Cross Atlas Remapping
via Optimal Transport Ev Lab at |/

Boston, MA

(CAROT)

Javid Dadashkarimi

Advisor: Dustin Scheinost, Amin Karbasi
Committee: Xenophon Papademetris,
and James Duncan

March, 2023

MDCCCXLVII

Y

Contact information:

Computer Science Department javid.dadashkarimi@yale.edu

Yale University




2017-present Yale University — New Haven, US

Ph.D. in Computer Science

En Route MSc, MPhil (2019)

Mentors: Dustin Scheinost and Amin Karbasi
Thesis: Data-driven mappings between functional
connectomes using optimal transport

Ry

Biography

2008-2015 University of Tehran — Tehran, Iran

MEng in Software Engineering

> BEng in Software Engineering

® (> Lo . Mentors: Azadeh Shakery and Heshaam Faili
S \\abLii =% Thesis: Dictionary-based Cross-lingual Information
(6245 Retrieval




* Definition: A connectome—a matrix describing the
connectivity between any pair of brain regions
* |s a popular approach in neuroscience to study the

brain's functional organization.

« How to make: They are created by parcellating the
brain into distinct areas using an atlas and estimating
the connections between these regions.

* Applications: To study individual differences in brain
function, associating brain and behavior, and
understanding brain alterations in neuropsychiatric

disorders.

Functional
Connectivity

Widely used in neuroscience to understand
the functional organization of the brain.

1. What are a connectomes

2. How to make functional
connectivity

3. Applications in
neurosclience
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» Steps motion correction, skull
stripping, registering to common
space, and registering to the
anatomical image are common
steps before parcellations.
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* The need for an atlas to create a connectome hinders
comparisons across studies and replication and
generalization efforts.

» Different atlases divide the brain into different regions
of varying size and topology.

* Thus connectomes created from different atlases are

not directly comparable.

* Further, several atlases exist with no gold standards, and more are being
developed yearly.
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Limitations

* The need for an atlas to create a

connectome hinders generalization
efforts.

. The need for an atlas to
create connectomics

Multiple atlases are
available
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 Example 1: In predictive modeling, the feature
space between train and test should match:
 |t's impractical to train a model on A and test on B:
Y=X'f+e
» Other techniques include meta-learning, transfer
learning, and federated learning.




* Generalizability: Real-world

« Currently, no solutions exist to extend previous results Cha"enges
to a connectome generated from a different atlas.

* This prevents these datasets from being combined Different studies have different
without reprocessing data. standards and limitations

» Storage concerns:

* Smaller labs might not have the resources to store and 1. Generalizabllity
reprocess these data from scratch.

- Privacy concerns: 2. Storage concerns

* Due to privacy concerns of being able to identify a 3. Privacy concerns
participant based on unprocessed data, some datasets
are only released as fully processed connectomes.

* Critically, in this case, it is not possible to go to the data
to create connectomes from another atlas.
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dataset

of ROls across atlases

Estimating connectomes in a missing
Time series-based
approach
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True Coin Coin 2

P 1 Heads { 1 Heads

P> Tails %) Tails

HHTHHTHHHHHTHHTHHH

P1P1 P2 P1P1P2P1P1P1P1 P P2P1P1P2Pr PP
di191 4991491 9291 41 91491 91 92 91 941 92 91 941 91

P(observation | True Coin) prH , péVT

P(observation | Coin 2) o quH qéVT

An overview on

iInformation theory

Classical methods to
compare distributions

1. KL divergence
2. JS divergence

3. Having the same number
of supports is equired
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1 N 1 N 1 N, 1 N,
= Nlogp1 H - NlogpzT —Nlog q, —Nlog q,

1 1 1 N, | N, 1. Log properties, product to

_ Ny Ny _ o
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subtraction
Ny Ny Ny Ny .
= —log p, logg, + —logp, log g, 2. How likely g(x) would
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Jensen-Shannon divergence = —DKL(pl |
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Jensen-Shannon
9) -
squared Hellinger distance = 22 ( p(x — /q(x)) divergence

A symmetric version of KL-divergence

_ 4
a — divergence = <1 —
l —«a

1. Symmetric

B 2 2. Other divergence
() — 4) methods

chi-squared divergence = )

X

p(x)

What if p and g have different
number of classes?
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BaCkg round A mapping between locations x and y
1 : {Xl, .. ,Xn} —> {yl’ o ,yn}

Optimal transport

must verify
D; = Z d;
1 T(x;)=Y;

The only criterion here is to make sure we transfer all
mass into some location Y;
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BaCkg rOund This map should minimize some

transportation cost, which is parameterized
by a cost function C

Optimal transport

mTin { Z Clx;, T(x) : Tyao = p },
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Background

Push-forward of measures Pull-back of functions

Optimal transport Kantorovich Relaxation [1942]
def. nxm . it , 1 e
U(a,b) = {P = Pl —a and D 1. — b} :

Kantorovich

n , T e m
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Admissible Couplings




Kantorovich’s optimal transport problem now reads

Le(a,b)= min (C,PY= Y C,.P;..
C( ) PcU(a.b) < > Z VA2V
Monge [1781] o,

Background

Optimal transport

o 0 0 @

Discrete Semidiscrete Continuous

Kantorovich
[1942] Kantorovich Relaxation is symmetric

P € U(a,b) © P' € Ub, a)

L(u,v)=minC'T s.t, AT = [” 1.
T - Vi




Background

Optimal transport

Monge [1781]

Hitchcock
[1941]

Kantorovich
[1942]

Entropy regularization: An approximation solution

L5 (a,b) = Pel%}i(g . (P, C) — cH(P).

lterative solutions: Sinkhorn algorithm

C!={P,P1 =a) C; = {P,P1 = b}

KL

P = PrOJ Lpay P+ = Proj

P(l+ 1)
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Cross Atlas
Remapping via Optimal
Transport (CAROT)
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A data-driven method to measure the distance
and find a policy to transform connectomes

| U, . Iranslating each time
L.(u,v,)=minC 'T—€eH(T) s.t, AT = { e frame to a vector
T t
1 Y n . Cost matrix
({00 0y (o9 0y (9 e ) . Loss function
m S : D ; B B ;
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test data point v = uT

What if multiple parcellations for each
individual are available?

\
\
\
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Cross Atlas Remapping via
Optimal Transport (CAROT)

Test data point available in the source
atlas

1. Applying the trained

policies 1

. Some of large scale
projects release data In
multiple atlases

3. A need for an advance
version
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Cross Atlas Remapping via
Optimal Transport (CAROT)

An advanced version when multiple
parcellations are available

[ |
(A1) + p(As) + p(Az) = v(B)

m 1. Incorporating multiple
ATLAS N ATLAS 2 ATLAS 1 O(n? log(n)n~?) Target Connectoms time Series

Time Series Time Series Time Series Optimal Transport

Sinkhorn Algorithm

2. Bigger cost matrix

| . 1 *t 3. Bigger policy
L(u*  v*)=minC'T—eH(T)s.t, AT =
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The Human Connectome project is used for training mappings,
intrinsic analysis, and for some downstream analysis

Experiments:

e - 1 e 2504 7504 Human connectome projects

Reconstructed Reconstructed Reconstructed Reconstructed Reconstructed Reconstructed

Train-test split
/5% /5% /5% /5% /5% /5%

Original Original Original Original Original

25% for policy training
/5% for testing
10 fold CV

Original

> W o~

25% 25% 25% |

sooeceo

Shen Atlas Craddock Dosenbach Schaefer Brainnetom Power

6
(2) + 6 = 21 transportation policies




Cross-dataset analysis: We used resting-state data
collected from 100 participants at the Yale School of
Medicine.

100% 100% 100% 100% 100% 100%

Reconstructed Reconstructed Reconstructed Reconstructed Reconstructed Reconstructed

100% 100% 100% 100% 100% 100%
Yale

. Original Original Original Original Original Original
Participants

HCP

seoeces

Shen Atlas Craddock Dosenbach Schaefer Brainnetom Power

This dataset included 50 females (age=33) and 50 males (age=34.9)
with eight functional scans (48 minutes total).

Experiments:

Yale participant

1. Testing generalization of
policies

2. 50 male and 50 female
Yale participant dataset



Source 3
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Original
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100%

Original

Source 1

Dosenbach

Power

Craddock

100%

Reconstructed

&

Shen Atlas

Experiments:

Rest-meta MDD dataset

1. Testing generalization of

models

2. A dataset that is not
released on Shen 268

3. A model that performs the
best on Shen 268
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schaefer craddock brainnetome power dosenbach HOW doeS a pOIicy IOOk Iike

shen
.
shen

Topological differences

* You can see that some spots are more intense than are clear
others indicating higher transformation between regions. . Schaefer doesn’t include
* This emphasizes some of the structural differences some areas

between atlases:
e The horizontal line between Schaefer and Shen is
belonging to areas that are missing in Schaefer




What should we choose
as a cost matrix?

Functional distance vs Euclidean
distance

1. Euclidean distance

Q a0 O A9
QY Q¥ Q{O Q/.\ o N Nl O | |
spearman Spearman 2. Functional distance

C* Cl,l . o Cl’m Rn o p(Ul,-’Nl,-) . p(Ul,.9 Nn,)
p— o o o o o E ) C — 1 —

.. C
1

n,m

" o . e Rm)(n
p(Um,., Nl,) . o p(Um,.aNn,,)

C;; = Euclidean distance  py, y = Spearman correlation
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Reconstructed connectomes give similar aging results as the original
connectomes. (Top) the nodes with the largest number of edges are
significantly associated with age for original connectomes from the

HCP using Shen. (bottom) reconstructed Shen connectomes (r=0.61)

» The correlation as a function of k is linearly increasing.

* There are differences among various runs and targets:
 Similar atlases reproduced more similar connectomes

* We can predict behavior (e.g., fluid intelligence) and can
identify individuals across different runs.

Experimental results

HCP dataset, resting scan
connectomes

Intrinsic evaluation;
correlation with original
counterparts

Downstream analysis,

results on predicting IQ

Fingerprinting, two
resting sessions




Intrinsic evaluation on
Yale Participant

Real-world example

Testing a model on Rest-meta MDD

Spearman

\@ c}\ . Generalization on Yale
F participant

Q @ 0

. Sex classification on
* We investigated if CAROT mappings trained in one dataset Rest-meta MDD

generalize to other datasets.

* We applied the mappings trained on HCP and reconstructed
connectomes using the Yale dataset using these mappings.

* Spearman’s rank correlation between the upper triangles of the
connectomes was used to assess the similarity between the
reconstructed and original connectomes.




Intrinsic evaluation on Sex classification on

Yale Participant Rest-meta MDD
- >, 67 Real-world example
s S 64.75
§ § 62.5 Testing a model on Rest-meta MDD
7] < 60.25
58
o o o & ° @ & o & @ & . Generalization on Yale
S R Y ¥ participant

* |n this evaluation, we generalize a sex classification model on Yale

dataset:

 The REST-Meta-MDD dataset (Yan et al., 2016) only provides
preprocessed timeseries data from the Dosenbach, Power, and
Craddock atlases.

* Overall, the sex classification model demonstrated significant
classification accuracy (Accuracy=60.5% ; Naive model
accuracy=50%:;).

* Next, the sex classification model performed significantly better than
chance in the REST-Meta-MDD dataset when using the
reconstructed connectomes.

. Sex classification on
Rest-meta MDD




carotproject.com

Cross-Atlas Remapping via )
E Optimal Transport ?
comcrr—an s - 1] Software
p €R” O(n’ log(n)n~>)
Source Atlas(es) Target Atlas GitHub and live demo
[(UpioaaFie | | e

Live demo for some

https://github.com/dadashkarimi/carot atlases

¥ main - ¥ 1branch 0 tags Go to file Add file ~ <> Code ~ About

No description, website, or topics

GitHub repository for all

" dadashkarimi Update README.md cfef619 on Apr 3, 2022 @ 34 commits provided. typeS Of d a_ta
atlas recent commit 2 years ago (I Readme
w9 stars
code update config file last year
&® 8 watching
coords recent commit 2 years ago ¥ 2 forks
data recent commit 2 years ago
examples update config file last year Releases
figs add cover photo last year No releases published
Create a new release
[\ .DS_Store update config file last year

[Y README.md Update README.md last year
Packages

[ config.properties update config file last year
No packages published



http://carotproject.com
https://github.com/dadashkarimi/carot

* In sum, CAROT allows a connectome generated
based on one atlas to be directly transformed into a Summary

connectome based on another without needing raw

CAROT encourages open science in

data. connectomics
* These reconstructed connectomes are similar to
and, in downstream analyses, behave like the . CAROT helps overcome
original connectomes created from the raw data. multiple atlas problem
* Using CAROT on preprocessed open-source data . CAROT brings good
will increase its utility, accelerate the use of big data, quality
and help make a generalization and replication . Policies are generalizable

efforts easier. over datasets
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