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Alzheimer’s disease: A progressive neurodegenerative disease
characterized by build-up of amyloid-beta plaques and tau
neurofibrillary tangles in the brain; the leading cause of
dementia worldwide

My

research

interests Multimodal neuroimaging: Integrating different types of
structural and functional neuroimaging to study complex and
longitudinal disease-related change in real-time

Neural activity dynamics: Studying the temporal patterns of
activity in brain regions and distributed networks.
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Using functional neuroimaging to measure local, pairwise, and network activity

Pairwise

Neuroimaging: blood oxygen level-
dependent (BOLD) functional magnetic

resonance imaging (FMRI)

l l

Fractional amplitude of Pearson correlation
low-frequency fluctuations coefficient
(FALFF) Partial correlation
Regional homogeneity )
(ReHo) Granger causality

Voxel-mirrored homotopic
connectivity (VMHC)
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What can we learn from representing brain networks as a complex system?

A complex system is a collection of Biology Economics
interconnected elements that exhibit e AN~ o107
/ VR0 A\ o CH
: ENEE AN e
emergent behaviors that are not G NNFEAT N
explicitly present in the individual parts N T A ™e

AWM o —<Y - e
Brain function: perception, National economy: economic

emotion, movement growth, recession

‘/// Physics Social networks
N o * i
M MDwAA

e . . . ‘,m I
L . . . ) O ™% o
Multivariate time series (MTS) representation
l Fluid dynamics: Facebook friends:
- l l N vortices, turbulence community formation
Process
. T8 Can we leverage statistics derived from
I B interdisciplinary domains to more comprehensively
: : characterize brain dynamics in health and disease?
Timepoint
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What can we learn from representing brain networks as a complex system?

A complex system is a collection of
interconnected elements that exhibit
emergent behaviors that are not
explicitly present in the individual parts

AMAMMY
i

WK

Multivariate time series (MTS) representation

Process

Timepoint
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. _—
highly
comparative
time-series /\MW\/V\/
analysis
: - I'd
(‘data distribution correlation properties A
median autocorrelation
! skewness automutual information
: outliers power spectral properties
(SR} time-series entropy
data values i fluctuation analysis

model fitting linear autoregressive &  others
v, nonlinear models stationarity

‘E-: model parameters embedding dimension
~ = network properties

\ ~ goodness of fit )

Fulcher & Jones, Cell Systems (2017)

MM

Python toolkit for the
statistics of

pairwise

interactions

Basic (21 SPIs)
Covariance
Kendall's tau
Cross-correlation

Information theory (37 SPIs) Spectral (126 SPIs) (17 SPls)
Mutual information Coherence magnitude mods

Transfer entropy. GD Directed coherence Y'Y |  cointegration

Integrated inform: Spectral Granger causality | A A Envelope correlation

Cliff et al., arXiv (2022) /Manuscript under review

fALFF

And 7,000+ others

A whole new world

Pearson correlation

And 230+ others
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Highly comparative time-series analysis for case-control classification

’\quﬁcipants

Features ——

Compute 24
. AW, . . univariate BOLD rs-
UCLA Conso.r'rlu.m for {\sé?‘g% Autism Brain FMRI features
Neuropsychiatric ‘\\‘,(,,lg Imaging Data
Phenomics LA5c Study - Exchange (ABIDE) Features
o0 0 0 O ABIDE Repeat to extract M univariate

A4 AAAAA features from all N brn
AL LI L AR AhAAA

Mird Aidag | | ornd o TRRR

— ’\Porﬁcipants
v

S

™mer e
Compute 14
BPD (N=49) ADHD (N=39) pairwise BOLD rs-
Preprocessed in-house by Dr Kevin Aquino Preprocessed by Traut et al. Neurolmage (2022) fMRI SPIs SEER
FTT'E N M gs
SPls ——— :

Repeat to extract S SPIs from
all P brain region pairs per
participant

SCZ = Schizophrenia; BPD = Bipolar disorder; ADHD = Attention-deficit hyperactivity disorder; ASD = Autism spectrum disorder
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Highly comparative time-series analysis for case-control classification

’anﬁcipants

Features =

Compute 24
uvnivariate BOLD rs-
fMRI features

X 10-fold cross-validation

X 10 repeats

Features
Repeat to extract M univariate 15 ]
hotsa features from all N brain

regions per participant

@ @ . — — — Participants ] X X
.== 25. = . ..-. "ov .'vt /I]\ }
Compute 14 da . | . - .
pairwise BOLD rs- Fit a linear support vector Predict class labels and
FMRI SPI ; : oo
° {74 machine (SVM) classifier measure (balanced) accuracy
SEEN B B & g

SPls —

Repeat to extract S SPIs from
all P brain region pairs per

Computationally simple

participant Interpretable outputs
Interpretable feature weights™
SVM animation from https://torchbearer.readthedocs.io/en/0.1.7 /examples/svm_linear.html Bryant et al., manuscript in preparation
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Finding #1: Individual brain regions exhibit distinctively
altered dynamics across disease states

+——— Features

- Repeat for all N

Region | Region 1 brain regions
Brain
\eglons(N)
Subjects
Subjects
—
Univariate features (24) Linear SYM | Univariate

features (M)

SCZ BPD
63 regions 44 regions
PO P
@ @@ L &
Mean Balanced Accuracy (%)
ADHD 1
17 regions 27 reglons 55 60 65 70 75

Only regions with Bonferroni-
adjusted p<0.05 from null
permutation fest are shaded

B> & @@
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Key notes:

Working with a data-driven subset of
the available hctsa feature space (cf.

Lubba et al. Data Min Knowl Disc 2019)

Top performing regions in
schizophrenia classification are in the
medial occipital lobe (bilateral cuneus
+ pericalcarine)

Statistically significant performance of
subcortical structures like the thalamus
across conditions (where available)

Interhemispheric asymmetry in ADHD
classification performance

Bryant et al., manuscript in preparation
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+———— Features

Finding #2: Individual properties of neural activity are
globally altered throughout the brain across disorders

Balanced accuracy (%)

Feature 1

Brain Regions (N)

| periodicity { | 626 61 583 526 |
sp{p6een s7.7 59.4
embedding_dist{  60.8 60.8 52.9
ACF_timescaleq  58.7 60.1 54.4
entropy_pairs-| 60.6 58.1 54.2
g centroid_freqq 61.2 571 53.9
© low _freq powerq{ 60.6 59.2 52
< mean{| 647  60.9
0 DFA4| 631 52.4
;‘;J, forecast_error 4 58.2 55.1
Iy AM|_timescale - 57.4 52.6
._g stretch_decreasing - 56 53
Q trev 4 55.9 52.9
2 AMI2 4| 56.7 52
_‘§ whiten_timescale{ 55 SENI
5 transition_variance - 55.6 5283
mode_5 55.1 51.8
outlier_timing_neg 1 58
stretch_high 1 57.3
high_fluctuation 4 57.1
ACF_first_min A 53.3

SCZ BPD ADHD ASD
Clinical Group
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- Repeat for all
24 TS features

Univariate TS
features (24)

Feature 1

4

|Subiects

Brain regions (N)

Linear SYM _

Wang's periodicity metric:
measures the first peak in the

2 054 ]
© 001 1
> -0.51 ]

Value
RONUTN
OO

autocorrelation function 250 500 750 1000 0 50 100 150
10 Time (s) 1044 Time (s)
High in slow-varying time series §§ \/I\ Q §§
Low in fast-varying time series ' E T 0 La,;g e
D 72 QB &P
D & @5 &
%eFIOdICIt){ In|1
- VS. contro
ADHD ASD ’
m
dB & (EBED |
5
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Key notes:

* Periodicity is altered
throughout the brain
across disorders, although
in different ways

* Lower Wang’s periodicity
suggests faster
fluctuations in BOLD
activity in the given brain
region relative to controls

e Standard deviation and

mean are stronger
performers in SCZ and BPD

Bryant et al., manuscript in preparation
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Finding #3: Pairwise feature analysis suggests alterations to diverse
types of functional connectivity across the brain per disorder

0.65 4 /
0551 % scz
X
< 0.45-

3 0.65-
z" %
3 0.55- % BPD
<
b 0.45-
% 0.65 1
©055{ .. ADHD
m
S 0.45-
2 0651
055{ . ___—x ASD
0.45 T T
SPI SPI + Univariate
Only Region x
Feature
Analysis Type
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SPI 1

Pairwise SPI with All Univariate Info

Subjects | .

SPI'1

SPIs

- Repeat for all S

\SPIs (S)

‘Subiects Dynamics Coupling

—
Brain region pairs (P)

Brain region

Linear SVM pairs (P)

Pearson correlation 4 T2 64.6 58.7
Directed information, |

gaussian 68 65.8 56.9

Dynamic time warping 4 66.4 67.2 56.6

Phi star - 63.3 66.3 58.9

Cointegration - 65.6 64.6 55

Power envelope correlation - 6T 59.4 55.6

Barycenter dynamic time |
warping 65.9 56.6 56

Coherence magnitude 64.7 59.6 541
Phase slope index, |

Pfrr]equer?cy dprgain 63.6 58.9 5541
ase slope index, |

time-frequency domain 61.9 60 53.3

Transfer entropy 4 62 57.4 55.5

Additive noise model - 63.3 56 54.2

Spectral Granger causality - 58.7 54.9 52.4

Phase lag index 5O 53.4

SCz BPD ASD

Clinical Group

9/14

Local Pairwise

Intersection of local (regional) dynamics and pairwise coupling
as features that distinguish clinical groups from control groups
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Bryant et al., manuscript in preparation

FCS Young Scholars Symposium 2 | June 2023



Shifting €3 : Thinking about how neural activity changes relate to
Alzheimer’s disease neuropathology

Proof of principle:

* Extraction of interpretable
brain regions and time-
series features that are
informative in case-control
classification

* Generalizable framework
to link insights from
vnivariate and pairwise
neural activity dynamics
in any disease state
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Amyloid-beta (AB) plagque deposition

Brain Plaques AB + other components

Rahman & Lendel Mol Neurodegen (2021)

Neuroimage Clin. 2021; 29: 102527. PMCID: PMC7750170
Published online 2020 Dec 8. doi: 10.1016/j.nicl.2020.102527 PMID: 33341723

A prospective cohort study of prodromal Alzheimer’s disease: Prospective Imaging Study
of Ageing: Genes, Brain and Behaviour (PISA)

Michelle K. Lupton,®* Gail A. Robinson,?® Robert J. Adam,®9¢f Stephen Rose,? Gerard J. Byrne,®' Olivier Salvado,?
Nancy A. Pachana,? Osvaldo P. Almeida,™ Kerrie McAloney,? Scott D Gordon,? Parnesh Raniga,9 Amir Fazlollahi,?

Philip E Mosley,®¢¥ Jinglei Lv,' Léonie Borne, Jessica Adsett,2 Natalie Garden,? Jurgen Fripp,? Nicholas G. Martin,?
Christine C Guo,®" and Michael Breakspear®!!

h QIMR Berghofer THE UNIVERSITY
@ Medical Research Institute OF QUEENSLAND

AUSTRALIA
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Goals for second half of my PhD:

* Apply methods from the first
half of my thesis to identify
early changes in neural
activity in preclinical
Alzheimer’s disease

* Investigate how the deposition
of AP plaques disrupts neural
activity in specific brain
regions up through
distributed networks
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The default mode network is spatially and functionally
associated with AP plaque deposition

Default Mode Network (DMN)

Spread of AP plaque pathology

Baly  Interm ediate Late

- Schimmelpfennig et al.
Front Hum Neurosci (2023)

Key players:
Posterior cingulate cortex
Cuneus
Medial prefrontal cortex
Inferior parietal lobule

Active during:
Wakeful rest Hampel et al. Mol Psych (2021)

Autobiographical memory

Thinking about others
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Analysing DMN activity dynamics in the context of high- vs. low-
amyloid plaque burden in mild cognitive impairment

Participants 20 CL Participants (N=184)

(N=184)

6608 hctsa features

BOLDsignal — (4) DN
| |

from DMN ICs .
T _Petse I Tl
I TE

N
o
L

b
&)
.
Participants

,,fm\ Compute brain- 101

( ) wide AP centiloid # .5 ) ) ) )
Q'ﬁ, for each participant =7 sad 3 A ria nghl?' comparative hme-serlets
AB PET 0 50 100 150 rs-fMRI + ICA 4 aMMMAMMWY analysis (hetsa) feature extraction

Centiloid (CL)

Low-AB group High-AB group . . .
o For each hctsa feature, fit a linear SVM classifier

olle :n:n using the 4 DMN components as inputs

ﬁ ﬁﬁ Optimal linear

.N=.1 33 N=51 SVM hyperplanes

Neuroimage Clin. 2021; 29: 102527. PMCID: PMC7750170 thsa feq'l'u res ICS
Published online 2020 Dec 8. doi: 10.1016/}.nicl.2020.102527 PMID: 33341723 ] .:I l .: - 'I 1 I d .
| | entify features that

A prospective cohort study of prodromal Alzheimer’s disease: Prospective Imaging Study I I .y o . .
best distinguish high-

of Ageing: Genes, Brain and Behaviour (PISA) i :I: = 3

Michelle K. Lupton,®* Gail A. Robinson,”° Robert J. Adam,%¢f Stephen Rose,? Gerard J. Byrne,®f Olivier Salvado,® - . o o

Nancy A. Pachana,P Osvaldo P. Aimeida,™ Kerrie McAloney,? Scott D Gordon,? Parnesh Raniga,® Amir Fazlollahi,9 I lII 4 hCTSCI VS. I OW-AB In d IV I d U O IS
features

Ying Xia,9 Amelia Ceslis,® Saurabh Sonkusare,? Qing Zhang,® Mahnoosh Kholghi,9 Mohan Karunanithi,9
Philip E Mosley,* Jinglei Lv,' Léonie Borne, Jessica Adsett,? Natalie Garden,? Jurgen Fripp,? Nicholas G. Martin,2

Christine C Guo,®' and Michael Breakspear®)'!

Data preprocessed by Dr Joseph Giorgio

Unpublished work
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Preliminary finding: features related to power spectrum shape and
lagged self-correlation structure distinguish high- vs. low-amyloid brains

1
Example high-performin wer trum sh feature:
. 501 features with ample high-performing power spectrum shape feature
E,,Z‘ H .
”'é @rr' 8% Zﬂg“eif?’omdf“ SP_Summaries_fft.wmax_75
S and balance ,
T ° nulls accuracy Amplitude Q\)e(\c‘\ @ z:,?;’) ;’Z’,, éB‘
_ e -

04 05 06 07 0 - Mae .
Mean AUC Across Repeats ~\ L % 1.0
- : >
W\/ © 0.8+ I
E o
T T 0.6
"me Frequency &
Power spectrum shape ) domain ] 7 z :
and lagged self- legqn?am Fqst Fourier DMN IC
correlation structure transform (FFT) - il
o LoW-AB e High-AB
IS * = .
o 3 [ ~amiaii 75%
State-space model fitting chga I — E I I max 1.0 ’
O

Frequency Frequency

Find the BOLD frequency for which the /o
power spectral density cumulative sum AUC=0.66

is at 75% of its maximum (%) 00 05 10
False Positive Rate

True Positive Rate
o
o

o
o

Spearman rank correlation (p)

0 0.5 1

Unpublished work
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Thank youl!
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