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Artificial Intelligence (Al) in healthcare promises to improve the accuracy
of diagnosis and screening, support clinical care,and assist in various public
health interventions such as disease surveillance, outbreak response,
and health system management. But the increasing importance of Al in
healthcare means that trustworthy Al is vital to achieve the beneficial
impacts on health anticipated by both health professionals and patients.

This book presents the proceedings of the 32nd Medical Informatics
Europe Conference (MIE2022), organized by the European Federation
for Medical Informatics (EFMI) and held from 27 - 30 May 2022 in Nice,
France. The theme of the conference was Challenges of Trustable Al and
Added-Value on Health. Over 400 submissions were received from 43
countries, and were reviewed in a thorough process by at least three
reviewers before being assessed by an SPC co-chair, with papers
requiring major revision undergoing further review. Included here are
147 full papers (acceptance rate 54%), 23 short papers and 79 posters
from the conference. Topics covered include the usual sub-domains of
biomedical informatics: decision support and clinical information systems;
clinical research informatics; knowledge management and representation;
consumer health informatics; natural language processing; public health
informatics; and privacy, ethical and societal aspects, but also innovative
approaches to the collection, such as organization and analysis of data
and knowledge related to health and wellbeing, as well as theoretical and
applied contributions to Al methods and algorithms.

Providing an overview of the latest developments in medical informatics,
the book will be of interest to all those involved in the development and
provision of healthcare today.
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Preface

The 32nd Medical Informatics Europe Conference, MIE2022, was held in Nice,
France, from 27 to 30 May 2022. The Conference was hosted by the European Federa-
tion for Medical Informatics (EFMI) and organized by the “MCO Congress”. The Sci-
entific Programme Committee was chaired by Professor Brigitte Séroussi, Sorbonne
University, French Association of Medical Informatics (AIM). The overarching theme
of MIE2022 was “Challenges of Trustable Al and Added-value on Health” stressing
the increasing importance of Artificial Intelligence (Al) in healthcare on the one hand
and the need for a trustworthy Al on the other hand, in order to reach the full expected
impact of Al on health from both health-professional and patient-centered perspectives.

Developed in the 1970s, the first Al systems were essentially knowledge-based de-
cision support systems. Despite their good performance, these first knowledge-based
systems were never routinely used on real patients, and because they were able to ex-
plain their reasoning process, most of them turned out to be more beneficial for teach-
ing than for clinical practice. After some “winters”, Al is back, with new machine
learning methods that promise to improve the accuracy of diagnosis and screening,
support clinical care, and assist various public health interventions such as disease
surveillance, outbreak response, and health system management. Naturally, as these
new Al systems emerge, concerns arise concerning the level of control that should be
conceded when reviewing the pace at which Al methods are introduced. One concern
in particular arises from the fact that these new Al systems often work as “black box-
es”, and are unable to explain their results. Explainability is critical, however, to re-
spond to patient and practitioner narrative exchanges, and the fact that practitioners,
who are responsible for their decisions, cannot easily follow the proposals of Al sys-
tems that they disagree with is also a problem.

Throughout this publication, readers will find innovative approaches to the collec-
tion, organization, and analysis of data and knowledge related to health and wellbeing,
as well as theoretical and applied contributions to Al methods and algorithms. Papers
covering the usual subdomains of biomedical informatics (decision support systems,
clinical information systems, clinical research informatics, knowledge management and
representation, consumer health informatics, natural language processing, bioinformat-
ics, public health informatics, privacy, ethical and societal aspects, etc.) are also of-
fered. The Proceedings are published as an e-book by IOS Press in the series Studies in
Health Technology and Informatics (HTI), providing open access for ease of use and
browsing without the loss of any of the advantages of indexing and citation, in the
major Scientific Literature Databases, such as Medline and Scopus.

Paris, 20.04.2022

The Editors,

Brigitte Séroussi, Patrick Weber, Ferdinand Dhombres, Cyril Grouin, Jan-David Liebe,
Sylvia Pelayo, Andrea Pinna, Bastien Rance, Lucia Sacchi, Adrien Ugon, Arriel Benis,
Parisis Gallos
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About the Conference

The Conference

The 32nd Medical Informatics Europe Conference (MIE2022), organized by the
European Federation for Medical Informatics Association (EFMI), was held from 27—
30 May 2022 in Nice, France. Conference management was by “MCO Congress”
(https://mcocongres.com/en/), endorsed by the French Association of Medical
Informatics (AIM, https://www.france-aim.org/page/79803-1-aim).

Founded in 1976, EFMI (https://efmi.org/) is the leading organization in medical
informatics in Europe, representing 30 countries through their respective national
health informatics associations. EFMI is a not-for-profit organization concerned with
the theory and practice of information science and technology within healthcare, and
health sciences in a European context.

MIE is a medical informatics conference aimed at promoting research and
development in biomedical and health informatics. The conference proposes scientific
sessions consisting of oral presentations of peer-reviewed, full papers and short
communication papers. The conference also includes panels, workshops, demos, and
tutorials, some of which have been prepared by EFMI working groups. A large
exhibition of peer-reviewed posters also forms part of the conference.

In 2022, the special theme of the conference was “Challenges of Trustable Al and
Added-value on Health” (https://mie2022.org/).

Relevant topics included:

Special Topic: Challenges of trustable Al and added-value on health
Bioinformatics

Citizen health informatics

Clinical information systems

Decision-support systems

Education

Health information systems

Human factors and organizational issues

Knowledge and information representation and modeling
Medical robotics

Natural language processing

Patient records

Public health and epidemiology informatics

Security and safety

Sensors, signals and imaging informatics

Societal aspects

Telehealth

Visualization



viii

MIE2022 conference included four keynotes by internationally recognized experts
in medical informatics:

“Prediction Models for Personalized Preventative Medicine: Past, Present,
Future”, by Niels Peek, Professor of Health Informatics at the University of
Manchester and director of the Christabel Pankhurst Institute for Health
Technology Research and Innovation. Niels Peek also co-leads the
International Centre for Translational Digital Health, and is a fellow of the
Alan Turing Institute.

“The Evolution of Al in Medicine: How the Past Informs the Future”, by
Edward H (Ted) Shortliffe, Chair Emeritus and Adjunct Professor of
Biomedical Informatics at Columbia University. Editor Emeritus of JBI.
Textbook: Biomedical Informatics: Computer Applications in Health Care and
Biomedicine (5th edition, 2021). ACM Grace Murray Hopper Award (1976),
ACMI Morris F. Collen Award (2006), IMIA Frangois Grémy Award of
Excellence (2021).

“Patient-Centered Artificial Intelligence: Challenges and Opportunities”,
by Carolyn Petersen, patient and consumer advocate, Senior Editor of
mayoclinic.org, the Mayo Clinic’s health information website (USA).
“Building Trustworthy AI Systems with Reliable Components”, by
Riccardo Bellazzi, Professor of Bioengineering and Biomedical Informatics at
the University of Pavia (Italy), IAHSI and ACMI Fellow, expert in Al in bio-
medicine with a focus on data and knowledge integration (editorial board
member of biomedical informatics journals and active in IMIA, AMIA, EFMI
and in the Italian Society of Biomedical Informatics (SIBIM)).

Scientific Program Committee / Chair and co-chairs (alphabetic)

Prof. Brigitte Séroussi (chair), Sorbonne University, INSERM, Laboratory of
Medical Informatics and Knowledge Engineering in e-Health (LIMICS); AP-
HP, Paris, France.

Dr. Ferdinand Dhombres (co-chair), Sorbonne University, INSERM,
Laboratory of Medical Informatics and Knowledge Engineering in e-Health
(LIMICS); GRC26, AP-HP, Paris, France.

Dr. Cyrille Grouin (co-chair), University Paris-Saclay, CNRS,
Interdisciplinary Laboratory of Digital Sciences (LISN), Orsay, France.

Prof. Jan-David Liebe (co-chair), Medical School Hamburg, Department for
Digital Health Management, Hamburg, Germany; University of Applied
Sciences, Health Informatics Research Group, Osnabriick, Germany; UMIT,
Institute for Medical Informatics, Hall in Tirol, Austria.

Dr. Sylvia Pelayo (co-chair), Clinical Investigation Center for Innovative
Technologies (CIC-IT) 1403, Lille University, Lille, France.

Dr. Andrea Pinna (co-chair), Sorbonne University, CNRS, LIP6, Paris, France
Dr. Bastien Rance (co-chair), University Paris Cité, INSERM, UMRS 1138,
F-75006 Paris, France; HeKA, Inria, F-75015 Paris, France.
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e Dr. Lucia Sacchi (co-chair), Laboratory for Biomedical Informatics,
Department of Electrical, Computer, and Biomedical Engineering, University
of Pavia, Italy.

e Dr. Adrien Ugon (co-chair), Sorbonne University, CNRS, LIP6, Paris, France;
Univ Gustave Eiffel, ESIEE Paris, Département SEN, F-93162, Noisy-le-
Grand, France.

e Dr. Patrick Weber (co-chair), Nice Computing, Lauzanne, Switzerland.

Editorial Committee / Co-chairs (alphabetic)

e Dr. Arriel Bennis (co-chair), Faculty of Industrial Engineering and
Technology Management, and Faculty of Digital Technologies in Medicine,
Holon Institute of Technology, Israel.

e Dr. Parisis Gallos (co-chair), Computational Biomedicine Research Lab,
Department of Digital Systems, University of Piraeus, Greece.

Peer Review Process

We received over 400 submissions from 43 countries. A thorough review process was
conducted with valuable support from the 300 active reviewers. Almost all submissions
were reviewed by at least three reviewers and assessed by one SPC co-chair. Final
decisions were made based on their recommendations by SPC members during a two-
day, face-to-face meeting in Paris, France. Papers requiring major revisions underwent
a further peer review.

At the end of this process 39 submissions were retracted, and from the 271 full
papers, 37 short communication papers, 33 posters, nine demonstrations, 13 panels, 17
workshops and five tutorials submitted, 147 papers (acceptance rate of 54%), 23 short
communication papers (conversion of 11 full papers), 79 posters (conversion of 51 full
papers and 13 short communication papers), eight demonstrations, nine panels, 16
workshops, and five tutorials were accepted. All accepted full papers, short
communication papers, and posters are included in these proceedings.

We would like to take this opportunity to thank the SPC co-chairs and all the
reviewers for their invaluable contribution to MIE2022.

Sponsors (as of April 25™, 2022)
Silver Sponsor
e Norwegian Centre for E-health Research, Tromso, Norway

Partners
e Health Data Hub, Paris, France
e HL7 Europe, Brussels, Belgium

Address for correspondence: Brigitte.seroussi@aphp.fr
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Abstract. Chronic exposure to environmental arsenic has been linked to a number
of human diseases affecting multiple organ systems, including cancer. The greatest
concern for chronic exposure to arsenic is contaminated groundwater used for
drinking as it is the main contributor to the amount of arsenic present in the body.
An estimated 40% of households in Nova Scotia (Canada) use water from private
wells, and there is a concern that exposure to arsenic may be linked to/associated
with cancer. In this preliminary study, we are aiming to gain insights into the
association of environmental metal’s pathogenicity and carcinogenicity with
prostate cancer. We use toenails as a novel biomarker for capturing long-term
exposure to arsenic, and have performed toxicological analysis to generate data
about differential profiles of arsenic species and the metallome (entirety of metals)
for both healthy and individuals with a history cancer. We have applied feature
selection and machine learning algorithms to arsenic species and metallomics
profiles of toenails to investigate the complex association between environmental
arsenic (as a carcinogen) and prostate cancer. We present machine learning based
models to ultimately predict the association of environmental arsenic exposure in
cancer cases.

Keywords. Cancer Prediction, Machine Learning, Arsenic Exposure.

1. Introduction

Chronic exposure to environmental arsenic has been observed to affect multiple human
organs leading to chronic diseases such as diabetes, cancer [1], cardiovascular and
neurological disorders. Chronic arsenic exposure occurs primarily through contaminated
groundwater used for drinking, especially water drawn from wells in areas with naturally
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occurring environmental arsenic. In Atlantic Canada, the province of Nova Scotia (NS)
has high levels of naturally occurring environmental arsenic [2]. An estimated 40% of
households in NS use well water, and 12% of wells were found to have arsenic
concentrations above the Canadian drinking water safety guideline. Furthermore,
Atlantic Canada has the highest incidence rates of all cancers in the country. Given
Atlantic Canada’s high cancer rates, presence of environmental arsenic and use of well
water, it is important to understand how exposure to environmental arsenic contributes
to the incidence of cancer in the region.

This long-term research study is investigating the impact of environmental arsenic’s
pathogenicity and carcinogenicity—i.e., the arsenic body burden which measures the
amount of arsenic present in the body—on the incidence of different types of cancers.
We aim to understand the associations between environmental arsenic exposure and
cancer types by using multiple biomarkers—i.e., urine that captures short-term arsenic
exposure and toenails that capture long-term chronic arsenic exposure. The
distinguishing aspect of our approach is the use of toenails as a new biomarker for
environmental metal exposure, and the use of arsenic speciation in addition to
metallomics profiles [3]. The biomarkers for both cancer and healthy participants were
collected by Atlantic Partnership for Tomorrow’s Health (Atlantic PATH) which has the
world’s largest biobank of toenails [4]. We performed toxicological analysis of these
biomarkers, collected from both individuals who are healthy and with a history of cancer,
to generate complete arsenic species and metallomics profiles. Using the arsenic species
and metallomics profiles, we applied Machine Learning (ML) methods to generate
cancer prediction models to differentiate between healthy individuals and those with a
history of prostate cancer based on toxicological analysis of their toenail samples.

2. Background

Most studies assessing speciation have focused on analysis of urine which is better suited
for assessing short-term exposure (3-4 days). Since many arsenic-related diseases arise
from chronic exposure, measuring longer-term biomarkers may prove to be a more
relevant. Since toenails grow slowly they can provide a longer period (2-12 months) of
arsenic exposure data [3] as such are more suited as a novel biomarker to study the
molecular mechanisms of metal pathogenicity and carcinogenicity.

ML methods have been used to predict disease risk using the metallome profile.
Ahmed and Santosh [5] used the concentrations of metal elements from a serum
metallomic analysis to predict the likelihood of Parkinson’s disease using with a neural
network. Luo [6] used Bayesian kernel machine regression to examine associations
between heavy metals (blood levels) and indicators of kidney functions, where exposure
of a co-occurring heavy metals mixture was associated with poor kidney function. Tan
et al. [7] applied Adaboost to trace metal elements from urine samples to predict early
lung cancer. Guo et al. [8] applied support vector machine to metal elements from hair
samples to predict prostate cancer. These studies in the literature show the potential of
using ML algorithms to predict disease risk based on metallome profiles, it is noted that
these models were developed using a small dataset (maximum 160 samples),
conventional biomarkers and simple ML algorithms.
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3. Methodology

The data was provided by Atlantic PATH, a longitudinal cohort study in Atlantic Canada
with more than 35,000 participants. Participants provided questionnaire data, physical
measures and biosamples [4]. The dataset contained 573 individuals—431 healthy
controls and 142 participants with a history of cancer. The data include demographics,
arsenic species and metallome profiles of all metals. This data and the toenails were
collected between 2009-2015 during baseline recruitment.

3.1. Toxicological Analysis

Toxicological analysis of the biomarkers was performed by the Health and Environments
Research Centre (HERC) Laboratory at Dalhousie University. High Performance Liquid
Chromatography (HPLC) and Inductively Coupled Plasma-Mass Spectrometry (ICP-
MS) was used for analysis of toenails samples. For arsenic speciation, three forms were
measured: (1) inorganic arsenic (iAs: arsenite + arsenate), (2) monomethylarsonic acid
(MMAYV), and (3) dimethylarsinic acid (DMA). Separately, the concentrations of 36
additional metals (e.g., Cd, Ni, Pb, etc.) as a metallomics approach were measured. The
toxicological analysis of toenails yielded a dataset of arsenic species
as Y%eMMA, %DMA, %iAs, PMI, SMI and metallome profiles of all metals.

3.2. Developing Classification Models using Machine Learning Methods

This preliminary study is based on a small dataset, large number of attributes and a class
imbalance. Given these challenges, our methodology included steps to select important
features, address the class imbalance and use different types of ML methods to predict
association between environmental arsenic and cancer. We experimented with the
following ML methods: Decision tree (DT), random forest (RF), Support Vector
Machine (SVM) with the various kernels, Neural Network (NN), ensemble methods like
XG-boost, and deep learning methods.

4. Results

Baseline classification experiments using the original data yielded a low classification
accuracy in the 70-75% range. Next, to improve classification accuracy we addressed the
class imbalance issue as the cancer class is underrepresented. We applied Adaptive
Synthetic Sampling Method (ADASYN) and SMOTE, however we the up-sampling
experiment did not improve the accuracy as shown in Table 1.

Table 1. Classification accuracy of ML models using up-sampling methods.

ML Methods SMOTE ADASYN
DT 71.23% (F1eore: 0.23) 64.8% (Frseoe: 031)
RF 79.790/0(F1-sc0re: 0.47) 72.5% (Fl-score: 0.60)
5-NN 56.00% (Fi-score: 0.46) 59.48% (Fseore: 0.50)
GNB 38.27% (F1.score: 0.37) 42.10% (Feore: 0.36)

XG-Boost 72.13% (Fiscore: 0.19) 62.00% (Fi-score: 0.45)
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To investigate feature importance, we applied dimension reduction methods of PCA,
LDA, and parallel axis plot (Figure 1) which indicated that Zn, Se, pPDMA and SMI can
be removed. Table 2 shows the classification results. The classification accuracy for the
RF increased from 72.5% to 84.99% by parallel axis dimension reduction method.

Figure 1. Red lines and blue ones indicate cancer samples and healthy people respectively. Note that samples
of two classes are distributed all over Zn, pDMA, SMI, and Se axis.

Table 2. Classification accuracy results after dimension reduction

ML Methods LDA PCA Parallel axis
DT 70.51% 71.73% 68.2% (F1-score: 0.18)
RF 76.96% 78.36% 84.9% (F1-score: 0.86)
5-NN 68.9% 69.98% 67%  (Fi-score: 0.14)
GNB 74.7% 65.79% 38%  (Fi-score: 0.37)
All SVM Methods 75% 75% 75%  (Fi-score: 0.0)
XG-Boost 75% 75% 75%  (Fiscore: 0.0)

Table 3. Classification accuracy results using the autoencoder

Methods Accuracy
DT 90'05% ol Receiver operating characteristic
(Fl-score: 080) ‘
RF 97.56% 08 ]
(Fl—score: 0-96)
5-NN 91.8% 06
(Fl-score: 080)
GNB 92.15% ] Pagi—
(Frscore: 0.81) T e
XG-Boost 84.64% et  ean Sk ROC 1A = 094 2001
Fi-score: 0.56 0] b7 [ tean 08 h0C g ok ;2
RBF SVM (941.6060:’2 : I
(Fi-score: 0.87) Figure 2. ROC for the final classification model

In the last experiment, we applied an autoencoder to find nonlinear relations between
features for dimensional reduction. We used a deep autoencoder consisting of 4 hidden
layers—the number of neurons in the encoder section was equal to 18, 9, 4, and 2—the
third layer was used for training the final set of prediction models. Table 3 presents the
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classification accuracy and when compared with Table 2, the classification accuracy for
all the ML models significantly improved with the of the use of the autoencoder.

5. Discussion

The main goal of this broader study is to investigate the association between
environmental exposure of carcinogens and cancer risk. The use of ML methods to
analyze toxicological data derived from novel biomarkers offers a new approach to
investigate the risks for multiple cancer types (including prostate, breast, skin cancers)
associated with environmental exposure of arsenic and other metals. This preliminary
analysis demonstrated the potential of ML based data analysis for predicting the
association between arsenic exposure and prostate cancer. Future research will build
upon this work whereby we plan to analyze broader population cohorts resulting in large
datasets to develop ML models to predict the likelihood of different cancer types
associated with toxic metals exposure to formulate population level cancer risk
prevention strategies.
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Abstract. The acceptance of artificial intelligence (AI) systems by health
professionals is crucial to obtain a positive impact on the diagnosis pathway. We
evaluated user satisfaction with an Al system for the automated detection of
findings in chest x-rays, after five months of use at the Emergency Department.
We collected quantitative and qualitative data to analyze the main aspects of user
satisfaction, following the Technology Acceptance Model. We selected the
intended users of the system as study participants: radiology residents and
emergency physicians. We found that both groups of users shared a high
satisfaction with the system’s ease of use, while their perception of output quality
(i.e., diagnostic performance) differed notably. The perceived usefulness of the
application yielded positive evaluations, focusing on its utility to confirm that no
findings were omitted, and also presenting distinct patterns across the two groups
of users. Our results highlight the importance of clearly differentiating the
intended users of Al applications in clinical workflows, to enable the design of
specific modifications that better suit their particular needs. This study confirmed
that measuring user acceptance and recognizing the perception that professionals
have of the Al system after daily use can provide important insights for future
implementations.

Keywords. user satisfaction; artificial intelligence; clinical decision support
systems; radiography; chest.

1. Introduction

The acceptance of Al-based systems by health professionals is crucial to obtain a
positive impact on the diagnosis pathway [1]. Understanding why specialists accept or
reject a technology is necessary to better predict, explain, and increase user acceptance
[2]. The evaluation of user satisfaction can help to identify the system's strengths and
weaknesses and guide the planning and design of adequate improvements [3,4].

The primary goal of this study was to obtain a preliminary analysis of user
satisfaction with an Al-based system for the automated detection of findings in chest x-

! Health Informatics Department, Hospital Italiano de Buenos Aires. 4190 Perén St., C1199AAB,
Ciudad Auténoma de Buenos Aires, Argentina. Tel (+54) 01149590200 - ext. 5056; E-mail:
candelaria.mosquera@hospitalitaliano.org.ar.
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rays, named TRx, which was developed and validated at a health center. In this study,
we evaluated the TRx application integrated in the Electronic Health Records (EHR)
and the Radiology Information System (RIS) of our center. Our objective was to find
patterns in perceptions that were common across users, and identify which factors are
implied in the positive uptake of an Al-system for medical imaging, stratifying the
results by users' specialties.

TEXx

& A
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Figure 1. TRx interface for RIS users. Red captions indicate the main sections.

2. Methods

This was an IRB-approved observational mixed study (N° 6025), conducted at the
Emergency Department of a 650-bed university hospital in Buenos Aires between
January 1st and May 31th 2021. A total of 7689 chest x-ray studies were processed by
TRx during the study period (average of 51 studies per day). Participants were selected
as TRx intended users in the emergency setting: radiology residents and emergency
physicians. To assess user satisfaction we evaluated the four factors of the Technology
Acceptance Model [7]:
e Actual system use: the degree to which a person uses the technology.
e Perceived usefulness: the degree to which a person believes that using a
particular system would enhance his or her job performance.
e Perceived ease of use: the degree to which a person believes that using a
particular system would be free from effort.
e  Output quality: the perceived correctness of the application’s prediction.

TRx is an Al application that assists users in chest x-ray interpretation. It combines
four deep learning models that were trained for the detection of four critical findings:
pneumothorax, rib fracture, pleural effusion and lung opacities [5]. In the interface,
user feedback can be optionally completed at the time of image evaluation. TRx has
two different questionnaires to address two distinct intended uses.

(1) When accessed through the RIS (radiology specialists), the questionnaire is
focused on diagnostic performance: it consists of a four-point scale on the
level of discrepancy with TRx's diagnosis, which was already used for
evaluation of the radiology residents' preliminary reports [6] (Fig. 1).

(2) When accessed through the EHR (emergency physician or other specialties),
this consists of a five-point Likert scale on the level of usefulness for their
work.



10 D. Rabinovich et al. / User Satisfaction with an Al System for Chest X-Ray Analysis
3. Results

Regarding actual system use, we retrieved quantitative data on system use from TRx's
database, which records the number of times someone accessed the application and
found that the interface was accessed in 15.4% of studies (n=1186), with an average of
8 accesses per day. To estimate output quality, we considered the radiologists’
feedback: in RIS questionnaires, the proportion of agreement varies greatly among
images where TRx detected findings and those where it detected no findings: 90% and
349% respectively (Fig. 2b). Regarding perceived usefulness, we observed that 60% of
answers classified TRx with a good utility level in EHR questionnaires (Fig. 2a).

Perceived ease of use was measured through a validated survey using the System
Usability Scale (SUS), a widely adopted method for assessing user experience [8,9]
(Fig. 3). The survey was answered by 13 professionals: 62% from the Radiology
Department and 38% from the Emergency Department. It showed that most users agree
that TRx is comfortable and easy to understand, requiring no technical support and no
special training to start using it. The greater variation in questions about confidence and
consistency suggests these might have been understood as referring to diagnostic
performance.

Qualitative analysis was performed by interviewing participants who volunteered,
following a structured list of questions. Six physicians were interviewed: three
emergency physicians and three radiology residents.

Actual system use: In general, all interviewed participants agreed they would
continue using this tool and they would recommend it. An emergency physician noted
that she often evaluates X-ray images directly in the portable equipment at the patient’s
bedside instead of using the EHR, so TRx is not used in those cases. Radiology
residents used TRx through the RIS during their X-ray training period, analyzing about
20-30 chest x-rays per day.

Perceived usefulness: all participants agreed they find the system useful for their
daily work, and stated they look at the original image first, to make their own diagnosis,
and only after that they look at TRx output as a second opinion. We identified two
common TRx uses mentioned as helpful by all interviewed emergency physicians: to
confirm a finding has not been omitted, and as an alert of a critical finding, particularly
when the patient shows no suggestive clinical signs. Radiology residents also agreed on
the utility as diagnosis confirmation, particularly in images with no findings.
Additionally, they mentioned TRx’s utility to reduce human errors associated with
fatigue or rush caused by work overload.

Perceived ease of use: all participants rated the system usability as very good,
describing the interface as easy to understand and practical. Suggested improvements
included adding tags to identify specific findings in the heatmap and providing
visualization tools on the heatmap, such as zoom and scroll.

Output quality: emergency physicians perceived a high output quality, but
admitted it might be due to limited use. When comparing it to their own diagnosis, they
found they agreed with TRx almost always. However, radiology residents found that
diagnostic performance varied greatly across radiological findings. They all concur that
the system is especially good at detecting pneumothorax and pleural effusion, and also
experienced a good agreement with TRx in normal images. However, they perceived a
poor performance for lung opacities, with many false positives. In addition, they
noticed a decreased performance in chest x-rays with poor acquisition technique, for
example studies from patients who were lying in bed.
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4. Discussion

In this work we present the preliminary results of a study on user satisfaction with an
Al application for chest x-ray diagnosis implemented in real clinical practice. We
found general patterns in users' perceptions on four aspects from the Technology
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Figure 2. User feedback collected from 401 answers. (a) EHR answers. (b) RIS answers

Acceptance Model. The best perceived aspect was the ease of use, which was
consistently remarked as very good both in the survey and interviews. Perceived
usefulness focused on using TRx to confirm no omission of findings, while emergency
physicians also mentioned its utility as an early alert on potential critical findings and
radiology residents expressed that TRx guidance could help reduce human diagnostic
errors.

A difference among specialties was also observed in the perception of output
quality, as physicians generally expressed that TRx has good detection accuracy, while
radiology residents provided a detailed judgement over different pathologies, which is
aligned with the quantitative results. This confirms that the expected utility of TRx is
different in the Emergency and Radiology Departments. This should be considered
when adjusting TRx implementation, adapting the system to suit the intended use in the
EHR and the RIS respectively.

This study confirmed that output quality is a decisive factor in user satisfaction. A
system with good diagnostic performance is the first step to build users' trust in its
output, which is certainly required to increase use during daily practice. In particular,
results showed that an essential step in TRx future versions should be increasing the
performance for lung opacities. We also confirmed that system use is improved by a
suitable placement of the application throughout clinical workflows, which was better
achieved for the radiology workflow than the emergency one.

The main limitation of this report is its small sample size, which impedes
quantitative comparisons with precise statistical results. However, our data shows clear
trends and interesting patterns that may guide further efforts in the development and
clinical implementation of Al-based diagnostic tools. Future work includes collecting
new participants to increase the significance of results.

The main strength of this study is that it reports on data from a real clinical
implementation of Al in medical imaging diagnosis. User satisfaction with health Al
applications has not been studied widely, and few prior works report on this topic [10-
12]. Future research should focus on identifying bottlenecks and barriers that are met
by different groups of users when using the system, to allow relevant modifications that
could actually improve the system’s clinical utility in real healthcare settings [13].
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5. Conclusion

This study of user satisfaction with TRx application yielded positive evaluations from
participants. Emergency physicians and radiology residents shared common patterns
regarding their perception of TRx’s usability, while differing on output quality and
usefulness for their work. These results highlight the importance of clearly

Figure 3. The ten questions on System Usability Scale and the count of survey answers.

differentiating the intended users of Al applications in clinical workflows, to allow a
separate analysis of their satisfaction and to adapt specific designs that meet their needs.
Measuring user acceptance and recognizing the perception that professionals have of
the Al system after daily use can provide important insights for future implementations.
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Abstract. Artificial intelligence (AI) for radiology has the potential to handle an
ever-increasing volume of imaging examinations. However, the implementation of
Al for clinical practice has not lived up to expectations. We suggest that a key
problem with Al projects in radiology is that high expectations associated with new
and unproven Al technology tend to scale the projects in ways that challenge their
anchoring in local practice and their initial purpose of serving local needs.
Empirically, we focus on the procurement of an Al solution for radiology practice
at a large health trust in Norway where it was intended that Al technology would be
used to process the screening of images more effectively. Theoretically, we draw on
the information infrastructure literature, which is concerned with scaling innovative
technologies from local settings, with a limited number of users, to broad-use
contexts with many users.

Keywords. Artificial intelligence, radiology, socio-technical, scaling

1. Introduction

Al for radiology has the potential to handle an ever-increasing volume of imaging
examinations and thus be a countermeasure against the lack of human radiological
resources [1]. Al can support radiologists in many of their core responsibilities, such as
scheduling examinations, prioritizing images according to severity, and interpreting
images [2]. However, the implementation of Al in clinical practice has not lived up to
expectations, as only a few solutions have made it into actual use [2-4]. Existing studies
have attributed this mainly to limitations in the technology [5] while organizational
issues have basically been ignored [3]. In this paper, we suggest that a key problem with
Al projects in radiology is that high expectations associated with new and unproven Al
technology tend to scale the projects in ways that challenge their anchoring in local
practice and their initial purpose of serving local needs. We don’t necessarily attribute
this to the project per se, but rather see the scaling as the effect of a combination of
internal and external factors. We ask the following research question: What causes
scaling of Al projects in radiology, how does it happen, and what are the consequences?
Empirically, we focus on the procurement of an Al solution for radiology practice at a
large health trust (denoted Health Trust N) in Norway. The trust is one of the largest in
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Norway, with about 9,800 employees and is responsible for providing specialist health
services for about 500,000 people. The motivation for Health Trust N’s ambitions of
implementing Al solutions is caused by a steady increase in labor-intensive imaging
examinations, estimated at 5-10% per year. Therefore, the trust intended to use Al
technology to process the screening of images more effectively. Theoretically, this paper
draws on the socio-technical literature, meaning that technology must always be
understood in the organizational context in which it is implemented and used.
Specifically, we draw on the information infrastructure literature, which is concerned
with scaling innovative technologies from local settings, with a limited number of users,
to broad-use contexts with many users [6]. This concern is sometimes referred to as the
“bootstrap problem.” In this regard, it is crucial to understand the organizational factors
that drive the scaling process and thereby assess how sustainable the scaling process is.

2. Methods

This study is based on an interpretive research approach [7,8], in which reality is socially
constructed among participants. We aim to see the causes for scaling the Al project from
the viewpoints of different stakeholders while also considering the broader context. Data
are collected through approximately hour-long semi-structured interviews with 20
informants, whereof five are radiologists, seven are hospital managers and eight are
managers in collaborating organizations. The data analysis is based on a hermeneutic
approach, wherein we understand a complex whole from preconceptions about the
meanings of its parts and their interrelationships [7]. We discussed the empirical data
thoroughly within the research project, as well as with members of the radiology project,
to get a balanced picture of the process. In the interviews, we also looked for recurrent
themes and patterns, which we explored further in the interviews that followed. All
interviews were audio-recorded and transcribed for analysis.

3. Results

In 2019 Health Trust N applied for innovation funds from its regional health authority to
explore the possibilities of implementing an Al solution. The Trust was granted a budget
of 1.7 MNOK. Apart from this, the project was expected to use internal human resources,
and, most importantly, the future key users: the radiologists from the radiology
department. In early 2020, the procurement project started the first phase, preparing the
procurement of a test solution. This included clarifying the clinical needs, an associated
requirements specification and a strategy for evaluating the solution in clinical practice.
The project concluded that Al should be used for the following examinations:

e  CT (thorax for lung nodules, pulmonary embolism, and lung metastases, which
can make the examination process more efficient and improve survival rates
from lung cancer.

e MR caput for multiple sclerosis follow-up is an MR scan of the brain, which
relieves the radiologists from a time-consuming examination.

e  Conventional X-ray for skeletal X-ray and chest X-ray, which can provide faster
diagnostics and sift out irrelevant findings.
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The procurement process is aligned with EU regulations for public tender
acquisitions and conforms to the principle of competitive dialogue. However, after
starting out relatively modestly, the project has gradually scaled in ambition, purpose
and outlook. In the following, we elaborate on three different ways the scaling is
happening.

3.1. From a local to a national scope

First, while there are several research initiatives related to the development of algorithms
for diagnostic imaging in Norway, none of these have been implemented in clinical
practice. This paradox is of national concern and therefore the Norwegian Directorate of
Health has established a national project named “Better Use of Artificial Intelligence” to
facilitate the process towards realizing the benefits of Al in clinical practice. Based on
Health Trust N’s initiative, the Norwegian Directorate of Health, through its regional
health authority, commissioned it to explore how the optimal procurement process of a
commercial ready-to-use Al solution for clinical practice could be done most efficiently.
This positioned the Al project at Health Trust N as the national pilot for such a purpose.
One of the project members said: “We try as best we can to keep the regional health
authority up to speed on how we are doing things, so that the next trust in line to
implement this can do so better and faster.”

Second, several other health trusts became interested in Health Trust N’s initiative.
As a result, eight of these trusts have joined the framework deal that Health Trust N is
negotiating and plan to acquire the same solution if this project is successful. However,
the various health trusts all have different Radiology Information Systems (RIS) and
Picture Archiving Systems (PACS). This is expected to increase the complexity of
integration and interoperability because these systems need to communicate with the Al
solutions. The heterogeneous portfolios of RIS/PACS in the health trusts make it more
urgent for the project to find a solution that will work well for everyone. One of the
project members has asked rhetorically: “There is really mounting pressure in the project
... what happens if we can’t come up with a solution that works for everybody?” Still,
the project perceives the common framework deal for several trusts as a win-win
situation, and a risk worth taking because it will be beneficial for the Norwegian
healthcare sector. Acquiring an Al solution as part of the same framework agreement
therefore means that the trusts can put an Al solution into real use much faster than they
would otherwise have been able to.

3.2. From algorithm to platform

From early on, the Al procurement project planned to procure a commercially available
CE-marked solution tested in another European country to limit the need to validate the
algorithms. In addition, the requirement was that the algorithms would be static, meaning
that they should not be learning by themselves, that is, by continuous feedback from
datasets in use. In August 2021, the project started the procurement process with five
international vendors. One vendor offered single algorithms and the other four offered
platform solutions. The vendors offered a variety of Al solutions, all conforming to the
six different examinations. The platform vendors offered some of the same Al
applications developed by third-party vendors, some apps from different third-party
vendors, and some apps developed in-house. The vendor offering only single algorithms
had developed these in-house. The Al solutions offered by the different vendors ranged
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from immature products with weak documentation, both internally and in peer-reviewed
publications, to established and mature products that were well documented. The variety
of maturity and documentation made it difficult for the members of the project to know
which solutions to choose and which one would fit a particular clinical use in a specific
organizational context. During the procurement process, the members of the project
came to an understanding that choosing applications from different vendors for each of
the six use cases would involve more complex technical integration and business
processes for the health trust, compared to choosing a platform solution with only one
point of integration and only one vendor to address. By choosing a platform vendor, the
Al project gained access to several Al applications through a single point of integration
to the platform residing in the cloud. If an application did not meet expectations, then it
would be easy to replace it with another app from the platform menu. The platform
vendor would take care of all legal, ethical and practical collaboration with third-party
vendors. One of the project members expressed the expectations of such a platform like
this: “We believe that there are some areas where you can reap the benefits straight away,
but that the potential is very much greater in the future. And based on this we chose to
go for a platform solution.”

3.3. From one to several application areas

The project started out rather narrowly, focusing on solving Health Trust N’s problem of
the lack of radiology resources. However, increasingly, the project is exploring other
possible use areas. First, using radiology-related Al in emergency rooms may deal with
long waiting lists. Al may then offer preliminary results that enable the triaging of
patients. Patients with a low probability of injury or fracture can then be sent home,
pending a radiologist’s careful examination of the images and a final assessment. The
project members emphasize that such solutions have already been implemented at many
health institutions in Europe. This could potentially contribute to the more efficient use
of resources in the specialist health service and could streamline the operation of the
emergency room. Second, Al may potentially improve the practice of referral by general
practitioners (GPs) to hospitals by ensuring that the patient’s need is described accurately.
For example, Al can improve the quality of the referral to the X-ray department so that
the correct examination is chosen for the patient’s problem. Not all conditions need such
advanced examinations as CT and MRI. An MRI examination is quite expensive, plus
there are long waiting lists of patients who need this examination. A machine learning
algorithm can support the requisition process by assessing the usefulness of certain
examinations for given conditions and making this information available to the GP. Third,
based on a recent inquiry by the Norwegian Cancer Registry, the Al project is
considering how the platform solution can support the Registry’s research project on how
Al algorithms can make breast cancer screening more efficient. In the Cancer Registry’s
research project, they have faced quite big challenges in implementing algorithms for
testing. In this regard, Health Trust N’s platform solution may be a way forward, since it
is supposed to be quite easy to add new algorithms.

4. Concluding Discussion

A key concern in the information infrastructure literature is how technology is
implemented into real use and how this technology scales from one setting to the next.
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This concern is called the “bootstrap problem” since the user community is initially non-
existent or very small [6]. One strategy to deal with this is to start with a small and
delimited technology, which the targeted users find useful. After the technology is
established as a working solution, new user groups can be recruited, and new
functionality can gradually be added to complement what already exists, and thus create
more value for the users. In this way, scaling takes place gradually and always with a
foothold in real use. Also, in our study, the Al project at Health Trust N started quite
narrowly with limited ambition, focusing on solving Health Trust N’s problem of the
lack of radiology resources. The initial idea was to explore the possibilities of
implementing commercial ready-to-use Al solutions conforming to the local needs of
Health Trust N. However, increasingly, the project is facing scaling challenges as a result
of the involvement of many more stakeholders on different levels and expectations of
new application areas. A major challenge is that the scaling happens before there is any
real use, which in turn can make it difficult to maintain the interest of the original users
— the radiologists [6]. While the project is no doubt trying to keep the interest of the
radiologists intact, there are now many other stakeholders that expect to be listened to on
both the local and the regional levels. The project must balance these interests carefully,
which ultimately means that everybody must give and take, which may cause delays and
unforeseen results (at least for some). To face some of the challenges associated with
scaling, the project has invested in a platform solution. On the one hand, this seems wise,
given that the project is in the situation where it needs to align the expectations of
different stakeholders. On the other hand, a platform approach also represents a scaling
from Health Trust N’s initial ambition of simply requiring a ready-made algorithm.
While perhaps unintended, the consequence is that both new and old stakeholders may
see potential for new application areas, which in turn may further scale the ambitions and
scope. An illustration is how the Norwegian Cancer Registry sees great potential in the
platform. Also, internally, the project considers new application areas in the emergency
room and in the GPs’ practices. While these represent long-term prospects, they
nonetheless illustrate how easily scaling may happen for the much-applauded technology.
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Abstract. In this paper, we present an approach to improve the accuracy and
reliability of ECG classification. The proposed method combines features analysis
of linear and non-linear ECG dynamics. Non-linear features are represented by
complexity measures of assessment of ordinal network non-stationarity. We
describe the basic concept of ECG partitioning and provide an experiment on
PQRST complex data. The results demonstrate that the proposed technique
effectively detects abnormalities via automatic feature extraction and improves the
state-of-the-art detection performance on one of the standard collections of heartbeat
signals, the ECG5000 dataset.

Keywords. ECG, neural network, ordinal partition network, conditional
permutation entropy, global node entropy

1. Introduction

An electrocardiogram (ECG) is a standard test to evaluate the heart condition owing to
the time change in the total electrical potential. Diagnosis of heart diseases by ECG is
based on a morphological analysis of the amplitude-time parameters of the PQRST
complex. An ECG is accurate at diagnosing many heart diseases, although it does not
always pick up every heart problem. Moreover, an abnormal ECG is highly diverse and
can mean even a normal variation of a heart rhythm, not affecting the health. The
traditional approaches to differentiate between norm and pathology mainly rely on time
series or frequency domain data. The reliable models can be achieved using the nonlinear
state-space dynamics analysis that display system behavior in n-dimensional space.
Although the nonlinear methods have shown promising results for ECG signal analysis,
they can be extended to improve the performance of classification algorithms. For this
purpose, the research community is witnessing a rising interest in applying neural
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networks that have shown promising results. The study [1] proposed neural network
architecture for classifying PQRST segments of ECG complexes to diagnose
cardiovascular diseases. The authors of [2] presented a deep neural network model
trained on a dataset of 2,322,513 ECG records to detect six cardiac pathologies.

The further improvement of ECG classification can be achieved through
combination neural networks with complementary approaches. The study [3] proposes a
method based on the CNN for heartbeat classification using a dual-beat ECG coupling
matrix that shows an adequate representation of both heartbeat morphology and rhythm.
The use of time-frequency features in addition to neural networks demonstrates a high
quality of ECG classification [4, 5]. However, as mentioned, many diagnostic features
do not always provide the necessary reliability of diagnostic results and need further
exploration [6]. In this concern, we refer to the analysis of the nonlinear ECG dynamics
and the ordinal network [7] as an appropriate tool that provides valuable information
about cardiac activity changes. We analysed various measures of consistency used to
compare time series and distinguish between regular (periodic), chaotic, and random
behaviour [8]. The main types of constant measures are entropies, fractal dimensions,
and Lyapunov exponents. There are different types of entropy measures applied for ECG
analysis, Renyi phase permutation entropy [9], Lempel-Ziv complexity and Lyapunov
exponent [10], Kolmogorov-Sinai entropy [11]. Some recent studies use permutation
entropy (PE), conditional permutation entropy (CPE), global network entropy (GNE) [7].
The paper [12] demonstrated a change in the degree of the ECG complexity in the event
of pathology. All these criteria to some extent characterise the randomness of the
mechanisms of cardiac activity and can be used to increase the reliability of assessing
the nature of the cardiac activity. This paper proposes a new methodology for analysing
ECG time series data, considering linear and nonlinear dynamics. The methodology
includes the application of neural networks (NNs) in combination with ECG ordinal
network (ON) complexity estimation to classify cardiac activity.

2. Materials and Methods

Our hypothesis is based on the assumption that the ON improves the classification
accuracy of NNs and, thus, provides an honestly significant difference in the dynamics
deviations of the PQRST cycle. The proposed methodology includes combination of
NN and ON analysis, in particular the calculation of complexity measures, to ECG time
series data. The mapping the time series in ON is based on its ordinal partition, having
regard to sequential patterns of PQRST ECG complexes [7]. Ordinal partitioning is
parameterized by the dimension of embedding vector m and embedding delay .

We denote the ECG time series as a series of equidistant observations x ={x, ...,
Xm, ..., XM}, Where m is an integer representing the dimension of the embedding vectors
of the time series and M is the number of time steps in the time series being split. The
embedding vectors z = {zi, z2, ..., Zs(m-1).} are calculated using patterns of dimension m
and delay 1. For ECG, longer embedding vectors can define PQRST complexes, while
shorter embedding vectors can define PQRST complex segments associated with
functional components: waves or segments of the complex. Each vector z; = {x1, Xi+, Xi+2r,
... Xi+(m-1)z} 15 mapped into a sequence of symbols according to the amplitude of each
element in it. If two z; elements have the same value (x;= x;), the character is assigned in
order of occurrence. The unique set of all character sequences s is represented by a time
series 8 = {s1, 82, ..., SM_(m-1)c}, €ach s; € s being a node to construct an ordinal network.
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The proposed methodology is shown in Fig. 1 and includes the following steps: (1)
building an ON and estimating randomness using complexity measures such as
conditional permutation entropy (CPE) or global node entropy (GNE); (2) combining the
obtained score with ECG data and classifying cardiac activity using NN.

Nonli -
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Linear Dynamics - .
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A Nonlinearity Quantification

Complexity Measures ]
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Figure 1. Structure of proposed methodology.

The proposed complexity measures (CPE, GNE) are calculated based on the
permutation entropy (PE) of the time series, which corresponds to the Shannon entropy
of the corresponding set of ordinal symbols s.

PE = =% p;logp;, (1

where p; denotes the probability mass function P(S=s;) for s; € s and is estimated by
counting the relative occurrence of each symbol in the symbolic dynamics S. PE is
discussed in detail in [7, 8]. The stationary distribution is calculated by finding the
stochastic matrix P with elements p; ;.

Conditional permutation (CPE) was proposed in [13] and is expressed as follows (2)

CPE = Zi(_pi 2 pijlog Pi,j), @

where p; is the probability mass function, same as for equation (1), and p;; is an
element of the stochastic matrix P that represents the transition probability from s; to s;
estimated on the basis of the symbolic dynamics of S.

Global node entropy is calculated based on the elements pl-T_ ; of the modified
stochastic matrix P” of the ordinal network by averaging over the network based on the
stationary distribution (3).

GNE = ¥, p,(— X;pjlog o). @)

3. Results

The proposed methodology, in particular CPE, GNE calculation was applied to
analyse features of the PQRST segments of the ECG5000 dataset cycle [14]. ECG5000
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contains ECG time series examples with 140 time steps. Each sequence corresponds to
a single heartbeat, i.e. PQRST cycle from a single patient with congestive heart failure.
In this study, two types of PQRST cycles (classes) were used: class 1 — normal (500
examples) and class 2 — R-on-T premature ventricular contraction (500 examples).

To estimate the individual components of the PQRST cycle from the CPE ordinal
split, the GNE of each time series was calculated for a short embedding delay. The value
of embedding vector is set to m = 5, the value of embedding delay is set to T = 8. The
results of statistical analysis are shown in Fig.2.

GNE

Figure 2. Visualization of the statistical analysis of the CPE and GNE for the test set: (a) the scatter
plot of the correlation between the CPE, GNE estimates and data classes, (b) overlaying kernel density plots
CPE, (c) kernel density plots GNE.

The scatter plot shows the presence of a certain correlation between the CPE, GNE
scores and data classes. By overlaying kernel density plots, we can judge the distribution
of score values between classes and infer the presence of a large number of CPE and
GNE values that are inherent in a certain class, what gives a certain degree of reliability
in their differentiation. Student t-test was applied (p-value lower than 0.05 was
considered statistically significant, with a confidence interval of 95%) to test the null
hypothesis about the equality of the variances of the obtained estimates of the two classes
and obtain a quantitative estimate. For both the CPE and GNE, a p-value of less than
0.05 was obtained, therefore the difference in variances is considered statistically
significant, the null hypothesis of equality of variances is rejected. Thus, we start from
the assumption that the variances of the CPE, GNE scores for class 1 and class 2 are not
equal. The same way, the values of the CPE, GNE estimates were calculated for each
PQRST cycle and added as new attributes. For stage 2, the PQRST cycles classification
was carried out using a simple implementation of NN - the Sequential model by Keras.
NN training was perfomed using the following network hyperparameters: layers
activation functions are ReLU and softmax, optimizer is Adam, epochs=100. The models
quality results obtained on the test data set are presented in Table 1.

Table 1. Comparative analysis with and without complexity measures.

Attributes Cross-entropy loss Accuracy (%)
PQRST complexes attributes 0.0833 99
PQRST complexes attributes +CPE+GNE 0.0213 99.5

Adding the CPE, GNE increases the classification accuracy by 0.5%, and decrease
the cross-entropy loss by 0.062. Thus, we can conclude that the classification reliability
is increased by using complexity measures as features of non-linear dynamics.

Comparison of our approach to NN-based studies based is presented in Table 2.
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Table 2. Comparative analysis with previous research.

Approach Accuracy (%)
CNN [1] 97.41
CNN-+dual-beat ECG coupling matrix [3] 99.1
CNN+ STFT-Based Spectrogram [4] 99.0
CNN+ Continuous Wavelet Transform [5] 98.74
Proposed NN+ON 99.5

4. Conclusion

We present a technique that combines the signs of non-linear ECG dynamics with

NN to classify ECG which shows 0.4% improvement in accuracy over the best
benchmark approach. Hence no-linear dynamics is useful to achieve more regularised
predictions and to obtain more reliable classification results for PQRST complexes.

(1
(2]
(3]
(4]
(3]
(6]
(7]

(8]
(]

[10]

(11]

[12]

[13]

[14]
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Abstract. Synthetic data has been more and more used in the last few years. While
its applications are various, measuring its utility and privacy is seldom an easy task.
Since there are different methods of evaluating these issues, which are dependent on
data types, use cases and purpose, a generic method for evaluating utility and
privacy does not exist at the moment. So, we introduced a compilation of the most
recent methods for evaluating privacy and utility into a single executable in order to
create a report of the similarities and potential privacy breaches between two
datasets, whether it is related to synthetic or not. We catalogued 24 different
methods, from qualitative to quantitative, column-wise or table-wise evaluations.
We hope this resource can help scientists and industries get a better grasp of the
synthetic data they have and produce more easily and a better basis to create a new,
more broad method for evaluating dataset similarities.

Keywords. Synthetic data, utility evaluation, privacy evaluation

1. Introduction

Synthetic data can be defined as data that has no connection with a real-world phenomena
or event. It was not originated from a process in the real world, but rather a synthetic one.
The idea is that synthetic data can have similar properties with the real data, without
needing to have an independent process for its generation.

Synthetic data has been used over the years for several usages, but in healthcare is
still not very used. However, this scenario seems to be changing. It can be used for
several use cases namely [1]; i) Software testing, ii) educational purposes, iii) machine
learning, iv) regulatory, v) retention, vi) secondary and vii) enhanced privacy.

Software testing relates to using synthetic data to create use cases for software
testing. This can be used for the development or pre-production stages for example. Often
the data needed is not available on-demand and a synthetic generator of reliable data
could be useful. Educational purposes relate to, at least, two different scenarios. One is
for onboarding of employees [1], other is related to healthcare students for using health
information systems and creating mechanisms for providing reliable data on-demand.

! Corresponding Author, Jodo Coutinho-Almeida; E-mail: joaofcalmeida@outlook.com
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Machine-learning is one of the areas where synthetic data has more widespread
usage, where data augmentation through data synthesis is already common. It can be
used for class-imbalance, sample-size boosting or machine-learning algorithms testing.
Regulatory purposes could be important as well, with the rise of Artificial Intelligence
(AI) as medical device systems and synthetic data could be used to properly evaluate
these systems under controlled environments. Retention can be an important case for
synthetic data as well, since personal data must not be kept more than it would be
necessary. Synthetic data generators can be of use, where the original data can be deleted
and a generator kept for further usage, given that the privacy mechanisms are properly
employed. Secondary uses relate to using synthetic data to share data with academia or
industry. Simulacrum [2] is a nice example of how the NHS uses these mechanisms to
help scientists get a better grasp of data before having to fill documentation to query the
real data. The same occurs for Integraal Kankercentrum Nederland (IKNL), which has a
synthetic version of the cancer registry for scientific purposes [3] and the Medical and
Healthcare products Regulatory Agency (MHRA) that uses synthetic data as well for its
CPRD real-word evidence [4].

Finally, an aspect that is underlying to all these applications is the promise that
synthetic data can be used to improve privacy. Even though specially tweaked data
generators can be used to create more privacy-aware datasets, it will be inherently always
at the cost of some utility [5]. So, even though synthetic data it is not the silver bullet as
primarily thought, synthetic data generation can be undeniably used to help create more
private data for all the use cases seen above at the cost of its utility. As for proper methods
of evaluating security and utility, are, for now, open research questions. At the present
time, it is still complicated to properly assess the utility of the generated data. We have
qualitative and quantitative methods. Qualitative methods are related to plots,
quantitative are related to some value that defines a evaluation metric. These quantitative
metrics can be applied to equal columns from each data set, pair of columns from each
dataset or applied over the whole datasets. As for privacy metrics, the metrics rely on
duplicates. Full duplicates or membership inference related.

So, in this paper, we developed a data pipeline for data analysis in order to create a
report for providing several metrics for data utility and privacy.

2. Methods

The pipeline relies on python and latex for creating the document. It relies also on several
packages that implemented methods for evaluating data, namely scipy [6], sdmetrics [7]
and scikit-learn [8] and mixtend [9]. Its basis is related to uploading 2 datasets, and a
report in pdf is produced. Being that is based on programmatic code, it can be easily
converted into API.

The report has a section for dataset description, columns removed due to high-null
and brief variable overview. Then a null comparison is done by column and dataset.
Following this is the utility subsection. Firstly, by visual methodologies: heat maps for
the correlation, bar plots for categorical, density plots for continuous and a pair plot for
an overview. As for the quantitative utility evaluation, we divided it column-wise,
pairwise and table-wise. The first comprehends the Kolmogorov—Smirnov test for
continuous and chi-squared test for categorical variables. Distance metrics were also
applied to categorical columns. First, they are transformed into distributions and then
distance metrics are applied. The results are a descriptive overview of the distance
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metrics, having minimum value, average, max value and standard deviation. The
distance metrics selected were Jensen-Shannon Divergence, Wasserstein distance,
Kullback—Leibler divergence and entropy.

As for pair-wise metrics, we used a discrete and continuous Kullblack-Leibler
divergence. In this, two pairs of continuous columns are compared using Kullback—
Leibler divergence. For this, they are put into bins for further application. The same is
applied to categorical columns without binning. As for table-wise metrics, first, we used
likelihood metrics. We fitted several Gaussian Mixture models or Bayesian network
models to the real data and then calculate the likelihood of the synthetic data belonging
to the same distribution. The metrics are likelihood for Gaussian mixture and Bayesian
models and log-likelihood for the Bayesian model as well.

Then we used machine-learning models (linear regression and decision trees) to
assess how similar models behave on both datasets. First, we tested on the same dataset
in order to compare evaluation metrics. Then we cross-tested, meaning that the training
set was drawn from one dataset and the test set was drawn from the second dataset.
Finally, data privacy constraints duplicate evaluation, duplicate existence by removal of
a single column and a record linkage approach. With the record linkage, we define a
record linkage blocking ("age" in the example) and then try to match rows from the
synthetic dataset to the real, with varying known attributes. Then matrix, euclidean and
cosine distance was also calculated. Even though it is used for privacy evaluation, by
definition, we could also use it for utility assessment. For proper assessment, the
continuous and categorical variables should be indicated at the start of the code. The
metrics are listed in the table 1.

Table 1. Metrics Assessed

Metric Method Context

Bar Plot Visual Utility
KDE Plot Visual Utility
Heat-map Visual Utility
Pair-plot Visual Utility
KS test Column-quantitative Utility
ChiSquared Test Column-quantitative Utility
Kullback-Leibler divergence Column-quantitative Utility
Jensen-Shannon Divergence Column-quantitative Utility
Wasserstein distance Column-quantitative Utility
Entropy Column-quantitative Utility
DiscKLD Table-quantitative Utility
ContinuousKLD Table-quantitative Utility
BNLikelihood Table-quantitative Utility
BNLogLikelihood Table-quantitative Utility
GMLogLikelihood Table-quantitative Utility
Same dataset ratio Table-quantitative Utility
Support rules Table-quantitative Utility
Different dataset validation Table-quantitative Utility
Duplicates Quantitative Privacy
Duplicate minus 1 Quantitative Privacy
Record Linkage Quantitative Privacy

Matrix distance
Cosine distance
Euclidean distance

Quantitative
Quantitative
Quantitative

Privacy/utility
Privacy/utility
Privacy/utility
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3. Results

A trial example of comparing data is available for data in the UCI repository, namely the
heart disease dataset [10]. The synthetic data was created by using the synthpop package
[11]. The variables evaluated are listed in table 1. The code can be seen in
https://github.com/joofio/dataset-comparasion-report. As an example, the images for
visual analysis for categorical (figure 1) and continuous variables (figure 2) are presented
below.

Figure 1. Categorical Variables Plotted

4. Discussion and Conclusions

The compiled evaluation metrics between two datasets are important not only for
synthetic vs real datasets evaluation. For example, in distributed learning, where different
silos exist, with similar or even equal features, a method for evaluating the similarities
can be useful for understanding how the populations are similar between them, trying to
shed light on the most similar among them, or different in order to understand the
differences in the silos or data acquisition inside them. Furthermore, the differences can
be assessed on a more granular level. The column-wise similarities can be different from
the inter-columns’ similarities and differences between these two metrics can be a metric
of interest in itself regarding the quality of the synthetic data and its generator.

With this work, we hope to help institutions and academics getting to access to a
benchmark of the datasets provided in order to leverage synthetic data in the healthcare
space. Finally, we hope this work helps other researchers reach an evaluation metric that
could be a unique and clear response to the question of how similar two datasets are.
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Abstract. Sharing observational and interventional health data within a common
data space enables university hospitals to leverage such data for biomedical
discovery and moving towards a learning health system. Objective: To describe the
AP-HP Health Data Space (AHDS) and the IT services supporting piloting, research,
innovation and patient care. Methods: Built on three pillars — governance and ethics,
technology and valorization — the AHDS and its major component, the Clinical Data
Warehouse (CDW) have been developed since 2015. Results: The AP-HP CDW has
been made available at scale to AP-HP both healthcare professionals and public or
private partners in January 2017. Supported by an institutional secured and high-
performance cloud and an ecosystem of tools, mostly open source, the AHDS
integrates a large amount of massive healthcare data collected during care and
research activities. As of December 2021, the AHDS operates the electronic data
capture for almost +840 clinical trials sponsored by AP-HP, the CDW is enabling
the processing of health data from more than 11 million patients and generated +200
secondary data marts from IRB authorized research projects. During the Covid-19
pandemic, AHDS has had to evolve quickly to support administrative professionals
and caregivers heavily involved in the reorganization of both patient care and
biomedical research. Conclusion: The AP-HP Data Space is a key facilitator for
data-driven evidence generation and making the health system more efficient and
personalized.

Keywords. Data space, Clinical Data Warehouse, Electronic Health Record, Real-

world data, Covid-19 pandemics.

1. Introduction

The analysis of “Real world” data (RWD) has generated important medical discoveries,
especially in areas where traditional clinical trials would be unethical or infeasible [1]
and represents an opportunity to optimize clinical trials [2,3]. In the era of big data, the
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rise of data science and in particular of new Artificial Intelligence (Al) technologies e.g
Machine Learning (ML), RWD is increasingly used to develop innovative digital
technologies and new services supporting various activities of health professionals, in
research, care and training [4]. RWD and Al should enable healthcare professionals to
objectively and continuously measure what is being done, to compare the results of care
over time and between health establishments, to question the gaps, to simulate and
evaluate the impacts of certain strategic decisions on organizations or the quality of care.

In this context, the objective of this paper is to describe the AP-HP Health Data
Space (AHDS) and the IT services that enable the reuse of observational and
interventional health data to support clinical and translational research and to move
towards a learning health system [5,6].

2. Material and Methods

Assistance Publique - Hopitaux de Paris (AP-HP) is the largest university hospital in
Europe with 39 hospitals (20,500 beds), mainly located in Greater Paris region,
conducting more than 3,500 ongoing research projects all sponsors combined. Built on
three pillars — governance and ethics, technology and value proposition — the AHDS
has been developed since 2015 and its major component, the Clinical Data Warehouse
(CDW) (https://eds.aphp.fr), made available at scale to health professionals and
researchers in January 2017.

Given the importance of the ethical and societal issues raised by the rapid increase
of digitalization and data-driven approaches, a specific governance has been set up at
the strategic and operational levels in order to define the data access and use policy and
ensure its implementation guaranteeing patients' rights and privacy.

Supported by an institutional secured and high-performance cloud and an
ecosystem of tools, mostly open source, the AHDS integrates a large amount of massive
healthcare data collected during care and research activities. Initially focused on a core
set of data collected through the common Electronic Health Record (EHR)(ORBIS), the
Extract-Load-Transform (ETL) process of the AP-HP CDW is now extended to various
additional sources including legacy AP-HP applications as well as external sources in
order to get a 360° view of patients’ health status. Big data such as medical images — and
soon genetic sequencing data — are not exhaustively duplicated within the AHDS but
copied on demand if needed for any research project.

Beyond a costly investment in hardware, software, the implementation of the
infrastructure and services supporting the secure and efficient processing of high
throughput health data the ADHS also requires the collaboration of experts in sufficient
numbers in various domains: clinicians, epidemiologists, IT engineers, biostatisticians
and data scientists. Different funding approaches are currently under consideration to
sustain the AHDS.

3. Results

The governance structure of the AHDS is based on a Steering Board and an
Institutional Review Board bringing (IRB00011591) whose members are healthcare
professionals, researchers, directors, patient representatives and persons qualified in
ethics and that assesses all research projects requiring the use of AP-HP CDW data.
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Patients cared at AP-HP are informed individually, via an explicit mention on all medical
notes and patient booklets, of both existence and purposes of the CDW as well as the
procedures for opting out. The rules of governance as well as the list of the studies carried
out or in progress are available on the AHDS web site (https://eds.aphp.fr). In order to
guarantee patient privacy, de-identification processes, initially implemented on
structured data and extended to medical images and textual documents, are assessed by
both the AP- HP Chief Information Security Officer (CISO) and Data Protection Officer
(DPO). The technical pillar relies on the capacity of the Big Data platform the AHDS
offers a set of services supporting data access and use. The AHDS operates large scale
clinical trials and cohorts and an increasing number of real-world studies. Most of the
interventional data of clinical trials and cohorts sponsored by AP-HP are captured using
the institutional electronic data capture (EDC) system (CleanWeb). The recent
deployment of the open source EDC system RedCap resulted in new research projects.
Observational data are stored in the AP-HP CDW, enabling, as of December 2021, the
processing of health data from more than 11 million patients (Table 1). The integration
of various data from heterogeneous systems developed in silos, relies on a
standardization process based on standard models - such as the OMOP model of the
OHDSI project and HL7 FHIR - and reference terminologies — such as ICD10, LOINC,
ATC, etc. that contributes to the FAIRification of the data (i.e to make the data Findable,
Accessible, Interoperable and Reusable).

Table 1. Content of the AP-HP CDW (as of December 31, 2021). Focus on the research data mart in OMOP
format.

Data category Year of first integration (or
expected year)

Demographic data 2017

Vital status (from a national data base) 2021

Clinical pathway and care sites 2019

DRG codes 2017 (ORBIS hospitals), 2022 (all)
Clinical documents 2017 (ORBIS hospitals), 2022 (all)
Vital signs 2017

Consultation and operative schedule 2021

Lab results 2017 (ORBIS hospitals), 2022 (all)
Anatomic pathology precedures 2020

Diagnostic codes, digital slides 2022

Radiological procedures 2021

Medial imagine (DICOM) 2017

Drug prescription/administration 2019 (ORBIS hospitals), 2022 (all)
Care plan 2017

Problems, family and personal history 2022

Covid (coronaOMOP) 2020

Cancer (drug/chemotherapy, 2022
prescription,multidisciplinary meeting reports)

Patient reported outcomes (PROMS) 2022

Obstetrics, Infectious diseases, Nephrology,

Pediatrics, Rare disease, Emergency care, etc.

Social history 2023
Exposome : Air pollution, socio-economic data 2022

Between January 1, 2017, and December 31, 2021, 216 research projects have been
approved by the IRB. Investigators used the AP-HP cohort builders (i2b2 since January
2017 and now the cohort360 open-source application developed in 2021) to execute
direct queries on the CDW and generate secondary data marts. The detailed list of studies
is available on the AP-HP CDW web site; their number and nature are described in Table
2. Research projects have significantly increased since 2017 in conjunction with the
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involvement of additional data scientist recruited with Covid-dedicated funds or disease-
specific donation (e.g., in the domain of cancer). Epidemiological studies performed
through the CDW were designed with various purposes: for fine-grained analysis of
specific phenotypes, to confirm known disease risk factors or consisted in diagnostic,
prognostic or medico-economic studies (table 2). Almost half of the projects were
performed using AI/ML approaches particularly in the medical imaging domain. Some
of these projects have a clear objective of digital innovation development/assessment
(n=61).

Table 2. Number and type of research and innovation projects based on the AP-HP CDW between January 1,
2017 and December 31, 2021

Year Numbe  Descrip Etiolog Diagnos Prognos Medico-  Digital Publica

r of tive y tic tic econom  innovati tions
projects ical on
2017 12 3 3 1 4 4 4
2018 26 11 2 5 7 1 13 4
2019 34 17 6 12 1 12 1
2020 95 46 4 11 35 1 18 11
2021 49 29 4 10 10 14 Nd

The also AHDS supports real-world studies implemented at national (French Health
Data Hub (HDH)) or international scale (EHDEN or EHR2EDC consortium [7]. Thanks
to the Pilote software application, based on the Cognos (IBM) solution, the AP-HP CDW
data is also used for strategic and medico-economic management.

Regarding the valorization pillar, since the launch of the AHDS in 2015, AP-HP is
increasingly investing each year into the development of robust IT solutions to foster
collaborative data use by AP-HP both healthcare professionals and public or private
partners. The IT staff in charge of the AHDS increased from 5 to +60 persons between
2015 and 2021. In order to meet a growing demand exceeding the capacity to fulfill data
requests, funding approaches, such as fee-for-service, are currently under consideration.
AP-HP created the AP-HP Research Foundation in 2015 to support biomedical and
health research. The return on investment currently consists in publications (>20 articles
in 4 years) and grants gained for large-scale national and European projects.

The impact of the COVID-19 pandemic on the AHDS has been deep and wide.
One month after the admission to the AP-HP of the first patient diagnosed with Covid-
19, a specific database was compiled from the CDW. In addition to demographic data,
patient pathways, DRG codes (diagnoses and procedures), lab tests, drug prescription,
the COVID database includes data of interest automatically extracted from clinical notes
using NLP as well as medical images). An information notice specific to the COVID
database has been added to the CDW website. The COVID database has been used to
produce dashboards informing the crisis unit on a daily basis on the clinical and
biological characteristics of patients diagnosed with Covid-19, the evolution of their state
of health, and the admission and treating capacities of the hospitals. Evidence-based
guidance has been produced for the direction of the AP-HP as well as for policymakers
and health authorities on how to mitigate the impact of the outbreak. In the field of
research, more than 70 data access requests have been processed by the IRB according
to an accelerated procedure. The Covid-19 Research Steering Committee has also
prioritized 14 therapeutic trials and 23 other studies. The standardization of data of the
COVID database has enabled AP-HP to join the international consortium 4CE
(Consortium for Clinical Characterization of Covid19 by EHR (4CE)) whose objective
is to rapidly share and analyze aggregated data from hospitalized patients diagnosed with
Covid-19 on a large scale in order to better characterize this disease [8].
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4. Discussion and Conclusion

In the era of big data and machine learning, the use of RWD, and especially of EHR data
will play a growing role in evidence generation in association with randomized clinical
trials for promoting scientific research and improving health care delivery in the public
interest. The AP-HP Health Data Space (AHDS) is a key facilitator for hospital
management, clinical research and digital innovation. The AHDS has been set up with a
view to a "rapid and reactive learning system", with the objective of enabling healthcare
professionals to access consolidated and enriched health data, regardless of the context
— care or research — in which they are collected, and to use these data to improve patient
care. The current health crisis highlights the need for healthcare institutions to continue
the development and deployment of CDW and Big Data spaces, to strengthen their
expertise in data science and to implement efficient data quality monitoring programs.
University hospitals are playing and will play a major role in real-world evidence
generation. Given the level of funding dedicated to the development IT infrastructures
that facilitate high-quality data access and use and the expectations placed on data-driven
approaches in biomedical research and health care, there is a need of sound evaluation
of the return on public investment in terms of impact of health data reuse infrastructure
and projects on care processes, productivity and costs, patient safety, care quality, or
health outcomes [10].
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Abstract. Correct performance assessment is crucial for evaluating modern
artificial intelligence algorithms in medicine like deep-learning based medical
image segmentation models. However, there is no universal metric library in Python
for standardized and reproducible evaluation. Thus, we propose our open-source
publicly available Python package MISeval: a metric library for Medical Image
Segmentation Evaluation. The implemented metrics can be intuitively used and
easily integrated into any performance assessment pipeline. The package utilizes
modern DevOps strategies to ensure functionality and stability. MISeval is available
from PyPI (miseval) and GitHub: https://github.com/frankkramer-lab/miseval.

Keywords. Biomedical image segmentation; Medical Image Analysis,
Reproducibility, Evaluation, Open-source framework, Performance assessment

1. Introduction

In the last decade, computer vision analysis based on artificial intelligence methods like
deep learning has seen rapid growth in prediction capabilities [1]. This resulted in
clinicians striving to integrate computer vision algorithms, like image segmentation, into
the medical field. Medical image segmentation (MIS) covers the automated
identification and annotation of medically relevant regions of interest (ROI), which can
be organs, cell structures, or medical abnormalities like tumors [2]. The idea, especially
in radiology and pathology, is to establish these MIS methods in their clinical routine to
reduce time-consuming processes and to aid in diagnosis as well as treatment decisions
[1]. However, due to the direct impact on medical decisions, the correct evaluation of
MIS models is crucial. Nevertheless, recent studies indicated widespread statistical bias
in evaluations of MIS models which is also caused by incorrect metric implementation
[3]. Furthermore, to our knowledge, there is no universal metric library in Python for
standardized and reproducible evaluation. In this work, we propose our open-source
publicly available Python package MISeval, which is a metrics library for correct MIS
model evaluation. It facilitates an intuitive and fast usage of various popular metrics from
literature, as well as ensures implementation functionality and stability.

! Corresponding Author, Dominik Miiller, IT Infrastructure for Translational Medical Research,
Alter Postweg 101, 86159 Augsburg, Germany; E-mail: dominik.mueller@informatik.uni-augsburg.de
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2. Methods

The open-source Python module MISeval is a metric library for Medical Image
Segmentation Evaluation. The library contains various commonly used metrics for
image segmentation, which can be easily imported and instantly used for model
performance assessment. MISeval is structured as an API with a central core interface
for intuitive usage and is implemented in the programming language Python, which is
platform-independent and highly popular for computer vision tasks. This allows simple
and fast integration of MISeval in commonly used platforms like Tensorflow, PyTorch,
or any NumPy-compatible image segmentation pipeline.

2.1. Metric library

Over the last decades, the MIS literature introduced a large variety of metrics for
evaluation. Especially for semantic segmentation, model performance assessment can be
quite complex due to the need for scoring pixel classification as well as localization
correctness between predicted and annotated segmentation. The MISeval metric library
contains popular metrics like Dice Similarity Coefficient (DSC), Intersection-over-
Union (IoU), Sensitivity (Sens), Speecificity (Spec), Pixel Accuracy (Acc), AUC,
Cohen’s Kappa (Kap) and Average Hausdorff Distance (AHD), but also more complex
metrics like entropy-based divergence and boundary-based distances. A summary of all
metrics in MISeval, can be seen in Table 1.

2.2. Core Interface: Evaluate()

The core of our package is the evaluate() function, which acts as a simple and intuitive
interface to access and run all implemented metrics. The desired backbone metric for the
evaluate() function can be defined by passing the name of an already implemented metric
or by passing a user-created metric function for uncomplicated integration of custom
metrics. Moreover, our core function handles automatically binary as well as multi-class
problems. This allows straightforward passing of any ground truth and predicted
segmentation masks to the evaluate() function for computing the metric assessment in a
single line of code.

2.3. Package Stability

Our MISeval package utilizes modern DevOps strategies to ensure package stability and
functionality during ongoing development [4]. After each update, the source code is
automatically built in a reproducible environment, extensively tested via unit testing,
released, and, finally, deployed in the scientific community’s MIS projects.

Our unit testing considers functionality, edge cases, and exceptions for each
metric. For application (functionality and edge cases), multiple dummy dataset types like
empty, full, or random segmentation masks as well as single and multi-class masks are
tested in all combinations. For exception handling, cases with incorrect parameter usage
and non-matching mask shapes are tested.
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2.4. Package Availability

The MISeval package is hosted, supported, and version-controlled in the Git repository
platform GitHub. This allows the utilization of platform-hosted DevOps workflows and
a hub for package documentation, community contributions, bug reporting as well as
feature requests. The Git repository is available under the following link:
https://github.com/frankkramer-lab/miseval. Furthermore, MISeval is published in the
Python Package Index (PyPI), which is the official third-party software repository for
Python. Thus, MISeval can be directly installed and immediately used in any Python
environment using “pip install miseval”.

Our code is licensed under the open-source GNU General Public License Version
3 (GPL-3.0 License), which allows free usage and modification for anyone.

3. Results

For qualitative evaluation and functionality demonstration, we setup a deep-learning
based MIS pipeline, trained a COVID-19 segmentation model for CT scans, computed
predictions, and evaluated model performance using MISeval. The evaluation results are
illustrated in Figure 1.The analysis utilized the MIS framework MIScnn [2] with default
parameters. As dataset, we used annotated computed tomography scans of COVID-19
positive patients from Ma et al. [5].

For quantitative evaluation, we compared our metric library with other widely
used frameworks for machine learning and image analysis. As it can be seen in Table 1,

e A
COVID-19 Segmentation Evaluation via MISeval

Untrained Model Trained Model

DSC: 0203 loU:  0.113 ©  DSC: 0858 loU: 0750
Sens: 0.279 Spec: 0.963 Sens: 0.939 Spec: 0.994
Acc:  0.947 AUC: 0.779 © Acc: 0992 AUC: 0.994

L Kap: 0.177 AHD: 69 Kap: 0.854 AHD: 62 )

Figure 1. [llustration of various selected metrics from the library of MISeval to evaluate model performance
on the use case COVID-19 infected region segmentation. The figure compares an untrained model (after 1
epoch during training) to a fully trained model (after 163 epochs) and shows computed tomography scans for
each model with predicted infected regions (red).
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MIiSeval provides currently 28 metrics, which is the highest number of segmentation

metrics compared to other

analyzed frameworks:

scikit-learn

[6]

with

18,

EvaluateSegmentation from VISCERAL [7] with 13, PyMIA [8] with 12, Tensorflow

[9] with 16 and TorchMetrics [10] with 12.

Table 1. Overview and comparison of currently implemented metrics in MISeval. For in-detail formula
description and theory of the majority of presented metrics, we refer to the review from Taha et al. [4].

Group

Metric

scikit-learn VISCERAL PyMIA Tensorflow TorchMetrics MISeval
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4. Discussion

Our proposed package MISeval allows a universal, reproducible, and standardized
application of various metrics for MIS evaluation, which hopefully reduces the risk of
statistical bias in studies through incorrect custom implementations. By following the
state-of-the-art package stability and availability strategies, MISeval has the potential to
be integrated into any future scientific performance analysis due to package stability,
easy accessibility, and further contribution possibilities.

Our road map and future direction for MISeval is to ensure ongoing support,
the further extension of our metric library, and providing guidelines on correct metric
usage as well as evaluation. Furthermore, we plan to propose a new metric similar to the
Dice Similarity Coefficient for handling the current issue of evaluating non-present
classes in ground truth annotations like in control samples.

5. Conclusions

In this work, we proposed our open-source Python package MISeval: a metric library for
medical image segmentation evaluation. The library contains various popular metrics
which can be easily used and integrated into any performance assessment for image
segmentation models. MISeval can be directly installed as a Python library from PyPI
(miseval) and is available in GitHub: https.//github.com/frankkramer-lab/miseval.
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Abstract. The frequency of potential drug-drug interactions (DDI) in published
studies on real world data considerably varies due to the methodological
framework. Contextualization of DDI has a proven effect in limiting false
positives. In this paper, we experimented with the application of various DDIs
contexts elements to see their impact on the frequency of potential DDIs measured
on the same set of prescription data collected in EDSaN, the clinical data
warehouse of Rouen University Hospital. Depending on the context applied, the
frequency of daily prescriptions with potential DDI ranged from 0.89% to 3.90%.
Substance-level analysis accounted for 48% of false positives because it did not
account for some drug-related attributes. Consideration of the patient’s context
could eliminate up to an additional 29% of false positives.

Keywords. drug-drug interaction, prescription, data warehouse, methodology

1. Introduction

Observational studies are becoming more feasible with the computerization of health
data. Many studies concerning the SARS-COV2 have used electronic medical records
that have improved our knowledge on this new disease. However, the credibility of
some of these studies has been questioned as some have been retracted after being
published in major journals (1).

Numerous studies have reported the frequency of drug-drug interactions (DDI)
among patients, with surprisingly wide-ranging values, from a few tenths to a few tens
(2—4). This discrepancy has a multifactorial explanation: origin of data (prescription,
reimbursement), perimeter of both data and subjects (inpatient, outpatient, admissions,
elderly), definition of the DDIs (referential, DDI checkers, severity), definition of
exposure (a posteriori reconstitution of the daily prescription, definition of drug co-
occurrence), drug-level used to perform the analysis (clinical drug, active ingredient,
ATC class).

1Corresponding Author, Catherine Duclos, LIMICS, Université Sorbonne Paris Nord, 74 rue Marcel
Cachin, Bobigny, France; E-mail: catherine.duclos@inserm.fr
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For a good detection of potential DDIs, a more contextualized definition of DDIs
is also important and limits false positives (5). The context can be divided into drug-
related factors (e.g. dosage, route of administration, formulation) or patient-related
factors (e.g. comorbidities, elimination phenotypes) (6) but experiments of
contextualized detection have been only performed on a few DDIs.

In this paper, we use a unique prescription dataset from the Rouen University
Hospital data warehouse (7) to test the impact of different contextual items on the DDI
frequency measurement.

2. Material and Methods

2.1. Identification of the manufactured pharmaceutical products potentially eligible for
a DDI.

An initial list of Proprietary Medicinal Products (PMP) marketed in 2017 was compiled
with the available data in the Répertoire des Spécialités Pharmaceutiques
(http://agence-prd.ansm.sante.fr/php/ecodex/). These PMP were identified by their
specific French code name “Code Identifiant de Spécialité” (CIS, Proprietary
Medicinal Product identifier). The French Thesaurus of DDIs (8) was the reference
material for contra-indicated DDI. These DDIs were manually analyzed by two
pharmacists to identify the context attributes that might narrow the scope of a DDI to a
subset of either substances, or PMPs or patients. The PMPs description was enriched
with the attributes of interest through the information contained in their Summary of
Product Characteristics. The initial list of PMPs was then reduced to those containing
the substances referred in DDIs (without further filtering). For each DDI, the list of
eligible PMPs was filtered by the context attributes applicable for this DDI. Finally, a
combinatorial calculation was performed to create all PMPs pairs whose substance
component belongs to either the object or the precipitant of the DDI. This list
constituted the List 1 of all theoretical PMPs pairs potentially involved in a DDI,
without any filter. This first list was then reduced according to the different applicable
filters and an additional filter of no interaction between the substance and itself was
applied on the PMPs pairs. This final list was considered the gold standard list of PMPs
pairs.

2.2. Data extraction process

Medications electronically prescribed for patients hospitalized in 2017 in Rouen
University Hospital were extracted from EDSaN data warchouse in accordance with
current regulations on health data privacy (anonymous, partial, aggregated data with a
minimum threshold of ten). For reasons of parsimony, only daily prescription lines
containing a PMP likely to be involved in a DDI were included in the study. As drugs
were identified by their French code name “Unité Commune de Dispensation” (UCD,
common dispensation unit), a mapping between the CIS and the UCD was performed
using the multilingual terminology server HeTOP (9) which integrated the UCD
repository provide by the French Agency of Digital Health (https://esanté.gouv.fr/) (10).
The metadata extracted were: the anonymous patient identifier, the anonymous hospital
stay identifier, the anonymous daily prescription identifier and the drugs identified by


http://agence-prd.ansm.sante.fr/php/ecodex/
http://agence-prd.ansm.sante.fr/php/ecodex/

40 R. Lelong et al. / When Context Matters for Credible Measurement of Drug-Drug Interactions

their UCD. A DDI was only considered if the two drugs involved coexisted in the same
daily prescription (DP).

2.3. Analysis

The number of DPs was calculated on the whole 2017 prescriptions and was used as
the denominator of the frequency indicators. For each DP, all drugs pairs were
generated and compared to the list 1 of PMPs pairs. Only the DPs containing at least
one PMPs pair involved in a DDI were retained and their number was calculated. The
number of DPs with DDIs was then recalculated by applying the filters corresponding
to each studied context to the prescription dataset. These numbers are the numerators of
the frequency indicators. The percentage of false positives was defined as the number
of falsely detected PMPs pairs out of the whole detected PMPs pairs.

3. Results

A total of 256 contraindicated DDIs were studied. A DDI could occur between two
classes of substances (e.g. irreversible monoamine oxidase inhibitors and monoamine
oxidase-metabolized triptans), a class and a substance (e.g. statins and fusidic acid), a
class with itself (e.g. fibrates and other fibrates), or between two substances (e.g.
gemfibrozil and dasabubir). Hierarchical relationships existed between some
substances and classes (e.g. rasagiline and selegiline are members of MAOI-B class).
Substances were either active or inactive components of PMPs (e.g. sorbitol, alcohol).

Among the 11,221 PMPs marketed in 2017, 5,032 PMPs had potential
involvement in a DDI; 194,866 theoretical PMPs pairs involved in a DDI were formed
by combinatorial association of PMPs belonging to either the object or the precipitant
of the DDI (list 1 of PMPs pairs). For example the 479 PMPs related to statins could
theoretically interact with the 20 PMPs related to fucidic acid and led to 7,664 PMP
pairs. Of these 194,866 PMPs pairs, 92,691 could be excluded from the list 1 because
they did not fit the contextual description expected in the DDI definition such as (i)
ineligible dosage (e.g. acetylsalicylate dosage < 500mg) (ii) ineligible route (e.g.
nasal) (iii) bioavailability issue (e.g. drug without systemic effect) (iv) substance
restriction (e.g. warfarin is the only substance concerned by a DDI on anticoagulants)
(v) or ineligible indication (e.g. beta blockers that don’t have heart failure as an
indication). In the preceding example, only 4 PMPs related to fucidic acid had systemic
effect, so only 1,916 PMP pairs were retained for the gold standard for the DDI
between statins and fucidic acid. Of the remaining 102,175 PMPs pairs (gold standard),
14,140 could be further filtered using patient data such as history (e.g. history of
gastrointestinal ulcer), or biology (e.g. hypokalemia).

Of the 5,032 expected CIS, 4,840 were mapped to an UCD using HeTOP. The lack
of mapping was due to a lack of coverage of the repository provided by the French
regulatory authority.

The dataset extracted from EDSaN contained 916,584 DPs for 2017. Within these
prescriptions, only 1,963 of the UCDs were of interest and only 333 of these were co-
occurring as a pair of DDI. In the end, only 990 different PMPs pairs from the list 1
were identified.

Depending on the different context filters to be applied, the frequency of DPs with
a DDI varied as presented in Table 1. Without any filter, the percentage of DPs with a
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potential DDI was 3.9%. When drug context restrictions were applied, the percentage
decreased to 2.1%, and with the assumption of a required but unmet patient context, the
percentage dropped to 0.89%.

Substance-level analysis accounted for 48% of falsely detected PMP pairs that
could be corrected by filtering by drug attributes. Consideration of the patient’s context
could eliminate up to an additional 29% of false positives. A DP containing initially a
potential DDI was detected for 3,068 patients and only for 60% of them when the drug
related filters were applied.

Among the 916,584 DPs, 35,798 contained at least a potential DDI pair from the
list 1. After applying the successive filters, up to 77% of them could be eliminated.

Table 1. Evolution in DDI frequency taking contextual elements into account and percentage of DP
considered falsely detected

Applied Filter Percentage of DP % of DP eliminated

with a DDI because falsely
detected

Without any filter 3.90% -

Suppress PMPS with a substance interacting with 3.26% 16%

itself

Restrict to substances subsets of certain DDIs 2.86% 10%

Restrict to eligible dose forms 2.67% 5%

Restrict to eligible indications 2.15% 14%

Restrict to eligible dosage 2.10% 1%

Restrict to systemic bioavailability 2.10% 0%

Apply patient related filters 0.89% up to 31%

4. Discussion and Conclusion

In the reported experience, we showed that, with the same dataset, the measurement of
the frequency of potential DDIs can vary with a fourfold, depending on the application
of contexts items described in the DDI thesaurus.

The right definition of what drugs should be included in a DDI is a first statement.
These drugs cannot be solely defined by their substance or ATC class because it is
sometimes too broad when forms or dosage matter. This would lead to an
overestimation of the frequency of DDIs. The generic drug definition (substance +
dosage +form) is sometimes not suitable when excipient or indication matter. This
would lead to an underestimation of the frequency of DDIs. PMP seems to be the right
level of analysis, but its scope is national which makes international comparisons
difficult. The second statement is the importance of patient context in the analysis of
DDIs. As we did not extract these patients content, we made some hypothesis about
their existence. First we assumed that PMPs were used according to their regulatory
authorization (for the indication) and were administrated. This may also have
overestimated the frequency of potential DDIs. Second we made the hypothesis they
were present. But in real world, we would have to deal with what explicitly exists or
not and what is not explicitly stated. Assuming that something that is not explicitly
stated is exists would lead to either an overestimation or an underestimation of the
frequency of DDIs. Our experiment has some limitations. Prescription data were
limited to the drugs prescribed and no other attributes were available (such as the
administered dose, the method of administration...). It does not reflect the real exposure
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of the patient and may result in an overestimate. Only drugs prescribed on the same day
were considered, which may have underestimated the frequency of potential DDIs,
because some drugs such as monoamine oxidase inhibitors can interact for up to 15
days after discontinuation. After filters were applied, the remaining DDIs could be
considered as true positives, but the link to adverse events should be researched to be
affirmative. To avoid contesting the national referential of DDIs (11), information on
evidence and incidence should be provided (12) .

This study confirms the importance of context in limiting a large proportion of
false positives in DDI detection (5). This gives useful guidance to conduct studies that
attempt to determine the frequency of DDI on real-world data or for critical appraisal of
such studies. This methodology could be reused to produce indicators on prescription
containing contra-indicated DDI and to help pharmacists to improve their quality
process.
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Abstract. Automatic classification of ECG signals has been a longtime research
area with large progress having been made recently. However these advances have
been achieved with increasingly complex models at the expense of model's
interpretability. In this research, a new model based on multivariate autoregressive
model (MAR) coefficients combined with a tree-based model to classify bundle
branch blocks is proposed. The advantage of the presented approach is to build a
lightweight model which combined with post-hoc interpretability can bring new
insights into important cross-lead dependencies which are indicative of the diseases
of interest.

Keywords. ECG automatic classification, Interpretability, Lightweight Model

1. Introduction

An electrocardiogram is a very common clinical exam, low-cost, non-invasive and allow
to diagnose a range of cardiovascular diseases. Electrocardiograms measure the electric
activity of the heart and aim to build a map of the heart in three orthogonal directions.
Standard ECGs produce a signal with 12 derivations measured over approximately 10
seconds with a standard sampling frequency of 500Hz resulting in series with 5000
timesteps. ECGs are often analysed by non-experts staff and reports suggest that they are
open to misdiagnosis [1]. This data abundance and a need for accurate diagnostic created
a longtime interest for the automatic classification of diseases from electrocardiogram
signals. Classification of time-series has often been seen as a difficult task for neural
networks which struggle to learn long-term dependencies often encountered in ECG data.
Recently, numerous models, mainly based on deep-neural networks, have achieved very
high classification accuracy for a range of cardiovascular diseases [2,3].

One drawback of these approaches based on deep neural network is the lack of
interpretability of the developed models. In this work, interpretability refers to building
an understanding of which features were used and their relative importance for the model
to classify a given ECG. Indeed with ever more complex models, it can be very difficult

! Corresponding Author: Hugues Turbé; E-mail: hugues.turbe@unige.
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to understand how a model came to a given conclusion on a specific sample. Different
methods have been developed to address this issue and provide what has been termed
post-hoc explainability [4]. Post-hoc explainability is a key requirement for clinicians to
adopt these technologies [5], but might also become a legal requirement following a
recent recommendation from the European Commission [6]. Recent works looked at
providing interpretability in the context of ECG classification using deep neural
networks (DNN). The current approach consist in first training a DNN and then applying
post-hoc explainability, principally LIME [7], to highlight the most important part of the
signal used by the network to provide the classification of a given sample. The LIME
interpretability method is widely used as it is model-agnostic, meaning it can be applied
on any architecture. LIME and other interpretability methods were initially developed
for natural language processing (NLP) or image classification task. Given this
background, one current limitation is that they fail to highlight important dependencies
captured by the network both across time steps and different leads of the ECG. With this
issue in mind, the presented method aims to address the following issues:

e The computing intensive nature of deep neural network required to learn the
complex dependencies observed in ECG signals.

e The lack of interpretability method to highlight dependencies across leads
captured by the models.

As part of this research, it was decided to build models to classify the presence of
left and right bundle branch blocks respectively LBBB and RBBB. Bundle branch blocks
refer to delay or blockage of the electrical signal responsible for making the heart beat
[8]. Bundle branch blocks are associated with higher risk of serious cardiovascular
complications and mortality in specific conditions [9,10]. While automatic classification
of bundle branch blocks is well studied [11], the following work aims to present a much
smaller model, which does not rely on CNN or LSTM layers, with improved
interpretability of the classification models.

2. Methods

The CPSC subset from the large PhysioNet: Classification of 12-lead ECGs dataset [12]
was used. This dataset includes a total of 6850 ECGs, with a minimal length of 10
seconds, annotated for 9 cardiovascular diseases. Out of these ECGs, 232 were annotated
with a LBBB diagnostic, 1854 with a RBBB and 916 with a normal rhythm.

The model presented in this work is based on using a multivariate autoregressive
model (MAR) as a preprocessing step to capture inter-lead dependencies. MAR model
aims to explain current values of a multivariate time series as a linear combination of the
past values. A MAR model of order p will use the p previous time step of the serie of
interest to predict the following. For a time series X € RM*T where M is the number of
feature of the time series, in our case the number of derivation obtained with the ECG
signals, and T the number of time steps in the series, we can write our MAR model as
follows:

X, = Z?:lAi X it e (D
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Where A; € RM*M js the matrix of coefficient and €, the additive Gaussian noise
with zero mean and covariance R. For the rest of the analysis, a MAR model of order
one is used, so that A = A;. The matrix A is central to the presented analysis as it encodes
the conditional dependencies across the leads of the ECG signals [13] as well as reducing
the dimension from the domain R3°99%12 to a smaller R'?*'2 domain. This
dimensionality reduction allows to greatly reduce the computing power required to train
a classification model. The rest of the analysis relies on the assumption that the changes
induced by a left or right bundle branch will affect the dependency across the leads and
hence can be used as a marker to classify these two diseases. MAR models have been
widely adopted to infer organisation model of the human brain using functional magnetic
resonance imaging (fMRI) time series [14]. Surprisingly these models have not yet been
used, to the authors’ knowledge, on ECG data. As a prerequisite to compute the MAR
coefficients, the stationarity of the time series was tested using the Augmented Dickey—
Fuller test. In addition, all samples were normalised by removing their mean and scaling
them to unit variance.

A first statistical analysis of the significance of the MAR model’s coefficients with
regards to the diseases of interest was performed using a permutation test based on the
means of the groups [15].

For each of the disease of interest, the MAR coefficients were used as input to train
a tree-based model, more specifically a Light Gradient Boosting Model (LightGBM) [16].
LightGBM is based on gradient boosted tree model and has gained attraction for its state-
of-the-art performance. For each of the two trained models the target for each sample
was whether the latter was annotated with the disease of interest or as a sample with a
sinus rhythm. Once these models are trained, Tree SHAP [17] is used to provide post-
hoc interpretability under the form of Shapley values. Shapley values aim to explain
which coefficients of the MAR model were used by the trained tree model as indicative
of the diseases of interest.

3. Results

Initial permutation tests showed that out of the 144 (12 X 12) MAR coefficients, 66 for
LBBB and 84 for RBBB had a significant distribution difference with regards to samples
with a sinus rhythm p < 0.05. Hyperparameter optimisation was performed for the two
classification tasks with the optimal hyperparameters for each model along resulting
classification metrics presented respectively in Table 1 and Table 2.

Table 1. Model’s Hyperparameters Table 2. Classification Metrics
LBBB RBBB LBBB RBBB
Learning rate 0.12 0.11 Accuracy 0.97 0.84
Nb. leaves 1420 1220 Precision 0.95 0.85
Max depth 4 6 Recall 0.88 091
F1 0.91 0.88

Shapley values were calculated using TreeShap [17] for the two models. Shapley values
explain how each feature across the dataset influenced the prediction of the model of

2 Full implementation of the discussed method is presented at https://github.com/hturbe/ECG_MAR Model
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interest. In Figure 1, the influence of two important MAR coefficients on the
classification of LBBB are shown. This figure shows the Shapley value attributed to a
specific feature across the entire dataset and allows to gain insights into how specific
values of the feature influence the model's predictions. The magnitude of the Shapley
value shown on the y-axis reflects the importance of this feature for the model to classify
the sample. In addition, a positive Shapley value indicates that this feature played in
favour of the sample being classified as having the disease of interest while a negative
Shapley value indicates that the feature played against the sample being predicted with
the disease. Figure 1a shows that a positive dependence between lead V1 and aVR is
associated by the network as an indication of a LBBB while the opposite is true for the
dependence between leads V2 and I as shown by Figure 1b. Regarding RBBB, the
dependence between leads V1 and V2 was found to be a key diagnostic criterion.

(A) B)
Figure 1. Shapley values computed on the model trained to predict LBBB. Shapley values are presented for
the MAR coefficient encoding the dependence between leads V1-aVR (a) and leads V2-I (b).

4. Conclusions

The presented approach is based on encoding the temporal dependencies across the ECG
leads within the MAR model. This initial step allows to reduce each ECG into a matrix
of 144 coefficients. The coefficients are then used as inputs for tree-based models with
smaller computing requirements than traditional approaches based on neural networks
architectures. Two models are trained achieving an accuracy of respectively 97% for the
classification of LBBB and 84% for RBBB. Of interest, the accuracy for the
classification of LBBB is achieved with a dataset including only 232 samples annotated
with the disease. One current drawback of the method is that it discards "intra-lead"
feature, such as QRS length and others. An avenue to fix this issue would be to augment
the MAR coefficients with intra-signal measurements.

Shapley values provide interesting insights into how a change in the dependence
between a pair of leads are indicative of a specific disease. The research showed how
change in dependencies between lead V1 and aVR and leads V2 and I were
discriminative to predict a LBBB. In addition, while some research have focused on
developing interpretability methods for ECG classification, they show time steps in given
leads which were important for the classification. This information is interesting but does
not reflect how dependence across leads, which might be captured by the developed
models, play a role in the final prediction.
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Finally, the models presented in this article should be trained and tested on a more
extensive dataset. Indeed, currently the classification is limited between sinus rhythm
and the two diseases which were analysed. However this classification does not reflect a
clinical setting where patient might also exhibit different cardiovascular diseases.
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Abstract. Medical assistance to stroke patients must start as early as possible;
however, several changes have impacted healthcare services during the Covid-19
pandemic. This research aimed to identify the stroke onset-to-door time during the
Covid-19 pandemic considering the different paths a patient can take until receiving
specialized care. It is a retrospective study based on process mining (PM) techniques
applied to 221 electronic healthcare records of stroke patients during the pandemic.
The results are two process models representing the patient's path and performance,
from the onset of the first symptoms to admission to specialized care. PM techniques
have discovered the patient journey in providing fast stroke assistance.

Keywords. Process Mining, Stroke, Patient Journey

1. Introduction

Stroke is a non-communicable chronic disease that represents the second leading cause
of mortality worldwide. Besides, it is considered the second leading cause of disability-
adjusted life years loss globally and the main cause of hospitalization in the Brazilian
Public Unified Health System[1]. In stroke treatment, a therapeutical window represents
the best moment to intervene in the pathological process of cerebral ischemia and
minimize damage to the central nervous system [2]. However, this window often lasts
only a few hours, which implicates the need for fast medical assistance for people who
experience an acute stroke. Furthermore, one of the intervals in this therapeutic window
is the onset-to-door time, representing the interval between the onset of stroke symptoms
and the patient's hospitalization [3].

Nevertheless, due to the Covid-19 pandemic, drastic and rapid changes have affected
the daily operation of healthcare services, such as the suspension of programmed clinical
activities during the lockdown period, significantly diminishing the search for
emergency medical services caused by fear of contracting the SARS-CoV-2 coronavirus,
which resulted in the postponement of appropriate treatment for cerebrovascular diseases.
Besides, in this period, assistance to stroke patients suffered negative impacts worldwide,
reflecting a sharp reduction in the number of hospitalizations for acute stroke and,
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consequently, in the number of patients receiving treatment within the therapeutic
window [4].

Thus, the objective of this study was to identify the onset-to-door time through
process mining techniques, considering the several paths within the healthcare network
during the Covid-19 pandemic. This analysis is relevant because recognizing signs and
symptoms and the early calling of emergency services can change the outcome of stroke
patients, reducing possible sequelae. Furthermore, process mining (PM) techniques were
used to identify and analyze the paths of stroke assistance and its outcomes. The
application of PM is helpful since it allows manipulation of data from healthcare
information systems, making it possible to analyze the flows and processes of a service,
easing the recognition of eventual flaws, and allowing improved coordination of the
patient's care [5,6].

2. Methodology

We performed a retrospective cross-sectional study by analyzing event logs from 221
electronic healthcare records of stroke patients in a public hospital in Joinville, Brazil,
from March 17 to August 21, 2020. This initial date represents the start of Santa
Catarina's social distancing measures. The Brazilian Ethics and Research Committee
approved this study as report number 4.917.962, dated August 19, 2021.

The PM methodology applied to this study is composed of five stages (0 to 4) based
on the "Process Mining Manifesto" [7]. Stage O includes planning and justification,
according to our presentation in the Introduction of this research. Stage 1 embraces the
data selection and extraction from the health information system [7]. The dataset
consisted of the variables: date and time of the first symptoms, date and time when the
patient sought help, where the assistance was requested, mode of transport to a hospital
that is a reference for stroke assistance, data and time of hospitalization, and the modified
Rankin Scale (mRS) of the patient at discharge. The mRS measures the degree of
disability in daily activities. We grouped the mRS score according to the ranges: 0-1 (no
disability and no significant disability), 2-3 (slight to moderate disability), 4-5 (moderate
to severe and severe disability), and 6 (death) to simplify the presentation of results [8].

In Stage 2, after data extraction, data were pre-processed, excluding missing,
incomplete, and undefined values in an Excel spreadsheet. The following variables were
clustered: date and time of hospitalization and mRS score after discharge; this was
grouped to understand the relationship between a patient's possible paths and outcome.
An Excel file was input into the Disco software from Fluxicon to discover the process
model, and after the file was imported, the columns were assigned to 'caselD,’
'timestamps,' and 'activity names.' The Disco Miner combined Fuzzy Miner with process
metrics and modeling strategies[9]. In Stage 3, other process perspectives can be
analyzed, such as date, time, and resources. Disco allows the analysis from an instance
to a macro process. We presented only a macro process in this study. Finally, the models
constructed in Stage 3 can be used in Stage 4 for making interventions, predictions, and
recommendations [7]. In the Results of this paper, we presented Stage 2 and 3 outcomes.
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3. Results

Figures 1 and 2 present the two discovered process models. These models represent the
patient's path from the onset of symptoms to the moment of his admission to a public-
stroke reference institution. In Fig. 1 and 2 legends, the inverted triangle indicates the
start of the flowchart, the rectangles represent the events (which vary in color according
to the number of patients that transit through them: the "lighter" color indicates fewer
patients, and the "reddish" color indicates an increased number of patients transiting
through that event), the arrows represent the path followed (which change in their width
and color according to the intensity of patients transiting through that path), the numbers
inside the rectangles or next to the arrows represent the number of cases, that is, the
number of patients that went through that path, respectively. Finally, the square inside
the red circle indicates the end of the flowchart.
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Figure 1. Model 1: Medical assistance requested from home, public space, and nursing home.
@
Onset of Symptoms
instant (79)
s aawe— Mean Duration Time
—* Number of Cases

Non-Reler
Public Hosptal UPA
instant (23] instant (S6)
\ x Legend

@ start
ot s
a1 ey ] % [ Jevent .. =
p e -
= - ® End
Admission Admission ‘ Place of help request

Discharge Rankin
- 0-1 =——4-5
@ — 2-3 —6
Figure 2. Model 2: The patient went to a Non-Stroke Reference-Public Hospital and UPA (emergency care
units).




G. dos S. Leandro et al. / Analysis of Stroke Assistance in Covid-19 Pandemic 51

Fig. 1 presents events where the patient requested assistance at home, in public
spaces and in nursing homes; Fig. 2 shows the patient already requested care and went
to a Non-Stroke Reference Public Hospital and UPA (UPA are three local emergency
care units) after the onset of symptom. In Fig. 1, 142 cases were analyzed, generating
568 events distributed into 11 activities. Some paths were hidden through filters to avoid
incomprehensible models as performed in studies [10]. The mean onset-to-door time was
4.7 hours, and the median was 2 hours. Therefore, it is possible to conclude that the mean
time between the onset and the assistance requested by patients at home (n = 140) was
3.3 hours, whereas to get to the stroke reference care: the majority used mobile
emergency medical services (SAMU) (63%, n = 88), 35% (n = 49) used a private car,
and the minority was transported via private ambulance (2%, n = 3). Post-assistance was
also analyzed at discharge, 35% (n = 50) the patients evaluated as mRS 0-1, 39% (n =
55) evaluated as mRS 2-3, 14% (n = 20) evaluated as mRS 4-5 and 12% (n = 17) died.

The second model displays the flowchart of patients that, after experiencing the first
stroke symptoms, sought help and were referred to public healthcare institutions other
than the stroke reference hospital. In this model, 79 cases were analyzed and generated
316 events distributed into nine activities, making it feasible to display all the activities
and routes followed by the patients until hospitalization. The mean onset-to-door time
was 5.6 hours, and the median was 3.4 hours. Fig. 2 shows that the emergency care unit
(UPA) (70%, n = 56) was most commonly sought was by the population among the
public non-stroke reference institutions, followed by two other public hospitals (30%, n
= 23), where there was 3.3 and 2.4 hours of mean medical assistance time, respectively.
In these situations, 9% of the patients in UPA (n = 5) and 48% at the public non-stroke
reference hospitals (n = 11) were not referred to the public stroke reference hospital via
SAMU or fire-rescue squad but used their private cars.

When referring to the mode of transport compared to the patient's clinical outcome:
a Rankin score of 0-1 refers to a mean interval of 2.2 hours (n = 32) via SAMU and 86
minutes (n = 8) via private car. A Rankin score of 2-3 refers to a mean interval of 3 hours
(n = 20) via SAMU and 5.5 hours (n = 5) via private car. Rankin score of 4-5 with a
mean interval of 2.1 hours (n = 8) via SAMU and 5.5 hours (n = 5) via private car, and
Rankin score 6 with a mean interval of 91 minutes (n = 2) via SAMU and 73 minutes via
private car.

4. Discussion and Conclusion

PM has made it possible to discover and analyze two process models: the first, the onset-
to-door meantime, was 4.7 hours; and the second was 5.6 hours. The Teo et al. (2020)
study compared the median stroke onset-to-door time before and during the Covid-19
pandemic, they noted that during the pandemic, the onset-to-door time was ~1-hour
longer than before the pandemic (154 versus 95 minutes, P=0.12), and the proportion of
individuals with onset-to-door time within 4.5 hours was significantly lower (55% versus
72%, P=0.024) [11]. Leandro et al. (2022) realized that during the pandemic, the
worsening of the patient health status during hospital admission, decreased
hospitalization time, increased delay in receiving reperfusion therapies, and preference
for the referral hospital over emergency services [6]. Although primarily, the onset-to-
door time was maintained within the appropriate interval, it was identified that 36% of
the population still sought non-reference-stroke institutions that increased the onset-to-
door time, similar to the results found by Nguyen et al. (2021).
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Most of the time, in this research, the patient's mode of transport did not influence
the onset-to-door time; the patients remained within the therapeutic window of 4.5 hours.
However, some medical assistance was not supplied within the therapeutic stroke
window, either due to the failure to recognize stroke symptoms or seeking non-
specialized care [12]. Therefore, it is necessary to promote campaigns to warn of the
stroke signs and symptoms, stress the importance, and guide non-stroke reference
hospitals. Even though our study was limited due to the small number of subjects, PM
has proven to be a valuable tool for assisting managers in quicker identification of flows
to reduce decision-making time.
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Abstract Alterations to the brainstem can hamper cognitive functioning, including
audiovisual and behavioral disintegration, leading to individuals with Autism
Spectrum Disorder (ASD) face challenges in social interaction. In this study, a
process pipeline for the diagnosis of ASD has been proposed, based on
geometrical and Zemike moments features, extracted from the brainstem of ASD
subjects. The subjects considered for this study are obtained from publicly
available data base ABIDE (300 ASD and 300 typically developing (TD)).
Distance regularized level set (DRLSE) method has been used to segment the
brainstem region from the midsagittal view of MRI data. Similarity measures were
used to validate the segmented images against the ground truth images.
Geometrical and Zernike moments features were extracted from the segmented
images. The significant features were used to train Support vector machine (SVM)
classifier to perform classification between ASD and TD subjects. The similarity
results show high matching between DRLSE segmented brainstem and ground
truth with high similarity index scores of Pearson Heron-II (PH II) = 0.9740 and
Sokal and Sneath-II (SS 1I) = 0.9727. The SVM classifier achieved 70.53%
accuracy to classify ASD and TD subjects. Thus, the process pipeline proposed in

this study is able to achieve good accuracy in the classification of ASD subjects.

Keywords Autism spectrum disorder, Brainstem, Level set method, Geometrical
features, Zernike moment, Support Vector Machine

1. Introduction

Autism Spectrum Disorder (ASD) is a neurodevelopmental condition characterized by
significant challenges in social interaction, communication, and repetitive patterns of
behavior which are mainly controlled by brainstem [1]. Anatomical differences in the
brainstem region have been identified as an essential biomarker for ASD [2]. Due to its
time consuming nature, along with absence of any notable discriminator, the diagnosis
of ASD is often delayed [3]. This necessitates the need for a reliable diagnostic
technique for ASD. Structural Magnetic Resonance Imaging (sSMRI) is one of the most
commonly used imaging modality that offers non-invasive methods to screen
anatomical anomalies related to neuronal activation. Segmentation of the region of
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interest is a daunting task and due to the complexity and resource-intensive nature of
manual segmentation, the brainstem is segmented using automated techniques, such as
level set methods. Level set algorithms are known to develop irregularities which are
generally treated with re-initialization, that stabilizes the level set evolution, however
leads to numerical inaccuracies [4]. To avoid the re-initialization problem, distance
regularized level set methods (DRLSE) are deployed which use an external energy
component and distance regularization term, to force the zero level contours to the
prescribed location and maintain its shape [5]. Geometrical [6] and tensor based [7]
features are used to infer the shape, size, orientation of brainstem in ASD patients,
which indicate the structural variation due to the disease condition. Zernike moments
are shape descriptors which can be used as prominent tools as they provide the rotation
invariant features [8]. SVM classifier uses various types of kernels to create a decision
boundary in the form of a hyperplane and is used to classify ASD and TD using the
extracted features.

In this study, the DRLSE method has been used to segment brainstem region from
sMRI. The best features from the feature space of segmented regions have been
selected and a classification model is trained with optimizations, to aid in the diagnosis
of ASD. The rest of the paper includes 3 sections- Section 2 discusses the method used
in detail, section 3 describes the results with some discussion about all aspects of the
methodology. Finally, section 4 outlines the results with some concluding remarks.

2. Method
2.1. Dataset

The public database Autism Brain Image Data Exchange (ABIDE-I and ABIDE-II) [9]
was accessed to obtain sSMRI data. The database is classified on the basis of Diagnostic
and Statistical Manual of Mental Disorders—Fourth Edition (DSM IV) standards. TD
and ASD subjects, 300 each, were carefully chosen to minimize the age difference. The
demographics have been shown in Table 1.

Table 1. Participation information of sample set

Mean = SD (range)
ASD (N=300) TD (N=300)
Males (Females) 260 (40) 223 (77)
Age in years (range) 11.87+£2.75 (6.41-18) 11.85+£2.74 (6.36 - 18.8)
PIQ/FIQ (range) 105.48 +17.1 (53 - 149) 111.15+13.75 (62 - 147)

*PIQ/FIQ - Full-scale Intelligence quotient / Performance Intelligence quotient, *SD - Standard Deviation

The mid-sagittal view slices were considered for further processing. A few images
with insufficient brainstem regions in the slices were discarded from our analysis.

2.2. Segmentation
The brain stem region is segmented from the sMRI using the DRLSE method [5]. By

solving the gradient flow equation (equation (1)), the solution of the energy function is
obtained.

L= w(dIvf1) +28(H) (97%) +ags () M
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Here, g represents the gaussian gradient used for edge detection and to avoid the
leakage of contours. The parameter values for the level set were set as o=1; p=0.2;
2=0.1; number of iterations = 15. Trial and error were used to find these sets of
parameters. Segmented images were validated against ground truth ones using five
similarity measures - Simple Matching, Sokal and Sneath II, Hamann, Rogers and
Tanimoto, and Pearson and Heron II, each based on varying criteria.

2.3. Feature Extraction and Classification

The segmented brainstem images were used to extract Geometrical features (18), like
area, perimeter, eccentricity, orientation, bounding boxes, etc., reported in pixels,
coordinates, as well as coefficients. Ratio-metric features (91) [10] were derived from
the geometrical ones leading to a total of 109 geometry-based features. Zernike
moments are mappings of an image onto a set of complex zernike polynomials [8].
Multiple combinations of the order of polynomial (n) and the degree of repetition (m)
gave a total of 122 Zernike moments features: 61 Amplitude based (4on), and 61
recording the Phase angle (Pion). The statistical significance of each feature was tested
before feeding these into the classifier, by performing normality test to test the nature
of distribution, and then t-test and Kruskal Wallis tests for normal and non-normal
distribution respectively. SelectKBest method from the scikit-learn library helps choose
the optimal feature subset, by ranking features based on F-test, which are then fed as
input to the SVM classifier. Scikit-Learn’s GridSearchCV returns the best combination
of parameters from the input parameter grid, based on the described metric scores. A
cross-validation set was used for testing the various parameter combinations.

3. Results

Figure 1(a) and 1(e) represent the mid-sagittal MR brain view of ASD and TD
participants respectively. DRLSE methods helped in the evolution of the final contour
to properly highlight the brainstem, as shown in figure 1(b) and 1(f). Generalized
DRLSE methods detected brain stem boundaries with considerable efficiency. The
masked copy of brainstem from the MR images can be observed in figure 1(c) and 1(g)
for ASD and TD subjects respectively.

1(b) 1(d)

1(h)

Figure 1. (a, ¢) Brain Image ASD, TD; corresponding (b, f) Final GDRLSE evolved contour; (c, g) Masked
brainstem; (d, h) Ground truth binary image of brainstem



56 V. Jain et al. / Automated Diagnosis of Autism Spectrum Disorder Condition

Medical Image Processing, Analysis, and Visualization software (MIPAV) was
used to extract the brainstem region from the same dataset of SMRI. These ground truth
images obtained can be visualized in figure 1(d) and 1(h) for ASD and TD subjects
respectively. The ground truth images served as the validation set for brainstem
extracted using the level set method. Validation of segmented brain stem image with
the ground truth image using different similarity measures resulted in high correlation
(Similarity Index nearer to 1).

The two measures, Pearson and Heron II (PH II), and Sokal and Sneath II (SS 1)
presented the highest correlation with a mean of 0.9740 and 0.9727 respectively. We
calculated the geometrical and Zernike moments features from the DRLSE segmented
brain stem images. 59 geometric and 32 Zernike moments features were found to be
statistically significant, i.e. had a p-value < 0.05. The top 5 geometrical (including
ratio-metric features) and Zernike moment features are presented in table 2.

Table 2.Top five significant geometrical and Zernike moments features

Geometric features Zernike moments features
Eccentricity/Perimeter n7m3 Aon
Area/Perimeter n12m8 Aoy
Minor Axis Length nl7m17 Aoy
Centroid 2/Convex Area n8m?2 Aou
Convex Area nllm?7Aon

The Ratio Eccentricity/Perimeter along with Zernike polynomial with the order of
moments, » = 7 and the degree of repetition, m = 3 offered highest significance. The
order is related to the number of concentric circular divisions, while the degree of
repetition shows association with the number of circular sectors. SVM classifier was
trained using different types of kernels — Linear, Polynomial, Sigmoidal and RBF. Out
of these, the sigmoidal kernel performed best. With one of the five folds being used for
testing and 4 being used for training, an accuracy of 70.53 % was reported. The Linear,
Polynomial and RBF kernel elicited 58.92%, 57.39%, and 60% accuracy respectively.
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Figure 2. ROC-AUC Curve

The true positive rate (Sensitivity), is the ratio of true positives to the total positive
ones, true negative rate (Specificity) is the ratio of true negatives to the total negatives
and the F1 Score is the harmonic mean of precision (Positive predictive value) and
sensitivity. The sensitivity, specificity and F1 score were reported as 0.6964, 0.7142
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and 0.7027 respectively. The Receiver operator characteristics (ROC) curve
demonstrating the Area under curve (AUC) can be visualized in figure 2.

4. Conclusions

This study describes the utility of geometrical and Zernike moments features extracted
from the brainstem region for diagnosis of ASD. DRLSE based methods efficiently
segmented the brainstem region, which was validated by the high similarity index
obtained against the ground truth images. The features with the highest significance
were obtained and used for classification of ASD from TD providing high accuracy,
sensitivity and specificity. The study showed that shape-based features obtained with
minimal manual intervention can be used to automate the diagnosis of ASD with
relatively higher precision and much lower computational burden. Further work can be
done by applying advanced deep learning methods for segmentation and classification
of brainstem regions for ASD diagnosis.
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Abstract. Burnout in healthcare professionals (HCPs) is a multi-factorial problem.
There are limited studies utilizing machine learning approaches to predict HCPs’
bumout during the COVID-19 pandemic. A survey consisting of demographic
characteristics and work system factors was administered to 450 HCPs during the
pandemic (participation rate: 59.3%). The highest performing machine learning
model had an area under the receiver operating curve of 0.81. The eight key features
that best predicted burnout are excessive workload, inadequate staffing,
administrative burden, professional relationships, organizational culture, values and
expectations, intrinsic motivation, and work-life integration. These findings provide
evidence for resource allocation and implementation of interventions to reduce
HCPs’ burnout and improve the quality of care.

Keywords. burnout, healthcare professionals, supervised machine learning

1. Introduction

Burnout is an occupational hazard characterized by emotional exhaustion,
depersonalization, and diminished personal achievement. Before the COVID-19
pandemic, 20-40% of healthcare professionals (HCPs) reported severe burnout [1]. The
COVID-19 pandemic has further increased HCPs’ burnout to levels that pose a threat to
maintaining a functioning healthcare workforce [2]. Burnout in HCPs can contribute to
low quality of care, impair cognitive processes and lead to patient safety issues including
patient harm [3]. Thus, there is an urgent need to examine the key factors contributing to
HCPs’ burnout during the COVID-19 pandemic.

HCPs’ burnout is a complex multi-factorial problem that is often affected by several non-
linear factors. The US National Academy of Medicine (NAM) proposed a systems-based
framework and identified evidence-based work system factors that contribute to HCPs’
burnout [4]. These factors are also further mediated by individual characteristics such as
gender, age, and race. However, limited studies have utilized this theoretical model in

! Corresponding Author: Karthik ADAPA; E-mail: karthikk@live.unc.edu.
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examining the key factors contributing to HCPs’ burnout during the COVID-19
pandemic.

In recent times, few studies have applied inductive data-driven methodologies such as
supervised machine learning classifiers to predict HCPs’ burnout [5]. However, to the
best of our knowledge, no previous study has utilized this methodology to examine the
role of work system factors and demographic factors in predicting HCPs’ burnout during
the COVID-19 pandemic. Further, we use feature selection methods to identify key
factors that best predict HCPs’ burnout to provide evidence for targeting interventions to
reduce HCPs’ burnout and improve quality of care.

2. Methods

2.1 Data collection and study measures

A composite survey was created to assess the following: demographic factors (clinical
position, gender, race, and marital status), burnout using the 2-item Maslach Burnout
Inventory (MBI) [6], and severity ratings of 21 evidence-based work system factors
based on the NAM’s system-based framework [4]. The survey was designed using
Qualtrics Online Survey Software and administered to 450 HCPs in oncology, primary
care, and surgery departments of a large academic medical center. The survey was
administered between November 2020 and May 2021 with a participation rate of 59.3%
(Table 1). The study was approved by the UNC-Chapel Hill Institutional Review Board.

The outcome variable is burnout, with emotional exhaustion (EE) (1 to 6) and
depersonalization (DP) (1 to 6). An EE and DP summative score >3 correlates best with
a more inclusive definition of burnout [6]. However, for this analysis, we considered a
score >3 on EE and DP individually as a more restrictive definition of burnout to
categorize the HCPs into two classes: with (= 3 EE & > 3 DP) and without burnout (<3
EE & <3 DP). The input variables were the 21 work system factors and 4 demographic
characteristics.

Table 1. Number and type of survey responses

Feature Data type No. (%)
Burnout Categorical
With burnout 105 (30.33%)
Without burnout 162 (60.67%)
Clinical position Categorical
Physician 70 (26.22%)
Nurses 89 (33.33%)
Residents 17 (6.37%)
Pharmacists 3 (1.12%)
Non-clinicians 88 (32.96%)
Gender Categorical
Male 42 (15.73%)
Female 196 (73.41%)
Non-binary 4 (1.50%)
Transgender male 4 (1.50%)
Transgender female 3 (1.12%)
Prefer to self-describe 3 (1.12%)

Prefer not to disclose 15 (5.62%)
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Race Categorical
Caucasian 180 (67.42%)
African American 29 (10.86%)
Latino or Hispanic 5 (1.87%)
Asian 8 (3.00%)
Native American 3 (1.12%)
Native Hawaiian or Pacific Islander 2 (0.75%)
Other 14 (5.24%)
Prefer not to disclose 25 (9.36%)
Marital status
Single 49 (18.35%)
Married 161 (60.30%)
Divorced 14 (5.24%)
Separated 7 (2.62%)
Widowed 6 (2.25%)
Other 6 (2.25%)
Prefer not to disclose 24 (8.99%)
Work system factors Ordinal
_—  Excessive workload 264 (98.88%)
Unmanageable work schedules 261 (97.75%)
Inadequate staffing 259 (97.00%)
Time pressure 260 (97.38%)
Inefficient workflows 258 (96.63%)
Job demands — Interruptions and disruptions 257 (96.25%)
Inadequate technology 256 (95.88%)
Moral distress 259 (97.00%)
Patient factors 256 (95.88%)
L Administrative burden 255 (95.51%)
—  Lack of recognition for QI 258 (96.63%)
activities
Lack of dedicated time 257 (96.25%)
Lack of support for research 255 (95.51%)
Professional relationships 254 (95.13%)
Organizational culture 257 (96.25%)
Job resources— Physical work environment 254 (95.13%)
Values and expectations 256 (95.88%)
Job control 259 (97.00%)
Intrinsic motivation 253 (94.76%)
Extrinsic motivation 260 (97.38%)
Work-life integration 259 (97.00%)

2.2 Feature selection and classification

We selected random forest to predict burnout after weighing the trade-offs between
accuracy and interpretability of an array of machine learning methods. The data was split
into training (80%) and testing (20%) sets. To avoid overfitting, 5-fold cross-validation
(CV) was performed on the training set, where the performance of the model was
iteratively evaluated on 20% of the training set. The area under the receiver operating
characteristic curve (AUC) was used to evaluate the model. Initially, the RF classifier
was trained with factors based on the NAM framework: work system factors &
demographic characteristics, and work system factors only. Subsequently, we used chi-
square, mutual information, and recursive feature elimination (RFE) to identify attributes
that were most important in predicting HCPs’ burnout. Features with a mutual
information score >0 and chi-square p-value <0.05 were included in the analysis. RFE
was done with cross-validation, where features were selected iteratively while
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optimizing for AUC performance. After each iteration, the less relevant features were
removed, and the key factors that best predicted HCPs’ burnout were identified.

3. Results
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Figure 1. Optimal feature selection using recursive feature elimination

Chi-square showed that only work system factors and race were significantly (p<0.05)
associated with burnout. RFE with eight features (Figure 1) showed the highest mean
CV AUC of 0.755 in comparison to RF models with work system factors & demographic
characteristics, work system factors & race, work system factors only and mutual
information. In the model testing phase, RFE and work system factors & race showed
the highest AUC of 0.811 (Table 1). The eight key features that best predict HCPs’
burnout are inadequate staffing, time pressure, administrative burden, professional
relationships, organizational culture, values and expectations, intrinsic motivation, and
work-life integration.

Table 2. Model CV AUC (5-fold and average) and test AUC

Feature selection Cross-validation Test

Fold1 Fold2 Fold3 Fold4 Fold5 Average
0.642  0.700  0.790  0.714  0.748 0.719  0.798

Work system factors &
demographics (all features)

Work system factors & race 0632 0761 079 0717 0729 0726 0811
Work system factors only 0669 0787 0741 0718  0.746 0732 0.798
Recursive feature climination 0661  0.842 0805  0.762  0.704 0.755 0811
Mutual information 0651 0822 0795 0761 0714 0.745  0.791

4. Discussion

This study suggests that supervised machine learning methods can be used to examine
the role of work system factors and demographic characteristics in predicting HCPs’
burnout during the COVID-19 pandemic. Further, this study provides insights into key
factors that best predicted HCPs’ burnout based on feature relevance and in comparison
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to manually curated features from the NAM framework. HCPs are overworked and
exhausted after more than a year into the pandemic. Accordingly, job demand factors
such as excessive workload, inadequate staffing, and administrative burden seem to
better predict HCPs’ burnout. Among job resource factors, previous studies [7] have
highlighted that deteriorating work-life integration has important consequences on HCPs'
well-being. We did not find any demographic characteristics among the eight key
predictors of burnout. However, work system factors & race had similar test accuracy as
the RFE model and requires further investigation. Thus, preliminary findings from this
study could provide evidence to healthcare systems on interventions that can be targeted
to reduce HCPs’ burnout. In future work, we plan to conduct a sensitivity analysis of the
key predictors to strengthen the evidence and improve explainability.

Overall, our study findings are consistent with Nishi et al.'s study [5] that used
physician survey data to develop an ensemble of machine learning models with the
highest mean AUC of 0.72. Important differences between our study and their study are
that they did not use a theoretical model to determine the factors contributing to HCPs
burnout, assessed key factors predicting burnout using permutation importance, and did
not evaluate performance on a test set. This study has several limitations. First, our results
are based on a small sample of HCPs at a single academic medical center. Second, the
HCPs who responded to this survey do not represent all medical specialties, groups, and
subsets of the healthcare workforce. Thus, our study findings, although promising,
cannot be generalized without further investigation.

5. Conclusion

Our study demonstrated that explainable supervised machine learning can be used to
predict HCPs’ burnout. Among 25 work system and demographic factors, eight factors
were identified as the key predictors of HCPs’ burnout during the COVID-19 pandemic.
Further studies are needed to better understand how machine learning can be used to
implement targeted interventions to reduce HCPs’ burnout and improve the quality of
care.
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Abstract. Venous leg ulcers and diabetic foot ulcers are the most common chronic
wounds. Their prevalence has been increasing significantly over the last years,
consuming scarce care resources. This study aimed to explore the performance of
detection and classification algorithms for these types of wounds in images. To this
end, algorithms of the YoloV5 family of pre-trained models were applied to 885
images containing at least one of the two wound types. The YoloV5m6 model
provided the highest precision (0.942) and a high recall value (0.837). Its
mAP _0.5:0.95 was 0.642. While the latter value is comparable to the ones reported
in the literature, precision and recall were considerably higher. In conclusion, our
results on good wound detection and classification may reveal a path towards
(semi-) automated entry of wound information in patient records. To strengthen the
trust of clinicians, we are currently incorporating a dashboard where clinicians can
check the validity of the predictions against their expertise.
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1. Introduction

Chronic wounds are skin and tissue lesions that fail to heal due to different underlying
conditions. They have become more frequent in recent years across the world. For
example, the British National Health Service witnessed a rise in chronic wound cases
from 1.05 million in the year 2014 to 1.58 million in 2018 [1]. In 2018, the most common
chronic wound types in the UK were the venous leg ulcer and the diabetic foot ulcer. The
increase was over proportionally for both wound types: during the five years, their
numbers approximately doubled as the venous leg, and the diabetic foot cases increased
by 101% and 93%, respectively. Accordingly, this rise will trigger the future need for
wound care and larger consumption of health resources [1].

It is paramount to identify the wound type, i.e., the underlying condition that sustains
skin and tissue damage, notably insufficient leg veins for venous leg ulcers [2,3] and
diabetic pathophysiology for the diabetic foot ulcer. There are clinical situations where
it is the wound image that primarily counts, particularly as more and more images of
wounds taken at the point of care become available. Due to the importance of these
images, several attempts have been made to support wound assessment and
documentation, e.g. [4], and clinical decision making, e.g. [5], through machine learning.

The aim of this study, therefore, is to explore the ability and performance of detection
and classification algorithms for diabetic foot ulcers and venous leg ulcers in wound
images. This study is embedded in a project on prediction models in wound healing.

2. Methods

We compiled a dataset of wound images from medical records of two specialized wound
care centres: the wound care centre of the Christian Hospital Melle and the Department
of Dermatology, Venerology and Allergology of the University Hospital Essen, both
situated in Germany. All images were part of the wound record, taken during encounters
in routine care. The wound type and the images were derived from the medical records,
building the ground truth for the classification. The selected images showed at least one
diabetic foot ulcer or venous leg ulcer but not both types in one image. A clinician
experienced in wound care annotated the type and the corresponding bounding box that
located the wound in the image. Afterwards, the annotation was subsequently checked
by a second clinician. The final dataset contained 435 diabetic foot ulcers and 450 venous
leg ulcers, culminating in 885 images.

The images from both sites were not standardized regarding the angles and distances
of the camera. The wounds on the images had different healing stages and provided
diverse wound characteristics, among them signs of maceration, infection, or necrosis.
All wounds in the images were free from dressing material, and cream or gel remains but
may show rulers, information cards, the clinician’s hand, or objects in the background.
The predominant number of images represent patients with white skin colour.

We used the models from the YoloV5 family for single-shot detection of the two
types of chronic wounds. We selected YoloV5 models as they recently showed the best
performance in benchmarks for more general tasks [6]. For this task, we explored four
YoloV5 models: YoloV5n6, YoloV5s, YoloV5m6, and YoloV5x6. All models used pre-
trained weights based on the MS COCO dataset.

The wound images were randomly assigned to a training and test split with a 90% to
10% ratio. The colour channels were scaled from 24-bits to a range of the closed interval
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from 0 to 1. A mere 885 images compose a very small training set for modern deep
learning architectures. Therefore, the set was artificially enlarged by HSV-noising (hue,
saturation value), rotating, translating, scaling, cropping, flipping along the horizontal
and vertical axis, which makes the resulting classifier much more robust against factors
such as different viewpoints and noise. Additionally, mosaics of different images were
randomly compiled during training so that a training image may contain both wound
types (Fig. 1 left). The mosaic technique reduced site-specific characteristics in
combination with the augmentation mentioned above.

Standard performance metrics for single-shot object detection were calculated for all
models. The model showing the highest mean average precision (mAP) with a
confidence threshold of 0.5 and an intersection over union (IoU) of 0.5 was selected as
the final model.

021 —— Diabetic Food Syndrome 0.958
Ulcus Cruris Venosum 0.893
= all classes 0.926 mMAP@0.5

0.0 0.2 0.4 0.6 08 10
Rrecall

Figure 1 Left: Example of augmented mosaic used for training. In this example, the training image uses four
raw images that were randomly augmented and then randomly recompiled into a single training example. The
bounding boxes show two diabetic foot ulcers, labelled as 0, and two venous leg ulcers, labelled as 1 Right:
Recall (x-axis) vs precision (y-axis) curve for the best model (YoloV5m6) for the overall and the class
performance with fixed IoU of 0.5 varying confidence levels.

3. Results

Among the 885 images, 789 contained one wound, 85 included two wounds, ten images
three wounds, and one image four wounds. The images' average raw width and height
were 3374 pixels and 2705 pixels, respectively. All trained models showed convergence
and the absence of overfitting. The mean average precision for prediction confidence of
0.5 (mAP_0.5) was at least 0.895 and at most 0.925 when the loU was set to 0.5. Thus,
the models showed low variance and performed similarly for this metric. However, the
YoloV5m6, a medium-sized model, had the highest variance for this metric. Compared
to the other three models, this model also had the highest precision (0.942) and a high
recall value (0.837). Its mAP_0.5:0.95 was 0.642. The model's precision vs. recall curve
revealed balanced scores with no sign of overfitting. Furthermore, it shows better
predictions for diabetic foot ulcers than venous leg ulcers: the average precision with an
IoU of 0.5 (and incrementing confidence levels) was 0.958 and 0.893 (Fig 1 right).
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Table 1. Performance metrics per model. The mAP_0.5:0.95 had a fixed confidence at 0.5 and incrementing
IoU thresholds for 0.50 to 0.95 in steps of 0.05.

Number of

Model parameters in mio Recall Precision mAP_0.5:0.95 mAP_0.5 F1-score
YoloV5n6 1.9 0.879 0.894 0.638 0.917 0.89
YoloV5s6 7.2 0.908 0.852 0.671 0.920 0.88
YoloV5m6 21.2 0.837 0.942 0.642 0.925 0.89
YoloV5x6 86.7 0.820 0.892 0.652 0.895 0.85

4. Discussion

This study investigated an image-based object recognition system for single-shot wound
detection and classification from the YoloV5 family. All models showed satisfying
predictive performance, precision, recall, mAP_0.5, and mAP_0.5:0.95. The model with
the highest mAP_0.5 metric was the YoloV5m6 model, the medium-sized model with
21.2 million parameters.

This model had a recall (sensitivity) of 0.837, i.e., when a specific wound type is
present according to the ground truth, i.e., diabetic foot or venous leg ulcer, the model
correctly detects and classifies 83.7% of the present wounds - on average and across both
types. Likewise, when a model classifies a detected wound, the fraction of correct
detections is 94.2% (precision or positive predictive value). So, when the system predicts
and classifies a wound, the probability of a correct prediction is high.

A similar initiative, limited to diabetic foot ulcer detection only [7,8], obtained mAP
values in the range of the one in this study. However, they reported lower precision and
recall values.

Our results demand cautious interpretation as the images originate from two sites
only and, thus, may contain some non-generalizable information. We tried to mitigate
this hazard using image augmentation to inflate the dataset and increase its
generalizability artificially. Furthermore, our images showed wounds that demand
specialized wound care, as both sites focus on the enhanced treatment of complex wound
care situations. This may be a limiting factor as less complex wounds and those just on
the onset may be underrepresented in the dataset. Therefore, additional images from
more sites, including the full spectrum of wound complexity, must be included and tested.
Lastly, single-shot detectors may consider background and context information such as
anatomical landmarks during detection and classification. For example, when a toe is in
the image, odds rise that a diabetic foot ulcer is present rather than a venous leg ulcer.
We were able to remedy this effect by compiling mosaic images as training examples to
display wounds of both types simultaneously to increase the context independence of the
model (Fig 1).

The explainability and transparency of Al algorithms are highly relevant for their safe
and reliable application in medicine. In the deep learning architecture used here, it is
extremely difficult to extract the features that trigger a specific classification result.
However, clinicians can rather easily verify the detection and classification results based
on their own medical knowledge, which could help support trust through reproducibility.
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It thus could become a potential door opener to accepting clinically more demanding
tasks performed automatically. In order to strengthen trust, we are currently enhancing
the system with a dashboard where clinicians upload custom images, explore inferences
at different confidence thresholds and check the validity of the predictions against their
expertise. Furthermore, we are planning to test the findings from the YoloV5 algorithm
against other convolutional neural networks for classification and overlay heatmaps that
reveal the salient areas.

In conclusion, our results on how to achieve good wound detection and classification
may reveal a path towards (semi-) automated entry of wound information in patient
records. This functionality may then support clinicians in record keeping and decision
support.
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Abstract. Background: Artificial intelligence (AI) in medicine is a very topical issue.
As far as the attitudes and perspectives of the different stakeholders in healthcare
are concemed, there is still much to be explored. Objective: Our aim was to
determine attitudes and aspects towards acceptance of Al applications from the
perspective of physicians in university hospitals. Methods: We conducted individual
exploratory expert interviews. Low fidelity mockups were used to show
interviewees potential application areas of Al in clinical care. Results: In principle,
physicians are open to the use of Al in medical care. However, they are critical of
some aspects such as data protection or the lack of explainability of the systems.
Conclusion: Although some trends in attitudes e.g., on the challenges or benefits of
using Al became clear, it is necessary to conduct further research as intended by the
subsequent PEAK project.
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1. Introduction

The principle of Artificial Intelligence (AI) goes back to the 1950s when Alan Turing
described this type of technology [1]. Although, it is not a new technology, the field of
Al seems to be developing very fast nowadays.
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The PEAK project (prospects for the use and acceptance towards artificial
intelligence in healthcare) aims to investigate the attitudes of physicians and patients
regarding the use of applications of Al [2]. Current areas of use, possible further areas of
use and any gaps in knowledge will be explored. Since there are many different
definitions of Al, we settled on one for the PEAK project which encompasses a broad
scope: “the ability to process external data systematically and learn from it to achieve
specific goals and tasks. Al involves using machines to simulate human thinking
processes and intelligent behaviors, such as thinking, learning, and reasoning, and aims
to solve complex problems that can only be solved by experts. As a branch of computer
science, the field of Al mainly studies the following contents: machine learning,
intelligent robot, natural language understanding, neural network, language recognition,
image recognition, and expert system.” [3]. In this sub-study of the PEAK project,
physicians were interviewed about their attitudes towards Al.

2. Methods

For the sample description, a total of twelve physicians with experience from different
medical disciplines (anesthesiology, cardiovascular surgery, otolaryngology, general
medicine, hematology, internal medicine, neurorchabilitation, pediatrics, psychiatry,
radiology, radiotherapy, urology, and visceral surgery) aged 28 to 41 years were
randomly (regarding to their affinity to AI) chosen and interviewed. There were eight
assistant physicians, two specialists and two assistant medical directors with professional
experience ranging from 3.5 months to 12 years. The survey covered the entire spectrum
from low to high tech affinity.

The interviews were conducted between Nov. 15 and Dec. 14, 2021 by one
interviewer, using the "Zoom" web conferencing tool. After oral consent, the
conversations were recorded and transcribed by two team members for later analysis.
For the evaluation of the expert interviews, the qualitative content analysis according to
Kuckartz was applied [4]. For the transcription of the interviews as well as for all
evaluation steps and analyses the software MAXQDA was used [5]. In a pretest with
four subjects, the interview guide was tested. Since only minor adjustments were made
after pretesting and three of the four subjects were physicians, three of the pretest
interviews were included in the overall evaluation.

Before conducting the semi structured interviews, a guide was developed. The
process of guideline construction was based on the S2PS2-method according to Kruse [6].
This consists of the phases "collect, sort, check, delete, subsume". After a brainstorming
phase, in which existing literature was incorporated [7-9], unsuitable questions were
deleted in discussion with the PEAK team. The remaining questions were subsumed in
a structured manner. To arrange the broadest possible focus of potentially addressable
topics, the interview guide was filled primarily with qualitative open-ended questions.
As an introduction, a query was made about the understanding of the term "Artificial
Intelligence" and the current use of Al systems in everyday clinical practice according
to perception of the interviewees. In a second step, seven low fidelity mockups i.e.,
simplified visual representations were used to illustrate possible application scenarios of
Al in the clinical context. The mockups served as inspiration for the subsequent general
qualitative part, which consisted of acceptance-promoting, acceptance-behind, and topic-
specific questions.
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For clustering the mockups, four categories were formed, which should cover the
widest possible range of usage of Al systems in the medical context: 1. Al in diagnostics,
2. Al in therapy, 3. Al for prognosis/prediction, and 4. Al for process optimization in the
hospital. The mockups were illustrated by a PowerPoint presentation that was visible to
the participants with screen sharing.

3. Results
3.1. Understanding of the Term Artificial Intelligence and Areas of Application

Regarding the question what the respondents understand of the term Artificial
Intelligence the ideas were similar. All twelve interviewees agreed that it is a technical
system. Furthermore, about half of the interviewees defined Al as a system that works
independently (7/12) and can make decisions on its own (6/12).

Half of the respondents reported not using Al systems in clinical practice to date.
However, all but one person had already heard of Al in medical care. After demonstration
of the mockups, there were ten people who were using Al applications according to our
used definition, mostly in form of medication alerts or voice recognition.

3.2. General Attitudes Towards Al

We asked our twelve interview participants what benefits they believe Al can provide in
medical care. For six of the interviewees, the benefit lay in reducing errors in care and
thus increasing (patient) safety. Five of the interviewees named the relief of medical
work by taking over repetitive or simple tasks, as well as the optimization of processes.
One-third of the interviewees saw the benefit of an Al system in improving medical care,
structuring data, or saving time, which, according to two interviewees, can in turn be
used for patient care.

In contrast to this, five of the interviewees saw seamless integration of systems into
existing settings as a major challenge to implementing Al in everyday medical practice,
in terms of both program functionality (3/12) and interoperability (2/12). A third of the
interviewees saw a risk in relying too much on the systems. Another important point
mentioned was the potential for manipulation or misuse of patient data (4/12). In addition,
aspects such as the endangerment of the doctor-patient relationship (2/12), the emergence
of legal challenges in dealing with Al decisions (2/12), the susceptibility to errors in the
development of Al systems recording to the databasis (3/12), and the need for
explainability and transparency of the systems, (2/12) were also mentioned.

Further we asked for weaknesses of Al In this context the interviewees mentioned
clinical experience, patient perception and interaction, and human instinct (5/12). In
addition, a human is faster than an Al in emergencies. The strengths of AI mentioned
included the objectivity of the systems (5/12), matching (1/12) and good presentation
(1/12) of data, and that an Al does not miss anything (2/12), has more knowledge (2/12),
and does not get tired (2/12).

Regarding the topic of responsibility towards the patient, the physician who uses Al
merely as a support for medical decisions still retains responsibility (6/12). The physician,
who must question and weigh the Al's decisions, retains the final say (3/12). One subject
estimated the responsibility as increased, because a physician has to include an external
decision in addition to his own assessment.
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Targeting the topic of discrepancy between own medical judgement and Al
judgement, most interviewees saw it as an impetus to critically question their own
decision and would get to the bottom of the exact cause of the discrepant results (9/12).
Half of the respondents would seek the advice of other physician colleagues or
supervisors to match opinions with human experience in a discussion.

Moving on to the factors that are influencing trust in Al systems, one of the most
frequently mentioned points is the data basis of the systems (7/12). In addition, the
transparency of Al systems is of great importance. It was important to six participants
that they are informed about the background of the system, such as the nature of the
underlying data or knowledge about the development of the programs as well as how the
systems work. Other influences on trust included testing of Al systems through clinical
trials (3/12).

Regarding the freedom of decision-making for physicians, Al is seen merely as a
decision support tool that does not dictate how they should act. More than half (7/12) of
the respondents saw no influence on their scope of action. Two feared the subconscious
influence of relying more and more on the systems, and three interviewees could imagine
Al having a greater influence on decision-making freedom in the future.

4. Discussion

The use of exemplary Al scenarios for the introduction and discussion stimulus of the
interviews proved to be useful. Based on lively participation and positive feedback, we
could conclude that the subjects were positive about the methodological approach to
conducting the interviews. Although the physicians were asked to evaluate Al systems
of fields, they were not specialists in, new aspects arose that were thought-provoking and
provided valuable input.

The physicians were generally positive about the use of Al in the clinical context.
This conclusion was also made in other studies such as Maassen et al. 2021 [9]. An
important advantage of the increased use of Al in healthcare is the relief of medical staff
and the associated time savings. This saved time would then be available for better
patient care, for instance. In the medium to long term, it is entirely conceivable that even
this theoretical time savings will fall victim to economic constraints. In contrast, Maassen
et al. found that most physicians do not even expect to have more time for patients
because of using Al [9].

The interviews revealed that it is important for physicians that Al implementation
into everyday life and thus into already existing systems is seamless and without
problems. At the same time, care must be taken to ensure that these tools are used wisely
in regards of supporting the physicians but not giving them the possibility to rely
completely on Al systems” recommendations. In the end, as Braun et al. stated, it is a
human who must make the decision and not Al [10]. Furthermore, according to the
physicians, it would be helpful if users of Al could understand why the system makes a
decision. We assume that if the attending physician understands why a decision was
made, he can also communicate this better to the patient.

A limitation of this study is the small group of twelve experts. Nevertheless, it covers
a relatively broad clinical field of eleven medical disciplines. Further research is needed
on a much larger group of physicians as well as on patients and the general population.
This is planned at a later stage of the study with a total of 800 physicians, 800 patients
and 1,000 persons of the general population over the next 2.5 years.
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5. Conclusion

Our initial findings show that physicians are generally open to Al in their everyday
clinical work. The interviewed physicians see the possibility to get support from Al
systems to come to a right decision. Hence, the participants expect that a better decision-
making will increase quality in patient care. In addition, according to the physicians’
estimation Al is well suited to assist in some fields of repetitive tasks as it does not get
tired and does not need a break. This will be possible especially in areas of factual
knowledge matching, such as in the pharmacology interaction check where Al has the
advantage of not overseeing something. Furthermore, according to our interviewees Al
can also make an important contribution to process and resource optimization which can
ultimately lead to time savings. Nevertheless, further studies are needed to cover the
current need for more specific information, to clarify specific technical, legal, and ethical
issues, and to address the lack of small sample size and small age range in this substudy.
This is exactly where the PEAK project will start and therefore, contribute to the research
of this topic.
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Abstract. The electrification of the transportation sector is seen as a main pathway
to reduce CO, emissions and mitigate the earth's climate change. Currently, Electric
Vehicles (EVs) are entering the market fast. Although EVs have not been used as
ambulances yet, the transition to the new type of vehicle is a matter of time. Thus,
in this paper we discuss a number of research questions related to the efficient
deployment of electric ambulances, focusing on the Artificial Intelligence (Al) point
of view and we propose a framework for developing online algorithms that schedule
the charging of electric ambulances and their assignment to patients.

Keywords. electric vehicle, electric ambulance, artificial intelligence

1. Introduction

The ever-increasing CO, emissions and the consequent greenhouse effect are causing the
earth's climate to change. This change creates a major threat for human societies
worldwide due to the frequent extreme weather phenomena. Given that the transportation
sector is accountable for a substantial portion of greenhouse gas emissions, its
electrification, through the use of Electric Vehicles (EVs), is seen as a major pathway to
mitigate the climate change. Currently, several EV models have already been introduced
to the market and many car manufacturers have set ambitious plans to terminate the
production of non-electric vehicles by the end of the current decade.

Despite their many advantages, EVs have certain drawbacks related to their
relatively low range and long charging times. To soften these disadvantages, intense
research on battery technology is taking place aiming to increase the capacity of the EVs'
batteries and, consequently, the autonomy they give to the vehicles. Additionally,
charging infrastructure is evolving by the addition of new charging stations, many of
them equipped with fast chargers. Now, in order for the EVs to be truly environmentally
friendly, they need to charge their batteries using energy produced from renewable
energy sources (RES), such as wind or solar [1]. However, these sources are
characterized by intermittent production, as they are affected by the weather conditions
and time of the day. Thus, the charging of the EVs, as part of the so-called Grid-to-
Vehicle (G2V) schemes needs to be scheduled taking into consideration not only the
drivers' needs, the available chargers and the network constraints, but it must also
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maximize the utilization of the available renewable energy. Otherwise, the need to use
EVs at first place would come into question. In this vein, EVs can assist by acting as
temporal storage devices when not in use as part of the so-called Vehicle-to-Grid (V2G)
schemes [2].

It becomes evident that the management of EVs involves several heterogeneous
entities (e.g., EV owners, charging stations), each one having different needs and
objectives (e.g., charging the vehicle within a certain deadline, maximizing the profit)
which operate in a highly dynamic environment (e.g., charging demand, energy
production from RES). Artificial Intelligence algorithms and techniques have already
been proven highly efficient in such a domain [3]. For example, Franco et al. [4] propose
mathematical programming techniques to schedule EV charging also considering the
balance of the electricity network. Additionally, Kadri et al. [5] focus on the placement
of the EV charging stations, which is highly important for the efficient charging of the
EVs, and they propose both an exact solution using mathematical programming as well
as an approximate one using a genetic algorithm. Moreover, Gerding et al. [6] propose
mechanism design techniques for the scheduling and pricing of EVs' charging where the
vehicles and the stations are considered as intelligent agents. At the same time, Shahriar
et al. [7] propose data-driven tools, as well as machine learning (ML) algorithms to learn
EVs' charging behavior and improve charging scheduling algorithms. Finally, Quddus et
al. [8] propose a solution that is based on Sample Average Approximation with an
enhanced Progressive Hedging algorithm in order to expand charging stations by
integrating RES and V2G.

Given the progress of the EVs' sector, a crucial question that raises is whether such
vehicles can be used as emergency response vehicles, and in particular as ambulances,
without compromising their ability to serve people in need. To the best of our knowledge,
to date electric ambulances do not operate. However, given the gradual electrification of
the transportation sector, eventually ambulances will have to become electric as well.
Indeed, UK's NHS is planning to introduce electric ambulances in the near future.? Thus,
it is important to outline the path that needs to be taken, so as electric ambulances to
become a reality and to efficiently replace the conventional ones. In what follows we
describe a set of research questions related to the wide deployment of electric ambulances
and we explain how Al can assist and, to some extent, enable this deployment.

2. Methods

RQ1: Given the plethora of Al-based algorithms that manage EV activities existing in
the literature, which modifications and extensions are needed in order to make these
algorithms applicable to electric ambulances? The management of fleets of electric
ambulances has two significant differentiations compared to the management of EV's for
other domains: 1) The algorithms need to operate in an online fashion and calculate high
quality solutions fast as the requests arrive dynamically and 2) the vehicles need to have
the highest possible efficiency in terms of the time needed for an ambulance to reach
each patient. The existing algorithms schedule EV charging based on the availability of
chargers and the spatial and temporal constraints imposed by the users. They operate
either offline [9], where the requests are collected in advance and an (optimal) charging
schedule is calculated, or online [10] where the requests are collected in a dynamic

2 https://www.electrive.com/2021/08/09/nhs-procures-fleet-of-electric-ambulances
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manner as these are communicated by the drivers. In contrast, when EVs act as
ambulances knowing the demand in advance is impossible. Thus, the effort needs to
focus in developing online algorithms which will be able to calculate solutions (i.e.,
assignment of ambulances to each patient request) fast, while utilizing the ambulances'
fleet efficiently to minimize delays. In this vein, greedy algorithms with heuristic search
can be used, while meta-heuristic approaches can further improve the calculated
solutions. Such algorithms can step upon the state of the art algorithms in the EVs'
domain. Additionally, previous work on conventional ambulance scheduling such as the
work by Erdogan et al. [11] which uses a tabu search algorithm, or the work by Zhen et
al. [12] which uses decision rules can be utilized. Moreover, the available charging
infrastructure needs to be optimally utilized. In this vein, emphasis should be given on
machine learning algorithms and techniques that can predict future demand, in terms of
patients' requests, based on historical data, as well as, healthcare service demands as a
result of term of the year periodicity or acute events or anomalies (catastrophes and/or
pandemics etc).

RQ2: To what extend can electric ambulances utilize renewable sources without
sacrificing their ability to transport patients? As discussed before, the utilization of
energy from RES is of utmost importance in order the EVs to achieve their purpose and
mitigate the greenhouse effect. However, when these vehicles act as ambulances, RES
cannot be a priority. It is crucial to have as many ambulances as possible with high
battery charge, in order to be able to respond to emergency situations where many
ambulances will be needed simultaneously. Thus, the charging scheduling algorithms
should consider the use of RES to the extent this does not have a negative effect in the
availability of the vehicles. In this context, the use of machine learning techniques that
have the ability to predict [13] future production from RES is important.

RQ3: What types and volume of data are available for the algorithms' design and
evaluation? Moreover, are these data openly available? In the previous two research
questions we outlined the importance of machine learning algorithms and techniques to
predict demand for ambulance service and RES production. These algorithms demand
data in order to be evaluated and fine-tuned. Thus, the question of the existence and the
availability of real-world or realistic synthetic data arises, along with the question of the
potential construction of synthetic datasets in order to alleviate potential data scarcity.
Last but not least, demands related to open (linked) data availability become apparent.

RQ4: What takes for communities to trust electric ambulances? Public opinion on
complex scientific topics can have a big impact on sectors such as the EVs one and to
realize the benefits that autonomous systems can provide, they need to be trustworthy by
design [14]. Electric ambulances might face a lack of trust from stakeholders and the
community in general when it comes to replacing conventional ambulances. This lack of
trust might be related both to the technical part of these vehicles, which is out of the
scope of this work, and to the Al algorithms that would be used to manage and schedule
the electric ambulances. Regarding the latter, the notion of explainable Al [15] comes
into place. By using explainable Al techniques, the decisions taken, or the predictions
made by the algorithms are explained to the stakeholders in a structured and convincing
manner increasing in this way the acceptance of the new technology. To this end,
contemporary approaches related to co-creation of solutions with their users and (urban)
Living Lab processes [16] involving the whole value of stakeholders may be pivotal.
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3. Results

Based on the RQs presented previously, we outline a proposed framework for the
scheduling of the charging of electric ambulances and their assignment to patients'
requests. This framework is depicted in Figure 1. In detail, initially the problem is
mathematically formulated, potentially taking as input experts’ opinion collected through
participatory design sessions conducted through living labs. Then, the available historical
data need to be collected and analyzed using ML algorithms in order to calculate
predictions regarding both the future energy production from the available RES and the
future patients' demand. Once these predictions are calculated, the focus needs to move
to the design of the scheduling algorithm. In this vein and as has been discussed earlier,
the developed algorithm needs to have very low execution time in order to calculate both
the charging schedule and the assignment of the electric ambulances to the patients fast.
The predictions calculated by the ML algorithms should be utilized in order to enhance
the performance of the online scheduling algorithm. Regarding the ML and scheduling
algorithms, explainability needs to be incorporated in order to assist their acceptance by
the stakeholders. Finally, the algorithms need to be evaluated and their performance
verified. In this case, an equivalent offline exact solution can be developed, to operate as
a theoretical benchmark for the online algorithm. The offline algorithm will collect all
the data for a time period (e.g., a day) and calculate the optimal schedule (i.e., the optimal
schedule in case we could know all the demand and supply in advance). If the results of
the evaluation are considered satisfactory, the procedure terminates, otherwise the
algorithms need to be reworked and re-evaluated.

No
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. »| Problem Demand/supply, Online ‘
formulation | ] prediction scheduling Evaluation
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Figure 1. Overview of the proposed framework

4. Discussion and Conclusions

Electric vehicles are entering our lives fast and despite some disadvantages, they will
probably dominate the personal transportation market in the next few years. Although
electric vehicles have not been widely used as ambulances yet, it is crucial to investigate
what are the necessary steps towards making electric ambulances a reality in the years to
come. In this paper, once we introduced the concept of EVs and we described the state
of the art, we outlined a set of research questions related to the deployment of electric
ambulances, from the perspective of Al, and we proposed a general framework for the
development of algorithms that can calculate the charging schedule and the assignment
of electric ambulances to patients. Although we have not included an exhaustive list of
requirements and solutions, we argue that this framework can act as a pathway for future
research in this field.
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Concluding, for the electric ambulances to become a reality, apart from the
advancements in the engineering domain, the development of fast and efficient online
scheduling algorithms accompanied with machine learning algorithms able to accurately
predict future demand and supply is a key point to achieve a gradual transition from
conventional ambulances to electric ones. In this context, Al can have a central role.
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Abstract. In many countries, the management of cancer patients must be discussed
in multidisciplinary tumor boards (MTBs). These meetings have been introduced
to provide a collaborative and multidisciplinary approach to cancer care. However,
the benefits of MTBs are now being challenged because there are a lot of cases and
not enough time to discuss all the of them. During the evaluation of the guideline-
based clinical decision support system (CDSS) of the DESIREE project, we found
that for some clinical cases, the system did not produce recommendations. We
assumed that these cases were complex clinical cases and needed deeper MTB
discussions. In this work, we trained and tested several machine learning and deep
learning algorithms on a labelled sample of 298 breast cancer patient summaries,
to predict the complexity of a breast cancer clinical case. XGboost and multi-layer
perceptron were the models with the best result, with an F1 score of 83%.

Keywords. Supervised Machine Learning, Deep learning, Binary classification,
Breast Cancer.

1. Introduction

In most countries, therapeutic decisions for cancer patients have currently to be
discussed in multidisciplinary tumor boards (MTBs). These meetings have been
introduced to provide a collaborative and multidisciplinary approach to cancer care,
bringing together surgery, oncology, radiology, and pathology specialists to optimize
the decision-making process, and offer the best management to cancer patients. The
benefits of MTBs, which have long been taken for granted, are recently being
challenged. Positive outcomes from MTBs depend on the presence of qualified experts,
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good preparation of patient cases, efficient leadership, time management, and good
interactions among MTB clinicians [1].

DESIREE is a European project which aimed at developing web-based services for
the management of primary breast cancer by MTBs. During the evaluation of the
guideline-based clinical decision support system (CDSS) of DESIREE, we found that
for some patient cases the system did not provide any therapeutic proposals or provided
recommendations which were not followed by MTB clinicians [2]. These clinical cases
were considered as complex cases, and we assume that such cases are not correctly
handled by guidelines and need deeper MTB discussion.

Our aim is to optimize the organization of MTBs by identifying complex cases
prior to MTBs so that the way clinical cases are discussed could be adapted to allow for
a longer discussion for complex cases. We consider the problem of assessing the
complexity of a breast cancer clinical case as a binary classification task. We used
machine and deep learning models and assessed the performance of such approaches to
learn the complexity of breast cancer cases on the basis of breast cancer patient
summaries (BCPSs) which are textual documents summarizing the description of the
patient condition used as the basis for MTB discussion.

2. Material and Methods
2.1. Breast cancer patient summaries

Breast cancer patient summaries (BCPS) are free text documents used during MTBs.
They provide a portrait of a patient case with all relevant information clinicians need to
know to make the best patient-specific therapeutic decision. BCPSs contain different
types of information, but usually have a common structure with the reason for
presentation, tumor type, biometric data, patient personal history, patient family history,
TNM staging, etc. Assistance Publique-Hopitaux de Paris (AP-HP) is the greatest
healthcare public university hospital with 39 sites. AP-HP collects patient data, with
their consent, in a data warehouse from which BCPSs used in this study were collected.

2.2. Extraction of structured data from BCPSs

We previously used semantic annotators to extract structured data from textual BCPSs
[3]. ECMT and SIFR [4] are two annotators that work for the French language. To take
advantage of two annotators widely used in the biomedical field for the English
language, MetaMap and cTAKES [5], we automatically translated French BCPSs in
English. Since BCPSs are textual documents containing a lot of abbreviations,
acronyms, and specialized terms related to the oncological field (e.g., “Her2”, “IRM”,
“TEP”), a first step was to disambiguate the texts. To solve this issue, we created a
local dictionary with medical acronyms and their expansion based on online available
dictionaries. Then, we replaced acronyms in BCPSs by their expansion, and finally
used the pre-trained Opus-MT translation model (https://opus.nlpl.eu). As a result, all
BCPSs were available in both French and English. As a previous work [3] concluded
that the application of all four annotators gave the best set of annotations, including
complexity-related concepts, we executed the four annotators, and processed the output
of each annotator to generate a semantic representation of a BCPS as two vectors, a
vector of UMLS concepts (CUI) extracted by SIFR, cTAKES, and MetaMap. And a
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second vector containing the labels of the concepts extracted by ECMT (ECMT does
not extract UMLS CUIs). For each concept, we associated information about negation
as attached to the concept provided by the annotators (e.g., in “absence d’adénopathie”,
the adenopathy concept was present but identified as negated). Figure 1 depicts the
whole sequence implemented for the extraction of structured data from BCPSs.
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I_I_l
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Figure 1. Structured data extraction
2.3. Data preprocessing

In order to get a BCPS representation consumable by all learning models starting from
the two vectors obtained from annotators, we converted each BCPS into a row of
features that represented the clinical concepts. We included all the labels of the
concepts extracted and the value for each feature was 1 if the concept was present, 0 if
the concept was not present, and -1 if it was present and negated. We preserved the
order of concepts as expressed in a BCPS by using an index column to specify the
order in which they appeared in the text.

2.4. Learning algorithms

Three supervised machine learning algorithms were tested (Decision trees, Random
forests, XGboost). For deep learning algorithms, we previously tested Multilayer
Perceptron (MLP) on a similar task [6], and we wanted to compare MLP performance
to models such as Convolutional Neural Networks (CNNs), and Recurrent Neural
Networks (RNNs).

The learning dataset was made of a sample of BCPSs which were blindly
annotated as “complex” or “non complex” by two expert clinicians. When the experts
disagreed, we considered the case as complex.

2.5. Model training pipeline

We trained the six selected models using a k-fold cross-validation strategy, where
models’ hyperparameters tuning process was executed using Grid Search. Additionally,
we selected the most relevant variables for each model using feature selection.
Resulting classification models were classically evaluated using precision, recall, and
F1-score, both before and after feature selection. Figure 2 displays the whole sequence
of treatments for training machine and deep learning model, starting from UMLS CUIs
and ECMT labels.
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Figure 2. Model training pipeline
3. Results

We worked on a sample of 298 BCPSs corresponding to clinical cases discussed in
MTBs between April and July 2021 at the Tenon Hospital in Paris (France). From the
298 BCPSs, we extracted a total number of 10,719 concepts (either negated or not).
The presence and negation of these variables in BCPSs were then used as a feature in
the inputs. So, for each model, we had a dataset of 10,719 features and 298 patient
cases. Following the analytic plan, we generated an initial training dataset and a testing
dataset. The training set was divided into 5 splits (stratified-k-fold with k=5) on which
we trained each model. All combinations were submitted to Grid Search hyperparamers
tunning. The results of each model, with its best parameters are shown in table 1.

Table 1. Evaluation of machine and deep learning algorithms

Models Before feature Selection After feature Selection
Precision Recall F1 Precision  Recall F1

XGboost 0.82 0.83 0.83 0.82 0.83 0.83

Random Forest 0.51 0.71 0.59 0.51 0.71 0.59
Decision Trees 0.51 0.71 0.59 0.51 0.71 0.59
MLP 0.84 0.83 0.83 0.81 0.83 0.83

CNN 0.51 0.71 0.59 0.51 0.71 0.59

RNN 0.55 0.65 0.58 0.55 0.65 0.58

4. Discussion and Conclusions

The main goal of this work was to assess the capacity of machine learning and/or deep
learning algorithms to predict the complexity of breast cancer clinical cases in order to
optimize MTB organization. For instance, a guideline based CDSS recommendation
might be followed for non-complex cases, whereas it would be discarded for complex
cases.

Starting from a set of textual unstructured BCPSs priorly tagged as complex or not
by experts, we were able to extract structured data using semantic annotators and use
these structured data as input for learning algorithms. Results showed that XGboost and
MLP performed the best with an equal F1 score of 83%. For all models, it is noticeable
that feature selection did not improve the results. So, without feature selection, MLP is
slightly better than XGboost in terms of precision (0.84 vs 0.82) and comparable in
terms of recall (0.83). From this set of models and on this dataset, there was no
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evidence of deep learning outperformance over classical machine learning. In our
analyses, the MLP model was a multi-layer feed-forward neural network with two
layers. More complex network architecture might improve the MLP approach, but this
was not tested yet.

Globally, the used algorithms showed good results as compared to previous breast
cancer complexity detection research work that we performed in a different context [6].
A similar research work used machine learning from free text to identify breast cancer
receptor status with F1 scores reaching 0.89 to 0.92 [7]. Such results are better than
ours, but the task looks to be simpler, and the training set used was larger (n=1300).
Another work using learning algorithms to predict lung cancer recurrence from EHRs
demonstrated a F1 score of 0.72 on a cohort of 2,442 patients [8]. This suggests that
our approach is feasible and that our results are acceptable (they could certainly be
improved with more annotated BCPSs). This confirms the hypothesis that the use of
such algorithms could be useful for this kind of predictions [9]. We wanted to use the
same input for both machine learning and deep learning algorithms and the input was a
2-dimension matrix with the presence or absence of concepts retrieved in BCPS texts
by semantic annotators. Going further, encoders such as umlsBERT could also be used
on BCPs to classify the data in addition to work on a larger dataset, but classical
machine learning algorithms could not directly be compared on such a textual input.
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Abstract. Adverse drug reaction is a major public health issue. The increasing
availability of medico-administrative databases offers major opportunities to detect
real-life pharmacovigilance signals. We have recently adapted a pharmaco-
epidemiological method to the large dimension, the WCE (Weigthed Cumulative
Exposure) statistical model, which makes it possible to model the temporal
relationship between the prescription of a drug and the appearance of a side effect
without any a priori hypothesis. Unfortunately, this method faces a computational
time problem. The objective of this paper is to describe the implementation of the
WCE statistical model using Graphics Processing Unit (GPU) programming as a
tool to obtain the spectrum of adverse drug reactions from medico-administrative
databases. The process is divided into three steps: pre-processing of care pathways
using the Python library Panda, calculation of temporal co-variables using the
Python library "KeOps", estimation of the model parameters using the Python
library "PyTorch" - standard in deep learning. Programming the WCE method by
distributing the heaviest portions (notably spline calculation) on the GPU makes it
possible to accelerate the time required for this method by 1000 times using a
computer graphics card and up to 10,000 times with a GPU server.
implementation makes it possible to use WCE on all the drugs on the market to study
their spectrum of adverse effects, to highlight new vigilance signals and thus to have
a global vigilance tool on medico-administrative database. This is a proof of concept

for the use of this technology in epidemiology.

Keywords. Graphics Processing Unit, data-driven approach, signal detection,

adverse drug reactions.

1. Introduction

Adverse drug reaction is a major public health issue. A recent study by Makary [1], in
2016, places drug-related iatrogeny as the 3rd leading cause of death in the United States.
Currently, post-marketing surveillance of drugs is carried out by a pharmacovigilance
system, which is based on spontaneous reports from healthcare professionals,
pharmaceutical companies and patients. However, this system suffers from under-
reporting, with less than 10% of serious adverse reactions being reported [2], and is
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subject to bias due to selective reporting. Most of the reported cases are considered as
suspected adverse reactions. The increasing availability of medico-administrative
databases offers major opportunities to detect real-life pharmacovigilance signals [3].
However, these databases have mainly been used to confirm or refute potential signals
reported [4]. It would be very appropriate to use these databases not to confirm a
suspected adverse reaction but to generate adverse reaction signals. The challenge in
developing a real-life pharmacovigilance signal detection method presents two
difficulties: (a) The choice of a powerful method that can detect a signal among a very
large number of drugs and therefore face the problem of multiple tests and therefore the
generation of potential false positives, but also face problems of computer resources. (b)
Taking into account the temporal heterogeneity of the link between drug intake and
adverse effects, which may appear in the short or medium term depending on the
pathophysiological mechanism causing the adverse effect.

Over the last decade, several international initiatives have worked on the
development of pharmacoepidemiology tools: Mini-Sentinel [5], Observational Medical
Outcomes Partnership [6], Pharmaco-epidemiological Research on Outcomes of
Therapeutics by a European Consortium [7], Exploring and Understanding Adverse
Drug Reactions [8], and the Asian Pharmacoepidemiology Network [9]. The methods
compared in these working groups are methods using pharmacovigilance feedback
databases (not exhaustive) or so-called "single-candidate" methods, i.e. methods that
seek to prove or disprove a hypothesis. These methods do not address our signal detection
problem. We have recently adapted a pharmaco-epidemiological method to the large
dimension, the WCE (Weigthed Cumulative Exposure) statistical model [10], which
makes it possible to model the temporal relationship between the prescription of a drug
and the appearance of a side effect without any a priori hypothesis [11], taking into
account the temporal heterogeneity described below. Unfortunately, this method faces a
computational time problem.

Since 2007, Nvidia has been developing CUDA (originally an acronym for Compute
Unified Device Architecture), which is a technology that uses a graphics processing unit
(GPU) to perform general purpose computations in place of the processor (CPU), thus
speeding up calculations. No methods in epidemiology have been implemented with this
technology yet, although it has become widely used in other sectors [12].

The objective of this paper is to describe the implementation of the WCE statistical
model using GPU programming as a tool to obtain the spectrum of adverse drug reactions
from medico-administrative databases.

2. Methods
2.1. Data-driven WCE

The time-weighted cumulative exposure (WCE) model is used to estimate the cumulative
effect of duration, dose and date of prescription of the study drug. The WCE approach
estimates the effect of past exposure using a time-weighted sum of all previous exposure
events. The weights depend on the time since exposure and the dose. The WCE model is
based on a risk function modelled by a spline function and a Cox model with a time-
dependent variable to model exposure to the drug of interest. This allows for adverse
events that may occur shortly after the start of the study drug or after prolonged exposure.
Adjustment variables such as age and gender can be introduced.
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The method for estimating the parameters of the WCE model works in two steps.
First, the parameters of the risk function are estimated and then the parameters of the
Cox model are estimated. The risk function is estimated from the set of patients exposed
to the study drug and will be different depending on the drug and/or the event. From this
risk function, the WCE model, in a second step, calculates, based on a Cox model, the
risk of having the event being exposed to the study drug. The event in our model can be
the prescription of another drug, a hospitalization, an illness or a hybrid drug-disease
event.

We adapted WCE to an approach without a priori hypothesis by proposing to take
into account the multiple tests performed via a bootstrap approach. In the framework of
the data-driven WCE extension, the precise consideration of the temporal aspect in the
WCE model allows for a good ratio of true positives to false positives in the framework
of an approach without a priori hypothesis. The current limitation of this method is its
computation time.

In comparison, the most commonly used pharmacovigilance signal detection
methods (without a priori hypothesis) are signal disproportionality methods. These
methods roughly take into account the temporal aspect of the prescription of the drug
(before/after the studied event) and generate many false positives.

2.2. WCE implementation on GPU
The process is divided into three steps:

e  Pre-processing of care pathways using the Python library "Panda" - standard for
processing tabular data (https://pandas.pydata.org/). Our raw data describes the
set of prescriptions associated with a patient population. We extract a list of
"times of interest" which correspond to the first intake of selected drugs, used
as proxies for adverse side effects.

e Calculation of temporal co-variables using the Python library "KeOps"
(https://www kernel-operations.io). For each time of interest, the prior exposure
to the study drug ("suspect") is quantified using correlations with temporal
filters - in the example of the original WCE model, these are B-spline functions.
The computation of these "temporal co-variables" is efficiently performed using
the KeOps library's "block" reduction operations, which distribute the patients
over the thousands of cores of our graphics cards.

e Estimation of the model parameters using the Python library "PyTorch" -
standard in deep learning (https://pytorch.org/). Given the temporal co-variates
computed in the previous step, estimating the maximum likelihood for the
Cox/WCE model corresponds to minimizing a convex function with about ten
free parameters. We find the solution to this problem using a quasi-Newton
method (L-BFGS solver with "strong Wolfe" search), which converges in about
ten iterations. We quantify the uncertainty of our estimator using a bootstrap
method (N=1,000 to N=10,000 replicates), which is very -efficiently
implemented with PyTorch using a batch dimension.

We can express the run time of our algorithm as a big O(Its * Drugs * Events *
Survivors), where Its is the number of iterations in the convex optimizer for the Cox-PH
problem (at most 100), Drugs is the number of drugs of interest, Events is the number of
“Death” events - in practice, the prescription of a precise drug that we use as a proxy for
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the onset of an adverse effect and Survivors is the typical number of patients that do not
develop the adverse effect.

This means that the total run time of our method is at most quadratic in the number
of patients (Events and Survivors are both smaller than the total number of patients) and
linear in the number of drugs of interest (in practice, 10 to 500). Our GPU
implementation does not cut this theoretical time complexity since we still perform the
exact same computations, without any approximation. However, they dramatically
“improve the constant" by three orders of magnitude. Modern GPUs are made up of
thousands of cores.

In practice, the number of patients in our datasets range from 100k to 100M - with
an understanding that we always extract subsets that correspond to prescription
subgroups. As a consequence, the number of operations required to train our model
ranges from about 100 * 100 * 100k * 100k = 10"14 to at most 100 * 100 * 100M *
100M = 10”20 for a hypothetical ubiquitous drug on a very large population. Modern
GPUs have a throughput that exceeds 10"12 operations per second: we expect that the
run times for our method will range from a few seconds on a single GPU (for small
datasets) to a few days on a GPU cluster (for nation-wide studies on very common drugs).

3. Results

In a preliminary work on hydroxychloroquine, the calculation time required for all the
prescriptions of 2010 patients over 11 years is 5 days (parallelized calculation on a 2.6
GHz Intel Core i7 6-core processor). To do the same work on 400 ATC classes would
take us more than 5 years. This method, as it stands, cannot be used, in real time and on
a routine basis, for pharmacovigilance signal detection.

Programming the WCE method by distributing the heaviest portions (notably spline
calculation) on the GPU makes it possible to accelerate the time required for this method
by 1000 times using a computer graphics card and up to 10,000 times with a GPU server.
The calculation to identify the spectrum of side effects associated with a drug on a cohort
of about 2000 patients went from 5 days on CPU to 8 minutes (classic PC) or less than
48 seconds (GPU server).

The data driven WCE enabled the identification of eight ATC classes associated
with the prescription of HCQ. The most relevant drugs were hydrocortisone, alendronic
acid cholecalciferol, valsartan and chlormadinone.

The experimental dataset composed of five tables: patient table with 2010 rows, 3
columns (id_patient, age, sex), size 775KB ; hydroxychloroquine prescription: 50,425
rows, 3 columns (id_patient, date, ATC classes), size 1.4MB ; all drug prescriptions:
1,175.507 rows, 3 columns (id_patient, date, ATC classes), size 36.2MB ; all medical
procedures: 190,712 rows, 3 columns (id_patient, date, Code_procedures), size 4.8MB ;
all medical diagnoses: 48,470 rows, 3 columns (id_patient, date, Code CIM10), size
1.5MB.

4. Discussion
This paper proposed an implementation of the WCE method using GPU programming

allowing to considerably accelerate it. This makes it possible to use this method on all
the drugs on the market to study their spectrum of adverse effects, to highlight new
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vigilance signals and thus to have a global vigilance tool on medico-administrative
database. This is a proof of concept for the use of this technology in epidemiology.

Drug consumption data is remarkably compact and fit without any problem in the

main "RAM" memory of our GPUs, which have ~24Gb of usable space. As a
consequence, disk latency is much less of a problem than for e.g. medical imaging studies.
Going forward, we intend to scale up to full nation-wide studies (~70M patients for the
full French population, at most ~500M for the US or the European Union), with full files
that may weigh up to 100Gb. These will fit without problem in the RAM of our
computers (124Gb) and may be cut into smaller pieces (~1Gb each) to be loaded
sequentially on the GPU.

Beyond scaling issues alone, we will seek to extend the WCE model to meet the
needs of our pharmaco-vigilance analysis. In particular, we will focus on:

e Patient age management. We will seek to compare standard approaches to
Cox/WCE models (which treat age as an additional covariate) with an interval
censoring method (already supported by our Python prototype on the GPU).

e Handling more advanced assumptions about the shape of risk functions. Beyond
B-Splines (piecewise polynomial), we will evaluate the influence of positivity
or convexity assumptions on the relevance of the estimated risk functions.

e Simultaneous management of several drugs. By exploiting the structure of the
ATC hierarchical classification, we will seek to go beyond a "parallel" treatment
of the different drugs chosen.
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Abstract. Emergency department is a key component of the health system where
the management of crowding situations is crucial to the well-being of patients. This
study proposes a new machine learning methodology and a queuing network model
to measure and optimize crowding through a congestion indicator, which indicates
areal-time level saturation.
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1. Introduction

Emergency department (ED) is a key component of the health system that acts as a safety
net of healthcare for the population around. With its unscheduled nature and its ease to
be accessed, it is subject to real-time crowding phenomena with serious consequences
on patients’ health and on doctor and nurses working conditions (1). Its causes have been
related to the input of ED, that is patient arrivals volumes, the throughput with
examination services time performances and output with downstream blocking of
patients due to shortage of hospitalization beds.

ED crowding is a complex problem not only regarding its causes but also regarding
its definition and the way it is quantified as illustrate the many ED crowding scores
existing in the literature such as the EWIN, READI, SONET and NEDOCS (2,3). They
each try to quantify the stress that patients’ healthcare demand put on the ED system in
comparison to the availability of resources. Especially, the National Emergency
Department Overcrowding Score (NEDOCS) has been designed to correlate the most
with the empirical real-time evaluation of ED crowdedness by field experts using a linear
regression on 5 key variables (4). However, all these scores do not necessarily better than
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global mean occupation to predict consequences of crowding and the variables they use
are not always available in data records (3,5). As such, crowding can be seen mainly as
an occupation level problem which is in turn a direct consequence of saturation periods
where the rate of patient arrivals is greater than the rate of departures.

Queuing networks models are well suited to model these crowding events as they
can capture all these metrics. Their design differs mainly on four criterions which are
their granularity, the queuing mechanisms with the type of servers involved, the type of
variables modeled to characterize the service processes and the technique of estimation
for arrivals and services time or rate variables. The model granularity is linked to the
number of stations and patient pathways and can go from one station model (6) to
complex detailed models with the distinction of each action and processes (2,7,8). The
servers of the stations can represent resources such as beds, nurses, and doctors (8), or
be more abstract with a single server or infinite servers (6,9). The services processes can
also be seen either as a succession of services times (2,7,8) or as a point process with a
variable intensity of service rate (6,9). Their end goal is either to predict future crowding
values using data-driven approach (3,6), or to optimize crowding with theoretical model
which takes into account the effect of decision variables such as staff planning (8).
However, no model exists yet to both forecast and optimize crowding at the same time
which could provide better and more robust planification and decision-making strategies
that could in-turn be adapted given the crowding context and the time scale considered.

The aim of this study was to propose a new methodology perspective on crowding
measurement, forecasting and optimization using data-driven queuing approach as well
as an original congestion indicator to measure saturation.

2. Methods
2.1. Design and Definition of congestion

We conduct a large retrospective observational study based on emergency department
record during 2017 to 2019. Emergency department is a service system which can be
captured by a mathematical model on a discrete space with continuous time using an
arrival process A(t) and a departure process D(t) which describe, respectively, the
number of arrivals and departures of the system since an initial period t = 0. Instead of
focusing only on the occupation level I(t) = A(t) — D(t), the present study focuses on
an original congestion measure:
Sy = LA© = A=)
g(D(t) = D(t - h))

vteRY,t>h (1)

The congestion p(t) uses a ratio comparison of arrivals to departures on a time window
[t — h, t] and with regulating functions f(.) and g(.) which are both chosen to ensure a
local and stable indicator where p(t) > 1 indicates local system saturation.

2.2. Queuing methodology
To model this new indicator, the stochastic arrival and departure processes A(t) and

D(t) need to be fully modelized. To achieve this goal, this study proposes an ED queuing
network using a set of elementary stations i € I, with their arrivals 4;(t) and departures
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D;(t) processes, including an external environment indexed by 0 and set of stations F €
F cP(I) . For practical purpose, a discretization of space is introduced with
A([t, t + k]) = A(t + k) — A(t) (same for D) and k € Rt the length of time interval
unit. The arrival processes of each station are connected to the departure of others with
transition processes D;, ;. , i1,i; €[ and governed by the transition probabilities
Diy i, ([t, t + k]). As illustrated in Figure 1, the considered queuing network is a 7 station
ED patient flow model with 2 tracks, a short circuit for patients with low-acuity health
problems and a long circuit for the others. The patients follow a classic ED process of
nurse triage, doctor initial examination, supplementary examinations and a holding
before leaving the ED for home or hospitalization in most cases.

Init. Exam LC (2) Fsupp. Exam LC (3) fHolding LC (4)

| Triage

(1)

"Exit (Home,
| Hospitalization)

[ Init. Exam SC (5) }Supp. Exam SC (6) | Holding SC (7)

Figure 1. General ED Patient Flow model (LC: Long Circuit, SC: Short Circuit)

The final goal of the queuing approach is to model the distributions P(Ap([t,t + k] =
n), P(De([t,t + k] =n),Yvn e N,VF e F,vt e {t =nk,ne N} . The proposed
modelization considers each of the 7 departure processes of the ED queuing network as
Coxian processes described by a local departure rate function whose behavior is inferred
using past information on service performances and current information about the
number of patients in the ED and the number of triage nurses and doctors in long and
short circuits (10). The obtained queuing model can then be simulated evaluate, forecast,
and optimize crowding using notably the original congestion measure. This study was
performed in compliance with the national legislation regarding epidemiological studies
(Declaration N° 2203674v0). Since the study was wholly observational and only used
anonymized data (patient names were not recorded), neither ethics approval nor a
specific written informed consent from participants were required under French law as a
retrospective database study.

3. Results

The data involved for the evaluation of the method come from the ED of Troyes Hospital
in Eastern France during the year 2017 to 2019 with a focus on 2019. It is the largest
hospital in the Aube Department of France which has a population of 310,000 inhabitants
and a medical density of 234.1 physicians per 100,000 inhabitants. In 2018, there were a
total of 62,082 ED visits corresponding to an average use rate of 250 to 330 visits per
1,000 inhabitants within the hospital’s service area.

3.1. Congestion characteristic of the ED of Troyes

For each 4-hour period of the day of 2019, the Table 1 describes key crowding metrics
with the mean 2h-lag number of arrivals (A), the mean 2h-lag number of departures (D),
the mean occupation level (L) and the mean 2h-lag congestion (p) (h=2). To keep a stable
finite congestion, the regulation functions add one arrival and one departure event.
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Table 1. Key ED crowding metrics for Troyes ED in 2019

Hour period Oh-4h 4h-8h 8h-12h 12h-16h 16h-20h 20h-24h Oh-24h
L 40.7 24.4 16.2 26.7 42.7 45.4 32.7
5 (~A/D) 0.9 0.6 0.9 24 1.6 1.0 1.2

(~17221.3)  (=9.0/17.1)  (~5.4/7.8) (~16.0/7.9) (~21.8/15.0) (~21.0/21.3) (~15.1/15.1)
3.2. Queuing model parameters and validity

The first and most important step of the queuing network development which is to model
the departure process of each station has been undertaken. The departures rates are
currently modeled using logistic regression on the probability of at least one departure
on 1 second intervals which is taken as a polynomial function of the variables described
in the method section. Figures 2 and 3 show the estimated departures rates per hour of
the model for the initial examination stations (EXAMCLI for long circuit and EXAMCCI
for short circuit) for short circuit depending on the current number of medical actors
(LM) and patients (LP) present.

Estimation of rate variation on LM and LP

EXAMCLI Stason
Estimation of rate variation cn LM and LP

EXAMCCI Staten

5. 18cArLM) a5 factonLu

ni_pred

Figure 2 and 3. Estimated rates of departures
Although the forecasting performances of congestion have not yet been evaluated, the
models have been checked for the adequation between mean occupation level observed
over the year 2019 (L) and the one produced by simulation (ﬁ) of each station

independently considering their arrival process as known using the mean of 10
simulation replications.

Table 2. Simulation of ED Troyes 2019 crowding occupation, bias fit

Station T() I1ELC@) SELC@3) HLC@) LESC(5) SESC(6) HSC(7) Sum
Bias: L. 333703 44:41-03 112-112=0 23-23=0 55-5=05 56-57=01 1.7-15=02 34-32.7=13
1as: Lo (11.4%) (8.7%) (0.7%) (-1.5%) (9.6%) (-1.2%) (14.0%) (3.7%)

4. Discussion and Conclusion

The queuing model approach for forecasting and optimization of saturation is an original
and promising approach. As Table 1 illustrates most of the crowding accumulation ED
happens during the beginning of the afternoon (12h-16h) where the mean 2h lag
congestion is the highest at 2.4 whereas the peak occupation is attained during the period
20h-24h. The lag of 2 hours has been chosen to give information as local as possible on
the saturation as well as to obtain enough events whose mean varies here from 13.2
events (8h-12h) to 42.3 (20h-24h). The results of the queuing models show that they can
adequately capture the service performance variations based on the number of patients
and of medical actors.
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Despite these current promising results, the model still needs to be analyzed further
to show its performances to forecast crowding in terms of congestion and occupancy
using adequate error metrics and compare them to the literature on forecasting ED
occupancy. These forecasting performances are still under encouraging investigation. In
the meantime, this study already shows an adequate representation of ED performances
and is suitable for simulation-optimization purposes with a 3.7% relative bias error on
the total ED occupation, not considering yet the modelization of arrivals in the ED and
the transitions models. Furthermore, the queuing design approach can be easily adapted
to suit any ED, and even any service system, as long as arrival and departure datetimes
are available for forecasting purposes and staff planning or other decision variables can
be extracted for optimization. It will form the basis of a management tool to detect future
congestion situation in the short and long term and propose solutions toward optimizing
it. Staffing planification will form the key strategy of this optimization (11), and will be
completed with other complementary strategies. These strategies will consider
reorganization of the triage process (12), and the redirection of non-emergent cases (13),
toward alternative unscheduled primary care services.

To conclude, our approach explores new methods with current emergency record
data to drive healthcare system in real time.
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Abstract. Cancer recurrence is the diagnosis of a second clinical episode of cancer
after the first was considered cured. Identifying patients who had experienced can-
cer recurrence is an important task as it can be used to compare treatment effective-
ness, measure recurrence-free survival, and plan and prioritize cancer control re-
sources. We developed BERT-based natural language processing (NLP) contextual
models for identifying cancer recurrence incidence and the recurrence time based
on the records in progress notes. Using two datasets containing breast and colorec-
tal cancer patients, we demonstrated the advantage of the contextual models over
the traditional NLP models by overcoming the laborious and often unscalable tasks
of composing keywords in a specific disease domain.

Keywords. Natural language processing, Real-world data, Breast cancer, Colorectal
cancer, Cancer recurrence, BERT, ClinicalBioBert architecture

1. Introduction

Breast and colorectal cancer are two of the most common cancer types globally. They
are the second and third leading causes of cancer death in North America [4]. Both
diseases carry a risk of recurrence after treatment, and recurrent cases need to be flagged
expediently for further treatment to increase the chances of survival. Cancer patients
tend to have many interactions with clinicians throughout their treatment, resulting in
many unstructured medical records that are difficult to search. Consequently, quality
control interventions such as identifying patients with recurrence who are not yet on a
treatment plan require manual chart abstraction, which is time-consuming and sometimes
inaccurate [6]. Moreover, retrieval of information on recurrence becomes difficult during
clinical encounters, potentially affecting the patient experience.

Previous approaches for cancer recurrence detection include using treatment codes,
such as those for chemotherapy or radiation, detecting breast and lung cancer recurrence
[8]. Still, treatment codes can vary by jurisdiction and over time. Other approaches in-
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clude generating a vocabulary of terms specific to the cancer of interest by specialized
oncologists, which can then be used for parsing the notes and recurrence detection [5].

In the past decade, the field of natural language processing, which studies informa-
tion extraction from text, has undergone significant advances, culminating in the devel-
opment of robust transformer-based models [12]. These models consist of large neural
networks that are “pre-trained” on large datasets and then transferred to the task at hand.
Bidirectional Encoder Representations from Transformers (BERT)[7] is a transformer-
based model which has shown excellent results in many language tasks, including classi-
fication and named entity recognition. It is pre-trained on general-purpose English text,
and the resulting pre-trained model, BERT-base, can be subsequently used to detect can-
cer recurrence. A variation of this, ClinicalBioBERT, was trained on medical data to im-
prove its performance on medical tasks [1]. Other published models include BioBERT
[10], which is trained on PubMed abstracts and full texts, and UmlsBERT [11], which
incorporates information from the Unified Medical Language System (UMLS) [3].

In this study, two models named BERT-base and ClinicalBioBERT, are used to de-
tect cancer recurrence on unstructured medical notes. They are trained and evaluated for
the detection of breast cancer recurrence and colorectal cancer recurrence without the
need for expert input in the form of specialized vocabulary or decision rules.

2. Material

In this study, we used two cancer datasets (breast and colorectal) which were curated
from electronic medical record notes at Cancer Care Manitoba.

Each of these datasets was split to an internal and an external set. The internal dataset
was used for hyperparameter tuning and model training, and it consisted of all notes
dated between 2004 and 2007. The external dataset was used for final model evaluation,
which consisted of notes generated between 2008 and 2012.

Both breast and colorectal cancer datasets demonstrated a skew towards negative
instances. Of the 112,285 notes in the breast cancer internal dataset, only 5,082 (4.3%)
were positive for cancer recurrence. Of the 116,146 notes in the colorectal cancer internal
dataset, only 4,207 (3.6%) were positive. We observed similar trends for the external
breast and colorectal cancer datasets. Full dataset characteristics are shown in Table 1.

Breast Cancer Colorectal Cancer
Internal | External | Internal | External
N (notes) 112,285 78,469 116,146 | 122,262
Recurrent Cancer 5,082 2,985 4,207 4,245
# patients 897 615 536 589

Table 1. statistics of the datasets

3. Method

We used two pre-training models: BERT-base and ClinicalBioBert. They are identical in
network architecture but differ in their pre-training datasets. BERT-base is pre-trained on
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general English texts (Books Corpus and English Wikipedia), while ClinicalBioBERT is
further trained using biomedical texts (PubMed Abstracts and PubMed Central Papers)
and clinical texts (the MIMC-III dataset [9]). Therefore, ClinicalBioBert, with medical
context, serves as the target model and BERT-base, with general English pre-training,
serves as the control.

BERT models convert input text into tokens before processing. The tokenization pro-
cess converts input words into a numeric representation based on a provided dictionary.
Since the dictionaries are limited in size (approximately 30,000 words in BERT-base),
the tokenizer will inevitably encounter dictionary words that are split into subcompo-
nents. Thus, a single word can be represented by one or more tokens. The vocabulary
used in this study consisted of 28,996 words and was originally published by Devlin et
al. [7] and subsequently used by ClinicalBioBERT. The attention mechanism used by
BERT exhibits quadratic runtime complexity with respect to the input length, necessitat-
ing a limit to input length. Pre-trained BERT-base and ClinicalBioBERT models used in
this study set the input length limit to 512 tokens. Since medical notes can easily exceed
this length, a mechanism to shorten notes is required for these models to be usable. We
hypothesized that the most important information in medical notes would be included at
the beginning or the end of a note. Thus the input document of the model consists of the
first 256 and last 256 tokens of each note.

Each breast cancer and the colorectal cancer datasets were divided 90%-10% for
training and validation, respectively. A grid search was performed on the learning rate
and batch size with 5-fold cross-validation to obtain the optimal hyperparameters for
the model. Binary cross-entropy with class weights corresponding to dataset prevalence
was used as the loss function. The best-performing model hyperparameters were then
selected and used to train a final model for each dataset using 100% of the data. The
final models were then evaluated on the external datasets. The selection of the optimal
hyperparameters was based on the area under the receiver operating characteristic curve
(ROC-AUC).

It should be noted that independent dataset metrics were used for model evaluation.
These metrics were: (i) ROC-AUC (ii) sensitivity (iii) specificity (iv) the modified Brier
score. Dataset-dependent metrics were used for the assessment of model suitability for
clinical use. In this setting, the unbalanced accuracy, positive predictive value (PPV) and
the negative predictive value (NPV) were used.

4. Results-Discussion and Conclusion
The results of the 5-fold cross-validation are shown in Table 2. As seen by the ROC-AUC

results, ClinicalBioBERT and BERT-base showed very close results, within one standard
deviation of each other.

Breast Cancer Dataset | Colorectal Cancer Datase
ClinicalBioBERT 0.9955 £ 0.0006 0.9921 +0.0074

BERT-base 0.9948 + 0.0014 0.9912 + 0.0091
Table 2. ROC-AUC values after 5-fold cross validation on the training dataset. Mean and standard deviation
of ROC-AUC values are reported
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Finally, both models were trained on the entire internal dataset and evaluated on the
external dataset. It can be observed in Table 3 that for the breast cancer dataset, the results
on the external dataset closely matched those in the internal dataset, with only a minor
reduction in the ROC-AUC to 0.9892 for ClinicalBioBERT and 0.9883 for BERT-base.
Using a threshold cutoff of 0.01 and BERT-base, we can estimate that for a randomly
selected sample of 1,000 notes, only 54 would be flagged as positive and would require
manual review. This is a 94.6% reduction in the volume of notes requiring manual re-
view, at the expense of only 3 missed recurrences. Furthermore, on the colorectal cancer
dataset, it can be observed that ClinicalBioBERT had a small edge as it achieved a ROC-
AUC of 0.9810. Using a threshold cutoff of 0.01 and ClinicalBioBERT, we estimate that
for a randomly selected sample of 1,000 notes, only 52 would be flagged as positive,
requiring manual review, which is a 94.8% reduction. This would be at the expense of
only 7 missed recurrences.

Cut-off: 0.01 Cut-off: 0.5
ROC-AUC | SclBr | Sn(PPV) Sp (NPV) Sn (PPV) Sp (NPV)
Breast Cancer

ClinicalBioBERT 9892 419 926 (.592) | .981(.998) | .863(.659) | .987 (.996)
BERT-base 9883 377 929 (.629) | .985(.996) | .863(.639) | .986 (.996)

Colorectal Cancer
ClinicalBioBERT 9810 251 .806 (.544) | 976 (.991) | .619(.616) | .986 (.986)
BERT-base 9694 219 751 (.531) | 976 (.991) | .577 (.612) | .987 (.985)

Table 3. Result values at multiple cutoffs on the breast cancer and colorectal cancer datasets. Scl Br: Scaled
Brier Score. Sn: sensitivity. Sp: specificity. PPV: positive predictive value. NPV: negative predictive value

These results demonstrate that pre-trained transformer models can perform excep-
tionally well on detecting cancer recurrence from electronic medical record notes. These
findings exceed previously reported results on cancer recurrence detection using classi-
cal machine learning methods [5], and earlier neural network architectures [2]. Results
between BERT-base and ClinicalBioBERT showed only minor differences. In the inter-
nal datasets where cross-validation could be performed, the results were only a standard
deviation away from each other. This suggests that the differences may not be statisti-
cally significant. The significance of this may lie in the fact that the dataset is of sufficient
size for BERT to learn vocabulary associations with cancer recurrence and thus may take
advantage of medical text pretraining less important.

A major advantage of the BERT approach is the model’s ability to extract useful
information without the need for expert knowledge. Earlier approaches using more tra-
ditional machine learning techniques required in-domain vocabulary compiled by oncol-
ogists [5], which is a time-consuming process. Moreover, since vocabulary and abbre-
viations may be local and institutional, BERT’s approach eliminates the need for each
institution to create its own vocabulary. These results pave the way for the use of this
software in clinical work. Depending on clinical needs, a threshold cutoff can be selected
to match the requirements. For example, to create automated tracking of the incidence
of cancer recurrence, a lower threshold cutoff, such as 0.01, could be selected to achieve
high sensitivity and specificity. Alternatively, to create a screening tool for patients with
recurrence, generating curated lists that a human expert can then review, a higher thresh-
old value closer to 0.5 would be selected to maximize specificity and minimize the like-
lihood of false negatives.
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However, the main limitations of this study are that all data are obtained from the
same institution, which may affect the generalizability of the trained model at other insti-
tutions. Moreover, it is possible that some cancer patients had notes spanning the periods
of both the training and validation datasets, thereby causing similarities in some of their
notes. Finally, the datasets were skewed towards negative occurrences, as iS common in
many medical datasets, and this resulted in a model with excellent specificity but rela-
tively lower sensitivity. In conclusion, transformer-based models, such as BERT and its
variants, can achieve excellent sensitivity and specificity on the task of detecting cancer
recurrence from medical record notes. These models do not require rules or specialized
knowledge from domain experts, yet nevertheless outperform earlier machine learning
methods.
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Abstract. Type 2 diabetes mellitus is a metabolic disorder of glucose management,
whose prevalence is increasing inexorably worldwide. Adherence to therapies,
along with a healthy lifestyle can help prevent the onset of disease. This preliminary
study proposes the use of explainable artificial intelligence techniques with the aim
of (i) characterizing diabetic patients through a set of easily interpretable rules and
(ii) providing individualized recommendations for the prevention of the onset of the
disease through the generation of counterfactual explanations, based on minimal
variations of biomarkers routinely collected in primary care. The results of this
preliminary study parallel findings from the literature as differences in biomarkers
between patients with and without diabetes are observed for fasting blood sugar,
body mass index, and high-density lipoprotein levels.
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1. Introduction

An increasing number of adults are at risk of developing Type 2 Diabetes (T2D)
worldwide, correlating with trends in population aging and sedentary lifestyles. In 2021,
an estimated 61.4 million (9.2%) of adults in Europe were living with diabetes, 90% of
whom had T2D [1]. Interventions aimed at reducing the risk of T2D and delay disease
progression can help reduce its massive burden (European diabetes-related expenditure:
USS$ 189 billion). To support T2D prediction and prevention, several classification
methods have been proposed (e.g., [2]). In the context of explainable artificial
intelligence, which is gaining increasing attention in the medical field [3], counterfactual
explanations (CEs) [4] are a local technique that searches for minimal distance variations
in the input features space (e.g., biomarkers), that would lead to a change in the output
class (e.g., diabetes diagnosis). Recently, different approaches for CEs generation have
been proposed (e.g., deep learning based [S] or graph based [6]). For example,
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Dhurandhar et al [7] analyzed local explanations applied to brain images to understand
why certain subjects were classified as autistic and others were not. To our knowledge,
none of the previously proposed methodologies have assessed CE using a rule-based
description of the output classes to provide personalized treatments.

The aim of this study was to introduce and characterize CEs as a method to develop
individualized diabetes prevention recommendations. We investigate biomarkers, and
change in biomarkers, that can help reduce the individual risk of T2D onset and
progression.

2. Methods

The dataset used in this study includes 1857 records extracted from primary care
electronic medical records (EMRs) from a multi-disease national database, the Canadian
Primary Care Sentinel Surveillance Network (CPCSSN, http://cpcssn.ca/ ). Specifically,
the dataset includes 428 subjects with T2D (class “T2D”; age: mean= 56, range=18-90;
gender: 227 F, 201 M) and 1429 subjects without T2D (class “No T2D”; age: mean= 63,
range=18-83; gender: 916 F, 513 M). The prevalence of T2D in our dataset is 23% and
it reflects the prevalence of diabetes in older adults (around 20% in adults > 60 years)
[1]. For each patient, seven biomarkers were considered: systolic blood pressure (sBP),
body mass index (BMI), low-density lipoprotein (LDL), high-density lipoprotein (HDL),
triglycerides (TG), fasting blood sugar (FBS), and age. A Two Class Support Vector
Data Descriptor (TC-SVDD) [8] was trained on 80% of the dataset by applying
stratification and a natively explainable method, the Logic Learning Machine (LLM) [9],
was used to extract a rule-based description of the two classification regions, following
the approach presented in [10]. Counterfactual explanations were generated from a set
of 120 randomly sampled points within the SVDD region describing T2D subjects. The
sample size was defined following preliminary analysis to ensure adequate coverage of
the whole age range, including the tails of the distribution (i.e., <50 years and >75 years).
The rationale in CE generation was to find the minimum perturbations that should be
applied to each biomarker to allow a subject initially classified as diabetic by the TC-
SVDD, to be classified as non-diabetic. Given a binary classification problem
characterized by two classes S; and S, and an observation x € S;, our goal is to
determine the minimum variation Ax*, so that the point x* = x + Ax" belongs to the
opposite class, by solving the following minimization problem:

min .
Ax € R d(x, (x + Ax)) subject to ||(x + Ax) — ayl|> < R3 A ||(x + Ax) — a4 ]| > R?
where R?, R3, a,, a, are the radii and the centers of the spheres for class S; and S,,
respectively, as defined by the TC-SVDD. The algorithms were implemented in
MATLAB (version 2021a).

3. Results

The TC-SVDD achieved the following classification performance on the test set:
accuracy = 0.77, sensitivity = 0.65, and specificity = 0.83. Table 1 shows the rules
extracted by the LLM from the two regions identified by the TC-SVDD, and the rule
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covering (i.e., the percentage of records in the output class that satisfy the rule).
Consistent with the diagnostic criteria for T2D [1], the two rules that best characterize
the two classes (i.e., the rules with higher covering), are based on the FBS value alone.
In particular, high FBS values (i.e., higher than 6.89 mmol/L) are associated with class
“T2D” (rule #1) whereas low FBS values (i.e., lower than 5.1 mmol/L) are associated
with class “No T2D” (rule #5). The remaining records are covered by more complex
rules, i.e., rules based on more than one condition.

Table 1. Rules characterizing the two SVDD regions and rule covering (Cov).

# Class Rule Cov%
1 T2D FBS>6.89 52.70
2 T2D FBS>4.91 /\ 48<age <80 A 98<sBP <163 /\ 21<BMI <48 /\ LDL<1.88 19.90
3 T2D 633 <FBS <6.91 /\ age>37 /\ 100 <sBP < 145 16.55
4 T2D 6.04 <FBS<6.31 A\ age<76 A\ sBP <152 A\ 22<BMI<48 A TG>0.17 8.16
5 NoT2D FBS<5.1 47.46
6 NoT2D FBS<7.23 AsBP<l1l1 18.22
7 NoT2D FBS <6.68 /\ age>50 /A BMI>24 A LDL >3.61 15.57
8 NoT2D FBS <7.87 A\ 147 <sBP <182 A LDL > 1.09 15.51

An example of counterfactual (class “No T2D”) generated from a record of a T2D
patient under the constraint of minimal distance is shown below:

o 712D patient: Age =73 years; sBP = 113 mmHg; BMI =29.4 kg/m2; LDL =2.3
mmol/L; HDL = 1.82 mmol/L; TG = 0.83 mmol/L; FBS = 6.9 mmol/L

o Counterfactual: Age = 73 years; sSBP = 113 mmHg; BMI =27.9 kg/m2; LDL =
2.38 mmol/L; HDL = 3 mmol/L; TG = 1.07 mmol/L; FBS = 4.89 mmol/L

Small, yet meaningful changes can be found between the observation as the diabetic
patient is associated with higher FBS and BMI, stable sBP and lower HDL, LDL, and
TG, with respect to the counterfactual, allowing for the two observations to be associated
with different classes, hence to be described by different rules, as shown in Table 1.
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Figure 1. Average change in FBS (panel A) and HDL (panel B) associated with a variation in the output
class from class “T2D” to class “No T2D” as a function of the age group.

The average change observed for each biomarker, computed as the difference
between the value in the counterfactual (i.e., class “No T2D”’) and the value in the actual
T2D patient is shown in Figure 1 as a function of age (i.e., 40-50 years, 50-60 years, 60-
70 years, and 70 or more years). Figure 1(A) shows that the average change in FBS is
negative, indicating an improvement in FBS from a diabetic subject to a non-diabetic
one. The change in FBS tends to increase with age, ranging, on average, from -0.2 to -1.2
mmol/L. Vice versa, Figure 1(B) shows that the average variation for HDL is positive,



M. Lenatti et al. / Characterization of Type 2 Diabetes 101

as non-diabetic subjects are characterized by higher values (i.e., better values) with
respect to diabetic ones. Regarding HDL, the variation is quite stable for different age
groups, around 0.20-0.30 mg/dL.

The average variation observed across the 120 generated counterfactuals is: AAge =0.01
years; AsBP = —0.17 mmHg; ABMI = —0.14 kg/m2; ALDL = 0.53 mmol/L; AHDL =
0.26 mmol/L; ATG = 0.12 mmol/L; AFBS = —0.88 mmol/L.

4. Discussion

The extraction of rules from the two classification regions identified by the TC-SVDD
allows us to obtain a comprehensive, readable view of the observed pathology, that can
be easily interpreted and validated by clinicians, even if they have no prior knowledge
in the field of artificial intelligence. Counterfactual explanations allow us to move from
a global to a local approach, tailored on an individual basis.

Although the counterfactual generation process searches, by its definition, for
minimal variations that determine a change in output class, the results obtained allow us
to appreciate differences in biomarkers between the two classes, in line with the available
knowledge. Indeed, high FBS is a peculiar characteristic of diabetic subjects, as T2D is
a metabolic disorder of glucose regulation resulting in hyperglycemia. A trend towards
higher BMI in diabetic patients is consistent with the known link between obesity and
T2D. For this reason, maintaining a healthy lifestyle characterized by moderate exercise
can help in the prevention of diabetes. Moreover, low HDL concentrations have been
associated with higher risk of developing T2D [11], possibly representing one of the risk
factors for cardiovascular disease. In contrast, a counterintuitive result is related to the
presence of slightly higher (i.e., worse) LDL and TG values in nondiabetic patients,
compared with diabetic ones. This result can be explained by the fact that diabetic and
pre-diabetic subjects are very often prescribed LDL-lowering drugs like statins [12] to
control hypercholesterolemia. Further research on larger data should characterize
different stratifications, such as by gender, as the variations obtained in biomarkers might
be different for male or female subjects. In addition, causal relationships among
biomarkers should also be assessed, for example using causal inference approaches.

The proposed method is characterized by a degree of uncertainty in the classification,
because counterfactuals are sought in the proximity of the decision boundary, defined by
the SVDD, thus only decreasing the risk of developing diabetes by a small amount (the
minimal amount needed for changing the output class). A safer definition of subjects
with low probabilities of developing diabetes, would be the search of counterfactuals
from “reliable SVDD regions”, i.e., by defining regions with a reduced false negative
rate, as in [13]. The reliable approach is based on the relaxation of the definition of
counterfactuals generated at minimum distance, as they will be searched within spherical
regions of smaller size, enabling a more precise identification of the opposite class.
Specifically, the TC-SVDD will define a region surrounding non-diabetic subjects,
minimizing the presence of diabetic subjects within that region, according to the imposed
false negative rate. In this way, personalized prevention strategies could be devised
through more effective changes in biomarkers, so that the risk of developing the disease
can be substantially reduced. Also, it should be noted that characterization of diabetic
patients is based on a combination of controllable characteristics (biomarkers that can be
manipulated through therapies or lifestyle changes) and non-controllable characteristics
(e.g. features that are not manipulable by definition such as age, genetic factors, and
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family history). Therefore, the search for realistic counterfactuals should be performed
by perturbing only controllable variables and keeping non-controllable variables fixed.

5. Conclusions

This preliminary study aims to demonstrate the efficacy of a new method for CE
generation based on SVDD on biomarker variation and diabetes diagnosis. Specifically,
the search for minimal variations in biomarkers, able to change the classification of the
subject from diabetic to non-diabetic allows us to highlight a trend (decrease or increase)
in biomarkers, consistent with current knowledge. Further research is needed to validate
the proposed method in different datasets (e.g., with varying size and number of output
classes) and for different chronic diseases (e.g., COPD). This approach can be extended
in the future to a broader set of biomarkers including lifestyle indicators (e.g., diet,
alcohol consumption, smoke), comorbidities and medications and to a broader definition
of counterfactual obtained perturbing controllable features only, at progressively
increasing distance (i.e., progressively decreasing risk of developing diabetes), with the
ultimate goal of personalizing prevention strategies on an individual basis.
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Abstract. Parkinson's disease (PD) is a common neurodegenerative disorder that
severely impacts quality of life as the condition progresses. Early diagnosis and
treatment is important to reduce burden and costs. Here, we evaluate the diagnostic
potential of the Non-Motor symptoms (NMS) questionnaire by the International
Parkinson and Movement Disorder Society based on patient-completed answers
from a large single-center prospective study. In this study data from 489 study
participants consisting of a PD group, a healthy control (HC) group and patients
with differential diagnosis (DD) have been recorded with a smartphone-based
system. Evaluation of the study data has shown a significant difference in NMS
between the representative groups. Cross-validation of Machine Learning based
classification achieves balanced accuracy scores of 88.7% in PD vs. HC, 72.1% in
PD vs. DD and 82.6% when discriminating between all movement disorders (PD +
DD) and the HC group. The results indicate potentially high feature importance of
a simple self-administered questionnaire that could support early diagnosis.

Keywords. Parkinson's Disease, movement disorders, artificial intelligence

1. Introduction

Worldwide prevalence of Parkinson's disease (PD) has more than doubled over the last
two decades [1]. It affects movement with symptoms such as tremor, slowness and
rigidity. However, non-motor symptoms are often reported as early indicators of the
disease that can severely impact patient's quality of life [2]. Currently, PD is diagnosed
primarily on the basis of clinical examination and nuclear imaging, along with other
movement disorders. Approaching the need for comprehensive evaluation of mHealth-
based biomarkers, the Smart Device System (SDS) has been implemented and applied
in a three-year prospective study [3]. From 2018 to 2021, a total of 489 participants,
including a broad range of different PD progress states according to Hoehn and Yahr [4]
have been recorded. Each session comprises a series of sensor measures of movements,
speech recordings, tablet-based tasks and smartphone-based questionnaires. With the
recent conclusion of the aforementioned study, here, we focus on diagnostic potential of
the Non-Motor symptoms (NMS) questionnaire by the International Parkinson and
Movement Disorder Society as preliminary findings of the study.
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While the NMS are routinely used to document early symptoms in PD, we elaborate
on the diagnostic potential by including PD patients, healthy controls and other
movement disorders as well. Our research question is whether we can reliably detect and
discriminate PD from healthy controls and other movement disorders using the
smartphone-based questionnaire data from our study dataset. We therefore evaluated
Machine Learning models for three different classification tasks and pointed out possible
important feature groups in the patient data. With the analysis of the questionnaire, which
is a simple patient reported outcome, we have performed an important step in the
evaluation of our study with the objective of finding digital biomarkers to aid PD
diagnosis or screening in the future.

2. Methods

The study has been registered (ClinicalTrials.gov ID: NCT03638479) and approved by
the ethical board of the University of Miinster and the physician's chamber of
Westphalia-Lippe (Reference number: 2018-328-f-S). Our study data consist of PD
patients, a HC group and patients with DD. All diagnoses were confirmed by neurologists
and reviewed by one senior movement disorder expert. The participant sample is
summarized in Table 1. The first step of examination provides short questionnaires about
medical history and non-motor symptoms (NMS) via a smartphone app. The medical
history questionnaire holds information about age, height, weight, kinship with PD and
effect of alcohol on tremor (further details provided in Varghese et al. [3]). The self-
completed symptoms questionnaire is based on Chaudhuri et al. [5] and composed of 30
yes/no items. It represents different areas of possible PD symptoms.

First, we analyzed the NMS score, i.e., the sum of yes responses per participant, to
investigate simple group separation. For comparability, we calculated statistical
significance between the representative groups. In order to investigate the supportive
potential in a clinical examination scenario, we trained and evaluated different Machine
Learning algorithms via cross-validation. Given the questionnaire data, three relevant
classification tasks were approached: (1) PD vs. HC, (2) Movement disorders (PD + DD)
vs. HC and (3) PD vs. DD. To obtain stable results, a 5-fold cross-validation was
randomized in 5 replicates, so that an average score over 25 test sets was produced. Three
Machine Learning estimators were evaluated: (1) a multi-layer perceptron neural
network (MLP), (2) a support-vector machine (SVM) and (3) CatBoost [6], which is
based on gradient-boosted decision trees. All classifiers were trained with balanced
weights, as class distributions are unequal in our dataset. Similarly, comparison of
classification performance is based on balanced accuracy, precision and recall. Further
details on hyper-parameter settings can be found in the supplement [7]. Based on the
overall best performing classifier, feature importance was analyzed via permutation
importance analysis using Scikit-Learn (0.24.2) [8]. Since NMS questions are grouped
by relevant domains and thus certain questions are linked together, we modified the
algorithm to consider and permute features group-wise. The selected feature-groups are
based on the originally intended domains [5], details are provided in the supplements [7].

Table 1. Participant sample. Height in centimeters, weight in kilograms. Values correspond to mean (SD).

Disease Class #Samples Age Height Weight NMS score
Parkinson’s Disease (PD) 276 65.5(9.6) 170.9 (15.1) 78.7 (16.8) 9.93 (5.25)
Differential diagnosis (DD) 124 60.2 (13.4) 175.6 (9.8) 83.6 (18.2) 7.42 (4.92)
Healthy control (HC) 89 60.2 (14.8) 173.5 (8.6) 79.0 (17.7) 2.36 (2.69)
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3. Results

Table 1 shows the NMS score across the groups. On average NMS scores are lowest in
the healthy group (mean 2.36, median 2), followed by the DD group (mean 7.42, median
7) and highest for PD patients (mean 9.93, median 9). In pairwise comparison the groups
significantly differ from each other in NMS scores (Mann-Whitney, Kruskal-Wallis and
t-test, P < 0.0001). Percentages of yes-answers per question are presented in the
supplements [7].

To analyze the potential of the questionnaire data in supporting diagnosis, the
previously described Machine Learning models were applied to the study data.
Classifiers were cross-validated in different settings: (1) using only NMS score, (2) using
all NMS items and (3) using the complete questionnaire (except medication). Complete
results can be found in the supplements [7]. The overall best performing classifier scores
are summarized in Table 2.

Table 2. Performance for the tasks (1) PD vs. HC, (2) Movement disorders (PD + DD) vs. HC and (3) PD vs.
DD. All results are based on CatBoost classifier. Values correspond to mean (SD). *Balanced Accuracy.

Task Input Accuracy B. Accuracy* Precision Recall
NMS score | 0.817 (0.036) | 0.849 (0.047) | 0.965(0.032) | 0.787 (0.039)
PD vs. HC NMS quest. | 0.886 (0.049) | 0.887 (0.045) | 0.961 (0.025) | 0.885(0.048)

Full quest. | 0.888 (0.041) | 0.873(0.047) | 0.947 (0.025) | 0.902 (0.046)
NMS score | 0.755(0.040) | 0.816(0.039) | 0.974(0.019) | 0.720 (0.050)
PD+DDvs. HC | NMS quest. | 0.831(0.036) | 0.810(0.042) | 0.945(0.018) | 0.843 (0.044)
Full quest. | 0.860(0.032) | 0.826(0.057) | 0.946 (0.024) | 0.879 (0.032)
NMS score | 0.623(0.043) | 0.610(0.037) | 0.772(0.029) | 0.646 (0.075)
PD vs. DD NMS quest. | 0.740 (0.044) | 0.702 (0.054) | 0.820(0.039) | 0.800 (0.052)
Full quest. | 0.761 (0.040) | 0.721(0.049) | 0.828 (0.034) | 0.826 (0.045)

Using the complete questionnaire information, grouped feature importance analysis
was performed for task 1, PD vs. HC. The computed information gain per feature-group
is depicted in Figure 1.
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Figure 1. Grouped feature importance analysis of the NMS questionnaire. Bar height corresponds to mean
information gain (+ SD). Top 10 feature groups are displayed.
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4. Discussion

We have evaluated the diagnostic accuracy of self-completed questionnaire data from
our recently closed single-center prospective study for the patient groups PD, DD and
HC. By testing different classification models and subsets of questions, we explored a
robust set of features for disease prediction. For PD vs. HC the highest balanced accuracy
score of 88.7% is achieved using NMS questions without additional information. Full
questionnaire data resulted in a score of 87.3%. Given that additional data does not
improve classification performance, we believe that the NMS questionnaire itself
provides highest information gain in identifying PD patients. Our observations are
similar in the task PD + DD vs. HC. Here, balanced classification accuracy for the NMS
questionnaire, 81.0%, and the full questionnaire, 82.6%, are almost equal. It also shows
that discrimination between healthy samples and PD is more accurate than discrimination
between the healthy group and all movement disorders. This is to be expected as the
questionnaire has been design to cover PD specific NMS. While the most challenging
task - PD vs. DD - achieves lowest balanced accuracy overall, the highest score of 72.1%
using the full questionnaire still discriminates both groups reasonably well. Here, the
score for just the NMS questionnaire is slightly lower with 70.2%. It is noteworthy that
even the aggregated NMS score already can reasonably divide the target groups,
especially PD vs. HC with 84.9% balanced accuracy. Nonetheless, how PD affects a
person can highly vary from patient to patient. Finding specific symptoms and subgroups
can influence diagnosis and consequently treatment.

In our feature importance analysis for PD vs. HC, the top three groups in terms of
information gain are apathy/attention/memory, sexual function and distortion of
perception. This observation partially confirms the findings of previous studies [5,9]. In
contrast, comparing to a comprehensive Italian study with a structured interview and an
extended NMS questionnaire, fatigue and anxiety have shown to be more prevalent in
PD patients [10]. Differences can arise from various causes, i.e. differences in answering
(self-completed or structured), differences between study groups, while also some NMS
generally become more common with higher age [2].

A limitation of our study is that it is conducted at a single site and thus bias due to
specific site population, examination setting or target diagnoses can not be ruled out. Still,
we believe the study data provides a suitable representation, as participants have been
recruited from a large tertiary care center and include various types and stages of PD and
other movement disorders. An important issue in Machine Learning remains the lack of
interpretability and transparency when using complex models or feature computations.
As a result, there is often mistrust in using models as decision support, even if they are
able to make accurate predictions when measured against the gold standard. In our case,
we worked with structured tabular data so that input features remained interpretable.
Further, the feature importance analysis gave us insights about what questions were
relevant for the decision process. We have demonstrated that the NMS yes/no answers
were sufficient to classify PD from healthy controls with 88.7% accuracy. Overall it can
be concluded, that a simple symptoms questionnaire could be of high importance for
early patient screening. With the inclusion of additional sensor-based modalities from
the study we will further continue the analysis.
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5. Conclusion

A simple symptoms questionnaire and supervised Machine Learning provide high
classification accuracy in the domain of Movement Disorders, in particular Parkinson's
disease. While this questionnaire is known in practice to document non motor symptoms
of Parkinson's disease we show its diagnostic potential against healthy participants and
even differential diagnoses via Machine Learning. It could pave the way for early patient
screening utilizing mHealth technologies. Continuing the work, we will further analyze
the study data including further sensor-based modalities by means of dimensionality
reduction and clustering techniques in order to find possible subgroups of the disease.
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Abstract. Machine learning algorithms become increasingly prevalent in the field
of medicine, as they offer the ability to recognize patterns in complex medical data.
Especially in this sensitive area, the active usage of a mostly black box is a
controversial topic. We aim to highlight how an aggregated and systematic feature
analysis of such models can be beneficial in the medical context. For this reason, we
introduce a grouped version of the permutation importance analysis for evaluating
the influence of entire feature subsets in a machine learning model. In this way,
expert-defined subgroups can be evaluated in the decision-making process. Based
on these results, new hypotheses can be formulated and examined.

Keywords. explainable Al, permutation importance, grouped variable analysis

1. Introduction

Whether in clinical research or risk factor calculations, machine learning algorithms can
be found in many medical fields. This results in important challenges for the usage of
these algorithms - especially regarding the ethical background - like regulatory aspects,
interpretability, or interoperability [1]. For this work, we present a particular perspective
on interpretability of feature contributions. Namely, this should not be seen as just a
means of application, but rather a way to better understand the underlying problem. Our
focus is on the combination of humanly understandable feature subgroups and their
respective importance scores.

Feature importance analysis is a major component in the examination and
interpretation of machine learning models. The question arises on which basis a problem
was solved, e.g., in classification, why the decision for a class was made the way it was.
The methodology behind such an analysis can vary widely depending on the problem
and model. We focus in the following on the permutation importance analysis [2]. Here,
the variation of predictive accuracy is analyzed based on the test set. The feature under
investigation is permuted and the prediction is compared with the unmodified one.
Therefore, this method is not dependent on a specific implementation of the prediction
process and thus can be applied to any feature-based supervised machine learning model.

! Corresponding Author, Lucas Plagwitz, Institute of Medical Informatics, University of Miinster,
Miinster, Germany; E-mail: lucas.plagwitz@uni-muenster.de.
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This allows a wide range of application of this method, even for more complicated
architectures such as deep neural networks.

In this paper we are concerned with a particular adaptation of the permutation
importance analysis. Many data sets consist of features that can be grouped to clinically
meaningful subsets. An arrangement into such subsets does not have to be unambiguous
at all but still relevant for the domain. We present a methodology to determine the
information gain for each of these groups. In particular, for tree-based classifications,
analyses on grouped feature importance and terms like group permutation importance
measures have been described previously [3]. Their research supports the theoretical
aspect of our application. As a complement to this, we intend to focus more on
interpretation - by using expert-defined feature subsets - than optimization of the model.
To this end, we present an explicit algorithm that uses cross-validation to provide a fast,
stable, and meaningful analysis based on the test performance. In doing so, we shed some
light on a black box prediction. In addition to the method itself, we focus on an
application in neuroimaging where we evaluate the impact of a brain region depending
on the target variable.

2. Methods

In the context of grouped characteristics, it is not advisable to simply add up individual
feature importance scores. The reasons depend on the method of calculating scores. For
example, in the univariate permutation importance analysis, it is assumed that all other
features are known at the time of permutation. This does not provide adequate insight
into the influence of a specific feature group. Other feature importance methods, such as
a tree-based calculation, tend to overfit, often boosting features that contribute hardly
any information to the problem [4]. Thus, a sum of these feature weights overestimates
the group with substantially more features, while the mean or median discriminates
against this group.

For this reason, we adjust the calculation as follows: First, a machine learning model
is trained based on the training set and a feature subset is specified. Then, a predefined
number T € N of test set permutations are created. Here, it is important that only the
features within the subset are permuted. Predictions are then created based on these
modified test sets. By matching the correct labels, the change in performance is estimated
(averaged over all permutations). This process is illustrated in Figure 1 and is repeated
for every feature subset, starting with the existing trained model.

/ Test Set \
o B I P I prediction . performance
multiple Machine Learning Comparison
O ariso
permutations Model p
o o
P - B I % - T
i s - multiple S averaged

\ - | EmeE predictions : performance /

Figure 1. The permutation process of a specific feature subset is shown. The columns that are affected by the
permutation are marked in green, the remaining columns remain unchanged.
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Algorithm 1 Grouped Permutation Importance

Input: untrained model M; data X; targets y; k different feature subsets g;; repeated
permutation count T'; cross-validation object CV, scoring-metric m(-, )

Output: grouped permutation importance GPI € R¥

1: GPI=0%

2 for (idxirain,idxes) € CV.split(X) do

3 M. fit (X [idxrmin] !.}‘[id-“clr(liﬂ])

4. yo = M.predict(X [idxies])

5: fori=1,...,kdo

6: fortr=1,...,T do

7: create permutation matrix F;

8: Set _ygj to the prediction from the column-wise

permutation 7 in columns g; of X [idx;ey].

9: GPI[i] = GPI[i] + (m(y[idxies],y0) — m([idxtest ], ye))) / (|ev_splits| - T)
10: end for
11:  end for
12: end for

To stabilize the validity, this process is repeated over several cross-validation folds.
The final value is then composed of the mean between these folds. Algorithm 1
summarizes the whole method. The corresponding code is published as open source?.
The grouped permutation importance (GPI) describes the direct influence compared to
the respective overall performance. Thus, it represents the absolute information gain per
group. However, these analyses are particularly interesting in comparison with the same
data set but different target variables. Since the maximum performance of a model
depends strongly on the underlying target, a relative value should be preferred to an
absolute one in these cases. For this purpose, the GPI is set in relation to the unpermuted
performance to be able to analyze a relative information gain.

3. Experiment: Brain region impact depending on the target variable

The explanation of machine learning algorithms in the field of neuroimaging is a
widespread analysis. One is interested in specific brain markers to gain a more detailed
insight into the functionality of the brain. In the following, we see that depending on the
target variable, expert-defined brain areas are incorporated as feature groups into the
machine learning model on very different weights.

Based on a predefined atlas, the measured voxels were clustered and averaged into
feature subgroups that we can evaluate by applying Algorithm 1. For the simulation, we
use the public data set OASIS [5]. In addition to the T1-weighted magnetic resonance
imaging (MRI) scans of 403 subjects, this data set provides three target variables: age,
biological sex, and the clinical dementia rating (CDR), which is used for the diagnosis

2 The code is available on GitHub and the installation is possible via pip:
pip install git+https://github.com/lucasplagwitz/grouped permutation importance
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Figure 2. Brain region influence depending on the target variable. The displayed relative scores are calculated
based on the balanced accuracy score. The following performances depending on the classification task were
obtained: age 87%, Alzheimer’s 82%, and biological sex prediction 72 %.

of Alzheimer’s disease. For simplicity, we change the target variables to binary values.
We only distinguish between CDR zero or greater than zero for Alzheimer’s prediction
and age more or less than 50 for an age-based classification task. By applying the
Harvard-Oxford 2mm Subcortical Atlas, we obtain several volumes for different brain
areas as seen in Table 1.

Cerebral Cerebral . Lateral
Cortex White Matter Putamen Pallidum Background Ventrical
4 13 2 2 2 1
Brain-Stem Amygdala Hippocampus Thalamus
1 2 2 2

Table 1. Havard-Oxford (Subcortical) Atlas — volumes per region.

All atlas calculations are based on the Python package nilearn [6]. We then
determine the GPI of each brain region given a balanced support vector classifier, 5-fold
cross-validation (randomized in 10 replicates), and a permutation value T = 100 by using
the Python package scikit-learn [7], which is visualized in Figure 2. It is noticeable that
the information about age and Alzheimer’s disease is mainly located in the cerebral
cortex. However, the cerebral white matter contains much more information about age.
In contrast, the prediction of biological sex, this is based mainly in the white matter and
hardly in the cerebral cortex. Moreover, the influence of the putamen as well as the
hippocampus should be emphasized. While these regions provide no additional benefit
for the prediction of age or biological sex, a positive impact on predicting Alzheimer’s
disease can be determined. Findings such as these could lead to a better differentiation
of Alzheimer’s disease from the normal aging process.

4. Discussion

We have seen that an analysis of predefined feature subsets can provide new insights into
brain feature discrimination. This expands the utility of a classification algorithm from a
final output to an investigative process. The consideration of other data structures is
equally conceivable: As an example, time series usually offer the possibility to divide
them into subsets. On the one hand, there are multivariate time series, which represent
several signals over time. Medical examples are the electrocardiogram (ECG) or
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electroencephalography (EEG), where information is obtained from various leads or
multiple electrodes on the scalp. If we build a machine learning model that extracts
features from each signal independently (e.g., sliding-window approaches), we are able
to describe the information gain of every signal. With this knowledge, the cardiologist’s
focus could be directed to a specific lead in the ECG - or the neurologist to a specific
EEG-channel. On the other hand, a subdivision into phases is also conceivable for
univariate time series.

However, it is precisely at this point that a limitation of our method becomes
apparent. The features must be extracted independently of the subsequences. Modern
end-to-end algorithms, such as convolutional neural networks, cannot be measured with
the presented approach. Furthermore, a more in-depth analysis of the method based on a
comparison to alternative algorithm (e.g., grouped SHAP values), different metrics, or
multiclass problems are still pending for the future.

Nevertheless, the additional benefit of analyzing the importance of entire subsets
through feature-based methods should not be ignored. In contrast to time series, all
groupable types of data are conceivable, whether a questionnaire according to categories
or a clinical examination according to organ parameters.

5. Conclusion

We presented the grouped permutation importance to achieve a better understanding of
the underlying problem by examining subsets of features. In this context, better
localization of information in the data produces new insights. Through an example from
brain research, we have shown how different brain regions are involved in a decision-
making process depending on the target variable. In addition, many applications are
conceivable since, especially in medicine, data sets usually consist of a large number of
characteristics that can be grouped together in clinically meaningful categories.
Determining their impact on a predictive algorithm opens entirely new possibilities in
understanding, detecting, and treating diseases.
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Abstract. In 2022, the Medical Informatics Europe conference created a special
topic called “Challenges of trustable Al and added-value on health” which was
centered around the theme of eXplainable Artificial Intelligence. Unfortunately, two
opposite views remain for biomedical applications of machine learning: accepting
to use reliable but opaque models, vs. enforce models to be explainable. In this
contribution we discuss these two opposite approaches and illustrate with examples
the differences between them.

Keywords. Artificial intelligence, Explainability, Algorithms, Decision making,
Trust

1. Introduction

Artificial intelligence systems are not yet used significantly in practice, which raises the
question of their perceived usefulness [1], trustworthiness [2] and acceptance [3] by
physicians. In 2022, the Medical Informatics Europe conference created a special topic
called “Challenges of trustable Al and added-value on health” which was centered
around the theme of eXplainable Artificial Intelligence [4]. The main idea is that new Al
systems operate like black boxes [5] and cannot explain their predictions. We agree that
this raises problems for the acceptance of such systems by physicians. However,
imposing explainability as a mandatory criterion could lead to not being able to use the
most efficient algorithms in certain situations. After presenting arguments in favor and
then against explainibility of black boxes, we show that opinions are less clear-cut than
it seems at first glance.

2. Results and discussion

Some models present inherent explainability such as decision trees where the explanation
is the model. In applications on medical imaging, genomic data or hospital reports, data
and models are very complex. The relationship between inputs and outputs is not linear
and cannot be explained by a simple model, which requires post-hoc interpretation [6].
One solution is to build, in parallel with the black box, a model for which we know the

! Corresponding Author, Dr Cedric Bousquet, SSPIM, Batiment CIM42, chemin de la Marandiére,
Hopital Nord, 42055 Saint Etienne; E-mail: cedric.bousquet@chu-st-etienne. fr.
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execution logic, for example a linear regression model, by trying to make its response
correspond as well as possible to the response of the black box. However, the substitution
model presents lower performances than those of the black box. In the case of medical
imaging, this is generally performed using saliency maps [7]. Post-hoc interpretations of
black box predictions generate explanations that are not necessarily related to these
predictions. This can lead to an erroneous belief that we understand the predictions of
the model when we do not know its internal behavior [8].

Additionally, these explanation algorithms lack robustness because they may not
generate similar explainations when confronted to similar data, as a small change in data
may lead to different explanations. It is also difficult to retrace the steps when the system
makes an error using post-hoc interpretation because it imperfectly approximates the
function leading to the prediction. Saliency maps applied to images make it possible for
the clinician to see where the regions of interest are, but do not indicate what is the
characteristic that makes the regions interesting for the system [6]. Moreover, Abedayo
et al. showed that the ability to evaluate predictions through a visual representation can
mislead the user [9]. Experimentally, they established that some salience methods are
independent of the model and the way the data is generated. Explainability is primarily
intended for the system’s implementers [6] who can thus determine why their system is
not providing the correct answer, and thus improve it.

In some cases, it is truly impossible to produce an explanation that makes sense to
the user. An example of this is DeepGestalt, an algorithm capable of recognizing facial
phenotypes associated with genetic disorders; the system works well, however it is
unable to give explanations to the end user of what were the features that induced the
final diagnosis [10]. Explainability is certainly desirable and, although we hope that it
will be implemented in future algorithms by design, it should not be constrained to the
detriment of the use of Al systems that are difficult to explain but which can be of service
to the patient.
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Abstract. Patients suffering from heart failure (HF) symptoms and a normal
left ventricular ejection fraction (LVEF 50%) present very different
clinical phenotypes that could influence their survival. This study aims to
identify phenotypes of this type of HF by using the medical information
database from Rennes University Hospital Center. We present a
preliminary work, where we explore the use of clinical variables from
health electronic records (HER) in addition to echocardiography to
identify several phenotypes of patients suffering from heart failure with
preserved ejection fraction. The proposed methodology identifies 4
clusters with various characteristics (both clinical and echocardiographic)
that are linked to survival (death, surgery, hospitalization). In the future,
this work could be deployed as a tool for the physician to assess risks and
contribute to support better care for patients.

Keywords. machine learning, phenotyping, Heart failure, Health
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1. Introduction

The number of patients who suffer from heart failure (HF) symptoms and a normal left
ventricular ejection faction (LVEF >50%) is growing up [1,2]. This pathology is
referred to HF with preserved ejection faction (HFpEF). However, it represents an
heterogeneous syndrome with very different clinical phenotypes [1,3]. This study aims
to use both the clinical variables available in health electronic records and
echocardiographic parameters to classify patients suffering from HFpEF into groups
who likely share similar physiological profiles. Here, we proposed an algorithm to
classify the patients into phenogroups. Finally, we attempted to links these phenogroups
to their follow-up. We study three survival outputs: death, surgery and admission in
cardiology. Heading
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2. Methods

The number of patients who suffer from heart failure (HF) symptoms and a normal left
ventricular ejection faction (LVEF >50%) is growing up [1,2]. This pathology is
referred to HF with preserved ejection faction (HFpEF). However, it represents an
heterogeneous syndrome with very different clinical phenotypes [1,3]. This study aims
to use both the clinical variables available in health electronic records and
echocardiographic parameters to classify patients suffering from HFpEF into groups
who likely share similar physiological profiles. Here, we proposed an algorithm to
classify the patients into phenogroups. Finally, we attempted to links these phenogroups
to their follow-up. We study three survival outputs: death, surgery and admission in
cardiology.

We performed a two-step cluster analysis to identify common characteristics
among patients. As a first step, we performed Principal Component Analysis (PCA)
following by a spectral clustering to the 10 first coordinates of the PCA. The follow-up
information about the vital status of the patients was obtain from both data available
from the data warehouse and from the National Institute of Statistics and Economic
Studies. We matched firstname, surname, date of birth and town of birth when it was
available. We collected stays into cardiology department from the data warehouse and
CIM-10 codes were used to extract the surgery information. We conducted a survival
analysis on death, surgery, and the admission to the cardiology department.

The final aim is to classify new patients, then we used supervised machine learning
algorithms to predict the phenogroup that are defined by the clustering algorithm. We
optimized two algorithms: SVM and Random forest. We split the cohort into two sets
(train and test), the algorithms are trained on the first set and we evaluate there
performance on the second one. Performance was evaluated by computing AUC ROC
and accuracy.

3. Results

The final sample eligible included around 2500 patients with echocardiography and
suffering from HFpEF. The variables included in the two-step cluster analysis were
both clinical (13 variables) and echographic (17 variables). Four clusters were
identified from the clustering algorithm. The groups were relatively well balanced with
respectively: 753, 744, 519 and 545 patients.

From these clusters, we extract significant distinct variables between clusters.
After performing survival analysis, we observed that clusters have significative
different survival curves in particular for death.

Optimization of machine learning models has been conducted on training sets
(75%) in addition to bootstrap. Then, we evaluated the models on the test sets. The
performances of these two models are satisfying with an AUC upper than 0.97 and an
accuracy upper than 0.92. We retain the SVM model that provides better performance
on the two criteria to classify patients.
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4. Discussion

The clinical variable extraction from health records is not perfect because of automatic
extraction, and some variables are of poor quality or missing for a non-negligible
number of patients. Even if, the cardiologists help us to perform quality control of data,
we can improve this part by using NLP techniques.

Imputation of missing values was done using KNN- algorithm. Our algorithm
could be tested with the dataset imputed by the mean of the median of the variables for
examples. Then, we could determine which imputation method gives the better results.

The final step could be to build a score to predict the phenotype of patients or even
their survival (death, hospitalization, surgery).

5. Conclusion

We develop a POC of machine learning model to predict the phenotype of patients
suffering from HFpEF from both clinical and echocardiography data from data
warehouse of Rennes University Hospital Center. The phenotyping of HFpEF could
improve the characterization of patients, the definition of the most appropriate
treatments, and the care pathways.
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Abstract. Many clinical decision support systems (CDSS) have shown good
performance in the research context, but only a few have been brought into routine
care. Analysis of success or failure factors in the design of CDSS may support
translation from development to routine care by guiding CDSS design and
development along these factors. In this work, we propose a schema to describe
CDSS designs in a consistent way. We focus on design criteria with the aim to
investigate the observed translation gap in CDSS. Existing description models on
different aspects relevant for CDSS are combined to a comprehensive schema that
allows description and comparison of CDSS without limitation to the domain or
architecture.
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1. Introduction

CDSS approaches have been under development for nearly seven decades [1]. Contrary
to the manifold of CDSS developments, just a few of these systems have reached routine
care. The CDSS software life cycle is complex and the systems are heterogeneous [2].
We propose a schema to describe CDSS at a detail level that is able to catch the relevant
design factors without limiting its applicability. The overall aim of this work is to
contribute to the research on success and failure factors of CDSS by consistent and
comparable description of such systems.

2. Methods

To cover the main design factors of CDSS, existing description models and schemata for
the topics “clinical decision-making”, “CDSS architecture” and “Al” are considered. The
identified criteria are grouped according to the CDSS software life cycle components (a)
initial design phase, (b) software, (c) inference and (d) knowledge base [2]. In the c/inical
decision-making process, the ProActlve concept is considered as a "business process"
from which nine essential tasks can be identified that lead to a robust decision. [3]. For
the topic CDSS architecture, different CDSS models [1, 4, 5] as well as an real CDSS
implementation [6] were compared to identify core functional components and designs.
For the topic Al the periodic system according to Hammond was considered [7].

! Corresponding author, Stefan VOGEL, University Medical Center Gottingen, Department of Medical
Informatics, D-37075 Gottingen, Germany; E-mail: stefan.vogel@med.uni-goettingen.de.



120

S. Vogel and D. Krefting / Towards a Generic Description Schema

3. Results

The research results gathered from the investigations of the three topics were
summarized into the following schema as a generic description approach for CDSS.

memSE0ELE Description Schemafor Slinical Decision Support SVELEINS e

Initial Designphase J Knowledge Base J—

Software J —{ Inference J
CDSS User ] Data Channel | Classify ] Decision Model ]
Clinical Outcome: Usability | Identify | Knowledge Database |
| B Plan/Conclude | Knowledge Artifacts |
CDSS-Human-Machine- ﬂ| Learning
Robotic/Manipulation
ity &
Interpretability
b Adaptabilty |

Trust Aspect

Figure 1. Generic description schema for CDSS

The schema allows to describe a CDSS design focusing on a specific CDSS life cycle
component or to describe and evaluate the CDSS as a whole.

4. Discussion

The research in the field of CDSS and AI will continue to be dynamic. Therefore, it
cannot be excluded that further components or criteria will have to be added to the
schema in the future.

5. Conclusions

The generic description schema is a harmonization approach, which includes essential
components and design criteria of CDSS.
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Abstract. Regulations set out strict restrictions on processing personal data. ML
models must also adhere to these restrictions, as it may be possible to infer personal
information from trained models. In this paper, we demonstrate the use of two novel
Al Privacy tools in a real-world healthcare application.
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1. Introduction

There is a known tension between the need to analyze personal data, and the need to
preserve privacy of data subjects, especially in the health domain. Data protection
regulations, such as GDPR, set out strict restrictions on the collection and processing of
personal data. As personal information may be derived from machine learning (ML)
models using inference attacks [1], models must also adhere to these requirements>.

Many techniques have been developed recently for privacy in ML models. However,
few of them have been applied in real-world settings. We demonstrate the use of two
such tools in a real system for early detection of melanoma’: ML model anonymization
and data minimization. We demonstrate their incorporation into the system data flow and
architecture and show initial results on a representative medical dataset.

2. Methods

First, model-guided anonymization [2] of the training data is performed and the model
is retrained on the anonymized data. Data minimization [3] is then applied to reduce the
amount and granularity of newly collected data input to the model. Both tools are
available in the open-source Al Privacy Toolkit*.

The melanoma diagnostic system is presented in Figure 1. Model anonymization is
applied as part of the model training phase. It does not require changes to the training
procedure itself, just an extra step of anonymizing the training data and retraining the
model on the anonymized data. Data minimization is applied on the final model, during
or after model validation. The resulting generalizations are fed into the data management
component so it can filter and generalize features before uploading to the cloud.
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EI-CQ

Figure 1. Melanoma diagnostic tool high-level architecture

3. Initial Results

The project has not yet begun collecting data, so results are shown on a similar dataset’.

Table 1. Result of applying model-guided anonymization on the Hepatitis dataset with different values of k.
Attack accuracy denotes the accuracy of a black-box membership inference attack on the resulting model.

Model type k Model accuracy Attack accuracy
Random forest None (original data) 0.81 0.66
5 0.81 0.45
10 0.78 0.46
Naive Bayes None (original data) 0.64 0.59
5 0.78 0.46
10 0.77 0.46

Table 2. Result of applying data minimization on the same dataset and models. Relative model accuracy
denotes the accuracy of the model on the generalized data relative to its accuracy on the original data.

Model type Relative model accuracy Suppressed features
Random forest 0.98 Albumin
Naive Bayes 0.93 Antivirals, Histology
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Abstract. Recently, digital apps have entered the market to enable the early
diagnosis of dementia by offering digital dementia screenings. Some of these apps
use Machine Learning (ML) to predict cognitive impairment. The aim of this work
is to find explanations for the predictions of such a mobile application called
DemPredict using methods from the field of Explainable Artificial Intelligence
(XAI). In order to evaluate which method is best suited, different XAl approaches
are used and compared. However, the comparability of the results is a key challenge.
By evaluating the trustworthiness, stability, and computation time of the methods,
it is possible to identify the optimal XAl approaches for the respective algorithms.

Keywords. explainable artificial intelligence, interpretable machine learning,
dementia screening, precision care, Alzheimer’s disease

1. Introduction and Methods

Research shows that diagnosing dementia as early as possible is critical to the success of
interventions [1]. This is also the aim of a digital health application called DemPredict
using various psychometric tests as well as automated and optimized outcome of the
assessment with ML [2,3]. To be successfully deployed in the outpatient setting,
confidence in the results must be improved through explanations. To this end, for the
best performing algorithms Random Forest (RF) and k-Nearest Neighbors (kNN), the
extent to which XAI can be used will be examined [3]. From a structured literature
review, it was decided to evaluate the model-agnostic procedures LIME and SHAP [4]
as well as the model-specific procedures CHIRPS [5] for RF and an example-based
explanation of the kNN. Since there is no common consensus on what explainability
means for ML, there are no uniform performance measures against which an explanation
can be evaluated [4]. Doshi-Velez and Kim formulated a general approach to evaluate
the different XAI methods by distinguishing between different levels [6]. In this work,
the functional level evaluation is focused. It is based on the three criteria: computation
time, trustworthiness, and stability. The first criterion is intended to measure the runtime
required by a XAI method to generate an explanation. To obtain a robust value, this
measurement is performed for ten test samples, with the average of the calculation times
serving as a comparison value. The trustworthiness of a XAI method is evaluated by
measuring how true the explanations of this procedure are [7]. In order to quantify the
trustworthiness of the XAl method, the Most Relevant First (MoRF) perturbation curve
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is calculated [8]. This measures how the classification probabilities change if the
information is removed from the input of the ML algorithm [8] and can be implemented
by removing features and replacing the values of selected features with the mean value
of the corresponding class. The stability property guarantees that the same explanations
are generated under the same conditions [9]. In order to measure the stability of a method,
it is examined how the XAI methods behave when generating explanations of the same
sample several times [9,10]. The coefficient of variation is calculated to measure the
dispersion of the influences of a feature.

2.  Results, Discussion and Conclusions

In terms of computation times, LIME shows the fastest computation times on both ML
models. CHIRPS lies between LIME and SHAP, while the example-based explanation
of the kNN has the highest time on average. Regarding the trustworthiness of the model-
agnostic procedures, SHAP shows lower MoRF values than LIME on both ML models.
Lower MoRF values indicate higher trustworthiness in the explanations, as the
classification probability decreases faster if the important features are replaced with the
mean. In comparison to the model-agnostic procedures, CHIRPS does not calculate the
influence values of the features but generates a classification rule as an explanation.
Instead of the MoRF curve, the evaluation of trustworthiness is measured using the
performance measures of the classification rule. These show comparable performance to
those of the underlying RF, meaning that the most important components of the RF have
been identified. For the example-based explanations, trustworthiness can be considered
optimal, since the explanations correspond to the k nearest neighbors, which are also
used for the classification. As CHIRPS and the example-based explanations are based on
deterministic algorithms, the stability of the methods can be considered optimal. Among
the model-agnostic methods, in particular, LIME shows instabilities. In contrast, the
SHAP method shows only minimal fluctuations in the coefficient of variation. A concept
was developed to carry out an evaluation that offers the possibility to compare
conceptually different XAI methods on the functional level. However, the model-
agnostic methods can be compared in a more differentiated way, as the MoRF curve and
the stability can be calculated explicitly.
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Abstract. The aim of this study was to develop a peer-to-peer virtual intervention
for patients with type 2 diabetes from different segments: patients who take several
medications (medication group), patients who do not take diabetes medications
(lifestyle group), and a mixed group. Preliminary results showed that patients in the
lifestyle group were interested in preventive strategies, reporting better learning
experience and higher motivation than those in the medication group. Future
research is needed to design approaches tailored to patients in the medication group.

Keywords. behavioral segmentation, peer-to-peer support, type 2 diabetes

1. Background

Type 2 Diabetes (T2D) is a major challenge for health systems worldwide [1]. A minority
of patients achieve good control of disease whereas the majority struggle to do so, despite
having access to the same resources [2]-[4]. Not all patients have the same preferences
when it comes to treatments of T2D. The aim of this study is to develop a new, scalable,
data driven approach for patients with T2D in the form of peer-to-peer support in a virtual
environment, based on patient segmentation on medication-taking behavior.
Segmentation is widely used in marketing [5] but still largely unexplored in healthcare
[6],[7] and it is usually not adopted for the provision of tailored interventions, despite
growing evidence that it could support patient self-management [8],[9].

2. Pilot Experiment
Three peer-to-peer virtual workshops were performed (N=14 patients out of a dataset of

825 patients): medication group (patients taking anti-hypertensives, anti-cholesterol, 1%
line, and 2™ line diabetes drugs); lifestyle group (patients not taking diabetes drugs), and
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a mixed group. Patients filled out surveys regarding attitudes, learning and motivation.
The protocol was approved by the Ethics Boards at Queen’s University Health Sciences
& Affiliated Teaching Hospitals (Oct 5, 2020) and at Ryerson University (Mar 10, 2021).

The groups did not differ in terms of age and gender distribution, and the average
values of biomarkers (glycated hemoglobin, low-density lipoprotein, systolic and
diastolic blood pressure) were similar. All participants appreciated the value of being
with other people with the same disease to share their stories, regardless of the patient
segment and regardless of their level of control of disease. Differences were observed
between groups in terms of self-reported learning and preferred topics (i.e., diet, exercise,
and management of diabetes related symptoms in the mixed and lifestyle groups). In the
mixed and lifestyle groups, patients identified specific practical solutions, they were
satisfied with the format, and they were willing to recommend the workshop to others,
whereas patients in the medication group were interested in managing the ‘effects’ of
diabetes (symptoms, stress, mental health) rather than in preventive strategies.

Future research will be needed to develop approaches tailored to the needs of
patients in the medication group (e.g., a discussion oriented to managing the effects of
diabetes and improving medication adherence). The proposed approach is potentially
scalable as it uses a fully virtual process, it does not require healthcare provider
supervision, and is based on EMR data that are widely used globally.
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Abstract. We propose a re-calibration method for Machine Learning models, based
on computing confidence intervals for the predicted confidence scores. We show
the effectiveness of the proposed method on a COVID-19 diagnosis benchmark.
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1. Introduction

Machine Learning (ML) has shown promising accuracy in the clinical domain, but there
are important limitations in terms of other quality dimensions [1], including calibration
[4]: this is the extent the confidence scores associated with each prediction are close to
the observed frequency of events. A possible solution to this problem is to apply a re-
calibration method, so to adjust confidence scores [3]. Several such techniques have been
proposed in the literature; however, existing methods do not provide any guarantee and
require additional data for re-calibration.

2. Method

In this article we propose a re-calibration method based on the computation of confidence
intervals for the confidence scores provided by any ML model. Let S = {(x;,yi)}",
be the training set, and & a classifier, where A(x) is the confidence score associated
the positive class. We first partition S into k bins S,l, ... ,S,’i, by sorting the instances’
confidence scores. Then, this partition is used to compute confidence intervals around
h(x): given a confidence score (x) falling in a bin S¢, we compute a confidence inter-

5 o f—l 5 erf!

val (given a € (0,1)) as: |max{0,h(x) — %},min{l,h(x) + W}},

where h(x) € S¢, 6; is the average confidence score in bin S, and erf is the error function.
We evaluated the proposed method, in comparison with other re-calibration meth-

ods, on a public dataset for the task of COVID-19 diagnosis from routine blood exams

[1]. The training set consists of 1736 samples collected from February to May 2020 at the

IRCCS Ospedale San Raffaele (OSR), in Milan, Italy. The test set consists of 224 sam-
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ples collected in November 2020 at IRCCS OSR. See [1] for further details. In regard to
ML models, we used a state-of-the-art SVM-based model [1] as baseline and compared
4 re-calibration methods: Sigmoid regression (SR); Isotonic regression [3] (IR); Venn
prediction [2] (VP); our proposed method (o = 0.90). Models were compared in terms
of the Brier score 1 Y| (h(x;) — y;)? and graphical analysis of the reliability diagrams.

n Li=

3. Results and Discussion

The results of the experiment are shown in Figure 1. The proposed method reported a
consistent improvement in calibration, as shown by the lower Brier score and the fact
that the bisector line lies within the interval bounds. By contrast, the other methods did
not provide any improvement compared to the baseline model, in terms of Brier score.

1.0 -
—— SVM (Brier: 0.14) "'Q'l
Proposed (Brier: 0.09) “‘,’/
= VP(Brier: 0.14) oy A
081 SR (Brier: 0.14) Ey
-
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Figure 1. Reliability diagram for the considered models. The dashed line denotes perfect calibration.

4. Conclusion

We proposed a novel re-calibration method, based on computing confidence intervals for
the confidence scores provided by a ML model. Through an illustrative experiment, we
showed that the proposed technique provides better calibration than existing methods.
However, further and more extensive experimental validation should be conducted.
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Abstract. The FutureGlove project aims to further develop the CarbonHand system
(a wearable assistive glove) by introducing a new software monitoring application.
Within this study, we consulted five physiotherapists during online sessions to gain
their views on use of data and patients” empowerment. These first insights suggested
that more data needs to be collected than it is doing now to monitor the patients’
progress, that therapists would like to personalize the amount of freedom they
provide to their patients, and that they would like decision support for algorithms,
but they do not fully trust them.
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1. Introduction

In FutureGlove, a project within the Eurostars Programme (project ID: 114821) the
Carbonhand system is being further developed into a next generation light, wearable
robotic glove for hand impaired patients. The system has a high potential to act as a
therapeutic assistive device for support during active daily living (ADL) and during
therapy. The Carbonhand showed improvement in grip, strength and improved hand
function in clinical studies [1,2]. For more information on the CarbonHand system and
the glove’s settings, please refer to the website of BioServo:
https://www.bioservo.com/healthcare.

A software monitoring application providing access to the patients’ results is part
of this new technology. These will enable the rehabilitation process while the patient has
the freedom to use the device on his or her own. The development follows an iterative,
user-centric approach, and ensures that the design is based on user’s needs.

2. Method

Online design session interviews were conducted with five physiotherapists to acquire
their insights on functionalities of the software monitoring application, specifically
regarding use of data and patients’ empowerment. The participants gave permission to
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be video and audio recorded, and to use their data. After transcribing the interviews, two
cycles of inductive (thus whilst reading the interview) coding as described by Saldafia
were performed, with a good intercoder reliability (Kappa coefficient of .82) [3].

3. Results and Discussion

According to the therapists, more data needs to be collected than the system is doing now
[2], with the goal of monitoring the patients’ progress. The most mentioned parameters
are: glove’ usage, number of grasp movements, and glove’s strength the user needs to
make a grip.

The power given to a patient depends on his or her cognition and technological level.
Accordingly, therapists should be able to personalize the amount of freedom given to a
patient. Furthermore, patients should always discuss the data with the therapist to avoid
misinterpretation. However, not giving patients the full power to use the technology on
their own contrasts with an emerging approach to eHealth where patient empowerment
is used to promote self-management and patient independence [4]. A way for patients to
use the glove more independently and empower them is to have an algorithm learning
from the parameters retrieved and automatically change the glove's settings and give
advice. Nevertheless, an algorithm cannot be fully trusted to do that, also because it
cannot know patients’ hand dysfunction. Knowing that could give more reliable
suggestions, but it might still not be safe to use as there are many factors which cannot
be predicted. This could harm the patient, as debated in [5].

However, as smart decision making by algorithms has high potential, could also save
time for therapists, and create personalised messages for patients. Because of the benefits,
it is important to make this advice trustworthy, therefor evidence-based, good quality
and user-friendly presentation of data is needed [6]. Moreover, ethical considerations
should be made [5].

Because of the low number of participants, general conclusions cannot be drawn.
However, the results of this study lead to recommendations for the development of the
first prototype of the software monitoring application of FutureGlove. Therapists and
patients will be further involved during testing and the further refinement of the prototype.
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Abstract. Exercise of meaningful activities is important for people living with
dementia, both for quality of life and to maintain the necessary basic activities of
daily living. A method is proposed for recommendation of replacements for lost
meaningful activities that accounts for the need to maintain activities of daily living.
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1. Introduction

Dementia is a set of symptoms that include deterioration in memory and a decline in the
ability to perform everyday activities. Persons Living With Dementia (PLWDs) require
increasing care as their underlying disease progresses. There are benefits of independent
living to PLWDs in improved quality of life, and societal benefits of reduced costs
compared to institutional care [1]. To maintain independent living, PLWDS need to
continue to perform Activities of Daily Living (ADL) [2] and Instrumental Activities of
Daily Living (IADL) [3]. Quality of life (QoL) is enhanced by Meaningful Activities
(MA) which have the additional benefits of exercising (I)ADLs, thus slowing decline [4].
If the ability to perform MAs is lost, QoL is reduced; (I)ADLs and skills intrinsic to
an MA may no longer be performed. For example, an MA of ‘attending church’ may
exercise the ‘dressing’ and ‘transportation’ IADLs, and cognitive, language and social
skills. Should loss of an MA occur, we seek to recommend alternative MAs that will
maintain a PLWD’s QoL and ensure that (I)ADLs and skills continue to be exercised

2. Methods

For each MA, we determine which other activities are exercised. Table 1 gives an
example of some MAs and the activities and skills that each exercises. Should an MA no
longer be performed, the set of MAs is used to generate a ranked recommendation list
by using a simple k nearest neighbour (knn) method [5]. Detection and recommendation
need not be ‘real time’ but a swift recommendation would be beneficial to help minimize
loss of ability to perform the component activities of an MA.

! Corresponding Author, Department of Computer Science, Technological University Dublin, Dublin,
Ireland; E-mail: jonathan.turner@tudublin.ie
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Table 1. Example MAs and the ADLS and IADLs that they exercise.
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3. Results

A simple example based on the information shown in Table 1 and using the simple knn
method is given. If we assume that a PLWD can no longer play sport, we see how close
the other MAs in our set are by simple matching of activities and skills. This gives us a
ranked list of suggested replacement MAs: coffee with friends (6 matches), meals with
family (5), current affairs (1). So, we would recommend consideration be given to ‘coffee
with friends’ as an activity that could replace the benefits lost by no longer playing sport.

4. Discussion

We plan to further refine the replacement activity selection algorithm and the selection
criteria, to include themes that describe the rewards of MAs such as physical activity,
being part of a community, or spiritual rewards; and to include flags to filter out MAs
that may be inappropriate to recommend, e.g. ‘visiting graveyards’.

5. Conclusions

There is potential to help PLWDs maintain essential (I)ADLs and skills if performance
of an MA that exercises (I)ADLs and skills declines, by generating a ranked list of
suggested replacement MAs. By encouraging PLWDs to replace lost MAs by alternative
MA:s, it is suggested that the period of independent living for PLWDs may be extended.
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Abstract. In this work, we propose a method to segment endoscope and guidewire
from 2D X-ray fluoroscopic images of an endoscopic retrograde
cholangiopancreatography (ERCP). We used an improved U-Net model. We
obtained a Dice score of 0.94+0.05 for endoscope segmentation and a Hausdorff
distance of 24.26 pixels for the guidewire segmentation. These preliminary results
pave the way for further applications aiming at aiding the medical procedure.

Keywords. ERCP, X-Ray Fluoroscopy, U-Net

1. Introduction

Endoscopic Retrograde CholangioPancreatography is a minimally invasive procedure
allowing draining the bile ducts in the setting of stones or neoplastic structuring. The
instruments and guidewire used are radio-opaque and can therefore be monitored within
the bile ducts using 2D X-ray fluoroscopy. However, contrast agent should remain
limited because of the risk of cholangitis. In light of these shortcomings, this preliminary
work aims to segment instruments in 2D X-ray fluoroscopy images.

2. Methods

We used a well-known approach in biomedical imaging called U-Net [1] to segment the
endoscope and the guidewire. To cope with the difficulties related to the topology of the
guidewire which is long and thin, the low contrast and signal to noise ratio, we propose
specific pre- and post-processing steps to enhance this deep learning method.

Endoscope segmentation. We followed the same steps of pre-processing as per the nnU-
Net [2] approach, consisting in cropping to keep non-zero regions only, normalizing
intensity and data augmentation. The image database contained 300 annotated images.
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Data augmentation allowed for the creation of 3200 additional ones. We applied elastic
transformations in a limited range to keep medically plausible images. A first dataset of
2100 images was used for training, a second of 700 images for validation, and a third of
700 images for test.

Training parameters. We trained a generic improved U-Net with a leaky ReLU, Batch
normalization and a loss function combining Binary Cross-entropy and Dice loss.
Post-processing. We applied a post-processing to remove small artifacts from the
network prediction. The post-processing consisted of a morphological opening with a
structuring element of 10x10 pixels followed by a morphological closing by a structuring
element of 70x70 pixels.

Guidewire segmentation. Some additional steps were added to the preprocessing. We
enhanced the guidewire with a morphological erosion and dilated the binary mask
(annotation) with a structuring element of 3x3 pixels. Then, we generated 1000 images
from the 100 previously annotated images. Finally, we included a regularization term in
the loss function to overcome large class imbalance. This term is based on the percentage
of the guidewire in the images (less than 1%), as learned from the database, and
constrains the model to prioritize guidewire pixels instead of background.

3. Results

The Dice score was used to evaluate the endoscope segmentation. After post- processing,
an average Dice score of 0.94 0.05 was obtained. Furthermore, we applied segmentation
activation map based on gradient [3] to visualize which pixels are used by the network
during segmentation. The results clearly demonstrate that pixels from endoscope only
are used for the prediction making. To evaluate the segmentation of the guidewire we
used a stricter metric, the Hausdorff Distance (HD) which is more adapted to long, thin
objects. The smaller the HD the better the segmentation. An average HD of 24.26 pixels
for native images of size 1024x1024 pixels was obtained. Qualitative results are available
at this link: https://github.com/garancemartin/mie_results.

4. Discussion & conclusion

The endoscope segmentation is very promising. More annotated data would certainly
improve this result. On the other hand, although the proposed additional steps improve
the performances on the guidewire segmentation, the results do not completely meet
expectations for now.

In future work we plan to introduce hybrid Al, combining knowledge not only on the
guidewire but also on the structure of the biliary ducts.
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Abstract. A strong trend in the software industry is to merge the activities of
deployment and operationalization through the DevOps approach, which in the case
of artificial intelligence is called Machine Learning Operations (MLOps). We
present here a microservices architecture containing the whole pipeline (frontend,
backend, data predictions) hosted in Docker containers which exposes a model
implemented for opinion prediction in Twitter on the COVID vaccines. This is the
first description in the literature of implementing a microservice architecture using
TorchServe, a library for serving Pytorch models.

Keywords. Artificial Intelligence, MLOps, COVID-19, Social Media, Vaccines

1. Introduction

The remarkable performance of deep learning and its ongoing improvements raises the
question of its usability in real life in the medical context. In this paper, we evaluate the
feasibility of implementing a microservices architecture for the deployment of a deep
learning model to classify Twitter users’ opinion about COVID-19 vaccination that was
implemented in a previous work [1]. In a nutshell, a deep learning model was
implemented with PyTorch and CamemBERT [2], a French variant of Bidirectional
Encoder Representations from Transformers (BERT) [3].

2. Method

We implemented an architecture based on three components within Docker containers,
NGINX and two microservices: a backend implemented with Django-uWSGI and a
prediction application programming interface deployed with TorchServe. We
customized an inference handler and started TorchServe to serve the model, listening for
clients’ requests, and processing these requests. Docker-compose was used to define,
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build and manage the containers providing the services. Communications between
clients and the server are managed through a RESTful APl without maintaining the
session state, hence the use of a JSON web token each time the client requests a service
requiring authentication. The architecture is shown in figure 1.

TorchServe

Figure 1. The microservices architecture.

3. Results and Discussion

As a proof of concept, we have implemented a simple web interface that allows the user
to request the analysis of a sentence using our model. This request is then forwarded to
Django via NGINX and uWSGI, then validated (format, authorization, etc.) and finally
sent to our TorchServe service for prediction. Finally, the result is presented to the user
in the same web interface. This interface was implemented using Vue.js, an open source
JavaScript framework for building user interface and single-page applications. The F-
Score of the classifier was 0.75 (precision: 0.74; recall: 0.75) [1].

This work demonstrates the feasibility of integrating a deep learning model with
other applications once it is served using the proposed architecture. Furthermore, it is
quite flexible, and it can be modified to meet various requirements. To our knowledge,
this is the first description of a microservices architecture using TorchServe in the
medical literature. This library presents two benefits: First, TorchServe keeps the deep
learning model in memory and doesn’t necessitate to reload it every time a new request
arrives. It can also handle requests in parallels. Second, TorchServe can manage a pre-
processing and a post-processing function that are defined in handlers. The main
limitation of this work is that it does not take into account all the constraints related to
production such as scaling, management of versions of the model, and verification of the
stability of predictions over time.

This preliminary work is a first step for a research program on best practices related
to the deployment of deep learning algorithms using Machine Learning Operations
(MLOps), their advantages and disadvantages. It can serve as a basis for future
comparisons with other types of architectures.
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Abstract. Feature selection is a fundamental challenge in machine learning. For
instance in bioinformatics, it is essential when one wishes to detect biomarkers.
Tree-based methods are predominantly used for this purpose. In this paper, we study
the stability of the feature selection methods BORUTA, VITA, and RRF
(regularized random forest). In particular, we investigate the feature ranking
instability of the associated stochastic algorithms. For stabilization of the feature
ranks, we propose to compute consensus values from multiple feature selection runs,
applying rank aggregation techniques. Our results show that these consolidated
features are more accurate and robust, which helps to make practical machine
learning applications more trustworthy.

Keywords. Feature Selection, Random Forest, Rank Aggregation, Trustworthy Al

1. Motivation

Feature selection is an important preprocessing step in many machine learning
applications and has long been a fundamental challenge. In the biomedical field, feature
selection is commonly used for data-driven biomarker discovery. Most common feature
selection methods are based on the random forest (RF) classifier because it provides an
interpretable mechanism for computing feature importance. Very important aspects of
trustworthy Al are robustness and explainability [1]. A robust feature selector should (1)
report on a constant set of relevant features when executed on exactly the same data set
multiple times (stability), and (2) select the most relevant features for the modeling
process of interest. In this work we analyzed the robustness of three feature selection
methods which are widely used for data-driven biomarker discovery, namely the
BORUTA algorithm [2], the VITA algorithm [3], and the RRF algorithm [4]. In essence,
we are proposing to run the above mentioned algorithms multiple times and to
consolidate the observed rank variations of importance scores through rank aggregation
techniques. In simulation experiments on synthetic data we could show, that the RF
consensus feature ranks obtained via rank aggregation can substantially improve the
selection of the most important and best performing features.
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2. Results

For evaluation we used the Madelon data sets from the the UCI Machine Learning
Repository (https://archive.ics.uci.edu/ml/datasets/madelon). Madelon is synthetic and
contains data points grouped in 32 clusters placed on the vertices of a five-dimensional
hypercube randomly labeled +1 or -1. Madelon includes 20 relevant and 480 irrelevant
features. The performance of the feature selection algorithms was analyzed while sub-
sequentially down-sampling the data (15%, 25%, 50%, and 75%), leading to a stepwise
reduction of the relevant signals. The feature selection algorithms were executed 20 times
on exactly the same down-sampled data set. The rank aggregation techniques Borda
(12norm, mean, geometric mean, and median; [5]) and alternatively RRA [6] were
applied for the consensus calculations. To evaluate the stability of the feature selectors
coverage was used, defined as Rs/Rt, where Rs is the number of relevant features which
are successfully selected and R¢ is the total number of relevant features present in the
data. The analysis of the Madelon data set indicates that VITA as well as BORUTA can
be improved by consolidated consensus scores. When only 25% of the data are randomly
sampled, the overall performance and robustness decreases. A detailed summary of this
evaluation can be obtained from Table 1, where we also varied the number of trees within
the RF. We observe that for BORUTA and VITA, the consolidated consensus ranks have
a much higher coverage compared to the median coverage of the 20 feature selection
runs. This observation indicates that the consensus calculation may have a higher impact
on robustness than an increased number of trees. Even for a number of trees as high as
1000, there is a notable difference in performance between the worst (min coverage) and
the best (max coverage) run. Furthermore, we identify BORUTA as the most accurate
algorithm, especially when the number of trees is low and the signal is weak. However,
it is computationally more demanding than VITA. Compared to BORUTA and VITA,
RRF does not benefit much from the consensus calculations.

Table 1. Madelon data set. Coverage of the consensus ranks with varying numbers of trees.

FS Method n.trees  min/median/max 12norm mean geomean median RRA
BORUTA 100 0.32/0.50/0.74 0.79 0.79 0.84 0.84 0.79
500 0.58/0.68/0.79 0.74 0.74 0.79 0.74 0.74
1000 0.53/0.68/0.79 0.74 0.74 0.74 0.74 0.74
VITA 100 0.26/0.39/0.53 0.58 0.63 0.63 0.63 0.58
500 0.42/0.58/0.68 0.53 0.63 0.63 0.58 0.63
1000 0.52/0.68/0.79 0.74 0.74 0.74 0.74 0.74
RRF 100 0.37/0.47/0.58 0.26 0.37 0.47 0.47 0.47
500 0.42/0.47/0.58 0.42 0.47 0.47 0.47 0.42
1000 0.42/0.47/0.53 0.47 0.47 0.47 0.47 0.47
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Abstract. Acute kidney injury (AKI) is a common complication in critically ill
patients and is associated with long-term complications and an increased mortality.
This work presents preliminary findings from the first freely available European
intensive care database released by Amsterdam UMC. A machine learning (ML)
model was developed to predict AKI in the intensive care unit 12 hours before the
actual event. Main features of the model included medications and hemodynamic
parameters. Our models perform with an accuracy of 81.8% on moderate to severe
AKIT and 79.8% on all AKI patients. Those results can compete with models reported
in the literature and introduce an ML model for AKI based on European patient data.
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1. Introduction

Acute kidney injury (AKI) is a common complication in critically ill patients in the
intensive care unit (ICU). AKI is diagnosed based on reductions of urinary output and
elevations of serum creatinine, according to the KDIGO 2012 guidelines [1]. Since
preventative measures effectively reduce the incidence of AKI the development of
Machine Learning (ML) based models has been suggested for early identification [2].
Since the published models have mainly been developed on databases from the United
States, this study, we developed such a model, based on European patient data to achieve
an adequate generalizability [3].
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2. Methods

The AmsterdamUMCdb contains data of 23,106 medical and surgical patients treated
between 2003 and 2016 in the Amsterdam University Medical Centers. Available data
includes routinely collected ICU data. A cohort of moderate or severe AKI were
identified by an increase of their serum creatinine. A window of 48 hours was used to
predict an AKI 12 hours into the future.

3. Results

The best performing model achieved an accuracy of 81.8% on severe AKI patients and
79.8% on all patients. See the supplements for detailed results and feature analyses [4].

4. Discussion

Using the AmsterdamUMCdb database, an ML based model for the prediction of AKI
was developed and achieves a moderate accuracy. Frequently administered drugs that
optimize hemodynamics as well as blood pressure lowering drugs correlated positively
with the target variable. The limitations of the model include a missing validation on
other databases and the identification of AKI solely based on serum creatinine.

5. Conclusion

The AmsterdamUMCdD offers the first open-access database of European ICU patient
data. We present a novel ML model that accurately predicts severe AKI 12 hours prior
to clinical occurrence. Future work includes a validation on other databases and
implementation of other AKI criteria like reduced urine production.
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Abstract. In this study, we propose a unified evaluation framework for
systematically assessing the utility-privacy trade-off of synthetic data generation
(SDG) models. These SDG models are adapted to deal with longitudinal or tabular
data stemming from electronic health records (EHR) containing both discrete and
numeric features. Our evaluation framework considers different data sharing
scenarios and attacker models.
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1. Introduction

Synthetic Data Generation (SDG) models, and especially Generative Adversarial
Networks (GANs) [1] are innovative and rapidly evolving tools spanning a wide range
of fields that can produce new samples from a reference dataset with similar statistical
properties. This approach is increasingly considered for the generation of synthetic
electronic health records (EHRs) [2]. However, there is a lack of a standardized
evaluation of these tools, both in terms of utility and privacy.

Our main contributions are: (i) improvement of the SynTEG framework, [3], state-
of-the-art GAN-based SDG model for longitudinal EHR data, (ii) review of the most
used utility metrics for both tabular and longitudinal synthetic medical data (iii)
adaptation of a privacy-evaluation [4] with regards to hospital-related data sharing use
cases and the ability to model various degrees of adversarial background knowledge, and
(iv) development of a unified, practical and modular framework that encompasses both
utility and privacy metrics for a systematic evaluation of synthetic medical data.

2. Methods

Generative models: We selected the following two state-of-the art GAN-based models:
CTGAN [5] for tabular and SynTEG [3] for longitudinal data. We adapted SynTEG to
handle longitudinal EHR data that do not contain those diagnosis codes, and that include
continuous variables such as vital parameters. We propose a utility evaluation module
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that encompasses the most used utility metrics described in the literature that we
organized in six categories. This module characterizes the extent to which our models
capture correlations, distributions and temporal patterns of the original dataset. We
evaluated the capacity of the models to protect against privacy attacks by adapting and
improving the synthetic data privacy evaluation approach developed by Stadler et al. [4].
We enabled the framework to deal with attackers having various partial prior knowledge.
We are thus able to measure the risk of membership inference and attribute inference
attacks for each patient record. These modules are combined in a unified framework that
encompasses both utility and privacy evaluation 2.

3. Results

Results are based on a public dataset provided by the Texas "™ et o
Health Department [6]. The following figure shows a web-

based interactive dashboard through which the user can <=

assess the results of multivariate and univariate statistical —3
analysis and visually compare the results between the real k-
and synthetic dataset. We compute the privacy gain PG [4].
A high privacy gain indicates that the probability of re-
identification is greatly reduced when disclosing the
synthetic data rather than the original dataset. An example
report is provided in the Git repository. ="

L Utility Evalustion

4. Discussion and Conclusion

We proposed a unified benchmark to understand the potential gains and risks of using
synthetic data. Generative adversarial networks could be a way to fast-forward the
development of new Al-based clinical decision support systems or to easily access look-
alike data for training and education purposes. Yet, we strongly believe that a formal and
common evaluation metric is crucial.
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Abstract. Since the beginning of the year 2020, we have been suffering from the
COVID-19 pandemic and are daily exposed to misinformation, leading to myths
around vaccination and COVID-19. This study focuses on creating and distributing
a Conversational Agent (CA), named VWise, for a health intervention using Design-
Based Research (DBR), to help profile, guide, and inform the public about COVID-
19 and COVID-19 vaccination in the EMRO (Eastern Mediterranean Region of
Operations) region.

Keywords. Conversational Agent, NLU, Design-Based Research, COVID-19
vaccination.

1. Introduction

Vaccine hesitancy is a global issue, described as the refusal or delay of vaccine uptake
notwithstanding the availability of service [1]. To impact the public’s behavior, health
communication approaches should activate community participation and provide
avenues for individuals to receive and communicate their needs [ 1]. This study aims on
designing a Conversational Agent (CA) using Design-Based Research to help profile and
inform the public about COVID-19 and COVID-19 vaccination in the EMR region.

2. Methods and Results

The purpose of the Design-Based Research (DBR) is to generate new theories and
frameworks for conceptualizing learning, instruction, design processes, and educational
reform [3]. This study focuses on the first iteration of the Vwise design, using the
multiple cycles of the DBR approach - Design, Analyze and Review. After completing
the first iteration of the design cycle with the initial NLU model derived from the WHO
FAQ (Frequently Asked Questions), an improved model will be obtained to inform the
next phase, using Conversation Driven Development (CDD) process.
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VWise integration architecture as per figure 1, has a training model, distribution
channel, separate database to store conversations, finally the collected data analyzed, to
draw conclusions out of it. The entire navigation flow is set up in two separate Virtual
Machines, one hosts the web pages, and the other hosts the CA GUI which is the Rasa X
instance.
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Figure 1. The VWise integration architecture

3. Discussion and Conclusions

Even though using DBR is quite appealing in linking development and research as
closely as possible, evidence suggests that significant and transferable results can only
be achieved if numerous iterations are executed. Owing to the project’s timeline, we
propose that the necessary phases of DBR will be followed even in this short time frame
with limited number of iterations, to generate acceptable and practical recommendations
for designing a contextualized CA, which addresses vaccine hesitancy. The current stage
consists of the first iteration of the design, having covered the two cycles of analysis and
design. The evaluation and reflection phase will take place right after the end of the last
CDD process. As a pragmatic methodology, DBR can represent a holistic approach to
inform such innovative projects considering its iterative principles.
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Abstract. The objective of this study was to evaluate the predictive capability of
five machine learning models regarding the admission or discharge of emergency
department patients. A Random Forest classifier outperformed other models with
respect to the area under the receiver operating characteristic curve (AUC ROC).

Keywords. machine learning, emergency department, patient admission

1. Introduction and Background

One of the greatest challenges that most Emergency Departments (ED) face daily is the
surge of patient volume and the limited medical resources capacity. Fast recognition of
emergency problems requiring direct admission to the hospital is of utmost importance
to ensure an efficient triage workflow [1, 2]. In the present study, by using routine ED
data and laboratory exams, we evaluated five ML algorithms to promptly forecast patient
hospital admission and discharge, aiming at reducing the increased workload of
emergency specialists, reducing emergency department congestion, and improving
patient care.
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2. Methods and Materials

This observational retrospective research was conducted in the ED of a public tertiary
care hospital in Greece and has been approved by the Institutional Review Board of
Sismanogleio General Hospital. The experimental tasks are carried out using the caret
package in R [3]. During a one-year period from January until December 2020, there
were recorded 13,991 ED visits from patients who had undergone routine laboratory
testing. Apart from demographics (Age, Gender), we also included in our analysis
biochemical markers and coagulation tests in patients visiting the ED alongside the ED
outcome (admission or discharge, i.e. we deal with a binary classification problem).
Multiple Imputations by Chained Equations (MICE) method [4] for missing data
imputation was implemented and used with the R programming language. We applied
and evaluated the following classification models: linear discriminant analysis (method:
lda), Recursive Partitioning and Regression Trees (method: rpart), support vector
machines (method: svmRadial), k — nearest neighbor (method: knn), and random forests
(method: rf)[5].

3. Results

Among the different classifiers that were evaluated through 10-fold cross-validation, a
random forest model outperformed other models with respect to AUC ROC. The
performance metrics when we applied the five classifiers in the whole data set are
presented in the following table (Table 1).

Table 1. Performance metrics of the five classifiers in the whole data set

Metric/Method 1da rpart knn svmRadial rf
AUC ROC 0.7569 0.6995 0.6832 0.7788 0.7813

4. Discussion and Conclusions

In this study, we evaluated five classifiers to predict admission or discharge of
emergency department patients. A random forest model outperformed other models with
respect to AUC ROC. The proposed ML technique would act as an assisting tool for
clinicians in a way that its output summarizes part of the attributes that the clinicians take
into consideration to decide about hospital admission, especially in crowded emergency
departments where the available human resources are often limited.
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Abstract. This study® proposes the use of Bayesian Networks for the prediction of
unfavorable health events, and more especially pressure ulcers, in nursing homes.
From a database of electronic medical records, we learn an explainable and relevant
classifier, which performs better than the scores currently used in nursing homes.
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1. Introduction and Methods

With the development of new computer technologies in the healthcare field, a growing
number of healthcare institutions use information systems that gather administrative and
medical data on patients. NETSoins, edited by Teranga Software, is one of these systems
and is used by more than 3 000 nursing homes (NH). The goal is to use anonymous data
from this NH residents record software to develop algorithms able to predict several
adverse health events that are potentially preventable by appropriate health interventions.
As a first step, the prediction is focused on the occurrence of a resident’s first pressure
ulcer (PU). A PU is a lesion of the skin related to prolonged compression between a bone
and the support on which the patient rests. This condition is painful and a source of
infection, and it significantly impairs quality of life [1]. PU are however highly
preventable with a particular and multidisciplinary approach. Currently, NH staff can use
simple clinical tools to identify the residents at risk to develop PU, like the Norton and
the Braden scales, but they overlook important risk factors [2]. To develop a better
preventive system, we particularly focused on artificial intelligence methods with strong
explainability such as Bayesian Networks (BN). A BN is a probabilistic graphical model
that represents a set of variables and their conditional dependencies via a directed acyclic
graph [3]. BN are often considered as a good compromise between accuracy and
explainability. Here, we make the choice to focus on bringing knowledge from a medical
point of view (like new risk factors). This also allows the users, carers and medical staff,
to have confidence because they can understand the algorithm’s decision. In this process,
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we have retrieved information from medical records of more than 100 000 residents free
of PU at admission in the facility. Variables with potential interest were determined with
expert geriatricians and kept in the analysis based on the completion rate. A training
dataset was then set up with the parameters of the residents and two classes were defined:
experience the PU or not. An important issue is to take into account the transformation
of an event database into data that can be used by statistical learning, while keeping a
medical meaning. To elaborate a BN classifier, we learn the structure of the network
from estimates on the training base, and then compute the probability of belonging to a
class knowing the observations of each variable on an individual. For the evaluation, we
compute the F-score. This is the harmonic mean of the precision and sensitivity scores
and we want to maximize it. Three distinct datasets with different temporalities
objectives are created: a prediction 1 month before the PU episode, 2 and 3 months
before.

2. Results

Table 1. Summary tables of the different F-scores according to the methods and prediction timings

F-Score 1-month 2-months 3-months
BN Classifier 0.70 0.69 0,67
Random Forest 0.72 0.69 0.70
Braden Scale 0.32 - -
Norton Scale 0.29 - -

The results obtained are available in Table 1. We notice for pyAgrum’s BN Classifier
[4], that the more the timeline is far away, the more difficult it is to correctly predict the
PU. However, the results do not differ much and the benefit for the resident to have an
earlier preventive protocol is important. The F-Score of BN Classifier has been compared
with that of Random Forest and we found the predictive power was similar. We also
calculated the F-score of the Norton and Braden scales and our method has much better
results than the methods currently used in NH.

3. Discussion and Conclusions

In this paper, we propose a classification based on BN in a predictive medical context
that proves to be efficient in terms of results. It would also be calculated automatically,
which is a significant time saving for the caregiver. Many improvements are still
possible, in particular in the exploitation of the time series. The intent is that the approach
will be put into practice to generate alerts to bring high-risk situations to encourage to
implement preventive interventions for the targeted events.
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Abstract. In this study, we extracted information from 6,376 french CT scan semi-
structured text reports evaluating the cancer treatment response using the RECIST
methodology. We evaluated the performance against manual annotation of 100 re-
ports and measured the evolution of the presence of information over time. The re-
sults show high performances of the extraction as well as trends.
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1. Introduction

Biomedical research used to rely mostly on structured data, however an important part
of biomedical information is kept solely in the form of free text reports. Traditional
approaches including the identification of regular expressions (regex) have been
successfully used in numerous applications [1]. The Response Evaluation Criteria in
Solid Tumors (RECIST 1.1) [2] is a methodology used in clinical research and clinical
care to evaluate the efficacy of cancer treatments in solid tumors. The radiologists
evaluate the evolution of tumors along three axes: target lesions (for which quantitative
measurement are performed), non-target lesions, and the appearance of new lesions. An
overall conclusion is computed depending on the combination of criteria of the three
axes: complete response, partial response, stable disease, progressive disease or not-
assessable.

2. Methods

We queried the clinical data warehouse at the European Hospital Georges Pompidou,
located in Paris, France, to identify all semi-structured CT reports between January 1st,
2013 and December 31st, 2021. 6,376 reports were identified. We built a set of 243
regex to identify 20 key items using a trial and error process. We applied the regex on
the corpus and analyzed errors. We leveraged Py-Rex, a Python tool developed in-
house to extract information using the set of regex (code available at:
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https://github.com/Vitalizful/Py-Rex). To evaluate the performance, we annotated
manually a random sample of 100 documents for three items (baseline date, evolution
of the size of target tumors and global RECIST response) and affected the extracted
entities to either true positive, true negative, false positive or false negative. We used
precision, recall and F1-score to describe the performance of the extractor (see Table
1). To evaluate the stability and quality of the extraction over the study period, we
calculated the ratio of the number of data identified over the number of documents in a
given period for every trimester.

3. Results and Discussion

Figure 1 shows the evolution of the ratio over the 8 years of the study. Our system
captured increasingly more baseline data overtime (increasing from less than 20% of
documents to over 60%). Conversely, the identification and extraction of the evolution
of the size of target lesion gradually dropped from 90% to 60% over the period of
study. Finally, the global RECIST conclusion remains stable overtime at almost 100%
ratio of extraction.

Baseline date Evotution recist Recist global

Figure 1. Stability of the extraction over time. The y-axis describes the ratio of documents in which an item

is identified.
Table 1. Performance of the extraction
Precision Recall F1-Score
Baseline date 97.8% 95.7% 96.8%
RECIST evolution 97.3% 100% 98.6%
Global conclusion 99% 100% 99.5%

Exchanges between the data scientists and radiologist are required to fully take
advantage of the semi-structured documents. The overall performance of our method
for the items of interest was very high (over 95%). The application of regex on semi-
structured documents considerably simplifies the extraction process. We detected three
types of stability profiles: increase, decrease and stability of items. Overall the
evolution of the template of the semi-structured documents could be seen as an
evolutionary process. The evolution of the structuring of an item is the product of
selective pressure, mutation and drift. Our study used solely regex to identify and
extract items of interest; however state of the art methods for entity recognition rely on
machine learning methods, including neural networks (especially transformers
architectures). These methods require large sets of manual expert annotations and often
need to be retrained if new elements were to be added. In contrast, regex can be easily
developed by radiologists and data scientists together.
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Abstract. The ReMIAMes project proposes a methodological framework to
provide a reliable and reproducible measurement of the frequency of drug-drug
interactions (DDI) when performed on real-world data. This framework relies on
(1) a fine-grained and contextualized definition of DDIs, (ii) a shared minimum
information model to select the appropriate data for the correct interpretation of
potential DDIs, (iii) an ontology-based inference module able to handle missing
data to classify prescription lines with potential DDIs, (iv) a report generator
giving the value of the measurement and explanations when potential false positive
are detected due to a lack of available data. All the tools developed are intended to
be publicly shared under open license.

Keywords. Methodology, Quality, Data warehouse, drug drug interaction

1. Introduction

Drug-drug interactions (DDI) are a major source of adverse events and care
consumption (1) that could be avoided if they were taken into account at the time of
prescribing. Care data generated during hospitalization are now integrated in clinical
data warehouses (CDW). Detection of DDIs present in CDWs is therefore a mean to
control the quality of prescriptions and their pharmaceutical review process. To provide
reliable and reproducible results, observational studies on real-world data have to rely
on robust methodological basis (2). Many factors related to data source, DDI definition,
drug attributes or patient should be taken into account to correctly analyze DDIs (3).

The objective of the project ReMIAMes is to propose a methodological framework
to provide a reliable and reproducible measurement of DDIs frequency when
performed on different CDWs.
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2. Methods

The French Thesaurus of DDIs (4) is the reference material for DDIs. These DDIs are
analyzed to identify contextual attributes that may restrict their scope. It results in a
conceptual model of DDI and requirements on minimum dataset to be provided by
CDWs that are translated into a common model in a standard formalism (FHIR). Three
University Hospital (APHP, Rouen, Rennes) participate. They have audited their data
(drug administration data, lab data, clinical data) to identify their availability, their
formalism. Several cycles of process of extraction, transfer, loading (ETL) are
performed depending of the difficulty of providing certain requested data and
according to a pattern of increasing complexity. A DDI ontology based on OWL
formalism is modeled. Data received from CDWs are considered as instances and are
used to classify pairs of prescription lines as potential DDI. According to the
availability of information to decide, detected DDIs are classified as true positives, or
potential false positives. Several rounds of data analysis are performed to identify the
causes of false positives and let data providers to improve their ETL to reduce these
false positive.

3. Results

The project will result in recommendations for ETL, open data to populate the
ontology, ontology of DDIs and algorithms to analyze the data. A platform will
integrate all these components.

4. Discussion Conclusion

The project ReMIAMes project is part of the production of methodological frameworks
for the analysis of CDW data. It aims to improve the relevance and the quality of CDW
data and to raise awareness of their impact in order to make analyses more reliable.
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Abstract. The role of nurses in the management of sepsis and clinical deterioration,
and the potential use of Clinical Decision Support Systems to identify patients’
undesired outcomes are well recognized. In order to verify the association of such a
system adoption in the compliance of a hospital sepsis protocol on the nurses’
workflow and documentation, a three-stage study was conducted. Main findings
show that there is no statistically significant difference between the sepsis protocol
compliance data from before and after the system implementation; that nursing
caring-related activities are a priority over documentation and time spent using the
system; and that it was possible to validate a proposal of nursing documentation for
sepsis and clinical deterioration. This contributes to the improvement of nurses’
awareness of their engagement in nursing informatics issues in the era of big data.

Keywords. Nursing informatics, clinical decision support system, sepsis.

1. Introduction

Sepsis is a significant healthcare issue in Brazil, with death numbers ranging from
982,294 reported in 2002 to 1,133,761 as reported in 2010 census. Nurses’ role in the
assessment of first sepsis signs and symptoms is already well recognized [1]. The sepsis
protocol of a hospital that co-hosted this study was used for a Clinical Decision Support
Systems (CDSS) framework, based on the Modified Early Warning Score — MEWS [2].
This study had the objective to investigate the potential association of the adoption of
such system in the compliance of a Brazilian oncology hospital sepsis protocol and on
the nurses’ workflow and documentation.
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2. Methods

Developed during 2018 and 2019, the study comprehends three stages: a pre-exploratory,
exploratory and comparative analysis of septic patient registries before and after the
CDSS implementation; an observational study of nursing activities and a validation study
of a nursing documentation proposal. It was approved by the hospital IRB.

3. Results

Sepsis was more prevalent among male patients of 55 years, on average. Consciousness
levels (p = 0.0001) and systolic blood pressure (p = 0.0004) registries were more
prevalent. A significant decrease in the number of deaths registries (p = 0.0134), an
increase in the length of stay (p = 0.0001) and an increase in the mean of vital signs
registries per patient (p > 0.0001) among registries from the post implementation period.

In a four-hour observation period, nursing technicians spent an average of 1h22 min.,
nurses 55min. on direct patient care; 54 min. on indirect patient care, nurses 1h24 min.;
46 min. on personal care, nurses 29 min.; 28 min. on nursing records, nurses 44min.; 20
min. on urgent care, nurses 22 min.; and 10 min. with the CDSS, nurses 23min.

Finally, out of the 83 possible nursing terms related for septic patients care, 51
presented a Coefficient of Validation Index greater than 0.8 [2].

4. Discussion

Nurses must be aware of the variety of health data that can be converted into information,
knowledge and wisdom and of their ability to use them to predict adverse events. This
should encourage their engagement in nursing informatics issues, specially in the era of
big data [3]. Limitations mainly refers to the analysis under the learning curve of the
CDSS adoption in the clinical setting. Also, to the characteristics of oncology patients,
wthat may configure a bias considering sepsis and clinical deterioration protcols.

5. Conclusions

The evaluation of CDSS adoption in clinical settings drives science development in the
field of health informatics. Its implementation strategy and adjustment to the nursing
staff workflow might influence in protocols compliance. Nursing documentation
standards improves nursing wisdom visibility, a key issue in the era of big data.

References

[1] Gongalves LS; Amaro MLM; Romero ALM; Schamne FK; Fressatto JL; Bezerra CW. Implementation
of an Artificial Intelligence Algorithm for sepsis detection. Rev Bras Enferm. 2020;73(3):¢20180421.
doi: http://dx.doi.org/10.1590/0034-7167-2018-0421

[2] Gongalves LS, Andreatta D, Schamne FK. Cross-Mapping Study of Nursing Practice Terms from a
Brazilian Hospital Database. Stud Health Technol Inform. 2020 Jun 16;270:1233-1234. doi:
10.3233/SHTI200378. PMID: 32570595.

[3] Macieira, T. G. R. et al. Evidence of progress in making nursing practice visible using standardized
nursing data: A systematic review, AMIA Annu. Symp. Proc., v. 2017, p. 1205-14, 2017.



Challenges of Trustable Al and Added-Value on Health 155
B. Séroussi et al. (Eds.)

© 2022 European Federation for Medical Informatics (EFMI) and IOS Press.

This article is published online with Open Access by 10S Press and distributed under the terms

of the Creative Commons Attribution Non-Commercial License 4.0 (CC BY-NC 4.0).
doi:10.3233/SHTI220427

Tracking Temporal Clusters from Patient
Networks

Judith LAMBERT *%!| Anne-Louise LEUTENEGGER®, Anne-Sophie JANNOT?® and
Anais BAUDOT®4
aINSERM, CRC, Team 22, UMRI1138, Paris, France ; YINSERM, CNRS, Aix Marseille
Univ, MMG, UMRI1251, Marseille, France ; “Department of Statistics, Medical
Informatic and Public Health, HEGP, AP-HP ; *Barcelona Supercomputing Center,
Barcelona, Spain ; (INSERM, Université de Paris, NeuroDiderot, UMRI1141, Paris,
France

Abstract. Creating homogeneous groups (clusters) of patients from medico-
administrative databases provides a better understanding of health determinants. But
in these databases, patients have truncated care pathways. We developed an
approach based on patient networks to construct care trajectories from such
truncated data. We tested this approach on antithrombotic treatments prescribed
from 2008 to 2018 contained in the échantillon généraliste des bénéficiaires (EGB).
We constructed a patient network for each patients’ age (years from birth). We then
applied the Markov clustering algorithm in each network. The care trajectories were
finally constructed by matching clusters identified in two consecutive networks. We
calculated the silhouette score to assess the performance of this network approach
compared to three existing approaches. We identified 12 care trajectories that we
were able to associate with pathologies. The best silhouette score was obtained for
the network approach. Our approach allowed to highlight care trajectories taking
into account the longitudinal, multidimensional and truncated nature of data from
medico-administrative databases.

Keywords. Longitudinal clustering, Patient networks, Care trajectories

1. Introduction

Finding homogeneous groups (clusters) of patients in medico-administrative databases
helps to better understand health determinants and improve patient prognosis. But the
longitudinal and multidimensional data of each patient are available at different times of
their life in these databases, thus forming truncated care pathways. Clustering such data
is therefore challenging. There are three types of approaches for clustering longitudinal
datal!l. But the number of clusters must be specified, missing values are not handled or
must be imputed and only one longitudinal factor at a time can be considered.

We developed an approach to construct care trajectories based on patient networks.
Patient networks have the advantage of handling heterogeneous and missing data,
preserving patient privacy and not requiring to prespecify the number of clusters!?. As a
use case, we analyzed drug prescriptions contained in the échantillon généraliste des
bénéficiares (EGB).
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2. Material and Methods
2.1  Echantillon généraliste des bénéficiaires (EGB)

The EGB is a random sample from the French health insurance database recording
healthcare reimbursements from approximately 660,000 individuals followed for 11
years. We extracted all prescriptions for antithrombotic agents from 2008 to 2018 among
patients aged 60 to 70 resulting in a sample of 30,111 patients.

2.2 A patient clustering approach based on patient networks

A patient network is a graph defined with nodes representing patients and edges
representing the similarity between patient nodes. We constructed a patient network for
each patients’ age by computing the similarity using the Cosine similarity’®l. We applied
the Markov clustering algorithm™ on each patient network to identify patient clusters.
We then tracked these clusters based on the number of patients they have in common
between each consecutive age.

2.3 Competitive models

We compared the above approach with three existing approaches. As these approaches
imply to set a priori the number of clusters, we chose the number of trajectories identified
with the network approach. Their clustering performance was compared by calculating
the silhouette score.

3. Results

We identified with the network approach 12 care trajectories characterized by a specific
predominant drug and composed of 100 patients at least. The best silhouette score was
obtained with the network approach (0.44).

4. Discussion

Among the 12 care trajectories identified with the network approach, we were able to
associate three of them with stroke, infarction and arrhythmia. The clustering
performance was better with the network approach compared to the three existing
approaches. The use of patient networks therefore allowed to take into account the
longitudinal, multidimensional and truncated nature of data.
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Abstract. Effective information management promotes safe patient care. Lack of
human resources can cause failures when managing patient information. The aim of
this study was to analyse the nature of reported patient safety incidents and their
location in Choo’s information management process model phases when the
contributing factor of the incidents was related to human resources and the
consequence of the incident was related to harm to the organization's corporate
image. Data consisted of the information management related patient safety incident
reports (n=475) from 49 health and social care organizations from 2007-2016 in
Finland. Deductive analysis and descriptive statistics were used to analyse the data.
The results of the study indicated that the shortage of human resources contributed
to incomplete documentation, insufficient information sharing between
professionals and documenting of information in the wrong place. The majority of
the incidents occurred during the information organizing and storage and
information distribution phases of the information management process model.
Despite the use of electronic health records and electronic patient data, a lack of
human resources can lead to breaches in information management processes and
harm an organization’s corporate image in health and social care contexts.

Keywords. patient safety, information management, human resources

1. Introduction

Health and social care organizations are both information-intensive and information-
reliant systems where clinical information collected, recorded, synthesized and shared in
different phases of care processes form the core of the information management process
[1,2]. In this study, information management is defined according to Choo’s information
management process model, in which it is formed from a continuous and recurring cycle
of six closely related activities: identification of information needs, information
acquisition, information organization and storage, development of information products
and services, information distribution and information use [3]. In the health and social
care context, clinical information needs arise in decision making and care situations [1]
requiring the combination of different types of information, such as clinical patient data,
personnel expertise, patient’s preferences and values and research evidence [4].
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The “Information needs”, part of the Choos’s information management cycle, is
tightly related to information gathering, organizing, and storing [3] through adequate
documentation, which can take electronic or paper-based forms such as checklists, care
instructions, care plans and handover notes. In Finland, all public hospitals and primary
healthcare centres have switched to fully electronic documentation and use of patient
data [5]. In the next phase of the information management process, organized and stored
information is packaged into different levels of information products [3] in health
information systems and electronic health records. Finally, in the phase of “information
distribution”[3], written or verbal information is distributed face to face from person to
person or through various technologies, systems and methods [6].

Previous studies have found that inadequate information management is a risk for
patient safety [7,8]. Safe information management requires that the right information is
delivered to the right people in the right place, time and format to be used in care
situations [3]. Furthermore, previous studies have indicated that healthcare staffing
levels, including staff number or quality, workload and time pressure have effects on
patient outcomes such as mortality, medication failures, infections and falls [9, 10, 11].
However, there is a lack of evidence concerning how these factors contribute to patient
safety from an information management perspective. The aim of this study was to
analyse the nature of reported patient safety incidents and their location in Choo’s [3]
information management process model phases when the contributing factor of the
incidents was related to human resources, and the consequence of the incident was
related to harm to a health and social care organization’s corporate image.

2. Methods

The data consisted of 110,594 patient safety incident reports between 2007 and 2016 in
Finland. In this study all the reports where 1) the reported type on incidence was
information management and 2) the reported contributing factor “workload”, “staffing
number or quality”, “shift arrangements and practices” or “time pressure” were included.
A total of 475 patient safety incident reports were included. Based on this delineation,
research data covered patient safety incident reports from 49 health and social care
organizations. Reports were generated via a national, web-based and anonymous patient
safety incident reporting system which is used in more than 200 social and health care
organizations in Finland. The incident reports included both structured and free-text
descriptions of safety events. Deductive analysis based on Choos’s information
management process model was used for the content of the narrative descriptions of the
incident reports (n=475). An analysis matrix with the main categories and variables was
created as the basis for classifying and coding the data. Incident report narrative
descriptions (n=475) were coded based on the analysis matrix variables, and the coded
values were entered into IBM SPSS version 25 (IBM Corporation, USA). Direct
distributions and cross tabulation were used to analyse the data.

3. Results

The majority of the reported information management related incidents occurred during
the period of active treatment (n=229, 48.2%) or during the interfacility or intrahospital
transfer of patients (n=95, 20.0%). Furthermore, 69.3% (n=329) of the incidents were
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reported as adverse events, of which 52.4% (n=249) caused no harm to the patient. In
most of the incidents, the type of resource shortage was reported as relating to workload,
shift arrangements or practices (n=347, 73.1%). As shown in Table 1, most of the 475
reported incidents were classified as mistakes (n=224, 47.2%) or lapses (n=181, 38.1%)
as the type of error. In addition, tasks or functions deliberately omitted were represented
in 60 (12.6 %) of all the 475 reported incidents. In the research data, failures in decision-
making appeared for example as the sending of non-electronic or electronic patient
information to the wrong person or place, and as memory-related lapses, such as when
the arrangement of patients’ follow-on appointments was forgotten by the personnel.

Table 1. Description of the reported patient safety incidents.

Variable n/475 (%)
Incident location in the treatment process

Implementation of the treatment 229 (48.2)
Patient transfer 95 (20.0)
Planning or arranging the treatment 86 (18.1)
Follow-up treatment 63 (13.3)
Not known 2(0.4)
Reported incident type

Adverse event 329 (69.3)
Near miss 146 (30.7)
Type of error

Mistake 224 (47.2)
Lapse 181 (38.1)
Undone task 60 (12.6)
Deviation from procedure or failure to perform a task 6(1.3)
Reported level of consequences of the incidents

No harm 249 (52.4)
Mild harm 136 (28.6)
Missing 51(10.7)
Moderate harm 38 (8)
Severe harm 1(0.2)

Reported type of contributing resource

Workload, shift arrangements or

practices 347 (73.1)
Staff number and quality 128 (26.9)

Information Information Information Use

Organization and
Storage (n=222)

= Unmade documentation
(n=120)

= Information documented
or stored in wrong place
(n=62)

= Incorrect or delayed
documentation (n=34)

= Insufficient information
sharing between social
and health care
professionals (n=3)

= Technical problems or
incorrect use of
information (n=3)

Figure 1. Frequencies of reported patient safety incidents and their position in the modified information
management process model [3].

- Distribution (n=218)

«Insufficient information
sharing between social
and health care
professionals (n=86)

=Insufficient information
sharing with patient or
relative (n=71)

=Information distributed
to the wrong destination
(n=50)

+Technical problems or
incorrect use of
information (n=7)

*Unmade, incorrect or
delayed documentation
(n=3)

«Information documented
in wrong place (n=1)

)

(n=32)

sIncorrect use of
information (n=32)
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Most of the reported incidents occurred when different types of information were
saved or documented (n=222/475, 46.7%), and when verbal or written information was
distributed to different locations and to different actors (n=218/475, 45.9%). Hence, the
most critical phases in the information management process model [3] for human
resource shortage were the information organizing, storage and information distribution
phases (Figure 1). Within the information organizing and storage phases, most of the
incidents were related to missing documentation (n=120/222) and information
documentation or storage in the wrong place (n=62/122). In the information distribution
phase, most of the incidents were related to failure in communication between health and
social care professionals, or between service users and service providers. Of the 475
reported incidents, 32 took place in the information use phase and were related to
incomplete or delayed use or interpretation of information in decision-making and during
the patient treatment. A minority (n=3/475, 0.6%) of the reported incidents occurred
during the information acquisition and information use phases in the information
management process model [3].

4. Discussion

Accurate and intact documenting and distribution of information is a prerequisite for safe
and good-quality care processes. This study indicated that a shortage of human resources
negatively affects implementation of the treatment, and also patient transfers.
Furthermore, the most critical effect of the resource shortage is targeted to failures
relating to documentation and communication, occurring particularly as missing
documentation, documentation in the wrong place and inadequate or insufficient
communication between personnel or between service provider and service user. These
findings are supported by the results of previous studies that have highlighted the
communication and documentation processes responsible for patient and client safety
incidents in various health and social care contexts [6, 7, 8]. The results of this study
show similarities with previous research in that from an information management
process model perspective [3], information organization and storage and information
distribution are the most vulnerable phases for the occurrence of adverse events [7]. The
limitations of this study are related to reporting of the patient safety incidents which may
be incomplete, and they describe only reporter’s perspective of the incident. Further, the
criteria on what counts as patient safety incidents may vary at individual and
organizational level.

5. Conclusion

Despite the use of electronic health records and electronic patient data, the
implementation of information management processes is vulnerable to lack of human
resources in health and social care organizations. In particular, documentation and
communication in different phases of treatment processes are vulnerable to incidents and
therefore the practices related to them need to be critically assessed. Future research
should be targeted on other factors, such as IT systems design and usability, contribution
to information management related errors in different social and health care settings.



H. Ikonen et al. / Lack of Human Resources Leads to Breaches in Information Management Processes 163
References

[1] Schlegel CS, Yoder L, Jones TL. Clinical Information Needs: A Concept Analysis. Advances in Nursing
Science 2020;43(1):E36-45.

[2] MeSH. Health Information Management. Available at: http://www.ncbi.nlm.nih.gov/mesh/68063025.
Accessed 22 November 2021.

[3] Choo CW. Information Management for the Intelligent organization. The Art of Scanning the Environ-
ment. Third ed. Medford, New Jersey: Information Today, Inc.; 2002. p. 23-42.

[4] AHRQ. Evidence-Based Decisionmaking. Available at: https://www.ahrq.gov/prevention/chronic-
care/decision/index.html. Accessed 22 November 2021.

[5] Hypponen H, Hamailédinen P, Reponen J. E-health and e-welfare in Finland. Check point 2015. Available
at: https://www julkari.fi/handle/10024/129709. Accessed 27 November 2021.

[6] Vermeir P, Vandijck D, Degroote S, Peleman RA, Verhaeghe R, Mortier EP, Hallaert GG, Van Daele S,
Buylaert W, Vogelaers D. Communication in healthcare: a narrative review of the literature and practical
recommendations. International Journal of Clinical Practice 2015;69(11):1257— 67.

[7] Jylhd V, Bates DW, Saranto K. Critical factors in information management process: the analysis of
hospital-based patient safety incident reports. Finnish Journal of eHealth and eWelfare 2016;8(4):164-
76.

[8] Kinnunen UM, Kivekis E, Palojoki S, Saranto K. Register-Based Research of Adverse Events Revealing
Incomplete Records Threatening Patient Safety. Digital Personalized Health and Magazine 2020;771 —
5.

[91 Neuraz A, Guérin G, Payet C, Polazzi S, Aubrun F, Dailler F, Lehot J-J, Piriou V, Neidecker J,
Rimmelé T, Schott A-M, Duclos A. Patient Mortality is Associated with Staff Resources and
Workload. A Multicenter Observational Study. Critical Care Medicine 2015;43(8):1587-94.

[10] Cho E, Chin DL, Kim S, Hong O. The Relationship of Nurse Staffing Level and Work Environment
with Patient Adverse Events. Journal of nursing scholarship 2016;48(1):74-82.

[11] Driscoll A, Grant MJ, Carroll D, Dalton S, Deaton C, Jones I, Lehwaldt D, McKee G, Munyombwe T,
Astin F. The effect of nurse-to-patient ratios on nurse-sensitive patient outcomes in acute specialist
units: a systematic review and meta-analysis. European journal of cardiovascular nursing 2018;17(1):6-
22.


http://www.ncbi.nlm.nih.gov/mesh/68063025.%20%20%20Accessed%2022%20November%202021
http://www.ncbi.nlm.nih.gov/mesh/68063025.%20%20%20Accessed%2022%20November%202021
https://www.ahrq.gov/prevention/chronic-care/decision/index.html.%20Accessed%2022%20November%202021
https://www.ahrq.gov/prevention/chronic-care/decision/index.html.%20Accessed%2022%20November%202021
https://www.julkari.fi/handle/10024/129709
http://www.ncbi.nlm.nih.gov/mesh/68063025.%20%20%20Accessed%2022%20November%202021
http://www.ncbi.nlm.nih.gov/mesh/68063025.%20%20%20Accessed%2022%20November%202021
https://www.ahrq.gov/prevention/chronic-care/decision/index.html.%20Accessed%2022%20November%202021
https://www.ahrq.gov/prevention/chronic-care/decision/index.html.%20Accessed%2022%20November%202021
https://www.julkari.fi/handle/10024/129709

164 Challenges of Trustable Al and Added-Value on Health
B. Séroussi et al. (Eds.)

© 2022 European Federation for Medical Informatics (EFMI) and IOS Press.

This article is published online with Open Access by 10S Press and distributed under the terms

of the Creative Commons Attribution Non-Commercial License 4.0 (CC BY-NC 4.0).
doi:10.3233/SHTI220430

Making EHRs Trustable: A Quality
Analysis of EHR-Derived Datasets for
COVID-19 Research

Miguel PEDRERA-JIMENEZ**!, Noelia GARCIA-BARRIO?, Paula RUBIO-MAYO?,
Guillermo MAESTRO¢, Antonio LALUEZA®, Ana GARCIA-REYNE®, Maria José
ZAMORROES, Alejandra PONS¢, Maria Jesis SANCHEZ-MARTIN¢, Jaime CRUZ-
ROJO?, Victor QUIROS?, Jos¢ Maria AGUADO®¢, Juan Luis CRUZ-BERMUDEZ?,

José Luis BERNAL?, Laura MERSONY, Carlos LUMBRERAS® and Pablo SERRANO?

*Data Science Unit, Research Institute Hospital 12 de Octubre, Madrid, Spain.
ETSI Telecomunicacion, Universidad Politécnica de Madrid, Madrid, Spain.
¢Internal Medicine Department, Hospital Universitario 12 de Octubre, Madrid, Spain.
4ISARIC Global Support Centre, University of Oxford, Oxford, UK.

Abstract. One approach to verifying the quality of research data obtained from
EHRs is auditing how complete and correct the data are in comparison with those
collected by manual and controlled methods. This study analyzed data quality of an
EHR-derived dataset for COVID-19 research, obtained during the pandemic at
Hospital Universitario 12 de Octubre. Data were extracted from EHRs and a
manually collected research database, and then transformed into the ISARIC-WHO
COVID-19 CRF model. Subsequently, a data analysis was performed, comparing
both sources through this convergence model. More concepts and records were
obtained from EHRs, and PPV (95% CI) was above 85% in most sections. In future
studies, a more detailed analysis of data quality will be carried out.

Keywords. Electronic Health Records, Real World Data, Data Quality,
Completeness, Correctness, Semantics, Standards, ISARIC-WHO, COVID-19.

1. Introduction

Electronic health records (EHRSs) are conceived as a digital repository of health data that
is used for individual patient healthcare [1]. In addition, it can be applied to other
purposes, known as secondary uses, including clinical research and public health [2]. To
achieve this, recent studies have designed methodologies based on health information
standards for allowing the effective reuse of EHRs, which is essential for obtaining data
in an agile, flexible and efficient way [3, 4]. Traditionally, data for research have been
manually collected in purpose-built and controlled databases. This made it is necessary
to audit the quality of data obtained from EHRs through systematic and validated
methodologies [5, 6]. This became evident during the COVID-19 pandemic when two
studies, published in high-impact journals, had to be retracted due to data quality, among
other issues (10.1016/S0140-6736(20)31180-6 and 10.1056/NEJMo0a2007621).
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Thus, this study analyzes data quality of an EHR-derived dataset for COVID-19
research, obtained at Hospital Universitario 12 de Octubre, Madrid, Spain (H120) [7].

2. Methods

The study compares two study databases: one obtained only from structured EHRs, and
other manually transcribed from structured EHRs, clinical reports, and external sources.
Data for both databases were collected between March 2020 and September 2020. This
work is part of the research line on reuse of EHRs at H120 [3, 4, 7-9].

2.1. Extraction, transformation and loading of health data

The first source for data extraction was the structured EHRs of H120, which have been
modeled and formalized through health information standards including ISO 13606 [10],
and controlled terminologies such as SNOMED CT and LOINC [11, 12]. This effort has
allowed the full meaning reuse of EHRs, without additional manual efforts, in data
collection processes for research [3]. Hence, it was possible to participate in different
data-driven projects during the COVID-19 pandemic, including TriNetX, EHDEN
Consortium, 4CE Consortium and ISARIC Consortium [4, 7].

The second data source was the data collected within the STOP-CORONAVIRUS
project, a clinical study on COVID-19 developed at H120 [13]. In this study, a specific
data collection was carried out in a relational database implemented in REDCap [14],
being manually transcribed from structured EHRs, clinical reports and external sources.

Data from both sources were transformed into a common model for analysis and
comparison. The COVID-19 case report form (CRF) proposed by ISARIC-WHO was
chosen as convergence model, due to its international adoption for COVID-19 clinical
data collection, and because H120 participates in the ISARIC Consortium by
transferring EHRs without manual efforts. [15, 16]. Thus, two identical databases based
on this model were implemented in REDCap [14], and then the data from the same cohort
of 1732 COVID-19 patients were loaded into them from each data source.

2.2. Data quality analysis of health data

Determining the quality of health data is not a straightforward task since it can be
measured from different perspectives. In the review carried out by Weiskopf et al., five
data quality dimensions were identified, as well as seven methods to evaluate them [5].
Based on this review, the ‘gold-standard comparison’ method was selected for the
analysis, establishing the STOP-CORONAVIRUS dataset as the reference against which
to compare data obtained from EHRs. Two data quality dimensions were analyzed:

o Completeness, i.c., if a fact about a patient is recorded in EHRs. For this, both
data sources were analyzed to determine the coverage of the concepts specified
by ISARIC-WHO, the volume of data obtained (patient-level records), and the
cohort coverage achieved.

e Correctness, i.c., if a record present in EHRs is true. For this, both data sources
were compared to determine, for each equivalent (patient, date of registration
and concept) non-null record, whether EHRs report same content as the gold-
standard. Thus, the Positive Predictive Value (PPV, 95% CI) was calculated.
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Hence, an algorithm was implemented with R programming language [17], with
which it was determined, for each patient and record, if the data exists in both sources,
and if so, whether they match (same data type and content). Figure 1 shows the flowchart
of the algorithm.

[ Start ]
)
[ Get Patient ]
v
[ cetpatay(eHR patient) |
Ves%[ Incomplete(Datay) ]
No|

[ Get Datazj(ResearchDB,Patient) ]

¢ Yes Incomplete(Dataz) ]

No

[ Compare(Datay, Dataz) ]

® No Incorrect(Datay, Dataz)) ]

Yesl

[ Correct(Datay;, Dataz) ]

Figure 1. Algorithm for data quality analysis for completeness and correctness dimensions.

3. Results
3.1. Completeness analysis

The first result obtained was the completeness analysis of EHRs vs. the research
database. Table 1 shows, grouped by section of the ISARIC-WHO CRF, the percentage
of the CRF concepts and cohort covered, and the absolute volume of records obtained.

Table 1. Completeness analysis results.

EHRs Research database
ISARIC CREF Section Concepts  Cohort Records  Concepts Cohort Records

(%) (%) ™ (%) (%) ™
Demographics 42.11 99.88 10,877 26.32 100 8051
Onset & admission 100 99.88 5266 82.35 100 3420
Signs and symptoms 53.85 99.88 12,714 30.77 100 20,177
Pre-admission medication 58.33 99.88 12,110 33.33 100 5318
Co-morbidities 100 99.88 34,600 75 100 24,948
Treatment 80 99.88 17,886 64 100 15,307
Complications 100 99.88 50,170 88.89 100 13,727
Clinical diagnostics 53.33 99.88 10,474 53.33 100 9998
Microbiology diagnostics 66.67 99.88 13,644 66.67 92.44 8511
Medication 82.35 99.88 27,554 61.76 100 20,285
Daily observations 86.96 99.88 331,796 30.43 99.48 27,848

Outcome 100 99.88 5190 66.67 100 3377
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3.2. Correctness analysis

The second result obtained was the analysis of the correctness of EHRs compared with
those recorded manually in the research database. Table 2 shows, for each section of the
ISARIC-WHO CREF, the PPV (95% CI), as well as the number of concepts and records
that could be compared.

Table 2. Correctness analysis results.

ISARIC CREF Section Concepts compared Records compared PPV (95% CI)

Demographics 5 7505 97.79 (97.46, 98.12)
Onset & admission 2 1793 91.02 (89.70, 92.34)
Signs and symptoms 9 5824 58.41 (57.14, 59.68)
Pre-admission medication 4 5316 91.99 (91.26, 92.72)
Co-morbidities 15 24,933 91.36 (91.01,91.71)
Treatment 15 13,805 84.80 (84.20, 85.40)
Complications 8 13,715 88.05 (87.51, 88.59)
Clinical diagnostics 5 5384 84.77 (83.81, 85.73)
Microbiology diagnostics 4 5008 99.16 (98.91, 99.41)
Medication 19 19,336 73.29 (72.67, 73.91)
Daily observations 14 19,690 78.70 (78.13,79.27)
Outcome 2 3375 92.74 (91.86, 93.62)

4. Discussion

The completeness analysis showed that, although the cohort was mostly covered from
both sources, more concepts and volume of records were obtained from EHRs, since they
were recorded during and for patient’s care, rather than in an additional effort based on
a fixed design. This was most evident in the ‘Daily observations’ section, with 86.96%
concepts and 331,796 records in EHRs, vs. 30.43% and 27,848 in the research database.
Likewise, the correctness analysis showed that the EHRs has a PPV (95% CI) over
85% in most sections. The sections ‘Signs and Symptoms’, ‘Medication’ and ‘Daily
observations’ were between 58% and 80%, which, thanks to this analysis, could be
identified as gaps in the standardization and coverage of the EHRs (mainly due to free-
text data entry). This allowed improving these information domains and thus obtaining
higher quality data in future processes of obtaining EHRs-derived datasets for research.
These results highlight the value of the EHRs as a useful and valid source for
research, in a scenario where multiple projects propose automated upload processes from
healthcare information systems to databases and repositories for research [18, 19].

5. Conclusions

In this study, a quality analysis of EHR-derived datasets for COVID-19 research was
performed. To this end, data were extracted from two sources: EHRs of H120 and a
manually-collected research database. Then, both datasets were transformed into the
ISARIC-WHO COVID-19 CRF model for comparative analysis. Thus, it could be
concluded that the EHRs are more complete than a specific research database, and these
data collected during the healthcare activity have an adequate accuracy.

In future studies, expanded and more detailed analysis will be performed, including
the results for each of the concepts of the ISARIC-WHO CRF model.
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Abstract. Conversational agents (CA) are chatbot-based systems supporting the
interaction with users through text, speech, or other modalities. They are used in an
increasing number of medical use cases. Even though usability is considered a
prerequisite for the success of mHealth apps using CA, there is still no standard
procedure to study usability of health CA. In this paper, we report the results from
a systematic literature review aiming at identifying study designs, tools, and metrics
used to assess usability in health CA. We searched three bibliographic databases
(PubMed, Scopus, IEEE Xplore) for papers reporting on CA in healthcare to extract
information on the usability assessment of those CA. From 273 retrieved results, we
included 66 papers for full text review. 34 of them reported on usability assessments.
A broad range of tools is used (e.g. SUS, UEQ), but also individual questionnaires
are exploited. The examined studies use scenario-based setups but assess also real-
world usage. Exploratory setups are rarely reported. Due to the differences in the
study designs and assessment tools, it is impossible to compare usability among CA.
Thus, we recommend to develop a standardised procedure that can be always
applied and which can be enriched by assessments needed for evaluating usability
of CA-specific features.

Keywords. Conversational agents, usability, evaluation, chatbot, healthcare

1. Introduction

With the advent of artificial intelligence and its use for understanding and interpreting
speech, conversational agents (CA) and their application in healthcare have gained
enormous interest in recent years. CA are chatbot-based systems supporting the
interaction with users through text, speech, or other modalities in a variety of medical
use cases, such as triage systems [1], for medication management [2], or to recommend
ICD-10 codes [3]. CA allow patients to receive immediate response (e.g. when having
questions on the medication) or facilitate human-machine interaction. Equipped with
empathy features, CA can create a bond of trust with its user which is impossible for
other IT systems.

Usability is considered a prerequisite for the success of any mHealth app as it is one
of the main indicators for the overall acceptance and success of an application. Moreover,
it is a quality attribute that assesses how easy user interfaces are to use [4]. It is typically
measured by having a number of test users using the system to perform a prespecified
set of tasks. However, despite the extensive research on CA in healthcare, we are not
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aware of a systematic overview of CA-related usability assessment. In this paper, we aim
to assess recent research on usability assessment in the context of CA, focusing on tools
and evaluation metrics used. We will discuss best practices and open research avenues.
Finally, a replication package containing lists of all selected publications, including our
extraction sheet will be delivered.

2.  Methodology

To achieve our research objectives, we employed a systematic literature review
according to the guidelines of Kitchenham et al. [5]. In the following subsections, we
describe the individual steps of our study based on these guidelines.

Initial Screening. First, we conducted an initial screening to ensure that there is a
relevant body-of-knowledge in the field of CA in healthcare, i.e. there is sufficient
research interest. For this purpose, we applied the following search string to the literature
databases Pubmed, IEEE Xplore, and Scopus: ("chatbot" OR "conversational agent")
AND ("healthcare" OR "health care"). This search string resulted in a total of 720 results
(103 on IEEE Xplore, 143 on Pubmed, 474 on Scopus). Thus, we confirmed considerable
research interest in CA in healthcare and considered our research objective valuable
enough to initiate our detailed systematic literature study.

Search String. Second, we performed the refined literature search on Pubmed, IEEE
Xplore, and Scopus based on the general findings of our initial screening. These
databases include peer-reviewed literature of diverse publishers, which reduced the
threat of missing relevant papers and ensured a high publication quality. In this context,
we applied the following search string: (“conversational user interface OR "intelligent
agent" OR "conversational agent” OR chatbot) AND (health OR healthcare OR
medicine) AND evaluation. In the Pubmed search string, we resisted on including search
terms “(health OR healthcare OR medicine)” since Pubmed basically contains literature
from the health domain.

Selection Criteria (SC): To identify relevant papers, we used the following criteria:

- SC1: The publication is written in English.

- SC2: The publication is a peer-reviewed conference paper or journal article.

- SC3: The publication has been published between 2012 and 2021.

- SC4: The publication is longer than five pages.

- SCS5: The publication reports on studies dealing with CA.

We intentionally focused on the last decade to cover the most recent research (SC3).
We argue that relevant findings on CA older than ten years have typically already
become established fundamentals or practices. SC4 was used to ensure a certain quality
of the papers, assuming that a publication with a minimum number of pages provides
enough details to comprehend the addressed problem. Moreover, we relied on the review
of publication venues by the chosen literature databases. This is a well-established
adaptation, as we structure previous findings based on different research methods [7].
Regarding SCS5, review papers as well as papers reporting theoretical frameworks or
complete conference proceedings were excluded. Further, we removed publications
dealing with embodied CA or systems that send only push up notifications as they are
based on other requirements than traditional text- or voice-based CA. Systems not
dealing with healthcare were also removed.

Data Extraction: To extract relevant data, we defined the following criteria: type
of CA, e.g. coaching or informational, input-output type, e.g. text or speech, evaluation
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aspect, e.g. usability or efficacy, number of participants, type of participants, e.g.
students or patients, metrics used, e.g. SUS or UEQ, tools used, e.g. questionnaire or
interview, and evaluation execution, e.g. scenario or exploratory.

Conduct: We conducted the literature search on December 12, 2021. Overall, we
identified 273 results (24 on IEEE Xplore, 36 on Pubmed, 213 on Scopus). In a first step,
both authors manually reviewed the papers by using the collaborative review tool Rayyan
QCRI which automatically removed 16 duplicates. Each reviewer examined half of the
publications’ titles and abstracts resulting in the exclusion of 186 papers including nine
additional duplicates. Next, the full texts were downloaded for detailed analyses.
However, for three papers the full texts were not accessible, i.e. we considered 84 papers
in the full text review. All disagreements between the authors were resolved during
discussions until a consensus on a decision was achieved.

3. Results

Data assessment: In the assessment phase, 18 papers were removed because they did not
fulfil the inclusion criteria (embodied CA, no evaluation results described or CA in
domains other than health). 66 papers were finally assessed, and data extracted. The
complete reference list and the data extraction sheet is available online’. The CA
included in our analysis addressed multiple application areas: disease management
(asthma, diabetes, chronic pain), intelligent interviewer (family history, PROM),
retrieval (for physicians ICD-10 encoding, for patients’ information retrieval), mental
health (mainly delivering cognitive behavioural therapy for different mental disorders or
patient education), medication management.

CA and its conversation-related characteristics: Based on our previous work [6],
we assume four different types of CA: informational, coaching, questioning, and
monitoring. In the analysed papers, most CA focused on coaching tasks (62.1%). 19.7%
of the papers described questioning CA. We also identified that 18.2% of the CA only
provide information. 4.6% of the studies presented monitoring CA. Overall, we found
out that three CA (4.6%) perform a higher number of different tasks than the other CA,
making it impossible to assign them to a single CA type. However, we could not find
any relationships between these CA. Regarding the input/output type, all CA are at least
based on text. Even 78.8% of the CA are solely based on text. Furthermore, 18.2% of the
studies presented CA based on a combination of text and voice. In one paper, a voice
user interface without text was described. Another CA combined specific visual elements
with text.

Evaluation aspects. About half of the studies considered usability in their CA
evaluation (51.5%). A similar number of papers also evaluated user experience,
including user satisfaction or human-machine interaction (47.0%). We also identified
that 39.4% of the CA were evaluated on technical aspects, including effectiveness,
efficiency, performance, or reliability. 16.7% of the papers evaluated the (subjective)
effectiveness of the respective CA-related intervention actions on the user. In addition,
9.1% of the studies indicated the technological acceptance of the CA. Overall, 21.2% of
the papers reported only one evaluation criterion, such as user experience. However, we
assume that these are usually generic terms for several partial evaluation aspects.

2 https://github.com/Rim007/ReplicationPackage UsabilityCA
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Characteristics of the usability tests: Since our research focuses on the usability
evaluation of CA, in the following we will only discuss those papers that actually used
usability as an evaluation criterion (n=34). We found out that 11.8% of the usability
studies were conducted with 1 to 10 participants. Almost half of all evaluations were
performed with 11 to 50 participants (47.0%). Furthermore, 17.7% of the papers
presented evaluations with 51 to 100 and 20.6% with more than 100 participants. One
paper did not report a number. We could distinguish 5 different groups of participants:
doctors / therapists / experts were involved in testing (11.8%), students / staff members
(20.6%), random users (20.6%), patients (41.2%) and children/teenagers (5.9%). One
paper did not report about the participants (2.9%). One paper involved patients and
physicians. 91.1% of the studies exploited questionnaires to assess the usability; 14.7%
of the papers reported on interviews and 11.8% analysed the protocols of the
conversation to learn about user behaviour and usability. Some of the studies exploited
existing usability questionnaires; among them are User experience questionnaire [7-9],
(n=3), System Usability Scale [10-12] (n=4), Net promoter score (n=1), Subjective
Assessment of System Speech Interfaces [13] (n=1), FEDS [14] (n=1), User engagement
scale [11] (n=4), TRINDI [2] (n=1), PARADISE framework [2] (n=1), ISO 9214 [15,16]
(n=2), UTAUT [17] (n=1). When not relying upon existing questionnaires, the researcher
developed own surveys, often comprising only few questions (e.g. “is it easy to use?”).
The main usability test setup was a real-world application, i.e. the system was used in
daily practice by participants (38.2%), or a scenario-based usability test (44.1%). Users
were asked to explore the application on their own in 2 studies (5.9%). 4 studies (11.8%)
did not provided any information on the setup.

4. Discussion and conclusion

Based on the results, we found that most of the examined CA are based on text
input/output aiming at coaching their users in a specific domain. On average, around 55
participants were involved in a scenario-based usability evaluation, which indicates
quantitative assessment. When evaluating CA, user experience is usually examined
besides usability. This shows the strong link between both aspects. However, usability is
usually associated with more technical aspects than user experience, which addresses
more subjective aspects, such as user satisfaction. Therefore, we assume that there is an
insufficient understanding of evaluation criteria, such as the differentiation between
usability and user experience. This issue is also supported by the fact that generic terms,
such as interaction, were sometimes used as the only, subjective evaluation criteria. This
indicates that some studies are less concerned with the evaluation of certain aspects than
with the evaluation itself. However, this considerably impairs the comprehensibility of
the evaluation method and its results. Only one paper [13] used an assessment tool
specifically designed for assessing speech interfaces. The other tools have originally
been developed for IT systems in general, not specifically for CA. The comparison of
Holmes et al. showed that conventional tools like SUS are not as accurate when applied
to CA [18]. We strongly recommend harmonising usability evaluation strategies to create
a uniform understanding and basis for usability assessment and thus enable a comparison
of evaluation results. For example, an agreed scoring system specifically developed for
CA in healthcare to be used in all usability testings would allow comparison. In
healthcare, we have to deal with diverse user groups covering multiple social dimensions
and diverse levels of cognitive capabilities in a variety of use cases. These specific
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requirements cannot be completely addressed by the established assessment tools.
Further, the results showed that diversity still remains unconsidered in usability testing.
Since communication is language-based with CA, assessing usability in correlation with
user’s language and communication skills is relevant. To address these limitations, we
plan to develop a suitable evaluation tool to provide a uniform understanding and an
essential basis for the comprehensible usability evaluation of healthcare-related CA.
However, to create this tool, we have to answer the following research questions in future
research: Would an exploratory design of a usability test be more appropriate? Would
interviews with participants reveal additional challenges? What can we learn from the
conversation flow on usability?
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Abstract. Observational research benefits from a rich methodological foundation of
registry development and operation published in international and national
guidelines. Metadata management is an essential part of registry implementation
based on concepts of data elements and value sets. The metadata from six German
registries revealed vastly divergent interpretations of the concept of data elements.
The different perspectives of research questions, data acquisition and data storage
were all represented in the registries’ catalogs of data elements. Consequently, the
whole life cycle of a registry needs to be accompanied by a catalog of data elements,
which has to be continuously adapted to the changing perspectives. A standard for
the representation of those metadata is still missing. The FAIR Guiding Principles
introduce important methodological requirements, but the tools for their fulfillment
in respect to the management of metadata are still in its infancy.

Keywords. Data element, documentation, metadata, registries.

1. Introduction

Registries are an established method in observational studies in health services research,
in epidemiology and public health, and in clinical research. Dating back to the National
Leprosy Registry of Norway [1] established in 1856, registry research is nowadays in a
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consolidated phase with a rich set of standards and recommendations for best practices
[2]. The management of metadata, i.e. mainly the definition of data elements and value
sets, represents an essential task within development and operation of a registry.
However, it is a real challenge to reduce strongly or to remove the mess of concepts and
terms related to metadata [3].

There is consent in international and national guidelines about research questions as
starting points for the definition of the registries’ metadata. The US-American Agency
for Healthcare Research and Quality (AHRQ) describes the translation of these questions
into measurable exposures and outcomes as an essential step of implementation [4].
These measures are represented by data elements that are grouped to subcategories and
assigned to one of the three domains characteristics, treatments, and outcomes. The
AHRQ further points out that data elements can also be defined from the perspective of
data analyses, e.g. by calculating new data elements from others as the body mass index
from body weight and height. Furthermore, a data element can be associated to a source,
for example a case report form (CRF), documenting the type of the source or the time of
recording [5]. Unfortunately, a standardized organization structure of registries’
metadata with the levels measures, analysis and source is neither explicitly consented in
registry research [6] nor reflected by the third edition of the international standard
ISO/IEC 11179-3 “Information technology - Metadata registries (MDR)” [7].

A consensus approach to the definition of registry data elements was the aim of this
work, because of the lack of consensus in this definition.

2. Methods
2.1. Material

Six registries were included in a survey within a funding initiative for health services
research (cf. [8] for details). The registries covered different fields of health care, lifelong
monitoring of people with spinal cord injury (A), treatment exit options for uveitis (B),
hereditary breast and ovarian cancer (C), safety of living kidney donors (D), recurrent
urolithiasis of the upper urinary tract (E), and fever in childhood (F). In order to perform
a cross-project comparison, a template based on Microsoft Access for a common
representation of the individual metadata was forwarded to the registries [9].

Three projects reported the metadata of their registries based on this template (A, B,
C). One delivered a codebook exported from an electronic data capture system (D);
another provided a set of text-files based on Microsoft Word with metadata organized in
tables (E). The sixth project used a proprietary tabular format (F). Only one project
delivered their metadata fully compliant with the template’s format (A). Consequently,
1) all material was transferred by the independent group mentioned above into the
template’s structure without changing the project’s interpretation of the concept “data
element” and 2) information was added where necessary, e.g. a documentation object as
an umbrella structure for data elements. The complete list of metadata was finally
embedded into the meta model of ISO/IEC 11179-3 for further analyses [10].

2.2. Reference system

Figure 1 shows the reference system applied in this work. For answering research
questions, information needs to be collected to allow analyses. The information is
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formally represented in a catalog of data elements [11], independently from technical
aspects related to data storage or data acquisition. The catalog of data elements defines

the structure of the data storage as well as the content of CRFs or other means of data
acquisition. Reusing data from existing sources will possibly set constraints for the latter.

Data acquisition

Research questions H Information H Catalog of data elements

Data storage

Figure 1. Reference system for metadata of registries.

3. Results

Registry A delivered the catalog of data elements as requested. Data elements
represented information independently from technical constraints through the storage or
the acquisition of data. Data elements were designated with generally understandable
terms, e.g. “gender” or “date of birth”. In contrary, registry C filled the designations of
data elements with shortcuts like “SEX” or “BIRDAT”, called labels in the following.
The relationship from labels to information was then provided through a description in
the template, however with a non-uniform format. Registry B, also delivering the
metadata with the template, partially used questions as data elements, like “What was
the date of birth?” Furthermore, registry B added context to a data element in its
denomination, for example the role of the person that is asked for his or her date of birth.

The codebook from registry D contained names of variables and fields. The entries
were mainly short forms of designations like “dateofbirth”, complemented through a
counter as “drug_1” where needed. The counters were related to multiple answers as well
as to multiple time points. Registry E used the full capacity of free text, e.g. by defining
more than one data element in a table cell. Such data element collections will be divided
for data storage and data acquisition. Some registries used data element collections
specifically in case of established questionnaires. Some entries from registry E were
tagged as calculated, representing entries that are not relevant for data acquisition but
relevant for data storage. Registry F delivered an elaborated legacy format of its metadata
offering consequently a short format of a data element like “date birth” and a description
like “date of birth™. In case of questionnaire data elements, the description included a
direct question to the recording person. Furthermore, the description established links
between two data elements by repeating the counterpart in square brackets.

Technical information was found in the registries’ deliveries too. Registries A, C,
and F reported primary or foreign keys. Denominations from registry E included guiding
notes related to data acquisition, e.g. a request to record more information in case of a
certain selection. Overall, data elements were filled with the following types of entries:

e  Generally understandable full or abbreviated terms

e  Terms with context information, terms with counters, terms with guiding notes

for data acquisition, terms tagged as calculated

e Data element collections with terms combining different data elements
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e  Shortcuts or labels
e  Questionnaires or instruments, questions or prompts
e  Primary or foreign keys

4. Discussion

The registries provided different interpretations of the concept “data element”
independently from the use of the recommended template. Comparing the feedbacks of
the registries with the reference system in figure 1, it becomes clear that different
perspectives were used all having an own value in the management of metadata. The
feedbacks comprised the perspectives of data storage and data acquisition additionally to
the perspective of the information needed to answer research questions. Consequently,
the catalog of data elements was also used for the listing of technical labels as well as for
the listing of questions presented on CRFs. Therefore, this work extends the
understanding of the challenge. Not only the “variety of ways in which similar data are
represented” [12] has to be handled, but also the different perspectives indentified here.
The example of quality of life (QoL) should highlight the dependencies between the
different perspectives. Patient reported outcome could be in the focus of a research
question. Health-related QoL is defined as information needed for answering this
research question. The EQ-5D-5L is selected as instrument to measure QoL and listed in
the catalog of data elements. Implementing the EQ-5D-5L in a patient app requires the
presentation of five questions with five categories each, along with a vertical line with a
length of 20 centimeters. This lead to five further data elements - mobility, self-care,
usual activities, pain/discomfort, anxiety/depression - to store the results of data
acquisition. Furthermore, an element labelled VAS (visual analogue scale) with a
numerical datatype is added for the visual analogue scale. The numerical value of QoL
is calculated from the five dimensions of the EQ-5D-5L using a value set available for
different nations [13]. This calculation requires three further data elements, two for the
master data of the value set and one for the result that will be used in statistical analyses.
The catalog of data elements is finally filled from all three perspectives regarding QoL.
The reference system must be extended to represent domain specific supplements as
well as technical elements found in the registries’ documents (cf. figure 2). Unfortunately,
existing work does not support this complex system. For example, the Common
Healthcare Data Interoperability Project focusses on the simplified model in figure 1
with a data acquisition and a data storage perspective only [6]. ISO/IEC 11179 defines a
data element as “a unit of data that is considered in context to be indivisible” [7]. Taking
the example of QoL, this definition supports both, the recording of EQ-5D-5L as data
element with the score as value and the recording of its five dimensions as data element
with the value set of five categories each. However, the term “data element” has not been
adopted by the Clinical Data Interchange Standards Consortium (CDISC) standards (cf.
http://www.cdisc.org/). We found items, variables and labels depending on the specific
CDISC module. From the point of view of metadata science, the registries’ interpretation
of the term “data element” comprises descriptive, structural and technical aspects [14].
The FAIR guiding principle that “(meta)data use a formal, accessible, shared, and
broadly applicable language for knowledge representation” [15] is theoretically relevant,
but nowadays not fully satisfiable. The concept of a data element must be interpreted at
least from the perspectives of research questions, data acquisition and data storage to
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fully capture the life cycle of a registry. The variety of different interpretations of this
concept in the metadata from the six registries in our study highlight this notion. We plan
to make the metadata of the six registries publicly available to further stimulate the
transformation of the reference system into metadata methodology.

—»{ Data acquisition H Source ‘
Research questions H Information H Catalog of data elements }‘ l l
]
I
: —>{ Data storage H Analyses ‘
e ———_——_—,—_——_—,—_—_—_—_—_—,———,,,_,—,_Y_Y—Y—Y—W— V Y Y V—_—V— VYV T
Figure 2. Extended reference system for metadata of registries.
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Automatic Objective Severity Grading of
Peripheral Facial Palsy Using 3D Radial
Curves Extracted from Point Clouds
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Abstract. Peripheral facial palsy is an illness in which a one-sided ipsilateral
paralysis of the facial muscles occurs due to nerve damage. Medical experts utilize
visual severity grading methods to estimate this damage. Our algorithm-based
method provides an objective grading using 3D point clouds. We extract from static
3D recordings facial radial curves to measure volumetric differences between both
sides of the face. We analyze five patients with chronic complete peripheral facial
palsy to evaluate our method by comparing changes over several recording sessions.
We show that our proposed method allows an objective assessment official palsy.

Keywords. Facial Palsy, Point Clouds, Grading

1. Introduction

Peripheral facial palsy originates from underlying damage to the nervus facialis by
infections, brain tumors, strokes, or injuries during surgery. The damage to the nerve can
vary, resulting in mild to severe symptoms. A comparison between paresis and healthy
side or structural changes are the primary evaluation criteria in grading systems like
Sunnybrook [1], House-Brackmann [2], or eFace [3]. Such grading systems are prone to
a subjective bias introduced by the rater’s grading experience and the evaluation
environment as stated in [4].

A computer-aided approach [5] uses 2D facial landmarks for precise measurements.
However, algorithms for landmark estimation do not include facial palsy patient images
in their training data. Thus, placing is unreliable for medical evaluation as such cases are
unknown to the algorithm. Deep learning approaches [6,7] recreate existing metrics from
2D images and copy human grading biases. Furthermore, essential surface structures,
like the nasolabial fold depth, cannot be reliably estimated from 2D recordings. The use
of 3D facial data is promising for fine-grained assessments. One approach [8] proposes
sparse 3D landmarks features, which could be used to describe anteroposterior direction
changes. However, current applications require hand-operated processes for correct
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execution. In contrast, our method automatically creates a dense, structured 3D facial
surface description based on a 3D camera recording. Our method’s algorithmic nature
decreases the potential for subjective biases as we exclusively use the 3D sensor data.

2. Materials and Methods

Facial radial curves were first proposed by Berretti et al. [9] using geodesic lines as novel
face representation. They are used to describe anatomical structures [10] or to achieve
presentation attack detection [11]. We provide a novel extraction algorithm for 3D point
clouds creating equidistant sampled curves around the nose tip, see Figure 1. These
curves allow us to objectively measure the volumetric differences between both sides of
the face and should indicate facial nerve damage.

2.1. Acquisition and Pre-processing of the 3D Point Clouds

To acquire the data for evaluation, we use a 3D sensor, which provides a color and depth
image. The sensor captures a patient’s frontal view while following a set of instructions
[4] showing different facial movements. The method described in [11] allows us to
compute a 3D point cloud including 68 facial landmarks detected in the image. We
translate the coordinate system origin to the nose tip for simplified rotation and cropping
of the point cloud. We define a cropping sphere with a radius from the nose to the jaw
tip and remove all points outside it. This step ensures that unnecessary points, e.g., hair
or upper body, are removed. Estimating the facial radial curves requires that the nose
points towards the positive z-axis. We calculate the required rotation with the method
described in [11] using 3D landmarks.

2.2. Robust Estimation of Facial Radial Curves in 3D

We estimate N facial radial curves rotating around the nose tip in the yz-plane. Each
curve describes a path along the face surface originating at the nose tip and ending on
the outer radius of the face. A plane R defined by its normal vectors (n, nz) is rotated
around this yz-plane in 360/N steps. We define the set of possible curve points as

P={p = (xuy52): [pima|l < & pin, >0}, )

where ¢ is a threshold to ensure small distances to the curve location. Further, we
apply a perpendicular transformation for each point in P such that they lie on the plane
R. As all points reside on the same 2D plane, we can efficiently solve the problem in the
two-dimensional space. As most points were correctly recorded by the sensor, there must
exists a subset of points in P, closely describing the facial surface. We propose an
extraction algorithm for this path that is resilient towards outliers, e.g., errors during the
recording. First, we define a complete graph G within P. Then we compute the minimum
spanning tree (MST) of G. This process reduces the number of possible paths drastically
but ensures consideration of all points during the reconstruction. We extract the path
from the nose tip to the outer radius point in the MST, and only a single path should exist
in G. Outliers cannot be included as they connect to the graph via one edge.
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(a) Facial point (b) Min. spanning (¢) Surface Recon- (d) Extracted fa-
cloud with esti- tree inside surface struction cial radial curves
mated landmarks point set

Figure 1. Facial curves intermediate construction steps

Inside the selected path, we fit a two-dimensional spline. We sample the spline with
M equidistant steps to create a discrete curve representation C. The resulting curve points
are placed back in the plane R to ensure the correct three-dimensional rotation. After the
computation of all curves, we obtained a dense, structured representation of the face in
RM*N*3 'see Figure 1 (d).

2.3. Grading Peripheral Facial Palsy using Facial Radial Curves

To estimate the severity of facial palsy, we compare both sides of the face using the
computed facial radial curves. We define corresponding curves as the index pair (i, N —
i) with i = 1... N /2. They share the exact origin, and each point pair describes the same
face location. We can use this property to compute the volume difference, see Eq. (2), in
the anteroposterior direction between the curves, which is the mean absolute pointwise
(©) volume difference of the z-coordinate:

d; = o(]c o c"™P)). )

We further provide a mapping m(), see Eq. (3), to simplify usage similar to
Sunnybrook [1] with 100 being a perfect symmetric face and 0 a complete asymmetry:

arctan(d;)

m(dy) = 100 — =

x 100. 3)

We repeat this process for all curve pairs to obtain an average value for the recording.
Symmetric faces would yield a score of 100, and values lower than 100 indicate some
asymmetry. However, every human face has some dissymmetry. It is essential to
measure unaffected faces to obtain a threshold to understand changes due to facial palsy.

3. Results

We compare t = 3 time points of five long-term patients with chronic complete peripheral
facial palsy for two years. For each recording, we extract the facial radial curves with
parameters N = M = 128. In Table 1 we list for each patient our proposed grading and
the average Sunnybrook grading of three independent medical experts. For our grading,
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we display the average scores of all movements. Furthermore, we use the standard
deviation to indicate symmetry among the movements. A small value would indicate
high symmetry among all movements, whereas a high value would indicate strong
asymmetry. We can see an improvement of patients one to four in terms of the average
score, including a decreased standard deviation. However, the results of patient five
indicate no symmetry improvement with consistent variance among all movements at
the first and most recent session. These improvements correspond with the observations
of the medical experts who treat these patients based on their grading scores. However,
the deviations for the Sunnybrook score elevate the problem of human bias in the
evaluation of facial palsy.

Table 1. Scores of chronic complete peripheral facial palsy patients for two years. Our method shows average
score and standard deviation of eleven movements [4]. For Sunnybrook, the average score and standard
deviation of three independent raters are shown. Scores written in italic represent incomplete scores.

Patient Grading T1 T2 T3
Volume Difference 76.56 + 8.44 83.37+5.47 84.09 £3.71
: Sunnybrook 17.67 £5.03 28.00 £4.36 41.50+£6.36
Volume Difference 73.51£9.36 76.47 £ 10.66 82.73 +£5.90
? Sunnybrook 12.33+3.51 25.67 +3.06 20.00 +3.61
Volume Difference 66.44 £10.32 71.83 £10.81 71.56 £7.91
} Sunnybrook 12.50£2.50 16.66 +2.88 22.67+2.08
Volume Difference 66.84 +£9.42 74.22 £ 6.98 71.92+7.41
! Sunnybrook 17.50 £ 2.50 16.33 +£3.06 18.67 +4.93
Volume Difference 71.26 £ 10.05 74.92 +6.70 70.68 +11.77
: Sunnybrook 13.33+2.88 24.00 + 6.24 29.67 +11.37

4. Discussion

The results in Table 1 expound that our proposed method is a suitable alternative for
grading facial palsy. A significant problem for existing gradings is the variance between
raters which obstructs an objective assessment. Our data-driven method requires only a
3D recording of the patient doing different movements. With precise instructions, this
process can be completely automated and reduce the time constraints for medical experts.
The usage of 3D data further elevates the objective natures of our grading. Using a large
set of different facial movements ensures a better understanding of the impact of the
nerve damage. Additionally, tracking inter-patient scores might be an indicator of
successful treatment.

5. Conclusion
Our proposed data-driven method yields objective, comparable results to existing

gradings in the first experiments. The recording process can be fully automated with a
photo laboratory and offers medical experts efficient and fast feedback. We plan to
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evaluate our method on a more extensive and diverse set of patients during the clinical
routine. However, our first results indicate that it could be an additional routine during
the assessment of facial palsy. We intend to continue this research track by including
more dynamic recordings of the patients’ facial movements. Lastly, approaches to
separate the curves into different regions, like House-Brackmann [2], could further
enhance the grading.
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Abstract. Secondary use, the reuse of medical patient data stored during routine
care in the hospital’s electronic medical records (EMR) for research purpose is
common, especially for registers and pragmatic trials. Often the medical data items
are copied manually from the EMR into the used research database. This process is
time consuming and error prone. In the “Safety of the Living Kidney Donor — The
German National Register” (SOLKID-GNR), laboratory results gathered during
control check-ups of the living donors before and after the transplantation are to be
transferred from the EMR into the electronic data capture system REDCap of the
register. In this work, we present our approach of realizing an automated transfer of
time-dependent laboratory results from the EMR of the University Hospital of
Miinster to REDCap. A challenge lies in the multi-center structure of SOLKID-
GNR. The participating transplant centers are using different EMR systems, which
requires a flexible architecture design. In addition, we aimed to support reuse of the
implementation for other research settings with other medical data items of interest.

Keywords. Secondary use, SOLKID-GNR, REDCap

1. Introduction

Medical patient data collected during routine care in hospitals is stored in electronic
medical records (EMR). In contrast, medical patient data for scientific research purposes,
e.g., clinical trials, is collected in specific electronic data capture systems (EDC). Many
data items can be directly reused from routine care. This is a common approach known
as secondary use and is often applied for registers and pragmatic trials. Thus, for instance,
laboratory observations do not have to be performed twice, which saves costs and labor.
However, a transcription from the EMR to an EDC is often time consuming and error
prone, since manual copying of information always implies the risk of human mistakes.
Therefore, an automated transfer is preferable.

The German living donor register “Safety of the Living Kidney Donor — The
German National Register” (SOLKID-GNR) collects data of the medical and
psychosocial outcome of living kidney donors [1]. As part of the register, donors are
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monitored before and after the transplantation in multiple check-ups. During these check-
ups, laboratory observations are documented, e.g. creatinine. Since living donors must
be monitored very strictly in the time after transplantation anyway, many data items,
especially laboratory results, are already documented during routine care. Previously,
this given data was transferred manually by study nurses for secondary use. SOLKID-
GNR is a multi-center register consisting of multiple hospitals. While the destination of
an automated data transfer is always the same EDC system, the source of the data transfer
varies. Each hospital is using its own EMR, and even if the same EMR is used, these
systems can be configured individually and the same data can be stored in different
locations and formats.

Objective of this work is the implementation of a prototype, which allows an
automated transfer of medical patient data from the EMRs of different healthcare centers
to the EDC of SOLKID-GNR. The current prototype is focused on the EMR of the
University Hospital of Miinster (UKM) and the current use case is the SOLKID-GNR
register. The implementation is aimed to be as generic as possible by utilizing technical
and semantical standards. This allows reuse in future research projects and different
EMR installations.

2. Methods
2.1. SOLKID-GNR Setting and Challenges

The German living donor register SOLKID-GNR consists of 38 German transplant
centers. A single “Research Electronic Data Capture” (REDCap) instance is used as
central EDC system storing the data of all 38 centers [2]. Data access groups (DAG) of
REDCap are used to ensure that a center has only access to its own patients. The
pseudonymization of the data records is carried out by a central pseudonymization
service “Mainzelliste” [3], which is seamlessly connected to REDCap [4].

The first challenge is the diversity of EMRs used by each transplant center. This
requires an individual customizable middleware to connect to the specific EMRs. If a
connection to the EMR is established, the second challenge is the identification of the
correct patient. REDCap only stores the pseudonym of a patient while the EMR identifies
patients by their identifying data or special IDs. Third, the correct data within the EMR
must be identified. Finally yet importantly, a time component must be considered.
SOLKID-GNR has longitudinal follow-ups and the used data must be associated to the
given time period.

2.2. Implementation Details

While REDCap can be used without cost under the REDCap license, it is no open-source
software and does not allow complete customization. However, REDCap supports a
powerful extension and plugin mechanism based on modules. These modules can be
implemented in PHP for the back-end and HTMLS, CSS and JavaScript in the front-end.
In this paper, we have implemented a specific REDCap module for our use case.

As middleware, i.e., connection service between REDCap and the EMR, we use a
RESTful web-service implemented in the Java Spring Framework. This middleware was
already in use, but had to be extended to support the current workflow [5]. The current
implementation is limited to the UKM, which is using Dedalus ORBIS as EMR.
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Specifying the exact semantic meaning of a medical data item is a common problem
in medical informatics. The current state of the art is to use codes of classifications and
terminologies to be independent of language, spelling and formulation. In our use case
of the transfer of laboratory results, the “Logical Observation Identifiers Names and
Codes” (LOINC) is most relevant, a terminology for laboratory and clinical observations.

3. Results

To use the implemented REDCap module, it must be installed on the REDCap server
and be activated for the project. Afterwards, the module must be configured by selecting
data items on “electronic case report forms” (eCRF) that should be queried. On selected
forms, a new button is rendered in the normal data entry mode, which triggers the data
transfer. Since the currently opened form is associated with a patient record, REDCap
knows the record’s pseudonym and can send it to the middleware. Additionally, an
individual mapping between LOINC codes and each selected data item of the eCRF must
be configured. Thus, during data request, REDCap knows the associated codes of the
opened form and can send the list to the middleware. To achieve the time dependency,
an interval can be specified for each form. Since values like, one week before or two
weeks after the follow up cannot be specified in advance, this configuration can be done
relatively to a reference date element. In the case of SOLKID-GNR, an item in the eCRF
contains the date of follow up and the interval sent to the middleware is calculated
relatively to this reference date.
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Figure 1. Architecture and workflow of the secondary use in SOLKID-GNR.
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The currently implemented architecture and workflow can be seen on the left side
of Figure 1. If a user triggers the data transfer in REDCap (1.), the EDC communicates
with the middleware’s REST-API via an authenticated HTTPS request and submits a
patient’s pseudonym, the data elements of interest coded as a list of LOINC codes and a
time interval that constrains the laboratory observation’s documentation date in the EMR
(2.).

Once the request is received by the middleware, it checks whether the given
pseudonym is registered in ORBIS for SOLKID-GNR. In Miinster, an EMR-integrated
system is in use, which allows the management of research projects and the registration
of their participants [6]. The participant’s pseudonym is part of the registered properties.
If a patient is not yet registered, a HTTP-error code is returned and a meaningful error
message is displayed in REDCap. If the pseudonym and the associated patient have been
identified successfully, the data export from the EMR begins (3.). Based on the submitted
time interval, the associated medical data is extracted. If multiple laboratory results are
found in the given interval, the newest observation is returned (4.). At the moment, the
mapping from LOINC codes to laboratory observation IDs in ORBIS are based on a
manual mapping file provided by the local medical data integration center. A map,
containing the LOINC codes as keys and the found laboratory results and associated
observation dates, is sent back to REDCap (5.).

During data retrieval, the previous module configuration is used to populate the
results into the correct eCRF data item in REDCap. Although optional, we have extended
the eCRF by a laboratory date item for each laboratory result. This is needed since
laboratory observations may have been determined on different dates. To ensure
reproducibility and traceability, these exact dates have to be documented. As
optimization, the most common date is calculated by the module and stored as primary
date, and only deviating dates are documented or hidden otherwise. This keeps the eCRF
clear if all values are from a single observation, but also provides the flexibility of
multiple observations.

4. Discussion

The presented approach is working successfully for the site Miinster of the SOLKID-
GNR. However, it has its limitations regarding the transition to other participating
hospitals and to other research projects. While the REDCap module can be configured
individually for each project and can be adapted for each new eCRF, the middleware,
i.e., the export process itself, is highly EMR and medical concept dependent. Each
change requires an individual adaptation. Even hospitals also using ORBIS may not be
able to use the implementation without adaptation, since ORBIS internal structures are
customizable. It is worth mentioning that a communication server may replace the
middleware at some hospitals. We used the existing middleware since it was easier to
configure and adapt.

Currently, we only applied LOINC in our approach. If more data besides laboratory
or clinical observations should be identified, possible options would be “International
Statistical Classification of Diseases and Related Health Problems” (ICD) for diagnoses,
“Systematized Nomenclature of Medicine — Clinical Terms” (SNOMED-CT) as the
reference terminology for medical concepts, or the “Unified Medical Language System”
(UMLS), a metathesaurus combining all the previously mentioned ones. All these
systems are using fixed codes, i.e., strings, to encode medical concepts. The APIs of both
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REDCap and middleware can handle any string-based codes, and therefore any code
system best suited for the given application case can be used. Only the mapping from
codes to EMR elements must be adapted in the middleware. This mapping is EMR and
data item dependent.

Another limitation is the identification of a patient in the EMR only knowing the
pseudonym of the register. The beneficial situation of having the pseudonyms present in
the EMR is often not given in other hospitals. A possible solution is illustrated on the
right side of Figure 1. A patient in the EMR can only be identified by his or her
identifying data like first name, last name and birthdate. The Mainzelliste allows a re-
identification based on the pseudonym. Thus, the identifying data can be automatically
fetched by depseudonymization and sent to the middleware to find and identify the
associated patient. This approach rises additional data protection and ethical concerns,
which must be addressed. Furthermore, the general issue about how to uniquely identify
a person has to be discussed, since these three attributes do not have to be distinctive.
The Mainzelliste also allows custom attributes. Storing the EMR-ID or social security
number during the pseudonymization process could be a solution.

5. Conclusions

In this work, we presented our implementation of the SOLKID-GNR register at the site
of Miinster to support the automated transfer of time dependent laboratory results from
the EMR to the research database REDCap. While the approach is feasible for a single
site, its reuse for other sites and research projects requires additional work to establish
site-specific interfaces for querying the respective EMRs. The challenges and possible
solutions for this adaptation have been discussed.
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Evaluation of a Personal Digital Assistant
Device Implementation for Barcode
Medication Administration with Nurses
Using a Likert Questionnaire
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Abstract. The majority of preventable medication errors occur at the administration
stage. BCMA systems are used to improve safety and prevent errors in this stage. A
variety of devices can be used for this purpose. Hospital Italiano de Buenos Aires is
a high complexity medical center implementing a BCMA project since 2015. It is
currently migrating to PDA devices for nurses. The objective of this work is to
evaluate the implementation of these new devices in selected wards at HIBA using
a self-reported questionnaire. From 318 contacted nurses, 58 answered the
questionnaire (18.2% response rate). Overall, agreement was high among all
statements regarding the new devices. Nurses valued especially the increased safety
to reduce errors, improvements in previous hospital processes and achieving
improvements in the flow and quality of patient care. Nurses recommended the use
of the device in their sector, with a mean score of 4.6/5 and 91.3% agreement,
highest in total. This proved to be a cost-effective method of evaluation of the newly
implemented devices and acceptance by nurses. Measures to incorporate the
remaining nurses' feedback should be considered.

Keywords. BCMA, nursing, implementation evaluation

1. Introduction

The majority of preventable medication errors at the inpatient setting occur in the
administration stage [1], as many as 34% according to Bates et al [2]. The Bar-Coded
Medication Administration (BCMA) system makes the process safer by reading a
barcode on the patient's bracelet and on medication pouches to ensure the 5 rights of
medication safety: medication, patient, time, dose and route [3]. Personal Digital
Assistants (PDAs) are small and portable handheld computers [4]. PDAs with a barcode
scanner, linked to the hospital’s computer system, have been used to ensure safety and
reduce errors in hospitalized patients [5]. The Hospital Italiano de Buenos Aires (HIBA)
implemented BCMA in 2015, but over the years, new technologies such as PDAs have
been added. Suitable equipment selection for this project is considered a key to success.

! Corresponding Author, Juan Descalzo, Health Informatics Department, Hospital Italiano de Buenos
Aires, Tte. Gral. Juan D. Peron 4190, CI199ABB Buenos Aires, Argentina; E-mail:
juan.descalzo@hospitalitaliano.org.ar.
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The objective of this work is to evaluate the implementation of PDA devices for
Bar-Coded Medication Administration in some general wards at the Hospital Italiano de
Buenos Aires (HIBA) using a self-reported Likert-type scale questionnaire.

2. Methods
2.1. Setting

The Hospital Italiano is a high complexity medical center located in the City of Buenos
Aires. It has 750 inpatient beds, 200 for critical care. It employs more than 9000 people,
including 1600 nurses. It is a university hospital that covers the entire spectrum of health
care, performing around 30000 discharges per year. Since 1998, HIBA has had its own
health information system [6] and it's a Stage 7 HIMSS certified institution.

A BCMA system has been implemented at the hospital since 2015, on desktop
devices [7]. Starting 2017 mobile devices have been the main technology used, such as
tablets incorporated into “Workstation on Wheels” or wall-mounted. Also, nurses have
the possibility of using the same mobile application on their personal cell phone [8].

At the time of this work, the Health Informatics Department is going forward with
the implementation of Honeywell EDAS51 PDA devices for its BCMA project.

2.2. Questionnaire

A Likert scale [9] questionnaire using the Google Forms platform. The survey consisted
of 14 statements regarding the recently implemented devices. Nurses could answer on a
S-point scale: 1 = Strongly Disagree, 2 = Disagree, 3 = Undecided or Neutral, 4 = Agree,
and 5 = Strongly Agree. Questions were designed using a general IT implementation
questionnaire already in use in HIBA, selecting and adapting questions for these study
objectives, with support from research methodology specialists.

2.3. Sample

The implementation team selected 7 wards to survey: 3 general adult, 2 general pediatric,
1 orthopedic and 1 obstetrics ward. All of these wards were part of the implementation
plan of the new PDA devices, jointly chosen with the Nursing Department. Supervisors
were informed of the survey and accepted to participate.

All nurses following these inclusion criteria were contacted:

e Regular nursing staff from the selected wards in January 2021.
e Not a supervisor or supervisor aid.
e Not on vacation or other type of leave during January or February 2021.

In total, the research team contacted 318 nurses via email at their work address.
Participation was voluntary and confidential
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3. Results

Sample characteristics are summarized in Table 1 and the questionnaire responses in
Table 2, a numerical score was assigned to each answer (from 1 for “Strongly Disagree”
to 5 for “Strongly Agree”) and a Mean Score was calculated for each statement..

Table 1. Sample characteristics.

Characteristic Value
n 58
Female (%) 49 (84.4)
Ward
General Adult (%) 40 (68.9)
General Pediatric (%) 6 (10.3)
Orthopedics (%) 7(12)
Obstetrics (%) 5(8.6)
Shift
Morning (%) 12 (20.7)
Afternoon (%) 10(17.2)
Night (%) 17 (29.3)
Weekends (%) 19 (32.8)

From 318 contacted nurses, 58 answered the questionnaire (18.2% response rate).
General Adult wards are more represented (68.9%) than others. This was expected as
half they represented both half the wards surveyed and the highest staffed.

Table 2. Summary of responses.

Strongly . Undecided Strongly
Statement Disagree Dls;nzg)ree or Neutral A(g:)e ¢ Agree gtf)iz
@ 3 >
Using the new device o 5 N 17 o
reduces errors. 1 (1.7%) 0 (0%) 7 (12.1%) (29.3%) 33 (56.9%) 43
The use of the new
device has achieved
gr