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*How to understand the activity of
brain regions?

*How to understand the
interactions of brain regions?

How to understand their
Interaction over time?

*How to understand how these
_Z” interactions give rise to different
behavior?
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What about brain dynamics?



l. How to represent high-dimensional brain
dynamics

Review on brain dynamics Mapper
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task BOLD signal

I’:w l' I 'T

1L 1
LA b

T hl"i B 2 ".i
I'II‘ l’
7 ,'i'-,.. Al

e
i

" T Ak |ﬂ‘p |‘1‘J| '

Ill ‘11,.(.‘ "p"hl = b . ), | ) :."-.... “ Mapper

i
o
.

'y SRR . ! ‘:l ls"'. . ;
$ " f‘,' 7144 it e 8, 4 PSR e i,

| i 1 ?1 ' 8 J' i H o Qo :
a4 ' TN, ) . ' e 2 " . H
I3 Y 4 . kS o
L."l,' 15 I'l’ I'l ) ’ i l'll .‘ nlr : ps i N \ ' .’ é ".,. R
} 0: ! la

II B T L N e B T e ) T T T L T ) v e T
TR AT L et o :

I! l'.l ' lli ’l 3
-..“'..’!.- éﬂ-l..hﬂu Aa
i -n 'lq_ |"




Task-fMRI dataset from
one CMP participant S,

o ©
L]
© ee ®
o o & © - ®
(]
e L]
L]
® e L ]
< ® o [
o °
L]
«R & .
1, il @ Instructions
- pr @ Resting state
- " Working memory
" ‘/ el ® Video
- ] = !‘ L 7.\ ® . Math
®
[
% o
[}
(]
(]
L] v ®
o °
Data from

Gonzalez-Castillo et al’s Continuous Multitask Paradigm



%Correct

Task-fMRI dataset from
one CMP participant S,

100
95
90
85
80
75
70
65

r=0.56, p=0.016

0.3

0.4 0.5 0.6
Modularity, Q

0.7

. b
o
o ©
L]
© ee ®
o 9. O ©
° °
(]
e L]
]
® e L ]
< ® o [
o °
L]
«R & .
1, . @ Instructions
- pr @ Resting state
- 4.' Working memory
- ‘ - ® Video
0 ® S !. 3 © ® Math
® ®
® 0
[}
® o
(]
(]
L] v ®
o °
Data from

Gonzalez-Castillo et al’s Continuous Multitask Paradigm



%Correct

100
95
90
85
80
75
70
65

Task-fMRI dataset from

one CMP participant S,
®

r=0.56, p=0.016

o -]
e o ®

°® . ? 287,
Q .-o""c; ...... ¢
0.3 0.4 0.5 0.6 0.7

Modularity, Q

Data from

Gonzalez-Castillo et al’s Continuous Multitask Paradigm

® Instructions

® Resting state
Working memory

® Video

® Math

40
35
30
25
20 o
15
10

%Missed

r=-0.51, p=0.029

0.3

0.4 0.5 0.6
Modularity, Q

0.7



Activation Connectivity
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Il. How to represent cofluctuation dynamics



Recap on Functional Connectivity

. 0.00
(a) Connectivity Matrix (b) Connectivity Map
https://cds.ismrm.org/protected/19MProceedings/PDFfiles/3435.html

Functional connectivity of two
brain regions

= temporal correlation of brain
activity of the two regions
=temporal average of the
framewise product of z-scored
brain activity of the two
regions



BOLD Signal

’Hi

P

C;(t) = BOLD signal at parcel i

.
PP |
.

0

Time

10 20
Time (s)

TxR matrik



BOLD Signal

o

1
N

.1 C;(t) = BOLD signal at parcel i

0 10 20
Time (s)

Time

TxR matrik

Cofluctuation

Time

i

2
<l C; ;(t) = G;(DC(E)
0 " ....‘|' .-..:.'.....‘I::‘ .'“'.0..-. -..0-'0 " .'.'.:-‘.-._- o ... :.
-2
0 10 20
Time (s)

Edge time series i,

T x (~ R%/2) matrix



BOLD Signal

* -
o

.1 C;(t) = BOLD signal at parcel i

.
PP |

0

10
Time (s)

Time

TxR matrik

20

Cofluctuation

Time

{ Ci;j(t) = Ci(t)C,-(Q

L) .o .a®
.-..- 'o'.'." ..‘-.-0' S -
.

O * % _.-...'0’. ._.u-'.

0 10 20
Time (s)
Edge time series i,j

T x (~ R?/2) matrix

Time

2
I Cijx(t) = Ci(t) C; () C ()

. ®
o
]
e W"n..‘
.

L]
o0 0greten, - -.-1..'.".' -
. . .
.

0 10
Time (s)

Cofluctuation
o

Triangle time series  ; j k

T x (~ R3/6) matrix



task BOLD signal

I’:w l' I 'T

1L 1
LA b

T hl"i B 2 ".i
I'II‘ l’
7 ,'i'-,.. Al

e
i

" T Ak |ﬂ‘p |‘1‘J| '

Ill ‘11,.(.‘ "p"hl = b . ), | ) :."-.... “ Mapper

i
o
.

'y SRR . ! ‘:l ls"'. . ;
$ " f‘,' 7144 it e 8, 4 PSR e i,

| i 1 ?1 ' 8 J' i H o Qo :
a4 ' TN, ) . ' e 2 " . H
I3 Y 4 . kS o
L."l,' 15 I'l’ I'l ) ’ i l'll .‘ nlr : ps i N \ ' .’ é ".,. R
} 0: ! la

II B T L N e B T e ) T T T L T ) v e T
TR AT L et o :

I! l'.l ' lli ’l 3
-..“'..’!.- éﬂ-l..hﬂu Aa
i -n 'lq_ |"




task -BekBﬁmyﬁ&Edgetunesenes

. e
| ".l 11.‘

.,'.f.»- b
f '||4||vl
ay” ra )m I;!I'

I"

’
AL L

!
sk

;; T
I oy 'r " Ln "'

..‘ '.:n.:v‘ h ' il' l
’)*: l.III‘I,.I‘ ,’r! e

i+
5 |.ﬂ‘p |‘1‘J| 1.:.I‘

J.‘_gl'.

g1 % 8

_-; t"_'n_u.Jh ..}-
1 l. .IJ l,.‘ W
' “"“ ‘ I ' {.‘ »

Mapper




e Data from one
subject

* Eachnodeis a
cluster of time points

* Pie charts indicate
the proportion of
tasks at time points
In the clusters.
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Edge mapper is better at task profiling.
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Edge mapper is better at task profiling.
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Behavioral implications

Linear Coefficient of Edge Modularity
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Observations

* Edge Mapper captures the dynamics of cofluctuation.
* Edge Mapper is better at task profiling.

* Better task segregation in edge Mapper is associated with
personality and behavioral symptoms.

* Why?
* Model-driven explanation
* Data-driven explanation



Model: High-amplitude nodes
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WM — REST contrast

Traditional Peak-Frame
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Where are the peak frames?

Proportion of peak frames Peak-dense pure nodes Within-task closeness centrality




Where are the peak frames?

Proportion of peak frames Peak-dense pure nodes Within-task closeness centrality

* Do peak frames / nodes drive the task segregation?
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Peak-dense nodes occupy central locations

Within-task closeness centrality of nodes in

Within-task closeness centrality of nodes in
edge Mapper graphs
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Peak events drive segregation of tasks.



Model-free approach
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Peak events drive segregation of tasks.



Peak events drive segregation of tasks.

Equating anticorrelated brain
states drives segregation for tasks.
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* Brain cofluctuation dynamics impacts behavior.
* Dynamic interactions are complicated.

* Finding the right biomarkers requires the right measurement of
such dynamics.

* The right measurement requires the right mathematical construct.



Thank you!

Collaborators

Brain Dynamics Lab, Stanford Medicine

Croucher Foundation

P AL /1
Cameron Glick

Prof Manish Saggar

National Institutes of Health

Turning Discovery Into Health

V.
Saad Pirzada Prof Jeremy Manning Prof Leanne Williams



	Slide 1: Global topology of brain-wide co-fluctuations
	Slide 2: About me
	Slide 3: About me
	Slide 4: About me
	Slide 5: About me
	Slide 6: About me
	Slide 7: About me
	Slide 8: Why mathematics?
	Slide 9: Why mathematics?
	Slide 10: Why mathematics?
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15: Recap on Functional Connectivity
	Slide 16: Recap on Functional Connectivity
	Slide 17: Recap on Functional Connectivity
	Slide 18: Recap on Functional Connectivity
	Slide 19: Recap on Functional Connectivity
	Slide 20: I. How to represent high-dimensional brain dynamics
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39: II. How to represent cofluctuation dynamics
	Slide 40: Recap on Functional Connectivity
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47: BOLD signal
	Slide 48
	Slide 49
	Slide 50: Quantification of Segregation
	Slide 51: Edge mapper is better at task profiling.
	Slide 52: Edge mapper is better at task profiling.
	Slide 53: Behavioral implications
	Slide 54: Behavioral implications
	Slide 55: Behavioral implications
	Slide 56
	Slide 57: Observations
	Slide 58: Observations
	Slide 59: Observations
	Slide 60: Observations
	Slide 61: Observations
	Slide 62: Observations
	Slide 63: Model: High-amplitude nodes
	Slide 64: WM – REST contrast
	Slide 65: WM – REST contrast
	Slide 66: WM – REST contrast
	Slide 67: WM – REST contrast
	Slide 68: Where are the peak frames?
	Slide 69: Where are the peak frames?
	Slide 70: Shuffling
	Slide 71: Shuffling
	Slide 72: Shuffling
	Slide 73: Shuffling
	Slide 74: Shuffling
	Slide 75: The shuffling-no-shuffling delta
	Slide 76: Peak-dense nodes occupy central locations
	Slide 77: Peak events drive segregation of tasks.
	Slide 78: Model-free approach
	Slide 79: Model-free approach
	Slide 80: Model-free approach
	Slide 81: Model-free approach
	Slide 82: Model-free approach
	Slide 83
	Slide 84
	Slide 85
	Slide 86
	Slide 87: Peak events drive segregation of tasks.
	Slide 88: Peak events drive segregation of tasks.
	Slide 89
	Slide 90
	Slide 91
	Slide 92
	Slide 93
	Slide 94
	Slide 95
	Slide 96
	Slide 97
	Slide 98
	Slide 99
	Slide 100
	Slide 101
	Slide 102: Thank you!


   C i  ( t )


  i


  i


  𝒊


  𝒊


   C i  ( t )


  i


  i


  𝒊


  𝒊


   C i  ( t )


  i


  i


  𝒊


  𝒊


   C i  ( t )


  i


  i


  𝒊


  𝒊


   C i  ( t )


  i


  i


  𝒊


  𝒊


   C i  ( t )


  i


  𝒊


  𝒊


   C i  ( t )


  i


  i


  𝒊


  𝒊


   C i  ( t )


  i


  i


  𝒊


  𝒊


   C  i , j  ( t ) =  C i  ( t )  C j  ( t )


  i , j


  𝒊


   C  i , j , k  ( t ) =  C i  ( t )  C j  ( t )  C k  ( t )


  i , j ,   k


   C i  ( t )


  i


  i


  𝒊


  𝒊


   C  i , j  ( t ) =  C i  ( t )  C j  ( t )


  i , j


  𝒊


   C  i , j , k  ( t ) =  C i  ( t )  C j  ( t )  C k  ( t )


  i , j ,   k


   C i  ( t )


  i


  i


  𝒊


  𝒊


   C  i , j  ( t ) =  C i  ( t )  C j  ( t )


  i , j


  𝒊


   C  i , j , k  ( t ) =  C i  ( t )  C j  ( t )  C k  ( t )


  i , j ,   k


  y   = 1.1  [  1 −   1 2    (  1 − x ) 2   −   1   2    (  1 − x ) 4 ]


  y   = 1 −     (  1 − x ) 2


  y   = 1 −   1 2    (  1 − x ) 2 −    1 2  |  1 −   x |


  y   = 1.1  [  1 −   1 2    (  1 − x ) 2   −   1   2    (  1 − x ) 4 ]


  y   = 1 −     (  1 − x ) 2


  y   = 1 −   1 2    (  1 − x ) 2 −    1 2  |  1 −   x |


  y   = 1.1  [  1 −   1 2    (  1 − x ) 2   −   1   2    (  1 − x ) 4 ]


  y   = 1 −     (  1 − x ) 2


  y   = 1 −   1 2    (  1 − x ) 2 −    1 2  |  1 −   x |

