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Artificial Intelligence in Medicine
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What happens when diagnosis is automated?

By Siddhartha Mukherjee

Al Is Continuing Its Assault on Radiologists D E E P

A new model can detect abnormalities in x-rays better than radiologists —in some parts of the

body, anyway.
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Artificial Intelligence in Medicine
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Artificial Intelligence in Medicine

OThey should stop training radiologists now.O
Geoffrey Hinton (godfather of deep learning) in 2017

“To the question, will Al replace radiologists, |
say the answer is noEO

L

OE but radiologists who do Al will replace
radiologists who donOt."
Curtis Langlotz in 2017
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Machine Learning Plays Central Role at - @
.-'\ y

RSNA 2017

BY MIKE BASSETT

Langlotz

Machine Learning (ML) and the role it will play in the future of radiology will
be central to a broad scope of programming at RSNA 2017.



. _ Bridging imaging and genomics data: ¢
biobank UK Biobank

Improving the hea'th of fsure generations
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biobank’ UK Biobank: Imaging

Improving the health of fture generations
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Automated Quality Control

Automated

Quality Control

Quality Checks

Heart Coverage Estimation

Images Trained Models

Quality metrics:

» Coverage [%]

» Basal gap [mm]
+ Apical gap [mm]

Inter-slice Motion Estimation

Quality metrics:

* Avg misalignment
[mm]

« Basal, mid, apical avg
misalignment [mm]

Cardiac Image Contrast Estimation

Quality metrics:

« Avg contrast [%]

» Basal, mid, apical
avg contrast [%]
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Deep learning for image segmentation

L] Convolution + RELU  [] Transposed convolution

B Max pooling B Softmax Skip layers
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Deep learning for image segmentation

¥ Fully connected networks (Long et al., 2015)

¥ Manual annotations of 4,872 subjects (QMUL/Oxford) with 93,128
pixelwise annotated 2D images slices

¥ Divided into training/validation/test: 3,972/300/600

Petevsen ef ol Jowna! af Cardivsascalor Magnent RBesonance (201711918
e botousteskahpdenes) Journal of Cardiovascular

Magnetic Resonance

RESEARCH Open Access

Reference ranges for cardiac structure and @
function using cardiovascular magnetic

resonance (CMR) in Caucasians from the UK
Biobank population cohort

Steffer £ Petersen |, Nay Aung’, Minir M. Sangbvi |, Filic Zemrak |, Kerneth Fung |, Jose Migue! Paiva
lare M. Fraras’, Mohammed Y. £hanj, Elena Lukaschuk®, Aaron M. Lee’, Valentina Casapella’, Young Jir <im*-,
Paul Leescn’, Stefar K. Piechnik” and Stefan Neubauer”




Deep learning for image segmentation

¢

SA, basal SA, mid-ventricular SA, apical

LA, 2 chamber LA, 4 chamber =(" $*()4*?8@A*BCDE



Evaluation of segmentation accuracy
Comparison to expert observers

€

(a) Absolute di ! erence

Auto vs Man|[ O1vs 02 02vs O3 O3 vs
(n=600) || (n=50) (n=50) (n//
LVEDV (ML) | 61253 |l 6.1 44 8es X
LVESV (mL) 53449 4.1, 4,
LVM (gram) 6.9:55 4.2, 3
RVEDV (mL) 8.5 471

RVESV (mL)

02 02vs O3 O0O3vs Ol
(n=50) (n=50) (n=050)

| 42,3, 6.3: 33 3.4: 2
6.8: 7.5 12.5. g5 11.7: 51
4.4, 33 6.0: 3.7 6.7+ 46
8.0: 50 4.2:31 5.7: 356
30.6.155 10.%g3 1699

ESV (%) | 11.8.152
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Deep learning for image segmentation

o
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Biomechanics-informed myocardial motion tracking @
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Biomechanics-informed myocardial motion tracking ¢

———————————————————————————————————————————————

/" (a) Biomechanics b 7 (b) VAE regulariser L
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Cardiac motion tracking and motion analysis using
Image registration
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Automated Quality Control ¢

for Image Segmentation
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Al-enabled UKBB cardiac image analysis pipeline:
Image derived phenotypes (IDPs)

Women (n = 13,969)

Men (n = 12,924)

Left ventricle
LV end-diastolic volume (mL)
LV end-systolic volume (mL)
LV stroke volume (mL)
LV ejection fraction (%)
LV cardiac output (L/min)
LV myocardial mass (g)
LV wall thickness (mm)
Global peak straiftc: (%)
Global peak straitk,; (%)
Global peak straifk;; (%)
Right ventricle
RV end-diastolic volume (mL)
RV end-systolic volume (mL)
RV stroke volume (mL)
RV ejection fraction (%)
Left atrium
LA maximal volume (mL)
LA minimal volume (mL)
LA stroke volume (mL)
LA ejection fraction (%)

129.5 (22.5)
50.5 (12.6)
79.0 (14.4)
61.1 (5.6)
5.0 (1.1)
70.9 (12.2)
5.2 (0.5)
-23.3(3.1)
47.4 (7.9)
-19.1 (2.7)

134.2 (24.3)
54.9 (13.4)
79.3(15.1)
59.3 (5.7)

67.6 (19.2)
26.5 (12.0)
41.1 (10.1)
61.9 (8.6)

168.8 (32.1)
71.5 (19.4)
97.3(19.3)
57.8 (6.1)
5.9 (1.3)
102.9 (18.3)
6.2 (0.7)
-21.1 (3.3)
42.2 (7.8)
-17.8 (2.6)

181.3 (33.3)
81.4 (19.4)
99.9 (20.0)
55.2 (5.9)

78.7 (25.8)
32.4 (17.9)
46.3 (12.7)
60.5 (9.7)

Women (n =13,969)

Men (n =12,924)

Right atrium

RA maximal volume (mL)

RA minimal volume (mL)

RA stroke volume (mL)

RA ejection fraction (%)
Ascending aorta

AAo maximal area (mrf)

AAo0 minimal area (mrf)

AAo distensibility (10 2 mmHd 1)
Descending aorta

DAo maximal area (mi)

DAo minimal area (mrf)

DAo distensibility (10 3 mmHd 1)

75.2 (19.5)
38.1 (12.5)
37.1(11.1)
49.5 (8.8)

775.9 (156.0)
703.3 (155.1)
1.9 (1.5)

421.4 (71.0)
368.3 (68.3)
2.5 (1.7)

97.8 (29.8)
54.7 (20.8)
43.1 (14.4)
44.6 (9.0)

925.3 (189.5)
841.8 (185.9)
1.9 (1.2)

529.5 (91.6)
468.2 (87.3)
2.5 (1.4)
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Associations of selected IDPs with sex and age

LVM (g) LVEDV (mL) LVEF (%) RVEDV (mL) RVEF (%)
140
250 250 1
80 A 80
120 4
200 200 70+
100 :
80 1 150 A 150 1 60 *
60 100 1 100 - 501
R 404 40 41
49 50 1 50
40 50 60 70 80 40 50 60 70 80 40 50 60 70 80 40 50 60 70 80 40 50 60 70 80
Age (yr) Age (yr) Age (yr) Age (yr) Age (yr)
LAV max (mL) LAEF (%) RAV max (mL) RAEF (%)
140 { 80 140 5o
120 4 1204 60
100 197 ' 100 §
50 1
60 80 1
40
60
50 30+
40 A
40 A ]
20 20 A 20
40 50 60 70 80 40 50 60 70 80 40 50 60 70 80 40 50 60 70 80
Age (yr) Age (yr) Age (yr) Age (yr)
AAo max area (mm?) AAo distensibility (10~° mmHg™') DAo max area (mm?) DAo distensibility (10> mmHg ')
1200 4 4 700 A 5
1000 4 3 600 1 4
3
800 2 500 A
2
600 . 400 —
B —— Women
400 § 3001 8 —— Men
40 50 60 70 80 40 50 60 70 80 40 50 60 70 80 40 S0 60 70 80
Age (yr) Age (yr) Age (yr) Age (yr)
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Associations of cardiac and aortic IDPs with
common diseases

Hypertension *% *% k% *k *k ok *% *k

*ok *k *k *ok * *k

Hypertension
Odds

High cholesterol - ratio. - High cholesterol -

[
091(;3)0

Cardiac disease Cardiac disease

1.4
PVD PVD - -2
Diabetes - -1.2 Diabetes - -
-—4
Stroke- * * Stroke -
-1.0
Asthma - 2 * * o Asthma - 6
COPD- . . & < 0.8 COPD -
B hiti £ itis - -
ronchitis - 0.6 Bronchitis 8
Parkinson's Parkinson's -
0.4 . -—-10
Dementia Dementia -
Depression - o Depression -
\}l"\ \}lg()\‘ \ﬂﬁ‘l‘?\q«oo\‘?\qé‘ \} «\a"‘PS'f‘ 3(%\6@‘\ ,O(%\(,‘e“‘ \ﬂ‘l\ & \,q?f( J&° \16 \} (03"‘??3 Lo 6\‘"@(\ a*f&%\(,@(\
o
00 R o T 150 R o
(a) Odds ratios. (b) P-values.
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Phenome-wide association study
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Non-imaging phenotypes
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Data visualisation

¥ Website (https://heartvis.doc.ic.ac.uk/) for
Interactive exploration and visualisation of

P cardiac and aortic IDPs
P correlation to other information

{0} @ heartvis.doc.ic.ac.uk

# Home

Phenotypes

€ 3 C @ matvsdocicacuk t %

Phenome-wide associations
HeartVis # Home Phenotypes  Phenome-wid FOICEs ERacH i

rrelations

Cardiac and Aortic Imaging Phenotype Explorer

Introduction Cardiac and Aortic

The primary aim of the website is to support the visualisation of cardiac and aortic imaging phenotypes derived from UK Biobank cardiovascular magnetic Imaglng PhenOtype
resonance (CMR) images for over 26,000 subjects and to enable the exploration of their links to other non imaging phenotypes. These phenotypes Explorer
characterise the structure and function for the four cardiac chambers and two sections of the aorta, including the left ventricle (LV), right ventricle (RV), left
atrium (LA) and right atrium (RA), the ascending aorta (AAo) and descending aorta (DAo)

The CMR imaging data is available from the UK Biobank and acquired following a standardised imaging protocol (Petersen et a R 2016). The imaging
phenotypes are derived using an automated image analysis pipeline, followed by manual quality control. The analysis pipeline consists of several parts,

Introduction

including performing segmentation on short-axis, long-axis and aortic cine images using convolutional neural networks (Bai et al. JCMR 2018, Bai et a

MICCAI 2018), evaluating volumetric measures and myocardial wall thickness, performing motion tracking using image registration, evaluating strains etc % > :
The myocardial wall thickness and strains are evaluated both globally and regionally for each AHA segment. The primary aim of the website
The visualisation results are organised into three parts: “Phenotypes’, “Phenome-wide associations” and “Correlations”, explained below. You can go to isto support the visualisation
each part by clicking the corresponding tab at the top of this website. Of cardiac and aortic imaging

phenotypes derived from UK

Phenotypes

The distribution of each imaging phenotype. It also visualises the sex and age-specific distribution



https://heartvis.doc.ic.ac.uk/

€ 2 C & heartvisdocicacuk

HeartVis # Home Phenotypes Phenome-wide asscciations  Correlations
Phenotype distribution
26,893 subjects
Select an imaging phenotype: B B
LVEDV (mL) v
Sex
. Al
Males
Females
€ 9 C & heatvisdocicacuk * %
Age range:
Q o HeartVis # Home Phenotypes Phenome-wide asscciations  Correlations
Choose an Imaging phenotype: 500 | o
LVEDV (mL) - |
250 300
LVEDV (mi) PO
‘Choose a non-imaging phenotype: -
Diabetes (20002-2.0) > -
E’ 300
Adjust for confounders (sex, age, weight. neight, systolc bicod >
pressure and diastolc biood pressure). This Is appicable ¢ the ]
NEr-Imagng FRANCtype s 3 CONLINLOUS Varadie 3 .
€ 3 C @ heovisdocicacik
100
HeartVis # Home Phenotypes Phenome-wide associations  Correlations
0 1
Diabetes (20002-2.0)
Choose an imaging phenctype:
LVEDV (mL) .
The data code of Diabetes (20002-2.0) is described here.
Choose a non-maging phenotype:
8irth weight (20022:0.0) -

Adjust for confounders (sex, age, weight, height, systolic blood
pressure and diastolc blood pressure). This is sppicable ¥ the
non-maging phenctype is @ Continuous varkbie.

LVEDV (mL)

150

Birth weight (20022-0.0)

The data code of Birth weight (20022-0.0) is described here
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https://heartvis.doc.ic.ac.uk/

Genetic and functional insights into the fractal structure
of the heart

a b
Segmentation Edge detection Box counting
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Genetic and functional insights into the
fractal structure of the heart
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Al for decision support:

Survival prediction

Slice position

LTI,
AL 4 A &4

e ePPPPPEP

¢ RV blood pool * RVwall ¢ LVblood pool - LVwall

Cardiac phases

Imperial College
London
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Deep learning for decision support:
Survival prediction

Learning compressed representations

3D cardiac models : rica ; Conventional MR parameters
of motion predictive of survival i
i Logrankp = 0173
Survival loss: % v
S £
f \W _g 0s0
Frame 1 / 1 s
nme(owars)
Frame 2 v J No st isk
4
. Machine learning motion analysis
: B
100 Logrank p <.0001
Frame 20 v y <
4 /‘) J z,?
' 1 ENCODER DECODER | z
’ + 50
§
) b

Time (years)

Imperial Coll “
Log?i on = MRC

London Institute

of Medical Sciences :$))5*$'*O>*H(I7%$*@('<"&$*2&l$))"1$&'$*BC




Challenges
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WhatOs next?

The revolution will
not be supervised



BC'-*22$%

1&;'D"E*.
F%3%$%&$'B"#G"$
D*72"%HI9*+"%
<31"#3'5$$J
K&/*"J&'<1L1J&
M"12'8C'8"33N*E.’
F'#3$%'8C")**
0"4'F1%+
P2*%™1J".7N1J
8&N&#'8C'<"%+NG&'
Q&2&="R*;#"J
S*%%*3N'Q1%+
T$.#'8&+1*2'M"&G"
U"2*%3&%"#"'=*22"
V$1%+T&IBE;
<3*66*%'PC'M*3*#.*%

IN&.'#* *"#TN'N". ' W**%'7$%/173*/";"&%24'1.&%+'3N*'XS--'9* $1#7*'1 Y%/[*#'F==2&7"3&$%'O1L,W*#'>AYZC'IN*&%&3&"2".3"+*'$6'3N*"
#* HTN'E"."7$%/173*/'1.&%+'3N*'XS--'9* $1#7* 1%/*#' F==

Acknowledgements

<3*6"%'SC'M&*7TN%&J
<3*6"%'O*1W"1*#
| F1#+2&*% -1.38&%
B&12&"B&%";&
B".3"$ 5#1L
P BGHE"
*G6&J QC".;"&2
H#'0%'9" N&/
9"/N$1*%* O*]&
52"1/&" M#&*3$
9*06*'8C' -$3%"#
T$K"%"2
8"#4'913N*#6$#/
D"G&/'PIE"#.
<SHPFOL" 5$1%6.%22
F9%3N$%4 MHE&7*
9*L"9"L"G&

287"3&$%'O1:W*# @[\Y\C



