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Fetal MRI
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Fetal MRI
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Manual MRI segmentation correction

| Dataset [ n | Year |
Placenta/CHD 20 '23
dHCP 31 '23
High-res CP 154-2 '23
VM 30+10 '23
CSF 19 '24
Ventricle 19 24
High-res SP 63 24
Coordinated high-res SP | (68) 24

| | 209 (277) | |
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Fetal MRI
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Examples
Cortical Plate CSF & Ventricle
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Fetal dMRI
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Section 2

Fetal dMRI

In collaboration with Alejandra Pérez Yafiez (BSc)
Supervised by Kiho Im (PhD)
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Flow diagram

qc_prep v2.0.sh

Pre-processing

—> qc_freesurfersh —» dMRI_pipeline_prep_files_ BCAS.sh

v

dMRI_pipeline_eddy_e2 sh

—> dMRI_pipeline_posteddy.sh —>

dMRI_pipeline_coregAtlas.sh

Operational

[ ] Troublesnooting

Processing

dMRI_pipeline_DTlL.sh —>

dMRI_pipeline_mririx_cSD.sh

)

dMRI_pipeline_mrtrix_ACT_tckgen.sh —

dMRI_pipeline_mrtrix_SIFT.sh

@ Ran Ai Wern Chung (PhD) pipeline for adult dMRI.
o Consolidated requirements in a single conda environment
(/MRI_processing/fetal_ dMRI/dMRI_env) activated by dMRI_pkg.
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Fetal dMRI
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Manual

ons &8 HARVARD

Hospital MEDICAL SCHOOL

‘ *ﬁ FNNDSC

D\WI adults
pipeline

Alejandra Perez Yanez
Milton Osiel Candela Leal

SCRIPT USAGES - Al WERN CHUNG
ALWERN. CHUNG@CHILDRENS.HARVARD.EDU

Documented inputs and outputs of Chung's pipeline in a 56-slides presentation.
(github.com/miltoncandela/miltoncandela.github.io/fetaldmri_pipeline.pdf)
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Fetal dMRI
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Issues on fetal dMRI

The DTI pipeline need further testing in fetal dMRI data due to:
o bvals and bvecs being different in:
e Range: [0, 1000, 2000, 3000] in adults, [0, 500] in fetus
e Size: 60 in adults, 12 in fetus

o Fetal DWI being noiser.

Figure: BRAIN Figure: TRACEW Figure: ADC Figure: FA
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qMRI CHD Classification
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Section 3

gMRI CHD Classification

In collaboration with Samantha A. Esparza Esparza (BSc)
Supervised by Sungmin You (PhD)
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qMRI CHD Classification
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Introduction

Congenital Heart Disease (CHD) Non-linear Combined qMRI Features
Generation and Selection

o=

Examples
Cohort composed of:

o )" | e st;f;;ed oxygen
e 96 CHD MRI (mean = 31.38
7 e Altered blood flow (1) weeks, sd = 4(_50)
/1/ dynamics e 62TD MRI (mean = 32.38
weeks, sd = 4.17) o
e

e Neuroinflamation

Aral septal
detect

Age-adjusted gMRI features

Early detection relevance . .
As Gestational Weeks (GW) is a
cofounding variable in fetal MRI

Enhanced Prenatal Counseling

Potential for discovery of unique biomarkers

indicative of CHD impact on fetal brain
[2]

[1] Khalil et al ., Ultrasound Obstet Gynecol., 2016

2] Im., Advances in Magnetic and 2021

Presented by Samantha last week.
Symposium slides: miltoncandela.github.io/chd_slides.pdf
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qMRI CHD Classification
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Data pre-processing

Subjects
96 Congenital Heart Disease (CHD)
62 Typically Developed (TD)

Base Features

Voumein _Gynicaton noex
S\
oopn AoscteMean Cunatre
i )

* Each feature has Left and Right hemisphere, and
"
18 Base Foatures.

Gestational Weeks (GW) as a
cofounding variable

(Cofounding variable)
Gestational Weeks (GW)

/\

(Independent Variable) (Dependent Variable)
cHD

QMRI measurements

[1] Candela-Leal et al., Appl. Sci., 2022
[2] Blanco-Rios and Candela-Leal et al., Front. Hum. Neurosci., 2024

Milton O. Candel

— Covariance adjusted feature via age distribution

Leaky ReLU Linear Exponential

e
Non-adjusted (hwgh ‘GW correlation) Adjusted (Io;r:GV‘v/ correlation)
Min-max feature normalization
. X — Xmin
Xota
* .
PCA™ rorcamparsonpurpses Feature Generation &
i mendions ety Selection

=l

? [2

FNNDSC & Tecnolégico de Monterrey



qMRI CHD Classification
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Data processing

= 20,571 Total Features
Non-li feature tr i U] |
B T i R o bomiphore — Random Forest (RF) Feature Selection (¢
B L Bl Rl O T T RS B
: New samplo.
e | [ | < |~ 7 7 7
e |
Avnge | * * * ses so0
Ve oo - .
s s
el ot A
+100 NL Features e
o e et
Combined Feature Creations Best 14 Features
ousn ~ 106 2] | wtpicaton = 6687 [3] b
repettion kNN model fitting (5]
- @-1) (n(n-1)) E— 0o 00,
T N
° % © 20 o0 %o
+20,453 Combined Features e

[1] Aguilar-Herrera et al., ML-DT Edu. Innovation Workshop, 2021 [3] Olivas-Martinez et al., ML-DT Edu. Innovation Workshop, 2021 [5] Shon et al., Int. J. Environ.
2] Ramirez-Moreno et al., Int. J. Environ. Res. Public Health, 2021 [4] Candela-Leal et al., IEOM-NA VI, 2021

Res. Public Health, 2018
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Better differentiation at PCA components

Base features

2 —_

3 10
g
20
: ]

£

» o

s - 4 2 o 2 6 & oo m
Adjusted features
as

PC2 (18.58%)

20 -15 -10 -05 00 05 10 15 20
PC1(58.87%)
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Increase in model’s performance

KNN (k = 3) DT
@
— Base (18) —— Combined adjusted (20,453) & o — Base(18) —— Combined adjusted (20,453)
w | — Baseadjusted (18) Combined adjusted (20,453) [RRFI] —— Base adjusted (18) Combined adjusted (20,453) [RRFI]
R Noninear adjusted (118) Non-linear adjusted (118)
o
8

[

§ g ><// J\M % ] F/\/ J\\/,—/\/\VA\/

055

T T T T T T T T
10 20 30 40 10 20 30 40

Number of features Number of features

Adjusted features:
@ Significantly outperformed non-adjusted features (+20% accuracy).

o Greatly outperformed combined adjusted features (+5% accuracy).
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Adjusting only the right features (VolCP, Depth)

(Left) Non-adjusted, (Right) Adjusted

VoICP_Avg
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qMRI CHD Classification
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Adjusting only the right features (VolCP, aMC)

(Left) Non-adjusted, (Right) Adjusted

o Case a 2 o case a X
S Control . Control “
S - + dHCP dHCP
© Placenta ~ Placenta
-7 a °
s
S
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Which features shouldn't be adjusted?

Volln: Different b across datasets.

© Case ° e X © Case
8 _| & Control S | £ control
g dHCP ¥x S -+ dHCP
% Placenta "N w Placenta
g
2 ]
5 S
=
- =
E <
8 o
s 27 S o
> ® 2 84
=
&
o
8
2
8
2 o x =
% S 4
@ ° — m=39894 — ] m=3450.35
o ° —— m=4908.34 — — m=501811 —
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Clusterized behavior when adjusting Volln

(Left) Non-adjusted, (Right) Adjusted
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High-resolution Subplate
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Section 4

High-resolution Subplate

Supervised by HyukJin Yun (PhD)
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High-resolution Subplate
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Overview

Subplate (SP) in fetal brain is a transitory compartment? that lasts until 31

weeks of gestational age (GA)**, and it is critical for brain development®,

cortical circuitry and structure®®.

Objective

e Upsample and auto-smooth existing low-resolution (0.86 mm) SP dataset
(n=82) to high-resolution (0.5 mm), via IRTK and Gaussian Smoothing

o Train a high-resolution U-Net model for automatic SP, cortical plate
(CP), and inner part (IP) segmentation

Benefits
@ More detailed delineation of brain tissues such as the SP, CP, and IP

@ More accurate SP volume & thickness

1Serati et al., Neuroscience, 2019

2Kostovic et al., Int. J. Dev. Neurosci., 2010
3Vasung et al., Cereb. Cortex, 2020

“Rados et al., Eur. J. Radiol., 2006

5Allendoefer and Shatz, Annu. Rev. Neurosci., 1994
SLuhmann et al., Front. Neural Circuits, 2016
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High-resolution Subplate
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Procedure

First
@ De-anonymize SP data (n=51) [BCH_XXXX_s1]
@ Search for their native files in Placenta, Normative, CHD, and TMC folders
© Make a reconstruction in 0.5 mm using NeSVoR
@ Upsample, align, and apply BGS to the SP data

@ Train pre-initial model (n=40) by proposing the usage of transfer-learning
on the high-res CP model (n=114)

Then
@ Predict and correct the segmentation of low-quality subjects (n=9)

@ Train transfer-learning initial model (n=49), and predict on misaligned
(n=14) and high-res CP data (n=71) to distribute to other interns

Finally
@ Correct misaligned (n=14) while supervising interns’ manual corrections

@ Train final model (n=120) and test on a multi-site hold-out dataset

Milton O. Candela-Leal FNNDSC & Tecnolégico de Monterrey



High-resolution Subplate
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Flow diagram

High-res CP
Segmentation Shape-based segmentation
- upsampling model
CNN U-net
¢ (Hong et al.,
2020)
Bivariate Gaussian
Smoothing (BGS)
Segmentation > Transfer-learning
i Manual ! /
1 segmentation ——> | __»____} _________ ,
i correction

SP segmentation
U-Net

NeSVoR
(Xu et al.,, 2023)

)

Aligned to low-
resolution MRI

[] Frozen weights
[] Trainable weights

Low-resolution to — Automatic
high-resolution 0.5 mm segmentation model

Milton FNNDSC & Tecnolégico de Monterrey



esolution Subplate
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Bivariate Gaussian Smoothing (BGS)

1 2 1 eyt
G(X,%U)ip = 27{'0’26 20 (1) G(Xayv 7-)—'P = 27[_7_26 2 (2)
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High-resolution Subplate
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Misaligned & bad quality data prediction (n=40)
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High-resolution Subplate
00000080000

Better initial segmentation when using transfer-learning

No transfer-learning (n=40), transfer-learning (n=40), CP model (n=114)

Milton O. Candela-Leal FNNDSC & Tecnolégico de Monterrey July 297, 26 / 46



High-resolution Subplate
00000008000

Model's performance on multi-site testing dataset (n=14)

Dice coefficient

0.94
|

O Cortical Plate
O Subplate
o B Inner Part
&
=

A120 C49 B120 A120_1 A49 c1z0

Model

o A: No transfer-learning C models (transfer-learning)
outperformed A & B (no

@ B: Without low-quality subjects .
transfer-learning) at SP labels

o C: Encoder & decoder pre-trained
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High-resolution Subplate
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Transfer-learning still having benefit in CSF areas

Figure: A120 Figure: C49

Milton O. Candela-Leal FNNDSC & Tecnolégico de Monterrey July 297, 28 / 46



High-resolution Subplate
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Automatic subplate segmentation prediction and surface extraction

- Fetal MRI volume (GA < 32)

—1  sp_predsh - Uses Milton's subplate prediction model
i tomated correction scripts :
CP & SP surface correction fill_holes.py ‘ ‘ smooth.py rm_islands.py | |
- sp_surf.sh - Activate snakemake env
P - Extract inner and outer surface
- From Snakemake's folder structure to
MRI_processing’s folder structure
sp_tidy.sh - Add segmentation
- Add recon
01920
|— 1h.innersp.asc
}— rh.innersp.asc Environment package
f— 1n.um._81920.asc - ~IMRI_processing/milton.candela/pkgs/sp_pkg

f— rh.wn._81920.asc
|— e1926_nuc.nii
L— 1920_nuc_deep_sub

Milton O. Candel FNNDSC & Tecnolégico de Monterrey



High-resolution Subplate
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Subplate surface extraction

Surfaces look similar, but high-resolution SP thickness should be more accurate.

Figure: Low-resolution (0.86 mm) Figure: High-resolution (0.5 mm)
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Section 5

FeTA Challenge @ MICCAI 2024

In collaboration with Andrea Gonové (PhD)
Supervised by Sungmin You (PhD)
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FeTA Challenge @ MICCAI 2024
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Overview

/ FeTA \
Challenge 3

—— :

‘ Tissue Biometry
Segmentation Measurements
Task 1 Task 2 i

| did tissue segmentation while Andrea did biometry measurements.
Segmentation consisted in creating a model that predicted 7 labels:

External Cerebrospinal Fluid
Grey Matter

White Matter

Ventricles

Cerebellum

Deep Grey Matter

©0006060O0CO0C

Brainstem
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FeTA Challenge @ MICCAI 2024
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Main issue

, P ~ \\

/ Site, Vendor & Field strength Training Testing
‘I T, ‘\
| : 1
1 y . A ° 1
[ 1
o B @@ bw b
: ZURICH 3T 15T !
1 1
! priwps| . 1
 @nat. B @@ bw b
, 3T 15T '
B H |
! V SIEMENS : |
! x0 x 40 !
! Centre hospitalier @ @ b é :
: universitaire vaudois 3T 15T 1
1 1

Iy : x0 x 40

| USSF Benioff Chidren's Hospitals (@7 @ @ é é \
| 3T 15T !
1 1
H ING'S !
\ K& o Y : !
\ LONDON : é x0 bXZU !
N - 0.55T )

Testing dataset is composed of multi-site unseen data.
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FeTA Challenge @ MICCAI 2024
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Flow diagram

Native reconstruction Aligned reconstruction Native reconstruction Aligned reconstruction
NUC NUC
Alignment Alignment
(template31) | (template31) [ ]
256x256x256 192x192x192 320x320x320 192x192x192
Alignment Alignment
matrix matrix
Native segmentation L Aligned segmentation Native U Aligned
Alignment Alignment
] (kNN interp) g (kNN interp)
[
Relabeling
: 256x256x256 192x192x192 192x192x192
H Zurich dataset (n=80) dHCP dataset (n=80)
Non-testing dataset Hold-out testing dataset H
Zurch (n=70) Augmentation Loss Performance H
urich (n= i i H
types functions metrics
dHCP (n=70) e
Low ‘ ‘ Dice ‘ Dice | Precision
Training dataset Validation dataset
Zurich (n=63) Zurich (n=7) Medium ‘ ‘ Jaccard Vol Sim. | Recall ‘
dHCP (n=63) dHCP (n=7)
‘ ‘ High ‘ ‘ Tversky ‘ Hausdorff| Jaccard
CNN Model Zoo Training Model Evaluation
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FeTA Challenge @ MICCAI 2024
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Fetal MRI data augmentation

| Augmentation Low | Medium High
rotation_range 15 30 30
width_shift_range 0.1 0.2 0.2
height_shift_range 0.1 0.2 0.2
vertical_flip True True True
horizontal flip True True True
zoom_range 0.1 0.2 0.3
brightness_range [0.8, 1.2] [0.7, 1.3] [0.6, 1.4]
gaussian_noise* [0, 0.1] [0, 0.2] [0, 0.3]
gaussian_blur* 1 2 3

* not in Tensorflow's ImageDataGenerator
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FeTA Challenge @ MICCAI 2024
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Adding the right amount of augmentation

0.06 4 —
O Low
O Med
O High
0.04 —
€ 0.02
Kl
]
8
@
o
3
@
o
a 0.00 4 —
-0.02 4
-0.04 -
W = 2 B E = £
8 [} B 3 E] o] g
5 ] 2 2
= 2 @ c
15} [ Q g
> o o [}
o

Figure: Dice difference when including augmentation at testing Zurich dataset (n=10)

@ Med increased CSF, GM, ventricles, and brainstem differentiation.
@ High augmentation saturated the model, making it incapable of learning.
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Loss functions

FeTA Challenge @ MICCAI 2024
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Dice 20ANB|
N
1= Al (3)
|Al +|B|
Jaccard AN Bl
N
— 4
|AU B| )
Tversky
1 |AN B|

CJANB|+alA\ B[+ (1 — )|B\ A
(5)

Milton O. Candela-Leal

Weighted Dice

23, wi- (AinB)
YL wi- (A B) ©)

1

Where w; is the label i inverse:
@ Volume
@ Posterior performance

W were softmaxed, based on:

Wi

e
oWh=—" ()

Zj:leﬂ'

Where a high v would lead to a more
uniform distribution (low weight effect).

FNNDSC & Tecnolégico de Monterrey



FeTA Challenge @ MICCAI 2024
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Performance metrics

Challenge-specific

Other
Di
ice Jaccard
2|AN B|
DSC(A,B) = —— 8 ANB
AE = S B = GG )
Volume Similarity Precision
Vi — Vo
VS(Vi, Vo) =1—L— 221 (9 Ullis
(Vi,12) viry, O P(TP.FP) = 55 (12)
Hausdorff Distance Recall
dy(A, B) = max{sup d(a, B),supd(A, b TP
H(4. B) {aeA (2.8) beB (4. 0)} R(TP,FN) = TP+ FN (13)
(10)

Milton O. Candela-Leal

FNNDSC & Tecnolégico de Monterrey



FeTA Challenge @ MICCAI 2024
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Loss functions’ performance

All 2D CNN models trained using a single 90:10 random split with axial view
data, 150 epochs, medium augmentation, and no callbacks.
Performance measured on a hold-out stratified dataset (anomaly and GW).

Loss function [ Dice [ Vol S. | Hausd | Jacc. [ Precis. [ Recall || Rank |

hybrid 0.7614 | 0.8980 | 6.7119 0.6479 | 0.7711 | 0.7929 || 3
whyb (7=5) | 0.6700 | 0.8223 | 6.7405 | 0.5347 | 0.7478 | 0.6619 || 7.16
whyb (7=10) | 0.7355 | 0.8765 | 7.3656 | 0.6136 | 0.7605 | 0.7458 || 6.83
whyb (y=15) | 0.7548 | 0.8912 | 7.8590 | 0.6317 | 0.7727 | 0.7704 || 5.16
thyb (a=0.7) | 0.7662| 0.8896 | 7.1658 | 0.6437 | 0.7586 | 0.7997]| 3.66
jhyb 0.7503 | 0.8842 | 7.0448 | 0.6308 | 0.7794 | 0.7591 || 533
whyb (Jacc.) | 0.7662| 0.9067 | 7.4884 | 0.6512| 0.7747 | 0.7853 || 2.66
whyb (Dice) | 0.7654 | 0.8999 | 7.1133 | 0.6483 | 0.7847 | 0.7771 || 2.5

@ whyb (Jacc.) with the highest Dice and Vol S., but a low Hausd
@ whyb (Dice) overall superior performance than hybrid
© Or should we stick to the naive hybrid loss?

Milton O. Candela-Leal FNNDSC & Tecnolégico de Monterrey
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Naive hybrid loss" output was more stable

Figure: hyb
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FeTA Challenge @ MICCAI 2024
0000000000000

Internal dataset validation (hold-out test, Zurich)

Figure: Ground truth
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FeTA Challenge @ MICCAI 2024
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External dataset validation (HBCD, TMC)

Figure: 100.005-1, GW = 31.14
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FeTA Challenge @ MICCAI 2024
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External dataset validation (Placenta, CHD)

Figure: 5437941, GW = 29.7
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000000000000 0e

Difference when including augmentation in BCH data

Figure: No augmentation

Milton O. Candela-Leal FNNDSC & Tecnolégico de Monterrey July 297, 44 / 46



Acknowledgements
e0

Thank you!

Milton O. Candela-Leal FNNDSC & Tecnolégico de Monterrey July 29*", 2024 45 / 46



Acknowledgements
oce

Thank you!

Center Director: P. Ellen Grant

Principal investigator: Kiho Im Interns: Guillermo Tafoya Milo,
Samantha A. Esparza Esparza,
Alejandra Pérez Yanez, Melquisideth
Lagunas Barroso, C. Simén Amador
Izaguirre, Alan J. Rivas Muioz, Alberto

Supervising instructors/post-docs:
Andrea Gonovd, Sungmin You, Ai Wern
Chung, HyukJin Yun

Program_Coordinator: Winona Martinez Hernandez, Servando
Bruce-Baiden Rodriguez Quiroz, José A. Martinez
RAs: Seungyoon Jeong, Enrique Negrete, Pablo Jaquez Vergara

Mondragon Estrada, Jennings Zhang

Milton O. Candela-Leal FNNDSC & Tecnolégico de Monterrey



	Fetal MRI
	Fetal dMRI
	qMRI CHD Classification
	High-resolution Subplate
	FeTA Challenge @ MICCAI 2024
	Acknowledgements

