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4. Deployment in clinical environment
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Datalake Project: a platform for clinical data collection
developed during the first wave of COVID (04/20-04/21)
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1988

Anesthesiology
69:824-832, 1988

Relationships Between Lung Computed Tomographic Density,

Gas Exchange, and PEEP in Acute Respiratory Failure

Luciano Gattinoni, M.D.,* Antonio Pesenti, M.D.,t Michela Bombino, M.D.,1 Simone Baglioni, M.D.,
Massimo Rivolta, M.D.,} Francesca Rossi, M.D.,t Gianpiera Rossi, M.D.,§ Roberto Fumagalli, M.D.,§
Roberto Marcolin, M.D.,1 Daniele Mascheroni, M.D.,1 Alberto Torresin, Ph.D.**

* Quantitative analysis based on the
frequency distribution of the CT numbers

* CT numbers represents the linear
attenuation coefficient of an x-ray given
substance normalized to the linear
attenuation coefficient of water

CT number frequency (%)
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2020

RightLung LeftLung

From Histogram data (first-order
RF) we can extract more
information about WAVE and
density distribution of affected lung

Histogram of Bilateral lung

Vol jcc):4858  25thPerc:-870
Avg HU: 61T  S0thPerc:-653
Skeweness: 0.6T  TEthPerc:-430
Hurtosis: -0.27 S0thPere:-213

Gaussian FIT:
Mu.f (HU):-911 Sigma.f (HU):B6
WAVE.f; 38%

WAVE = Well-Aerated Volume Estimation

Contents lists available at ScienceDlrec

Difference Histogram-Fit

Fixed Thresholds
WAVE.th: 36%

%

Physica Medica

Relative Frequency

Fi1. SEVIER journal homepage: www elsevier com/locate/ejmp

Original paper
A patient-specific approach for quantitative and automatic analysis of

computed tomography images in lung disease: Application to
COVID-19 patients

L. Berta®, C. De Mattia®, F. Rizzetto", S. Carrazza®, P.E. Colombo ™, R. Fumagalli g
T. Langer ™', D. Lizio”, A. Vanzulli “*, A. Torresin ™’

#Estimation #QCT
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QUIBIM

| segmentations propagate in the
calculation of quantitative metrics?

#Automatization




AUTOMATIC SEGMENTATION ASSESSMENT

* (Automatich vs (Gold Standard» segmentations -> QUANTITATIVE
* Subjective score (5-points scale) by 4 clinicians —> QUALITATIVE

Histogram of RS

Histdgram of Isp Segmentation
Dice Index: 0.926

Difference RS-ISP

QCT in automatic & reference segmentation

#Automatization #QCT
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AUTOMATIC SEGMENTATION ASSESSMENT

Dice Index (%)

==

Optimal Sub-Optimal Unsuitable Optilmal Sub-OlptimaI Unsuitable

90th percentile _ WAVE.f (%)

= =

Qualitative or
quantitative approaches
provide both good
methods for the
assessment of
Avutomatic Segmentation

Original paper

Automatic lung segmentation in COVID-19 patients: Impact on quantitative
computed tomography analysis

L. Berta®, F. Rizzetto ™°, C. De Mattia®, D. Lizio®, M. Felisi®, P.E. Colombo?, S. Carrazza *-°,
S. Gelmini ", L. Bianchi b’c, D. Artioli b, F. Travaglini b, A. Vanzulli b’f, A. Torresin®® , on behalf
of the Niguarda COVID-19 Working Group

* Department of Medical Physics, ASST Grande Ospedale Metropolitano Niguarda, Piazza Ospedale Maggiore 3, 20162 Milan, Italy

® Department of Radiology, ASST Grande Ospedale Metropolitano Niguarda, Piazza Ospedale Maggiore 3, 20162 Milan, Italy
© Postgraduate Sehool of Diagnostic and Interventional Radiology, Universita degli Studi di Milano, via Festa del Perdono 7, 20122, Milan, Iraly

Sub-Optimal Unsuitable Optimal Sub-Optimal Unsuitable

Visual Assessment by Radiologists
(Optimal, Sub-Optimal, Unsuitable)

9 Dep of Physics, Universita degli Studi di Milane, via Giovanni Celoria 16, 20133 Milan, Italy
© Department of Physics, INFN Sesione di Milano, via Giovanni Celoria 16, 20133 Milan, Ialy
£ Department of Oncology and Hemato-Oncology, Universita degli Studi di Milano, via Festa del Perdono 7, 20122, Milan, Italy
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1031
PATIENTS WITH

VIRAL : 2020 - 2021
PNEUMONIA 384 non-COVID-19
EVALUATED © = 0.62
WITH CT * Median age = 66

* Period: 2018 - 2019

#Clinical Data
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GLCM = Gray Level Co-occurrence Matrix
GLSZM = Gray Level Size Zone Matrix

#Radiomics




MODELS PERFORMANCE

Table 2 Main properties and results of each artificial intelligence model

== =
-

o

Type of features Number of radiological Number of relevant
features® radiological features?®

ropean Radiology Experimental (2023) 7:3
g/10.1186/541747-022-00317-6

oINS E" 55 Rabiotocy

Artificial intelligence for differentiating R

Modell RF1 (2L)
Model? OM (2L and 4 G5)
Model3 RF1 4+ RF2 (2L)

Model4 RF1 4+ QM (2L and 4 G5)
+ RF2 (2L)

COVID-19 from other viral pneumonias on CT:
comparative analysis of different models based
on quantitative and r

Giulia

Training-Test Independent Validation

811 CT images, 4fold-CV 220 CT images MODEL 3

BUILT WITH 1° 2° ORDER RADIOMIC
FEATURES on entire lungs
(but NOT QCT...)

True Positive Rate
True Positive Rate

= Model 1 (AUC = 0.768 = 0.032)
== Model 2 (AUC = 0.800 + 0.026)
= Model 3 (AUC = 0.867 + 0.008)
== Model 4 (AUC = 0.870 * 0.011)
= = Random guess

== Model 3 (AUC = 0.834)

= Model 4 (AUC = 0.828)
= = Random guess

0.4 0.6
False Positive Rate

False Positive Rate

L - #Classification
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CLASSIFICATION: Al vs RADIOLOGISTS

INDEPENDENT VALIDATION SET
220 PATIENTS

Test Receiver Operating Characteristic Curve

* 3 radiologists: >10-y experience
* 1 resident: 3-y experience

e Score =1 or 3: non-COVID-19
e Score= 3-5: COVID-19

#Classification
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ACCURACY:

RESULTS
Al = 79%
RADIOLOGISTS = 78%

Radiologists Al classifier

0.83

non-COVID

K9]
o
L
v
~
|—

CovID

0.79

non-COVID COVID non-COVID

Predicted label

I

0.0

0.2 0.4 0.6 0.8 1.0 #Classification
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Other Viral Pneumonias on CT Imaging: Multi-Reader Analysis
Compared with an Artificial Intelligence-Based Model

' . . tomography ﬁﬁl\wy
e EEEEEE——————
‘ Article
W Diagnostic Performance in Differentiating COVID-19 from

N o N -C OVI D c OVI D Francesco Rizzetto 1"2*{, Luca Berta 3, Giulia Zorzi 3*, Antonino Cincotta ", Francesca Travaglini !,
Diana Artioli !, Silvia Nerini Molteni 5, Chiara Vismara 3, Francesco Scaglione 5.6 Alberto Torresin 37,

Paola Enrica Colombo 37, Luca Alessandro Carbonaro 1402 and Angelo Vanzulli L6

—> Al Correct, all readers fail

R-Al classifier correct
(All readers fail)

R-Al Prediction: 0.18 -> True Negative 0.94 -> True Positive
CO-RADS score: 4, 3, 3, 5 -> False Positive 2,2, 1, 2 -> False Negative

—> All readers correct, Al fails
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R-Al Prediction: 0.71 -> False Positive 0.26 -> False Negative #ClGSSifica tion

CO-RADS score: 2,2,2,2-> True Negative 5 5 4. 5->True Positive



CHALLENGING CASES

il

g
il |
, %

CO-RADS 3 score assigned by 2 or more radiologists

Difference between CO-RADS score assighed > 3

220 VALIDATION 59 CHALLENGING
CASES CASES

Al RADIOLOGISTS Al RADIOLOGISTS
Accuracy | 79% 75%«

Specificity  78% 78%
Sensitivity | 79%

#Classification



DEL IN THE
ICAL PRACTICE?

#Deployment



CLEARLUNG

§'2 CLEARLUNG

on LUNGs

* Framework for quantitative
analysis and radiomics on lung CT
scans

* COVID-19 Al diagnosis

* Real-time analysis and prediction
thanks to PACS connection

DOWMLOAD A

SERIES FROM
PACS

SERIES IM

IHCOMING
CHATA,

LOCAL
MEMORY
WAIT FOR

RESCALING TO
150
CONVERSION
TO MIFTI

MODEL
EVALUATION
UPLOAD TO
PACS

#Deployment



4 Desktop diagnostico - 8.1.2 SP5.7 - Ib1einig.ospedaleniguarda.it - EINIG
File Strumenti Guida
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Selezionare gli studi da esportare: 1 selezionati
26M1/2020

= 5% TC TORACE (senza contrasto) - 26/11/2020, 11:24 - 216 immagini etichettate
d‘ 11:24 n

i@

1. Localizzatore

4

2. TorAdd SMDC
3.0 B31f 216

O Studio

{2 Immagini chiave Bestin se..»

@ Immagini o serie etichettate m

3. TorAdd SMDC
3.0 BTOT 216

Destinazione
% |5_NIG_KOEIE_FISICA- KOBE_CT hd
4. TorAdd SMDC
10 MIP 37
Trasferimento DICOM | | Trasferisci DICOM & chiudi | | Chiud |
k20 i y - s . -
3mm p
10728 AR

|Q\ 1,29 (pix) TorAdd SMDC 3.0 B70f "|'&:1-20-W-L':_;;'0\;U #Deployment
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CLinical Extraction And Radiomics on LUNGs (CT) #
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Args parsed

Rescaling to 3mm
Creating masks

Rescaling to ISO
Radiomic features : 100%]|

Evaluating COVID probability...
1/1 [ ====] - @s 78ms/step
Clinical features : 100%|

Savipna_PD i1a : 100%|

Time elapsed: ©1m 29s
Goodbye!

1 minute and

<" |29 seconds!!!

Converting to nifti: leex|NENNNNENNNNEENESNNNNNENEERENN NN NSRRI NN AN NN

: 10| ENNNESEENEEENEENEENEE NN NN RN R AR NN RSN RN NEEEENRRARE

1/1
1/1
1/1
4/4
9/9

| 11/11
| 11/11

[00:01<00:00,
[00:00<00:00,
[00:35<00:00,
[00:02<00:00,
[00:37<00:00,

[00:03<00:00,
[00:07<00:00,

1.22s/it]
6.151t/s]
35.29s/it]
1.37it/s]
4.16s/it]

2.91it/s]
1.51it/s]

#Deployment



RESULT OF THE AUTOMATIC ANALYSIS

Sistema Socio Sanitario
[ O:°=cole Niovarda Regione @ﬁ% CLEARLUNG AUTOMATIC SEGMENTATION EVALUATION

Lombardia on LUNGs CLINICAL FEATURES - VENTRAL LUNG

DIPARTIMENTO DEI SERVIZI Piazza Ospedale Maggiore 3 Lung volume (cc): 1503
Struttura Complessa: Fisica Sanitaria 20162 Milano (MI)
email: fisica.diagnostica@ospedaleniguarda.it Mean HU: -699 Std dev HU:

Overinflated (-1000, -900) HU: 15% Normally aerated (-900, -500) HU:

MEDICAL PHYSICS REPORT
QUANTITATIVE ANALYSIS - LUNG CT

PATIENT DATA WAVE fit: 0.626% WAVE.th (-950, -700) HU:

Non aerated (-500, -100) HU: 15% Consolidated (-100, 100) HU:

Accession number: 103990569 Analysis date 22/12/2022 Mean ILL HU: -470 Std dev ILL HU:
Age: 59 CT study date: 20/03/2020
Sex: M CT series description: Torace3.0BI571

CLINICAL FEATURES - DORSAL LUNG

Lung volume (cc): 1906
DISCLAIMERS

Mean HU: -515 Std dev HU:

This report is automatically generated by CLEARLUNG, a python software developed at the Medica Overinflated (-1000, -900) HU: 6% Normally aerated (-900, -500) HU:

Physics Department at Ospedale Niguarda. The pipeline performs both radiomic and clinical Non aerated (-500, -100) HU: 33% Consolidated (-100, 100) HU:

analysis on lung CT scans. Moreover, it is capable of receiving CTs from PACS in real time, and to
WAVE fit: 0.482% WAVE.th (-950, -700) HU:
send results in PDF format onto PACS after the analysis is finished. The clinical analysis was

| : - ¥
performed on CTs rescaled at 3.0 mm, while the radiomic analysis was performed on CTs rescaled ML) a2 St crene 1Lk HL

at1.15 mm.
ventral lung [HU] dorsal lung [HU]

data for Gaussian Fit data for Gaussian FiL
— Gaussian fi — Gaussian fit

The lung CT was subjected to a quantitative analysis of radiomic features with a neural network ; " curve i curve
: WAVE th range WAVE th range

model trained to distinguish COVID-19 pneumonia cases from other viral pneumonias (model
covid_0922). The classifier indicated a 26.1% probability of pneumonia originating from COVID-19.
It should be noted that, in the training phase, the algorithm correctly classified about 80% of lung C1

scans.

200 -400

#Report
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L § W.L.P. 1: «Al in Clinical Practice»

48 CLEARLUNG

Al

. I CORADS =4
CORADS =3 Prediction: 0.78

Discuss A-Time and A-accuracy



4 Anthropomorphic )
phantom

5 different CT scanner
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Radiomic Features

Analysis

/

Radiomic Features

Extraction
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PyRadiomics
for features
extraction

Al

texture
(histogram)

5

=

Preprocessing

l

Image
rescaling to
isotropic voxel

-
Automatic lung
segmentation

~

#Radiomics #QA




CONCLUSIONS

Structured Data and QA is mandatory to develop robust and automatic
pipelines: this can be done only by humans

Artificial intelligence modeling is «feasible» in clinical environment
Clinical validation with independent data and medical doctors is
mandatory

Interdisciplinary approach leads to results applicable in the clinical

setting






