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ABBREVIATIONS

ARF : acute respiratory failure

AUC : area under the curve

BA : Bresenham’s algorithm

CE : cross entropy

CNN : convolutional neural network
CRX : chest X ray

CT : computerized tomography

DL : deep learning

Grad CAM : Gradient weighted Class Activation Mapping
ICU : intensive care unit

LPT : pleural line thickening

LUS : lung ultrasound

ML : machine learning

PE : pleural effusion

ROC : receiving operating characteristic curve

RT PCR : real-time reverse transcription polymerase-chain-reaction
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ABSTRACT

Context : COVID 19 pandemic has highlighted the need to combine non-invasive, rapid, and
widely available imaging techniques to achieve a successful early detection and surveillance
of the disease. Machine learning algorithms appears to be promising for the analysis of LUS
images.

Purpose : To develop a performant algorithm using artificial intelligence capable of identifying

LUS abnormalities in a patient with Covid-19 pneumonia

Methods : This is an prospective study in Toulouse University Hospital and Cayenne hospital.
58 patients were included between June 2020 and March 2021. Inclusion criteria were COVID
19 confirmed with RT PCR and acute respiratory failure at hospital admission. Every patient
included underwent LUS assessment by one of the three investigators (expert in LUS). Images
were gathered and LUS frames were labeled by those same investigators. Semantic
segmentation method was used with 4 convolutional neural networks tested.

To evaluate the different architecture, metrics and ROC curve were computed. A confusion
matrix was also design.

For B superclass, we used post processing tool based on signal analysis and Bresenham’s
algorithm to discriminate the type of B lines. This method was evaluated with Grad CAM.

For external validation, the semantic segmentation network was tested on POCUS dataset.

Results : In total, 5 000 LUS frames were labeled from 58 patients affected by COVID 19 with
different degree of severity. Those 5 000 frames were divided in 5 fold : 4 for training and 1
for validation. Deeplab appears to be the better segmentation model in Recall and F1. ROC
curve using Deeplab model showed AUC at 0.96 for A pattern ; 0,97 for B superclass ; 0,95 for

C pattern.

Conclusion : Deeplab segmentation was successful to identify clinically meaningful LUS

patterns from COVID 19 patient’s dataset.

KEYWORDS : Lung ultrasound; Covid 19; deep learning; semantic segmentation ;
convolution neural network
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GLOSSARY

Artificial Intelligence : simulation of human intelligence processes by machines, especially

computer systems.

Machine Learning : method of data analysis that automates analytical model building ; based

on the idea that systems can learn from data, identify patterns and make decisions with minimal

human intervention.

Deep Learning : type of machine learning concerned with algorithms inspired by the functioning
of human neurons. The system is designed into a multitude of interconnected layers each

receiving and interpreting information from previous layer.

Semantic segmentation : process to label each pixel of an image with corresponding class of

what is being represented. It makes possible to recognize a set of pixels that form distinct

categories.

. Background Pixels

Person Pixels

Source : https://fr.mathworks.com/

Convolutional Neural Network (CNN)
Network architecture which learns directly from data, eliminating the need for manual feature
extraction. Useful for finding patterns in images to recognize objects.

CNN is composed of an input layer, output layer and many hidden layers in between.

O
L 2
INPUS @y Outputs
O—
L e g
Source : https://mathworks.com
Input Layer Output Layer

Hidden Layers
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https://datascientest.com/machine-learning-tout-savoir

Two main steps are required :

1) Convolution :

- Purpose : to extract characteristics specific to each image by compressing them in order

to reduce their initial size.

- Principle : the image provided as input passes through a succession of filters, creating at
the same time new images called convolution maps or activation map. The resulting
convolution maps are linked in a feature vector called CNN code. The objective is to reduce

the number of parameters that the network needs to learn.

After learning features in many layers, the architecture of a CNN shifts to classification.
2) Classification :
- Purpose : to combine the characteristics of the CNN code in order to classify the image.

- Principle : the CNN code obtained at the output of the convolutional part is provided as
input in a second part, consisting of fully connected layer (called multilayer perceptron).
The output of the connected layer is a vector of K dimensions where K is the number of

classes. The vector contains the probabilities for each class of any image being classified.

784 128

(relu) (softmax)
e
Z A7
¢

Input Layer Hidden Layer 1 Ou[pu{ Layer
10

pixel 1 =

pixel 2 >

<2

pixel 3 > %23%%.%7,:? . - Probability of class 2
pixel 4 > "ézf‘\é .%}é:é - Probability of class 3
R

. - Probability of class 10

k pixel 784 >

Source : https.//datascientest.com/

Cross Entropy Loss: mathematical method to minimize the difference between the

predicted distribution and the true distribution ; quantifies the error and minimizes it.
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Metrics : evaluation of a Deep Learning algorithm :

- F1 Metric : is the harmonic mean of precision (specificity) and recall (sensitivity) ; F1

score is high if Precision and Recall are high

Precision * Recall

F1 = 2%
score ‘ Precision + Recall

- Precision : highlights well classified pixels that are not outside of patterns region ;

equivalent to specificity

- Recall : shows if all pixel belonging to patterns are found ; equivalent to sensibility

(high recall succeeds well in finding all positive cases)

- Confusion matrix : the matrix compares the actual target values with those predicted
by the machine learning. This gives a view of how well our classification model is

performing and what kinds of errors it is making.

Predicted Class

Positive Negative

243 Sensitivity

Positive True Positive (TP) False Negative (FN) o

Type Il Error P
Actual Class

Specifitivy

Negative False Positive (FP) True Negative (TN) e

Type | Error TN + FP)

Precision Negative Predictive Accuracy

Value P+ TN

TN + FP + FP + FN)

Source : https://datascientest.com/

Gradient weighted Class Activation Mapping (Grad CAM) : technique for visualizing the
regions of input that are « important » for decisions / predictions from a large class of CNN-based
models, making them more transparent. This approach uses the gradients of any target output,
flowing into the final convolutional layer to produce a localization map highlighting the important

regions in the image for predicting the outcome.
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Test Image
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Grad-CAM: Road

Semantic Segmentation

Grad-CAM: Pavement

Source : https://datascientest.com/
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INTRODUCTION

The world-wide outbreak of the novel coronavirus disease (COVID-19) has highlighted
the need to combine non-invasive, rapid, and widely available imaging techniques to achieve
a successful early detection and surveillance of the disease. Imaging has a key role to play in

the diagnostic pathway and lung ultrasound (LUS) might play an important role.

LUS SEMIOTICS

LUS findings remain on the interpretation of artefacts produced at the pleural surface.
It is true that LUS cannot been used for the evaluation of the pulmonary parenchyma in
healthy patient due to the presence of air near the surrounding tissues, providing a high
acoustic mismatch and a full reflection of the ultrasound beam. In this case, the pleural line
(PL) appears as a thin echogenic line due to the elevated impedance at the interface between
the superficial soft-tissues and the air in the lung. Nevertheless, some lung pathologies can
reduce the impedance mismatch at the pleural surface and ultrasound beam can experiment

relative reflection, refraction and attenuation, leading to so-called artifacts in LUS imagery.

LUS requires the knowledge of the following artifacts (1) :

A-line : in sane patients, this artifact is produced by the beam reflection between the
pleural line and the ultrasound probe. A-lines appeared as hyperechoic, horizontal
lines arising at regular intervals from the pleural line, up to the bottom of the image

- B-line : B-lines are comet-tail artifacts, defined as discrete laser-like vertical
hyperechoic reverberation artifacts arising from the pleural line and extending up to
the bottom of the image without fading. B-lines are features of an abnormal lung
condition. Thin B-Lines (B1), large B-Lines (B2), multiple B-lines and white lung pattern
(B3) can be observed.

- C-pattern: Compared to normal lung, consolidation (C) on LUS replace the pleural line
pattern with a relatively hypoechoic heterogeneous echo texture. Clinician can use
these patterns (artifacts) to qualitatively diagnose the severity of a COVID-19 patient

- Pleural effusion : hypoechoic texture between pleural line and lung which appears

atelectatic and hyperechoic
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The interest of ultrasound for lung acute pathology was demonstrated by
Lichtenstein et al in a study published in 2008 (2). Bedside LUS showed an accuracy of 90.5%
in diagnosing the cause of acute respiratory failure in critically ill patients. The BLUE protocol
has higher sensitivity, specificity and diagnostic accuracy for pleural effusions, alveolar

consolidation and interstitial syndromes all the values for LUS are between 92% and 100%.

LUS AND COVID-19 INFECTION

COVID-19 causes clear and typical ultrasonographic patterns (3,4) , as shown in Figure
1. B lines in COVID-19 occurs in large numbers, both in separate and coalescent forms (light-
beam patterns), and can give the appearance of a shining white lung. Irregularity of the pleural
line, sub-pleural pulmonary consolidations and poor blood flow also occur in bilateral patchy

clusters, and are mainly visible in the posterior and inferior areas.

In this regard, LUS has shown promise but its potential may be destined to evolve.
Indeed, despite the fact that accumulating evidence suggest that LUS gives results that are
similar to chest CT for evaluation of COVID-19 severity, it is broadly acknowledged that current
LUS data interpretation, which is based only on medical experts’ analysis, can be time-
consuming, user-dependent, and hold the risk of leading to oversimplified diagnosis. To
accurately cope with these issues, computer vision approaches, built upon machine learning
algorithms have been recently proposed but have demonstrated variable classifier’s accuracy
and the poor explicability of the obtained results appears to be still a significant drawback.
Moreover, the vast majority of the reported studies have only provided binary classifications
(5), seeking either to disentangle the diagnosis of COVID-19 from alternative causes of acute

respiratory failure or to assist on the identification of only one specific LUS patterns.
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Normal

Alveolar consolidation

Lung edema

Abnormal pleura

Fig. 1 : Lung ultrasound patterns (adapted from (6))

PLACE OF ULTRASOUND AMONG OTHER IMAGING

Computed Tomography (CT) was used as the main standard to identify lung pathology.

Use of chest CT comes with significant drawbacks : it is costly, exposes patients to
radiation. In a triage protocol with massive patient flow, little CT equipment is available,
patients may not be carried to dedicated CT room, equipment is hard to sterilize. Even if the
LUS image quality is below CT quality, LUS may be an effective tool to predict severity and the

need to admit patients with COVID-19 to the Intensive Care Unit (ICU) (6) .

Poggiali et al. found strong correlation between similar ultrasound findings and
concurrent CT (7) . Twelve patients with COVID-19 underwent both LUS and CT scanning. All
patients had diffuse B-lines with spared areas. Three had posterior subpleural consolidations
and four had the appearance of organizing pneumonias: bilateral patchy subpleural or
peripheral consolidations. CT scans confirmed bilateral lung involvement with ground-glass

opacities and consolidation changes in all patients.
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Regarding diagnostic performance of LUS compared to CXR or CT scan, a meta-analysis
published in 2014 (8). showed pooled sensitivity and specificity for the diagnosis of pneumonia

94 and 96% respectively and area-under-the ROC curve of 0,99.

DEEP LEARNING — ARTIFICIAL INTELLIGENCE
With the rise of deep learning techniques, medical imagery has increasingly claimed
attention for the computed assisted analysis. In particular the use of convolutional neural
networks (CNNs) has led to substantial performance gain over the classic machine learning
techniques. Multiples usages have been evaluated, especially for thoracic imaging (9). Several
works on CT scans and Covid-19 infection have been recently published and have shown
promising results in terms of :
- quantification and segmentation the infection with potential application such as
severity prediction (10,11).
- performance in identifying COVID-19 from other pneumonia ; and stratifying patients

into high- and low-risk groups (12).

Interpreting ultrasound images is user-dependent and it can lead to errors. To
accurately cope with these issues, computer vision approaches seems to be relevant. In the
specific setting of LUS data analysis from COVID-19 patients, an increasing number of ML
architectures have been developed. They were able to achieve fairly high accuracy to
differentiate the COVID-19 patients from both bacterial-related and other pneumonia cases
and grade the pathology severity. But these methods have demonstrated variable classifier’s
accuracy (as shown in supplementary table 1, adapted from Review of Machine Learning in
Lung Ultrasound in COVID-19 Pandemic, Wang and al 2022) and the poor explicability of the
obtained results are still a significant drawback. Importantly, the vast majority of these studies
have provided only binary classifications, seeking either to disentangle the diagnosis of COVID-
19 from alternative causes of acute respiratory failure or to assist on the identification of
isolated LUS patterns (pleural line (13) , lung edema (14)). Furthermore, none of these
networks was able to detect all clinically relevant (A, B, C, pleural effusion and pleural

thickening) LUS patterns.
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Aiming to fill this knowledge gap and lay the foundation needed to develop an end-to-
end tool for computer-assisted analysis of COVID-19 patient’s LUS data, we followed an
original knowledge transfer approach from satellite to medical imaging based on semantic
segmentation and signal processing. Semantic segmentation is a form of pixel-level prediction
where each pixel in an image is classified according to a category. Thereby, we were able to
provide a new automatic voxel-wise classifier, which was able to identify all the clinically
relevant LUS patterns that can be observed in this setting (pleural line, lung oedema, lung
consolidation, pleural effusion). Last but not least, to increase the explicability, or at least the
interpretability of our medical-assist tool, we used these DL methods not as a black box given
to the physician, but as a pre-processing step to a signal analysis process that will refine the

result of the network.
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MATERIALS AND METHODS

STUDY DESIGN

The whole dataset was prospectively collected at the ICUs from both the University
Hospital Purpan (Toulouse, France) and Cayenne Hospital (French Guyana, France) between
July 2020 and March 2021. Patients were managed by physicians according to current
guidelines and recommendations for critically ill COVID-19 patients (15-17) . The study was
approved by the ethics committee of the University Hospital of Toulouse, Toulouse, France
(Comité Consultatif pour la Protection des Personnes, Ref. 2020-A01225-48); written consent
was obtained from all participants. COVID-19 diagnoses were confirmed by positive RT-PCR

assay for pharyngeal swap specimens.

POPULATION

We prospectively recruited adult COVID-19 patients who were in acute respiratory
failure (ARF) at hospital admission. ARF was defined as patient’s blood oxygen saturation as
measured by pulse oximetry < 90% while breathing room air or respiratory rate > or = 30
breaths / min (18). Exclusion criteria were patient’s history of chronic respiratory disease and

the lack of LUS image.

LUNG ULTRASOUND EXAMINATION

All patients underwent a LUS assessment by senior critical care practitioners, with
advanced level of thoracic ultrasound training (AA, SB, SS). The level of agreement between
raters for the LUS findings has been previously reported (19,20). Lung ultrasound assessment
was performed with HP Sonos 5500 (Hewlett-Packard Development Company, LP) and
Sonosite M-Turbo (Fujifilm Sonosite Inc, WA, USA) 2- to 4- MHz probes. As previously

reported, six quadrants were defined for each hemithorax (1,21).

Following international guidelines for LUS study and data reporting (1,2,21), we used
consensual semiotics criteria (figure 1) :
- The normal pleural line was defined as a horizontal hyperechoic line visible below the

rib line.
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Pleural effusion was defined as a hypoechoic collection limited by the diaphragm and
the pleura (PE profile).

A normal lung pattern was defined as the presence in a quadrant of lung sliding with
reverberating horizontal A lines (A profile).

Alveolar consolidation was defined as the presence of poorly defined heterogenous
wedge-shaped hypoechoic images. We distinguished two patterns of alveolar
consolidation during COVID-19:

* Subpleural non-translobar (C1 profile) (22) which might correspond to

peripheral lung embolism (23)

» Posterior translobar with occasional mobile air bronchograms (C2 profile).
Alveolar-interstitial syndrome was defined as the presence of more than two vertical
lines B lines in a given lung region. To specifically address the usefulness of LUS
evaluation to provide semi-quantitative pulmonary oedema assessment, we defined
three B-lines classes:

« Bl profile (thin, multiple and well-defined)

* B2 profile (large and coalescent)

« B3 profile (“shining white lung”) (24) .

DATA ANNOTATIONS

LUS frames were annotated by 3 medical experts (AA, SB, SS) from Critical Care Units

of University Hospital of Toulouse (Toulouse, France) and Hospital of Cayenne (French Guyana,

France). These raters are all senior critical care practitioners, with advanced level of thoracic

ultrasound training. LUS frames from patients affected by COVID-19 with different degree of

severity were gathered and labeled using Clickpoints© annotation tool (Figure 2). Ten random

frames of each scan are used to ensure all patterns can be seen yet avoiding too much data

redundancy. In addition to LUS semiotics labels, we also used as input annotated pleural line,

rib, diaphragm, liver and spleen annotated images. It is worth noting that in order to extract

all relevant information from our LUS dataset, most of the not noisy frame pixels have been

labeled, making it possible for the network and post-processing to get additional features in

the analysis.
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(b) Annotated LUS image with PL, B and C

(a) Example of Ground-Truth LUS image
patterns

Fig 2. Labelisation of LUS image

PRE-PROCESSING

In order to lower the bridge between the different ultrasound systems, data
augmentation was used. Indeed, artificially increasing LUS images by mixing the contrast,
gamma and added blur helped move one image from one ultrasound system modality to
another. As some patterns features are close, similar classes were merged into one super-
class (e.g., B superclass). In addition, minor classes not helping in the segmentation process
were discarded (e.g., spleen). Eventually, the dataset used in the training process is composed

of 5 classes: Pleural Line, A pattern, B superclass, C pattern and background.

LUS PATTERNS SEGMENTATION

Semantic segmentation is the process of classifying each pixel of an image. In the
current use case, a semantic segmentation neural network is used to emphasize the disease
markers (Figure 3). Those markers were present and annotated in the dataset. The function ®
of the network maps an input LUS image X to a multi-class Z image with equal dimensions, so

that every pixel of the i class of Z is detected as a class pixel or non-class pixels.

In most semantic segmentation network, @ is divided in two stages : ®enc learns the

features inside the image and ®dec transpose the learned features into a x xy x i Z

segmentation output.
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Both ®enc and ®dec are composed of convolution and activation layers § learned
during the training process. As ®enc reduce the dimension as the layer continues, ®dev
increase layers dimensions. The final ym layer of @dec is a x x y x i matrix where every pixel

is assigned to a class probability :

(penc:’ﬁbo_> Qpl cee 7 wny

XY y T

xr
2)(

]
]
3

-‘ DeeplLab-v3

lapoou3
Decoder

Fig 3. LUS image is segmented in 5 classes : Pleural line, A line, B line, C pattern and
background

It is important to pick a correct loss for accurately training the network. Regular
training of segmentation network uses the cross-entropy (CE) loss. However, in unbalanced
class distribution settings, CE will be biased toward the majority class. In LUS images, most
pixel belongs to the background class, training a network with CE will result in blurry frontier
between relevant information and background. To counter balance this bias, our network is

trained with a composition of two losses, focal loss Lg (25) and boundary loss Ls; (26).
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Lpr = | Ag(p)se(p)dp (4)

J

L=CLrr+alpr (5)

Where sB is the last layer ¢m of ddec, g is the ground truth, p € Q, the set of pixels,
AG is a function returning —-Dp or Dp with Dp being the L2 distance from p to the pattern
contour of gi, a is a constant to balance the two losses. As seen in Eq. 3, L weights hard to
classify example. This is essential for segmenting C-patterns that are rare and have difficult
features to learn. Lg; adds region-wise distance which is helpful to have strong segmentation
boundary, it forces strong gradient from pattern region to background. Several network

architectures have been tested: U-Net (27) , DeeplLab-v3 (28), LinkNet (29) , MANet (30) and
YNet (31) .

METRICS

To assess the performance of the different architectures the F1 metric was chosen. F1
is the harmonic mean of precision and sensitivity. This follows the use of focal and boundary
losses. Precision highlights well classified pixels that are not outside of patterns region
whereas recall shows if all pixel belonging to patterns are found. For regions where we want
near perfect delimitation, such as B, PL and A, precision will be an important metric. C-pattern
is harder to classify and the pattern region is uncertain, in this case it is preferred to force the

detection, networks showing high recall will be favored.

Additionally, ROC curve (receiver operating characteristic curve) displaying the relation

of true positive rate against false positive rate at different classification thresholds, was also

computed.
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POST PROCESSING

The final layer ¢m of the semantic segmentation network (Eq. 2) contains the pixel-
wise classification for the 5 classes. This view can be directly used as a processed view of a
LUS image. However, some information is lacking, it does not give an immediate overview of
the lung condition of a patient. Ideally, a post-processing analysis on top of ¢)m would give a
counting of B-Lines with their dimensions and a discrimination of the sub-classes of B

superclass.

The B superclass was initially composed of 4 classes: B well defined, B large, White lung
and Z-Line. Those sub-classes were particularly hard to discriminate one from another.
Indeed, drawing the frontier from a B2 to a B3 is difficult as well as classifying a well-defined
B-Line not erasing the A-Line as a Z-Line. This analysis may differ depending on the physician
view. To tackle this problem (Figure 4), we introduce a post-processing tool based on signal
analysis. A LUS image can be seen as a cone starting from an origin point O(x.,y0) where the
first angle Jowould be defined by the leftmost line from O to the furthest left point T;and the
final angle 8- would be defined by the rightmost line from O to the furthest right point T, of
the LUS image. {O, T, T-} defines a triangle containing all the angles of the LUS image. From
this triangle each line from each angle can be computed using the Bresenham’s algorithm (32).
For every two points O(x,,Y0) and P(xp,yp) in X, the Bresenham’s algorithm (BA) gives a list of

pixels Ljcrossing the line.

BA(Xo1.7.) = Lis (6)

The L grid can be mapped directly on ¢/ to retrieve class i signature alongside each ¢ angle.

Lo(Vm,i) = wp i (7)

ws~>o,8 Will then be the distribution of B pattern around the cone of the LUS image.
Pixels not belonging to the B class can be filtered out by applying a simple threshold on the
class probability. From wg s a distribution us s of the number of points belonging to the B class

on angle ¥ is obtained. The us~g,s distribution is enhanced with a 1-D Gaussian filter Gs
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removing negligible local variations. Aga is the gradient linked to the Gg(d) function.

2
- ;ﬁ‘f _ 3G p(0)
GB(Q} = \/Q_TTG'E a :ﬂ"‘gmd,B(f}) - T

(8)

From GB(8) and Agrad,B(6), local maxima are picked, they are the sources of B-Lines.
By walking on the gradient and comparing Agrad,B(8source) with Agrad,B(60source = 6l) and
Agrad,B(66source = 0r), the B-Line dimension can be found. If the gradient is inverted, then

another B-Line is starting, if the gradient is flattened, this marks a limit of the current B-Line.

With B-Line source Bsource and dimensions {Blb,0rb}, the B-Line subclass can be
discriminated. A White Lung would not find neighbors during the Agrad,B(66source - 8l) and
Agrad,B(66source - Or) walks. B-Lines Bsource stopped crossing A-Lines determined by ym,A
will be detected as Z-Line. Alternatively, Bsource starting while yym,PL could not see PL could

be a sign of C-pattern that can be consolidated by {ym,C.
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(c) ¥m,B

(a) Input image

p\\/’\/ \

(b) Signal analysis, in black : pg, 59, B, in
red Gg(f; — 6,) and peaks (d) Output, Z-Line in purple - B-Line in blue

Fig 4. Post processing analysis : (a) input image is processed with B-line highlighting (c),
(b) is the B signature around the LUS image cone, (d) is the view with B-line subclass
identification.

EXPLAINABILITY

We used the Gradient-weighted Class Activation Mapping (Grad-CAM) method to
visually explain the model’s predictions (33) . Grad-CAM involves visualizing the gradients of
the prediction of a particular image with respect to the activation of the final convolutional
layer of the CNN. A heatmap is produced that highlights the area of the input image that were

most contributory to the model’s classification decision.
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RESULTS

ULTRASOUND DATA

Overall, 5000 LUS frames from 58 patients affected by COVID-19 (Table 1 and 2) with

different degree of severity were gathered and labeled. Data analysis was conducted on CNES

(French National Center of Space Studies) HPC platform, namely on NVIDIA A100 and V100

cards. The total amount of frames was divided 5-fold: 4 folds were used for the training and

the last one for validation. The validation fold was created in a fair representation of each

pattern. The visual results were conducted using an independent fold on frames which was

not initially annotated by the physicians (Table 3).

Labelled Elements

Number of patients 58
Number of scans 510
Number of labelled frames 5000
Table 1. Labelled elements of our LUS dataset
Annotation pattern summary
Pleural Line 4214
B-line large 2627
A-line 1397
B-line well defined 755
C-pattern 621
No pattern 586
White Lung 367
Z-line 308
Air Bronchogram 235
Pleural Effusion 228
Rib 176
Diaphragm 103
Spleen 8
Liver 2
Total Annotations 11627

Table 2. Annotation pattern summary of our LUS dataset
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Train Validation Test

52/433/4330 5/44/440 17/204/2040

Table 3. Division of sets (patients /scans / frames)

SEGMENTATION ACCURACY

Table 4 shows the architecture of the results during the segmentation task. When
Networks are close one to another, Deeplab showed better result on recall of different
patterns and so was chosen as standard segmentation model for the signal analysis. The ROC

curve in Figure 5 was computed using the DeeplLab segmentation model.

Network F1 Recall Precision
MANet 0.9662 0.9665 0.9669
LinkNet 0,9656 0.9656 0.9661
Deeplab 0.9663 0.9666 0.9662

YNet 0.9618 0.9594 0.9649

Table 4. Segmentation result

ROC by class

True Positive Rate

* macro-average ROC curve (area = 0.97)
= ROC curve of class background [area = 0.96)
',“ ROC curve of class plevra (area = 0.99)
'.-‘f ROC curve of class A {area = 0.96)
B ROC curve of class simili-B {area = 0.97)
ROC curve of class C {area = .95}

T .
al L]

] 0%
False Positive Rate

Fig 5. ROC curve on different patterns
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It is worth noting (Figure 6), if PL was almost perfectly segmented, alternatives patterns
such as B and C were harder to segment. We suggest that this result might be related to the
fact that PL features (position, shape) are close for every frame whereas other patterns are
based on more heterogenous ultrasonographic signs. In addition, C-pattern frontier was

semantically hard to estimate, probably because this result in the network being sometimes

too greedy or restrictive compared to the clinician label.

b
f Pattern B g Pattern C

True label

True label

) 3 a 4

Predicted label Predicted label

d Pleural line e Pattern A

True label
True label

o 1 0 2

Predicted label Predicted label

Fig 6. Confusion matrix of each class after sigmoid and threshold

EXPLAINABILITY OF RESULTS

If the segmentation metrics gives relevant information on the validation set, estimating
the perceptual quality of the post-processing analysis on the unlabeled test set cannot be
done with metrics. The Grad-CAM Explainability algorithm was applied to the model and

results are conveyed by color on the heatmap, overlaid on the input images.
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Hence, as Figure 7 shows, the physician in charge of the patient, might be given a multi-
view panel, encompassing images from the input to the post-processing output with both
¥m,B and Ym,C that highlights relevant pixels. The key activation areas for all classes included

the pleural line and the main axis of B lines (B pattern).

a Pattern A b Pattern B C Pattern C

Fig 7. Results on unlabeled set

EXTERNAL VALIDATION

The current semantic segmentation network was eventually tested on the POCUS
dataset (34) from another cohort. Interestingly, nonetheless significant differences between
both LUS dataset, including acquisition modalities and image dimension, our semantic

segmentation network seemed to accurately identity A, B and C LUS patterns (Figure 8).

Fig 8. Results on POCUS dataset : PLin blue, A in green, B in yellow, C pattern in orange
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DISCUSSION

In this study, an original semantic segmentation and signal processing model was
successfully trained to identify clinically meaningful LUS patterns from a COVID-19 patient’s
dataset. The model was able to accurately identify at a frame-based level, voxel-wise
signatures of normal lung (A pattern), lung edema (B pattern) or loss of aeration (C pattern)
and pleural effusion (PE pattern). Our results, within the context of the limitations outlined
below, are the first of their kind to provide an end-to-end explainable digital tool, which is

able to accurately distinguish between all these canonical LUS patterns.

As a variant with previous studies in this field, which were designed to automatically
classify specific and isolated LUS patterns (Supplementary table S1, (5) our study sought to
provide whole-frame and pixel-level sonographic LUS images segmentation. Consequently, we
developed and validated a new numerical solution allowing the automatized detection of all
LUS canonical patterns that are currently observed in COVID-19 patients. The performance of
this tool was assessed using data augmentation and a batch of 1/3 of our data that was held
back from the training process, thereby estimating generalized performance and defending

against model overfitting that may otherwise exaggerate Deep Learning results.

Explainability efforts using Grad-CAM methods were employed to allow insight into
the regions of LUS images that contributed most to the prediction of the neural network.
Indeed, the information given by the final layer of the network is rich and can be used directly
by a clinician as a processed view of the LUS image or by any post-processing analysis.
Interestingly, although the exact mechanism of distinction is unknown, the Grad-CAM
heatmap results suggest the model follows pattern recognition similar to those applied by
medical experts (33) . Indeed, the most active images areas in driving model’s performances

are centered around the pleural line and the B-lines axis.
It is worth noting that our model was built upon a rather homogenous prospective

dataset of 5000 frames, which is one the largest volume of LUS data from COVID-19 patients

reported to date. Owing to the scarcity of labelled LUS data, these volume and homogeneity,
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both in terms of LUS acquisition settings and the implication of a reduced number of medical
assessors with reported good inter-observed variability, does compare favorably to other

published LUS works (5,19,20).

Our study also have limitations inherent to the opaqueness that is intrinsic to Deep
Learning methods. Despite using Grad-CAM and selectively mastering few physical properties
of the images, the decision made by our model are not fully explained and we are unable to
critique its methods. Moreover, our data were all from severely ill hospitalized patients and
our results may not generalize to those who are less ill. Finally, despite the fact that our study
used one of the largest and more homogeneous LUS datasets from COVID-19 patients to date,
this amount of data is small when compared to alternative Al-based computer science studies

and the addition of further training data could have aided with generalizability of the model.
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CONCLUSION

The analysis of LUS images for the diagnosis of COVID-19 is challenging and need to be
tackle from an explainable and medical view. In this paper we propose a new and accurate
end-to-end tool with Deep Learning used not as a “black box” given to the clinician, but as a
pre-processing step to a signal analysis process that will refine the result of the network. We
think that giving a complete view of both neural network output and final decision to the
clinician seems to be a good way to build trustworthy results. Overall, our work opens the
door toward plausible early, automated COVID-19 severity scoring and patient’s follow-up.
The eventual integration of this model into ultrasound hardware seems plausible as a method
to achieve real-time, point-of-care and patient’s bedside diagnosis and prognosis of COVID-19
or other specific respiratory illness that increasingly claimed attention for the computer-

assisted analysis of LUS data.
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SUPPLEMENTARY MATERIAL

Table S1 : Summary of research articles on Al applications of LUS for COVID-19. (5)

Articles Time Datasets Techniques Main Tasks Results
* AUC: 0.94
chg?agag%s{e;[gilg 6144 Classifying frames/videos Accuracy: 0.89
Bornetal [59]  May 2020 viceo o VGG16 as COVID-19, bacterial Sensitivity: 0.96
bacterial pneumonia, and 11
health controfs) pneumonia, or healthy. Specificity: 0.79
Y Fl-score: 0.92
August 35 patients (17 COVID-19, 4 Spatial Transformer Scoring frames/videos; R?;:lul' r3c6y j?(?(ﬁw
Roy et al. [62] 2032:) COVID-19 suspected, and 14 Networks (STN) & Segmenting COVID-19 Precisio'n' '0 7 :I:'D 19
healthy controls) U-Net imaging biomarkers. Fl-score: 0.61 + 012
VGG16/19,
Multimodal dataset of X-ray, =~ ResNet50, Inception s - i
Horry et al. August ultrasound, and CT V3, Xception, ifj:g;?ag ;:r%vr{c?nﬁa‘l Pr[iifgllénl {1) 0
[102] 2020 (COVID-19, pneumonia, and InceptionResNetV2, P ith i L dd F Py
Normal) NASNet, and cases with limited datasets. 1-score: 1.0
DenseNet121
. AUC: 0.94 £ 0.03
139 recordings (63 COVID-19, Classifying COVIDATUS  Recall: 0.98 + 0.04
September 41 non-COVID-19 o Specificity: 0.91 & 0.08
Born etal. [60] 2020 pneumonia, and 35 healthy vGGle Localizing Precision: 0.91 + 0.08
controls) fnﬁ“n"‘ ]’J‘TP;’;“ 13’ . MCC: 0.89 + 0.06
puimonary blomarkers. Fl-score 0.94 + 0.04
2800 images (740 A-line, 1150 . . I .
Hou et al. [86] October B-line and 910 consolidation Ad]ugted Bias (Saab) Classnfyu}g consoll'dahon Accuracy: 0.97
2020 immacag) multilayer network vs A-line vs B-line.
Classifying COVID-19,
Roberts et al. November - e . . N Accuracy: (.86
[74] 2000 POCUS dataset [59] VGG16 & ResMet1s bacterial preumonia, and AUC: 0,80
control cases.
Subsets of the ICLLIS-DB . ) -
Carrer et al. November database [66]: 29 cases (10 Detecting plgum] fine "“"E‘T“E?' D'BD._G' o8
) . SVM automatically; Sensitivity: 0.85-0.93
[66] 2020 negatives, 15 positives, and Scoring LUS ima Specificity: 0,950,909
four suspected COVID-19) oring LUS images. pecificity: (. G
) - . . . Classifying A-line, B-line, Accuracy: 0.98
Liu et al. [45] ND;E]Z‘&M 71 pane]::js;« ith gfsﬁfgnages ResMNets0 pleural lesion, and pleural Sensitivity: 0.99
sampled from b7 videos effusion. Specificity: 0.92
. ) . AUC: 097
) . ]
Baloescu et al November 2415_ subcl1p§ rated for Custom-designed Dgte-.tmg B-lines from LUS Sensitivity: 0.81-0.98
(93] 000 severity of B-lines, from 0 CNNs clips to evaluate COVID-19 Specif itv 0 99
; - ) . cificity: 0.84-0.9¢
(none) to 4 (severe) severity. Kappa: 0.79-0.97
POCUS dataset and Accuracy: 0.95
February ICLUS-DB: 51 COVID-14, 13 Classifying COVID-19 from Recall: 0.94%
Che etal. [90] 2021 preumonia, and 12 healthy Reshet LUS data. Precision: 0.96
subjects Fl-score: 0.9
121 videos (45 for COVID-19,
23 for bacterial pneumonia, o AUC: 0.99
Muhammad February and 53 for healthy); ResF module bgﬁ;: i&vlﬁggjggl?{ 1 Accuracy: .92
etal. [89] 2021 40 images (18 for COVID-19, i .Tm i ! Recall: 0.93
7 for bacterial pneumonia, healitly cases. Precision: 0,92
and 15 for healthy )
Accuracy: 079 =
0.06/0.68 + 0.03
ICLUSDEB: 58 videos (38 with Sensitivity: 079 =
Dastider et al. February  aconvex probe, and 20 with a - . o 0.06/0.68 £ 0.03
[88] 2021 linear probe) scored based on DenseNet-201 Scoring LUS images. Specificity: 0.90 +
a d-level scoring system 0.03/0.77 £ 0.14
Fl-score: 079 +
0.06/0.67 +0.03
243 patients (81 hydrostatic AUC: 0.97
, pulmonary edema (HFE), 78 Classifying COVID-19, Sensitivity: 0.92
Am"l‘j]__‘? etal Fe;‘;;;“-“ non-COVID ARDS Xception NCOVID and HPE Specificity: 0.8
! (NCOVIDY), and 84 pathologies. Precision: 0.71
COVID-149) Fl-score 0.581
Tsai et al. [77] March 70 patients (39 abnormal and STN Classifying normal vs A'ﬁ;l;'ﬁ'yu g.;z
’ 2021 31 normal) pleural effusion classes. -
Fl-score: 0.9
March Multicenter and multimodal Scoring lung sonograms Si;::mf :_l:ﬁis
Hu et al. [100] ultrasound data from 104 ResMNeXt based on classifications of i S
202 Specificity: 0.96

patients

pathology indicators.

Precision: 0.82
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Table S1 (continued)

Articles Time Datasets Techniques Main Tasks Results
. R . Classifying severity of Accuracy: 0.88
, ) 313 patients classified into COVID-19 patients from Recall: 0.85
Xue et al. [98] April 2021 four types (mild, moderate, VGG . L
severe, and critical severe) LUS and clinical Precision: (.8
’ information. Fl-score: 0.87
Four patients (three Segmenting A-line, B-line, Accuracy: 0.85
i . pabert and pleural line; Recall: 0.91
Gare et at. [84] April 2021 COVID-19 positives and one U-net Classifvi 1v Precision: 0.89
control) ass@mg normal vs. recision: 0.8
preumnonia vs. COVID-19. Fl-score: 0.90
Me'};:f[ al May 2021 1488 v;‘isf:;ﬁlansgilzamms’ ST'\JI_j & E;Ez;f‘d Scoring LUS videos. Accuracy: 0.86
Yaron et al 35 patients (17 COVID-19, 4
6] ’ June 2021 COVID-19 suspected, and 14 Resnet18 Scoring LUS frames. Fl-score: (.69
3 healthy controls)
Raghaviet al. 765 images (266 positive o
7 1] June 2021 COVID-19 and 494 negative ANN Classifying a LUS dataset. Accuracy: 0.84
3 cases)
Accuracy: 0.83
Awasthiet al POCLS dataset: 64 videos (11 Classifying COVID-19, 0.
[85] ’ June 2021 healthy, 14 pneumonia, and MobileMet bacterial pneumonia, and Specificity: 0.71
- 39 COVID-19 patient) healthy cases. Precision: (.83
Fl-score: 0.87
Multimodal dataset: 1393 Accuracy: 0.98
doctor-patient dialogues and Sensitivity: 0.99
Zheng et al. 3706 images for COVID-19 Classifying COVID-19vs. Specificity: 0.99
[99] Jume 2021 patients; and 607 dialogues Temporal NN non-COVID-19 casese, Precision: 0,99
and 10,754 images for AUC: 0.99
nor-COVID-19 patients Fl-score: 0.99
DenseMNet-201, e Accuracy: 0.91
Sadiketal [91]  July 2021 POCUS dataset [39] ResNet-132v2, pi]eﬁ:g;?f e mormd Sensittvity: 0.91
' i o Xeeption, VGG19, 'a;es Specificiby: 0.90
and ImageNet “ ’ Fl-score: 0.90
Accuracy: 0.91-0.93
185 videos (69 COVID-19, 50 POCOVID-Net, Classifying COVID-19, Recall: 0.84-0.97
Barros et al. August bacterial . 466 DenseMet, ResMet, ania and 1 Specificity: 0.90-1.0
7] 2091 cterial preumonia, an Xception, and preumonia, and normal pecificity: 0. .
healthy controls) NAS[\] cases. Precision: 0.89-1.0
et Fl-score: 0.86-0.95
. AUC 097 +£0.01
3326 images (1283 for . e ) .
Diaz-Escobar August COVID-19, 731 for bacterial VGG, I.T'wephonVS, C]assﬂprig COVID-19, Accuracy: 0.89 + (.02
P . Xception, and preumonia, and normal Recall: 0.86 + 0.03
etal. [73] 2021 preumonia, and 1312 for ResNet50 N F1 . 0.88 + 0.03
healthy controls) eene CASES. “scome: U ‘
L Precision: 0.9 + 0.03
. . . AUC: 0.91-0.9
Ebadi et al August 300 patients (100 for each gjf;i?ﬁdiﬁﬂ:;ﬁjljn; Accuracy: 0.9
[51] . 2&"; ARDS feature: A-line, B-line, 3D ConvMNet leural effusion from Recall: 0.86-0.92
and consolidation) F videos Precision: (.93-0.98
) Fl-score: 0.87-0.94
AUC: 0.95-1.0
. ) . - Accuracy: 0.95-1.0
La 5‘?{‘[]’?]‘“ al “;&25‘;5‘ 450 patients fgfjf::: and  po Net1s, ResNet50 C"‘sf:']'f-‘“ ing ;‘:T_’é;ﬂ en Recall: 0.97-0.99
- B asses : Precision: 0.98-0.99
Fl-score: 0.97-0.99
Detecting pleura and
. ) 5000 images from seven generating acoustic Accuracy: 0.97
ancIET]' etal Sep;;\;ber subjects (1000 images per VGGl6 features; Sensitivity: 0.92
’ class) Classifying five classes of Specificiby: 0.98
LUS images.
Mento et al. September 100 patients with 133 LUS STN & U-Net and . I . .
[79] 2021 exams scored to four levels Deeplab v3+ Scoring LUS videos. Accuracy: 0.82
- . Detecting pathology i )
- 2995 images (':?t_;S COVID-1, SVM & Resnetls, features from LUS images; A':"‘.“_a'.:F' .89
Al-Jumaili et al October 731 preumonia, and 1276 = . Sensitivity: 0.99
~ . B Resnet50, GoogleNet, Classifying COVID-19, R
[70] 2021 regular images, available on . S Specificity: 0,99
- ; and NASNet-Mobile preumonia, and regular Fl-score: 0,99

Kaggle)

Cases.
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Table S1 (continued)

Articles Time Datasets Techniques Main Tasks Results
Karnes et al October 13103 normal, 4900 Classifying COVID-19,
[104] ’ 2021 pneumonia, and 8633 LDA & MobileMNet pneumonia, and healthy AUC: 0,95
COVID-19 frames cases,
December 220 patients (100 positive Testing protocols for
Demi et al. [80] 2021 patients and 120 STN & U-Net :E:Iin LUS Accuracy: 0.80
post-COVID-19 patients) B 5 ’
Scoring severity in 4-scale
N 32 patients {14 confirmed stages;
Rcrshank.lhah Decembere COVID-19, 4 suspected cases U-Net Investigating the impact of Accuracy: 0095/0.75
et al. [22] 2021 . - -
and 14 controls) various training/ test
splitting schemes.
January 27 cases (13 moderate, seven Scoring the severity of AUC: 0.858-1.0
Wang et al. [69] J— severe, and seven critical SVM COVID-19 pneumonia by Sensitivity: 0.93
cases of COVID-19) pleural line and B-lines. Specificity: 1.0
AUC:073+03
. L ) Detecting Accuracy: 0.89 + 0.16
D“”[?',':‘] etal g % P"“e“%(]m ‘ﬁ:‘m'”‘-" and STN & U-Net Consolidation/Collapse in ~ Recall: 0.84 + 0.23
= healthy) LUS videos/ frames. Precision: 0.59 + 0.28

Fl-score: 0.67 = (.25

* Area under curve (AUC).
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Serment d’Hippocrate

«Au moment d’étre admis(e) d exercer la médecine, je promets et je
jure d’étre fidele aux lois de Chonneur et de la probite.

Mon premier souci sera de rétablir, de préserver ou de promouvoir la santé dans tous
ses élements, physiques et mentaux, individuels et sociaux.

Je respecterai toutes les personmes, leur autonomie et leur volonté, sans aucune
discrimination selon leur état ou leurs convictions. Jinterviendrai pour les protéger si
elles sont affaiblies, vulnérables ou menacées dans leur intégrité ou leur dignite. Méme
sous la contrainte, je ne ferai pas usage de mes connaissances contre les lois de
Chumanite.

Jinformerai les patients des décisions envisagées, de leur vaisons et de leurs
conséquences.

Je ne tromperai jamais leur confiance et n'exploiterai pas le pouvoir hérité des
circonstances pour forcer les consciences.

Je donnerai mes soins d Uindigent et a quiconque me les demandera. Je ne me laisserai
pas influencer par la soif du gain ou la recherche de la gloire.

Admis(e) dans Cintimité des personnes, je tairai les secrets qui me seront confiés. Recu(e)
a Cintérieur des maisons, je respecterai les secrets des foyers et ma conduite ne servira
pas d corrompre les maeurs.

Je ferai tout pour soulager les souffrances. Je ne prolongerai pas abusivement les agonies.
Je ne provoquerai jamais la mort délibérément.

Je préserverai [indépendance mnécessaire d [Laccomplissement de ma mission. Je
n'entreprendrai rien qui dépasse mes compétences. Je les entretiendrai et les
perfectionnerai pour assurer au mieux les services qui me seront demandes.

Japporterai mon aide d mes confréres ainsi qu’d leurs familles dans Cadversite.

Que les hommes et mes confréres m’'accordent leur estime
si je suis fidéle d mes promesses ; que je sois déshonoré(e) et méprisé(e) si j'y manque.»
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Evaluation d’une méthode de segmentation sémantique pour traiter les
images d’échographie pleuropulmonaire de patients Covid19

Contexte : Pandémie a Covid 19 ; difficulté d’accessibilité au scanner des patients intubés les
plus graves; développement de I’intelligence artificielle en médecine avec des résultats
prometteurs.

Objectifs : Développer un outil grace a I’intelligence artificielle capable d’identifier les patterns
retrouvés dans la pneumopathie a Covid 19 sur une échographie pleuropulmonaire.

Méthodes : Etude prospective effectuée au CHU de Toulouse et a I’hopital de Cayenne incluant
58 patients entre juin 2020 et mars 2021 ayant une PCR Covid positive et présentant une
insuffisance respiratoire aiglie. Tous les patients inclus ont eu une échographie
pleuropulmonaire par un praticien expérimenté. Les images ont été analyses par ces mémes
praticiens, les éléments d’intérét ont été contourés et labellisés en 5 classes : plévre ; ligne A ;
lignes B ; lignes C et le background. Ces données ont été traitées avec une méthode
informatique de segmentation sémantique créant un réseau de neurones a convolution.
Résultats : Au total, 5 000 éléments ont été contourés et labellisés a partir des échographies de
58 patients. Ces 5 000 éléments ont été divisés en 5 sous-groupes dont 4 pour entrainer et tester
le réseau neural et 1 pour valider le systeme. Le réseau neural DeepLab semblerai étre le
meilleur modele de segmentation en Recall (sensibilité) et F1. La courbe ROC qui émane du
sous-groupe validation retrouve une AUC a 0,96 pour la ligne A ; 0,97 pour les lignes B ; 0,95
pour le profil C.

Conclusion : Le réseau neural DeepLab de segmentation sémantique entrainé permet
d’identifier les différentes anomalies sur une échographie pleuropulmonaire de patient
présentant une pneumopathie a Covid-19 avec une sensibilité et spécificité proche de 100%.
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DISCIPLINE ADMINISTRATIVE : Médecine spécialisée clinique

MOTS-CLES : Lung ultrasound ; Covid 19 ; deep learning ; semantic segmentation ; neural
convolution network

INTITULE ET ADRESSE DE L’UFR OU DU LABORATOIRE :
Université Toulouse I11-Paul Sabatier

Faculté de médecine Toulouse-Purpan,

37 Allées Jules Guesde 31000 Toulouse

Directeur de thése : Amazigh AGUERSIF

45



