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CRoss Industry Standard Process for Data Mining (CRISP-DM)
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Clinical Data Data Modeling Evaluation Report and
Problem Understandi  Preparation Paper
Jnderstanding ng
Collaboration Collection, Data Selection, Model testing, Preparation of a
with clinicians to|| exploratory optimization training and performance detailed report
understand the || analysis (EDA) through optimization of evaluation, and, if necessary, a
context, identify and cleaning, machine validation of scientific paper.
goals and understanding encoding, learning and clinical Operationalization
requirements, || of data with the feature deep learning relevance of of the code to
and translate it help of engineering, (ML and DL) and results, and ensure its
into a machine || clinicians and || and eventually traditional review of the reproducibility,
learning data managers. splitting the statistical whole process. If future
workflow. Result: agreed datasets for algorithms necessary, maintainability
and approved training and return to an and prepare for
project plan and testing earlier stage. possible deploy of
sharing of the models.
analysis results
via
ppt/dashboard..
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Clinical
Confirmed cases: 59 Question

Deaths: 0 Understanding

— Death Rate: 0.00%

SARS COVID-19
worldwide pandemic




eXplainable Artificial Intelligence in healthcare Management
2020-EU-1A-0098

tha Connacting Eurcpe
Facilty of the Evropesn Union

Clinical

Question
Understanding

WALV

MPAD; LPAD; RPAD
Pneumonia score SCORE network

Pneumonia patt¢

GGO/CONS 1469 consecutive COVID-19 patients
ratio from March 1% to April 20*" 2020
fulfilled inclusion criteria

Severity of lung involvement

>
*
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..:’“'Severity of lung dysfunction

DISEASE
GRADING DN

e
AND STAGING ‘e, “* & patient's inflammatory status
*

*

utrophiles/lymphocyte ratic

’o‘ Pericardial
Markers of organ damage i e T
9 9 Pleuraleefffffs:i?:nn Derivation cohort Validation cohort
creatinine
TnT; Tnl . :
Age: BMI: Sex: Hb LV diameter RV diame: 829 patients fulfilled 640 patients fulfilled
FRAGILITY PP 4 e i oex; LA diameter  RA diame inclusion criteria inclusion criteria
INDICATORS 'li: . < alogical Coronary calcium volume
'.,. * b Biological age CCS Agatston
..'* Aortic valve calcium volum
Comorbiditi Aortic val 68 Excluded: 7 Excluded:
known active neoplasia ortic valve agaston score 60 missing data on 3 missing data on
Chronic oheral Paravertebral muscle k comorbidities comorbidities
kidney artery Vertebral bone HU 8 r:iﬁsing data on 4 r;niﬁsing data on
: . ollow-u ollow-u
disease diseases COPD CAD Liver HU Ascending aorta diamet¢ p i
. 761 patients included 633 patients included
-  Thoracic CT parameters in the study in the study

= C(Clinical and laboratory parameters
e
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Decision surface of rbf SVC

Acquisition
and
Preparation

ADA Boost 3D after dimension reduction

x2 here

Other analysis:

Most informative content: analysis to find features with mostdiscrimination
power

Univariate: analysis to find correlation between single feature and class
Covariate: analysis to find correlation between group of features and class

Misclassification: analysis to find factors that encourage wrong class
x1 here attribution

SVM model after dimension reduction
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Wave 1 108 vars Clinical &
radiological

AUC/ROC
m=1... M splits I% analysis on C;J;\:slee:e
/train valid validation D o
\ “--d-s i Wave
rcevr:)t:\la’;es candidate models evaluation 1

for split m-th : » Acquisition
— —%— ————— ‘ and
=" Model selected by Preparation
= AUC/ROC analysis Condensed

on internal tests Model

Bayesian Logistic Regression:

Classification using CT extraction
Target Number of
outcom selected features Result

Survival 24 AUC = 0.839+0.009

Survival 13 AUC=0.840+0.0093

Survival 5 AUC = 0.834 + 0.007
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—— DAP: M x N x K
Wave 1 108 vars Clinical &
radiological
AUC/ROC
= R £ Complete
/train valid validation <
< Collinearity
\ EoEa= p and clinical Wave
repeated | evaluation ) |
ch', N x K candidate models ! e
' for split m-th ! » Acquisition
. A i (| ———— S . Reduced set with
% CT radiomics features Wave an d )
=" Model selected by 2 Preparation
= AUC/ROC ana |YSiS Condensed Fully Automatic
on internal tests Model condensed model
Bayesian Logistic Regression:
Classification using CT extraction
Target Number of
outcom selected features Result
S &
24 AUC = 0.839+0.009 @
13 AUC=0.840+0.0093
5 AUC = 0.834 £ 0.007
Bayesian Logistic Regression: L w
Classification using CT extraction L
Target Number of VA desiredvaes
outcom selected features Result o ~
e

5 AUC=0.842 (DelLong 95% CI:
0 2A16-0 QA7)
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— for Spllt m-th : ________ : S . Reduced set with Valld ation an d
% CT radiomics features Wave Review
% Model selected by 2
= AUC/ROC analysis Condensed Fully Automatic
on internal tests Model condensed model
’ Model selection and validation by DAP on Wave 1: vars24 =» vars13 =» var5 =» 5R ‘
|—~ Tree-based binning in 3 risk classes ——— AI-SCoRE Wavel “ AI-SCoRE Wave2 ‘
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g Data Engineer users

Preferred option, used whenever
there s an existing HL7 stream

A

HL7v2 to FHIR CW

Used for loading historical data and in
the absence of related HL7 flow

® >

REST API Data Factory

Batch upload & Custom converter
to FHIR format
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Lung
Cancer

Small Cell Noncilllnall
e NSCLC
1

Small Cell
Carcinoma

Combined
Small Cell

Carcinoma

Squamous
Cell
Carcinoma

Adenocarci
noma

Large Cell
Carcinoma

Hazard ratio for disease progression or death,
904 0.50 (95% Cl, 0.37-0.68)
P<0.001
8o NLCLC response to
5 ™ Immunotherapy (Pembrolizumab)
g 0] 100 5yr Overall Survival (%)
& o] 60
| | | [[TTTITIT
::g" 30+ 0
Z £ 2 £ ¢ 2 2 2 2 z 2
PD-L1>50% S 5§53 5 85889538
No EGFR mut 10 5 5 5 5 5 5 5 5 5 5 5
Chemotherapy o o) s '0_\0 § 8 g S _& g 8
- O T T T T T 1
Pembrolizum o s BB m Survivors
H . Month
ab (first line) No-atRisk e s . . Data Source: Reck et al New England J Medicine
Chemotherapy 151 99 70 18 9 1 0 2016,375:1823

i All data presented dre lII'II]lIl]liShEd and confidential I
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EXCLUSION CRITERIA
1st Thorax CT (contrast)
not available
Not non-negligible

disease

OUTCOME
NSCLC - PDL1* Short survival (3 71

54 non PD

Retrospective mo) or stable
Study progressive
response

variables

* INCLUSION CRITERIA
Metastatic NSCLC Stage
- v
. = Pembrolizumab (15t line
46 Clinical 12 Laboratory therapy)
(Symptomps, Comorbidity, =~ (Leuco, Neutro %, Lympho %, HB, PDL1>50%
Drugs, Follow-up) Q N/L RATIO, PLT, PCR, AST, ALT, BILI)
13 Pathology . Identify specific

(PDL1, ALK, ROS1, BRAF, KRAS, EGFR,
RET, MET, NTRK)

biomarkers predicting lack of

response to pembrolizumab in

All data presented are unpublished and confidential
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« detect words and phrases
mentioned in unstructured text
as entities that can be

=) associated with semantic types
9 in the healthcare and biomedical
s domain
5] e connect entities to medical
MEDICAL

3

ontologies and domain-specific
Physician . — ONTO LOG I E
coding systems (example UMLS, S
SNOMED, LOINC)

« identifies meaningful links
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T text

Medical Imaging
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