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A whole-brain functional connectome (FC) is a representation of the level of

functional coupling among pairs of brain regions for a specific subject, brain
atlas, task/rest condition, and time window.

From a mathematical standpoint, when using Pearson’s correlation coefficient
to estimate the levels of functional coupling, a functional connectome is a

correlation matrix.
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The study of whole-brain functional connectomes as
an individual fingerprint.
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Identification rate, or how often we can match two sessions of the same subject as
the most similar ones
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Identification rate

NUYO XD N D A
N

NUOXHoA D AN

| WM " WM

1.0 1.0
0.8 ! He 0.8
0.6 0.6
0.4 0.4
0.2 0.2
0
N

’\‘L‘bhﬂj‘b’\%‘b\\

| Mt m Mt

i

N B DOA D A NS X GBA D AN
e Ay

Network

1.0 Em
0.8

N koA Q:\;Lvs\

| WM
Em

1.0
0.8
0.6
0.4
0.2

N D b oA Q)\;L‘,}\

| Mt

1.0
Em

0.8
0.6
0.4
0.2

NGB kb oA ‘b’\;i,‘,s\

Database

Finn et al. Nature Neurosci, 2015

Frontoparietal networks

Testing

Lg

Figure 2 ldentification accuracy across session pairs and networks. (a) ldentification accuracy based on all nine database and target pairs, where
each row shares the same database session and each column shares the same target session. Bar shading (black or gray) indicates which session was
used as the database (with the other session serving as the target), according to the legend above each graph. Graphs show accuracy based on each

Bunsa|




subjects (Retest)

Example with 20 subjects, test-retest FCs, resting state.

Three different fingerprinting scenarios
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Example with 20 subjects, test-retest FCs, resting state.

Three different fingerprinting scenarios (via identifiability matrix)
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A. Proximity of FC matrices B. Geometry-aware visualization

FGA FC X Euclidean
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Venkatesh et al. (2020) Neurolmage, 207, 116398.

good similarity measure

— n x
Is FC X closer/more similar to A or B7 for FC Miaticas?

A and B could be:

- different tasks

- different mental states
- different participants
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C. Participant Identification
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Pearson dissimilarity: dg < d,

Identiﬁcgtion rate

S Geodesic distance: d, < dj 0.5

X was correctly labeled using 0.4

1 = geodesic distance.
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Emotion Processing Task
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Tangent Space Projection

Riemannian geometry

Example
Reference Matrix (Q,)

5

Tanget
Projection
4 -1/2 -1/2
Q=1log, (Q, QQ, ")
where
Q is an input regularized FC
Q is a reference matrix of choice

G
log,, is the matrix logarithm, and
a is the resulting tangent projection
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Euclidean Tangent Space

Symmetric Positive Definite (SPD) Manifold

Tangent-FCs

Abbas*, Liu* et al. iScience 26(9), 107624
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Tangent Space Projection

T Aample

Reference Matrix (Q;)

Euclidean Tangent Space

¢ Euclides, N distance - )
[ ‘ '
1

Tanget
w1 = _ Projecm_){]/z 1y Symmetric Positive Definite (SPD) Manifold

' Q=1log (Q, QQ, ")

FCs where Tangent-FCs
Q is an input regularized FC
Q, is a reference matrix of choice . . .
log,, is the matrix logarithm, and AbbaS*, LIU* et al ISCIenCe 26(9), 107624
Q is the resulting tangent projection

Euclidean distance between tangent FCs preserve the underlying geodesic distances
between FCs (in the SPD manifold)

When performing a tangent space projection wrt a reference Q. tangent FCs become

orthogonal to the reference. In essence, we are removing common connectivity patterns
from each individual FC (also known as whitening).

A tangent FC is not a correlation matrix. It is in between a correlation matrix and a precision
matrix. (Dadi et al. 2019)

Tangent Functional couplings are i.i.d (Varoquaux et al. 2010, Dadi et al. 2019) This is a key
property for developing models that associate functional couplings with behavior, cognition or
disease progression.
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FCs

tangent-FCs
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Identification Rate
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Our results showed that identification rates are systematically higher when using tangent-
FCs. Specifically, we found.

() Riemann and log-Euclidean matrix references systematically led to higher ID rates.

(i) In tangent-FCs, main-diagonal regularization prior to tangent space projection was
critical for ID rate when using Euclidean distance, whereas barely affected ID rates when
using correlation distance.

(i) ID rates were dependent on condition and fMRI scan length.

(iv) Parcellation granularity was key for ID rates in FCs, as well as in tangent-FCs with
fixed regularization, whereas optimal regularization of tangent-FCs mostly removed
this effect.

(v) Correlation distance in tangent-FCs outperformed any other configuration of
distance on FCs or on tangent-FCs across the fingerprint gradient (here sampled by
assessing test-retest, Monozygotic and Dizygotic twins).
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Rest fMRI Scan

Task-Rest fMRI Scan
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Hypothesis: functional reconfigurations when transitioning in/from a task would be influenced
by family history of alcohol use disorder (FHA) and other AUD risk factors.

Results: Multilinear regression model results showed that engaging and disengaging
functional reconfiguration were driven by different AUD risk factors. Functional reconfiguration
when engaging in the SST was negatively associated with recent drinking. When disengaging
from the SST, however, functional reconfiguration was negatively associated with FHA.

A.l - Engaging in SST c A.3 A.4
0.40 c 3 3
-
~0.35 2 L ) : n ©
~ c 3 (5]
o o o °® o
~0.30 ] = (6]
é Eg 5§ 1 C%QD 1 o O% 0°
L7}
§50.25 3 g F°, off’ 3 00,80
™ (W € o 9} 00 = 3 0 00
© = = o) Q
So.20 o s T ¢ = 3
o ) & o
T N E g g Opo 8© 0
¢0.15 '-éI-L .;—1 fo)] =) -1 o “oyp ©
= — 9] Q
T R e o o}
20.10 'g S _2 ] 2 o
x © w .O
“0.05 a T )
2-3 -3
v
0.00 < -3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3
Predicted Functional Reconfiguration Predicted Functional Reconfiguration
c B.3 B.4
0.40 s 3 3
=] @ FHAP
~0.35 2 e 2 @ FHANeg 2
o« b - P o
~0.30 S < e 2
[ o 3 o
] L [] ° 1 @ 1 o
€ 0.25 [T Iv] ee 0 o
LTl -] 7] ™) oo =
= (53 € o o @ T o ° 9 00 go o
0.20 T = — ) T
> [} T ©o = ° Qo
o o8
3 NE § 1 o« S S 3 % o
©0.15 T 5 m°a°.' « o 00
‘s R 4 e ® e} o ©
'5_010 -g S -2 -2
> T :
“0.05 ] = o
2-3 -3
v
0.00 < -3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3
Predicted Functional Reconfiguration Predicted Functional Reconfiguration

Moghaddam et al., under review



Further work/applications

Parallel Transport and the multi-site bias

SPD Manifold

i-th FC from site A . C, ~ Centroid of FCs from site A Parallel Transport
) ) 1
® i-th FCfrom site B . C,~ Centroid of FCs from site B A to Neutral: (CABC|§1)7
1
») C,,~ Centroid of C, and C, B to Neutral: (CppC;")2
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