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ENHANCE DECISIONS IN DEVELOPING NATIONS

e Developing nations (80% of world's population) rely on older low-field MRI












DATA HARMONISATION

 Enable large scale multi-centre
studies and acquisitions

e Normalise data across various
scanner models, makes ana
acquisition parameters

e Enable re-use of old data from

TAIgss phased out scanners

Scanner

e Facilitate longitudinal studies

Scanner-3



Multi-shell input Single-shell input

IQT-GL IQT-RF




High-res gold standard Low-res input Interpolation Random Forest QT
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SUPER RESOLUTION

e Random Forest IQT

e Bayesian RF IQT: Introducing Uncertainty

* Deep Learning IQT with Uncertainty



PIPELINE OVERVIEW

* [raining:
» Begin with HIGH-quality data (HCP dataset)
» Synthetically downsample to create paired low-quality / high=guality dataset
» Learn mapping from low-quality —> high-quality

e [esting:

» Apply mapping to test (low-quality) data to enhance quality









PATCH BASED REGRESSION

Down_sampled 4. --------------------- Original
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PATCH BASED REGRESSION

Down-sampled - Original
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Input|

¢6 X (2n+1)3

6 x (2n+1)3

HCP data
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PATCH BASED REGRESSION

Down_sampled 4. --------------------- Original
HCP data :

El £l

¢6 X (2n+1)3 6 x m3
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x € RViPl — y(x) € RNnPr
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PATCH BASED REGRESSION

Down-sampled <

o]

Input|

HCP data

¢6 X (2n+#)3

Original

£l

6 x m3

6 X (2n+1)3

!

6 X m3

6 x (2n+1)3

6 x m3

Regression:
eRandom Forest
x € RNVirr y(X) € RNRPH [ALEXANDER 2017]

*Deep Learning
[TANNO MICCAI 2017]
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~ RANDOM FOREST QT e

u i c I :
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» Decision Tree
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RANDOM FOREST QT aexanoer 2014, 20171

D = {Xi7Yi}\D\ i
— D U Dy MX =Y

e Decision T
ecision lree { Features: By, Fo o Fii€eR

Thresholds:  71,72,..., 7; SN
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RANDOM FOREST QT aexanoer 2014, 20171

D& {Xi7Yi}\D\ VX —V

e D T T %
% B WS Features: L, £, Fj e R
(GlObé\{Llnear) ................. ;/ \ ThreShOldS 7-17 7-2, -7 ,7_] 6 R
Information Gain (training): D, @ Dpg

]() — ]L — ]RI ]() — 2|T‘ logdet(S)
S=(Y -MX)T(Y — MX)
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RANDOM FOREST QT aexanoer 2014, 20171

D3 {Xi>Yz'}\D\ VX —V

e Decis| T = DT U DV
ecision Tree ? L { Features: Fi,Fo . Fii €R
(GlObé\{Llnear) ................. ;/ \ Thresholds 7_17 7_2, = 7-] E R
Information Gain (training): D, @ Dr Split test (validation);

>
Io— I — Ig, Iy = 2|T|logdet(S) Ep<Epd P T Z:lv: yi — Mx;|
S=(Y -MX)T(Y - MX) Eer =20 |y = C(Mr, MR)x||
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RANDOM FOREST QT aexanoer 2014, 20171

D& {X27YZ}\D\ MY =V

e Decis| T = DT U DV
ecision Tree T W { Features: Fi, Ko Fi €R
(GlObé\{Llnear) ................. ;/ \ ThreShOldS: 7_17 7_2, 7 7_] E R
Information Gain (training): Dkg Split test (validation):
_ Wl .
Io—1Ip — I, Iy = 2|T\1ogdet / \ Eip<Epd EP T Iy M|
S (Y MX gLR — 1 yi—C(ML,MR)XZ'H

)
/\
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RANDOM FOREST QT aexanoer 2014, 20171

D = {Xi7Yi}\D\ i
— D U Dy MX =Y

e Decision Iree

M |
(Global Linear) / \

Features: N, Tosae e —E 1R
Thresholds:  71,72,..., 7; SN

Information Gain (training): D, @ Dr Split test (validation);
o, _ Ep =20 lyi — Mxi|
lo — Iy — Igr, Io = 2|T|logdet(S) Err < Ep, 1%
S=(Y -MX)T(Y - MX) Eer =20 |y = C(Mr, MR)x||

e Random Forest: 8+ decision trees
(Patch library from 8 subjects)
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RANDOM FOREST QT aexanoer 2014, 20171

D = {Xi7Yi}\D\ i
— D U Dy MX =Y

e Decision Iree

M |
(Global Linear) / \

Features: N, Tosae e —E 1R
Thresholds:  71,72,..., 7; SN

Information Gain (training): D, @ Drg Spiit e S .
>
]O_[L_IR, IO:2|T\logdet(S) Erp < Ep, Ep — |1V| yi_MXiH
S=(Y -MX)"(Y - MX) Eer =30 lyi = C(Mp, Mp)xi|
* Random Forest: 8+ decision trees * Features up to 23 (DTI):
(Patch library from 8 subjects) » Eigenvalues of diffusion tensor

» linearity, planarity, sphericity

»  Means of the features over patch

11
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TREE VISUALISED
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TREE VISUALISED
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TREE VISUALISED
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TREE VISUALISED
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Original Downsampled Linear interp. Cubic interp. Global linear (HCP) Random forest (HCP)
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Original Downsampled Linear interp. Cubic interp. Global linear (HCP) Random forest (HCP)
" Monkey recon

Cub. Interp
Lin. IQT (HCP)
RF 1QT (HCP)

RF IQT (LS)
RF IQT (MKY)




TRACTOGRAPHY iaexanoer 2017

>

-xtension from DTl to I\/IAP—I\/IRI #n

e Tracing 4 pathways:

Original

cortical hand area to:
» thalamus
» brainstem
» spinal cord
» putamen

-
o
g ©
0
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e
£

e Tractography separates tracts
» in 1.25mm but not in low-res (2.5mm)

or linear/cubic interpolation
» but again in IQT super-res

Random Forest
Regression
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TRACTOG RAP HY [ALEXANDER 2017]
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BAYESIAN RF 1QT: INTRODUCING
UNCERTAINTY



(LOCALLY) BAYESIAN RF QT o 2014

e Uncertainty estimation from a (locally) Bayesian interence

e Bayesian linear model at each node:

y = Mx+n P(M||a):N(M|,a_1[)
P(n|B) =N(n,871)

17
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e Predictive variance for uncertainty quantification:

20 0 20 40 20 0 20 40
X X
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(LOCALLY) BAYESIAN RF QT o 2014

e Uncertainty estimation from a (locally) Bayesian interence

e Bayesian linear model at each node:

y = Mx+n P(M||a):N(M|,a_1[)
P(n|B) =N(n,871)

e Predictive variance for uncertainty quantification:

Bayesian

distance from variability in 20 0 20 40 20 0 20 40

X X
training data training data
17



RESULTS

9.5
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=
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—o— Tricubic interpolation
o 3 - spline interpolation
+ Linear regression (LR)

—o— Bayesian regression (BLR)
7— QT
o— BIQT

4
Size of training data x10°
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RESULTS

9.5

—o— Tricubic interpolation
o 3 - spline interpolation
+ Linear regression (LR)
—o— Bayesian regression (BLR)
7— QT
o— BIQT

‘0
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=
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4
Size of training data x10°

M=YXT [XXT ¥ %1)_1
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RESULTS

Uncertainty

(b) Original IQT
' x10%

©
o
o

—o— Tricubic interpolation
o 3 - spline interpolation
Linear regression (LR)
—o— Bayesian regression (BLR)
7— QT
o BIQT

w
Number of voxels

o N A O

oe]

1'_01
N
=
E
Ll
W g5
=
o
-
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o
o

N
Number of voxels

Uncertainty
Number of voxels
o N A OO

o

2 3 4 - | & 2 ! .. 3 %ariance4 4
Size of training data x10° . Variance 154 e %10
g 0

L
M=YX?T (XXT + %I) Uncertainty correlates with accuracy
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DEEP LEARNING QT WITH
UNCERTAINTY
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BASEL‘NE NETWORK [TANNO MICCAI 2017

low-res

Y

ESPCN = Efficient Subpixel Convolutional Network  isHicver 2016]

r’ channels HR image
sH =8 =N 5N SN =N oN
i o
R

i [ TE i E
- | ] . - ]
i = & Il = :

¥ = | - rm— = = ==
| = e sy
— ] 1o .

1 i : [ ] :
ro g | v BE L
|

Conv + Shufttle = deconvolutioni(learned)

high-res
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U N C E RTA‘ N TY [TANNO MICCAI 2017]

Intrinsic Uncertainty Parameter Uncertainty

low-res, x high-res, y

L

22



U N C E RTA‘ N TY [TANNO MICCAI 2017]

Intrinsic Uncertainty

low-res, x high-res, y

Low-res input

19U ueaw

shuffle
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U N C E RTA‘ N TY [TANNO MICCAI 2017]

Parameter Uncertainty

e Approximate (intractable) posterior with a tactored Gaussian distribution

p(@‘p) ~ qu(6’) [KINGMA 2015]

using variational dropout where dropout rates are learned

24



U N C E RTA‘ N TY [TANNO MICCAI 2017]

Intrinsic Uncertainty Parameter Uncertainty

low-res, X high-res, y

Heteroscedastic + Variational dropout

e Predictive distribution:

J Ny 1oy, X6, (X)) - g (0)db

Low-res input

WOA0IA TN
Yo Ly
1
&g
=
t': : -"-, .-e i,f ' =
19U ueaw

-1
Q
<
o)
b
Q
-
a
M
=
M
-+

e Mean & Uncertainty (variance)

Aurepsoun  uonoipasd HH

from dropout sampling
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RESULTS

Interior

Exterior

Models

CSpline

IQT-RF

BIQT-RF
3D-ESPCN/(baseline)

Unseen HCP cohort:
similar

demographics, protocol

HCP (interior)
10.0694+ n/a

HCP (exterior)
31.738L n/a

23.139 £ 0.351
23.110 = 0.362
13.909 £ 0.071

6.974 1= 0.024
6.972 + 0.069
6.378 = 0.015

Unseen Litespan cohort:
different
demographics, protocol

Life (interior) Life (exterior)
32483+ n/a  49.066+L n/a

10.038 = 0.019  25.166 + 0.328
9.926 +0.055  25.208 =+ 0.290
8.998 £0.021 16.779 & 0.109



RESULTS

Interior

Exterior

Models
CSpline

IQT-RF
BIQT-RF
3D-ESPCN (baseline)

Improvement

Unseen HCP cohort:
similar

demographics, protocol
HCP (interior)

HCP (exterior)

10.069+ n/a  31.738+ n/a
6.974 = 0.024  23.139 £ 0.351
6.972+0.069 23.110 + 0.362
6.378 £0.015  13.909 £ 0.071

9% 43%
Faster!

Unseen Lifespan cohort:
different
demographics, protocol

Life (interior) Life (exterior)
32483+ n/a  49.066+L n/a

10.038 = 0.019  25.166 + 0.328
9.926 + 0.055  25.208 =+ 0.290
8.998 £0.021 16.779 £ 0.109]

10% 33%



RESULTS

Unseen HCP cohort: Unseen Lifespan cohort:
Interior similar different
demographics, protocol demographics, protocol

Models HCP (interior) HCP (exterior) Life (interior) Life (exterior)
CSpline 10.069+ n/a  31.738+ n/a 32483+ n/a  49.066+L n/a

IQT-RF 6.974 = 0.024  23.139 £ 0.351 10.038 = 0.019  25.166 + 0.328
BIQT-RF 6.972 +0.069  23.110 % 0.362 9.926 +0.055  25.208 =+ 0.290
3D-ESPCN(baseline)  6.378 =0.015  13.909 £+ 0.071 8.998 =0.021 16.779 = 0.109

Hetero-CNN 6.294 + 0.029  15.569 = 0.273 8.986 =0.061 17.716 == 0.277
6.304 = 0.015 13.824 - 0.031 &.973+0.024 16.633 =0.053
6.396 = 0.008 13.846 £ 0.017 8.9821+0.024 16.738 = 0.073

Hetero | Var.(I) 6.291 + 0.012  13.906 + 0.048  8.944 +0.044 16.761 + 0.047
6.287 + 0.029 13.927 + 0.093 8.955 + 0.029  16.844 =+ 0.109

Extz:ior . Best - Second

Top models quantify uncertainty




HR Prediction RMSE Uncertainty
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Clinical image After Super-res Uncertainty high
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» Patch based regression _ (g
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o RF IQT:

» Patch based regression
» Can meaningfully segregate brain patches
» Able to successfully super-resolve and is generalisable (monkey brain results)

» Improves tractography

* [ocally Bayesian RF |QT:

» Better reconstruction accuracy than regular RF |QT
» Uncertainty correlates well with reconstruction error

» Uncertainty flags pathology (MS, tumour) consistently

30
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e Deep Learning IQT:
»  Generalises 3D ESPCN (computationally efficient SR network)

» Intrinsic and Parameter Uncertainty modelled using Heteroscedastic noise model and

Variational dropout using a dual-network architecture
» Even a simple baseline model (3 hidden layers) outpertorms RF based regression
»  Top models quantify Intrinsic + Parameter Uncertainty

» Predictive uncertainty flags pathology and can be used as a safeguard

e Perspectives and Challenges:

» Quantify performance in abnormal tissue (comparison with other methods requires data)

» Explore other problems (parameter mapping, data harmonisation, etc...)
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