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A little disillusion
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SCIENTIFIC
REPORTS Embedding Diagram and BEHRT Architecture

natureresearch
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Sci Rep. 2020; 10: 7155. o— A A N . . A A . . . A A A : . . .
Published online 2020 Apr 28. doi: 10,1038/s41598-020-62922-y N
BEHRT: A deep neural sequence transduction model for electronic health records (EHR}, capable of simultaneously predicting the b

likelihood of 301 conditions in one’s future visits.
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Moo~ In this study, we developed our model with laboratory measurement data, in contrast to

most models based on EHR data that rely primarily on ICD codes.
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Towards trustworthy systems (2019)

Seven requirements for implementation of Al trustworthy
SOlUtiOnSZ INDEPENDENT

HIGH-LEVEL EXPERT GROUP ON

+ human agency and oversight ol
- Transparency

. technical robustness and safety
. privacy and data governance

. diversity non-discrimination and fairness

. . . ETHICS GUIDELINES
. societal and environmental well-being FOR TRUSTWORTHY Al

. accountability
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What makes trustworthy an Al system based
on EHR data?

SN
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Knowledge is in the data - Data are

key
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information

captured data and knowledge
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decisions

informed actions

facts

knowledge

our map of the world
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Trustworthy reuse of health data: A transnational
perspective

A. Geissbuhler®®*, C. Safran, I. Buchan?, R. Bellazzi®*, S. Labkoff’, K. Eilenberg?,
A. Leese", C. Richardson', J. Mantas®/, P. Murray®, G. De Moor*

Needs:

- Data governance

- Data curation and
Stewardship

http://www.infogineering.net/data-information-knowledge.htm



Understanding the context

Health information systems are purposive
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True patient state

The process of care

Recording Represents
process
A 4
‘ Raw EHR data \
High-throughput Informs
phenotyping ¥
Health care
Phenotype process
model
Discove
v Informs
Kn OWlEdge > J Am Med Inform Assoc. 2015 Jul;22(4):794-804. doi: 10.1093/jamia/ocu051. Epub 2015 Feb 26.
- CI i . - . o ™
) p:;si'::' Parameterizing time in electronic health record
- Understand studies
- Intervene George Hripcsak 1, David J Albers 2, Adler Perotte 2
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A worldwide challenge — COVID pandemics
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Consortium for Clinical Characterization of COVID-19 by EHR

Sites in North America Sites in Europe
data as of 2020-11-06 | 19 Sites Data as of 2020-11-06 | 14 Sites
o, S0 @ https://covidclinical.net/
ansas City, KS @ Pmsqu,:l. .::Ios::::. ° Pavia BE:’"’”‘“‘"“"““ .
) Lo, % gy @ seonn March 2020 Consortium Formed
i M.m.ww:‘“ CScs;m sC o
Madrid “

Gather key questions and identify data-driven
approaches for studying the COVID-19
pandemic, leveraging EHR systems and the
Sitas i Asis i2b2 community.

Sites in South America
Dataas o 11-06 Data as of 2020-11-06 | 1 Sites

Data as of 2020 1 Sit

April 2020. First preprint publication.

Today. 37 Members. NIH funding request.
vie¥ 2y More than 10 journal and preprint publications
342 hospitals

8 countries
37,000 patients

Copyright © 2021 Consortium for Clinical Characterization of COVID-19 by EHR
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https://covidclinical.net/

ACE - Italy
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Two Phases

A federated model based on locally-run analyses enables 4CE to "stay close to the data"

Nation Diversity, Global Perspectives

(Phase 1.x)

342 hospitals, 8 countries,
37,000 patients admitted for
COVID-19

Different hospital
perspectives, regional and
country variation

SQL queries run on i2b2,
OMOP, and others; leverages
ACT ontology

Low regulatory barriers to
participation

(&8 ) UNIVERSITA DI PAVIA

Federated Model

/\A

e Analyses run locally at sites,
only share aggregate counts
and statistics

e Local data experts and
clinicians refine questions,
know coding practices,
perform chart review

e Data quality problems can be
fixed in local databases

'\/

(thanks to G. Weber)

Deep Analysis, Chart Review

(Phase 2.x)

Project-specific subsets of
sites (not all sites needed)

Deep dives into sites’ data
with chart review to validate
data and methods

ML models and complex
analyses using R on patient-
level data

Run on Docker image to
create a standardized
compute environment
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Phase 1. Data collection and analysis

Upload aggregate data, quality checks

Participating Sites Consortium 4ACE
https://covidclinical.net

Site Merge _ Combined Visualize
Daily Counts . . . . Daily Counts

site Y | il _Combined ___Visualize
——— Demographics

Demographics

—_

Site O E Merge _ Combined Visualize
Diagnoses Diagnoses

Site . . . Merge _ Combined Visualize
Query & Aggregate Labs Labs

| |

‘ D Diagnoses, Labs (LOINC Codes) D Format Specification
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Brat, G.A., Weber, G.M., Gehlenborg, N. et al. International electronic health record-derived COVID-19 clinical
course profiles: the 4CE consortium. npj Digit. Med. 3, 109 (2020). https://doi.org/10.1038/s41746-020-00308-0



Calendar date ! | : .'

1
- 2020/03/15 2020/03/16
ite —_—
Daily Counts Cumulative patients | .. a

I..[ Cumulative severe patients ]

l.>| Cumulative dead patients X

day of admission | | I | {

I.sne —_—> 0 1 2 3 n
Clinical Course
—N

Total patients per day o0 ©
Ay & AR

I—’[ Severe patients per day I

Hospitalized patients

Site (inpatients)
| — pates 0
Demographics * —p| Total patients | .. &
HE i ‘—H Severe patients |
EHR
-365 -15 0 days
Site day of admission
2 i Total patients with X diag / med Total patients with X diag / med
_. Diagnosis —p before admission after admission
® O o0 O o
N & Ay & Al
4.. Site P — — = Severe patients with X L - Severe patients with X
Medication Class diag/med before admission diag/med after admission
day of admission | l ' | .;-I
1 2 3 n
Site Lab value mean and SD in all patients per day
Laboratory Values
Lab value mean and SD in severe patients per day

K=2N

e

]

U N |VE RSlTA Dl PAVlA Brat, G.A., Weber, G.M., Gehlenborg, N. et al. International electronic health record-derived COVID-19 clinical
course profiles: the 4CE consortium. npj Digit. Med. 3, 109 (2020). https://doi.org/10.1038/s41746-020-00308-0



| | |
Calendar date } | bl

|
S— '. Sit 2020/03/15 2020/03/16
ite I
Daily Counts l-ﬂ Cumulative patients .. &

I.’ Cumulative severe patients

I.> Cumulative dead patients X

day of admission | . | | | | I
| | . Site — 0 1 2 3 n
Clinical Course L . 0 © o
Total patients per day ot & oo
> Severe patients per day
U N IVE RSlTA Dl PAVlA Brat, G.A., Weber, G.M., Gehlenborg, N. et al. International electronic health record-derived COVID-19 clinical

course profiles: the 4CE consortium. npj Digit. Med. 3, 109 (2020). https://doi.org/10.1038/s41746-020-00308-0



Hospitalized patients
Site > (inpatients) oe
ﬁ - p ———
. Demographics i Total patients Qusy .‘ &
mE i Severe patients
EHR
-365 '1I5 0| days
Site day of admission
¢ . Total patients with X diag / med Total patients with X diag / med
4’. Diagnosis =% before admission after admission
® 0 o0 0 o
N N Ay & Am
4,. Site S Severe patients with X Severe patients with X
Medication Class diag/med before admission diag/med after admission
day of admission | I | ' 1 |
1 2 3 n

Site ) Lab value mean and SD in all patients per day
Laboratory Values

I_.l Lab value mean and SD in severe patients per day

U N |VE RSlTA Dl PAVlA Brat, G.A., Weber, G.M., Gehlenborg, N. et al. International electronic health record-derived COVID-19 clinical
course profiles: the 4CE consortium. npj Digit. Med. 3, 109 (2020). https://doi.org/10.1038/s41746-020-00308-0




Phase 1 Results, 1° wave (March 2020)

Country-Level Positive Case Rate, Comparison to JHU CSSE Data

Data as of 2020-04-11 | 21 Sites
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Laboratory tests representative of renal function (creatinine), systemic
inflammation (C-reactive protein), coagulopathy (D-dimer), liver function (total
bilirubin), and immune response (white blood cell count) visualized relative to date

of diagnosis of COVID-19.

Five Lab Values by Site

Creatinne (mg/dl) Cereactive protein (mg/fdal) Dclimer Tetal bilirubin (mg/ldl) White blood cell count (10°34d)




Phase 2 of the Consortium

Patient Level Analyses

R scripts run on a Docker
image at each hospital to
provide a standardized
local computing
environment (still only
share aggregate results
externally)

UNIVERSITA DI PAVIA

Within each healthcare
system

Shared with the 4CE
consortium

Meta-Analysis

Phase 2

Patient Level Data Extraction

Local Patient Local Patient Local Patient
Summary Clinical Course Observation

Local Healthcare System Analysis

Laboratory Trend and Risk Trend
Recovery

Comorbidity Trend

Split the information into first and second wave
L ]

r T — )
January 151 July 1st 2020 . January 31st
2020 first second 200
Bimonthly
. Mar-Ap May Jul-Aug Sep-Oct N an
L)
March  Januar Y
2020 202
Laboratory recovery rates among all Risk Model Results w/ Event Rate
patients stratiied by length of hosphal Information and Risk Stratification
stay
Risk Level

laboratory test (units) 0= B .
Low VieGum Hgh

NS T

a 9 g &
0 2 4 6 8 10 12 14 16 -p’ﬁio’f&"p.pdoﬁ;)
s A o
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From basic score validation to federated
learning

(&5 ) UNIVERSITA DI PAVIA




Severity Score

A ACE severity phenotype that is both
clinically reasonable and possible to identify

across our diverse sites.

Limit severity to the EHR data classes that

4CE is collecting:

demographics, diagnoses, medications, labs,

and ICD procedure codes.

We did not use outcomes (e.g., ICU
admission), symptoms (e.g., wheezing), or
vital signs (e.g., respiratory rate), as these
are not widely or reliably available in EHRs.

(&8 ) UNIVERSITA DI PAVIA

Validation of an Internationally Derived
Patient Severity Phenotype to Support
COVID-19 Analytics from Electronic
Health Record Data

J. Klann et al, 2021, JAMIA

Site-Level AUC
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D
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®
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O
2 S
[(e]
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= Combined = = Lymphcyte count
g. -| = = C-reactive protein (CRP) D-Dimer
| T | T | T T T
0 2 4 6 8 10 12 14
days since admission




Journal of Biomedical Informatics
Volume 134, October 2022, 104176

Original Research

SurvMaximin: Robust Federated Approach to Transporting Survival Risk prediction Models SurvMaximin: Robust federated approach to
Step 1 Step 2 Step 3 1 1 1 1cti
Train L local risk pndczgmodols with p features Estimate similarity magﬁom individual models Transfer louningtoef‘f)umn coefficients transportlng SUl'Vlval rlSk predlCtlon mOdEIS
(i Dnenier 1 h Estimate empirical covariance matrix for target Xuan Wang * Harrison G. Zhang ®, Xin Xiong ?, Chuan Hong ®, Griffin M. Weber ®, Gabriel A. Brat
c;s“;“m / = 5 ZN , Clara-Lea Bonzel ®, Yuan Luo ¢, Rui Duan 9, Nathan P. Palmer ®, Meghan R. Hutch ¢,
Similarity matrix Bpx L Alba Gutiérrez-Sacristin ®, Riccardo Bellazzi ¢, Luca Chiovato f, Kelly Cho 8 ", Arianna Dagliati ¢,
: Hossein Estiri ', Noelia Garcla-Barrio/, Romain Griffier *', David A. Hanauer ™...Tianxi Cai * !

Source Health
Care Center 2

Source Health
Care Center L

larget Health
Care Center

Q




Working Groups and projects

e Projects to refine and validate methods
o COVID-19 disease severity algorithm
o Longitudinal analyses: differences between pandemic waves

e Projects looking at understudied or underrepresented populations
o Pediatrics
o Race and ethnicity

e Projects on disease-specific diagnosis, risk factors, management and outcomes
o Neurological diseases
o Acute kidney injury
o Thrombotic events

(48 UNIVERSITA DI PAVIA



Two international initiatives made this
possible

* OHDSI (Observational Health Data Sciences and Informatics)
 Based on OMOP database
 +2500 active collaborators worldwide
 +400 healthcare organizations
* +74 countries
* +800 millions unique patient records
e approx. 11% world’s population
Billions of patients' facts

IZBZ/TRANSMART
Informatics for Integrating Biology & the Bedside, or i2b2 is an NIH-funded
enterprise clinical research platform, which contains a database model,
application layer, and core APIs.

(48 UNIVERSITA DI PAVIA




JOURNAL OF MEDICAL INTERNET RESEARCH Kohane et al
Viewpoint

What Every Reader Should Know About Studies Using Electronic
Health Record Data but May Be Afraid to Ask

(J Med Internet Res 2021,;23(3):e22219) doi: 10.2196/22219

1. How complete are the data?

2. How were the data collected and handled?

3. What were the specific data types?

4. Did the analysis account for EHR variability?
5. Are the data and analytic code transparent?
6. Was the study appropriately multidisciplinary?

% ) UNIVERSITA DI PAVIA




Data Completeness, Data harmonization and
handling, Data types

Data Types, Coding System and Data Transformation
Deidentification Strategy
. Sparse Data and Management of Missing Values

Data Scattered in Different Sources and Integration Strategy
(including NLP)

Data inferred and Computational Phenotyping
- Time, Time-stamps, Granularity and Validity time.
Partial view of the patient’s History

(%) UNIVERSITA DI PAVIA




Robustness, Transparency and
multidisciplinary approach

Robustness of the analysis against EHR variability
Variability due to population
Variability due to the healthcare processes

Code should be made available together with synthetic data / fully
anonymized data

Explicit variable transformation strategy used for learning
Full preprocessing pipeline available

Multidisciplinary approach
Need of a multidisciplinary view since model construction

(48 UNIVERSITA DI PAVIA



Alexander Pushkin
EU Regulation n. 2016/679 or

THE STONE GUEST
General Data Protection Regulation

actflly adapted Ry Ricky Verio In Italy DL 101/2018
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Towards trustworthy systems (2019)

Seven requirements for implementation of Al trustworthy
SOlUtiOnSZ INDEPENDENT

HIGH-LEVEL EXPERT GROUP ON

+ human agency and oversight ol
- Transparency

. technical robustness and safety
. privacy and data governance

. diversity non-discrimination and fairness

. . . ETHICS GUIDELINES
. societal and environmental well-being FOR TRUSTWORTHY Al

. accountability
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Interpretability

X Contents lists available at ScienceDirect
i) Artificial Intelligence In Medicine

2 - i*
o \;L‘

journal homepage: www.elsevier.com/locate/artmed

Research paper

»

I

A manifesto on explainability for artificial intelligence in medicine

Carlo Combi *', Beatrice Amico*, Riccardo Bellazzi ®, Andreas Holzinger ©, Jason H. Moore”,
Marinka Zitnik ©, John H. Holmes

* University of Veroma, Veroma, haly
* University of Pavia, Pavia, Maly
Medical University Graz, Graz, Austria
! Codary-Sihal Medical Conter, Wast Nollywood, CA, USA
* Narvard Medcal School end Broad Institure of MIT & Marerd MA, USA

|
N N Usefulness { | Understandability
|
Proposition: XAl-based systems need to start from modeling
the biomedical and clinical domain in order to obtain a true
understanding of the context in which these systems will be
used. Explainability

———

Usability

Proposition: Explanations are not always required in order for

an Al model to be useful. Functional specifications obtained from
deep analysis of the problem domain and users should determine
when explainability and interpretability are required.

UNIVERSITA DI PAVIA




Offline

evaluation
EE—
Prototype
Historical > model
data —_—
L ) Offline

Evaluating Machine Learning Models
by Alice Zheng . Deployed
Copyright @ 2015 O'Reilly Media, Inc. All rights reserved. l-we model

data

—

Online
evaluation

.

Figure 1-1. Machine learning model development and evaluation
workflow

785 ) UNIVERSITA DI PAVIA




Reliability: a necessary property of
Trustworthy Al

Reliability engineering is an engineering discipline for applying
scientific know-how to a component, product, plant, or process in
order to ensure that it performs its intended function, without
failure, for the required time duration in a specified environment (D.

Kiran).

Total Quality Management

Key Concepts and Case Studies

2017, Pages 391-404

({15 ) UNIVERSITA DI PAVIA



Reliable machine learning models

7 Is prediction
. ° —|  Reliable?

Z . g } If not ...

« Avoid using
prediction for

Given a new And a decision making
case prediction ad * Ifhappens
«frequently»
enough discard
«Key challenger for delivering clinical impact with artificial intelligence», model/device

Kelly et al, 2019, BMC Medicine

UNIVERSITA DI PAVIA




When a model fails?

Saria and Subbaswamy,2019, Tutorial: Safe and Reliable Machine
Learning

Types of failures:

1. Bad or inadequate data: a particular class or subpopulations are
underrepresented, or simply the data do not contain enough information
to solve the problem

2. Differences or shift in the environment

3. Model’s associated errors: model misspecification, dependent data, model
fragility (i.e. when the model is applied to high dimensional data, since the
prediction is very sensitive to small perturbation in the output)

4. Poor reporting

(48 UNIVERSITA DI PAVIA




R L] L] [ ] el of Blaea Informatics 127 (2022) 1039%
e I a I I ty 3 R Contents lists avallable at Sclencebirect
e AL

Journal of Biomedical Informatics

&
ELSEVIER journal homepage: www.elseviar.comiocately bir

- We use the term “reliability” to denote the
degree of reliance on the prediction made  vataing pointuise reliabiliy of machine leaming prediction
by the ML model on a single example. TR R S A

1} S —

Training data Test data Evaluation New instance to Reliability Assessment
y ol be classified
vy i argmax(p(y |x))
o (s A
™ m™ oty o p(y |x) Local fit
) Specificity & Recall principle
) AUC & PRC >) Density
—— @ () Calibration @ principle
Machine Trained Machine Sharpness l;eployed
i i Machine Learnin
Learning Learning Robustness oy g
Model Model ode

UNIVERSITA DI PAVIA
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How to use reliability

. Selective prediction: a model can choose to abstain itself from the
classification when the reliability is low.

performances Reliability based on the local fit and density principles on Test samples
100 100 100 100 100 mmm All Test set set

= Locurmimaty Reate st The MIMIC-III dataset & PhysioNet 2012
challenge. Prediction of in-hospital death
from clinical data.

4480 patients that survived

768 that died in the hospital.

081

o7n

058

051

038
034

we simulated the extreme case in which
only male patients are available in the
training set.

024

‘9@6\ f & «53}\
+




Current research directions

Use a generative model (e.g. autoencoder) to represent training
data

. Check local-fit and density principles on the basis of the
autoencoder output

(@8% ) UNIVERSITA DI PAVIA



Some projects
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The CAPABLE project
CAncer PAtients: Better Life Experience

Training data

Patient
\ PROs / PREs Alarms / Suggestlons
’)) - CAPABLE
Sensors
/ Motivational / Therapy
a Coaching Actions ;
EHR

Caregiver

Doctor
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xi i! - BRInging Arfificial INTelligenckE home for a befter cAre
Brainteaser . . | .
of amyotrophic lateral sclerosis and multiple SclERosis

‘ Data security, BRAINTEASER data ecosystem Longitudinal data A
privacy and ethics Patient data Data rich
ownership / Clinical and genetics \ e
/ Patient generated data \ wﬁ register data . / Retrospectivelprospective\
Continuous monitoring environmental data
Q V) 0 Data ‘
{ . - Data
Q o :mw mmlm L « Gender, age, date of diagnosis, .. v \¢ ==
« Blood pressure :gxsuaamy / oy :tgsmfg'EeT and environmental Data (geo-tagged) G
e ) o iy
(e - ‘wanﬁwm'ms -Exposu(e\o ater pollutions
B ¢ =) \TE=ETT Q) =t
\ o5 j European Open \ e /
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InteStrat-CAD INTEgrated STRATfification Tools in Coronary Artery Disease

Registry
Data

CN\ /"\ /”\ \ Acute CV Event

c i
O @ |
O
(%)
|_
O \Phenotyping /

Genomics and epigenomics A
s XPOQOODK
O
CE) Transcriptomics

LA VEVA
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PAN-EUROPEAN RESPONSE TO THE IMPACTS OF COVID-19 AND FUTURE PANDEMICS AND EPIDEMICS

perjscikpe

Gather data for Perform innovative
COVID - Atlas statistical analysis

Gather data in order to develop a comprehensive, user-friendly, openly Perform innovative statistical analysis
accessible COVID Atlas, which should become a reference tool for on the collected data, with the help of
researchers and policymakers, and a dynamic source of information to various metheds, including machine
disseminate to the general public learning tools

Identify successful Develop guidance
practices for policymakers

Identify successful practices and approaches adopted at Develop guidance for policymakers at all levels of government, in order
the local level, which could be scaled up at the pan- to enhance Europe’s preparedness for future similar events and proposed
European level for a better containment of the pandemic reforms in the multi-level governance of health

and its related socio-economic impacts




Machine Learning with «moving» data
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Figure 1. Number of sequences with a percentage of missing values (X) below 1%, submitted to GISAID each

month from February, 2020 to October, 2021
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Dynamic Prediction of Non-Neutral SARS-Cov-2
Variants Using Incremental Machine Learning

Giovanna Nicora ' 2, Simone Marini 3, Marco Salemi 4, Riccardo Bellazzi !
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Lessons | have learned

Trustworthy Al - trust in a socio-technical system, based on
people and ICT + Al technologies

Al technological components include a plethora of different
solutions, including data-driven, knowledge-driven and mixed
approaches

Data-driven strategies requires:
Deep knowledge of the process of care and thus of data generation
Transparent protocols for data preprocessing
Proper validation strategies
Online learning assessment scheme
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Lessons | have learned

There is no single recipe for building trustworthy systems

Disciplines at the intersection between different fields, such as
bioengineering and health informaticians are the “right”

communities for properly designing, implementing AND deploying
Al solutions

However:

Trust does not come for free, it requires substantial
investments

Capacity building, Al/MI education are key
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