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Conspectus: The subdisciplines of “I am:Intelligence Augmented Medicine”) are Pulmonology,
Cardiology, Neurology, Gynaecology,Venereology,Urology. Hepatology, Ophthalmology,
Dermatology, Oncology and so on. In the current news item, the diagnosis and treatment of
pulmonary diseases using Al in clinical front are considered. = The ailments covered under
Pulmonologyare Covid-19, Pneumonia, TB, pulmonary nodules/ cancer /edema, ARDS, pulmonary
artery hyper tension (PAht), focussing on Al assisted protocols in the diagnosis/prognosis/
intervention procedures. The medical instruments like x-ray, CT, Contrast-enhanced-CT, MRI (LGE;
SPECT), CT-pulmonary-Angina generate data of high information content.

This news article “Fits ([Figure, Fact, False],[Image; Information],[Table;Tensor;Truth],[Script
;Sound; Science]...) Base” is a passive information report containing numerical data, figurative
information, digital images, scripts of knowledge/conclusions etc. In our laboratory, an active form
of FitsB is under feasibility study for search, distillation of knowledge, generation of intelligent
sparkles in Medicine, Speciation, kinetics and environment.

The earlier News reports (CNNs)in the series dealt with AIM (Artificial Intelligence in Medicine)
with methods and applications.  The Future-of-state-of-knowledge of dealing with pulmonary
diseases encompass right combination of Al output and expertise of Pulmonologist.

Keywords:Atrtificial intelligence (Al); Medical diagnosis; Pulmonology;
CNN : [C [Computations; Computer; Chemistry] NN [New News; News New; Neural Nets; Nature
News; News of Nature;] ]

Covid-19 disease
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Overall Study Methodology

Data Collecti Data Pre-p ing Task 1
- » Cough —* Feature Model Training and
z b > . . .
o= » Segmentation — | E Testing
Cambridge
Ll Task 2
Data —* Overlapping —| Feature Model Training and
Pre-p ing L, Windows _,  Extract > Testing
Coswara

Dataset :
— Data ——* Feature [—* Model Training and
Augmentation — . Extraction 5 Testing
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3 Task 3
Malaysia Task 3.1
Dataset
- Cross Dataset

Model Training—  Task 3.2

—> and Testing. 1
Task 3.3

Overall methods used in the study
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Overall process flow for data pre-processing
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Non-mute sections in audio.
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Sample of “non-mute” sections in cough waveforms
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Filtered non-mute section in audio.
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Sample of filtered “non-mute “section in the cough waveform

MFCC of the cough sound.
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MFCC of the individual cough sound.
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MFCC spectrogram representation of the cough sound (A) and individual cough sound (B).
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[ Convolution + ReLU + Batch Normlization

—3 Max Pooling 2D

3 Dropout

C— Flatten

3 Dense + Dropout +ReLU
1 Sigmoid

Model architecture of the Mini VGGnet
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Waveform of COVID-19 Positve cough sound - Cambridge Dataset
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Wavefwm of COVID-19 Positive cough sound - NIH Malaysia Dataset
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Waveform of COVID-19 Negative cough sound - Cambridge Dataset
100 {
075 {

o
w
&
n

(D)

Waveform of COVID-19 Negative cough sound - Coswara Dataset
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Sample waveforms of COVID-19 Positive and Negative Cough Sounds
v Cambridge Dataset (A and D), Coswara Dataset (B and E), NIH Malaysia Dataset (C to F)

Waveform of two-phase cough sound
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Waveform of three-phase cough sound
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Sample waveforms of individual cough sounds,
v Three-phase (A) and two phase (B).
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u ARDS ML
mTL DL
® Validation m DA
® 3-D Imaging

(d)

(c)
Images of COVID-19 infection:
(@) lung ultrasound (hyper-echoic region of the COVID-19 lung),
(b) chest X-rays (the infected region in the lung), and
(c) lungCT (segmented lung region; courtesy of Luca Saba, University of Cagliari, Italy).
(d) The number of COVID-19 studies involving ARDS, ML, TL, DL, validation, data
acquisition (DA), and 3-D imaging
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{ Included ] [Eligibility J [ Screening] [Identiﬂcation]

27

Records identified through
database searches

Additional records identified
through other sources
(n=1535)

(n=1022)
!

Records after duplicates were

removed
(n=1442)
1

v

Records screened
(n=2399)

A 4

Records after non-Al

paper excluded
(n=1043)

4

Full-text articles
assessed for eligibility
(n=242)
|

Non-relevant articles

| excluded Non-comorbidity

(n=157)

¥

Studies included in
qualitative synthesis
(n=226 )

Records with insufficient
data excluded
(n=16)

Flowchart showing research strategy
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Copyright © AtheroPoint™

Pathophysiology of ARDS after COVID-19 infection,
which consists of six phases: (i) inflammatory phase, (ii) dilatation phase, (iii) edematous phase, (iv)
alveolar collapsing phase, (v) gas-exchange disorder, and (vi) hypoxemia. (Courtesy of
AtheroPoint™, Roseville, CA, USA;)
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27

Clustering of multimeodality artificial intelligence architectures and their salient features.

SoT Reference Modality Imaging Highlight/Objective Architecture Description
SoT-  [147-153, CT [229]: [147, 3D [229]: Multiview fusion [229], Multi-view Resnet50 [229], Custom CNN with attentior
T 239] 148] X-ray [147,148] 2D pyramid network with attention [147], [147], VB-Net [148], commercial deep
[149]: [151] LUS [149]: [150, training using human in loop [148], leamning system by Lunit Inc [149], Spatial
[150]: 151] video-based real time prediction [150], end-  Transformer Net- work [150], ensemble of
to-end DL architecture for semi quantitative  multiple networks (Backbone - ResNet, VGG
prediction COVID- 19 severity [151] D t, Inception; 5 UNet,
UNet+ +; Alignment- Spatial Transformer
Nerwork; Scoring Head-Feature Pyramid
Metwork; Custom Network) [151]
S0T- [152,153] CT [152]): [153] 3-D [153]: Biomarker based model [152], model for Resner34 with logistic regression [152],
= X-ray: LUS: 2D [152]: severity in 3-D lung abnormalities [153] Dense UNet [153]
SoT-  [154-156, 3D [154]:
3 171,173, [173]
174] 2D [171]:
[155157,174]  3-D Convolution Network [154], Resnet50 [154], Custom CNN
CT [154] multi-objective differential [157,171,173], DenseNet [155]
[155,171] evolution based CNN [171], comparison of (AlexNet, VGG-16
ten CNNs [156],
[156,173] weakly supervised DL model [173], VGG-19, SqueezeNet,
truncated InceptionNet [174], modified
DarkNet CNN [157]
X-ray: GoogleNet, MobileNet-V2, ResNet-18,
ResNet-50, ResNet-101, and Xception) [156]
InceptionNetV3 [174]
[157,174]
LUS: NA
SoT- [157] CT [157]: 3-D[157]: ML and DL hybrid necwork for classification  Resnet18 with Gradient Boesting [157]
a WV oammwrs RTA T TIO. T RTA v e — in T1C71

27

| Feature
[ f Engineering- COVID-19
Segmentation Feature Classification and
Selection and Severity Prediction

Image
Acquisition

An online ML-based COVID-19 risk prediction system
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27

a2

Input Conv2D 32 Conv2D

8

A custom CNN-based DL architecture comprising different layers

224

58%

27

(@) An X-ray scanner. (b) A CT-scanner (Courtesy of Luca Saba, University of Cagliari, Italy). (c)

Studies using CT vs. X-ray
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Normal

COVID-19 Pneumonia

CT scans classified as positive for coronavirus abnormalities
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3-D Optimization
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L 7 CNN Layers
3-D graph representing the relationship between CNN layers, data augmentation, and accuracy.
(Courtesy of AtheroPoint™, Roseville, CA, USA
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£ Three lungs with non-COVID-19 pneumonia (al, a2, and a3).
& Three lungs with COVID-19 pneumonia with different COVID-19 severities (b1, b2, and b3).

27

(a) 2D Bispectrum for NCoP (b) 2D Bispectrum for CoP
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Bispectrum analysis of
£ non-COVID-19 pneumonia (NCoP) and
£ COVID-19 pneumonia (CoP).
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Lung region extraction
"L °

Lesion classification
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Lesion seamentation

Framework of system
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Model performance and highlights of model predictions.
0 a, Receiver operating characteristic (ROC) curves of DPN-92, Inception-v3, ResNet-50, and

Attention ResNet-50 with 3D U-Net++, respectively.
0 b, ROC curves of 3D U-Net++ - ResNet-50 trained with different numbers of training cases.

0 ¢, Typical predictions of the segmentation model.
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32

Artending physician Attending physician

Sensitivity Specificity
@ A 50.60% 58.50%
& u:.m;.:.'.n B 79.80% 7780%
: C j 170 CTeases (s15mm) c 73.00% 8770%
— o D 37,6 8,000
s Bems E 91.00% 81.50%

Saurce The Severth Hossialof wohan
g ‘Wban Leishenshan Hospital Ayerage 76.40% 7B.B0%
_ Negative 8lcases
n

— et Wan Gacsin Herpral
The Sevenin Hospral

ofwhha

Al system

Illustration of the reader study.

v" Five qualified physicians participated in this reader study.
v Atotal of 170 cases (89 were positive) were randomly selected from the test set

32

Demonstration of the deployment workstation
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AN

o 20 a0 W = @ 10 2 o 2 "
(a) -SNE with Euclidean distance applied to {b) t-SNE with Euclidean distance applied to the data
the original data distribution angmented by SMOTE.

T Adtive
SO PR L S, Latcat
wE ey i B * Both
m ET a ) » w M m 0 o a0 » n
(¢) t-SNE with Chebyshev distance applied to (d) t-SNE with Chebyshev distance applied to
the original data distribution. the data augmented by SMOTE.

t-SNE plots of the samples for classifying the TB stage (Active, Latent, Both)
showing the distribution and dispersion of the samples between classes.
In (a) and (c) resulting plots on original samples by Euclidean and Chebyshev distances,
respectively.
In (b) and (d) resulting plots with synthetic samples generated by SMOTE resampling.
Each original sample corresponds to a TBX11k image represented as a feature vector
generated by BPPC. Synthetic samples are obtained by SMOTE from original samples
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CXR Input
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Process of extracting BPPC features from an input CXR
v Computed phase congruences (PCs) of the input image using logarithmic Gabor wavelets in
six orientations (0°, 30°, 60°, 90°, 120°, 150°).
LBP algorithm is employed on these PC images, resulting in six corresponding BPPC images.
Each of these six BPPC images produces a 177-bin histogram.
Six histograms are merged, creating a histogram that represents the vector of 1,062 features
from the input image

DN NN

Input Layer € R"

O«

_7upul Layer € R?

Model 1 - FFNN
v" ninput nodes, 1 hidden layer with 3 neurons, and the output layer to the binary classification
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scenario, TB versus Non-TB cases

Input Layer € R"

Fi Fy Fi17 F3s4 Fs30 Fs33 Fro8 Fgss Fas

~ Model 2 - FFNN
v" ninput nodes, 1 hidden layer with 3 neurons, and the output layer to the multi-class
classification scenario

01
[nput Layer € R"

v ninput nodes, 1 hidden layer with 3 neurons, and the output layer to TB stage-classifying

Model 3 - FFNN

01
Summary of optimized parameters used in the neural network model.
Parameter Value Explanation
Input 1,062 features vector  a BPPC features vector extracted from each CXR image

Leaming function Levenberg-Marquardt used to update weight and bias values according to Levenberg-Marquardt optimization

. measures model performance by calculating the mean squared error between estimated values
Loss function Mean Squared Ermor— and actual values

Regularization e 1™ for faster model convergence while preserving data representativeness

Niber of fdaring 3 optimized with only 3 neurons at the hidden layer

Training process 10-CV cross-validation to improve model generalizability and estimate performance in practice
Teanafer functh Tansig used FnLhc hidden layer nodes to prud!.u: faster output rates :
used in the output layer nodes to provide better correlation coefficients for the processed hidden
Softmax layer output data
Validation failures 5 avoiding overfitting of the model
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——TB = 0.99489
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©  Optimal Operating Point
a 0nons [IA ] 1% 0
FPR( | - Specificity )

{a) ROC curve analysis on TB and Non-TB (b} Sankey diagram denoting the total classification of TB
diagnosis from the original data. and non-TB [rom the original data.

08

[T}

(L]

Non-TB
Non-TB

——TB = 1.99838
——Non-TB = 0.99838
° timal ing Point

0K .
[ s i LA L] a1

FPR{ 1 - Specificity )
(¢} ROC curve analysis on TB and Non-TB {d} Sankey diagram denoting the total classification of TB
diagnesis from the augmented data. and non-TB from the augmented data.
Model 1
In (a) and (c) Zoom of the ROC curve showing optimal operating points in the TB and Non-
TB classification from the original and augmented data.
In (b) and (d) respective Sankey diagrams denoting the total confusion matrices
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01

Method ology Dataser Params Partition (%)
train/val/ tes|
I Bag(GoogleNet, VegNet, ResNet) MC 1o® LOOCV
5H 10-CV
& Ensemble GoogleNet, AlexNet MCSH,+ 1o® 68/17/15
(I FE(SetAB,C), F5 weary, MIP MC 107 10-CV
5H
I Custom CNN model MC o= F0/20/10
3 AlexMet custom model MC Lo® 5LV
5H
I3 FE[SetAB), SVM MC 10? a6/ 36
SH reATST
& Custom CNN model MC 10 5LV
5H
2y DenseMet MC 10 SH,/MC
SH
& DenseMetl 21, CXR14 MC 1o* CXR14/MC
5H CXR14/5H
@ ChexMet MC 1o® =77/ 1155
@ MetaChexMNet (DFE+Metadata) 5H rF7/11/11
& ChexMet MCSH FF/A11/114+
&y CNMNs Ensemble MC.SH,+ 10* 70/15/15
) DenseNet201 MCSH, + 10 5LV
2y Bayesian-CNN MC 0% B0 20
5H
2y DFE(MebileNet), Metaheuristic 5H 10® 8020
3 DFE(AlexNet), SV MC 10"
5H
2y DFE(MobileNet), 5VM 5H 1o® 5LV
& DFE from 5 DCNNs, SVM MC 1o® 5LV
@ VGG-16 and Bone suppression MC 1o® 4LV
5H
3 VGG-16 Fine-muned SH,+ 1o* B0/20
Iy FE[LBP), FS(MBO), KNN MC 10 10-CV
5H
MCSH
(I EfficientNetB3, DA MC [o* 5LV
) InceptionRenNetV2, DA SH
I EfficientMNeB3, DA MCSH
& VIT + EfficieniNetB3 MC 1o*
SH -
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2y Faster R-CNN (ResNet w/FEN) TEX11K 10® ~50,/16/25
3y EfficientNet-B5-FPAKD) TBX11K 10® %594/ 2/4

2 FE(BPPC),FFNN TEX11K 103 10y
@ FE(BPPC),FFNN, DA (Smote)

v’ FE: Feature extraction process, DFE: Deep feature extraction process, FS: Feature selection
process, LLR: Linear Logistic Regression, DA Data augmentation.

v" SetA:{IH, GM, SD, LD, HOG, LBP},

v SetB:{Tamura Texture Descriptor, CEDD and FCTH, Hu Moments, CLD and EHD,
Primitive Path, Edge Frequency, Autocorrelation and Shape Features},

v SetC:{ Shape measurements as size, orientation, eccentricity, extent and centroid}. In dataset:

MC: Montgomery

SH: Shenzhen dataset (Jaeger et al., 2014), MCSH: MC and SH, and+: Others TB datasets.

Params: Number of classification model input parameters. In partition: train/val/test or

train/test percents,

v" LOOCYV: Leave-One-Out cross-validation, n-CV n-folds cross-validation. 1: Lung mask
segmentation, 2: None segmentation and 3: Box crop segmentation

AN

Lung Cancer disease

14
Dataset
Patients: 124
Slides: 128
Train-val Test
g , > Patients: 96 - Patients: 28
- = Slides: 100 Slides: 28
- .
|
= 3 * .
L2 § Image based Al Manual growth
e recurrence > pattern area
prediction model , scoring
Recurrence or ROC model
non-recurrence
Recurrence or
non-recurrence
Data distribution and experimental design for both models
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Proposed Al framework for LUAD recurrence prediction
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ROC curve of the statistical model
0 Test set using dominant growth pattern and the dominant together with the worst growth

pattern with a cut-off of 20% in predicting recurrence outcome
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15
Lung nodule Lung cancer

Detection l

1 Histological subtype
prediction

Somatic mutation
prediction

Prognosis prediction

)

Chest X-ray Chest CT

Graphical representation of deep learning applications
for lung nodule and lung cancer in chest imaging

F 2 Y -
{ E ) f
£ \
= s a \
a B ‘r./
w5 W4
%
> 8 o

v" A, commercially available deep learning based software was applied on
o frontal chest X-ray image and
0 identified a faintly visible nodule in the left hemithorax (square).
v B, Corresponding chest CT image in the axial plane
o confirms lung nodule located in the left lower lobe (arrow).
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| n Z

v A, Chest CT image in the axial plane shows a challenging nodule in the right perihilar area
(arrow).

v" B, Commercially available deep-learning based software was applied on the CT volume and
was able to identify the nodule. The nodule was correctly classified as Lung-RADS 4a, based
on its dimension

21

Patients with clinical stage T1 non-small
cell lung cancer on CT image who
underwent surgical treatment (n=256)

Postoperative pathological
diagnosis was not clear (n=39)

L

217 patients were diagnosed as
LVI present and absent

| Unqualified CT image, which
complicates segmentation(n=42)

175 patients were pathologically diagnosed as
LVT present and absent

Study flowchart for recruitment of participants

21
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Study
participants

Feature
engineering

Quantitative Al
features

I

Feature g © |
selection | e . = |
I

—

Miaan=Squaned Emod
0 o=

T R S o S S
/ -
safcients

Al score

Diagram showing the procedure for obtaining the Al score
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respiratory distress syndrome

(ARDS)

NS
L)
Role of Al in ARDS.
Characteristies of included studies.
Author, year  Purpase of study Source of data Type of data Feature/variable selection  Classification algorithm/  Method of
& country model developed validation

Yang Petal, Identification of ARDS

2020, based on noninvasive
China physiologieal
parameters
SinhaPetal,  Develop phenotype
2020, USA identification in ARDS

MIMIC-IIT
Database

RCT cohorts

Demographics (age, gender,
height, weight, body mass
index, ethnicity); ICU
informatien (type, length of
stay, admission type, in-
hospital mortality); Clinical
measures (5p02,
temperature, heart rate,
blood pressure, Glasgow
Coma Scale; Respiratory
system (respiratory rate,
tidal volume, minute
ventilation volume, peak
pressure, plateau pressure,
mean air pressure, PEEP,
Fi02); Oxygenation index:
P/F, §/F, Oxygenation
Index, Oxygenation
Saturation Index
Demographics, laboratory
parameters, APCHE score,
ARDS Risk factors

Feature: Relief-F, Chi-
squared, MIFS, Rank
aggregation

Variable: Random forest,
bagging, LASSO (to select
six most important
predictor variables)

Classification algorithm:
L2-LR, SLP-FNN,
AdaBoost, XGBoost,
Traditional noninvasive
classification method

Model: Nested logistic
regression models
Algorithm: Parsimonious
algorithms

10-fold eross-
validation methods

10-fold cross-

validation methods
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Zeiberg D
et al.,
2019, USA

Afshar M
et al.,
2018, USA

Reamaroon
Netal,
2017, USA

Bernstein DB
et al.,
2013, USA

Ganzert §
etal.,
2012,
Germany

Pearl A etal,
2009, USA

Ganzert S
etal,
2002,
Germany

Le S etal,
2020, USA

Automatic prediction of
ARDS from EHR

ARDS identification

To account clinieal
diagnostic uncertainty
while detecting ARDS
To identify the
discordance between
physicians in cheice of
TV and PEEP in ARDS
patients

To predict the nonlinear
lung compliance for the
individual patient

To predict
complications during
trauma patients’
hospitalization period
To compare different
methods of measuring
pressure-volume curves
in artificially ventilated
ARDS patients

Development and
analysis of a novel
application of
supervised machine
Learning model CDS for
the detection and early
prediction of ARDS.

T

B
Baseline patient
characteristics (e.g., age,
race, and sex); Structured,

EHR of a tertiary
care centre

Varables: Baseline patient
characteristics (e.g.. age.
race, and sex) and

str d, tim: d

time-stamped data el
(laboratory values, vital
signs, medication
administration records) from
the six-hour window.
Patients records
from a tertiary
academic center
Raw data (HER)

Radioclogy reports (chest
radiographs and CTs)

Clinical features; vital signs;

from ARDS laberatory values

patient cohort

10,000 Peak airway pressure; PEEP;
hypothetical Arterial oxygen saturation

patient scenarios

Mechanical veatilator
parameters such as
maximum compliance value

A multicentre
study population
of ARDS

(Cmax); Plateau pressure
wvalue at Cmax

Patient demographic and
physiclogical variables

National Trauma
Data Bank (V6.2)
data files

Artificially
ventilated ARDS
patients records

Background information
(age, weight, height,
wentilation period, tube
type, tube ID and calculated
compliance) and pressure
volume measurement
Medical
Information Mart
for Intensive Care
0T (MIMIC-TIT)
database

Clinical features; Organ
dysfunction feature;
Radiology reports

data elements (laboratory
wvalues, vital signs,

‘medication administration

records)
Feature: UMLS, word n-
grams

Features: vital signs and
laboratory values

Variables: PAP, PEEP and
arterial oxygen saturation

Feature extraction: spring-

and-dashpet model

Variables: Patient
demographics and
physiclogical variables

Features: LOW-FLOW,
SCASS, SUPER-SYRINGE
and SLICE.

Variables: Quantitative
clinical features (age,
heart rate, respiratory
rate, temperature,
diastolic and systolic
blood pressure, and
5p02); organ dysfunction
feature: systolic blood
pressure < 90 mmHg,
lactate =>2.0 mmol/L,
platelet count <100,000
pL, and international
normalized ratio > 1.5;
radiology reports

Model: L2-LR model, L1-
LR model, XGBoost, EALI
Score

Model: NLP and machine
learning model

Model: Linear SVM

Algorithm: Fuzzy Logic
Algorithm
Monte Carlo approach

Model: Gaussian process
modeling

Algorithm: M5P
(Reference)

Algorithm: standard back
propagation
Model: ANN

Model: Regression model
by CUBIST and C5.0

Model: XGBoost gradient
boosted tree model
Algorithm: Machine
learning algorithm

5-fold cross
validation

10-fold cross-
validation

5-fold cross
validation

10 runs of 10-fold
cross-validation

10-fold cross
validation

38

Mumbrer af
recards identified
through database
(FPubiMed)
searching: 82

Murmber ar
additional records
identified through
other sources: 0

Number of
recaords screened:

82

p

Number of full-toxt
articles assessed

Mumber of records excluded with
reason: 54;

MNon-ML/Mon-Al 10;
Mor-ARDS: 35,
Mon-English: 4,
Nuplicate: >
Review: 2;

Mixed population: 1

for eligibility: 28

Number of studies
included in the
systematic review.
19

Mumber of full-text articles
excluded, with reasons. 9,

Mixed papulation: 1)
Mon-ARDS. 1,
Mon-ML/Mon-AlL 4;

Review. 3

Study selection process/PRISMA flow diagram.
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Lung perfusion,

Ventilation,
Lung microstructure

33
A

Dissolved phase 129Xe MRI
Dissolved phase MRI measures
changes in the proportion of
129¥e in the airspace (gas),
membrane (M), and red blood
cells (RBC).

™ Lung perfusion
Measures concentration
of gadolinium-based
contrast agent in the
bloodstream.
120X e Ventilation

: Measures density and
) distribution of 129Xe in the
airspace.

G

Diffusion 129Xe MRI
Measures 129%e
movement, which is
restricted by acinar
airway dimensions.

Dissolved phase 129Xe MRI
Reduced uptake of xenon in the
red blood cells.

Some patients may also have an
increase of xenon in the
membrane.

Contrast-enhanced
lung perfusion
Decrease in
microvascular
perfusion.

129X e Ventilation
Lungs generally well
ventilated.

Diffusion 129Xe MRI
Lung microstructure
@ unchanged

How lung MRI techniques measure lung perfusion, ventilation, lung microstructure
v A, Techniques in a healthy alveolus.
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v B, Possible interpretation of the findings in patients who have had COVID-19, with reduced
RBC:M due to damage to pulmonarymicrocirculation but preserved acinar airway
dimensions. RBC:M : RBC to membrane fraction

33

In-patient recruitment

N =16
( Visit 1 MR
N=16

Returned for at least
1 follow-up visit

Visit 2 MRI
N=11

12 weeks:

" Recruited into UKILD study
normal CT scan? '

n=2

i

Included in final analysis
N=9

4

Flow chart of patient recruitment. UKILD : UK Interstitial Lung Disease Long-COVID-19 study

SN
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33
Visit 1 Visit 2
RBC:M Ventilation PB

F UTE
apA il A3

RBC:M Ventilation

—
=
c
[7]
k=
©
o
N\
4 |
c
2
=)
©
o
3]
=
S
Qo B
s P
m |
o
<
=
c
@
=
©
(-9

Patient 9 Patient8 Patient7 patient6 Patient5

Example of UTE images,
RBC:M maps,
129Xe ventilation images, and

maps of pulmonary blood flow

v/ at visit 1 and visit 2, for each patient.

v The white arrow indicates a segmental perfusion defect visible at visit 1,
v which improves at visit 2.

M : membrane;

PBF : pulmonary blood flow;

RBC:M : RBC to membrane fraction;

]
!
!
I UTE: ultra-short echo time.
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Patient 1 Patient 3 Patient 4
Visit 1, RBC:M=0.15| Visit 1, RBC:M=0.21 | Visit 1, RBC:M=0.23

Visit 2, RBC:M=0.25 | Visit 2, RBC:M=0.25 | Visit 2, RBC:M=0.25

Visit 3, RBC:M=0.26 | Visit 3, RBC:M=0.31 | Visit 3, RBC:M=0.21

Visit 4, RBC:M=0.23 Visit 4, RBC:M=0.35 | Visit 4, RBC:M=0.23

Lung RBC:M maps in three patients with four MRI visits
v at6, 12, 25, and 51 weeks following hospital admission.
v Mean RBC:M at eachvisit is shown. M : membrane; RBC:M : RBC to membrane fraction
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Ventilation

Perfusion

Ventilation-
perfusion(V/Q)planarimagesforpulmonaryembolism(PE)detectioninsixviews.Redarrowsindicateperfus
iondefects(V/Qmismatches)correspondingtoapositivediagnosisofPE.ANT ,anterior; LAO, leftante-
rioroblique;LPO, leftposterioroblique;POST,posterior;RAO,rightanterioroblique;RPO,rightposteriorob
lique.

36

Identification

Sereening

Included )

\JTime windu»)
!

Keywords

Article type ) Content

(i S

).\Iawal reference search Category )

A. Schematic of the literad

ture searc)

Artificial imtelligence”

earn”, Deep learn” )

e

e Artificial nenral nerwork '

Convolutional neural network ™"

Diagnosis®, computer assisted’ computer assist”
", computer aided diagnos

aging]

ic
Lung Diseases™! [Diagnostic Imaging]

Radionuclide imaging ventilation-perfusion scan

atigram" )i

wission-computed, single-photon

ntilat” g e

o e | Chriginial artiche et

|
e | T

(A)Aschematicrepresentationofoursearchstrategyincludingthetimewindow, keywords,screeningcriteria,
andthefinalapplicationcategory.(B)PRISMAflowdiagramofsystematicliteraturereviewprocesscorrespo
ndingtoheadersin(A).a:MedicalSubjectHeadings(MeSH)andallSubheadingsasusedinMedline/PubMed.
b:wordofphraseappearingintitlesandabstracts.c:keywordsuppliedbytheauthor.d:MeSHtopicalqualifierf
orDiagnosticimaging.*:wildcardforallwordsbeginningwithgivencharacters./:specificMeSHSubjecthea

ding
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37
Schematic of ECG-enabled stethoscope and AI-ECG

__ ECGdata

- mukemlem a) SRl
«_ Steth .
Electrodes d e hoscope T —Y Y_\
apregm { Cloud-based j
| NN Y

Bluetooth il \\_)\__/L
. @ o= ae?T

s
AL-ECG result

r -—
1 .'I Positions and orientation
\ | 1 3 1: Aortic, angled
2: Pulmonary, angled
3 3: Tricuspid, vertical
o3 O 4 Mitral, horizontal
4 “ 5: Thumbs on electrodes
/ :
|
_J B Al-ECG prediction
= o4 > 1
| f [
Classify LVEF >40% Classify IVEF =40%
Adjustable threshald
(eg, 05)

Illustration of anatomical positions for auscultation and position-specific angulation (vector) of ECG-
enabled stethoscope; and flow diagram of raw ECG data to
cloud-based CNN for interpretation of AI-ECG, with illustration of how raw outputs are classified
according to adjustable (optimised) threshold. Anatomical images
adapted from BioRender. Al=artificial intelligence. CNN=convolutional neural network. LVEF=left
ventricular ejection fraction

37

Seven NHS sites™ performing TTE in London

!

1076 patients (aged =18 years) attending for TTE were

approached to have single-lead ECGs recorded with
ECG-enabled stethoscope at five positions

P 26 declined

1050 enrolled

.

1050 completed protocol

- v

945 with LVEF =40% 105 with LVEF =40%

TTE=transthoracic echocardiogram. LVVEF=Ieft ventricular ejection fraction.
NHS=National Health Service. *Three hospitals and four community centres
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37

ESS

pulmonary disease

All participants  LVEF>40 group LVEF=40group pvalue
(n=1050) (n=945) (n=105)
Age, vears
18-69 636 (61%) 583 (62%) 53(50%) 0.034
270 414 (39%) 362 (38%) 52 (50%)
Mean (SD) 62 (17-4) 62 (17-5) 67 (15-3) 0-0014
Sen
Male 535 (51%) 466 (49%) 69 (66%) 0-0015
Female
Mean TTE LVEF (5D}, % 54% (10-3) 57% (5-8) 30% (8-2) =0-0001
Ethnicity 0-4
Asian 199 (19%) 176 (19%) 23 (22%)
Black 95 (9%) 84 (9%) 11 (10%)
Mixed 22 (2%) 18 (12%) <5
Other 116 (11%) 102 (11%) 14 (13%)
White 618 (59%) 565 (60%) 53 (50%)
Medical history
Hypertension 395 (38%) 338 (36%) 57 (54%) =0-0001
Myocardial infarction 102 (10%) 62 (6%) 40 (38%) =0.0001
Atrial fibrillation 173 (16%) 146 (15%) 27 (26%) 0-011
Pacemaker 59(6%) 43 (5%) 16 (15%) =0-0001
Diabetes 224 (21%) 181 (19%) 43 (41%) <0-0001
Stroke or transient 100 {10%) 85 [g%) 15 (14%) 011
ischaemic attack
Chronic kidney disease 08 (9%) 74 (8%) 24 (23%) =0-001
Smoking 148 (14%) 132 (14%) 16 (15%) 078
Excessive alcohol intake 26 (2%) 25 {2-6%) <h 0-48
Hypercholesterolaemia 188 (18%) 159 (17%) 29 (28%) 0-0098
Pregnancy (current) 21(2%) 21(2%) 0 0-24
Chronic obstructive 57 (5%) 48 (5%) 9 (89%) 0-20

Data are n (%) unless otherwise stated. Characteristics reported in fewer than five participants are shown as <5.

p values were calculated via Student’s t test or Pearson's i test. Ethnidity was self-reported from a list of 18 options
drawn from the UK Office of National Statistics Census for England ™ Full ethnicity breakdown is available in the
appendix (p 2). TTE LVEF=transthoracic echocardiogram-derived left ventricular ejection fraction.

Baseline characteristics of study participants

NSNS
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Pulmonary disease

] Epicardial Endocardial
threshold threshold

0.008
0.006
0.004

1
1
[
1
1
1
1
1
1
]
1
0.002 | !
Myocardium
01— =AML o
0

100 200 300 400
Hounsfield Units

Probability density

300
Wall thickness

PG D S SO R T S SR S T ST SIS SN SN SR > B . S Endocardial threshold_
i
=
=
= 100+
% _________________________________________ Epicardial threshold _
=
= o T T T T T T T T 1
== 1 2 3 4 5 6 9 10

_100- Distance (mm)

-200+

Example of wall thickness measurement.
v" Panel A: Regions of interest were drawn inside the left atrium and ventricular apex.
v’ Panel B: Blood pool and myocardium intensity histograms were constructed from the regions of
interest. The endocardial threshold value was calculated by averaging the means of the blood pool and

myocardial
image intensity. The epicardial threshold value was calculated as two standard deviations below the
mean of the myocardial image intensity.

v’ Panel C: Locations for left atrial wall thickness measurement of the pulmonary vein (PV) antra were
manually selected using a 3D segmentation of the left atrium. The yellow crosshair represents the
location of wall thickness measurement on the anterior segment of the right inferior PV.
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v’ Panel D: Multiplanar reformatted images were generated perpendicular to the atrial
wall and the crosshair corresponds to the location chosen on the 3D segmentation (panel C).
Subsequently, a line (in red) perpendicular to the atrial wall was drawn.

v’ Panel E:The intensity profile of the line perpendicular to the atrial wall was obtained. Atrial wall
thickness was calculated using the patient-specific endocardial and epicardial
thresholds.

B LSPV-Roof ¢ ¥ RSPV-Roof

RSPV-Post

Tan,

LCar-Post RCar-Post

_________________________

RIPV-Inf

i
-

IL distance LIPV-Inf segmental analysis:

Min Al 399 AU

Min FTI 218 gs

> Min power 30 W
Min force 98¢

Min duration 24 s
Min impdrop 57Q
Max IL distance | 5.3 mm

Ablation procedure analysis.
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v" Panel A: Posteroanterior projection of a typical circumferential antral ablation approach.
Ablation tags are automatically color coded based on Ablation Index (Al) values. Pink
ablation tags represent Al values 380 to 499, whereas red tags represent Al values > 500.

v" Panel B: Ablation tags were classified according to a 16-segment model for segmental
analysis. Ablation tags belonging to additional ablation applications to treat acute pulmonary
vein reconnection were excluded from analysis.

v Panel C: Minimum Al value, force-time integral (FT1), contact force (CF), ablation duration,

power, impedance drop (impdrop) and maximum interlesion (IL) distance were determined

for each segment.

Ant = anterior, AU = arbitrary units, Inf = inferior, LCar = left carina, LIPV = left inferior

pulmonary vein, LSPV = left superior pulmonary vein, Post = posterior, RCar = right carina,

RIPV = right inferior pulmonary vein, RSPV = right superior pulmonary vein

03

RSPV-Roof

A LSPV-Roof

RSPV-Post

RI PV—Pos RIPV-Ant

LIPV-Inf RIPV-Inf
3
3
E
wv
w)
@
[ ==
=z
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-
S
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Acute reconnection and wall thickness per segment.

v" Panel A: Sites of acute pulmonary vein reconnection were defined according to a 16-segment
model. Numbers inside the stars indicate the total number of acute reconnections per segment.

v" Panel B: Box plots showing local left atrial wall thickness per segment.
Anterior/superiorsegments and posterior/inferior segments are displayed by red and pink
colors, respectively.

0 Ant = anterior, Inf = inferior, LCar = left carina, LIPV = left inferior pulmonary vein,

0 LSPV = left superior pulmonary vein, Post = posterior, RCar = right carina, RIPV = right
inferior pulmonary vein, RSPV = right superior pulmonary vein

Pulmonary nodule

10Expert Consensus on

Clinical

| I Q) e
e e \ /\
(Patient terminal) \ R

Preliminary MDIH Cloud (Cloud expert)
assessment Integration, quality control, Al analysis, e Making diagnosis and

I ; ﬁl prediction and management treatment plans

PNapp 5A

(Terminal expert)
Az 7 ‘ ’ ’
l. Z ‘ .-l-
r; (T
o—I lh PMapp 5A

Al and test results (Patient terminal)

~ MDIH Cloud _— Clinical judgment

Preliminary assessment

Second-read workflow:
o0 Preliminary assessment and clinical judgement.
0 The communication and interaction between experts and computers can achieve assessment
results with a higher accuracy.
0 MDIH: medical doctor intelligent health
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CT scan of a case with high-risk indeterminate pulmonary nodule

| Traring Stage
13 R Step2 |Nmu-m-u|
Stepl DR AP DR R
(2 Y
E] Input Block
D Sample Block

D Fully Connectled Layer

Deep convolutional neural network for assessing pulmonary nodules
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Case 1 Chest CT images (A-D).
& Artificial Intelligence-based diagnostic software showed a 3 mm calcified nodule in the
Superior segment of the lower lobe (A).
£ Follow up with enlarged nodules, and surgical, and postoperative follow-up images (B-D).

Case 2: Chest CT images (A-D).
& Al software shows a solid nodule of 4 mm in the posterior basal segment of the left lower
lobe of the lung (A). single nodule is significantly enlarged on thoracoscopic surgery and
postoperative follow-up images (B-D).
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30

2673 scanners that included
the thorax were made in an
emergency context between

June 2017 and December 31,
2017

AN

Exclusions :

- Nodules < 6 mm and 2 30 mm
- Fully calcified nodules

- Nodules in patients with active

cancer

90 nodules = 6 mm and
< 30 mm among 83
patients

Nodules diagnosis:
- Follow-up after 2 years
- Pathology

36 benign nodules

13 malignant nodules

41 undetermined nodules

Pulmonarynodulesflowchart

Sagittal

Coronal
Example of a nodule which was confirmed benign

v’ (stability2yearslater),which was correctly categorized as benign by Al software
(Alscore=1.12) (Alscore between 50 and 75%).
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Baseline CT Follow-up CT after 3 years
Exampleofabenignnoduleof8mmofRLLinaxialslices,whichwassubjecttoseveralfollow-
upCT (stabilityafter3years). ThenodulewasalreadycategorizedasbenignbytheAlsoftwareontheBaselinesc
anner(lAscore<50%).

30

Baseline CT CT after 17 months
Exampleofamalignantnoduleof1l0mmoftheL LL inaxialslicesonthebase-
linescanner.Arecommendationoffollow-
upafter3monthswasmadebutwasnotimplemented. ACTscanperformedl7monthslateroutofcontextforsus
pectedpul-monaryembolismrevealedasignificantincreaseinthenodule,ultimatelycorrespond-
ingtoanadenocarcinomaconfirmedbylungbiopsy. TheuseofAlsoftwarecouldpotentiallyhavereducedthis
diagnosticdelaybyincreas-ingtheneedforfollow-
up,giventhehighAlscoreofthenoduleontheCTBaseline(IAScore=94.52)
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Pulmonary Edema

20

How can the ACR AIl-LAB be used to deploy an external Al mod

AR

The ACR Al-LAB was developed
to simplify the testing of Al
algorithms under development
by external entities, without the
need to share patient data

Input:

141

patients who were
PCR positive for
COVID-19

[ &=

System setup:

60

hours to configure
an Al-LAB version
of the Al model

12

hours to
import data

RESULTS:

H

EMERGENCY .

The output of the Al model
output correlated well with the
radiologist read (r=0.8) and had
an ALIC of 0.84 for Identifying
patients who were admitted to

the hospital.

Intermediary platforms such as Al-LAB may enable hospitals without internal data science

expertise to benefit from Al algorithms without large investments in capital and time.

Images of modified Radiographic Assessment of Lung Edema (MRALE)
Pulmonary X-ray Severity (PXS) scores in chest radiographs of patients with COVID-19.
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~2 _ A
S On premise !,-“
N ACRAI-LAB [l ==>{ Pxescore
Dockerfile for PXS ,/fj.’.:;' platform \\\ >

Score Deep

Learning Model

Reference Standard
for COVID-19CXR
Lung Disease Severity
(mRALE score)

Q Comparison ] J

Data processing.
CXR: Chest radiograph;

MRALE : Modified Radiographic Assessment of Lung Edema;

PXS : Pulmonary X-ray Severity

Pulmonary
Embolism Dataset

Data Cleaning

Dataset Splitting
(80:20)

¥

ML Model Selection

—)
-
-

[Feature Selection }
[ML Model Bundmg}

Maodels Evaluation

Framework of early death mortality prediction
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25

Pt Machine learning PR Support for
Clinical data —_— o iy
53
& ® @
§¥= G ° ®
«<_¥
@

What is the patient's
risk of death?

Process of converting the clinical data to decision using machinelearning.

neutrophil -
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mpv .
|
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Heat-map correlation for dataset features
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Pulmonary artery Hypertension

Training a novel chamber attention network for PAH identification:
most effectively across validation and test datasets in 2 hospitals.

Segmentation Module

mpr | B My

= Based on U-Net

= 1200 randomly sampled
images

= [n-house labeling tool

90.34% and 95.28% DSC
for A4C and PLAX
respectively on heart
chambers segmentation

Attention Module

» Based on Grad-CAM
= Bicubic interpolation
= Novel attention farmula

Quantitative description of
the distinct importance of

the chambers on the PAH
diagnosis

' Classification Module

TPR (TNR) increasing
from 0.809 (0.872) at
view-level to 0.8976 (0.903)
at individual-level

CAN is a feasible technique for Al-assisted PAH diagnosis that uncovers new
information on the structural changes of the heart in echocardiography.
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@ © )

The overall framework of method
The Segmentation Module is responsible for segmenting and positioning the cardiac
chambers in the echocardiographic images.
The Attention Module identified the key areas relevant to PAH diagnosis using Grad-CAM,
which, combined with chamber locations, generates importance weights of each cardiac
chamber.
The Grad-CAM-based weights are then combined with expert scores to calculate the chamber
attention vector.
The Classification Module reconstructed the echocardiographic images based on the chamber
attention vector and utilizes ResNet50 for PAH diagnosis. In the context, we denoted the k-th
segmented cardiac image of a certain view as matrixel k, with its complement matrix denoted
as Ik.

Additionally, MRV
k;MLV
k ;MRA
k and MLA

0 krepresents the mask matrices of the corresponding chambers. T
The gradient weights of the C-th channel of the last convolutional layer (layer L) of the
convolutional network are denoted as wLC . The resized heatmap is denoted as Hk, and the
reconstructed image is represented by Rk. The functions f 1; f 2, and f 3 correspond to Egs.
(1), (4), and the voting strategy

O O O O
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A3C
AAC
ASC
PLAX
PSAX
Olher

T-SNE visualization of view classification.
Each dot in the figure represents an echocardiography image, which is the 2-dimensional
space representation of the top layer features of the convolutional neural network.

Different colors represent different viewpoint categories. It illustrates successful grouping of

test images corresponding to 6 different echocardiographic views.

Abbreviations: A4C apical 4 chamber, PLAX parasternal long axis, PSAX parasternal short

axis basal, A3C apical 3 chamber, and A5C apical 5 chamber.

DN

31

Manual Segmenied  AlSegmented  Manal Sagmented Al Segman et

Fohogariogranty cagac Cardiac Chambers Chambers

Subjact

Subjsct 2

Subjact 4

Manual and Al-based segmentation of cardiac regions and chambers in
echocardiographic images of four subjects.
The first two subjects are A4C view samples while the latter two are PLAX.
The original echocardiographic images are showed in the first column.
The second and third columns are the manual and Al segmented cardiac
regions respectively.
The fourth and fifth columns show the manual and Al segmented chambers
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Cardiac Regions

AdC

A
20%

RV
7%

35%

(b) AdC

normal in cardiac regions.

{(a) Heat map

Superimposed

LA

W 3

2%

Ry
B&%

(c) PLAX

(@) Visualization of the attention mechanism based on Grad-CAM to differentiate PAH from

The highlighted areas indicated by red arrows are discriminative features for identification of PAH.
The Grad-CAM of A4C and PLAX viewpoints are shown in the top and bottom of the figure.

(b) (c) The proportion of thenumber of times the cardiac chamber was covered by the Grad-CAM heat
map in A4C and PLAX viewpoints. Different colors in the figure represent different chambers
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(a) Training accuracy for(b) Validation accuracy for{c) ROC curves for test A4C

A4C A4C

(d}) Training accuracy for(e) Validation accuracy for(f) ROC curves for test

PLAX PLAX PLAX
Training and testing performance of five models

v ResNet-50, Inceptionv3, Xception, DenseNet-121, and the proposed CAN

o for PAH identification in A4C and PLAX viewpoints separately.
& (a)(b)(d)(e) For two separate viewpoints, the training and validation accuracy of five models

on the internal dataset is plotted vs number of epochs separately.

& Different models are represented by different colors.

?  The CAN model converges faster and

?  has higher accuracy than other models in both viewpoints.
&  (c)(f) ROCcurves of five models in two separate viewpoints on the external dataset
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HFpEF

18

and Testing

| Al HFpEF Model Development |

‘ Al HFpEF Model Testing ‘

Flow Diagram Illustrating Identification and Selection of Patients in Al HFpEF Model Development

Potentially eligible participants
Mayn Clinic Database
5t George’s Hospital (National Health Service, United Kingdom)
All images reviewed by expert cardiologists with training and certification In echocardiography

¥

| Eligible unique participants (n=201,743)

e

Potentially eligible participants
Maya Clinic Health System Database
Multiple hospitals, clinics, and cardiac centers across 5 different states
Allimages reviewed by expert cardiologists with training and certification in echocardiography

v

Eligible unique participants (n=256,815)

Preserved LVEF and evidence of elevated left
wentricular filling pressure (n=17,121)

Preserved LVEF and no evidence of elevated
left ventricular filling pressure (n=68,133)

Preserved LVEF and no evidence of elevated
left ventricular filling pressure (n=87,990)

e
Preserved LVEF and evidence of elevated left
ventricular filling pressure (n=17,003)

.

]

h 4 h 4

Heart failure diagnosis, preserved LVEF, and
elevated filling pressure
(n=6,042; Cases)

No heart failure diagnosis, preserved LVEF,
and no elevated filling pressure
(n=60,918; Controls)

Heart failure diagnosis, preserved LVEF, and Mo heart failure diagnosis, preserved LVEF,
elevated filling pressure and no elevated filling pressure
{n=4,662; Cases) (n=60,635; Controls)

Randorm selection of cases to reach
approximately 3000 patients
(feasibility-based)

¥

Random selection of controls to reach
approximately 3000 patients, with
distribution of age, sex, and year of
echocardiogram

Random selection from case-matched
controls based on age, sex, and year of
echocardiogram to reach at least 524
patients

Random selection of cases to reach at least
524 patients
{(based on sampile size estimation)

i

Final algorithm development:
Cases (n=2,971)

Final algorithm development:
Controls (n=3,785)

|

h ¥
Al HFpEF model: Al HFpEF model:
Cases (n=646) Controls (n=638)

Al = artificial intelligence; HFpEF = heart failure with preserved ejection fraction; LVEF — left ventricular ejection fraction.
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17

Acquired ECG

v

Preprocessing

v

ECG
5000%12

h 4
Convolutional 1D |

Batch Normalization |

[
[
( RelLU ]
[

MaxPool ]

- \ 1D Residual Block - 64

1D Residual Block - 128

v

1D Residual Block - 256

v

1D Residual Block - 512

v
‘ Multihead Attention - 512 |

8 heads

!

[ Fully Connected - 2 ]

Schematic representation of the neural networkarchitecture and its different layers
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B g5 | g Model Outputs
- -— 28
256 - oL - pad o “Not suggestive of HFpEF"
26 256 B85 85 g | Tpgmre— [T
Ead B2 & By e : w
4 8 a 8 = = 18 > Suggestive of HFpEF’
1296 1206 “Uncertain classification”
gt Max o Max ' Max Flatten Dropout
n| ax ax lax atten Uropou
s franges Conv pool Conv pool Conv pool PO
Apical 4-chamber video clip
Classification Performance of Al Model Age-Adjusted Mortality Rislc According to Al Model
1.04
094
08
ED.'F
2
206
bl g =
i 059 Lgf 50
204 S w0
& o3 16 Group Total (events) HR (95% Cl)
o Dataset. == Not suggestive of HFpEF 550 (114)  Reference
= 0.2 —Tfa"”'"!? 20 = Suggestive of HFpEF 640 (296) 1.91(1.52-2.40)
53 = Validatlon == Uncertain classification 94 (34) 1.47(1.00-2.16)
: == Testing 10 iy :
Likelihood ratio P < 0.0001
0.0
00 Q01 0.2 03 04 05 06 07 08 09 1.0 o 1 2 3 4 5
False Positive Rate (1-specificity) Years
Patients at Risk
Training AUROC (95% Cl): 0.97 (0.96-0.97) et (550 421 343 265 216 184
Validation AUROC (95% C1): 0.95 (0.93-0.96)  suggestive of HFpEF 640 434 308 229 167 145
Testing AUROC (95% C1): 0.91 (0.90-0.93) uncertain 94 62 48 41 34 30

A 3-D CNN (middle) to detect heart failure
with preserved ejection fraction using only apical 4-chamber video clips.

v" Discrimination performance was excellent (AUROC; bottom left), and

v Age-adjusted risk of mortality was higher when patients received from the model a diagnostic

output suggestive of heart failure with preserved ejection fraction compared to a diagnostic

output not suggestive of heart failure with preserved ejection fraction (bottom right).
o Al artificial intelligence; AUROC : area under receiver-operating characteristic curve;
HFpEF : heartfailure with preserved ejection fraction
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Grad-CAM for correctly (A) and incorectly classified (B) patient. Grad-CAM = gradient-weighted class activation mapping.

Grad-CAM

Pati

18
B

non-diagnostic non-diagnostic

indeterminate diagnostic negative
diagnostic negative indatarmnata 9! o

Patient

unlikely low-probability

diagnostic positive diagnostic positive

high-probability
probable

Patients in the independent testing data set
Given a categorical score based on relevant functional and morphological echocardiographic,
and biomarker parameters.
Patients were categorized as unlikely (0 or 1), indeterminate (2-4), or probable (5-6)
likelihood of heart failure with preserved ejection fraction for the Heart Failure Association-
Pretest Assessment
Echocardiographic and Natriuretic Peptide Score, Functional Testing, and Final Etiology
(HFA-PEFF) score (A), and
Lowprabability (0 or 1), indeterminate (2-5), or high-probability (6-9) of heart failure with
preserved ejection fraction for the Heavy, Hypertensive, Atrial Fibrillation, Pulmonary
Hypertension, Elder, and Filling Pressure (H2FPEF) score (B).
Al : artificial intelligence; HFpEF : heart failure with preserved ejection fraction
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34

FIGURE 1 Flowchart of the Selection Process for the Internal Dataset

(From1 h'lztmtua'l DE:ZGIIB)
Patients Hospitalized with Main Diagnosis of HF with LVEF >50%
(n=1,468)
Additional Criteria Set for HFpEF Major Exclusions
= Over 20 years of age; Presence of significant and primary
+ HF symptoms (NYHA: II-IV/} or signs that valvular heart diseases, idiopathic
fulfilled Framingham criteria within the past pulmonary hypertension, isolated
12 months; right-sided HF from chronic lung
+ Elevated natriuretic peptide level (BNP disorder (i.e. chronic obstructive
2100 pg/mL or NT-proBNP 2300 pg/mL); pulmonary disease), congenital
+ Intravenous diuretics therapy; heart disease, diagnosed
. by experienced cardiologists cardiomyopathies, acute coronary
with HF subspecialty syndrome, known cardiomyopathy,
end-stage renal disease, and
previously known hlstmy of HFTEF
(n=400)

Al Analysis Unavallable HEpEF
Patients (n = 27)

. Recmdb']gframascﬁa

Control (n =1,263)

The internal data set included 1,263 asymptomatic individuals and 1,468 patients with heart failure
with preserved ejection fraction (
HFpEF).
After data selection and exclusion, the final internal data set included 1,263 individuals without
HFpEF with normal left ventricular ejection
fractions (LVEFs) (>50%) as the control group and 1,041 patients with HFpEF. BNP : brain
natriuretic peptide; HF : heart failure;
HFrEF : heart failure with reduced ejection fraction; Nt-proBNP : N-terminal pro—brain natriuretic
peptide; NYHA : New York Heart Association
functional class.

34
Step-by-Step Procedures for Image Preprocessing and Segmentation, Value Extraction, and 1D CNN
Model Prediction
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Step 1. Image Praprocessing & Segmentation

DICOM File images

Step 2. value Extractkon

LV Length LV Area
- n :
30 -, g
4 I'd 10
2.8 o J =
26 bt Gl
T T T T T T
20 40 60 0 20 40 &0
LV width LV Volume
4.7
45 I\ PA
4z ML, \
. T T T T T T
Q 20 40 60 0 z0 40 ]
L& Length LA Area
4.0 A 7]
3.8 /|
[e &
36 o al . T
T T T T = T T
a 20 40 60 0 20 40 &0
ks,
La width LA volume
18 12
2.4
] a
T T T T T T
0 20 40 &0 20 a0 &0
Step 3. Linear Data Classification by 1D-CHN
Lv i
Length |- :
La i P
LV -
Width
LA
=)
LV
Area .
LA ~ ,
L ‘.-\- """ = ul‘!“-,
Volume
LA ID-CHM Modal Prediction

frames) were extracted from the U-net

convolutional neural network (CNN).

DICOM : Digital Imaging and Communications in Medicine

Each dynamic left ventricular (LV) and left atrial (LA) length, width, volume, and area data (60

prediction images. These linear signals can be trained for model prediction by a 1-dimensional (1D)
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34
Training and Testing Dataset Used for U-Net and 1D CNN Model

Internal Dataset External Dataset

Dataset n = 500

Control HFpEF
{n=250) (n=250)

Dataset n =2,304

Control HFpEF
(n=1,263) (n=1,041)

Dataset n = 465

spneic COPD
e %DFI‘IJ()[ HEpLE
(n=150) (n=315)

Training Dataset (10%) Untrained
Training Dataset Testing Dataset (n =2,072) Testing
(n = 450) (n =50) (Control = 1,147, Dataset
HFpEF = 925) (n=232)
(Control = 225, (Control = 25,
HFpEF = 225) HFpEF = 25) 10% (n = 207)
Used for 10-fold Validation (Control = 116,
(Control = 114, HFpEF = 116)
HFpEF = 93)

The internal data set for 1D CNN comprised patients with HFpEF and asymptomatic individuals, with
the external data set further validated to distinguish patients with
HFpEF from those with dyspnea and chronic obstructive pulmonary disease (COPD). Abbreviations
as in Figures 1 and 2.

34
Schematic Illustration of Typical Intrabeat Dynamic LV Area Changes in Asymptomatic Control
Subjects, Patients With COPD, and Patients
With HFpEF

Control COPD

a'; 11‘!4- cm/s
| ]

Chronologically matched cardiac phase-specific (gated using both electrocardiography and
mechanical events) waveform showing impaired diastolic
mechanics and delayed relaxation in HFpEF, which likely result in sharper diastolic waveform
compared with control and COPD groups. Red and yellow
lines indicate end-diastolic and peak €0 time point, respectively. Intrabeat dynamics Ew and Aw
correspond to e0 and a0 time points, respectively.
Abbreviations as in Figure 1 and 3.
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34
Intrabeat Dynamic Area Changes in the Control and HFpEF Subgroups

Control Group (n = 1,263)

10
8 -
a6 -
4 -
2 T T T
0 20 40 60
HEpEF Group (n = 1,041)
Round-Peak Irregular Contraction
4 12
12
10 +
10 A 30% 10%
B -
8 4
6 T T T 6 T T T
4] 20 40 60 0 20 40 60
Sharp-Peak Small Volume Change
16 16
14
14 -
12 4 22% 6%
12
10 4
8 T T T 10 T T T
(o} 20 40 60 0 20 40 e0
Two-Peak in Systole Falke Control
12 12
11+
10 10% 07 21%
9 ok
8 4
8 T T T T T T
0 20 40 B0 0 20 40 60

Patients with heart failure with preserved ejection fraction (HFpEF) may exhibit different types of
specific dynamic left ventricular area
changes during systolic-diastolic cycles
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34

34

CENTRAL ILLUSTRATION Framework Diagram for Artificial Intelligence-Assisted Heart Failure With
Preserved Ejection Fraction Prescreening Process

Step 1 Step 2 Step3
Image Preprocessing and Image Segmentation Walue Extraction Linear Data Cl and Model Py
[0 LA
Extract image from DICOM and resize Input  U-net model, Cutput 1D CHN Model
10128 « 128 plels for training HFDEF Model
H— MW e L g, e, Pradiction
1 | | _ates znd volme waveorms

_ Linear signals of LA/LV fength, Sl EriT f ¥

‘ mi. IIH S e e Sl e e POl e | [ Control
[ p—" ‘ L e q ' e

(DICOM) LA L i

Imaga segmantation and prediction T =

- v A o
R~
. NS
o i\ LA -
128 = 128 (paeis} ¥ 4 e\

Chiou, Y.-A. et al. J Am Coll Cardiol Img. 2021;14(11):2091-104.

The heart failure with preserved ejection fraction prescreening procedure consisted of: 1) apical 4-
chamber (A4C) image preprocessing and segmentation; 2) A4C left
atrial and left ventricular chamber value extraction; and 3) dynamic intrabeat linear data classification
by a one-dimensional convolutional neural network
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Medical Instruments

16
Late gadolinium enhancement MRI (LGE-MRI).

LGE-MRI

) Anterior NN predicted Posterior

WAV

N

) Repeat ablation until non-inducible

~

Linear ablation §

joining target to

non-conductive
barrier

V'~

EAM
System

v" (i) personalized bi-atrial model construction from LGE-MRI,
ii) personalized simulation of substrate AF inducibility, and
iii) personalized extra-PVI ablation strategy implementable in theclinical workflow.

SAINIAN

Robust Al-assisted computational platform
& for prediction of extra-PVI atrial substrate ablation targets
£ in AF patients with fibrosis,

+ enabling our FDA-approved randomized clinical trial.
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Polarmaps

The Society of Nuclear Medicine and Molecular Imaging (SNMMI) has chosen its 2022Image of the

Year, and it’s one that is sure to interest anyone in the field of cardiac imaging

54

CENTRAL ILLUSTRATION Clinical Deployment of Explainable Artificial Intelligence

Input Polar Maps

Attention Map

Probability
Reader
Global caD B6%% =
LAD disease 33% - Lj
Polar = b, e
el LCX disease 359 %‘%ﬁ%‘l—}ﬁ’:}%
RCA disease B1% S
CAD Probability (0-1)
] wmput Layer [0 convolutional Layers o 1.0
B mMaxPool Layer Fully Connected Layers - S o g
Deep Learning Architecture & ¥ 3
——{ ) (o35l =
A W bl S
W, =
. [0 o ©

CAD Probability Map

EDWV

Otaki ¥, et al. § Am Coll Cardiol Img. 2022;15(6):1091-TI02.

The raw myocardial perfusion, wall motion, and thickening images were input to the deep learning
model “CAD-DL.” Sex, age, and cardiac volumes were added to the final fully connected layer,

which Is used to estimate the per-patient and per-vessel probability. the attention maps highlight the
regions and segments contributing most to the per-vessel prediction. CAD : coronary artery disease;
EDV : end-diastolic volume; ESV : end-systolic volume; LAD : left anterior descending artery;

LCX : left circumflex artery; RCA : right coronary
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54
Diagnostic Performance of CAD-DL From Repeated 10-Fold Testing in the Overall Population

Overall Population (n = 3,578, 10,734 Vessels)
10-Fold Repeated Testing

A B Per-Patient
AUC sensitivity and specificity

20 -

20

PO

%)

&0

40
P=r-Patient Per-Vessel

W CAD-DL @ TPD M Reacer [iagnasis

*P o< 0000

M Sensitivity I Specificity

(A) Per-patient and per-vessel AUC. (B) Per-patient sensitivity. AUC : area under the receiver-
operating characteristic curve;
CAD-DL : coronary artery disease—deep learning; TPD : total perfusion deficit.

54
Diagnostic Performance of CAD-DL in the Population With SSS

Subpopulation with Visuzl $S5 (n = 2,884)
10-Fold Repeated Testing

A Par-Patient Diagnostic Performance B
(Prevalence of CAD 1,820/2,884, 63%) Per-Patient
104 Sensitivity and Spedficity
f"_r._ *
90 4 ‘ -
0.8 4 I
80
.. 06 -
=
=
5 70 1
= 4 -
4 04 / g
: f AUC (Bars), 95% CI (Whiskers)
]
60 1
CAD-CL 0.81
0.2 1 | e
TPD a79 v =
Visual 555 0.79
0.0 +
T T T T T T 40 4 - - -
1.0 0.8 0.6 04 0.2 0.0 CAD-DL TPD Visual 555
Specificity W Sensitivity W Specificity

*P=0.00C8, **P < 0.0001

(A) Per-patient area under the receiver-operating characteristics curve (AUC). The shaded area
represents 95% CI. (B) Per-patient sensitivity and specificity.
SSS : summed stress score; other abbreviations as in

54
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A

Case Example of Solid-State SPECT-MP

B  cap attention Map

Stress Perfusion (%)
Perfusion ’ D

C  cAD Probability Map
CAD Probability (0-1)
A - s

CAD Probability (0-1)

R,
\"‘-\.‘_\_\_ ____.-P'
Stress TPD 490 m——

O - O |+ O |~

Gated SPECT

Stress EDV 121 mL Stress ESV 40 mL

CAD
1.0 Probability

08  Global
CAD

0.88

LAD -
disease s

LCX
disease

RCA

disease o=

A 72-year-old male with 85% stenosis in the proximal left anterior descending artery (LAD) on

coronary angiography.

(A) Visual assessmentfor stress image was interpreted as equivocal (SSS : 2).

(B) CAD attention map highlights the image regions contributing to CAD predictionoverlaid onto
perfusion polar map.
(C) CAD probability map shows a high probability of CAD and specifically LAD disease with the
distalanterior and apical segments contributing to the prediction.
(D) Left ventricular volumes from gated SPECT.

O O O OO Oo0OOo0OOoOOo

ANT : anterior; LAT : lateral;

EDV : end diastolic volume; ESV : end-systolic volume;
LAD : left anterior descending artery;
LCX : left circumflex artery;

MPI : myocardial perfusion imaging;
RCA : right coronary artery; SEPT : septal;
SPECT : single-photon emission computed tomography;

AN
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Computed tomography
pulmonary angiography

Axial computed tomography pulmonary angiogram images
illustrating total severity scoring (TSS) semiquantitative assessment.
TSS: 0 (mild),

TSS: 13 (moderate), and
(C) TSS: 25 (severe).

O O O O

23
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Computed tomography showing original reports of 2 false-positive studies.
(A) The axial computed tomography pulmonaryangiography (CTPA) image shows a soft tissue
density misinterpreted as an eccentric filling defect (arrow).
(B) The coronalobliguemultiplanar reconstructed image shows presumed a filling defect (arrow)
between the branch of the right superior pulmonaryartery (star) and one of the right superior
pulmonary vein tributaries (cross).
(C) The coronal reconstructed CTPA image shows soft tissue density (arrow) misinterpreted as a
filling defect within the right subsegmental upper lobar artery.
(D) The oblique-obliquemultiplanar reconstructed CTPA image shows the subsegmental branch
(arrowheads) to be patent.

Computed tomography pulmonary angiography shows
false-positive result of artificial intelligence.
(A) An artificial intelligence generated image highlighting the misinterpreted filling defect within the
right middle lobar branch, also seen on
(B) thecorresponding axial computed tomography pulmonary angiography image. Note that the
presumed filling defect (arrow) is seeninferior to the vessel on both
(C) the coronal and (D) sagittal reconstructed images
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Computed tomography pulmonary angiography shows
false-positive result of artificial intelligence.

(A) Al generated image highlighting the misinterpreted filling defect, also seen on

(B) corresponding axial computed tomographypulmonary angiography image. Arrow represent filling
defects.

(C) A coronal reconstructed image shows the presumedfilling defect soft (arrow) between the apical
branch of the right superior pulmonary artery (star) and one of the right superiorpulmonary vein
tributaries (cross)

Literature survey

Medici

30000

25000
E
24

= 20000
=
=
=
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= 15000
=
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=
°

% 10000
=
E
=
=

5000

o O — PP PP B e P P P P G B e e B e 1
1990 1995 2000 2005 2010 2015 2020 2025

Year
—@— Artificial intelligence Machine learning —@— Deep learning

Recent trends in PubMed search results.
o Search field: Title/Abstract;
o Search terms: artificial intelligence, machine learning, deeplearning
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Identification

Recaords identified through
database searching (n = 4257):
Embase (n=1902)
Madlina {(n = 1174)
IEEE Explora {n = 674}
Scopus (n = 507)

29

Racords aftar remaoving

duplicales (n = 3642}
Embase (n = 1644)
Madlina (n = B5E)
|EEE Explora (n = 673)
Scopus (n = 468)

v

Racords screaned based on lilla
and abstract (n = 3642)

Duplicate records
removed {n = B15)

¥

Full-text articles assessed for
aligibility (n = B6)

Records excluded
(n = 3556)

Relevanl arlicles (n = 16)

v

Full-text articles excluded (n = 70):

1)

2)
3)
4)

5)
B)

7
8)
3)

Al product is mantionad bul nod the focus
af the study {n=1)

Mo Al product is mentioned (n = 36)
Conference proceading (n = 9)

No cut-off threshold specified for Al
product {n = 1)

Duplicate adicla (n = 4)

Al product is not tested against a gold
reference standard preventing ground
fruth being established (n = 5)

Mot a primary study (n = 3)

Praprint paper (n = 2)

Negative TB output of Al product is not
lested (n= 9

Sludies that gualify for meta-
analysis (n = 10)

¥

Arlicles excluded [n = 6):

1)

No quantifative diagnostic les! accuracy
dala included {n = B)

Studies subject o mela-analysis
(n=8)

¥

Articles axcluded (n = 2):

1)
2)

Risk of patient selection bias (n= 1)

Risk of publication funding oulcome bias (n = 1)

Study screening and selection flow chart
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29
v’ The structure of the search strategy for all databases is based on the following string format:
?  (Tuberculosis terms) AND (Al computer aided detection, including current certified
products, terms) AND (chest X-rays terms) AND (diagnostic test
accuracy/performance/validation/tuberculosis test culture terms).

# Searches Results
1 exp Tuberculosis/ 203,273
2 Mycobacterium tuberculosis/ 56,024
3 Tuberculosis.ow. 206,243
4 TB.ow. 67,343
5 Mycobacteri®.tw. 103,279
6 or/1-5 329,403
i/ exp Artificial Intelligence/ 156,058
b} exp cluster analysis/ 71,341
9 Pattern Recognition. Automated/ 26,300
10 exp neural networks, computer/ 51,611
11 exp Image Processing, Computer-Assisted/ 255,189
12 exp Image Interpretation, Computer-Assisted/ 591,193
13  exp Signal Processing, Computer-Assisted/ 68,221
14  Computational Biclogy,/ 90,165
15  Imaging Genomics/ 42
16  exp Diagnosis, Gomputer-Assisted, 56,294
17 exp decision support techniques/ 81,775
18 Tiarn Anabmics 2024
Scopus

TITLE-ABS-KEY(tuberculosis OR tb OR mycobacteri®) AND TITLE-ABS-KEY(“Artificial* Intel*” OR Al OR (Learning W/1 (machine OR deep OR
lazy OR “multiple instance”)) OR “Cluster analysis” OR ((Comput* OR Automat® OR Machine®) W/3 (“pattern recognition” OR “signal processing” OR
“neural network®” OR diagnos* OR detect” OR classif*)) OR (Imag* W/2 (analy* OR processing OR interpret* OR recogni*)) OR (Comput*® W/2
(cognitive OR intelligen* OR biolog* OR diagnos* OR detect”™ OR screening OR interpret®)) OR “Support vector machine®” OR “Feature extraction”
OR (Vision W/1 (comput* OR machine*)) OR (Perception W/1 (machine OR visual OR comput*}) OR (Data W/1 (analy* OR big OR mining OR
fusion)) OR (Decision® W/1 (tree* OR processing)) OR (software W/2 (diagnosis OR detection OR screening OR interpretation)) OR “Analytic hi-
erarchy process*” OR (annalise OR cad4tb OR inferread OR Lunit OR CXR OR QXR OR genki OR radify OR JLD-02K OR JVIEWER-X OR TiSepX OR TB
ChestLink OR ChestEye OR axir OR vuno OR chest Xray OR delft imaging OR envisionit deep ai OR infervision OR JLK OR oxipit OR. “qure.ai” OR
radisen)) AND TITLE-ABS-KEY((chest* OR lung* OR pulmonary OR respiratory) W/3 (imag* OR radiograph™ OR ct OR tomograph* OR mri OR
“magnetic resonance”)) AND TITLE-ABS-KEY (sensitivity OR specificity OR ((pre-test OR pretest) W/1 probability) OR “post-test probability” OR
“predictive value*” OR. “likelihood ratio®” OR ((valid* OR reliab* OR predict*) W/3 (result* OR finding* OR screening OR diagnos*)) OR ((diagnos*
OR screening) W/2 (accura® OR validat* OR correct® OR error® OR precis*)) OR “ROC curve” OR xpert OR screening OR “culture test” OR radiologist
OR radiographer) AND (LIMIT-TO (PUBYEAR.2023) OR LIMIT-TO (PUBYEAR,2022) OR LIMIT-TO (PUBYEAR,2021) OR LIMIT-TO (PUBYEAR.2020)
OR LIMIT-TO (PUBYEAR,2019) OR LIMIT-TO (PUBYEAR,2018) OR LIMIT-TO (PUBYEAR,2017) OR LIMIT-TO (PUBYEAR,2016) OR LIMIT-TO
(PUBYEAR,2015) OR LIMIT-TO (PUBYEAR,2014) OR LIMIT-TO (PUBYEAR,2013) OR LIMIT-TO (PUBYEAR,2012) OR LIMIT-TO (PUBYEAR,2011)
OR. LIMIT-TO (PUBYEAR,2010) OR. LIMIT-TO (PUBYEAR,2009) OR LIMIT-TO (PUBYEAR,2008) OR LIMIT-TO (PUBYEAR,2007) OR LIMIT-TO
(PUBYEAR,2006) OR LIMIT-TO (PUBYEAR,2005) OR LIMIT-TO (PUBYEAR,2004)) AND (LIMIT-TO (LANGUAGE, English")).
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Future of
Medical field

Al interprets the appearance, content and malignant risk of pulmonary nodules

22
Leading Technology - IoT integrated into metacosmic medicine

Integrate IoT sensing transmission and intelligent processing into AR/'VR/XR/MR and digital people

(RRCHRIOBAFHESF) « LlHHHEL
Human-computer MDT clinic and meta-cosmic medicine clinic.
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The 10T platform connecting the PNapp5A mabile terminal entrance and the background PC terminal

22
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I0T-assisted assessment and management ofpulmonary nodule
v" Preliminary evaluation and the second process of research and judgement.
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22

d IAMM
2

Ai-assisted Lung Cancer Early Diagnosis Technology & Al Detection and quality control system

PNapp 5A

Program digital quality
control homogenizatior

Reliable

PNapp 5A

QOvercoming delays
and overtreatment

PNapp SA

Al system and clinical
testingquality control alliance

Intelligent
Holistic Perception i L A league Branch Center
P transmission handling (£J g
\ Flrst review by a Primary physician
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Clinical Information e : y /0 Alfniage Pathology Artificia or ve slpcc alis
) /. .- Evaluation Intelligence system Human-machine MDT
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. ,d;'." I\\\““\ . TR (iaten application model undecided invite A-level expert
Abnosmal ireulating eclls 0'"’!-; ll . @ At about 10mm, a definite dingnosis
by and treatment plan Isproposed
of pulmonary nodules e ¥ 4 cure rate is 90%
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Al-assisted lung cancer early diagnosis technology &

Al detection and quality control diagram

23

All CE chest CTs of admitted

COVID|9 patients (9488)
N=10158

'

Positive CTs for PE
N=528

|

Matching for TSS Negative CTs for PE

N=9630

Excluded*
N=1

Positive for PE
N=527

Selected matched
controls

N=977

‘ Sent for Al interpretation N=1504

!

‘ Discrepancy between Al and original reports N=78

l

—

Deemed indeterminate after blinded
review and exduded from analysis N=13

Final positive for PE

N=526

(TSS) calculation.

l

Final negative for PE
N=965

Reversed-flow diagnostic case-control design (single gate) flowchart.
*The patient was excluded because they underwentlung operation, excluding total severity score

o Al, artificial intelligence; CE, contrast-enhanced; COVID-19, coronavirus disease 2019;
o CT, computed tomography; PE, pulmonary embolism
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Rt

blation;catheter cathetsr Ablation Index: 564

Energy: 50W (A) Energy: S0W (D)
Contact Force: 29g Contact Force: 20g
Application duration: 14s Application duration: 16s

B Lasso mapping Impedance drop: 140

Impedance drop: 110
Ablation Index: 561

e . . Non-steerable -
= sheath . Energy: SOW (8)

ESO. Temp. Probe ¥ Contact Force: 9g

Al

Application duration: 22s
Impedance drop: 70
Ablation Index: 554

CS catheter A Energy: S0W (©)
Contact Force: 22g Contact Force: 16g
pplication duration: 7s i ion: 8s

Impedance drop: 110 Impedance drop: 100
Ablation Index: 444 Ablation Index: 420

L Rao 30 B

(A) A fluoroscopic example of the procedure.
(B) A representative example of a 3-dimensional left atrial map during the procedure.
v Tag (A): ablation lesion at the left anterior superior region. Tag (B): ablation lesion at the left

anterior inferior region. Tag (C): ablation lesion at left posterior region. Tag (D): ablation
lesion at right anterior region. Tag (E): ablation lesion at the right posterior region. The open
dots indicate the marked antral-ostium of the pulmonary veins.

Al-HP ablation index—guided high power; CS : coronary sinus; ESO Temp esophageal
temperature; LSPV : left superior pulmonary vein; PA . posteroanterior; PVI : pulmonary
vein isolation; RAO : right anterior oblique

Anatomical distribution of
LET heating sites

100%

80%
Incidence of LET>39C
60%
47%
40%

20%

Posterior-anterior view
0%

B D]

Endoscopic

esophageal lesion:
mucosal

(max. 1.5cm)

A 8 A A
L L

IN
e

[A)
@

Peak luminal esophageal temperature

Incidence of endoscopic esophageal lesion: 2/57 (3.5%)

(A) The incidence of LET >39C was 47%.

(B) The mean peak LET was 41.2-- 1.8C.

(C) Anatomic distribution of LET increase, LSPV posterior(17%), LIPV posterior (44%), RSPV
posterior (2%), RIPV posterior (37%).

(D) Endoscopic esophageal lesion 1 day after the ablation procedure.
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LAA : left atrial appendage; LET : luminal esophageal temperature; LIPV : left inferior pulmonary

vein; LSPV : left superior pulmonary vein;RIPV : right inferior pulmonary vein; RSPV : right

superior pulmonary vein

05

CENTRAL ILLUSTRATION Ablation Lesion Analysis of Sites With Increased LET

Ablation lesion-analysis of
sites with increased LET

LSPV RSPV
Sites with
increased LET
RIPV

LIPV

Ablation Lesion-Analysis of Sites with = 2
Increased LET (>39 °C) kasion Questity
- Mean ablc[ﬁan duration until LET
increased, s
- Mean impedance drop until LET
- Mean ct:.mtact force until LET 221280
increased, g

- Mean Al value until LET increased 419+ 446

Chen, 5. et al. J Am Coll Cardiol EP. 2020;6(10):1253-61.

The ablation lesion analysis of the sites with LET >39C:

0 mean ablation duration (7 -- 2.4 s), mean impedance drop (9.4 --4.6 U), mean

o

contact force (22.1 -- 8.9 g), mean Al value (419 --44.6).

o Al ablationindex; LAA : left atrial appendage; LET : luminal esophagealtemperature;

LIPV : left inferior pulmonary vein; LSPV : left superior pulmonary vein; RIPV : right

inferior pulmonary vein; RSPV : rightsuperior pulmonary vein.
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Al software in comparison with

pulmonologist

A Healthy

Asthma

COPD

39
—
F
—

Interstitial lung disease —
F
—
r
__‘

Neuromuscular disease

Pulmonary vascular disease

Thoracic disease

Other obstructive disease

Sensitivity (%) mAl
O Pulmonologists

Healthy

Asthma

COPD

Interstitial lung disease

Pulmonary vascular disease

Thoracic disease

39
—
—
—
—

Neuromuscular disease —
—
F
—

Other obstructive disease

Positive predictive value (%) mAl
O Pulmonologists
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Performance of pulmonologists in comparison with the Al software for allocation to each disease

category.

A, Sensitivity (ie,true positive/[true positive p false negative]) shows how many relevant subjects
(from a specific group) were correctly identified.

B,Positive predictive value (i.e, true positive/[true positive p false positive]) shows how many
labeled subjects rightly belonged to thespecific group. Data from Topalovic et al

May 2018

June 2018

July 2018

August 2018

September 2018

MNovember 2018

December 2018

January 2019
March 2019

May 2019

39

X-ray wrist fracture diagnosis (Imagen)

Transcranial Doppler probe positioning
(NeuralBot)

Motion capture for the elderly (MindMotionGO)

Managing type 1 diabetes (DreaMed)

Blood glucose monitoring system (POGO)

Coronary artery calcification algorithm (Zebra
Medical Vision)

Quantification of liver iron concentration
{(FerriSmart)

Breast density via mammography (1CAD)

Triage and diagnosis of time-sensitive patients
{Aidoc)

Detection of atrial fibrillation (PhysiQ Heant
Rhythm Module)

Detection of atrial fibrillation (Apple)

Identifying visual tracking impairment { RightEye
Vision System)

Acute intracranial hemorrhage triage algorithm
(MaxQ)

Decision support for mammograms (ScreenPoint
Medical)

Detection and diagnosis of suspicious lesions
(ProFound Al)

Adjuvant treatment for substance abuse disorder
(ReSET-0)

ECG feature of the Study Watch (Verly)

Clinical grading in pathology (Paige.Al)

Breast cancer detection in mammograms
(CureMetrix)

Six-lead smartphone ECG (AliveCor)

Chest X-ray analysis (Zebra Medical Vision)

Identifying pulmonary embolism (Aidoc)
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TABLE |. (Continued)

Date Al-based algorithm

June 2019 Decision support in breast cancer (Canon
Medical)

July 2019 CT noise reduction (Koios Medical)

ADHD, Anention deficithyperactivity disorder; ECG, electrocardiogram; MR
magnetic resonance imaging.

Al (1956-2024)

Artificial intelligence
Machine learning

Deep learning / ANN

Generative Al
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Supervised

learning:
labelled data

Unsupervised

learning:
unlabelled data

Reinforcement

learning:
environment-driven

Classification: Regression: . . .
. g . Data Feature Dimensionality
categorical continuous - . .
clustering extraction reduction
data data

Relationship between artificial intelligence (Al), machine learning (ML), deep learning/artificial
neural networks (ANN), and generative Al (a); subdivisions and applications of ML (b).

19

Laboratory & imaging diagnostics

AMR diagnosis by
MALDI-TOF & WGS

WY
"

|
' plate reading

£\
{ ///\\ﬁi . | Digital culture
v i#- / v,

Malaria diagnosis by blood
microscopy & spectroscopy

Clinical imaging
analysis

Public health & surveillance

Tracking disease epidemiology &
human behaviours

| Targeting testing
/

Clinical decision support

Antibiotic prescribing 3 ‘

guidance | |

d . AMR prediction based

. 'on clinical risk factors

" Sepsis prediction &
risk stratification

Generative Al in clinical & research

. data generation & processing

Research applications

Novel drug & vaccine
development

Microbiome-based
medical interventions

Examples of artificial intelligence (Al) applications in research and management of human infections.

v" AMR: antimicrobial resistance;

v" MALDI-TOF: matrix-assisted laser desorption/ionisation—time of flight mass spectrometry;

v" WGS: whole genome sequencing
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XAl

Saliency maps

PPy

Saliency maps from the external test dataset
Average saliency images of each 20-year chronological age group in the external test dataset
The top panels show averaged chest radiographs for all participants in the group and the
bottom panels show averaged saliency maps.

Hot areas in the saliency maps indicate characteristics of increasing age in chest radiographs;
cold areas indicate characteristics of decreasing age

AN

www. joac.info 287



28

—_——
I
1
e i
I
I
I
1

R - U

g

I
'
L
i
|
i

A T (U

v
I
1
— 1
|
i
1

S N

!
I
s !
I
1
I
1

1

|

i

:
—_—

|

i
——
1
1

e

Y —

Correlation between difference-age and each disease
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v Odds ratio of difference-age of each disease in the external datasets from institutions D and E.

Circles representmeans and lines represent 99% Cls.
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