging & Disease characterization
e Task-fMRI data analysis
 Temporal Dynamics using Diffusion Model [Surampudi et al., tMKL. Neuroimage, 2019]

* The power of learning can be utilized with Graph Neural Networks (GNNs)
[Oota et al., AGHN. Scientific Reports 2024]
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