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Dementia Diagnhosis in MR
with Volumetric Transformers




Early Diagnosis from MRI

. Study on Behavioral Frontotemporal Dementia (ovFTD)
diagnosis from MRI

. Binary classification (ovFTD vs control) from whole-brain MRI
. Volumetric 3D attention models

. Cross-dataset Evaluation
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Evaluation of Input Processing

. T1 Weighted

- modulated (mwp) vs non-modulated (wm)
- whitened vs non-whitened

Region Masking / Selection Model Input Model Input Model Input
' ! * I
o Whole-brain volume as input 4.5

- Frontotemporal Region (FT) as input D‘%‘j

- Several Regions as inputs (ROI)

Volume \Volume Volume
(a) Whole-brain (b) Frontotemporal mask (c) ROIs
Mo dis . o u M " Di Benedetto et al. "Deep networks for behavioral variant frontotemporal dementia identification
|;I| el ormomions A Fasdg o Hmanttics Laboratory from multiple acquisition sources.” Computers in Biology and Medicine 148 (2022): 105937.




Volumetric Models
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Cross-dataset Evaluation

. Datasets
- FTLDNI (110 Control, 50 bvFTD)
o  CMND (24 Control, 30 bvFTD)

. AuROC (train and validation on CMND & blind test on FTLDNI, mean+-std
on 5 runs)

AuROC (%, mean_ ) on FTLDNI and CMND datasets. None = Whole Volume; FT = Frontotemporal Masking; ROI = Per-ROI Processing

Data kind wm mwp

Data crop None FT ROI None FT ROI

Whitening X v X v X v X 4 X v X v
Trained on CMND train split — Tested on whole FTLDNI

Logistic regressor 7715 64,3 81, 65,5 85,3 83,5 73110 78.9 85,19 67,17 88,4

MLP 58,5 75,8 47 56,17 88, 84., 92, 9,5

ConvNet 3D ‘ 75.5 68, 672 73 91,, ' 94,, 94, 90,

ViT 78, 87,2 91, 59,30 84, 9. 90, 91,

MLP-Mixer 70,4 86, 88., 80., 84,5 88,5 95, 91,

gMLP 70,5 88,, 90., 81,, 7741 88, 95., 91,
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Microscopy Cell Counting
under Raters’ Uncertainty




Counting Perineuronal Nets

. Perineuronal Nets (PNNs): structures
surrounding neurons that have a role in
neuroplasticity

. Goal: estimation of density of PNNs in the
brain in “control” and “disease/treatment”
conditions

. Slicing, Staining, Microscopy & Count

. ~60 images with ~120MP
. 2-3 man-months for counting only

. We would want an Al to do the counting
. 2-3 months — several minutes C

. Let's pretend to be a neuroscientist
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gy Ce!nformazione "A. Foedo E and Humanities Laboratory 2022. Learning to count biological structures with raters’ uncertainty. Medical Image Analysis, p.102500.
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Motivation

Manually counting non-trivial biological structures may
produce weak labels, even with expert raters

. agreement is < 70% when counting PNNs

Training Al on weakly labeled datasets may introduce
raters’ bias into the model

Naive solution: get more reliable labels by averaging
several decisions from multiple raters

- Expensive

- You get small datasets (usually not enough for Al)

use small multi-rater datasets to model uncertainty of
patterns

obtain cell counts at a desired level of certainty
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Our Solution: A two-stage Counting Pipeline

Stage 1:
Localization

(learned from single-rater
weakly-labeled samples)

CONFIDENCE

Filter & Count
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Ciampi, L., Carrara, F, Totaro, V., Mazziotti, R., Lupori, L., Santiago, C., Amato, G., Pizzorusso, T. and Gennaro, C.
2022. Learning to count biological structures with raters’ uncertainty. Medical Image Analysis, p.102500.
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Evaluation

Reduction of Counting Error across
multiple Ground Truth settings

o , o)
66 /0 75 /0 Ground Truth composed by samples found by:
(Pearson’s Correlation between
Predicted Scores and Raters’ Agreement) At least =50% of = 70% of
one rater raters raters All raters
! -20% -59% -70% -73%
I Agreement Agreement Ordinal Rank
D-CSRNet | Regression Classification Regression Learning (19.13 — 14.87) (14.67 — 6.00) (15.80 — 4.73) (13.87 — 3.73)
5 S-UNet FRCNN r=0.46 | r=0.43 r=0.69 r=0.75 r=0.75
r=0.65 r=0.66 | | - =
‘ A Raters’ Agreement
I | 1 1| ] I | ;
14 . I | L I Any > 50% > 70% 100%
1 ‘ ]| 4 ‘ p 2 (a=1) (az4) @=5) @=7
z ! w/o 19.13 14.67 15.80 13.87
g 0+ S AR 19.73 (+0.60) 11.20 (-3.47) 9.53 (-6.27) 7.27 (-6.60)
O I % AC 17.53 (-1.60) 6.00 (-8.67) 4.73(-11.07) 3.73(-10.13)
E 14 1 I , v OR 14.87 (-4.27) 7.00 (-7.67) 5.80(-10.00) 5.13 (-8.73)
| | | 4 RL 16.13 (-3.00) 6.93 (-7.73) 7.67 (-8.13) 6.07 (~7.80)
1 ‘ w/o 10.07 8.67 8.33 6.13
-2 I Z AR 1373 (+367) 10.53 (+1.87) 9.40 (+1.07) 8.73 (+2.60)
| & AC 1127 (+120) 7.00 (-167) 633 (-200) 527 (-0.87)
34 agreement E OR 10.13 (+0.07) 6.40 (-2.27) 5.93 (-2.40) 4.13 (-2.00)
B 1 Nl EEN 2 EEN 3 B 4 B S5 == 6 O 7 RL 9.67 (-0.40) 6.60 (-2.07) 8.00 (-033) 6.00 (-0.13)
W/O rescoring ' w/ rescoring . w/o 89.53 15.67 9.00 8.33
£ AR 89.53 18.33 (+2.67) 12.73 (+3.73) 7.40 (-0.93)
% AC 89.53 16.47 (+0.80) 10.13 (+1.13) 5.53 (-2.80)
BASELINE OURS KLZI) OR 89.53 15.67 9.53 (+0.53) 5.53 (-2.80)
RL 89.53 15.73 (+0.07) 10.33 (+1.33) 5.93 (-2.40)

AR = Agreement Regression. AC = Agreement Classification. OR =
Agreement Ordinal Regression. RL = Agreement Rank Learning.
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Optimized Al for Real-time
Pupillometry
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Pupillometry

. Pupillometry: measure pupil fluctuations over
time; proxy for cognitive/emotional processing

. Alteration in pupil dynamics can be a
translational biomarker for neurodevelopmental
disorders (e.g., autism, Rett syndrome).

. Commercial eye/pupil trackers are expensive
and technical skills are needed (fallback: offline Cognitive / emotional processing
recordings and manual segmentation).

= exploit Al to build a cheap and accessible setup for pupillometry!
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INPUT (CAMERA) INPUT (FILE) MODEL DEMOS

o
M E Y E [‘Enable webcam | [ Choose File | No file chosen [mini-UNet (0.1 MB) v

INPUT PREVIEW OUTPUT FPS: 0.0 (Backend: WebGL) PREDICTION

Period (ms): o)
Threshold: 0.25
i .
A real-time, open source, Vamndog: O

Trigger 3 (E) Trigger 4 (R)

OPTIONS

easy-to-use, portable tool for
pupillometry in online video i ...

ROI

streams and offline x v

Clear on Resume:

re CO rd i n g S . Track Pupil: N:Sanuw
PREPROCESS Y License GPLv3
Contrast: 1.00 <> GitHub Project
. . . Brightness: [ oo | > 021/040 : Sy ,_: 23?2::;9;
Optimized pupil L e i :
segmentation model (0.1TMB) ==

provides fast segmentation
. . . PLOT Auto-Update [] showonly 100 | lastsamples (] Smooth Lines DATA (294) Auto-Update | Update Table || Clear Data || Export CSV
O'F p u p I | S I n d |ﬁe re n t —— pupil-area  —— blink !‘— triggerl —— trigger2 _—— trigger3 —— nger4 timestamp ti;;f;»:; pupil-area blink  px py tl1 t2 t3 t4

2022-06-09T12:02:52.031Z 1625.00 0.6 337.7 216.8 0 0 0 ©
. . 4.000 100% 51 20.253  1533.00 0.6 340.3 217.2 0 © © O
20,355  1490.00 0.0 336.0 217.5 © © © @
scenarios (human & mice R m aamaioe e
I § |[300 - 20.553  1267.60 0.0 315.9 213.4 © 0 © 0
. . =4 g 20,661  1318.00 0.0 314.7 216.8 0 © © ©
g 3 20,775  1255.00 0.0 313.3 217.4 © © © ©
a nd 2 P | | htn N ) 2 |2.000. H 20.888  1236.00 0.6 314.7 218.3 06 0 © ©
. 3 a 211033 1208.00 0.0 317.5 217.6 0 © @ @
& 211142 119300 0.0 315.8 217.3 @ © © ©
1,000 211258 1175.00 0.0 316.4 217.4 @ © © @
21132 1168.00 0.0 318.3 217.2 0 8 © @
211463  1197.00 0.0 317.7 217.2 0 © © @
pr 21i562  1216.00 0.6 317.3 217.1 © © © @
211677  1209.00 0.0 318.3 219.1 © © © © -

Runs in your browser! At Home!  Also in Python/MATLAB environments:

https://www.pupillometry.it/ https://qithub.com/fabiocarrara/meye
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Comparison with EyeLink® 1000
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Architectural Optimization for Fast Pupillometry
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Fig. 2. Effectiveness (y-axis, mean Dice Coefficient, %) vs. Efficiency (x-axis, FLOPs in billions) trade-off of the explored architectures for image segmentation
C when varying the number of encoder/decoder stages s, the convolutional block type £, the number of convolutional kernels in the first stage k. and the network
growing factor ~. Each line represents a class of architectures with a fixed ¢, a fixed k, and an increasing ~ varied in {1,1.2, 1.5}.

Model Pretrain  mean Dice FPS (Webf) FPS (Keras!) FLOPs # Params.
DeeplLabv3+/ResNet-50 ImageNet 80.1% <1 28.7 14.1B 26.8M
DeepLabv3+/Lite-MobileNet-V3-Small ImageNet 69.0% 18.8 34.8 0.3B 1.1M
Ours (s =4, t = conv, k = 16, v = 1.5, a = false) none 84.0% 23.2 452 0.2B 0.03M

T Dell Laptop - CPU Intel® Core™ i7-9750H 2.60GHz, GPU: Intel® UHD Graphics 630, TensorFlow.js Backend: WebGL, Browser: MS Edge 90.0.818.56.

is_eye (%)
£ Ubuntu 20.04 - CPU: Intel® Core™ i9-9900K 3.60GHz, GPU: GeForce RTX 2080 Ti, Python 3.6.9 + TensorFlow 2.4.1.

is_blink (%)

Upx2+Concatim  Dense+Softmax =
GlobalAvgPool—1

N
Conv2D( ]
MaxPool ==

Mazziotti, R., Carrara, F, Viglione, A., Lupori, L., Verde, L.L., Benedetto, A., Ricci, G., Sagona, G., Amato, G. and Pizzorusso, T.
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Evaluation on Mice and Humans

A
VIRTUAL REALITY VR + VISUAL STIMULUS A B 1 o 9
1 — Target (EyeLink »
1000 ms — Target (MEYE) =
— — Standard &
2 Time
} 80%—T——20% g
T / N,
IR LAMP g fm? & 42 200ms g
\ FRAME NN s s 0
o (%)) —
I—|—|Button Press =
a ok
1800 ms
! ; . . ; .
CIRCULAR TREADMILL C D 1 0 Time [sec] 3 -1 0 Time [sec] 3
12
O —
N'O
- 61 Ll =4 1
i a9 A
83 g N o] e Smooth Pursuit
n 5 ¢ -2
= ¥ Standard Target _ A () |
2N o N '_12 5 8 deglsec
N @ N O «
-4 B 5 g a5 ¢ S,
1 =0 =3 S <1
61 a v R ° S
S5 N a = 01 B 1
>, = = 0te 2 S
'5 g 12Standard Target E_' Saccades
S8 " 1Y Lo Jro8s” S By
S A ‘ \ d J = (',;l) ] o ) . 0
| = (]
Q3 e
=50 o ag | —
- o
Time [sec] R 0 MEYE 12 0 Time [sec] 30
ENR Pupil Size

dell'lnformazione “A. Faedo

m Istituto di Scienza e Tecnologie Artificial Intelligence for Media Mazziotti, R., Carrara, F, Viglione, A., Lupori, L., Verde, L.L., Benedetto, A., Ricci, G., Sagona, G., Amato, G. and Pizzorusso, T. 25
E and Humanities Laboratory 2021. MEYE: Web App for Translational and Real-Time Pupillometry. Eneuro, 8(5).




Our Solution: A two-stage Counting Pipeline

< K Y >
Stage 1: Localization Location Set L
3
Stage 1: 7 g p= (%, ¥)

i i Localization 2= 22
Localization calzt Sl e
(learned from single-rater § Pe=(Xe ¥o)
weakly-labeled samples)

o o

- - ;
Stage 2: Scoring  Scored Location Set LS\

&
Scorer
Module

Filter &
Count

CONFIDENCE
> Three localization strategies fs: > Four scoring strategies gs:

. Agreement Regression (AR)
Detection (FRCNN)

. Density Estimation (D-CSRNet)

Agreement Classification (AC)

Filter & Count

Agreement Ordinal Regression (OR)

Segmentation (S-Unet)

Agreement Rank Learning (LR)
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Stage 1: Localization

Image / Stage1 Localization N Location Set L (stage 2: Scoring Lmslg:es‘;us ) Detection (FRCNN)
8 . = s
IREE & . [ Frers | 3 Localization
; § Py = (%0 ¥) Scorer <5, ™ c . Density Estimation (D-CSRNet)
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. : 4 m Segmentation (S-Unet)
. Detection (FRCNN) 2. Density Estimation (D-CSRNet) 3. Segmentation (S-Unet)
| | e di Scienza e Tecnologie m@ar{a«augEMTm@m}V Mazziotti, R., Lupori, L., Santiago, C., Amato, G., Pizzorusso, T. and Gennaro, C. 27
delliformazione °A Foedo 2022 Erﬂiﬁ*gfw tountbiological structures with raters’ uncertainty. Medical Image Analysis, p.102500.




Stage 2: Scoring

Agreement Regression (AR)

Stage 1: Localization

Image / Location Set L

P, =X, ¥,)
Py = (X ¥
Pe = (. ¥o)

1

7
Localization
Module

Merge Patches

(Stage 2: Scoring

Scored
Location Set L

Agreement Classification (AC)

‘ 4 Scoring
Strategies (go) .

. ‘ Agreement Ordinal Regression (OR)

1. Agreement Regression (AR) 2. Agreement Classification (AC)
CLASSES:

O nobody would

label this - 0 out of 7 would label this

-1 out of 7 would label this

- 6 out of 7 would label this

1 everybody

would label this - 7 out of 7 would label this

Agreement Rank Learning (LR)

3. Agreement Ordinal Regression (OR) 4. Agreement Rank Learning (LR)

Ooutof7 1outof7 7outof7
0 0out of 7 sample sample sample
1outof 7 .
6 out of 7
1 7 outof 7
Model learns thresholds during training
‘ < Y < . <Y _
nobody would everybody
label this would label this

Model is penalized during training if
scores are not sorted properly.
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