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ZUSAMMENFASSUNG

Im klinischen Alltag ist es unerldsslich, Patient*innen mit einem erhohten Risiko fiir
lebensbedrohliche Krankheiten zu identifizieren, um so frith wie moglich praventive
Mafsnahmen treffen kénnen. Der Einsatz von klinischen Prognosemodellen ermoglicht
es Patient*innen in Risikogruppen einzuteilen, wodurch das Gesundheitspersonal in
klinischen Entscheidungsprozessen unterstiitzt werden kann.

Aufgrund zunehmender Datenmengen in elektronischen Gesundheitsakten wurden
tber die letzten Jahre vermehrt Prognosemodelle mithilfe von Methoden des maschi-
nellen Lernens entwickelt. Der wesentliche Vorteil dieser Methoden besteht darin, dass
keine zusitzlichen Daten erfasst werden miissen, und damit ein flichendeckender
Einsatz ohne den Aufwand zusétzlicher personeller Ressourcen im klinischen Alltag
ermoglicht wird.

Trotz der ausgezeichneten Ergebnisse dieser Modelle auf Testdatensidtzen wurden
bisher nur wenige Modelle des maschinellen Lernens in den klinischen Einsatz ge-
bracht. Aus diesem Grund sind sowohl die klinische Prognosegenauigkeit als auch die
Akzeptanz durch das klinische Personal weitgehend unerforscht.

Das Ziel dieser Dissertation war die Evaluierung einer Anwendung basierend auf den
Methoden des maschinellen Lernens im klinischen Alltag. Der Zweck der Anwendung
ist die Vorhersage eines Delirs, ein akuter Verwirrtheitszustand, welcher oft mit hohen
Komorbiditaten und Sterblichkeitsraten einhergeht. Die Evaluierung umfasste die
folgenden drei Aspekte: (1) die Prognosegenauigkeit wahrend einer siebenmonatigen
Pilotstudie; (2) die Akzeptanz der Anwendung durch das klinische Personal; und (3) die
Langzeit-Prognosegenauigkeit in fiinf Krankenhausern in der Steiermark (Osterreich).

Die Ergebnisse der Evaluierung zeigten sowohl in der Pilotstudie als auch in der
Langzeituntersuchung eine stabile Prognosegenauigkeit im klinischen Alltag fiir in-
ternistische und chirurgische Patient*innen. Die Risikovorhersagen des Algorithmus
waren in hoher Ubereinstimmung mit den Einschitzungen der klinischen Expert*innen
tiir eine Stichprobe von Patient*innen der Allgemeinen Inneren Medizin und Gastroen-
terologie.

Das klinische Personal bewertete die Niitzlichkeit, Handhabbarkeit und Ergebnis-
qualitdt der Anwendung positiv, und begriifste insbesondere die schnelle und automa-
tisierte Risikovorhersage. Die Haufigkeit der Nutzung wurde jedoch vom klinischen
Personal als eher gering eingestuft. Zukiinftige Implementierungsprozesse sollten
daher Informationsveranstaltungen und Bekanntmachungen intensiver forcieren.
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ZUSAMMENFASSUNG

Im Rahmen der Evaluierung zeigten sich auch Schwéachen der auf Methoden des
machinellen Lernen basierenden Anwendung. Fiir Patient*innen der Abteilung fiir Kar-
diologie konnte ein Delir nur mit einer vergleichsweise geringen Prazision vorhergesagt
werden. Zudem war die Evaluierung durch eine unvollstindige Delir-Dokumentation
im Krankenhausinformationssystem limitiert. Diverse Ansdtze werden diskutiert, um
den Einfluss dieser Limitierung fiir zukiinftige Analysen zu reduzieren.

Diese Dissertation gibt neue Einblicke in den Einsatz von maschinellem Lernen im
klinischen Alltag und zeigt diverse Stiarken und Schwéchen einer solchen auf. Die
Ergebnisse veranschaulichen sowohl die hohe pradiktive Genauigkeit fiir die Vorhersa-
ge eines Delirs als auch die positive Akzeptanz der Anwendung durch das klinische
Personal. Obwohl sich diese Arbeit gezielt auf die Risikovorhersage eines Delirs richtet,
konnen die Erkenntnisse zukiinftig auch fiir die Evaluierung und kritische Beurteilung
von Modellen des maschinellen Lernens in anderen klinischen Anwendungsfeldern

herangezogen werden.

XVi



ABSTRACT

In clinical routine, early identification of patients with life-threatening risks is crucial
in order to initiate preventive actions as quickly as possible. Clinical prediction models
stratify patients according to their risk and thus support healthcare professionals in
their decision-making. Owing to the increasing amount of clinical data stored in
electronic health record (EHR) systems, numerous machine learning-based prediction
models have been developed over the last years. A main advantage of combining
machine learning and EHR data is that no additional information needs to be assessed,
which saves resources and allows for routine risk stratification in hospitals.

Despite demonstrations of outstanding prognostic performance in test data sets, only
few machine learning models have been implemented in clinical settings. Therefore,
little is known about their clinical performance and their acceptance by clinicians.

The goal of this thesis was to evaluate a machine learning-based risk stratification
tool in clinical routine. The predicted outcome of the tool is delirium, a syndrome of
acute confusional state with high morbidity and mortality in hospitalised patients. The
evaluation addressed three aspects: (1) the prospective performance of the delirium risk
stratification algorithm in a seven-months pilot study; (2) the technology acceptance
of the tool by healthcare professionals; and (3) the long-term performance when
implemented in five hospitals across the Austrian region of Styria.

The results demonstrate that the algorithm achieved a stable performance for in-
ternal medicine and surgical patients in clinical routine during a pilot study and in
the long term. Delirium risk predictions by the algorithm were in high agreement
with risk ratings by clinical experts for a sample of general internal medicine and
gastroenterology patients. Overall, healthcare professionals rated the usefulness, ease
of use and output quality positively and appreciated the automatic and fast prediction.
However, the reported use of the tool was still low and more promotion and training
sessions will be needed in future deployments.

The evaluation also revealed weaknesses of the machine learning-based tool, e.g.
a decrease in performance when applied to a cardiology department with a more
complex patient cohort. In addition, a low observed incidence of delirium in the
EHR data limited the evaluation, but ways to overcome this limitation in future are
discussed.

To conclude, this thesis provides new insights into the clinical performance of
a machine learning-based risk stratification tool and illustrates its strengths and
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ABSTRACT

weaknesses. It demonstrates the high predictive performance of machine learning-
based delirium prediction and the positive acceptance by healthcare professionals.
Even though the focus of this thesis was the prediction of delirium, the results will

support the evaluation and critical appraisal of machine learning models for different
clinical outcomes in future.
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INTRODUCTION

Artificial intelligence and particularly machine learning have been a constant in medical
informatics research over decades (Coiera, 1996; Peek et al., 2015). The prediction
of clinical outcomes, one of many applications of machine learning in medicine, has
gained much attention since well-known companies have started developing machine
learning models (Rajkomar, Dean, & Kohane, 2019). This has given rise to various
clinical prediction models for a broad range of clinical use cases, which have achieved
high predictive performance in retrospective data sets.

The goal of clinical prediction models is to support healthcare professionals in risk
prediction and decision-making, and thus improve patient care. In the past few years,
several machine learning-based prediction models have been published which were
trained on data from electronic health record (EHR) systems (Goldstein et al., 2017).
The advantage of using EHR data as an input for prediction modelling is the big
amount of already available longitudinal clinical data.

For EHR-based risk prediction no additional data need to be assessed, which saves
resources in hospitals and allows routine hospital-wide risk stratification. The risk
prediction is free of effort for healthcare professionals, which further leads to a higher
technology acceptance (Davis, Bagozzi, & Warshaw, 1989).

Although various machine learning-based models have been developed, few of them
have ever been deployed to support healthcare professionals in clinical routine (He
et al., 2019; Vollmer et al., 2020). As a consequence, only few studies have addressed the
model performance in dynamic decision-making situations, implementation processes
and the acceptance of the models by healthcare professionals (Islam et al., 2018).

In contrast to rule-based prediction models, machine learning models are able
to identify more complex patterns in data, which makes their interpretation more
complicated. When implemented in clinical settings, unexpected behaviour of the
models may occur and the performance may differ from the results when applied to
retrospective data (Amarasingham et al., 2014). Therefore, an ongoing evaluation of
these models in clinical settings is crucial to ensure a high performance of prediction
models and patient safety (Magrabi et al., 2019).

For a successful clinical deployment, the predicted outcome of the models needs to

be actionable and controllable (Bates et al., 2014). A promising use case for machine



1.1 MOTIVATION AND AIM

learning-based prediction modelling is the occurrence of delirium in hospitalised
patients.

Delirium is a syndrome of acute confusional state with an acute decline in attention
and cognitive functioning (Inouye, Westendorp, & Saczynski, 2014). The occurrence
of delirium is associated with higher mortality and morbidity, but it is preventable in
many cases using non-pharmacological interventions. It is therefore highly rewarding
to identify patients at high risk of delirium as early as possible. However, as the
aetiology of delirium is multifactorial (Inouye, 2006) it remains an open challenge to
accurately identify high-risk patients in clinical routine.

1.1 MOTIVATION AND AIM

The aim of this thesis was to evaluate a machine learning-based risk stratification
tool in a clinical setting. Since 2016, machine learning models predicting the risk of
delirium had been developed, and were finally integrated into a risk stratification
algorithm. Starting in 2018, the risk stratification algorithm has been deployed as a
decision support tool in the hospital information system (HIS) of a public hospital
network in Austria.

This thesis addressed a comprehensive evaluation of the delirium risk stratification
tool in clinical routine. The work was divided into three parts addressing the following
aims:

1. The first aim of this thesis was to prospectively evaluate the performance of
the delirium risk stratification algorithm in a clinical setting. In a seven-month
pilot study, the performance of the algorithm was assessed using state-of-the
art measures for discrimination and calibration. Besides, risk predictions of the
algorithm were compared with the risk ratings of experts to clinically validate
the results.

2. The second aim was to gain knowledge on how healthcare professionals perceive
machine learning-based risk stratification tools. The technology acceptance by
users was evaluated in a mixed methods study including expert group meetings
and questionnaire assessments.

3. The third aim of this thesis was to evaluate the long-term performance of the risk
stratification algorithm in a multicentre setting. After the pilot study, the tool
was deployed in several hospitals of the hospital network in 2019. Prospective
predictions of the algorithm were analysed for five hospitals treating different
patient cohorts in order to determine the stability of the performance.



1.2 STRUCTURE OF THE THESIS

1.2 STRUCTURE OF THE THESIS

Chapter 1 provides an introduction to clinical prediction models using machine learn-
ing and illustrates the aim of this thesis.

Chapter 2 presents the scientific background of the main aspects of the work.
This includes an introduction to machine learning-based prediction models (Section
2.1), barriers to the deployment of machine learning models (Section 2.2), and their
evaluation in healthcare (Section 2.3). Furthermore, clinical aspects of delirium are
discussed (Section 2.4), and previously developed prediction models for delirium are
reviewed (Section 2.5).

Chapter 3 summarizes the main methods used for evaluation, including an overview
of performance measures (Section 3.1), a description of the expert group (Section
3.2) and the identification of delirium patients in EHR data (Section 3.3). Finally, the
chapter demonstrates the overall study design (Section 3.4).

Chapter 4 describes the main material of evaluation, i.e. the delirium risk stratifi-
cation tool. This chapter is divided into (i) the development of the machine learning
models (Section 4.1), (ii) their integration into the risk stratification algorithm (Section
4.2), and (iii) the presentation of the predicted delirium risk to healthcare professionals
(Section 4.3).

The following chapters, Chapter 5, Chapter 6 and Chapter 7, address the three
aims of this thesis. Each chapter presents an in-depth introduction, specific methods
addressing the respective research question, results and limitations.

General aspects of the thesis are discussed in Chapter 8. The chapter addresses
the main findings of the evaluation (Section 8.1) and problems encountered when
identifying delirium patients in EHR data (Section 8.2). It provides examples of how
to overcome barriers of deployment, and discusses changes induced in healthcare
(Section 8.3). Moreover, the chapter highlights strengths and weaknesses of machine
learning models (Section 8.4) and the clinical benefit of such tools (Section 8.5). Finally,
it provides an outlook for future work to be explored (Section 8.6).

The last chapter, Chapter 9, presents a conclusion of this thesis and final remarks.
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BACKGROUND

2.1 RISK PREDICTION IN HEALTHCARE

For decision-making in everyday clinical practice, healthcare professionals need to
make various diagnostic and prognostic predictions for patients. While diagnostic
prediction estimates the probabilities of a disease being present, prognostic prediction
refers to the prediction of possible outcomes of a disease and the frequencies of events
such as death, survival, cure or complication (Laupacis et al., 1994).

Both types of predictions are essential to make decisions concerning further screen-
ing or preventive and therapeutic interventions. In inpatient settings, resources for
preventive actions are often limited. Thus, targeting patients at high risk can help to
use existing resources more effectively.

A common way to identify patients who are likely to benefit from preventive actions
is the use of clinical prediction models (Steyerberg, 2019). Prediction models aim
to inform clinicians about patients” diagnostic or prognostic risks. Publications on
clinical prediction models have increased over the past years, with most of them using
evidence-based data for prediction.

Clinical prediction models have usually been developed out of large cohort studies
or based on established clinical guidelines (Goldstein et al., 2017); risk predictions have
been made with few predictors which have causal impacts on the predicted outcomes.
One of the most famous prediction models in healthcare is the Framingham risk score,
which estimates the ten-year cardiovascular risk (D’Agostino et al., 2008). This score
has been widely accepted for quantifying the overall cardiovascular risk for patients
and for identifying risk factors.

Although numerous risk scores have been recommended by medical associations
and integrated into guidelines, many of them are not routinely used. Barriers for
their adoption include uncertainty of the target population or the need for additional
interventions (Miiller-Riemenschneider, 2010). They often lack accuracy, and their
population-based risk estimates often differ from individual risks of patients.

At the beginning of this century, Leo Breiman illustrated the need of alternative
approaches in addition to the exclusive approach of using stochastic data models
based on theory and assumptions (Breiman, 2001b). According to him, algorithmic

approaches such as neural networks and decision trees present an alternative and
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could help solving complex prediction problems, e.g. when aggregating over a large
set of models instead of using a single model.

2.1.1  Machine Learning Methods for Clinical Prediction Models

Healthcare is a multifaceted field due to the complexity of diseases, the heterogeneity of
outcomes and the variety of diagnostic and therapeutic procedures (Lee & Yoon, 2017).
Massive amounts of data are routinely collected in EHR systems. They are constituted
by clinical narratives, medical images, diagnostic data increasingly including omics
data, and other structured and unstructured data. As human cognition puts limits
to the analysis of big amounts of data, the use of algorithms presents one way to
overcome these limitations (Topol, 2019).

Machine learning, also referred to as statistical learning (Hastie, Tibshirani, &
Friedman, 2009), uses many different data points to predict outcomes with classification
and regression techniques. The goal is to learn complex patterns from training data
and develop models that generalise well to unseen test data.

There are many definitions of machine learning, and there is no clear boundary be-
tween machine learning models and non-machine learning models. Recent discussions
suggest to rather classify prediction models based on their ability to model linearity
or non-linearity, or to rank them by complexity (Bian et al., 2019). Machine learning
used for clinical prediction models can be thought of conceptually as a modelling
framework tailored to large or complicated predictor sets.

With the growing amount of routinely collected EHR data, data for modelling can
be retrieved directly from clinical information systems. Their availability combined
with machine learning methods facilitates the development of prediction models and
further personalises patient care (Parikh, Kakad, & Bates, 2016). The machine learning
approach does not require additional data entry or calculation, which is usually the
case for risk prediction with rule-based scores.

Various attempts have been made with machine learning to predict outcomes in
oncological and cardiovascular diseases (Islam et al., 2018), as well as in neurological
diseases (Jiang et al., 2017). Such clinical prediction models have been published with
promising results, e.g. predicting 30-day hospital readmission (Hao et al., 2015), the
first cardiovascular event over ten years (Weng et al., 2017) or short-term mortality
among patients with chemotherapy (Elfiky et al., 2018).

Depending on the underlying data and the predicted clinical outcome, different
machine learning methods are used for modelling. Clinical prediction problems can

be modelled using supervised learning methods, if annotated data are available, or
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by unsupervised learning methods, if data are unlabelled (Weng, 2020). Supervised
learning can be further divided into classification methods for the prediction of
outcome classes, or regression methods, when predicting continuous outcomes.

No single machine learning method performs best for all possible data sets. The
recommended methods for supervised class prediction include, among others, general-
ized linear models (GLM), support vector machines (SVM) and tree-based methods
(Weng, 2020).

GLM, in particular logistic regression for binary outcomes, is widely used for clinical
prediction models (Reddy & Li, 2015; Steyerberg, 2019). GLM is able to incorporate
categorical and continuous predictors, non-linear transformations and interaction
terms. Linear methods are often used in combination with regularization techniques in
order to improve the generalisability and prevent overfitting on the training data, for
instance lasso or ridge regression (Hastie, Tibshirani, & Friedman, 2009). While lasso
uses the L1 penalty, which shrinks certain coefficients to zero and removes features,
ridge regression uses the L2 penalty, which constricts coefficients but keeps all features.

SVM separates cases of different class labels with the use of hyperplanes in a mul-
tidimensional space (Steyerberg, 2019). Both classification and regression problems
can be modelled with SVM, and continuous variables can be handled as well as cate-
gorical values with numerical representation. Kernel functions are used to introduce
non-linearity (Liu, Du, & Feng, 2020). Although SVM often achieves high predictive
performance, its interpretability is limited.

Tree-based methods are used for regression and classification problems. They are
a good choice for modelling if high-order interactions are expected in big data sets,
although information might be partly lost as continuous features have to be categorized
(Steyerberg, 2019).

One of the most famous tree-based methods is classification and regression tree
(CART), first described by Breiman et al. (1984). CART uses recursive partitioning to
construct binary tree models (Steyerberg, 2019). Smaller subgroups of patients are built
by finding the statistically optimal split, which results in the maximum separation
among two sub-groups. The predictor that causes the largest separation is on top of
the tree, and splitting continues until no improvement can be obtained, or subgroups
reach a minimum size. Different splitting criteria are available to obtain the optimal

model, e.g. Gini impurity index or cross entropy.
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2.1.2 Random Forest Models in Healthcare

Binary decision trees follow simple presentations and are easy to interpret by humans
(Weng, 2020). However, as they may have high variance, techniques such as feature
subsampling, boosting or bagging have been used for tree-based methods. Besides
adaptive boosting (Adaboost) and gradient boosting machine (GBM), random forest is
a commonly applied tree-based method for clinical prediction models.

Random forest, developed by Breiman (2001a), is an ensemble method building a
big collection of de-correlated decision trees and averaging them (Hastie, Tibshirani,
& Friedman, 2009). It is based on bagging, a technique to reduce the variance of an
estimated prediction function. Random forest reduces the correlation between trees,
as it uses a random selection of input variables when growing the trees. It further
improves the variance reduction of bagging, and reduces overfitting of single decision
trees. Random forest models are able to account for non-linear relationships in the
data.

The use of random forest for clinical prediction models has increased over the past
years, and there are various publications demonstrating good predictive performance

in healthcare (Bihorac et al., 2019; VanHouten et al., 2014; Weng et al., 2017).

2.1.3 Predictive Modelling Using Electronic Health Records

The secondary use of EHR data has grown in the past years, but no consensus has
been found whether the reuse of clinical data satisfies research standards. While some
stand in for using data only for the collected purpose, others argue that data quality is
sufficient as soon as specific goals can be reached (Weiskopf & Weng, 2013).

The quality of EHR data ranges widely between different EHR systems (Weiskopf
& Weng, 2013). EHR data can be incomplete if data are available only on paper
records or collected in other institutions outside the hospital network. Values can
be incorrect, e.g. due to wrong data entry, coding errors because of uncertainty in
terminologies (Stausberg et al., 2008) or upcoding (O’Malley et al., 2005). There can
also be disagreement in EHR systems if values exist multiple times.

Goldstein et al. (2017) pointed out several advantages and challenges arising from the
use of EHR data for predictive modelling. EHR systems represent patient histories over
a longitudinal timespan and provide big sample sizes and predictors from different
sources for modelling. Hospital networks from a single region can include the majority
of the population, and therefore EHR data can be more reflective of the real world

than data from prospective cohort studies, which often rely on voluntary participation.
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When it comes to deployment, models trained on EHR data can be implemented more
easily in HIS and do not have to be translated first.

However, EHR data may suffer from insufficient data quality, represent sicker people
on average and underlie informative presence, i.e. the potential information in the
presence or absence of patient data (Goldstein et al., 2017). It is still not clear how
these factors influence the development and deployment of prediction models, and
which biases may occur. Poor EHR data quality cannot only be present in predictors of
a model, model accuracy can also be reduced if the predicted outcome is misclassified
(Wang et al., 2016). If an EHR system does not fully capture the predicted clinical event,
some patients are incorrectly classified as controls during training. Thus, false negative

cases will be increased during modelling and this might lead to biased results.

2.2 FROM DEVELOPMENT TO DEPLOYMENT

A recent study by Lee et al. (2020) reviewed predictive models integrated into EHR
systems and deployed in clinical practice. Most models were based on linear or logistic
regression methods, and the authors concluded that there is still a gap in the evaluation
of machine learning models concerning clinical implementation and outcomes.

This section discusses barriers to the implementation of machine learning models,
key aspects for a successful adoption by healthcare professionals and ways to enable

an interpretation of machine learning models.

2.2.1  Deployment Barriers of Machine Learning Models

The integration of machine learning models into clinical routine requires overcoming
several obstacles. These obstacles include general barriers to the deployment of decision
support systems, such as the technical integration into EHR systems and financial
costs (Watson et al., 2020). Various other barriers have been identified which limit the
implementation of machine learning models in particular.

First, clear regulations and standards are still missing on how to assess safety and
efficacy of machine learning models (Jiang et al., 2017). Without definitions for evalu-
ation, possible stakeholders like hospitals have difficulty in distinguishing adequate
models from non-adequate models. At the same time, regulatory requirements can
also present implementation barriers if regulations for medical devices apply (Vollmer
et al., 2020). Until today, only slightly more than 60 machine learning and Al-based
algorithms have been approved as medical devices by the US Food and Drug Ad-
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ministration (FDA), most of them for analysing CT, X-ray or MRI images (Benjamens,
Dhunnoo, & Mesk6, 2020).

Second, challenges for deployment refer to data quality and data transfer. Informa-
tion systems often lack interoperability, which limits the exchange of data between
them. For many developments, after a first successful implementation, continuous
supply of data from the HIS is not further provided for the developers. This limits the
improvement and further development of already implemented models (Jiang et al.,
2017).

Retrospective data used for modelling differ from prospective data in various ways,
e.g. in the availability of data at certain time points. Thus, when training predic-
tion models on retrospective clinical data, the model performance can be worse for
prospective data (Amarasingham et al., 2014).

Third, several ethical challenges have to be addressed (Char, Shah, & Magnus, 2018).
Algorithms based on machine learning are known to be vulnerable to mirror biases
of human decision making such as racial discrimination. Biases can also occur if
algorithms are trained on different populations than finally implemented or used for.
Predictors based on ethnicity, for instance, should be added only with care and for
certain reasons (Gijsberts et al., 2015).

In addition, the intent behind a prediction model has to be taken into account. An
algorithm that is mathematically optimal is not necessarily ethically optimal (Magrabi
et al.,, 2019). Algorithms can lead to clinical actions that improve quality metrics or
reduce healthcare costs, but might not lead to better care or to any other benefit for
patients.

Finally, each step of the development and implementation of machine learning
models needs to comply with privacy protection and might require patient consent, for

example when the need for an intervention is predicted (Amarasingham et al., 2014).

2.2.2  Adoption of Machine Learning Models

As few machine learning models have been integrated into clinical routine, there
is little research regarding the adoption of machine learning models by healthcare
professionals (Amarasingham et al., 2014; Islam et al., 2018).

For a successful adoption in healthcare, machine learning models need to prove
their benefit in clinical routine. Prediction models should support or optimise clinical
decision making processes in a meaningful way (Vollmer et al., 2020). Predictions
of the models should be of high clinical utility and clinicians should be able to take

actions and modify a predicted risk (Watson et al., 2020).
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Besides providing a benefit, prediction models need to be trustworthy. Spiegelhalter
(2020) distinguishes between two types of trustworthiness: (a) trustworthiness of claims
made about the system, and (b) trustworthiness of claims made by the system.

Trustworthiness about the system is highly influenced by the utility of an algo-
rithm and its benefit in actual use. Trustworthiness is established when providing
information about what an algorithm is able to predict and how it has been evalu-
ated. Communication should include information regarding responsibilities of the
development, accuracy of the algorithm, auditability by third parties and fairness to
demographic characteristics.

Clinicians are used to interpreting metrics like sensitivity or specificity of diagnostic
tests, but are often not comfortable with the interpretation of ROC (receiver operating
characteristic) curves or confusion matrices (Watson et al., 2020). This needs to be
addressed when communicating the performance of prediction models to healthcare
professionals.

Magrabi et al. (2019) also highlight the importance of the correct communication
of evaluation results. Results should be understandable to clinicians and managers,
especially when it comes to transparency considering limitations and ethical aspects of
machine learning models. Healthcare professionals should understand how a system
was created and how it impacts their work in order to use it responsibly.

Although trustworthiness demands transparency, the transparency of complex
systems does not necessarily provide explainability (Spiegelhalter, 2020).

The trustworthiness of claims made by the system is highly related to the explain-
ability of its claims. Users will trust a prediction if they understand the behaviour
of the model and if explanations of predictions are faithful and intelligible (Ribeiro,
Singh, & Guestrin, 2016). However, such explanations present big challenges for
machine learning models that use many different predictors and that model complex

relationships.

2.2.3  Explainability of Machine Learning-Based Risk Predictions

Depending on the statistical method used for modelling, some models are more easily
interpretable than others. When thinking of model interpretability as a dimension,
fully human-guided methods are located on one end of the scale, as they are highly
interpretable, whereas fully machine-guided methods on the other end, as they are
perceived as black boxes (Beam & Kohane, 2018). While single decision trees are
located at the highest level of interpretability, linear combinations of trees such as

random forest models are located more in the middle of the scale (Hastie, Tibshirani,
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& Friedman, 2009). Deep learning methods are located at the end of the dimension
with lowest level of interpretability. They require enormous amounts of data but less
human guidance to be trained.

Regardless of the method used for modelling, input variables have different influence
on the outcome (Hastie, Tibshirani, & Friedman, 2009). One way to improve the
interpretability of models is to provide users with lists of variables ranked by their
relative weights of contribution or importance to the prediction (Ribeiro, Singh, &
Guestrin, 2016). The most common measure for variable importance in random forest
was proposed by Breiman (2001a). The goal of the method is to measure the prediction
strength of each predictor, which can then be ranked according to its importance for
the model as a whole.

Due to Spiegelhalter (2020), at least the developers of algorithms should be able
to give explanations on risk predictions if the algorithm itself is difficult to interpret.
However, it remains a duty for developers to partially or fully open the black box
of machine learning-based prediction models, so that clinicians can better judge
the outcome. There are big difficulties drawing causal inference from predictors of
machine learning (Shiffrin, 2016), and this lack of causality presents a concern regarding
explainability (Bhatt et al., 2020); variable importance methods are an important step
towards the opening of black box models.

Besides improving the trustworthiness of a system, an increase in explainability can
reduce the automation bias. Humans assisted by decision support systems tend to
over-rely on them and stop questioning the output (Magrabi et al., 2019). Improving the
interpretability of a machine learning model and explaining the underlying predictors

can lower this bias.

2.3 EVALUATION OF MACHINE LEARNING MODELS IN HEALTHCARE

Although many machine learning models achieve good performance in test and valida-
tion data, there are hardly any follow-up studies on the performance of such models in
dynamic decision-making situations (Islam et al., 2018). Few machine learning-based
risk prediction models can be found in late-stage clinical development, and there has
been little prospective validation determining their benefits and usefulness (Topol,
2019). As a result, little is known about how healthcare professionals interact with
machine learning models and how they perceive them.
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2.3.1  Considerations for Evaluation

Magrabi et al. (2019) presented key considerations and practical aspects for the evalua-
tion of machine learning-based clinical decision support systems. Although many of
their suggestions refer to the evaluation of models before an implementation, they also
highlight several points of interest after it.

During the development of a model, appropriate performance measures need to
be chosen depending on the specific use case. While an algorithm for triage tries
to achieve highest discrimination, an algorithm predicting risk of complication or
mortality needs to be accurate for all patients. At this point, possible differences
between training cohorts and patient populations for prospective predictions should
be evaluated.

Prediction models should further be evaluated considering their risk of data quality
issues and their generalisability to new situations. It has to be assessed whether the
data needed by the model are available in the setting selected for implementation. This
aspect is related to the data quality constraints discussed in Section 2.1.3.

After a stable algorithm is obtained, evaluation should compare the decision making
of healthcare professionals with and without the decision support system. The idea of
comparing the performance between humans and machine leads back to an experiment
in the 50s, the Turing test (Turing, 1950). This comparison is further related to the
validation of utility; although a model predicts a risk accurately, it might not be
meaningful in clinical practice, not fit into clinical workflows and thus not give any
support to healthcare professionals or benefit for patients.

Magrabi et al. (2019) further illustrate the need of an ongoing surveillance in order
to monitor changes after the deployment of machine learning algorithms. Different
patient populations, treatment possibilities and organisational and social impacts can
change the data used for prediction. Thus, the need for recalibration of the models
should be assessed regularly after the deployment.

2.3.2  Evaluation of Machine Learning Acceptance

User satisfaction and the acceptance of a system play a key role when evaluating any
decision support system. Wyatt & Spiegelhalter (1990) stated already in the early
nineties that "[...] medical expert systems will not succeed unless they are wanted, are
usable in the clinical environment and draw conclusions that seem reasonable to the

user".
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Two recent studies reported on the acceptance of machine learning-based risk pre-
diction by clinicians. The first study by Brennan et al. (2019) evaluated the application
MySurgeryRisk in a prospective pilot study. MySurgeryRisk is an automated analytics
framework, which provides predictions for several postoperative complications based
on clinical data from the EHR system using generalised additive models and random
forest models (Bihorac et al., 2019).

Brennan et al. (2019) assessed the usability and the performance of the framework
before its actual implementation. 150 patient cases were simulated in order to study
the interaction between physicians and the algorithm. 20 surgical intensivists provided
risk ratings on a scale from 0% to 100% for all postoperative complications before
and after seeing the scores of the algorithm. For around 75% of the cases, physicians
changed their risk predictions after interacting with the algorithm. However, only
five out of ten physicians who participated in the usability survey reported that the
algorithm helped them in their decision-making process. The same amount reported
that they would use the application for counselling patients preoperatively, and eight
of ten found it easy to use.

The second acceptance study was conducted by Ginestra et al. (2019). The authors
assessed the clinical perception of the Early Warning System (EWS) 2.0 predicting
sepsis in non-intensive care unit (ICU) inpatients (Giannini et al., 2019). EWS 2.0 uses
a random forest classifier to predict severe sepsis or septic shock, and recalculates the
risk hourly with the latest EHR data.

During a pilot study of 14 months, predictive alerts were sent to the care team
(Ginestra et al., 2019). Users were questioned twice for a total of 362 triggered alerts
over six weeks. 287 nurses and physicians completed a first survey six hours after
an alert, resulting in a response rate between 30-50%. 47 participants completed the
second survey 48 hours after the alert (response rate 24-41%). The majority of the users
reported no changes in their perception of a patient’s sepsis risk, and the minority
identified new clinical findings or reported changes in risk management. Nurses found
the alert more helpful than physicians and reported more often that the alerts improved
care. Physicians mainly criticised that the system fired too late, and that it triggered
mostly for already known abnormalities. They further requested an improvement of
transparency of predictors that led to an alert trigger.

2.4 THE USE CASE DELIRIUM

This section illustrates the need and usefulness of accurate risk prediction of delirium,

and the benefit of supporting its prediction using machine learning methods.
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2.4.1  Clinical Perspectives of Delirium

Delirium is a syndrome of acute confusional state and is characterised by an acute
decline in cognition and attention (Inouye, 2006). The onset of delirium is multifactorial,
depending on predisposing factors and precipitating factors. Especially elderly patients
are often affected by delirium and suffer from its consequences.

Delirium patients have longer hospital stays (McCusker et al., 2003) and their health
is often affected by massive complications. They show reduced cognitive rehabilitation
(Girard et al., 2010) and have an increased need for long-term care (Bickel et al., 2008).
Mortality rates are increased for delirium patients not only in the short term (Inouye,
Westendorp, & Saczynski, 2014; Lin et al., 2004) but also in the long term, together
with an increased risk of institutionalisation (Eeles et al., 2010; Witlox et al., 2010).

Different subtypes of delirium have been recognized, depending on the psychomotor
behaviour of a patient: While hypoactive delirium is characterized by unresponsiveness
or slowing movement, symptoms of hyperactive delirium range from simple restlessness
to agitation. Mixed forms of delirium include symptoms of both types (Yang et al.,
2009; de Rooij et al., 2005). Depending on these subtypes of delirium, different patient
management and treatment strategies are necessary. Hyperactive patients attract more
attention and are thus easier to detect than hypoactive patients (de Rooijj et al., 2005),
but their treatment presents a higher burden for nurses (Schmitt et al., 2019).

Occurrence rates of delirium range widely between studies, depending highly on
the population studied. In a systematic review from Inouye, Westendorp, & Saczynski
(2014), prevalence rates ranged from 18 to 35% and incidences from 11 to 14% in
general medical departments. A review from Siddiqi, House, & Holmes (2006) found
prevalence rates ranging from 10 to 31% and incidence rates from 3 to 29% for medical
inpatients. Even higher incidence rates of delirium can be found in ICU and in
postoperative settings (Inouye, Westendorp, & Saczynski, 2014).

However, in many cases delirium is overlooked and remains undiagnosed (Lange
et al., 2019). The underdetection of delirium and a delayed treatment of the syndrome
can lead to complications and can further delay the treatment of the disease a patient
has been primarily admitted for. Due to increased monitoring and the commitment of
more staff members, higher nursing time is necessary for delirium patients (Weinrebe
et al., 2016). Hence, delirium results not only in a burden for patients and their families
(Schmitt et al., 2019), but also in substantially higher healthcare costs (Leslie, 2008). As
a conclusion, patients, families, healthcare professionals and hospital networks benefit

from a successful prevention of delirium.
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2.4.2  Risk Factors and Prevention of Delirium

The leading predisposing risk factors identified for delirium are dementia, cognitive
or visual impairment, history of alcohol misuse and age older than 70 (Inouye, West-
endorp, & Saczynski, 2014). Precipitating risk factors that can trigger the onset of a
delirium include sedative-hypnotic drugs, use of urinary catheter, infection or surgery.
In addition, several environmental risk factors have been identified that influence
symptoms of inpatients with delirium (McCusker et al., 2001). A higher number of
room changes, long-term care, absence of a clock in the room or absence of reading
glasses were associated with worse outcomes; frequent presence of family members
was related to better outcomes.

There is high evidence that the occurrence of delirium can be prevented in many cases
(Hshieh et al., 2015; Inouye et al., 1999). In accordance with the multifactorial aetiology
of delirium, multicomponent approaches for prevention and treatment were found to
be most effective (Inouye, Westendorp, & Saczynski, 2014). One example is the use of
clinical protocols to detect risk factors (Young et al., 2008). Such protocols commonly
include checks for urinary tract infection, dehydration, oral hygiene, disorientation,
vision and hearing or sleep quality. Detection and further modification of these risk
factors can reduce delirium by up to one third.

Concordantly, a Cochrane review from Siddiqi et al. (2016) found strong evidence
for effective prevention of delirium in hospitalised patients using non-pharmacological
multicomponent interventions. Although guidelines recommend the use of antipsy-
chotic medication to lower severity of delirium, there is no convincing evidence for
a pharmacological prevention or treatment (Inouye, Westendorp, & Saczynski, 2014;
Siddiqi et al., 2016; Young et al., 2008).

2.4.3 Screening and Diagnosis - State of the Art Methods

It seems inevitable to detect patients with highest risk as early as possible in order
to successfully prevent the onset or mitigate signs and symptoms of delirium. Even
though several screening methods have been established, they have their limitations
when it comes to delirium management in hospitals.

One of the most common tools to detect delirium is the Confusion Assessment
Method (CAM). It was developed by Inouye et al. (1990) based on the diagnostic
criteria from the Diagnostic and Statistical Manual of Mental Disorders, Version 3,
(DSM-3) of the American Psychiatric Association (1980). In accordance with the DSM-3,

CAM assesses (1) an acute change in mental status with a fluctuating course, (2)
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inattention, (3) disorganized thinking, and (4) altered level of consciousness. CAM is
considered to be positive (and indicates delirium) with the presence of (1) and (2), and
either (3) or (4).

Another common screening tool is the Delirium Observation Screening (DOS) scale
developed by Schuurmans, Shortridge-Baggett, & Duursma (2003). The aim of the tool
is to facilitate early recognition of delirium. Just like CAM, it is based on the DSM
criteria of delirium. However, DOS consists of 13 items which are more specific than
the items of CAM, e.g. including the question whether a patient "knows which part
of the day it is". It is recommended to apply the DOS scale three times a day during
regular care. Even though some of the items are fast to answer ("pulls IV tubes, feeding
tubes, catheters etc."), other items require more detailed observations ("reacts slowly to
instructions").

In hospital routine, screening scales like CAM or DOS are often time-consuming for
healthcare professionals, especially when considering frequent changes in rosters and
high numbers of patients. As both scales were developed mainly for screening and
detection, their items are based on diagnostic criteria and assess signs and indicators
for delirium that are already present. When using exclusively such items for delirium
risk prediction, patients with several other predisposing and precipitating risk factors
may go undetected.

In the International Classification of Diseases tenth revision (ICD-10), delirium has
the codes in the range of Fos.o to Fos.9. While the English version of ICD-10 describes
Fos as "delirium due to known physiological conditions", the German modification
(ICD-10-GM) describes it as delirium not caused by alcohol or other psychotropic

drugs ("Delir, nicht durch Alkohol oder andere psychotrope Substanzen bedingt").

This indicates the fact that delirium is not only common in elderly people with
predisposing and precipitating risk factors, but can also occur in younger patients
along with alcohol withdrawal.

2.4.4 Alcohol Withdrawal with Delirium

Prevalence of alcohol dependence is around 9% in Europe, and out of all Europeans

with alcohol dependence up to 22% receive medical treatment (Rehm et al., 2015).

When reducing or discontinuing alcohol consumption, about 50% of patients with
alcohol-use disorders show signs of withdrawal (Schuckit, 2014).

The ICD-10 code F10.4 describes a "withdrawal state with delirium", colloquially
called delirium tremens. The incidence of delirium in patients with alcohol withdrawal

varies from 3 to 20% (Lee et al., 2005; Mainerova et al., 2015). Delirium with alcohol
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withdrawal begins around three days after the first withdrawal signs and symptoms,
and lasts about 2 or 3 days. Up to 4% of the patients with withdrawal delirium die
because of seizures, hyperthermia or cardiac arrhythmias, but death can be prevented
with early diagnosis and the right treatment (Schuckit, 2014).

Although this kind of delirium is excluded in most prediction models for delir-
ium, it is equally important to identify patients at high risk. Possible risk factors
for alcohol withdrawal delirium include previous episodes of delirium or seizures
during withdrawal, infectious diseases or hypertension (Mainerova et al., 2015). In
addition, several laboratory values and in particular elevated liver enzymes indicate
a higher risk, including alanine aminotransferase, aspartate aminotransferase and
gamma-glutamyltransferase, or mean corpuscular volume and carbohydrate-deficient

transferrin.

2.5 CLINICAL PREDICTION MODELS FOR DELIRIUM
2.5.1 Published Reviews on Delirium Prediction Models

Several reviews on prediction models for delirium have been published in recent
years. van Meenen et al. (2014) reviewed models for postoperative delirium and
conducted a meta-analysis. Although some prediction models had been internally
and externally validated, the authors did not recommend any of them for clinical
practice as they considered the evidence for good performance too weak. Further
limitations were a lack of generalisability to other populations and the frequent use
of age and the Mini-Mental-State-Examination score as predictors. While the authors
criticized the predictor age to be not differentiating well in patients above 70 years, the
Mini-Mental-State-Examination requires training and is time consuming.

Newman, O’'Dwyer, & Rosenthal (2015) conducted a review of delirium prediction
models for hospitalised internal medicine patients excluding ICU and post-surgical
patients. None of the models included in their review had been adopted to clinical
practice, and the authors mentioned several challenges for implementation: Some
models included variables which were difficult to measure on admission, and all of
them required at least some values to be completed by hospital staff and were thus
found to be time consuming.

Another review with importance to this thesis was conducted by Lindroth et al.
(2018). It included prediction models developed on inpatients older than 60 years,
and excluded alcohol-related delirium. The authors pointed out the need for more

dynamic models developed with other statistical methods including machine learning.
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Furthermore, they criticized the clinical utility if only patients at highest risk are
detected, while prediction for patients of moderate or ambiguous risk might achieve a

greater clinical value.

2.5.2  Prediction Models with Importance to this Thesis

For this thesis, a systematic review on the discriminative performance of prediction
models for delirium using EHR data was conducted. Details of the search strategy
and a PRISMA flow diagram (Liberati et al., 2009) of the reviewed research articles are
included in the Appendix in Table B.1 and Fig. A.1, respectively. Eight publications
were identified by the systematic review; three of them were excluded as they had
been prepared by our research group and describe the prediction models evaluated in
this thesis (Kramer et al., 2017; Veeranki et al., 2019; Veeranki et al., 2018). In addition,
the study from Kim et al. (2016), which was included in the review by Lindroth et al.
(2018), was added to the literature overview of this section.

Table 2.1 presents the results of the six reviewed studies. Besides the modelling
method and discriminative performance, numbers of patients included in the training
and the final numbers of model predictors are illustrated.

Table 2.1: Reviewed EHR-based models predicting delirium in inpatients.

Publication Method N*  Pred. Results

AUROC [95%-CI] Sens. Spec.
Rudolph et al. (2016) G - 6 0.69 [0.61-0.77] 64.0% -
de Wit et al. (2016) LR 1,291 12 078 [0.74-0.81] 78.2% 63.5%
Kim et al. (2016) LR 561 9 0.94 [0.91-0.97] 80.8% 92.5%
Halladay et al. (2018) RF 27,625 16 0.91  [0.90-0.92] - -
Corradi et al. (2018) RF 51,240 128 0.86 [0.84-0.88] - -
Wong et al. (2018) GBM 14,227 796 0.86 - 59.7%  90.0%

Note: “Number of patients included for training; "Number of model predictors; G: Guideline
based; LR: Logistic regression; RF: Random forest; GBM: Gradient boosting machine

Rudolph et al. (2016) weighted delirium risk factors identified by the National
Institute for Health and Clinical Excellence (NICE) (2010) in the UK and included
them in the e-NICE algorithm. Six risk factors for delirium were included in the
algorithm based on the meta-analysis: impaired cognition, impaired vision, severity of
illness, fracture, infection, and age. The e-NICE algorithm achieved an area under the

receiver operating characteristic curve (AUROC, described in Section 3.1.1.2) of 0.69 in
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2.5 CLINICAL PREDICTION MODELS FOR DELIRIUM

a prospective validation cohort including 246 patients. The performance of the model
increased to 0.74 when applying additional cognitive screening.

The prediction model developed by de Wit et al. (2016) used 12 predictors derived
from univariable regression analyses including age, prescribed medication and labora-
tory values. The final logistic regression model achieved an AUROC of 0.78 in a cohort
of patients older than 6o.

Kim et al. (2016) developed the Delphi score, which was also the best discriminating
model in the review by Lindroth et al. (2018). The Delphi score achieved an AUROC
of 0.94 using nine variables for prediction. However, some of the variables need to
be assessed during or after surgery (e.g. ICU admission) which makes the model
unsuitable for early risk prediction. Lindroth et al. (2018) also criticized the results
of the Delphi model because some variables for prediction were collected after the
possible onset of delirium. The data collection for the model occurred within the first 24
hours after surgery, while delirium assessment began immediately after surgery. Due
to this data overlap, the performance of the score might be exaggerated. Furthermore,
the score is only applicable for patients older than 60 who underwent major general
surgery (gastrointestinal, hepatobiliary-pancreatic, colorectal, vascular, or trauma
surgery).

The model proposed by Halladay, Sillner, & Rudolph (2018) achieved an AUROC
of 0.91 when predicting delirium prevalent at admission. Similar to Rudolph et al.
(2016), the model was developed based on the NICE guideline but in combination with
random forest. Their definition of delirium was very broad and the study population
included US veterans only. The use of this model can rather help not to overlook a
present delirium than prevent the occurrence of delirium.

Two of the identified publications are highly relevant for this thesis, the study by
Corradi et al. (2018) and the study by Wong et al. (2018).

Corradi et al. (2018) developed a random forest model predicting delirium in hos-
pitalised patients. The predicted outcome was a positive CAM assessment at least
48 hours after admission. EHR data used for prediction included demographic data,
comorbidities using ICD codes, vital signs, medication orders, procedures and predic-
tors from the Richmond Agitation-Sedation Scale. Only data available during the first
hours of hospital stay were included for modelling. Using 128 predictors, the model
achieved an AUROC of 0.861 on validation data of 10,000 non-ICU patients.

Wong et al. (2018) compared five different machine learning methods for predicting
delirium at hospital admission: penalized logistic regression, GBM, artificial neural
network with a single hidden layer, support vector machine (SVM), and random forest.
The models were trained on non-ICU patients without delirium present on admission
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and included 796 predictors from EHR data such as admission diagnoses, medications,
laboratory values, vital signs, demographic data and nursing data. The best performing
model, a GBM model, achieved an AUROC of 0.855 on validation data of 3,996 patients.
The sensitivity of the model was 59.7% at a specificity set at 9g0%.

2.5.3 Summary

Several prediction models have been published using EHR data for delirium predic-
tion, but only few of them used machine learning methods for modelling. Several
aspects limit the deployment of the prediction models in clinical practice. Models
were developed on narrowly defined cohorts and are thus not generalisable to other
populations, data need to be completed by hospital staff or values are not available
at point of admission. Thus, most models will not be able to support an early risk
prediction of delirium with great clinical value.

However, the biggest limitation found is missing evidence from the performance
of the models in clinical practice (Newman, O’'Dwyer, & Rosenthal, 2015). Although
some models performed very well in retrospective data sets, none of the reviewed
machine learning models have been implemented and prospectively evaluated in a

routine clinical setting.
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METHOD

This chapter describes the methods used for the evaluation of the delirium risk
stratification tool. First, the most important performance measures for prediction
models are introduced. Second, the expert group is described that was involved in the
pilot study. Third, the methods used to identify patients with delirium are presented.
Finally, the study design is presented answering the three research questions raised in
Chapter 1.

Specific methods and details of the study design for each research question are
described in the corresponding chapters (Chapter 5, Chapter 6 and Chapter 7). All
analyses for this thesis were performed using the R software in Version 3.4 and 3.6.

3.1 MEASURES OF PERFORMANCE

The assessment of the performance of a classification model is important during its
development (e.g. when comparing different models) and during its evaluation (e.g.
to determine whether it performs sufficiently for the defined use) (Hand, 2012).

A major contribution to the assessment of the performance of prediction models was
made by Steyerberg et al. (2010). According to the authors, two main characteristics
need to be addressed when evaluating prediction models with binary outcomes:
discrimination and calibration. This section presents common measures for both

characteristics.

3.1.1  Measures of Discrimination

The main goal of a classification model is to select the best available threshold to
discriminate between two or more classes (Hand, 2012). The threshold depends
on the circumstances of deployment, and it is often let unspecified during model
development. However, as soon as a prediction model is applied, the threshold has
to be set. Therefore, different measures of performance are needed when evaluating

prediction models with or without given thresholds.
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3.1.1.1  Measures with Specified Threshold

Most classification problems in the medical domain are evaluated using thresholds.
Based on the thresholds, a confusion matrix can be calculated comparing the actual
outcome to the predicted outcome. For binary classifiers, this results in a 2x2 matrix,
from which several measures of discrimination can be reported for prediction models.
e Sensitivity, also called true positive rate or recall, is the number of correctly pre-
dicted positive cases among the total number of positive cases.
* Specificity, or true negative rate, is the number of correctly predicted negative cases
among the total number of negative cases.
e False positive rate is the number of false positive cases among all negative cases,
or 1 - Specificity.
e False negative rate is the number of false negative cases among all positive cases,
or 1 - Sensitivity.
e Positive predictive value, also called precision, is the number of the correctly pre-
dicted positive cases among all positive predicted cases.
* Negative predictive value is the number of correctly predicted negative cases among
all negative predicted cases.

3.1.1.2  Measures Without Specified Threshold

Without a specified threshold, measures derived from a confusion matrix cannot be
used. One way to overcome the constrain of an unspecified threshold is to use multiple
possible threshold values to describe the model performance (Hand, 2012).

A common measure of discrimination with unspecified threshold is the area under the
receiver operating characteristic curve (AUROC), which is equal to the concordance statistic
(c) for binary outcomes (Steyerberg et al., 2010). Hosmer, Lemeshow, & Sturdivant
(2013) provided a suggestion for the interpretation of AUROC values describing
discriminative performance (illustrated in Table 3.1).

In this thesis, AUROC represents the probability that a randomly chosen patient
of the group of patients without delirium has a lower predicted probability than a
randomly chosen patient of the group of patients with delirium.

When reporting AUROC as a measure of performance, the metric is usually visual-
ized plotting the curve of the receiver operating characteristic (ROC). In ROC plots, the
x-axis shows the false positive rate or 1 - specificity, and the y-axis the corresponding
true positive rate or sensitivity.

Various methods have been proposed for confidence intervals (CI) of ROC curves.
For this thesis, the 95%-CIs of ROC curves were computed based on the DeLong

22



3.1 MEASURES OF PERFORMANCE

method (DeLong, DelLong, & Clarke-Pearson, 1988) using the pROC package (Robin
et al.,, 2011) in R.

Table 3.1: Interpretation of AUROC values according to Hosmer, Lemeshow, & Sturdivant
(2013)

Value Interpretation

AUROC =o.5 No discrimination (equal to flipping a coin)

0.5 < AUROC < 0.7 Poor discrimination (not much better than coin toss)
0.7 < AUROC < 0.8 Acceptable discrimination

0.8 < AUROC < 0.9 Excellent discrimination

AUROC > 0.9 Outstanding discrimination

3.1.1.3 Choosing the Right Evaluation Measures

As outlined by Magrabi et al. (2019), different performance measures are necessary
depending on the use case of a prediction model. While some prediction models aim
for a high specificity, in other scenarios high sensitivity is preferred.

The selection of measures depends not only on the use case, but also on the under-
lying data. AUROC values with 95%-CI and corresponding ROC plots serve as an
overall measure of discriminative performance.

There is evidence that for imbalanced data, precision-recall plots can be more
informative than ROC plots (Saito & Rehmsmeier, 2015). In the original EHR data
used for the development of the prediction models evaluated in this thesis, the number
of delirium patients and non-delirium patients was highly imbalanced. However,
resampling methods were used during the development (see Section 4.1.1), and, hence,
ROC plots were considered to be of sufficient information.

For the deployed delirium risk stratification tool, two thresholds were set in order to
stratify patients into three risk groups. As illustrated in Section 4.2.1, thresholds varied
between different clinical department. In order to calculate performance measures
with a specified threshold, the lower threshold was used to separate the predicted risk
groups into a low risk group and a high or very high risk group.

3.1.2  Measures of Calibration

Although measures of calibration are recommended by the TRIPOD guideline for
transparent reporting of multivariable prediction models (Collins et al., 2015; Moons
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et al., 2015), they are less frequently assessed than measures of discrimination (Van
Calster et al., 2016). Measures of calibration demonstrate the agreement between the
predictions of a model and observed outcomes. In other words, calibration refers to
the reliability of probabilistic claims.

One method to examine the calibration of a model are calibration plots (Steyerberg
et al., 2010). On the x-axis, predictions of an algorithm are presented, while the y-axis
shows the observed outcome. Perfect predictions should be located at the 45 degree
line. For binary outcomes, the x-values often present percentiles of the predicted risk
probabilities, and the y-values present relative frequencies of the outcome.

Two main aspects show the importance of measuring calibration in this thesis. First,
there is evidence that an algorithm developed on data with high incidence of the
predicted outcome might systematically overestimate the risk when used in a setting
with low incidence (Van Calster et al., 2019). As resampling methods led to a higher
incidence of delirium in the training data (see Section 4.1.1), measures of calibration
will provide insights on a possible overestimation.

Second, an underestimation of the predicted risk can increase the number of false
negative cases because patients with delirium would then be stratified to a low risk
group instead of to a high risk group. This might further result in a low discriminative
performance, a poor acceptance by healthcare professionals, and an undertreatment of

patients (Van Calster et al., 20109).

3.2 EXPERT GROUP

Clinical experts were constantly involved in the evaluation of the delirium risk stratifi-
cation tool. An expert group was set up in order to enhance participation of healthcare
professionals, define user requirements and consider clinical experience during the
whole implementation and evaluation period.

The evaluation of the tool was carried out in cooperation with KAGes. KAGes is
the public health care provider in Styria, a federal state of Austria, and runs several
subsidiary hospitals. One of them is the federal state hospital Landeskrankenhaus
(LKH) Graz II, which served as a pilot site.

Staff members from the pilot hospital were nominated for participation in the expert
group by the heads of the surgical and internal medicine departments. Depending
on the clinical roster, up to five senior physicians and five ward nurses attended the
meetings. Physicians and nurses also contributed to the evaluation of the acceptance

of the delirium risk stratification tool.
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The expert group was involved in decisions regarding the visualization in the HIS
and determining the number of high-risk-patients to be visualized. Available resources
for prevention were analysed in the departments, and thresholds for the three risk
groups were adapted in agreement with the clinical experts (see Section 4.2.1).

During the pilot phase, the expert group facilitated usability engineering and im-
provement of the delirium risk stratification algorithm. In addition to clinicians, five
machine learning engineers and IT professionals in charge of the maintenance of the
HIS were included as experts. Of the 15 expert group members eight were male (53%)
and seven female (47%).

3.3 IDENTIFICATION OF PATIENTS WITH DELIRIUM

A task with high importance for the evaluation was the identification of patients
with delirium in the EHR data. Two methods were used for identification during the
evaluation, which were identical for model development. First, EHR data of patients
were searched for delirium-related ICD-10 codes, and second, discharge summaries
were screened using text mining methods.

EHR data of a patient’s hospital stay were searched for the ICD-10 codes Fos
(including all subcategories) and F10.4 if alcohol withdrawal was present. Whenever
patient transfers occur within the KAGes network, data are documented using different
identification numbers for the stay in each hospital. Thus, for each patient, EHR data
from the KAGes network were screened up to 14 days after discharge of the primary
hospitalisation under consideration.

As physicians are not always familiar with ICD-10 codes, delirium is not always
correctly coded, e.g. with the too unspecific symptom code R41.0 (Disorientation,
unspecified). ICD-10 coding is mostly required for hospital administration, and
mentions of diseases and clinical outcomes are generally more accurate in clinical texts
of EHR systems.

Therefore, as a second method of identification, discharge summaries were screened
for delirium. Discharge summaries from the hospitalisations and up to 14 days after
discharge were exported. For text mining in R, approximate string matching with
Levenstein distance measures depending on the length of the searched strings was
used. Search words included the following delirium related words in German: Delir
(delirium), akute Verwirrtheit (sudden confusion), passagerer Verwirrtheitszustand (transi-
tory confusional state), Durchgangssyndrom (transitory syndrome). The corresponding
paragraph of the discharge summary was extracted for all matching strings and was
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checked manually. Patients with a delirium verified were included in the group of

delirium patients.

3.4 STUDY DESIGN

Fig. 3.1 illustrates the timeline for the study conducted in this thesis.

The implementation process started in November 2017, when a first expert group
meeting took place. The goal of the meeting was to communicate the aims of the
expert group meetings, to inform clinical experts about strengths and weaknesses of
the tool, and to receive a first feedback concerning the acceptance.

In February and March 2018, training sessions were offered to healthcare pro-
fessionals from the participating wards. The main objective was to stimulate the
understanding and the adoption of the delirium risk stratification tool. The tool was
implemented in April 2018 in the pilot site LKH Graz II (Hospital I). The use of it was
voluntary for all healthcare professionals.

The following sections provide an overview of the methods used to fulfil the aims of
the three parts of this thesis:

1. the evaluation of the performance of the delirium risk stratification algorithm in
a prospective setting

2. the evaluation of the technology acceptance of the tool

3. the evaluation of the long-term performance in a multicentre setting

3.4.1 First Part: Evaluation of the Performance in a Prospective Setting

In the first part of the thesis, illustrated in orange in Fig. 3.1, the performance of the
delirium risk stratification algorithm was evaluated in a clinical setting in Hospital 1.
The prospective evaluation of the performance was split into two parts.

First, prospective predictions of the algorithm were analysed to determine the
performance in the clinical setting. The evaluation of prospective predictions was
carried out from 1° of June until 315 of December 2018.

Second, comparisons were conducted between the algorithm and clinical experts for
a sample of general internal medicine and gastroenterology patients. A protocol was
developed for the clinical assessment of delirium risk. It was completed by experienced
ward nurses within the first 24 hours of a patient’s hospital stay. The risk rating by the
nurses was then compared to the risk prediction of the algorithm.

The first comparison (Comparison 1) was conducted in February 2018 before the
prediction was visible in the user interface of the HIS, and was thus blinded. This
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comparison provided a first quality assessment of the algorithm’s accuracy in clinical
routine. The second comparison (Comparison 2), was carried out in September 2018

and was non-blinded.

3.4.2  Second Part: Evaluation of the Technology Acceptance

The second part of the thesis evaluated the technology acceptance of the delirium risk
stratification tool. The goal was to obtain a detailed picture of the deployment of the
tool in a clinical setting.

A convergent parallel design for a mixed methods study combined quantitative and
qualitative assessments, illustrated in blue in Fig. 3.1. For the qualitative assessment,
opinions and comments from clinical experts were collected during four expert group
meetings.

For the quantitative assessment, questionnaires were distributed to healthcare pro-
fessionals from participating wards at the end of the pilot study. In order to get an
impression of different user groups, physicians and nurses of all experience levels

were encouraged to voluntarily participate in the quantitative assessment.

3.4.3 Third Part: Evaluation of the Long-Term Performance

The third part of the thesis focused on the long-term performance of the delirium risk
stratification algorithm in a multicentre setting. Starting from August 2019, the tool
was implemented in four other KAGes hospitals in addition to the pilot site LKH Graz
II (Hospital 1).

Deployment periods for each hospital are illustrated in red in Fig. 3.1. At the end of
the year 2019, data for prospective risk stratification were available from five different
hospitals of KAGes over a period of at least three months.

3.4.4 Ethical Approval

The study received approval from the Ethics Committee of the Medical University of
Graz (30-146 ex 17/18).

28



MATERIALS

In 2018, the delirium risk stratification tool was first implemented in KAGes. The aim
of the tool is to support the detection of patients with risk of delirium within the first
hours of admission. No recommendation is given by the tool on how to proceed with
patients at risk, and the prevention of delirium is thus performed only according to
the standards of each ward.

As the tool stratifies hospitalised patients according to their delirium risk into
different risk groups, the term risk stratification is used in this thesis instead of the more
general term risk prediction.

This chapter describes the development and functionalities of the delirium risk
stratification tool. First, the development of the prediction models is described. Second,
the integration of the developed models in the risk stratification algorithm and its use
for prospective prediction is elaborated on. Third, the visualization of the predicted

risk in the user interface of the HIS is illustrated.

4.1 DEVELOPMENT OF PREDICTION MODELS FOR DELIRIUM
4.1.1  Modelling Method

All prediction models described in this thesis were developed according to current
recommendations for predictive modelling by Kuhn & Johnson (2013). The caret
package (Kuhn, 2017) and associated packages were used for the model development
in R.

Every data set used for modelling was split into training data (75%) and test data
(25%), with an equal distribution of the predicted outcome variable. Models were
trained on the training data using a 10-fold cross-validation in order to prevent over-
fitting. The trained models were tested on the test data, and the best performing model
was chosen for further development.

Data sets used for modelling are often imbalanced with a different number of
negative controls and positive cases. Because the occurrence of delirium is not always

recorded in EHR systems, the number of positive cases of delirium in the data is even
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lower than the actual prevalence. Thus, data sets used for modelling are prone to be
imbalanced.

One way to overcome this problem is the use of resampling methods such as (a)
oversampling or upsampling the smaller class to make it reach the size of the larger
class, or (b) downsampling or undersampling to fit the larger class size to the smaller
class size (Estabrooks, Jo, & Japkowicz, 2004). In order to select the best performing
model, both methods were used with the caret package.

4.1.2  Data Used for Modelling

For the model development, EHR data of KAGes were used. Due to the coverage of
more than 9o% of all hospital beds in Styria, KAGes has access to approximately two
million longitudinal patient histories.

Routine clinical data of KAGes are stored in openMEDOCS, a HIS based on IS-
H/i.s.h.med information systems and implemented on SAP platforms. For every
inpatient stay in a KAGes hospital, the following structured information is available:

¢ demographic data, e.g. age or sex

¢ transfer data, e.g. ward of admission

¢ diagnoses, coded with ICD-10

¢ laboratory data, mapped to international LOINC (Logical observation identifiers
names and codes)

¢ procedures, mapped to Austrian procedure codes

* nursing assessment, e.g. visual impairment and orientation

Besides, further information can be retrieved for each hospitalisation, e.g. informa-
tion on surgery, ICU documentation, malnutrition screening, etc.

Electronic drug dispensation and drug prescribing has only recently been imple-
mented in KAGes hospitals. Thus, for hospital stays before 2020, information on drugs
needs to be retrieved from discharge summaries using text mining.

In addition to the structured information, substantial information of patient histories
is included in clinical texts of the EHR system. This mostly unstructured free-texts
include discharge summaries, daily nursing notes, or notes from diagnostic procedures,

e.g. psychiatric notes and logopaedic notes.

4.1.2.1  First Model Developments

In 2016, the first machine learning models predicting delirium were developed (Kramer
et al., 2017). The binary outcome was delirium coded during the current hospitalisation
(ICD-10 code Fos, including all subcategories). In the KAGes network, diagnoses are
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often coded in the EHR system close to discharge or up to 14 days after discharge.

Therefore, occurrence of delirium was defined as being diagnosed and coded during
the hospital stay and up to 14 days after discharge.

EHR data of 8,561 internal medicine patients were extracted for the years 2013 until
2016. The final data set resulted in 858 features including demographic data, previous
ICD-10 coded diagnoses, laboratory data, nursing assessment and procedures.

Different machine learning methods were used for modelling including linear

discriminant analysis, logistic regression, SVM, k-nearest neighbour, GLM with elastic

net regularization (a combination of lasso and ridge regression) and random forest.

A comprehensive description of all methods is provided by Hastie, Tibshirani, &
Friedman (2009).

The discriminative performance of the trained models in the test data set ranged
from acceptable to outstanding. The k-nearest neighbor method achieved the lowest
performance with an AUROC of 0.79 [0.774 - 0.815]. The best model was a random

forest model, trained with the R package randomForest included in the caret package.

It achieved an outstanding performance with an AUROC of 0.91 [0.897 - 0.922], and
slightly outperformed the SVM model with an AUROC of 0.90 [0.891 - 0.917].

4.1.2.2  Further Development of the Random Forest Model

During the year 2017, the Fo5 model developed by Kramer et al. (2017) was adapted as
follows:
¢ In addition to patients from internal medicine departments, patients from surgical
departments were added to the cohort.
¢ Feature selection was performed using a frequency-based approach, resulting in
584 features for modelling. Feature groups and examples are presented in Table
B.2 in the Appendix.
¢ The random forest model was trained and tested on a larger data set with over
19,900 hospitalisations. The data set included 13,445 hospitalisations without
delirium (controls) and 6,460 with delirium (cases).
* Discharge summaries of all hospitalisations included in the data set were exported
and screened for delirium as described in Section 3.3. Matching strings were
checked manually and patients with a delirium verified were included as cases.
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Figure 4.1: Discriminative performance and calibration of the random forest model predicting
ICD-10 code Fos trained on 19,905 patients in (a) and (b), and a random forest
model predicting ICD-10 code F10.4 trained on 9,872 patients in (c) and (d) (adapted
from Jauk et al. (2020))

Although alcohol withdrawal state with delirium (ICD-10 code F10.4) is quite distinct
from delirium coded by Fos in terms of aetiology and pathophysiology, clinicians from
the expert group (see 3.2) found it crucial to include both predictions because of their
similarity in signs, symptoms and consequences. Thus, a model predicting occurrence
of delirium coded as F10.4 was trained on a data set of 9,872 hospitalisations and 425
features. Examples of features used for prediction are summarised in Table B.2 in the
Appendix.

The discriminative performance and the calibration of the Fo5 model using upsam-

pling and the F10.4 model using downsampling are shown in Fig. 4.1. The Fos model
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achieved an AUROC of 0.85 and the F10.4 model an AUROC of 0.93. Model calibration
was better for the Fo5 model than for the F10.4 model.

For the calculation of the variable importance for each model, the caret package
(including the randomForest package) was used. The 30 most important variables for
the Fos model and the F10.4 model are illustrated in the Appendix in Fig. A.2 and Fig.
A.3, respectively.

4.2 THE DELIRIUM RISK STRATIFICATION ALGORITHM

Finally, both random forest models were integrated into the delirium risk stratification
algorithm: the Fos model predicting delirium due to known physiological conditions,
and the F10.4 model predicting an alcohol withdrawal state with delirium.

Because a history of delirium is highly associated with current delirium risk (Watt
et al., 2018), a rule-based logic was included in the algorithm in addition to the machine
learning models: All patients with Fos-coded delirium in a previous hospital stay are
assigned the highest possible risk score.

4.2.1  Setting the Thresholds for Stratification

Before deployment, the thresholds for the risk groups had to be defined. To provide
a high clinical utility, existing resources for delirium prevention and the prevalence
of delirium were considered for each department. Thus, the thresholds for risk
stratification were determined in a discussion with the expert group (see 3.2).
Healthcare professionals agreed on presenting the top 5% of highest rated patients
as very high risk, followed by the next 10% as high risk, and the remaining 85% as low
risk of delirium. Risk probabilities were predicted with both random forest models on
a sub-data set of the participating clinical departments and ranked from the lowest
to the highest probability. Cut-offs for the risk groups were set at the 85/ and 95"

percentile for each model.

4.2.2  Prospective Risk Stratification

The prediction by the algorithm is performed as follows: Delirium risk is predicted
using the Fos and the F10.4 model. Based on the corresponding model thresholds,
a patient is stratified to one of the three risk groups; the higher risk group of both
models is used for presentation. In addition, EHR data of the patient are checked for
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delirium coded in the past, and patients with history of delirium are stratified to the
highest risk class, overruling any prediction by the machine learning models.

In order to initiate a prediction, an HL7 message is automatically sent from open-
MEDOCS to a communication server for every new admission or transfer to the
hospital department. The communication server is monitored by a KAGes internal
Linux server with R installation, and the Linux server retrieves all patient data re-
quired for modelling from openMEDOCS using http-requests. Risk prediction is then
performed on the Linux server using an R environment, and prediction results are
sent back to the communication server for visualization in openMEDOCS as well as
to a database for documentation. Time stamps, risk probabilities, risk groups and
feature values used for modelling are stored in the database every time a prediction is
computed.

Risk stratification is repeated in the evening of the admission day in order to include

the most recent data from laboratory and nursing assessments.

4.2.3 Updates of the Algorithm

After some weeks of prospective prediction during the pilot study, a first update of the
algorithm was carried out.

The determination of laboratory parameters is a standard procedure at the beginning
of a hospitalisation. However, it is possible that values are available after a few hours.
Comparably, an initial nursing assessment is recorded within the first 48 hours. Hence,
some information may not be available for prediction at admission.

It was observed that prediction accuracy was limited when specific data were missing
for the respective patient. For patients with many missing predictors, e.g. no laboratory
values from the last year or nursing assessment data from the last three years, very
high risk probabilities were calculated by the random forest models. This was reported
as incorrect by healthcare professionals in many cases. Thus, one more rule was
added to the algorithm: Patients with less than two predictors available from nursing
assessment or laboratory data were assigned a probability of zero.

The first update was supposed to be a quick correction for the problem of missing
predictors. A second update of the algorithm in July 2019 addressed the problem in
more detail. Prediction models for three different points of time of prediction were
trained: Version A for prediction at admission, Version B for 8 pm on the day of
admission, and Version C for 8 pm the day after. Each training set included EHR data
only up to the defined point of time of prediction in order to simulate the availability

of data in clinical routine.
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In a third update, drugs prescribed in previous hospital stays were included as a
new subgroup of features. As mentioned in Section 4.1.2, information on drugs from
admissions in KAGes before 2020 is available from discharge summaries only. There-
fore, an information extraction method was used, which (a) extracts drug names from
discharge summaries, (b) selects relevant drugs based on a dictionary, (c) assigns drugs
to their active ingredients, and (d) assigns these active ingredients to the hierarchical
Anatomical Therapeutic Chemical (ATC) classification. Finally, predictors based on the
ATC classes were included in the random forest models.

The updates resulted in six different random forest models, three Fo5 models and
three 10.4 models, with excellent and outstanding discrimination on test data sets (see
Fig. 4.2). For the latest prediction, Version C, models predicting the outcome Fos and
F10.4 achieved an AUROC above 0.90 and 0.96, respectively.
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Figure 4.2: ROC plots of updated random forest models for three different points of time A, B
and C.

In accordance to the changes in model development, time of prospective risk stratifi-
cation was also adapted. After two predictions on the first day, another recalculation
was performed on the second day of the hospital stay, resulting in a minimum of three

risk predictions for each admission.

4.3 VISUALIZATION

The predicted delirium risk is displayed to healthcare professionals using two presen-
tation methods. First, a symbol indicating the stratified risk group is displayed in the
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user interface of the HIS. Second, patient-specific features relevant for prediction are
presented in a web application accessible only within the KAGes network.

4.3.1 Risk Stratification in the HIS

In the user interface of the HIS, a column named Prognose (German for prediction) is
introduced for every participating department (see Fig. 4.3). A red icon symbolizes
patients at very high risk and a yellow icon those at high risk. In order to avoid the
presentation of too many symbols in the column of the interface, no symbol is shown
for low risk patients.

During the pilot study, a question mark icon was added for patients with missing

risk prediction. Expert group members agreed that patients without prediction, e.g.

due to technical problems, should not be confused to be at low risk.
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Figure 4.3: Presentation of the delirium risk stratification in the user interface of the KAGes
HIS openMEDOCS (Jauk et al., 2020). Symbols in the column "Prognose" indicate a
patient’s risk group.

4.3.2  Transparent Visualization of Data Used for Risk Prediction

Clicking the icon in the HIS (or the empty field for low risk patients) opens a web

application that provides details on the prediction. The application, illustrated in Fig.

4.4, was developed using the R package shiny.

One goal of the delirium risk stratification tool is to open the black-box of machine
learning, a problem discussed in Section 2.2.3. Thus, the aim of the web application is
to reveal prediction details in order to support clinical reasoning; it displays a patient’s
EHR data that were used for prediction.
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Figure 4.4: Web application visualizing a patient’'s EHR data used for the prediction of delirium.

The left panel of the web application shows demographic data of the patient as well
as the predicted risk of delirium. The risk presentation was changed after a feedback
from the expert group during the pilot study, described in Section 6.3.2. The latest
presentation includes the colour of a patient’s risk group and a bar chart with an arrow
indicating the location of the patient on the risk dimension.

In the main panel, EHR data are clustered into four boxes:

Previous ICD-10 codes with corresponding short texts from clinical notes

Abnormal laboratory results from the last 30 days

Procedures from previous hospital stays

Complementary information, including administrative data and the latest nursing
assessment

After the update in July 2019, one box with previous drug prescription was added
to the web application (see Fig. 4.5).

Within each box, predictors are ranked by their importance for prediction. The
ranking is done based on (1) evidence-based risk factors known from literature and (2)
the highest impact on the machine learning-based prediction using variable importance
methods.

As EHR data of KAGes hospitals are available across the whole network, information
from other hospitals are also visualized in the web application. With a click on the
information in the boxes, a pop-up window presents all available values from the
patient history, e.g. date and location of all assignments of the ICD-10 code.
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Figure 4.5: Updated version of the web application including previous drug prescription and a
feedback button on the top right.

4.3.2.1 Feedback Button

To increase the usability of the tool, a feedback button was included on the top right
in the web application in July 2019 (see Fig. 4.5). Feedback for individual predictions
can be sent directly by the users, as illustrated in Fig. 4.6. Any feedback from users
submitted through the feedback button is stored in the database for later analyses.

Ihr Feedback hilft uns das Tool zu
verbessern!

Ich hatte das Delir-Risko dieses Patienten wie folgt
eingeschatzt:

Ihr optionaler Kommentar

Bitte maximal 230 Zeichen

Figure 4.6: Feedback form included in the user interface of the delirium risk stratification tool.
Users can communicate their subjective risk estimation of delirium for a specific
patient.



PERFORMANCE OF THE ALGORITHM IN A PROSPECTIVE
SETTING

This chapter presents the results of the first part of this thesis. It is based on the
publication by Jauk et al. (2020).

5.1 INTRODUCTION

Hardly any machine learning-based prediction models have been implemented and
publications on the predictive performance of such models in clinical settings are
rare. Lee et al. (2020) conducted a systematic review of models based on EHR data
and implemented in clinical practice. Although the authors had expected to find a
larger number of machine learning-based risk prediction models, only three out of 44
included studies used machine learning methods for modelling.

In the first of these three studies, Hao et al. (2015) developed a random survival
forest model predicting 30-day hospital readmission. Their model was successfully
integrated into the HIS and achieved an acceptable discriminative performance in a
prospective cohort with an AUROC of o0.72.

In the second study, Shimabukuro et al. (2017) validated the performance of a
machine learning-based algorithm predicting severe sepsis. The use of the algorithm,
which achieved an AUROC of 0.83 on the test data (Calvert et al., 2016), significantly
reduced the average length of stay (LOS) and the in-hospital mortality in a randomised
controlled trial.

In the third study, Giannini et al. (2019) developed the EWS 2.0 system to predict
severe sepsis or septic shock. EWS 2.0, which uses a random forest classifier, achieved
an AUROC of 0.88 in a test data set, but its impact on clinical outcomes was limited.

The studies of Shimabukuro et al. (2017) and Giannini et al. (2019) focused not
exclusively on the discriminative performance of machine learning algorithms but also
evaluated their clinical impact.

One way to validate the clinical utility of an algorithm is comparing its performance
with the performance by experts (outlined in Section 2.3.1). Different methods can
be used for comparing the performance of humans and algorithms. Magrabi et al.

(2019) recommend a comparison of healthcare professionals” decision making with
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and without the use of a system, while van Meenen et al. (2014) suggest a comparison
between the discriminative performance of a model and physicians” discriminative
ability. Most comparisons of algorithms with clinical experts have been conducted
with medical imaging use cases in oncology and radiology (Nagendran et al., 2020;
Shen et al., 2019).

Brennan et al. (2019) compared the judgment of clinicians with the MySurgeryRisk
algorithm predicting several postoperative complications. The assessment was con-
ducted prior to the actual launch of the system; 150 cases of patients were simulated
and their risks were estimated by physicians. For five out of six predicted outcomes
the algorithm achieved a higher AUROC than physicians in their initial risk assess-
ment. After their interaction with the MySurgeryRisk algorithm, the performance
of physicians improved for the risk assessment of acute kidney injury and for ICU

admission.

5.1.1 Aim

The aim of the first part of this thesis was to evaluate the performance of the delirium
risk stratification algorithm in a clinical setting.

The prospective evaluation included (a) an analysis of the predictive performance
of the algorithm during during its use in clinical routine, and (b) the validation of its
accuracy by comparing the algorithm’s outcome with expert ratings.

The comparison was not conducted to demonstrate that machine learning-based risk
stratification outperforms healthcare professionals, but rather to validate the results of
the algorithm against the gold standard of clinical experts. One goal of the comparison
was to detect potential strengths and weaknesses of the algorithm.

52 METHOD

In 2018, the delirium risk stratification tool was implemented in a clinical setting for
the first time. Two surgical and six internal medicine departments from the KAGes
hospital LKH Graz II participated in the pilot study. The timeline of the pilot study
design is illustrated in orange in Fig. 3.1 (Section 3.4).

After several training sessions for healthcare professionals, the tool was deployed at
the pilot hospital. Since April 2018 delirium risk predictions have been visible in the
user interface of the HIS, as described in Section 4.3.

Different methods were used in order to answer the two research questions presented

in Section 5.1.1. First, prospective predictions of the algorithm were evaluated over
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seven months using measures of discrimination and measures of calibration. Second,
prospective comparisons between the algorithm and clinical experts were performed
twice in order to validate the accuracy of the algorithm.

5.2.1  Evaluation of Prospective Predictions

During the pilot study, delirium risk was predicted for every patient at time of
admission or transfer to the participating surgical and internal medicine wards. The risk
was recalculated on the evening of the same day. Technical details of the prospective
prediction are presented in Section 4.2.2. The specification of the threshold for the risk
groups is presented in Section 4.2.1, and measures of performance are described in
Section 3.1.

Prospective predictions of the algorithm were evaluated from the 1% of June, 2018,
until the 31“ of December, 2018. Predictions were excluded from the analysis for
patients younger than 18 years.

As illustrated in Section 3.3, the identification of delirium patients in the EHR
system was carried out using two methods. First, all those patients were included
in the delirium group who had a record of a delirium-related ICD-10 diagnosis (Fos,
including all subcategories, or F10.4) during the hospital stay and up to 14 days after
discharge. Second, discharge summaries from the hospital stay and up to 14 days
after discharge were screened for the list of defined words related to delirium. All
notes with a positive screening result were manually checked, and patients with clear
evidence of delirium were added to the delirium group.

The analysis of the prospective predictions was performed at the level of hospitalisa-
tion and, therefore, patients might have been included multiple times due to separate
stays. For some hospitalisations more than two risk predictions were available due to
transfers between the wards; for them, only the latest prediction within the first 24
hours of the hospital stay was used.

The risk groups high risk and very high risk were combined for analysis, based on the
assumption that they included the top 15% of patients with highest delirium risk. The
threshold separating the low risk group from the combined high risk and very high risk
group was used for the calculation of discrimination measures: Sensitivity, specificity,
false positive rate, false negative rate, positive predictive value and negative predictive
value were calculated.

After a detailed analysis of the prospective predictions, the performance of the algo-
rithm on prospective data was compared with the performance of the models Fos and

F10.4 on the test data sets (described in Section 4.1.2.2). As measure of discrimination,
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ROC curves with a 95%-CI were used. In addition, a calibration plot with a 95%-CI was
computed using percentiles of the random forest probabilities. Because the evaluation
focused rather on the stratified risk groups than on risk probabilities, measures for
calibration were also calculated for the three corresponding risk groups.

5.2.2  Comparison with Expert Ratings

In order to compare expert ratings with the algorithm’s risk prediction, a protocol
was developed for the clinical risk assessment. The assessment was conducted by
experienced ward nurses within the first 24 hours of a patient’s stay in the respective
ward.

The protocol included one item with a five point Likert-type response scale rating
the risk of delirium from very low to very high. Furthermore, all five items of the CAM
(Inouye et al., 1990) were included in the protocol. CAM was used to identify patients
with current delirium, in addition to standard criteria used for delirium diagnosis in
the pilot hospital. The German version of the protocol is included in Appendix A 4.

During the pilot study, the comparison was carried out twice: a first time before
the delirium risk stratification tool was visible in the HIS, and a second time after five
months of deployment.

In February 2018, one ward nurse completed the protocol for all patients admitted
to her general internal medicine ward over a period of 14 days (Comparison I). As the
tool had not been implemented by then, this comparison was blinded. It provided a
tirst quality assessment of the algorithm’s accuracy for a total of 33 patients.

In September 2018, the comparison was repeated for another 14 days (Comparison II).
This time, the comparison was non-blinded as the tool had been available since spring
of the same year. Comparison II was performed by the ward nurse from Comparison I,
and by a second ward nurse from a gastroenterolgy ward in the pilot hospital. They
provided assessments for 86 general internal medicine and gastroenterology patients
that were admitted to one of the two wards. The results of all protocols were analysed
using descriptive statistics.

During both assessments, the delirium risk stratification algorithm prospectively
predicted the risk of delirium for all patients, as described in Section 4.2.2. For each
patient, the latest risk probability and risk group within the first 24 hours of the
department stay were retrieved for analysis.

The expert ratings in five categories were compared to the random forest probabilities
using boxplots. Relationships between the expert ratings and the algorithm were
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evaluated with Spearman’s rank correlation coefficient (r), with statistical significance
defined at an alpha level of 0.05.

In addition, patients with contradictory risk estimations from experts and algorithm
were analysed qualitatively in order to gain insights into the strengths and weaknesses
of the algorithm. The amount of available data in the HIS as well as delirium relevant

variables were analysed in detail.

5.3 RESULTS
5.3.1 Evaluation of Prospective Predictions

During the seven-month evaluation period, delirium risk was prospectively predicted
for 5,647 admissions of 4,765 patients. Four patients were younger than 18 years and
therefore excluded from the analysis.

For ten admissions, the highest risk group should have been assigned automatically
by the algorithm because of a record of delirium in the patient history prior to
hospitalisation. However, due to changes in the software code, an error occurred
between middle of July and beginning of August, and this part of the algorithm did
not execute. All ten admissions were excluded from the analysis.

103 admissions had a probability of zero, which was due to the first update of the
algorithm described in Section 4.2.3. For these admissions, no nursing assessment and
laboratory data were available from the patient history at time of admission. Thus,
their risk was automatically set to zero in order to avoid false positive cases without
an underlying clinical explanation. These 103 admissions were also excluded from the
analysis.

The final data set included 5,530 admissions from 4,663 patients. The median age of
all patients was 71, with an IQR ranging from 57 to 8o. Further descriptive statistics
for the admissions are presented in Table 5.1. 104 admissions (1.9%) showed a record
of delirium in their patient history, and 28 (26.9%) of them developed delirium again
during their current admission. Dementia had been coded previously for 4.4% of the
admissions, and alcohol abuse for 4.3% of them.

Results of the prospective prediction are presented in a confusion matrix in Table
5.2. Out of all 5,530 admissions, 81.4% were predicted a low risk by the algorithm and
18.6% a high risk or very high risk.

For 81 admissions, an occurrence of delirium was recorded in the EHR system
as ICD-10 code or a mention in discharge summaries. Thus, the incidence in the

prospective prediction cohort was 1.5%. Of the cases with delirium, 14 were coded
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Table 5.1: Descriptive statistics for the admissions during prospective prediction (n =

5,530)-

n %

Sex male 2,024 529
female 2,606 47.1

Previously coded diagnoses Delirium 104 1.9
Dementia 245 4.4

Parkinson’s disease 87 1.6

Depression 574 10.4

Alcohol abuse 236 4.3

Substance abuse (excl. alcohol, nicotine) 98 1.8

Note: Values are presented as absolute frequencies (column percentages).

as alcohol withdrawal with delirium (ICD-10 code F10.4). The remaining cases were
either coded as Fos or type of delirium was unspecified.

5.3.1.1 Measures of Discrimination

As illustrated in Table 5.2, 60 out of 81 delirium cases were stratified to the high risk
or very high risk group by the algorithm. This resulted in a sensitivity of 74.1% and a
false negative rate of 25.9%, with 21 of 81 delirium cases undetected by the algorithm.
Out of 5,449 admissions without indication of delirium, 4,479 were stratified to the low
risk group by the algorithm. Thus, the specificity for the prospective data was 82.2%,
and the false positive rate 17.8%. Positive predictive value was 0.058 and negative
predictive value was 0.995.

Table 5.2: Confusion matrix for admissions with prospective prediction of delirium during the
pilot study (Jauk et al., 2020).

Predicted
No delirium Delirium
(Low) (High, Very High) Total
n % n % n %
Outcome No delirium 4,479 82.2 970 17.8 5,449 100.0
Delirium 21 25.9 60 74.1 81 100.0
Total 4,500 81.4 1,030 18.6 5,530 100.0

Note: Values are presented as absolute frequencies and row percentages.
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In Fig. 5.1, the ROC curve of the algorithm on the prospective data in red is
compared with the ROC curves of the random forest models Fos and F10.4 on test
data in blue and green, respectively. The discriminative performance of the algorithm
on the prospective data (AUROC = 0.855, 95%-CI: 0.8146-0.8956) was as good as for
the Fos model (AUROC = 0.854, 95%-CI: 0.8431-0.8642), but lower than for the F10.4
model (AUROC = 0.929, 95%-CI: 0.9122-0.9459).
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Figure 5.1: Discriminative performance of the algorithm during prospective prediction (Jauk
et al.,, 2020). The ROC curve of the algorithm on prospective data is compared with
ROC curves of the models on the test data sets. Curves include 95%-Cls.

5.3.1.2 Measures of Calibration

The calibration plot including 95%-Cls is shown in Fig. 5.2. While the calibration
of both random forest models was good on the test data, the algorithm achieved
only a poor calibration on the prospective data. The average predicted risk of the
algorithm was higher than the overall event rate during the prospective prediction for
all percentiles of predicted probabilities.

Table 5.3 illustrates the frequencies of delirium within each of the three risk groups
for the prospective data and the test data sets. As an example, the thresholds of the
internal medicine department were used with cut-offs at 0.576 and 0.714 for the three
risk groups. The frequency of patients with delirium in the prospective data deviated
strongly from the frequency in the test data sets: While in the prospective data the

total frequency of delirium was 1.5%, in the test data of the models Fos and F10.4 it
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Figure 5.2: Calibration plots of the algorithm during prospective prediction (in red) compared
to the two random forest models on test data sets (adapted from Jauk et al. (2020)).
Calibration curves include 95%-Cls.

had been 32.6% and 12.6%, respectively. The high frequency of delirium was enforced
during the development of the models in order to receive a better outcome balancing.

In the test data, the frequency of delirium cases was in concordance with the
percentiles of each risk group, whereas for the prospective data the frequencies were
much lower. However, frequency was highest in the very high risk group with 9.9%

having a record of delirium, and lowest in the low risk group with 0.5%.

5.3.2 Comparison with Expert Ratings

Descriptive statistics of all patients included in Comparison I and Comparison II are
presented in Table 5.4. For the blinded Comparison I, a single ward nurse observed 33
patients within 24 hours after their admission to her ward. One patient had a positive
CAM assessment, but no patient was coded as delirium.

Risk ratings and predicted probabilities for all patients from Comparison I are
illustrated in Fig. 5.3a. Expert ratings correlated highly positive with the algorithm’s
risk prediction (r = 0.81, p < 0.001). For all patients classified as very low risk by the
nurse (n = 11), the estimation of the algorithm was low as well.

For Comparison II, two ward nurses observed 86 patients. Two patients of Compari-
son II were coded as delirium, and eleven patients had a positive CAM assessment.
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Table 5.3: Frequencies of delirium in the three risk groups for test data Fos, test
data F10.4 as well as for the prospective data (adapted from Jauk et al.
(2020)). Thresholds for internal medicine departments were used.

Predicted risk
Low High Very High Total

Test data Fos N 3,854 593 528 4,975
With outcome (n) 806 382 436 1,624
With outcome (%) 209  64.4 82.4 326
Test data F10.4 N 2,276 69 123 2,468
With outcome (n) 164 44 104 312
With outcome (%) 72  63.8 84.6 126
Prospective data N 4,500 585 445 5,530
With outcome (n) 21 16 44 81
With outcome (%) 0.5 2.7 9.9 1.5

Eight patients (9.3%) had been coded as delirium in a previous hospital stay, but none
of them developed a delirium during the current hospital stay.

Ratings and probabilities for Comparison II are shown in Fig. 5.3b. Expert ratings
correlated positively with the algorithm’s risk probabilities (r = 0.62, p < 0.001). Again,
all patients identified as very low risk patients by the nurses (n = 24) were accordantly
predicted a low risk probability by the algorithm.

5.3.2.1 Patients at High Risk of Delirium

The only patient from Comparison I who had a positive CAM assessment was rated
as very high risk by the nurse and high risk by the algorithm (Fig. 5.3a). The patient
was first transferred to a geriatric department of KAGes from a nursing home due to
aggressive behaviour and disorientation. After treatment for heart failure and cardiac
decompensation in the internal medicine department, he was re-transferred to the
geriatric department. The patient was coded as having late onset Alzheimer’s disease
(ICD-10 code G30.1) and showed aggressive and disorientated behaviour during the
whole hospital stay.

Eleven patients (12.8%) of Comparison II had a positive CAM assessment (Fig. 5.3b).
The nurse rated all of them as high risk or very high risk. The algorithm stratified four
patients to the low risk group, two to the high risk group and five to the very high risk
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Table 5.4: Sex, age and previously coded diagnoses stored in the HIS for admissions
included in Comparison I and II (adapted from Jauk et al. (2020)).

Comparison I Comparison II

N 33 86
Age, years" 71 (63-80) 77 (64-84)
n % n Y%

Sex male 16 48.5 44 51.2
female 17 51.5 42 48.8

Previously coded diagnoses Delirium 0 oo 8 9.3
Dementia 2 6.1 10 12.8
Parkinson’s disease o 00 3 3.5
Depression 7 21.2 16 18.6
Alcohol abuse 3 91 8 9.3
Substance abuse’ 1 3.0 1 1.2

Note: Values are presented as absolute frequencies (column percentages). * Median (Q1-Q3);
b excluding alcohol, nicotine

Two patients from Comparison II were coded as delirium in the current hospital stay.
The first delirium patient had a positive CAM assessment and was rated a very high
risk by the nurse, but a low risk by the algorithm. The risk probability of the random
forest model (p = 0.53) was close to the boundary with the high risk category. This
patient had no hospitalisation within the last three years and thus data for prediction
were limited.

The second delirium patient was stratified to the very high risk group by the algorithm.
The nurse commented that she did not feel confident to rate the delirium risk because
of the sedation of this patient. Therefore, she rated the patient with moderate risk of
delirium. The CAM assessment for the patient was negative.

Six patients of Comparison II had a record of delirium in their patient history. As
defined during the algorithm development, all of them were stratified to the very
high risk group. The nurses rated them either as very high risk or high risk patients.
Although none was coded as delirium during the hospital stay, four had a positive
CAM assessment.

5.3.2.2 Contradictions Between Experts and Algorithm

Expert ratings for four patients were lower (low risk) than the algorithm’s ones (high
risk or very high risk). The patient stratified to the very high risk group by the algorithm

48



5.3 RESULTS

had various delirium-related diagnoses in the past, including dementia, as well as
observations of disorientation recorded for the current hospitalisation.

Seven patients were considered high risk by the nurse, but low risk by the algorithm.

Three of them had a positive CAM assessment, but none was coded as delirium during
the hospital stay. Two patients showed risk probabilities close to the boundary of the
high risk group; for the third patient little data were available in the HIS.

Three others were relatively young (62 — 64 years), also with little data available
in the HIS, and one of them was coded alcohol withdrawal with delirium (ICD-10
code F10.4). One patient had been transferred from the critical care department to the
internal medicine department and received mechanical ventilation. The nurse reported
that she was unsure about her rating due to the patient’s long stay in critical care, and
did not assess delirium with CAM.

In summary, the qualitative analysis showed two main reasons for contrary risk
estimations: First, in some cases with little data stored in the EHR, the algorithm’s
predictions were low whereas the nurses’” estimations were high. Second, for some
other cases the nurses commented that they were unsure about the delirium risk. One
reported reason for this uncertainty was a communication barrier due to sedation or

language. The algorithm predicted high risk probabilities for most of these cases.
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5.4 LIMITATIONS

5.4 LIMITATIONS

Several limitations to the first part of the thesis need to be acknowledged. The biggest
limitation of the pilot study was the low incidence of delirium. For more than 5,530
hospitalisations evaluated during seven months, delirium could be identified in the
EHR data in 1.5 % of the cases. As illustrated in section 2.4, published studies and
guidelines report an incidence of delirium up to 30%. Thus, the incidence observed
in the prospective evaluation cohort was lower than expected. Because this problem

presents a major limitation for this thesis it is further elaborated in Section 8.2.

5.4.1 Limitations of the Prospective Prediction Results

The low incidence of delirium in the prospective data led to non-informative calibra-
tion plots and limits the interpretation of measures for discrimination. During the
prospective performance, only 14 admissions were coded as alcohol withdrawal with
delirium (F10.4). This might be one reason why the AUROC of the algorithm in the
prospective data was lower than the AUROC of the F10.4 model, which was higher
than the discriminative performance of the Fo5 model on the test data.

Two limitations of the study might have led to an overestimation of the false positive
rate of 0.178. First, the clinical setting did not allow controlling for interventions
to prevent delirium. If prevention is successful, a delirium occurs less frequent. A
self-destroying prophecy, a phenomena known from sociology (Sabetta, 2019), is then
observed: The algorithm predicts a high risk of delirium, and delirium is successfully
prevented due to interventions in the ward. In the analysis, however, such patients are
categorized as false positive.

Second, patients from 104 admissions (1.9%) had a delirium diagnosis in their past
and were classified as very high risk. Out of them, 28 (26.9%) patients developed
delirium again during their current admission. Although the patients of the remaining
76 cases did not develop delirium, they were seen as patients with highest risk per
definition (see Section 4.2).

An essential limitation encountered during prospective prediction is related to the
data available for prediction. Previous research had shown that clinical decision
support based on EHR can be influenced by late data entry (Perry, Hossain, & Taylor,
2018). Late data entry or delayed availability also influenced this pilot study, and
certain EHR data used for prediction were missing not at random. When a patient
with an existing KAGes-EHR is admitted to the hospital, most data are available at

the time of admission, but latest laboratory data and nursing assessment might need
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some time for evaluation or data transmission. When a patient is admitted to one of
the KAGes hospitals for the first time, most features are not available.

A simulation study on KAGes data demonstrated that for patients with missing
laboratory data and nursing assessment a model trained specifically for that scenario
discriminates better than a model trained with all features (Jauk et al., 2019). Thus,
one way to account for time delays in information availability is the use of specifically
trained models depending on the data availability. As a result, the delirium risk

stratification algorithm was updated accordingly in July 2019 (see Section 4.2.3).

5.4.2 Limitations of the Comparison With Expert Ratings

In order to validate the accuracy of the algorithm, predictions were compared to risk
ratings from clinical experts. The first comparison, Comparison I, took place before
the implementation of the delirium risk stratification tool and was thus blinded for the
expert. This was essential, because the expert rating was not influenced by any risk
visualization in the user interface of the HIS. In contrast, for Comparison II the risk
ratings of the nurses could have been biased, even though the nurses reported that
they intended not to be influenced by the tool.

Only two patients of both comparisons were coded as having delirium, both without
previous delirium diagnoses in their patient histories. One of the delirium patients was
detected by a nurse, the other one by the algorithm only. Because of this low incidence,
a comparison of sensitivity between nurses and algorithm was not informative.

The comparisons were also limited by two aspects regarding the item used for the
experts’ risk rating. First, both nurses reported that they used the category moderate
risk whenever they were unsure about the delirium risk. Although this supports the
assumption that the tool provides an additional support in delirium management for
cases of uncertainty, results for patients rated as moderate risk are limited.

Second, while the algorithm stratified patients into three risk groups, the item of the
expert rating had five risk categories. Hence, the three risk groups of the algorithm
could not be compared to the five risk groups from expert ratings without restrictions.
For quantitative analyses in Comparison I and II, probabilities of the algorithm were
used instead. The interpretation of these probabilities is limited by the poor calibration
of the algorithm for prospective data.

Many studies have investigated verbal and numeric scales for risk estimation and
their uncertainty, and there is slight evidence that verbal scales result in more reliable
risk estimations than numerical ones (Ancker et al., 2006). Therefore, the use of verbal
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risk categories instead of numerical risk percentages seemed appropriate for the item
in the protocol.

Finally, the five point Likert-type scale was chosen for two reasons. First, five-point
or seven-point scales are preferred over three-point scales in literature (Diefenbach,
Weinstein, & O’Reilly, 1993). Second, the use of a three point Likert-type response
scale with approximately equal intervals would not have been comparable to the three
risk groups of the algorithm representing the upper 5%, 10% and 85% of delirium risk.

It was out of scope of this thesis to analyse the rating scale using methods of item
response theory (e.g. a Partial Credit Model), but it should be included in future
research.
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TECHNOLOGY ACCEPTANCE

As much as an algorithm excels in prospective prediction, it is crucial to know how
users and domain experts perceive it and how they adopt it in their daily routine.
This chapter presents the evaluation of the technology acceptance of the delirium risk
stratification tool by healthcare professionals, and is based on the results published by
Jauk et al. (2021).

6.1 INTRODUCTION
6.1.1  The Technology Acceptance Model

A well-known model for evaluating the acceptance and rejection of technologies is the
Technology Acceptance Model (TAM). TAM was originally developed by Davis (Davis,
1989; Davis, Bagozzi, & Warshaw, 1989), and has been widely used and adapted during
the last decades. The model is often referred to as a gold standard for explaining IT
acceptance (Holden & Karsh, 2010).

TAM is based on the theory of reasoned action by Fishbein & Ajzen (1975) which
assumes that an intention for a certain behaviour or human action is influenced by
one’s attitudes. This intention acts as a predictor for the actual behaviour. Accordingly,
TAM assumes that a behavioural intention acts as best determinant for the actual use
of a technology.

The behavioural intention is influenced by two factors, perceived ease of use and
perceived usefulness of a system (Davis, 1989). Perceived ease of use is defined as "the
degree to which a person believes that using a particular system would be free of
effort". Perceived usefulness refers to "the degree to which a person believes that using
a particular system would enhance his or her job performance". Perceived ease of use
is also linked to intention via an impact on perceived usefulness.

An extension of the model, the Technology Acceptance Model 2 (TAM2), was
developed by Venkatesh & Davis (2000). In TAM2, perceived usefulness is further
influenced by seven additional factors such as experience, job relevance, voluntariness
and output quality. Output quality of a system is defined by the authors as the
perception of users how well a system performs its tasks.
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Validity and robustness of TAM have been shown in several contexts (King & He,
2006). Although TAM was originally developed for the evaluation of electronic mailing
systems, it has been widely used as a theory for evaluating healthcare technologies.
Several examples for healthcare evaluations using TAM as an underlying construct can
be found in a review by Holden & Karsh (2010). The authors point out that the generic
form of TAM might not capture all features specific for computerized healthcare
applications. Thus, a slight adaptation of the items assessing TAM is recommended

when evaluating health IT applications.

6.1.2 Aim

The aim of the second part of this thesis was to gain knowledge of the user acceptance,
uptake and concerns regarding the delirium risk stratification tool. The evaluation
targeted domain experts as well as those physicians and nurses who had been using
the tool during the pilot study.

A major objective of the tool is to provide an explanation of the prediction in order
to support decision making of healthcare professionals. This is attempted by the
visualization in the HIS and in the web application described in Section 4.3.2. Thus,
the evaluation of technology acceptance involved not only the output of the delirium

risk stratification algorithm, but also the visualization of the results.

6.2 MATERIALS AND METHOD
6.2.1  Study Design

For the mixed method study, a convergent parallel design was used (illustrated in Fig.
6.1). TAM (Davis, 1989) constituted the evaluation framework for the quantitative and
qualitative assessment.

In addition to the TAM factors perceived ease of use and perceived usefulness, the factor
output quality from TAM2 (Venkatesh & Davis, 2000) was used for evaluation. In
this study, output quality was defined as the perceived correctness of the predicted
delirium risk.

According to TAM, the intention to use a system is influenced by these three factors,
and will further lead to the actual behaviour, also defined as actual system use. Fig. 6.2
shows the interaction of the TAM and TAM2 factors used in the study.

The timeline of the qualitative and quantitative assessment is illustrated in blue in

Fig. 3.1 (Section 3.4). For the qualitative assessment, opinions and comments were
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Figure 6.1: Convergent parallel study design for the assessment of technology acceptance using
quantitative and qualitative methods (adapted from Jauk et al. (2021)). TAM by
Davis (1989) served as a framework for evaluation.
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Figure 6.2: Factors of TAM (Davis, 1989) and TAM2 (Venkatesh & Davis, 2000) framed the
evaluation of technology acceptance.

collected from physicians and nurses participating in the expert group, described in
Section 3.2. The first expert group meeting took place in November 2017, followed
by another three meetings until December 2018. Field notes were taken during all
meetings and, finally, all collected comments were assigned to the four factors of TAM
and TAM2.

The aim of the quantitative assessment was to receive a broad feedback on the
delirium risk stratification tool. A technology acceptance questionnaire was used
for the assessment. From October until December 2018, printed questionnaires were
distributed to healthcare professionals working in five of the eight wards which
participated in the pilot study. Physicians and nurses from all levels of experience
were encouraged to participate in the assessment in order to receive feedback from
different user groups. The participation was anonymous and on a voluntary basis.

Finally, all results from the quantitative and qualitative assessment were interpreted
in conjunction, in order to obtain a detailed picture of the acceptance of the tool in

clinical routine.
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6.2.2  The Technology Acceptance Questionnaire

As TAM and TAM2 were developed outside of healthcare, an adaptation to the
particular context of an evaluation is recommended (Holden & Karsh, 2010). Thus,
several sample items were formulated for each TAM factor based on original examples
by Venkatesh & Davis (2000). The items were slightly adjusted to the context of
healthcare in general and to delirium prediction in particular.

One goal of the development was to use as few items as possible considering the
restricted time resources of healthcare professionals in hospitals. Based on internal
discussions, 16 items were selected for the questionnaire. A pilot test on the under-
standability of all items was performed with two hospital staff members which were
not otherwise involved in the study. The pilot test resulted in slight adoptions of the
formulation for some items.

The final questionnaire included five items measuring perceived usefulness, six items
for perceived ease of use, three items for actual system use and two items for output
quality. Responses on 15 items were measured using a five point Likert-type response
scale from strongly agree to strongly disagree and from very frequently to very rarely. The
16" item assessed the absolute frequency of use per month in numbers. In addition,
user comments were assessed in a free-text field at the end of the questionnaire. The
original version of the questionnaire in German and a forward translation to English
are included in the Appendix (see Fig. A.5 and Fig. A.6, respectively).

6.2.3 Quantitative Data Analysis

Two items measuring perceived ease of use had been formulated negatively and had
to be recoded for analysis. The item with the original formulation The application was
difficult to use was recoded and interpreted as The application was not difficult to use. The
item The application has increased my workload was interpreted as The application has not
increased my workload after recoding.

For each participant, the median of the item responses for each TAM factor was
calculated, and then the mean of the medians of all participants was calculated for
each factor. A mean or median of 1 indicates a positive answer or strong agreement, a
mean or median of 5 a negative answer or low agreement.

Heat maps and descriptive statistics facilitated the analysis of the items of each
factor independently.

In an exploratory analysis, the internal consistency of the TAM factors in the

questionnaire was assessed using Cronbach’s alpha. Cronbach’s alpha (Cronbach,
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1951) determines the reliability of each factor in describing how closely related the
items of the factor are. Acceptable values of alpha are usually above 0.7, but too high
values (e.g. above 0.9) can indicate redundancies of items (Tavakol & Dennick, 2011).

First, the mean of all items for each factor was calculated. Second, Cronbach’s alpha
was calculated for each factor using the R package Itm (Rizopoulos, 2018), and 95%-Cls
were calculated using boosting methods.

6.3 RESULTS

Between October and December 2018, questionnaires were completed by ten out of 21
physicians (47.6%) and 37 out of 67 nurses (55.2%) from five hospital wards. Descriptive

statistics for participants of the quantitative assessment are presented in Table 6.1.

Table 6.1: Descriptive statistics of the participants of the quantitative assessment of technology
acceptance (n = 47, Jauk et al. (2021)).

n %
Profession Nurse 37 78.7
Physician 10 21.3
Sex Male 14 29.8
Female 33 70.2

Median (Q1-Q3)

Age, years 29 (26-42)

Table 6.2 shows the mean responses for each factor, with ratings from 1 (posi-
tive/high) to 5 (negative/low). Users rated the perceived ease of use and perceived
usefulness rather positive, the output quality neutral, and the actual system use rather
poor.

Table 6.2: Mean responses to the factors measuring technology acceptance of the delirium risk
stratification tool. Means and standard deviations were calculated for the median
response of all participants (Jauk et al., 2021).

TAM factor Items (1) Mean SD
Perceived usefulness 5 2.4 1.00
Perceived ease of use 6 2.3 0.79
Output quality 2 2.8 0.73
Actual system use 2 3.4 1.0
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Results on internal consistency of the four TAM factors are reported in Table 6.3.
The internal consistency was acceptable for perceived usefulness, perceived ease of use
and actual system use, but rather low for output quality.

Table 6.3: Internal consistency using Cronbach’s alpha for the TAM factors used in the quanti-
tative assessment.

Cronbach’s alpha

TAM factor Items (n) Alpha Lower CI Upper CI
Perceived usefulness 5 0.76 0.650 0.837
Perceived ease of use 6 0.75 0.604 0.842
Output quality 2 0.66 0.070 0.876
Actual system use 2 0.85 0.743 0.918

6.3.1  Perceived Usefulness

A heat map of the items measuring perceived usefulness is shown in Fig. 6.3. In
concordance with the positive mean response illustrated in Table 6.2, results of four
out of five items were rather positive.

32 users (68.1%) agreed or strongly agreed that the application provided them with
additional information. Seven users (14.9%) disagreed or strongly disagreed that the
application is a useful support for delirium prevention, and seven did not believe
that the application can be used to detect delirium at an early stage. Opinions on the
usefulness for the users” own work were mixed: 17 users (36.2%) agreed or strongly
agreed that the application is useful for their work, while 15 users (31.9%) disagreed
or strongly disagreed on that.
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Figure 6.3: Heat map of five items measuring perceived usefulness of the tool (n = 47, adapted
from Jauk et al. (2021)).
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The consensus of the expert group on perceived usefulness was that the tool offered
a great support in early recognition of delirium patients. In their opinion, the risk
stratification helps to reduce screening resources.

"The tool gives good support — I am convinced of its usefulness."

"Due to the delirium prediction tool, we were already able to prevent the

sliding into a strong delirium with simple interventions."

"I perceive the tool as a benefit as we are able to reduce the time for delirium

screening."

It was observed that for some cases the tool supported the estimation of healthcare
professionals strongly, e.g. if patients were under sedation. In addition, the tool was
used by healthcare professionals to confirm existing presumptions.

"It is especially an added value if patients are not responsive during admis-

sion."

"The risk prediction helps to corroborate my own estimation when seeing a

patient."

"The risk prediction supports us when we are not quite sure about the

delirium risk."

The tool also supported healthcare professionals in targeting patients with a delirium

diagnosis in a previous stay.

"Especially patients with a diagnosis of delirium in the past are being
targeted earlier now."

6.3.2 Perceived Ease of Use

Answers on the questions for perceived ease of use were rated rather positively, as
illustrated in Fig. 6.4. Only two users strongly disagreed that the purpose of the tool
was clear and understandable, and three users disagreed that the presented information
was understandable. Four users reported that the application had increased their
workload.

However, 18 users (38.3%) disagreed or strongly disagreed that they successfully
integrated the tool into their clinical routine, and 14 users (29.8%) reported that they
were not sufficiently prepared to use the tool at time of implementation.
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Figure 6.4: Heat map of six items measuring perceived ease of use of the tool (n = 47, adapted
from Jauk et al. (2021)). Two items marked with asterisk were recoded for analysis.

In the expert group, the common impression of the perceived ease of use was
positive. Clinical experts appreciated that there was no need of additional data entry
and that the prediction was available within few seconds in the user interface of the
HIS.

As shown in Section 4.3.1, high risk patients were presented with a yellow symbol,
and very high risk patients with a red symbol. This visualisation was appreciated by
the expert group.

"I like the presentation with the traffic light symbols."

The web application sparked much enthusiasm because it provided a comprehensive
view of a patient and thus supported healthcare professionals not only in delirium
management (see Section 4.3.2). However, during the first month of deployment, the
delirium risk had been visualised using percentages. The clinical experts criticized the
numbers, because they found them difficult to interpret. As a solution, the percentages
were replaced by a bar chart visualizing the risk groups and an arrow indicating the
location of a patient on the dimension of delirium risk.

"The bar representing the range of delirium risk helps us to identify patients
at the boundary to another risk group."

6.3.3 Output Quality

The heat map for the two items measuring output quality is shown in Fig. 6.5,

demonstrating rather neutral results for this factor. For both questions, the middle
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Figure 6.5: Heat map of two items measuring the output quality of the tool (n = 47, adapted
from Jauk et al. (2021)).

category was the most chosen answer. 20 users (42.6%) reported that the delirium risk
matched their own estimations frequently or very frequently.

Within the expert group, the predictive accuracy of the delirium risk stratification
algorithm was perceived as very high.

"The system has almost 100% accuracy."

"There are not too many patients in the very high risk group — it seems
correct."

6.3.4 Actual System Use

Answers on the two items measuring the actual system use were rather negative,
as shown in Fig. 6.6. 19 users (40.4%) disagreed or strongly disagreed that they
considered the output of the application in their clinical decisions. 13 users (27.7%)
agreed or strongly agreed that they had been using the application regularly; the
median for use per month was 3 times (min = o, max = 20).
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Figure 6.6: Heat map of two items measuring the actual use of the tool (n = 47, adapted from
Jauk et al. (2021)).

One senior physician from the expert group raised concerns about the frequency of
use among other physicians.
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"I absolutely want to continue with the tool. Now the question is how to

bring it closer to the users — many don’t know much about it yet."

Finally, there was a broad agreement of the clinical experts that the overall impression
of the delirium risk stratification tool was positive and they wanted to continue its use
in clinical routine. Also, the expert group recommended the implementation of the
tool in other hospital departments and hospital networks.

"The tool is successful. It should be continued in any case."

6.4 LIMITATIONS

Several aspects limit the second part of this thesis. Besides limitations of the mixed
methods design, the study was limited by the use of TAM as a framework for evalua-

tion.

6.4.1 The Use of TAM in Healthcare

Although TAM is seen as one of the gold standards in understanding the acceptance
or rejection of health IT applications, three main limitations to its use and to the
adaptation of its items need to be discussed.

First, the interpretation of the results when using TAM or TAM2 in healthcare is
limited. According to a review by Holden & Karsh (2010), perceived usefulness was
significantly related to intention to use in all reviewed studies, whereas perceived ease
of use was a significant predictor in only half of the studies. Especially if users are
experienced with a system or have enough IT support, perceived ease of use might
not be an important predictor (Holden & Karsh, 2010, cited by Ammenwerth, 2019).
According to Ammenwerth (2019), TAM could also not be able to assess the rather
complex reality of a healthcare setting in every evaluation study.

Second, although the review of Holden & Karsh (2010) recommends the adaptation
of items to a specific context, key factors of the original TAM model are prone to
multidimensionality when using an adapted item pool. For the assessment in this
thesis, questionnaire items were adapted to the use case of delirium prediction. Due to
the limited sample size, further psychometric analyses such as factor analyses were
not feasible. Although the internal consistency measured with Cronbach’s alpha was
acceptable for the factors used, a more comprehensive analysis on the questionnaire is

needed.
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Third, as stated by Ammenwerth (2019), TAM "was developed with a focus on
technology which can be used voluntarily”. The delirium risk stratification tool
under evaluation is supposed to provide support in delirium management if needed.
However, during the pilot study physicians and nurses were strongly encouraged by
the heads of the departments to use the tool, which could have further influenced the
results of the assessment.

6.4.2 Limitations of the Quantitative Analysis

Besides already discussed limitations regarding the use of TAM, the main limitation of
the quantitative assessment was the use of a convenience sample. 48% of the physicians
and 55% of the nurses from five hospital wards participated in the assessment, but the
absolute number of physicians and nurses was unequally distributed: The question-
naire was completed by 37 nurses and 10 physicians. Even though it is known that
the treatment of hospitalised patients with delirium presents a high burden especially
for nurses (Schmitt et al., 2019), physicians” experience with the tool should be further
assessed.

In addition, some groups of healthcare professionals might be more likely to partic-
ipate in the evaluation, e.g. those more positive towards an application. This effect,
also called participation bias or non-response bias (Michie & Marteau, 1999), certainly
affected the results of the assessment.

6.4.3 Limitations of the Qualitative Analysis

Two limitations regard the qualitative assessment of this study. First, even though
members of the expert group were chosen thoroughly and with respect to different
professions, the group consisted of a small and non-representative sample. The
hierarchical system, as commonly known from healthcare institutions, could have led
to a bias in the collection of information. Unintentionally, comments from heads of
medical departments might have received more attention than those from rather young
nurses.

Second, no structured interviews were conducted in the expert group, as the aim
of the qualitative assessment was to receive a broad feedback without restrictions to
specific questions. Comments from clinical experts were documented and all of them
could be assigned to the TAM factors chosen for evaluation. Although the selection
and assignment of the comments was reviewed by a second researcher, both could be
biased.



LONG-TERM PERFORMANCE IN A MULTICENTRE SETTING

7.1 INTRODUCTION

With evolving healthcare systems, clinical prediction models can become inaccurate
over time (Jenkins et al., 2018). Models are prone to changes in patient populations,
treatment possibilities or prevalence of diseases. A machine learning model, which
was trained on static data, will certainly not perform well if data needed for prediction
are changing.

Systematic changes of clinical documentation in EHR systems present a common
threat to model performance. One example are ICD revisions, which include reclassi-
fications of codes, changes in numeric codes or in code descriptions (O'Malley et al.,
2005). ICD revisions may bias the analysis of diagnoses stored in EHR systems (Janssen
& Kunst, 2004) and may affect a model’s performance over time.

In addition, performance can also vary between hospitals. Hospitals often differ
in patient populations or in quality of EHR data. As the coding of diagnoses and
procedures happens often because of administrative reasons, the precision and also
the mindset towards coding can differ even between departments within a hospital.
Thus, the external validation of a prediction model in one centre does not guarantee
the same results for other centres.

The long-term evaluation of prediction models should consider another effect. If
the model deployment and the interventions staged due to a prediction lead to the
successful prevention of an outcome, the variance of this outcome and its association
with certain predictors can be reduced (Lenert, Matheny, & Walsh, 2019). This can
lead to a decreased discriminative performance of the model. Furthermore, prediction
models can underlie a calibration drift leading to under- or overestimation of risk and,
hence, to misleading results (Jenkins et al., 2018).

One way to account for ongoing changes in EHR data is a scheduled retraining of
clinical prediction models. However, the necessity of retraining has to be assessed
for each use case in particular. Thus, it is crucial to continue the evaluation of model
performance as soon as models are successfully deployed in clinical routine in order to

survey the stability of models over time and for different centres.



7.2 METHOD

7.1.1  Aim

The third aim of this thesis was to evaluate the long-term performance of the delir-
ium risk stratification algorithm. The main goal was to analyse the stability of its
performance when deployed in different KAGes hospitals across Styria over the year
2019.

Two exploratory analyses enriched the evaluation. First, anonymous feedback of
healthcare professionals received through the tool was analysed. Second, discharge
summaries of identified delirium patients were analysed in order to explore patterns

in clinical texts of patients with and without assigned ICD-10 diagnoses for delirium.

7.2 METHOD
7.2.1  Study Design

The evaluation of the delirium risk stratification tool in the pilot study resulted in a
recommendation by clinical experts to implement it in other hospitals (see Section
6.3.4). Thus, after the pilot phase the tool was deployed in four other KAGes hospitals
in Styria.

The timeline of the study design for this part of the thesis is illustrated in Fig. 3.1
(Section 3.4) in red. The time period of deployment is shown for each hospital included
in the multicentre evaluation. For the pilot site LKH Graz II, now referred to as
Hospital 1, the use of the tool was continued after the pilot study without disruption.

For every hospital, the implementation of the delirium risk stratification tool was
carried out based on the experience from the pilot study. Training sessions for physi-
cians and nurses were organized before the actual implementation in each hospital.
The training included a short introduction of the tool emphasizing its strengths and
weaknesses and a presentation of the main results of the pilot study. The participation
was recommended by the heads of the department but remained voluntary.

7.2.2 Participating Hospitals

Medical specializations of KAGes hospitals depend on their location in Styria. As the
delirium risk stratification algorithm was developed on a cohort of internal medicine
and surgical patients, the tool was implemented at hospitals with at least one of the

two specializations.
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In Hospital 1 (LKH Graz II), all internal medicine departments and surgical depart-
ments continued with the tool in 2019. In July 2019, the tool was further implemented
at surgical and internal medicine departments of Hospital 2 (LKH Weststeiermark) and
Hospital 3 (LKH Rottenmann - Bad Aussee). Hospital 4 (LKH Hochsteiermark) fol-
lowed with an implementation at the surgical departments in September 2019. Finally,
in October 2019 the tool was implemented at the cardiology department in Hospital 5
(LKH-Univ. Klinikum Graz), the university hospital of KAGes.

7.2.3  Analysis of the Prospective Performance

Based on the pilot study results, the algorithm was slightly updated in July 2019
(see 4.2.3). The update included a re-training of the random forest models and the
deployment of an additional re-calculation on the second evening after admission.

Because of this update, the data of Hospital 1 were split for analysis: The first
data set included prospective predictions from January until June 2019 using the first
version of the algorithm; the second data set included prospective predictions from
August until December 2019 using the updated version of the algorithm. The month
of July was excluded in order to control for technical changes and an overlap of the
two versions.

Hospital stays of patients with an admission and discharge within the defined time
period were included in the analysis. In order to account for possible technical errors
at the start of deployment, the first days after the implementation in each hospital
were excluded from the analysis. Patients younger than 18 years were excluded from
the analysis. Descriptive statistics of the patients were analysed for each hospital. The
median LOS was calculated in days, including admissions with hospital stays from
one day up to 100 days.

Occurrence of delirium was identified using the two methods illustrated in Section
3.3: ICD-10 codes for delirium recorded in the EHR system and text mining of discharge
summaries for indications of delirium.

Discriminative performance and calibration were analysed on a hospital level. Two
risk predictions were extracted from the database for each hospitalisation:

(a) the first risk prediction of each hospitalisation, and

(b) the last risk prediction within the first 48 hours of each hospitalisation.

If a patient is not further transferred during an hospital stay, this risk prediction
will be visible over the entire stay in the HIS and will not be re-calculated. Thus,
for interpretation of the results, the more relevant prediction of both is (b), the last

prediction.
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AUROC values including 95%-CIs were compared for both risk predictions in order
to evaluate the importance of the re-calculation of delirium risk. Further analyses
including ROC curves and calibration plots with 95%-CIs were conducted for prediction
(b) only.

7.2.4 Analysis of Feedback from Healthcare Professionals

In July 2019, a feedback button (described in Section 4.3.2.1) was added in the web
application. Users were enabled to send feedback on a patient’s prediction, which
included their rating of the delirium risk and their comments in a free text field.

The feedback received through the web application was analysed between August
and December 2019. Risk groups rated by healthcare professionals were compared
with the risk groups predicted by the algorithm. If no risk rating was provided by
healthcare professionals, the content of the free-text comments was analysed to identify

over- or underestimation of the predicted delirium risk.

7.2.5 Analysis of Discharge Summaries of Delirium Patients

Most discharge summaries had already been exported for the evaluation of the long-
term performance; in addition, discharge summaries of admissions in July 2019 were
exported from the EHR system.

A Venn diagram was used to visualize the overlap of identification by the two
methods. In a qualitative analysis, cases with identification by ICD-10 codes but
without identification in discharge summaries were examined. In addition, frequencies
of each identification method were analysed using descriptive statistics for each hospital
separately.

For further analyses, the identified hospitalisations were split into two groups:

* Group ICD-10 code: hospitalisations with an ICD-10 code for delirium (Fos or
F10.4) recorded in the EHR system

* Group Discharge summaries only: hospitalisations without assigned ICD-10 code
for delirium but with indication of delirium in discharge summaries

Descriptive statistics were used to describe the delirium patients of each group.
Differences between the two groups were tested using a Mann-Whitney U-Test for
ordinal variables and a Chi-squared test for nominal variables. A Bonferroni correction
was used to correct for multiple testing resulting in an alpha-level of 0.008 for six
variables. In order to determine differences in the discriminative performance, AUROC
values and ROC plots with 95%-ClIs were analysed for each group.
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For the exploratory analysis of text patterns, a text mining method based on the tm
package in R was used (Feinerer & Hornik, 2020). In a first step, discharge summaries
of each hospitalisation were joined into a text vector. Patient names, numbers and
special characters were removed from the texts. German stop words defined by the
tm package and use case specific stop words, which were iteratively collected, were
removed from the texts. The list of use case specific stop words is included in Table
B.4 in the Appendix. Multiple occurrences of words within each text were removed,
resulting in a unique vector of words for each hospitalisation.

Two exploratory analyses were performed on the text vectors of each group. First,
the thirty most frequent words of both groups were compared using a bar chart with
relative frequencies. Second, all texts were searched for words pertaining to one of
the following categories: delirium, medication for delirium, confusion, disturbance,
alcohol and dementia. Finally, relative frequencies of occurrences within each group
were compared.

7.3 RESULTS
7.3.1 Descriptive Statistics

Over the year 2019, delirium risk was predicted for 19,050 admissions in five KAGes
hospitals. After the exclusion of 1,087 admissions with predictions in July 2019, the
cohort for analysis resulted in 17,963 admissions. Descriptive statistics for the cohort
of each hospital are presented in Table 7.1.

The surgical department of Hospital 4 treated the youngest patients with a median
age of 69 years. Most male patients were present in the cohort of Hospital 5, the
cardiology department, and most female patients in Hospital 3. While the frequency
of a past delirium recorded in the patient history was highest for Hospital 3 (2.7%), it
was lowest for Hospital 5 (1.5%). Hospital 1 treated the patients with longest hospital
stays (median = 6 days; Q1-Q3: 3.1-10.2) and with highest mortality (3.4%).

Hospital 2 includes two hospital locations in Styria, and one of them hosts a geriatric
rehabilitation ward. At this ward, treated patients were at an older age (median = 78;
Q1-Q3: 65-85) and had long hospital stays (median = 7 days; Q1-Q3: 4.0-14.1).

7.3.2  Prospective Long-Term Performance

Table 7.2 presents the results of the prospective performance for each hospital.
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Table 7.1: Descriptive statistics of admissions from five KAGes hospitals with prospective risk
predictions of delirium in 2019 (n = 17,963).

Hospital 1 Hospital 2 Hospital 3 Hospital 4 Hospital 5

N 8,727 3,988 3,624 1,017 607
Age’ Median 72 72 73 69 71
Q1-Q3 58-81 57-82 57-81 5579 58-79
LOS? Median 6.1 5.2 4.3 3.7 5.1
Q1-Q3 3.11-10.15 3.01-8.89 2.27-8.15 2.24-8.08 2.23-8.56
n % n Y% n % n Y% n %
Sex male 4,394 50.3 1,972 49.4 1,656 45.7 589 57.9 386 63.6
female 4,333 49.7 2,016 50.6 1,968 54.3 428 421 221 364
Past Delirium 177 2.0 98 2.5 98 2.7 15 1.5 5 0.8
Mortality 2908 3.4 113 28 57 1.6 9 0.9 6 1.0
Dep.¢ Surgical 2,661 305 1,452 36.4 1,333 36.8 1,017 100.0 - -
Internal 6,066 69.5 2,536 63.6 2,291 63.2 - - 607 100.0

“ in years; ” Length of stay, in days; ¢ Department

Most predictions were evaluated for Hospital 1 (n = 8,727) with the longest period
of deployment, and fewest predictions for Hospital 5 (n = 60y) with a deployment
period of three months only. The relative frequency of recorded delirium was highest
for Hospital 5 (3.8%) and lowest for Hospital 4 (1.5%).

The distribution of patients stratified to each of the three risk groups varied slightly
between the hospitals. Between 78.0% and 84.4% of admissions were stratified to the
low risk group and between 8.0% and 12.8% to the high risk group. In Hospital 4, 13.2%
of the admissions were stratified to the very high risk group, while in Hospital 5 only
5.4% were included in this group.

For Hospital 1, the distribution of the stratification changed after the update in July.
From August until December, 2019, more patients were stratified to the high risk or
very high risk group than from January until June.

ROC plots in Fig. 7.1 complement the results of the discriminative performance
demonstrated in Table 7.2. The highest discrimination for the last prediction was
observed for Hospital 1 and the first version of the algorithm with an AUROC of 0.86
[0.830 - 0.897], followed by an AUROC of 0.83 [0.788 - 0.873] for Hospital 3 with the
updated version of the algorithm. For Hospital 1, Hospital 2 and Hospital 3, AUROC
values for the last prediction were above 0.80, while for Hospital 4 and Hospital 5
the algorithm achieved a lower performance with AUROC values above 0.76 only.
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However, the ranges of the CIs limit the interpretation of the results for Hospital 4 and
Hospital 5.

The discriminative performance increased from the first prediction to the last predic-
tion for all hospitals except Hospital 4. However, CIs for AUROCsS of the first and last
prediction overlapped for all hospitals and thus the interpretation of these changes is
limited.

For Hospital 1, the first version of the algorithm applied during the first half of the
year 2019 achieved a better discriminative performance; the AUROC value decreased
from 0.86 to 0.81 when using the updated version of the algorithm for the second half
of the year.

Calibration was poor for all hospitals, indicating an overestimation of the risk for all
percentiles of predicted probabilities. Calibration plots for each hospital are included
in Fig. A.7 in the Appendix. In concordance with the results of the discriminative
performance, CIs for calibration curves were largest for Hospital 4 and 5.
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Figure 7.1: ROC plots of the last prediction within 48 hours of hospital stays in 2019. Hospital
1 used the first version (a) and the updated version of the algorithm (b).
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Table 7.2: Prospective prediction results for five hospitals in 2019. Distributions for the three risk groups are presented using realtive
frequencies. AUROC values including 95%-Cls are povided for the first prediction and the last risk prediction within 48 hours of

hospitalisation.
_ Algorithm 1me period Delirium  [USK group AUROC [95%-CI]
Hospital _ (2019) N frequency (%)
Version
Start  End n % low high I‘T’eri First prediction Last prediction
18
First 01.01. 30.06. 4,912 102 2.08 84.0 8.5 7.5 0.850 [0.8147-0.8861] 0.863 [0.8298 - 0.8971]

Updated 01.08. 31.12. 3,815 90 236 780 128 9.2 0.798 [0.7552-0.8402] 0.808 [0.7641 - 0.8511]

Updated 01.08. 31.12. 3,988 104 261 81.8 101 8.2 0.785 [0.7446-0.8255] 0.812 [0.7742 - 0.8496]

0.7357 - 0.8399

0.7434 - 0.9206
0.6010 - 0.8023

Updated 01.08. 31.12. 3,624 58 1.60 80.0 11.1 8.9 0.788 0.831 [0.7882 - 0.8734]

[ |

[ 1
Updated 15.09. 31.12. 1,017 15 147 789 80 132 0832 [ ] 0787 [0.6859 - 0.8884]
[ |

Ul A~ W N

Updated 03.10. 31.12. 607 23 3.79 84.4 10.2 5.4 0.702 0.760 [0.6622 - 0.8585]

s11nsAy €4
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7.3.3 Exploratory Analysis of Feedback from Healthcare Professionals

From August until December 2019, healthcare professionals provided feedback for
32 patients through the web application of the delirium risk stratification tool. The
majority of the feedback regarded patients stratified to the very high risk group (n = 17).
For five patients, healthcare professionals did not report a rating of the delirium risk,
but provided a free-text comment.

Table 7.3 compares the risk ratings by healthcare professionals with the risk strati-
fication by the algorithm. For 17 out of 32 patients (53.1%), healthcare professionals
verified the risk stratification of the algorithm, indicated by bold numbers in the table.

For ten patients (31.2%), six with risk ratings and four with comments only, the
delirium risk predicted by the algorithm was perceived as too low by healthcare
professionals. Three patients were predicted a high risk by the algorithm, but healthcare
professionals rated their risk as very high. For seven out of these ten patients, healthcare
professionals commented the presence of delirium or confusion in the free-text field.

For four patients (12.5%), the delirium risk predicted by the algorithm was perceived
as too high. Two of them were predicted a very high risk by the algorithm, and the
other two a high risk. For one patient, the head of the cardiology department reported
that the elevated liver enzymes were characteristic for the patient’s infarct, and that
the very high risk of delirium could not be confirmed from a clinical perspective. The
remaining three patients had no risk factors and showed no signs of delirium during
their hospital stay according to the healthcare professionals.

For the last patient with comment only, the healthcare professional reported that the
very high risk prediction by the algorithm was not transparent enough. However, he or

she provided no clinical risk rating nor further details.

Table 7.3: Feedback from healthcare professionals compared with the risk stratification of the
algorithm. The feedback included a risk rating and/or comments.

Risk stratification (Algorithm)

Low risk High risk ~ Very high Total
risk
Low risk 1 2 2 5
Risk rating High risk 2 2 0
Very high risk 1 3 14 18
Comments only 3 1 1 5

Total 7 8 17 32
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7.3.4 Analysis of Discharge Summaries of Delirium Patients

ICD-10 codes for delirium were recorded in the EHR system of the hospital network
for 153 hospitalisations of the five hospital.

The text mining of discharge summaries identified 448 hospitalisations with indica-
tion of delirium. A manual check of these notes verified delirium corresponding to
the ICD-10 code Fos for 388 hospitalisations (86.6%), and delirium corresponding to
F10.4 for 21 hospitalisations (4.7%). Discharge summaries of 32 hospitalisations (7.1%)
indicated a past delirium in the patient history; for the remaining 7 hospitalisations
(1.6%), delirium could not be verified. This resulted in 409 hospitalisations with
delirium identified by the text mining method.

The Venn diagram in Fig. 7.2 demonstrates the overlap of delirium identification
using the two methods. Out of 153 hospitalisations with an ICD-10 code for delirium
assigned, 138 (90%) were also identified by the text mining method. Frequencies of
delirium identification for each hospital separately are included in Table B.3 in the

Appendix.

ICD-10 Code

Clinical Notes

Figure 7.2: Venn diagram illustrating the overlap of ICD-10 code assigned delirium and indica-
tion of delirium in discharge summaries of the EHR system.

15 hospitalisations with an assigned ICD-10 code of delirium were not identified by
the text mining method, and were further examined.

* Two patients were coded with Fos including the abbreviation St.p. in the diagnosis

text. The abbreviation stands for status post and describes a patient’s condition

after the occurrence of a disease. This indicates that delirium did not occur in

the current but in a previous hospital stay.
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* One patient had a transfer between two KAGes hospitals during the hospital stay.
Clinical texts before the transfer included indications of delirium, but discharge
summaries described a delirium status post only. The patient was incorrectly
flagged with no indication of current delirium during the manual check.

¢ Discharge summaries of seven patients indicated the occurrence of delirium by
the following words: disorientation, psychomotor disturbance, agitation, night-time
confusion and recurring confusional state. However, these words were not yet
included in the list of search terms for text mining.

* For two patients, delirium was coded by anaesthesiologists at the ICU. The daily
documentation of the ICU included records of agitation and delirium for one
patient and records of sedation for the other patient. However, this document
was not part of the exported clinical texts.

* One patient had no indications of delirium in the discharge summary, but
the summary included the word Temesta, a drug used to treat agitation and
disturbance.

* For one patient, Fo5 was coded together with the diagnosis text Senile Dementia.
Besides the ICD-10 code, no record available in the EHR system indicated the
occurrence of delirium, suggesting a coding error for this patient.

¢ For the last patient, discharge summaries were not exported from the EHR system
because of technical issues.

For eight of the 15 admissions, indications of delirium were found in the daily
nursing notes. These notes, just like the daily ICU documentation, were not yet
included in the export of clinical texts.

For further analyses, hospitalisations were split into the two groups described in
Section 7.2.5. The group ICD-10 code included 153 hospitalisations with delirium coded
by Fos or F10.4, illustrated in green in Fig. 7.2. The group Discharge summaries only
included 271 hospitalisations, illustrated in white.

The group Discharge summaries only had a significant lower median LOS with nine
days than the group ICD-10 code with twelve days (see Table 7.4). There were no
significant differences between the two groups in age, sex, history of delirium, mortality
and specialization of the department. As shown in Fig. 7.3, the discriminative
performance of the algorithm was better for the ICD-10 code group (AUROC = 0.868)
than for the Discharge summaries only group (AUROC = 0.796).

The text mining method identified the 30 most frequent words from the discharge
summaries of each group. The combination of these 30 words and their relative
frequencies among each group are presented in Fig. 7.4. The word delir, German
for delirium, occurred in 75.6% of the discharge summaries of the group Discharge
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Table 77.4: Descriptive statistics for hospitalisations with ICD-10 coded delirium (n=153) or
indication of delirium in discharge summaries only (n=271).

ICD-10 code Summaries only
Median Qi1-Q3 Median Q1-Q3 P value (U)
Age, years 82 77-89 81 75-88 0.0880
LOS, days 12 6.8-205 9 5.8-15.3 0.0062
n Y% n % P value (x?)
Sex male 100 65.4 163 60.2 0.3382
female 53 34.6 108 39.9
Past Delirium 0 0.0 1 0.4 -
Mortality 31 20.3 36 13.3 0.0796
Department Surgical 22 14.4 47 17.3 0.5111
Internal 131 85.6 224 82.7

summaries only, and in 86.9% of the group ICD-10 code. Besides delirium, the top five

most frequent words included the German words for dementia, hypertension, chest

X-ray and pleural effusion, followed by antibiosis, oriented, chronic, atrial fibrillation

and disturbance.

Table 7.5 presents the search words related to six delirium relevant categories. Words

related to all categories except the category alcohol were more frequent in discharge

summaries of the ICD-10 code group.

Table 7.5: Relative frequency of delirium relevant words for two groups of delirium patients.

Discharge summaries of both groups were screened for any search term of the

category.
Relative frequency
Category Search terms (in German) ICD-10 code Summaries only

Delirium delir*, alkoholentzugsdelir* 0.876 0.793
Medication seroquel, risperdal, risperidon, 0.830 0.624

temesta, lorazepam, quetiapin, haldol
Confusion verwirr* 0.438 0.362
Disturbance  unruhe, unruhig, unruhezust®, 0.549 0.406

agitiert, agitation
Alcohol alkohol* 0.288 0.299
Dementia demenz, dement, alzheimer 0.628 0.443
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Figure 7.3: ROC curves for the two groups of delirium patients stratified by the availability of
ICD-10 codes in the EHR system.

7.4 LIMITATIONS

The aim of the third part of the thesis was to gain knowledge of the long-term
performance of the delirium risk stratification tool when deployed across different
hospitals within the KAGes hospital network. Several limitations need to be addressed

regarding the study design, measures of performance and the data used for analysis.

7.4.1 Limitations of the Study Design

The evaluation periods varied between the hospitals. In Hospital 1, the tool had been
used over the entire year 2019. Because the algorithm was updated in July 2019, the
performance analysis had to be split. This resulted in an evaluation period of six
months for the first version and five months for the updated version of the algorithm.
The evaluation periods for Hospital 4 and Hospital 5 were shorter, resulting in wider
ClIs for performance measures.

The discriminative performance in Hospital 1 decreased from an AUROC of 0.86 to
0.81 when switching to the updated version (although with overlapping Cls). However,
the study design did not allow for a proper investigation of this change. The incidence
of delirium may underly seasonal variation (Balan et al., 2001), which limits the

comparison of the results of the two versions.
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Term

English (translated)

delirium
hypertension
dementia

chest x-ray

pleural effusion
antibiosis

oriented

chronic

atrial fibrillation
disturbance
seroquel

temesta

fever

risperdal

kidney failure
pneumonia

nursing home
urinary tract infection
surgery

infectiology
tazobactam

chronic kidney disease
pulmonology
gastroenterology
infection

abdominal ultrasound
piperacillin

intensive care unit
coronary artery disease
basal

sclerosis
radiography

arterial blood gas
anaemia

Relative frequency

German (original)

delir
hypertonie
demenz
thoraxrontgen
pleuraerguss
antibiose
orientiert
chronisch
vorhofflimmern
unruhe
seroquel
temesta

fieber

risperdal
niereninsuffizienz
pneumonie
pflegeheim
harnwegsinfekt
chirurgie
infektiologie
tazobactam
nins
pneumologie
gastroenterologie
infekt

abdomensonographie

piperacillin
intensivstation
khk

basal

sklerose
réntgen

bga

anamie

7-4 LIMITATIONS

Group

ICD-10 code

Discharge summary only

Figure 7.4: Bar chart illustrating the most frequent words in discharge summaries of delirium
patients in English (translated) and German (original). Extracted words are illus-
trated in green for ICD-10 coded delirium patients, and in white for patients with
delirium indicated in discharge summaries only.

7.4.2 The Need for Alternative Performance Measures

The CIs of the AUROC for Hospital 4 and Hospital 5 ranged from 0.69 to 0.89, and from
0.66 to 0.86, respectively. The interpretation of the discriminative performance is thus

limited for both hospitals. However, during an assessment not included in this thesis,

ward nurses from Hospital 4 reported a high accuracy of the algorithm. Although

21.2% of patients were stratified to the high risk or very high risk group, the ward nurses

perceived the majority of them as correct. In contrast, senior physicians from Hospital

5 perceived the performance of the algorithm as rather poor. This highlights the need

for alternative methods of evaluation rather than relying on AUROC and calibration

plots only.
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7.4.3 Limitations of Clinical Data

The final limitations regard the analysed data in this study. First, incidence of delirium
was low, ranging from 1.5 to 3.8%. In the qualitative analysis, EHR data from patients
with delirium-related ICD-10 diagnoses but without identification by text mining were
examined. For some cases, indications of delirium were found in documents which
were not yet included in the data used for text mining, e.g. ICU documentation or
nursing notes. This implies that some delirium patients still remain unidentified.

Second, the analysis of discharge summaries of delirium patients may underlie a
selection bias. Use case specific stop words for text cleansing and delirium relevant
word categories were selected in an iterative process, which depended highly on the
underlying data.

Third, the feedback received from healthcare professionals is limited to one aspect.
The number of reports with an over- or underestimation of risk may be biased if users
are more eager to report feedback for patients with incorrect prediction results. Never-
theless, the possibility to directly report feedback remains an important functionality
of the tool.
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DISCUSSION

In this thesis, a machine learning-based algorithm predicting delirium in hospitalised
patients was evaluated during its use in clinical routine. The evaluation addressed
three main research questions: (1) the performance of the algorithm in a clinical setting,
(2) healthcare professionals” acceptance of the tool integrated into the HIS, and (3) the
algorithm’s long-term performance in a multicenter setting.

This chapter shortly presents the main results, discusses limitations of the evaluation,
addresses advantages and disadvantages of machine learning-based prediction models,

and provides an outlook for future research.

8.1 MAIN FINDINGS OF THIS THESIS
8.1.1 Performance of the Delirium Risk Stratification Algorithm

In the first part of this thesis, the performance of the delirium risk stratification algo-
rithm was evaluated during a pilot study of seven months (Jauk et al., 2020). Delirium
risk was predicted for 5,530 admissions within the first 24 hours of hospital stay using
a random forest-based algorithm. In the prospective evaluation, the discriminative
performance of the algorithm was excellent with an AUROC of 0.855 [0.8146-0.8956], a
specificity of 81.8% and a sensitivity of 75.3%. In contrast, calibration of the algorithm
was poor, which was most likely affected by a low number of patients with identified
records of delirium (1.5%).

A re-training of the models and update of the algorithm in July 2019 addressed
inaccurate predictions, which occurred for patients with systematically missing pre-
dictors within the first hours of the hospital stay. A simulation study on KAGes data
demonstrated a better performance when adapting the models to the data available,
e.g. for lab data and nursing data (Jauk et al., 2019). This corroborated the training of
different models for three points of time of prediction accounting for the data available
at each point of time.

However, results of the long-term evaluation in the third part of the thesis showed no
improvement in AUROC for the updated version of the algorithm. Contrary, AUROC

values were lower for the updated version than for the first version. This comparison
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is limited by overlapping CIs and different months of evaluation, and further research
is needed to explain the results and to verify this performance decrease.

During the long-term evaluation, the AUROC of the updated algorithm ranged
from 0.76 to 0.83 across five hospitals. For the cardiology department in Hospital
5, the performance of the algorithm was not satisfying. With an AUROC of 0.76
discrimination was only acceptable, and internally collected feedback of healthcare
professionals revealed a low perceived accuracy. Future studies are needed to evaluate
the benefit of a prediction model trained exclusively on cardiac patients in order
achieve a better performance.

Several delirium prediction models have been published, and some were included
in the review in Section 2.5. The best performing model was a random forest model
from Corradi et al. (2018), which achieved an AUROC of 0.86 on validation data. A
GBM model developed by Wong et al. (2018) achieved an AUROC of 0.86 predicting
delirium on validation data. At a specificity set at 90%, the sensitivity of the model
was 59.7%. However, none of these models have been evaluated in clinical routine.

Compared to the reviewed delirium prediction models, the delirium risk stratification
algorithm achieved a satisfying discriminative performance in the clinical setting. The
random forest models included in the algorithm achieved AUROCsS of 0.85 and 0.93
when evaluated on the test data, decreasing to values between 0.76 and 0.86 in

prospective clinical settings.

8.1.2  Validation by Clinical Experts

In addition to the analysis of the prospective performance, a second method of
evaluation was used in the first part of the thesis. Risk predictions of the algorithm
were compared with the risk ratings of experienced ward nurses. The comparison was
performed twice: in a blinded setting before the first implementation of the delirium
risk stratification tool, and in a non-blinded setting with the tool implemented.

During two weeks of the first comparison, the prediction was not yet visible in
the HIS, but the algorithm was already running in the background. This comparison
provided a first quality assessment for the implementation in clinical routine before
making the tool available for healthcare professionals.

In both comparisons, the ratings of the ward nurses and the prediction of the
algorithm were in agreement for the majority of the cases. The qualitative analysis
revealed not only a known weakness of the algorithm, e.g. inaccurate risk when little
data was available, but also its strengths. The application provides a good support in

delirium management if healthcare professionals are uncertain or if patients are unable
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to communicate. For instance, patients under sedation or with language barriers
might benefit from the interaction of healthcare professionals with the delirium risk
stratification tool.

Similarly, Brennan et al. (2019) compared physician’s risk assessment of postoperative
complications with a machine learning-based algorithm. The algorithm outperformed
physicians” assessments in five out of six complications. After their interaction with
the algorithm, physicians” assessments improved for two use cases. In this thesis,
an evaluation of changes in the decision-making of healthcare professionals was not
possible because of the low incidence of delirium in both comparisons.

Over the entire deployment process, feedback had been collected from physicians
and nurses involved in an expert group (described in Section 3.2). Especially the
discussion with experts about the distribution of risk groups was highly relevant
for the clinical success of the tool. Based on the feedback from the experts, the
distribution has been constantly evaluated and adapted for the departments since the
tirst deployment in 2018.

However, it remains a challenge to set optimal thresholds in order to separate the
risk groups. For some patients, risk probabilities are right at the boundary to the other
risk group. In the web application, a bar chart facilitates the identification of patients
close to another risk group. This supports the adaptation of delirium management for
patients at the very lower or very upper limit of a risk group.

After the update of the algorithm in July 2019, the validation by clinical experts was
further enhanced by adding a feedback button to the web application. During the
long-term evaluation in the third part of the thesis, feedback had been collected for all
participating hospitals through this button.

One feedback highlighted a problem caused by the random forest model predicting
alcohol withdrawal delirium (F10.4). For patients with alcohol abuse, laboratory values
indicating liver problems like alanine aminotransferase, aspartate aminotransferase or
gamma-glutamyltransferase are typically out of norm. However, also for patients with
pancreatitis, viral hepatitis or cardiovascular disease such values are often out of norm,
which resulted in a stratification to the very high risk group for several patients. The
F10.4 model might presume alcohol abuse for the patient — a risk factor of delirium —
and misleadingly predicts a higher risk of delirium.

Overall, feedback by healthcare professionals is essential to reveal potential weak-
nesses of tools in clinical routine. It helps to better understand how healthcare
professionals perceive machine learning-based tools and which problems may arise
during their use in clinical routine.
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Based on the feedback, patients with risk predictions contradictory to the ratings of
healthcare professionals can be better presented in future model training. This might
further improve the performance of the delirium risk stratification algorithm in clinical

settings.

8.1.3 Technology Acceptance of the Delirium Risk Stratification Tool

The second part of the thesis addressed the technology acceptance of the delirium
risk stratification tool from a user-centric perspective (Jauk et al., 2021). The well-
established TAM (Davis, 1989) and parts of its extension TAM2 (Venkatesh & Davis,
2000) were used to frame the evaluation process, assessing perceived usefulness, perceived
ease of use, output quality and actual system use.

Quantitative and qualitative methods were used in a convergent parallel study
design. Besides conducting an anonymous questionnaire assessment involving 10
physicians and 37 nurses, clinicians from the expert group provided regular feedback,
which was analysed qualitatively. The expert group supported the improvement of
visualization and algorithm functionality over the entire deployment process to a great
extent.

After seven months of deployment in clinical routine, the majority of users reported
that the tool was useful for the prevention of delirium and its early detection. According
to the experts, it offered a great support and helped to reduce resources needed for
delirium screening. Healthcare professionals reported that the tool supported delirium
management especially for patients with delirium diagnosed in the past, who are
automatically stratified to the high risk group.

Users and clinical experts appreciated the visualization of the risk stratification
results in the HIS and the detailed summary of the risk prediction in a web application.
The automatic and fast prediction without the need of manual data entry presented a
great value to them.

However, not all users were able to integrate the tool in their daily clinical practice
and not all of them felt sufficiently prepared to use it. This is in line with the results
on actual system use, which was reported to be low. Only 28% of the users reported
that they had been using the tool regularly, and the expert group concluded that more
promotion and more training sessions were needed in future.

Research on implemented machine learning models is rare, and few studies have
evaluated user acceptance and technology uptake in such contexts. A study by
Brennan et al. (2019) assessed the user acceptance of a machine learning application

for preoperative risk assessment. Their study sample was small and homogeneous,
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including ten physicians only, and feedback was rather negative. Only half of the
physicians reported that they would use the application and that it helped them in
decision-making.

Also in this evaluation study, only ten physicians reported feedback for the tool.
However, in contrast to the study by Brennan et al. (2019), nurses were also included in
the quantitative assessment, because the assessment of delirium risk is highly relevant
for them. This raised the number of participants to 47. However, a comparison of
technology acceptance between nurses and physicians was not possible due to the
group imbalances.

Ginestra et al. (2019) evaluated the perception of a machine learning algorithm
predicting severe sepsis and septic shock. The evaluation of the algorithm, which
achieved a sensitivity of 26% and a specificity of 98% in a validation cohort, included a
large, heterogeneous sample of different user groups. The perception of nurses and
physicians differed substantially in the evaluation. Physicians evaluated the tool rather
poorly due to missing transparency and late alerts. Only a fifth of the physicians
found the alerts helpful, in contrast to almost half of the nurses. Furthermore, nurses
reported an improvement of care due to the alerts more often than physicians.

These results indicate that the benefit of risk prediction may differ between groups
of healthcare professionals. Future evaluation of the delirium risk stratification tool
should therefore strive for results divided by user groups when evaluating the technol-

ogy acceptance.

8.2 RECORDS OF DELIRIUM IN EHR SYSTEMS
8.2.1  Under-Diagnosing of Delirium

A major obstacle for the development of delirium prediction models is the diagnosis
of delirium itself. There are no laboratory or imaging tests to show the presence of
delirium in patients. Different severities and different subtypes of delirium lead to a
broad range of signs and symptoms, which further complicates the diagnosis. Even
experienced clinicians may have difficulties to distinguish delirium from dementia in
clinical settings (Fong et al., 2015).

Difficulties in diagnosing delirium lead to many undiagnosed cases, especially
for patients with a history of dementia (Lange et al., 2019). This underdiagnosis is
one reason why delirium in under-recorded in EHR systems. Especially hypoactive
delirium is prone to systematic under-diagnosing, which may limit the development

of prediction models. If there are less records for hypoactive subtypes available in
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the EHR system, models may learn clinically incorrect patterns and will misclassify
hypoactive delirium patients in the future.

The incidence of delirium observed in the studies of this thesis indicates that delirium
is also under-recorded in the EHR data of KAGes. The highest incidence was assessed
at the cardiology department of the university hospital with 3.8% delirium patients
during three months. For data of the pilot study, the incidence had been only 1.5%
over seven months.

Several factors might have led to this low number of delirium patients identified in
the clinical setting:

* A high risk of delirium may be correctly predicted by the algorithm and the
occurrence successfully prevented due to clinical interventions

* Mild forms of delirium may be documented less often when compared to severe
forms

* Hypoactive delirium may be overseen and not documented

¢ Physicians not specialized in the fields of neurology or psychiatry may avoid
coding of delirium because of unclear diagnostic criteria

The low observed incidence did not only influence the evaluation of the tool, it also

raises the question how to better identify delirium in EHR data.

8.2.2  Effects of a Low Incidence for the Predicted Outcome

The observed low number of delirium patients limits the interpretation of the results of
this thesis to a certain extent. Measures of discrimination derived from the confusion
matrix, such as sensitivity or positive predictive value, are strongly influenced by
under-recording. Not identified delirium patients are incorrectly included in the
non-delirium group for analyses.

Calibration plots of the test data showed a good calibration for the random forest
models, but plots of the prospective prediction illustrated an overestimation of delirium
risk for almost all percentiles and cohorts. When assuming a high rate of under-
recording, the results of the calibration plots are not informative.

Even though the observed low incidence had a major impact on the evaluation, its
impact on model development is minor (Jauk, 2021). For training the random forest
models, patients with corresponding ICD-10 codes (either Fos with subcategories or
F10.4) were labelled as delirium. Internal analyses showed that coding errors occurred
for very few of these cases, and it can be assumed that the cohort of delirium patients

was accurate for training.
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In contrast, under-recording results in delirium patients incorrectly labelled as
controls. In order to identify such false negative cases, discharge summaries were
screened and manually checked for mentions of delirium-related language expressions.
Positive cases were excluded from the control group, which resulted in controls without
ICD-10 codes nor mentions of delirium in discharge summaries and led to a quite
accurate group of controls.

A study by Ryan et al. (2013) identified severity of inattention and being under
medical care as predictors of a complete delirium documentation in case notes. The
exploratory analysis in Section 7.3.4 showed no differences in delirium coding between
surgical and medical departments, but delirium patients with ICD-10 coded delirium
had significantly longer hospitals stays than delirium patients with mention of delirium
in discharge summaries only. Furthermore, medication typical for delirium was
mentioned more frequently in discharge summaries of ICD-10 coded patients. Longer
hospitals stays and mentions of certain drugs could indicate higher severity, which
suggests that delirium is coded more often in more severe delirium cases.

The delirium risk stratification algorithm achieved a higher discriminative perfor-
mance when including patients with ICD-10 coded delirium only. One explanation
could be that the algorithm predicts severe cases of delirium with higher accuracy
than milder forms of the syndrome. Further research is needed in order to examine
the hypotheses raised and to reveal more details of delirium coding patterns in the

EHR system under scrutiny.

8.2.3 Digital Phenotyping of Delirium Patients

In response to the results published by Jauk et al. (2020), Rousseau & Tierney (2021)
raised concerns about the identification of delirium patients, which depended mainly
on ICD-10 coded diagnoses. The authors provided examples of additional data sources
to improve the definition of clinical conditions, or so-called digital phenotyping, of
delirium patients. According to them, lab values, vital signs or symptoms referenced
in clinical texts may help to improve the positive predictive value.

Up to now, simple string matching methods have been applied to identify mentions
of delirium in discharge summaries. Future work should investigate a potential benefit
of using more sophisticated natural language processing (NLP) technology on these
texts. This could improve the accuracy of the digital phenotype of delirium, and
add new features to the prediction models. Structured information extracts from
clinical texts can help to increase the performance, particularly for patients with little

structured information available.
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The exploratory analysis in the third part of the thesis demonstrated that sources
apart from ICD-10 codes and discharge summaries could help to identify delirium
patients. For the EHR system of KAGes, the following additional sources could refine
the digital phenotype of delirium for future research:

* Psychiatric notes

* Drug dispensation
¢ Daily nursing notes
¢ Daily ICU notes

Although a broader definition of delirium can be useful for the evaluation, it can also
be hazardous when prediction models are trained. Labelling clinical cases as delirium
patients, with different subtypes, severity level or unspecific signs and symptoms,
can result in inaccurate models. The use of delirium-relevant drug dispensation, for
instance, can be too unspecific, as some of these drugs are also used to treat anxiety or
sleeping disorders. Furthermore, electronic drug dispensation is not available across all
KAGes hospitals, which introduces a bias in model training. Overall, a comprehensive
evaluation and full understanding of the records used for digital phenotyping is

crucial.

8.3 THE DEPLOYMENT OF MACHINE LEARNING-BASED ALGORITHMS
8.3.1  Overcoming Barriers of Deployment

Various barriers limit the deployment of new decision support systems using machine
learning and EHR data, and several examples of these barriers are discussed in Section
2.2.1. Three unique features of the setting in KAGes helped to overcome these barriers
and led to a successful deployment of the tool in various hospitals.

First, for all hospitals that belong to the KAGes network in Styria the same, shared
EHR system has been in place for over 17 years. This facilitates the access to the
amounts of data needed for training machine learning models as well as the deploy-
ment of the tool in various hospitals of the network.

Second, the tool has been internally developed by KAGes, which allows direct access
and transfer of data needed for modelling, and facilitates continuous monitoring of
the tool during deployment. The setting might furthermore increase the trust and
acceptance of healthcare professionals, because their colleagues are involved in the
development.

Third, due to this development from inside the organisation, close communication

between healthcare professionals, EHR technicians and data scientists was maintained
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during the whole development and deployment process, which enabled a successful
technical integration of the tool. The close contact with nurses and physicians facilitated
all steps of deployment and evaluation in the clinical setting, and initiated further use
cases for prediction models.

8.3.2 Evoked Changes in Healthcare

The deployment of machine learning-based prediction models can induce many
changes in healthcare systems. Wyatt & Spiegelhalter (1990) summarized several
side effects that can influence decision support when deploying new systems.

One of these side effects is the Hawthorne effect, which describes people modifying
their behaviour because of being the topic of an observation (Adair, 1984). Although
the Hawthorne effect has been questioned and stimulated controversy (Franke & Kaul,
1978), Wyatt & Spiegelhalter (1990) assume that the performance of decision-makers
improves just because their decisions are being studied. According to this assumption
it is possible that healthcare professionals were more attentive for delirium during the
study period.

This awareness might have further increased among the staff in the participating de-
partments due to training sessions and the encouragement by heads of the department
heads. This could have sharpened the awareness even across physicians and nurses
from departments with lower incidence of delirium, and might have further increased
the detection of delirium patients.

Another positive side effect of the deployment could be provoked by the extended
use of EHR data for clinical purposes. Healthcare professionals invest a substantial
amount of their time in EHR documentation. Demonstrating them a tool that reuses this
information for clinical decision-making might raise the importance of documentation.
For the delirium risk stratification tool, an already assigned ICD-10 code Fos in the
EHR system had an immediate impact, stratifying these patients to the very high risk
group in following predictions.

The deployment of a risk prediction model comes along with the need for preventive
interventions. Potential extra workload, e.g. due to an extensive amount of alerts,
has been identified as a barrier of implementation for decision support systems
(Varonen et al., 2008). Although patients are not negatively affected by any of the
non-pharmacological interventions, the clinical workload could rise unnecessarily with
a too high number of false positive cases. Healthcare professionals reported that the
use of the delirium risk stratification tool did not increase their workload, but future
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evaluation should assess whether more clinical resources are needed when using the
tool.

One effect of successful delirium prevention is discussed in Section 5.4.1: A self-
destroying prophecy is caused for every patient with a predicted high delirium risk
in which delirium is successfully prevented. Accordingly, Lenert, Matheny, & Walsh
(2019) describe prediction models as "victims of their own success’. As the purpose
of prediction models is to improve clinical outcomes, successful models will decrease
the distribution and variance of the predicted outcome. Systematic changes in the
outcome can further lead to a decline in performance.

According to the authors, a simple re-training of the models without accounting
for the changes in the clinical process behind will not prevent the misclassification of
patients (Lenert, Matheny, & Walsh, 2019). The proposed way to deal with the problem
is to model the intervention space and include the interventions into the model itself.

For the delirium case, non-pharmacological and multicomponent interventions
are often not documented in detail. Although the modelling of such interventions
presents various challenges, it is a promising method to enable the stability of machine
learning-based prediction models over time.

84 STRENGTHS AND WEAKNESSES OF MACHINE LEARNING-BASED ALGORITHMS

Chapter 2 addresses several strengths and weaknesses of machine learning-based

algorithms, and some of them need to be discussed regarding the results of this thesis.

8.4.1  Weaknesses of the Delirium Risk Stratification Algorithm

An often discussed weakness of complex machine learning models is their lack of
interpretability. In order to avoid a black-box scenario, the delirium risk stratification
tool includes a web application presenting a patient’s EHR data used for prediction. In
this thesis, users reported that the presented information was understandable and the
application provided them with useful additional information.

As an attempt to explain the prediction, EHR data are ranked based on evidence-
based risk factors from the literature and variable importance methods. However, for
some cases it still remains a challenge to identify individual features which had a
major impact on the results.

One limitation are the variable importance methods for random forest models, which
are prone to be biased when variables vary in scale types and categories (Strobl et al.,
2007). Results are misleading if suboptimal predictors are preferred artificially. This
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may be induced by a biased feature selection in individual classification trees and by
bootstrap sampling with replacement.

Furthermore, global variable importance is not able to provide the direction of
correlation nor to explain individual prediction results. The use of local variable
importance methods such as LIME (local interpretable model-agnostic explanations)
instead of global variable importance can support the explanation of personalised risk
prediction.

Enabling interpretability and transparency of machine learning models facilitates
not only clinical decision-making and the appraisal of risk predictions, it can also
reduce biases. The overreliance of users on clinical decision support systems, called
automation bias, can lead to decision errors. A meta-analysis found that the errors
increase up to 26% when automated systems give incorrect advice to users compared
to not using decision support at all (Goddard, Roudsari, & Wyatt, 2012, cited by Lyell
& Coiera, 2017). In order to identify errors of the system, verification of the results
needs to be facilitated.

Besides automation bias, machine learning models are prone to be biased for other
characteristics such as gender, ethnicity or demographics. One potential bias could be
evoked by the prediction of alcohol withdrawal delirium for patients with elevated
liver enzymes due to pancreatitis, hepatitis, or cardiovascular disease (discussed in
Section 8.1.2). Future studies are needed to determine potential biases of the random
forest models implemented in the delirium risk stratification algorithm.

Finally, the precise definition of the point of time of risk prediction needs to be
discussed as a weakness of machine learning-based prediction. Contrary to established
risk scores, for machine learning-based models it is crucial to know which predictors
are available at the exact point of time in order to adapt the training data. Systemati-
cally missing values or an overlap of the point of time of prediction and predictors’
availability can reduce the performance of prediction models when implemented in
clinical settings.

Corradi et al. (2018) noted that not all factors that would be predictive for delirium
were universally available for their delirium model. In addition, the authors used
the information from the entire hospital stay for non-delirium patients in the training
data set. This makes a risk prediction at admission infeasible in a clinical setting,
because more information was available for model training than at the point of time of
prediction during deployment. In the study by Kim et al. (2016), some predictors were
collected after the possible onset of delirium, which also limits clinical deployment.
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8.4.2  Strengths of the Delirium Risk Stratification Algorithm

Although several challenges need to be overcome when using machine learning models
for risk prediction in healthcare, their advantages will predominate for various use
cases in the future.

First, automated risk prediction based on EHR data can substantially reduce hospital
resources. While most established risk scores require additional assessment and
scoring, machine learning models are able to use available information for the risk
prediction solely. No manual data entry or clinical assessment is needed to determine
a patient’s risk when using such tools.

Second, the direct integration of tools in the HIS enables a risk stratification within
seconds after a patient is admitted. This immediate prediction is essential for a fast
impression of a recently admitted patient in order to stage preventive actions as early
as possible.

Third, the use of machine learning can support the identification of an actual risk
of delirium rather than just the detection of the syndrome. As discussed in Section
2.4.3, screening instruments like DOS or CAM assess already existing signs of delirium.
Although clinical protocols for delirium include predisposing or precipitating risk
factors, machine learning models can account for many more parameters. For a
syndrome or disease with a multifactorial onset like delirium, this is highly relevant.

Finally, risk prediction using machine learning can facilitate knowledge transfer. In
the evaluation by Brennan et al. (2019), the risk assessment by physicians improved after
their interaction with a machine learning algorithm. Even though senior healthcare
professionals will mostly outperform machine learning algorithms within their field,
inexperienced staff can learn from tools visualizing patients’ risks and patterns of risk
factors. More research is needed to determine a potential learning effect introduced by
the delirium risk stratification tool.

85 THE CLINICAL BENEFIT OF DELIRIUM PREDICTION

The prediction of delirium presents an ideal use case for clinical decision support.
First, it is important to identify patients at high risk because delirium is associated
with higher mortality and morbidity of the patients. Second, its occurrence can be
prevented by non-pharmacological interventions, which do not lead to any harm for
patients. This facilitates the deployment of the tool, because even false positive cases
are not harmfully affected by any preventive actions.
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In hospital routine, the identification of high-risk patients presents a great challenge
for healthcare professionals. Due to the multifactorial aetiology of delirium, individual
risk factors are difficult to determine. In contrast to nursing homes, which treat patients
in the long-term, hospital staff often lacks detailed information about patients and
their individual risk factors.

The results of this thesis indicate that the delirium risk stratification tool is a reliable
and effective support for the delirium management in hospitals. There are two
more major advantages of the algorithmic approach compared to well-established
screening methods. First, no additional information is needed to determine the
delirium risk, because the algorithm uses already documented information only.
Second, the algorithmic prediction is faster than standardised screening methods and
does not depend on any clinical resources. Within the first minutes of a hospital stay,
the tool automatically stratifies patients according to their delirium risk.

Nevertheless, the prediction results visualized in the HIS also raise questions how
to proceed with patients at risk. There is still a lack of professional guidelines for a
systematic management of delirium (Young et al., 2008). Delirium prevention needs
to be person-centred and at high-quality, and this personalised prevention may be
supported by machine learning methods in future.

8.6 OUTLOOK FOR FUTURE RESEARCH

Although this thesis covers important aspects of the evaluation of machine learning-
based algorithms in clinical settings, several research questions remain open and
should be addressed in future studies.

First, external validation of the delirium risk stratification tool in other hospital
networks is needed. Although the algorithm achieved a satisfying performance when
deployed in KAGes hospitals, its performance is likely to differ for hospitals with
different EHR documentation and healthcare systems. The generalisability of machine
learning models should be topic of further studies, including an evaluation of how
much the models need to be adapted in order to achieve an acceptable performance.
The promising technology federated learning helps to train models across various
institutions without exchanging any data, which could lead to more generalisable
models (Rieke et al., 2020).

Apart from adapting the models to new clinical settings, iterative model improve-
ments will be necessary. On the one hand, stability of the performance over time
should be obtained by re-training the models when needed. On the other hand, data

used for modelling should be optimized. Further predictors can be created out of
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information extracted from EHR narratives using NLP; digital phenotyping of delirium
patients can be extended by additional methods of identification; and methods of
feature selection and model training can be improved. For patients with few data
available at a hospital, risk prediction could be improved by using additional data, e.g.
by a nationwide EHR system such as the Austrian personalised health record system
ELGA".

Future model improvements should also investigate the application of new learning
and modelling methods. Further machine learning methods should be explored,
especially when combining different sources of EHR data such as structured data,
clinical texts or images.

Neural nets with a single hidden layer have been commonly used for clinical predic-
tion models in healthcare, but the benefit of deeper neural networks with more than
one hidden layer is still under investigation (Xiao, Choi, & Sun, 2018); long short-term
memory (LSTM) models could increase the performance when modelling longitudinal
patient histories (Lipton et al., 2016); transfer learning can help to overcome data
scarcity (Desautels et al., 2017); generative adversarial networks (GAN) can provide
plausible labelled EHR data and boost the performance when data are limited (Che
et al., 2017); and automated machine learning (AutoML) simplifies the data prepro-
cessing and training process, which allows for frequent re-training (Waring, Lindvall,
& Umeton, 2020).

Even though new approaches in the field of artificial intelligence and machine
learning are promising, methods should be chosen wisely, keeping in mind their
interpretability, explainability and effort of deployment.

Regarding explainability, further improvements can be achieved for the delirium
risk stratification tool in the future. Additional research on user interface and user
experience can increase the benefit of the tool for healthcare professionals. Changes
in usability and transparency need to be evaluated when applying methods such as
LIME for an individual ranking of relevant predictors.

Finally, as stated several times, an on-going evaluation and monitoring of the
delirium risk stratification tool will be necessary over the entire deployment period.
This requires that data of the prospective predictions are constantly being collected
and, whenever possible, feedback of users and clinical experts are gathered. Further
evaluation studies using different designs and settings are needed to provide more
information on the clinical impact of the tool. This includes an assessment of point

prevalence of delirium, an evaluation of preventive actions or the use of randomized

1 https://www.elga.gv.at/en/about-elga/
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study designs. In the coming years, different sources of information should guide

decisions on how to proceed with the delirium risk stratification tool in clinical routine.



CONCLUSION

This thesis is among the first ones to evaluate the performance and acceptance of a
machine learning-based risk stratification tool in clinical routine. Numerous machine
learning models have been developed over the past years addressing highly relevant
use cases in healthcare, but their performance in clinical routine has largely remained
unknown.

The results of this work highlight the importance for evaluation of machine learning
models in prospective clinical studies instead of reporting performance based on test
data only. After an implementation in the HIS, the delirium risk stratification algorithm
achieved a stable performance. However, both discrimination and calibration decreased
slightly during prospective prediction when compared to the performance on the test
data.

The results demonstrate two scenarios for which an on-going evaluation of machine
learning models is indispensable. First, even though the continuous update and
re-training of machine learning models is recommended in order to achieve stable
performances, the results of this thesis illustrate that improvements in the test settings
do not necessarily lead to an improvement in clinical settings. The updated version of
the algorithm achieved a higher performance on the test data than the first version,
but this performance gain could not be shown for the prospective prediction in clinical
routine. As a consequence, prospective prediction results should be analysed with
reasonable care after updating already implemented risk stratification tools with
re-trained models.

Second, a decrease in performance was observed when using the delirium risk strat-
ification algorithm on patients who were under-represented in the training population.
Thus, in-depth monitoring of the clinical performance is essential, when applying
machine learning models to patient cohorts that exhibit very distinct profiles compared
to the respective training cohort.

Even though machine learning models achieve promising results on test data, their
application in clinical routine might be useless. Hence, before starting the development
of prediction models, the actual usefulness and potential clinical benefit should be
verified by clinicians. First, the predicted outcome needs to be preventable and
healthcare professionals have to be aware of the most effective preventive actions.

The prediction of delirium for example does not lead to better care as long as there
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is no proper awareness for its management in the respective wards. Moreover, a
point of time of prediction needs to be set early enough in order to enable healthcare
professionals to control the predicted outcome. For instance, predicting delirium in a
late stage of a hospital stay might not allow for preventive actions any more.

The overall goal of machine learning-based risk stratification is to support healthcare
professionals in their decision-making. In most studies, machine learning models
are evaluated using measures for discrimination and calibration only. However, high
discriminative performance and good calibration present only the basis for successful
decision support. The most powerful way to determine whether a tool effectively
supports decision-making in healthcare is to give voice to the actual users. Especially
when it comes to explainability and interpretability of prediction results, opinions of
clinical experts should be considered for the development of machine learning-based
tools.

For a successful implementation in clinical routine, the acceptance of machine
learning-based tools by healthcare professionals is an essential component. Without
their belief in the usefulness, their support during the entire implementation process
and regular feedback, the tool is doomed to failure. Only those machine learning
tools that achieve high accuracy, predict actionable events and are highly accepted by
healthcare professionals will be able to improve healthcare quality and hence patient
safety in future.
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Figure A.1: PRISMA flow diagram (Liberati et al., 2009) with corresponding research items for
the systematic review. The systematic review resulted in eight research items.
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Figure A.2: Variable importance plot illustrating the 30 most important predictors in the
random forest model predicting delirium coded with Fos.
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Figure A.3: Variable importance plot illustrating the 30 most important predictors in the
random forest model predicting delirium coded with F10.4.
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Feedback-Protokoll Delirprognose
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Figure A.4: Documentation protocol used for the assessment of the delirium risk rated by clinical experts. The protocol includes one item for
the risk rating of delirium, one item to assess an existing dementia, and five items of the CAM (Inouye et al., 1990).
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EVALUIERUNG - PILOTPROJEKT DELIR-PROGNOSE

Um die Qualitét der Delir-Prognose zu verbessern, ist eine Evaluierung der Anwendung vorgesehen. Mithilfe der
folgenden Fragen werden Ihre Erfahrungen mit dem Delir-Prognose Tool erfasst. Alle Ihre Antworten werden
vertrauensvoll behandelt und sind nicht auf Ihre Person zurlickzufiihren.

Um die verschiedenen Teile der Evaluierung zusammenfiihren zu kénnen, wird fiir Sie ein persénlicher
Identifikationscode erstellt, welcher sich wie folgt zusammenstellt:

1 2 3 4 5 6

Erster und letzter Buchstabe Erster und letzter Buchstabe Letzten beiden Ziffern des Falls Sie einzelne Angab
des Vornamens Ihres Vaters des Vornamens Ihrer Geburtsjahrs Ihrer Mutter n?chst n/ggy’;e[bimggad32n
(z.B. Karl > KL) GroBmutter mitterlicherseits (z.B. 04.07.1948 > 48) tragen Sie bitte 99 ein.

(z.B. Julia > JA)

Berufsgruppe: [ Arzt/Arztin in Ausbildung O Facharzt O Pflegepersonal

Geschlecht: O ménnlich O weiblich

Alter:
Bitte markieren Sie fiir folgende Aussagen jene Kategorie, die am besten auf Sie zutrifft.
Tritft | TR Teils,  TOMC qiffe
nicht zu teils =_ |sehrzu
zu zu

Der Zweck des Tools war klar und verstandlich. O O O O O
Das Tool ist nitzlich flir meine Arbeit. O O O a O
Ich war zu Beginn des Projekts ausreichend vorbereitet um das Tool

. O O O | O
verwenden zu kdnnen.
Ich glaube, .dass das Tool eine sinnvolle Unterstiitzung in der Delir- 0 0 0 O O
Prophylaxe ist.
Durch das Tool stehen mir zuséatzliche Informationen zur Verfligung. O O O a O
Das Tool war schwierig zu bedienen. O O O a ]
_Ich ko_nnte die Verwendung des Tools gut in meinen klinischen Alltag O O O O O
integrieren.
Durch das Tool ist meine Arbeitsbelastung gestiegen. O O O a O
Ich habe den Output des Tools in meine klinischen Entscheidungen 0 0 0 O O
miteinbezogen.
Ich glaube, dass mithilfe des Tools ein Delir frihzeitig erkannt O O O O O
werden kann.
Die a[\gez'eigten Informationen zu den einzelnen Patienten waren O O O O O
verstandlich.
In der téglichen Routine werden viele Delir-Falle erst spat erkannt. O O O a ]
Ich habe das Tool regelmaBig verwendet. O O O | ]
Wie oft haben Sie das Delir-Prognose Tool verwendet
(Ampel-Hinweis und/oder Detailanzeige)? ca. Mal pro Monat

Sehr Manch- .. . Sehr
selten Seien mal (EIE haufig

Wie hélgfig stir]wmte'das berechnete Delir-Risiko mit Lhrer eigenen 0 O 0 O O
Einschatzung Uberein?
Wie oft schatzten Sie selbst das Risiko hoher als vom Tool angezeigt? O O O | ]

Sonstige Kommentare/Anmerkungen:

Vielen Dank fiir Ihre Teilnahme!

Figure A.5: Questionnaire used to assess technology acceptance of the tool in German (original
version).
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EVALUATION - PILOT PROJECT DELIRIUM PREDICTION

To increase the quality of the delirium prediction application a many-sided evaluation is part of the pilot project.
With this questionnaire, your experience with the delirium prediction application will be assessed. All your
answers will be treated confidentially and cannot be traced back to you.

In case we need to combine different parts of the evaluation, a personal identification code will be generated.

1 2 3 4 5 6

First and last letter of your First and last letter of your Last two numbers of your I " id
father’s given name maternal grandmother’s mother’s year of birth a';, f:nssewye‘;“;,‘zgzg ﬁ‘/j/rz—pwme;
(e.g. Karl > KL) given name (e.g. 1948 > 48) numbers 99.

(e.g. Julia > JA)

Job description: [ Physician in training O Physician [ Nursing staff
Gender: O male O female

Age:

Please select for each statement the category which fits best for you.

Neither
j?ronglybisagree agree, Agree Strongly
isagree nor agree

disagree
The purpose of the application was clear and understandable. O m] m] O [m]
The application is useful for my work. O [m} [m} O [m]
At time gf ir_nplementation I was sufficiently prepared to use 0 O O o O
the application.
I bgllieve that the application is a useful support to prevent O O o O O
delirium.
The application provides me with additional information. O ] ] a [m]
The application was difficult to use.* O m] a a O
I su;cessfully integrated the application into my clinical 0 O O o O
routine.
The application has increased my workload.* O ] ] O O
I co_nsidered the output of the application in my clinical O O o O O
decisions.
I believe that the application can be used to detect delirium at 0 O O o O

an early stage.

The information displayed on the individual patients was O O o O O
understandable.

In clinical routine, many cases of delirium are being detected

O m} m} O O

only late.
I have been using the application regularly. O ] ] O O
How often did you use the delirium prediction application?
(Symbol in HIS and/or Web App?) around __ times per month

Very Some- Very

Rarely Rarely times Freque“tlvfrequently
H0\_N oft_en did the presented delirium risk match your own risk 0 O O O O
estimation?
How often did you estimate the risk to be higher than 0 O O O O

predicted by the application?

Comments:

Thank you for your participation!

Figure A.6: Questionnaire used to assess technology acceptance in English (forward transla-
tion).
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Table B.1: Search strategy to identify relevant literature describing the discriminative perfor-
mance of delirium prediction models.

Research question

Start date
End date

Literature sources

Inclusion criteria

Exclusion criteria

What is the discriminative performance of delirium prediction
algorithms for inpatients (using electronic health records)?

01.01.2010

31.12.2019

Pubmed

EMBASE

Discriminative performance reported in AUROC and/or sensitivity
and specificity

Delirium prediction for inpatients

Full text not available

Articles written in any other language than English or German
Articles not peer-reviewed

Studies without separate test data set or validation data set

Studies including paediatric patients

Search terms

prediction OR predictive modelling OR machine learning OR random
forest OR predictive model OR risk predict*

AND
delirium OR acute confusional state
AND

electronic health record OR EHR OR electronic medical record OR
EMR OR clinical record OR information system

AND
admission OR hospitaliz* OR hospitalis* OR inpatient* OR in-patient*
NOT children NOT pediatric NOT (ICU OR intensive care)
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Table B.2: Description of feature groups of the two random forest models Fos and F1o0.4,
including number of features, non-ranked examples as well as scale types (adapted
from Jauk et al. (2020)).

Features (n)

Group Fos Froq Examples (non-ranked) Scale

Demographic 28 28 Age (in years) int.
Sex nom.!
Language German nom.!
Existing risk factors nom.!
Denomination nom.?
Academic degree nom.?
Marital status nom.?
ZIP Code nom.?
Private insurance nom.!

Administrative 9 9 Number of transfers int.
Number of previous inpatient and outpatient stays  int.
Number of previous inpatient stays int.
Admission from external hospital nom.!
Admission through emergency department nom.!
Longest inpatient stay (days) int.
Time since previous hospital stay (days) int.
Procedure-oriented hospital financing int.
Clinical department at hospitalisation nom.

Diagnoses 309 174 Number of diagnoses int.
Charlson Comorbidity Index ord.
ICD 10 codes (three-digits code) nom.!
e.g. E11 (Type 2 Diabetes mellitus), Foo (Dementia)
Number of coded ICD 10 codes within groups int.
e.g. ICDgrp_E10_E14 (Diabetes mellitus),
ICDgrp_l10_l15 (Hypertensive diseases)

Laboratory 53 50 Abnormal laboratory values ord.
e.g. Bilirubin, Albumin, Gamma glutamyl
transferase, Potassium, Mean corpuscular
haemoglobin, Alanine aminotransferase

Procedures 94 75 Number of procedures (total) int.
Number of medical procedures int.
Number of nursing procedures int.
Number of procedures according to hospital specific int.
catalogue
e.g. Hip surgeries, Dialysis procedure, Computer
tomography, Magnetic resonance diagnostic

Nursing 91 89  General condition nom.1
e.g. Respiratory problems, use of sedatives, smoking, '
falls, hearing aids, glasses, incontinence
Independency levels ord.
e.g. bathing, nutrition, hydration, mobility
Body Mass Index int.
Orientation level at admission ord.

Note: 'dichotomous variable; 2several dummy variables were computed for this feature.
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Table B.3: Frequency of EHR records for delirium in five KAGes hospitals. Patients with
delirium were identified by ICD-10 codes and text mining of discharge summaries.

. ICD-10 code Discharg.e Dlscha.rge
Hospital N summaries summaries only
n Yo n Yo n %o

Hospital 1 221 83 37.6 213 96.4 138 62.4
Hospital 2 105 39 37.1 101 96.2 66 62.9
Hospital 3 60 16 26.7 58 95.0 44 73.3
Hospital 4 15 8 53.3 14 93.3 7 46.7
Hospital 5 23 7 30.4 23 100.0 16 69.6

Total 424 153 36.1 409 96.5 271 63.9

Table B.4: List of stop words excluded during the cleansing of discharge summaries of delirium
patients. Stop words were manually defined in an iterative process.

°c, abkldrung, absetzen, abteilung, anamnese, aorta, art, dtiologie, aufenthalt*, aufgenommen,
aufgrund, aufnahme, dufleren, bauchdecke, bds, befund*, beginn, behandelt, behandlung,
beidseitig, bekannter, bereich, bereits, besserung, besteht, bzw, degenerative, deutlich, di-
agnose*, durchgefiihrt, dzt, eigenanamnese, eingeleitet, einsehbar, empfehlen, empfohlene,
entlassen, entlassung, entsprechend, entwickelte, entwicklung, erfolgt*, erster, etabliert,
fehlender, folge, frau, fulpulse, gehirnschédels, genese, geringe, graz, grofs, gut, harnblase,
hauptdiagnose, herr, herrn, iel, jedoch, kam, klinischer, kommt, konnte, konsil, linie, links,
lkh, mehr, mittels, moglich, neurologischer, nieren, non, norm, novalgin, oben, pat, patient*,
projektion, prompt, rachen, rahmen, raumforderungszeichen, rechts, regelrecht, relevante,
resistenzen, rund, schidel, schliefslich, schmal, schmerzen, sei, seit, sodass, sowie, spatem,
standort, stat, station*, status, stuhl, siid, symptomatik, tagen, taglich, temp, therapie*,
transferiert, tropfen, typ, iibernahme, univdoz, unklarer, unser®, verabreicht, verdnderungen,
verdacht, verlauf, verschlechterung, version, verzichtet, vorerkrankungen, vorlage, vorstel-
lung, voriibergehend, wiére, wegen, weitere*, weststeiermark, wiedervorstellung, wirbelséule,
wurde, zeigt*, zuletzt, zunehmend*, zusammenfassung, zusatzlich, zustand*
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