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Why Brain?
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Why Brain?

healthy = advanced

brain /4’ - alzheimer's
) ,

AUTISM

Cause Sometimes Being An Asshole Is A Disease!



Why Brain?
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‘ ‘ As humans, we can
identify galaxies light
‘years away and we can
study particles smaller
than an atom, but we still
‘haven't unlocked the
‘mystery of the 3 Ibs of
‘matter that sits between

r ears.

U.S. Neurological Biomarkers Market BEvVeEe

size, by application, 2018 - 2028 (USD Billion) GRAND VIEW RESEARCH

13.0%

$2.3M —_—
LS. Market CAGR,
del‘lt Barack Obama $2M .- B . 2020 - 2028
e BRAIN Initiative 1B I I I I

2018 2019 2020 2021 2022 2023 2024 2025 2026 2027 2028

@ Alzheimer's Disease Parkinson's Disease Multiple Sclerosis
@ Autism Spectrum Disorder @ Others




How to study Brain?

[ Behavioral Electrophysiology ] [ Behavioral Test ]

www.berkelab.org [ Neuro Imaging ]

[ Autopsy ] [ MRI - Anatomy ]
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Brain Disorders

Parkinson’s
Disease

Anxiety
Huntington’s

Disease
Neurocognitive

Impairment

Alzheimer’s/ Substantia
Disease nigra  f
Neuropathic Pain
Migrane pain
Muiltiple | ¢y (Migrane pain)
Sclerosis |callosu
" Mania

Prion

Disease Physical Disability

Spinal Muscular Addiction
Atrophy (SMA) Hippocampus

Epilepsy

-
-

Cercbellum

Spino-Cerebellar
Ataxia (SCA)

Brain Stem

Mood Disorder
(Aggression and Violence)



Dementia: Alzheimer’s Disease

ALZHEIMER'S

is a specific disease
that affects the
brain

DEMENTIA

is a general term for a
decline in ‘cognitive
ability’ that includes

memory loss and
thinking difficulties
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MRI 7|8t PET O}# 0= 7|=
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Amyloid HE[MH Ho|H ZF (AUC)
Qb XSO FICH Center ¢d /24
2 MEEtA
2 0904 + 0.0046
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Conventional MRI (CMRI)
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Precision Diagnosis of Alzheimer’s Biomarker 26

Prediction of PET Biomarkers from MRI Global MRI-PET Dataset

Age, Edu Years, MRI APOE
Sex MMSE (T1, DWI) Gene Info
US and Global Dataset (MRl N=3,257 / AB-PET N=2,060 / Tau-PET N=1,609)
(1) ADNI(Alzheimer's Disease Neuroimaging Initiative)
Global Global Regional (2) HABS(Harvard Aging Brain StUdy)
Amyloid Tau Tau (3) OASIS(Open Access Series of Imaging Studies)
Prediction Prediction Prediction
Best-in-class Prediction Accu racy Korean Dataset (MRI N=2,257E, AB-PET N=2,050H, Tau-PET N=200¥)
. . (1) Dementia Platform Korea
- . o,
(Amyloid betOT. P!’edICtIOh ACCC', 91.4%, (2) Gangnam Severance Hospital
Tau Prediction Acc: 93.7%) (3) The Catholic Univ. of Korea Yeouido St. Mary's Hospital
(4) Seoul National University

Novel approach for precision diagnosis of Alzheimer’s biomarker based on large global dataset.




MRI-based prediction of global amyloid-B positivity

True Positive Rate

AUROC%

27

ADNI 93.11 + 294 8941 + 348 8140 = 7.90
DPK 91.69 + 6.00 86.94 + 5.57 85.60 + 5.74
GS2 9046 + 6.64 86.79 £ 591 7898 + 1346
All 91.66 + 4.45 87.66 + 3.93 82.18 + 6.35
ADNI DPK GS2 All
I I [ I | | [ ] | | |
— i,J [ [

— foldl
— fold2
— fold3
— fold4
— fold5

— foldl
— fold2
— fold3
— fold4
— folds

I

— foldl
— fold2
— fold3
— fold4
— fold5

— foldl
— fold2
— fold3
— fold4
— fold5

False Positive Rate

Best-in-class MRI-based global amyloid-f positivity prediction accuracy.

False Positive Rate

False Positive Rate

False Positive Rate
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MRI-based prediction of global amyloid-B positivity
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Clinical application scenario: Partially replacing PET scans through precise prediction.




MRI-based prediction of regional tau accumulation *

Subject stratification
using the methods in the TRAILBLAZER_ALZ study (Eli Lilly Kisunla)

Low tau Intermediate tau High tau

elsels ALY 1L Y UL
oS00 230 205 206 200

elecisciseloele
o003 2ia 212 806 B0S

Original tau burden

Predicted tau burden

Best-in-class MRI-based regional tau accumulation prediction accuracy.
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Aduhelm: Aducanumab (Biogen, 2021, US FDA Accelerated Approval)

Legembi: Lecanemab (Eisai, 2023, US FDA Traditional Approval)
Kisunla: Donanemab (Eli Lilly, 2024, US FDA Traditional Approval) Q. A|ZH0]| [ E X2 X2 Tl HXrE29| Hl=?
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A triggers a long-range
interaction with the tau-positive

N\ [TRerfGtORB-tau

interaction

Epicenter

: A brain region where

tau initially emerges The first region in the remote AB-tau
P T interaction pseudo-order

/ ., e \
- i et 4 H = /
S NGy Region j !

Direct co-mingling within a

Propagation hub given brain region
: A brain region where %ﬁ%ﬁ?‘u
network flow-based The first region in the local AB-tau —
spreading most resembles interaction pseudo-order Region 1

tau deposition : -
topography during the Remote interaction, = (2;6;;AB;) X Tau;

acceleration phase Local interaction, = AB; X Tau;

(8;; : Connectivity between node i and j)
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Amyloid-related imaging abnormalities (ARIA)Zt?
Amyloid-related imaging abnormalities, also known as “ARIA”",
are MRI abnormalities typically associated with the use of monocolonal antibodies

that remove amyloid plague in patients with Alzheimer’s disease (AD)
ARIA is subdivided into ARIA-E (edema/effusion) or ARIA-H (hemosiderin/hemorrhage)

ARIA-E (EDEMA/EFFUSION) ARIA-H (HEMOSIDERIN/HEMORRHAGE)

EDEMA SULCAL EFFUSION
(MODERATE ARIA-E) (MILD ARIA-E)

5“")’\

MICROHEMORRHAGES SUPERFICIAL SIDEROSIS

(MODERATE ARIA-H) (MILD ARIA-H)

/

MRI images data on file MRI! images data on file

Microhemorrhages, superficial siderosis and/or rare
lobar intracerebral hemorrhage observed as hypointense
abnormalities detected on T2*GRE sequences®®

Parenchymal edema or sulcal hyperintense abnormalities
detected on FLAIR sequences®®
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Amyloid-related imaging abnormalities (ARIA)Zt?

Amyloid-related imaging abnormalities, also known as “ARIA",

are MRI abnormalities typically associated with the use of monocolonal antibodies
that remove amyloid plague in patients with Alzheimer’s disease (AD)

ARIA is subdivided into ARIA-E (edema/effusion) or ARIA-H (hemosiderin/hemorrhage)

C Week 6 FLAIR

A Screening FLAIR B Screening “'C PiB PET

D Week 19 FLAIR E Week 19 'C PiB PET

F Week 19 gradient recalled echo




ARIAE O{EHA ZMsI=712

Hypothesized pathophysiology of ARIA

Legend
L Astrocyte () Red Blood cell
By, Pericyte A Lymphocyte
S Endothelial +  Inflammatory cell
cell

Image created with Biorender.com

Aggregation of toxic
amyloid B (AB) species in
the brain and vessels
contributes to AD
pathogenesis'

4

After the introduction of
monoclonal antibodies
that remove amyloid
plaques, amyloid

deposits begin to clear,

leading to increased
vascular permeability’

This loss of vascular
integrity with vascular
remodeling may be
thought of as a transient
exacerbation of cerebral
amyloid angiopathy
(CAA), similar to CAA-ri'-3

The leakage of fluid could
give rise to an increased
signal detected on MRI
sequences(ARIA-E), while
leakage of red blood
cells would reisult in ARIA-
H
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Overview of ARIA prediction model

ARIA occurrence ARIA risk
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Methods
Compute ARIA-finding probability score (weakly supervised learning)
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Original Investigation | Imaging

Development and Validation of a Deep Learning-Based Automated
Detection Algorithm for Major Thoracic Diseases on Chest Radiographs

Eui Jin Hwang, MD:; Sunggyun Park, MS; Kwang-Nam Jin, MD: Jung Im Kim, MD; So Young Choi, MD; Jong Hyuk Lee, MD: Jin Mo Goo, MD, PhD; Jaehong Aum, PhD:
Jae-Joon Yim, MD; Julien G. Cohen, MD: Gilbert R. Ferretti, MD; Chang Min Park, MD. PhD; for the DLAD Development and Evaluation Group
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Consolidation

Abstract Key Points

Question Can a deep learning-based
algorithm accurately discriminate Pneumothorax Pleural effusion

abnormal chest radiograph results

IMPORTANCE Interpretation of chest radiographs is a challenging task prone to errors, requiring
expert readers. An automated system that can accurately classify chest radiographs may help

streamline the clinical workflow.
showing major thoracic diseases from

Atelectasis Pneumoperitoneum

eFigure 2. Architecture of the DLAD algorithm
The deep convolutional neural network used for DLAD comprised one backbone network and five parallel Carsomogely )
classifiers. Four classifiers were designed for each disease, and the final classifier was for the classification of . " . ”

Calcification Fibrosis
CRs with any of the target diseases. The backbone network was composed of 120 convolutional layers with four

dense blocks, which utilized the CR as input, generating a feature map. The feature map was then applied to the Supports tuberculosis screening

parallel classifiers, generating probability maps for each class.
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Medical domain knowledge

. Clinical Knowledge
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Moor, M., Banerjee, O., Abad, Z.S.H. et al. Foundation models for generalist medical artificial
intelligence. Nature 616, 259-265 (2023). https://doi.org/10.1038/s4 1586-023-05881-4
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Complex Disease needs Personalized Precision Therapy

2023 Alzheimer’s Drug Development Pipeline* Future Alzheimer’s Therapy

e.g.

3 Epgennts D\sease-lﬁodlfylng 8’0!09 e 1 4 1 D ru gs

PHASE 1

Ot AQ LN 20s GE@UON

[ T
WESS B0 OPdekin (s yoramontm O Cansbinamaty
o O [ Tertomotde

< ‘Super Effective’
Personalized Cocktail Therapy

Patient 1

Patient 2 + + @

*Cummings, J, Et al. Alzheimer's disease drug development pipeline: 2023.
Alzheimer's Dement. 2023; 9:12385.
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Overall* Low-Medium Tau High Taut
Donanemab Placebo Donanemab Placebo Donanemab Placebo
N = 860 N =876 N =588 N = 594 N =271 N = 281
CDR-SB (MMRM)
gha"?e from 1.72 2.42 1.20 1.88 264 3.34
aseline
Difference from
placebo
% slowing
p-value

CDR-GS Risk of Progressing*

Reduced risk of
advancing to the
next stage of
disease at 18
months (% risk
reduction)

37% 39% 38%
p < 0.0001 p < 0.001 p <0.018

*TRAILBLAZER-ALZ 2 Overall Population; tHigh tau was a subpopulation that was not statistically powered in TRAILBLAZER-ALZ 2; $Time-to-event analysis; § nominal p-value

Abbreviations: CDR-GS = Clinical Dementia Rating Global Score; CDR-SB = Clinical Dementia Rating—Sum of Boxes;
MMRM = Mixed Model for Repeated Measures; N, n = number of participants © 2024 Eli Lilly and Company, Inc. All rights reserved
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Disentangling brain atrophy heterogeneity in Alzheimer’s disease: A deep [
self-supervised approach with interpretable latent space

Sohyun Kang *, Sung-Woo Kim ™, Joon-Kyung Seong ™", for the Alzheimer’s Disease

Neuroimaging Initiative

* Department of Artificial Intelligence, College of Informatics, Korea University, Seoul, 02841, South Korea

" School of Biomedical Engineering, College of Health Science, Korea University, Seoul, 02841, South Korea
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ARTICLE INFO ABSTRACT

Keywords: Alzheimer's disease (AD) is heterogencous, but existing methods for capturing this heterogeneity through

Alzheimer's disease imensionality reduction and ised clustering have limitations when it comes to extracting intricate

Atophy atrophy patterns. In this study, we propose a deep learning based self-supervi: that

f:;;‘gz:l eajectory complex atrophy features using latent space representation. It integrates feature engineering, classification, and
clustering to isti i ity in Alzheimer's disease. Through this representation

Deep latent representation

Self-supervised learning learning, we trained a clustered latent space with distinct atrophy patterns and clinical characteristies in AD, and

replicated the findings in prodromal Alzheimer’s disease. Moreover, we discovered that these clusters are not
solely attributed to subtypes but also reflect disease progression in the latent space, representing the core di-
‘mensions of heterogeneity, namely progression and subtypes. Furthermore, longitudinal latent space analysis
revealed two distinct disease progression pathways: medial temporal and parietotemporal pathways. The pro-
posed approach enables effective latent representations that can be integrated with individual-level cognitive
profiles, thereby facilitating a i ing of AD i

1. Introduction to the different stages of disease progression. Poulakis et al. (2022)

demonstrated that the minimal atrophy, limbic predominant, and

Limbic
APOE4+
Less tau

Amnestic

Older onset

Slow progressing
Visuospatial Impairmen
Older onset

L Temporal
Rapidly progressive
Multi-domain impairment
More tau
Asymmetric presentation

APOE4-

Younger onset
Dysexecutive

Jacob et al. Nature Medicine (2021)

Alzheimer's disease (AD) is a complex disorder with various clinical
and pathological manifestations (Scheltens et al., 2017; Armstrong et al.,
2000; Murray et al., 2011; Ritchie and Touchon, 1992; Lam et al., 2013;
Whitwell et al., 2012) that render its diagnosis and treatment chal-
lenging. Over the last decade, to explain the diversity of these mani-

i or il have i the disease
into various subtypes. These classifications have often been based on
factors such as atrophy patterns (Noh et al., 2014; Park et al., 2017;
Ferreira et al, 2017) or the presence of neurofibrillary tangles (Lowe
et al.,, 2018; Whitwell et al., 2018). Multiple studies have identified four
subtypes, namely typical, limbic predominant, hippocampal predomi-
nant, and minimal atrophy (Byun et al., 2015; Ferreira et al., 2020;
Poulakis et al,, 2018). However, it remains uncertain whether these

d

typical atrophy subgroups occur at different stages of the same disease
trajectory, supporting that the disease stage is crucial in understanding
heterogeneity (Young et al., 2018; Vogel et al., 2021; Young et al., 2022;
Mohanty et al., 2023; Ossenkoppele et al., 2019; Habes et al., 2020).
Severity and typicality have been identified as two critical dimensions
that can contribute to this variation (Ferreira et al., 2020). Therefore, it
is essential to disentangle disease progression and the subtypes to un-
ravel the ities of disease ity, which will aid in facil-
itating diagnosis and personalized treatments.

Previous studies on ity of AD have p!
clustering, an unsupervised technique, to group individuals based on
their similarities (Noh et al., 2014; Park et al., 2017; Poulakis et al.,
2018; Kim et al., 2019). Recently, researchers have been increasingly

subtypes represent systematic variation or merely reflect di

* ling author at: of Bit i i ing and

focusing on di iques to extract

of Artificial Intelli Korea University, 145 Anam-ro, Seongbuk-gu, Seoul,

02841, South Korea.
E-mail address: jkseong @korea.ackr (J.-K. Seong).

https://doi.org/10.1016/j.neuroimage.2024.120737

Recelved 6 March 2024; Received in revised form 3 July 2024; Aceepted 11 July 2024

Available online 14 July 2024

1053-8119/© 2024 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC license (http://creativecommons.org/licenses/by-

nc/4.0/).

Neurolmage (2024)
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Low Tau

Too little
clinical
change
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Intermediate Tau

Early MTL increase
Early Cognitive decline

Rapid LTL increase
Saturated Cognitive decline

Spared MTL vs.
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Resistance in early
Cognitive decline
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Rapid Cognitive decline

High Tau

Too late
to slow
tau spread?
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