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Introduction

Modern healthcare has been profoundly improved by integration of medical expertise
and advanced technologies'“”*’. In particular, data-driven approaches have emerged
as powerful tools for clinical decision-making, with applications ranging from medical
imaging to predictive analytics, increasing diagnostic precision and enabling personal-
ized treatment strategies. These data-driven approaches offer transformative solutions
to immediate challenges in healthcare. They can significantly reduce workload by au-
tomating routine tasks and pattern recognition, enable individual clinicians to manage
larger patient volumes more effectively, and ultimately save lives through faster, more
accurate diagnoses and treatment recommendations'®’. These capabilities are particu-

larly crucial given the expected global healthcare worker shortage'’®.

However, despite promising research outcomes, valorization and clinical implemen-
tation remains challenging'**!**. Legal and regulatory frameworks, skepticism, envi-
ronmental impact, and ethical considerations inhibit the adoption of these technologies
in medicine. Furthermore, transition to the digital domain comes with great responsi-
bility regarding privacy, data security and protection®“'?’. While criticism is justifiable,
and perhaps even desirable for ensuring the highest levels of security, performance, and

optimal implementation in general, it must be balanced against the potential benefits.

Critical care medicine is a key example of an environment that benefits from data-
driven algorithms. In both intensive care units and operating theatres, patients undergo
extensive monitoring that generates large amounts of physiological data. This data rich
environment is the ideal setting for implementing predictive and diagnostic algorithms

that continuously assess the patient’s status based on measured multimodalities'**.

Data-driven algorithms

The complexity of these multimodal signals and parameters are time consuming for
healthcare workers to interpret and often even exceed the capabilities of the human
eye to recognize subtle dynamic or temporal changes in signals or dependent interrela-
tionships between physiological signals from different organ systems’’. Mathematical
algorithms, particularly artificial intelligence (AI), systems that can learn and analyze
complex patterns in data, have the ability to connect heterogenous data to obtain a com-
prehensive analysis of the patients’ status'®’. Besides better understanding of complex
illness, interrelationships between these data hold predictive information for major (life-
threatening) events?>°%!12140 These advantages depend primarily on high-quality data

frameworks. Beyond simply collecting data, proper annotation is essential to ensure
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accurate training of models, particularly for diagnostic and guidance of treatment ap-
plications. Before data can be used effectively, extensive preparation is required, which
includes pre-processing to correct artifacts or inconsistencies, feature engineering, and
data harmonization to ensure compatibility across multimodal data sources. As the per-
formance and reliability of data-driven algorithms rely heavily on the quality of the input

data, these steps are very important.

Despite advancements in automatic pattern recognition and the development of nu-
merous highly reliable algorithms in healthcare, their use remains limited, partly caused
by the so-called ’black box’ nature of AL The decision-making is often invisible and
results in distrust and skepticism, subsequently preventing implementation in clinical

practicemo’ls(’

. Researchers are therefore focusing on development of interpretable or
explainable AI (XAI), referring to a set of tools to provide insight in how predictions or
decisions are made, including dimensionality reduction, which simplifies complex data
into interpretable patterns, feature importance, which identifies which factors most in-
fluenced a decision, and attention mechanism, which highlight relevant data patterns'®’.
However, in general, increased explainability or transparency often comes at cost of pre-
dictive accuracy184. Trade-offs are inevitable and the clinicians, or end-users, should be
involved in the deliberation and resolution of specific choices to increase the likelihood

of clinical implementation®®.

Model development

In medical research, however, obtaining large, high-quality datasets that are com-
plete, diverse, and representative for the whole intended patient population is challeng-
ing!>!*114% This limits the ability to assess confounders and reduces generalizability of
the application®”. Additionally, regulations on patient privacy and data sharing further

complicate the expansion of datasets'*?

. These limitations pose an important barrier
to the development of trustworthy Al algorithms. Integration of data sharing and in-
teroperability between different systems could contribute to create larger, standardized

datasets, enabling more reliable Al applications'”’.

Machine learning, a subset of Al, is oftentimes used to learn and recognize hidden pat-
terns in the data. When these hidden patterns are used to classify or predict events, these
are typically labeled or annotated, referred to as supervised learning®71°°, Conversely,
unsupervised learning is characterized by detecting hidden patterns without classifying
a specific event. In that case, the algorithms are merely used to discover unknown clus-
ters in the data based on their similar hidden pattern in the data’!. In case of supervised

learning, the quality of the labels is decisive for the performance of the model'’?. In-
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accuracy in the labels may result in decreased generalization performance'”*. Robust

annotation processes are therefore paramount for reliable Al applications.

Feature engineering is another important step in enhancing explainability of algo-
rithms’>!°", By selecting and extracting a comprehensive set of features as input to the
model and analyzing their importance, predictions or classifications can be substanti-
ated, enhancing interpretability in clinical practice. Besides, featurization focuses on
extracting relevant information while filtering out noise and irrelevant data that could
decrease model performance’®. This potentially also improves the predictive power, and

is especially useful for smaller datasets?’.

Perioperative modeling

Surgical stress responses are characterized by (patho)physiological changes as a re-
sult of surgical stimuli*’, and occur through neuroendocrine or inflammatory systems>®.
Within the neuroendocrine system, surgical stress induces a cascade of hormone secre-
tion, primarily through increased secretion of pituitary hormones. Subsequent inte-
grated responses activate cortisol release from the adrenal cortex and concurrent activa-
tion of the sympathetic nervous system (SNS)’®, which regulates the heart rate and vas-
cular smooth muscle tone, thereby increasing systemic vascular resistance, arterial blood
pressure, and ultimately organ perfusion®®. These responses aim to maintain physiolog-

ical homeostasis during surgical procedures®’.

The surgical stress response also affects hemostasis, mainly through the inflamma-

tory component®®, and should be monitored and managed throughout the procedure.
Anesthesia is crucial in regulating the hemostasis to minimize the risk of vaso-occlusive

and thromboembolic events which are associated with morbidity and mortality”’.

Initially, assessment of hemostasis was performed using conventional laboratory tests,
focused on isolated portions of the coagulation cascade. The development of newer
techniques, such as thromboelastography (TEG) and its successor, rotational thromboe-
lastometry (ROTEM), allows for evaluation of the entire coagulation cascade, from ini-
tiation of clot formation to fibrinolysis, in vitro®. Due to its superior characteristics,

ROTEM is gaining ground on conventional laboratory tests'’.

In cardiac surgery with cardiopulmonary bypass (CPB), hemostatic function is further
compromised due to hemodilution and the use of hemostatic agents. ROTEM, available
as point-of-care testing, is therefore increasingly included in cardiac surgery. Applica-
tion of ROTEM has been associated with reduced bleeding complications and reduced

blood transfusion requirements*-!"7+15%:1%4 " However, interpretation of ROTEM can be

INTRODUCTION
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challenging due to their complexity and subtle patterns, requiring training and edu-

SUIS7178 - This adds to the already significant workload of perioperative teams,

cation
particularly in high-pressure cardiac surgery environments. Therefore, applicability of
machine learning techniques should be investigated for automated interpretation and
data driven decision-making in the perioperative setting, potentially reducing interpre-

tation time while improving diagnostic accuracy.

Although the stress response is arguably a useful mechanism for injured animals to
survive, the stress response is undesirable in current surgical procedures***°. Anesthe-
sia is indispensable for enabling surgery, as it provides analgesia, hypnosis and muscle

relaxation®”:°

?. A beneficial additional effect is that it attenuates the surgical stress re-
sponse, thereby supporting perioperative homeostasis. However, anesthesia may induce
intraoperative hypotension (IOH), characterized by a decrease in blood pressure that is
associated with adverse patient outcomes'*>!°?, due to insufficient organ perfusion'”.
IOH often arises following induction, referred to as post induction hypotension (PIH). It
results from disruption of cardiac output (CO) or systemic vascular resistance, as their

11" and has an incidence around 9% to 67%°>120:137,

product determines blood pressure
Anesthetic agents, such as propofol, are known to trigger dose-dependent inhibition
on sympathetic vasoconstrictor nerve activity and impairment of baroreflex regulatory

45,139 21,116

mechanisms resulting in a drop in blood pressure

Additionally, preoperative cardiovascular dysfunction is another important factor as-
sociated with PTH. The cardiac function is generally assessed using preoperative echocar-
diography but is not recommended as routine clinical practice®”'**. Alternatively, the
cardiac function can also be derived from arterial blood pressure waveform morphol-
ogy which represents cyclic variations in blood pressure. These waveforms provide a
visual and quantitative depiction of cardiovascular dynamics'’’. However, deviation in
its morphology is often subtle and invisible to the human eye. Consequently, machine
learning algorithms should be considered to investigate whether cardiovascular dynam-
ics, expressed in blood pressure waveforms, are related to future PIH. Early recognition,
or even prediction, of PIH could result in timely, or proactive, treatment and may con-
tribute to improved outcome®”.

In summary, the perioperative environment presents multiple clinical challenges where
subtle pattern recognition and time-sensitive decision-making are crucial. All these chal-
lenges require specialized expertise, involve time-consuming interpretation of complex
data patterns, and take place in high-pressure environments where rapid decisions di-

rectly impact patient outcomes. Data-driven approaches offer promising solutions by
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automating pattern recognition, reducing clinician workload, and potentially improving
diagnostic accuracy across different perioperative applications, ultimately contributing

to improved patient safety and outcomes in high-demand perioperative environments.

Aims of this thesis

In this dissertation, the development process of data-driven clinical decision-making

algorithms is outlined from data acquisition to validation.

« Explore the strengths of cloud environments while addressing the limitations of

traditional on-premise solutions.

« Optimize and validate the reliability of ROTEM data interpretation to improve

coagulation strategies in cardiac surgery.

« Develop a clinically informed diagnostic model to optimize coagulation manage-

ment strategies in perioperative settings.

Explore the predictive value of blood pressure waveform morphology for future

post induction hypotension.

Outline of this thesis

The contents of this thesis are structured according to a pipeline that describes the
sequential stages in the development of a data-driven clinical decision-making algorithm
(see Figure 1.1). The pipeline is divided into four key components: data sources, annota-

tions, feature engineering, and perioperative modelling.

. Feature Perioperative
Data sources Annotation . . .
engineering modeling
CHAPTER 2 CHAPTER 3 CHAPTER 4
CHAPTER 5

Figure 1.1: Graphic representation of the data pipeline in the ICU of the Amsterdam UMC; from ICU patient to
end-user. High-frequency timeseries (monitor) data from the ICU bed is collected in the local data warehouse. The
monitor data is subsequently assembled in the cloud environment. The patient information data is directly
collected from the EMR and stored into the cloud environment and is pseudonymised by default.

INTRODUCTION
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In Chapter 2, the data source is exemplified through the implementation of a cloud-
based data pipeline in the ICU, enabling efficient storage and management of high-
frequency patient data. Over two years, data has been collected and stored, supporting
both clinical decision-making and retrospective research. The system facilitates real-
time event prediction, integrates various data types, and complies with privacy and
security requirements. The pipeline is ultimately available for real-time Al-based ap-

plications in healthcare.

In Chapter 3, the data annotation process is demonstrated using a large dataset that
includes rotational thromboelastometry (ROTEM) data collected during cardiac surgery.
An experienced, international expert panel was asked to interpret the ROTEM data and
the reliability of the annotations (or labels) was analyzed. In Chapter 4, the validated
labels were used to develop and validate a clinically informed diagnostic decision support
tool designed to assist clinicians in optimizing coagulation strategies in cardiac surgery.
The tool provides a high level of explainability to offer targeted feedback on the input

data to guide the clinician towards informed decision.

In Chapter 5, the engineered features were used to predict post-induction hypoten-
sion (PIH). Several key features are found to contribute to the prediction, providing in-
sight into the underlying physiological processes. These finding emphasize the impor-
tance of feature selection in improving predictive accuracy and clinical decision-making

for perioperative management.

CHAPTER 1
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Clinical decision-making is increasingly shifting towards data-driven approaches and requires
large databases to develop state-of-the-art algorithms for diagnosing, detecting and predicting
diseases. The intensive care, a data-rich setting, faces challenges with high-frequency, unstruc-
tured monitor data. In response, we showcase a successful example of a data pipeline to efficiently
move patient data to a cloud environment for structured storage. This supports individual pa-
tient analysis, enables large retrospective research and development of data-driven algorithms.
Since June 2021, ICU data of the Amsterdam UMC have been collected and stored in a third-party
cloud environment which is hosted on large virtual servers. The feasibility of the pipeline will
be demonstrated with the available data through research and clinical use cases. Furthermore,
privacy, safety, data quality, and environmental impact are carefully considered in the cloud stor-
age transition. Over two years, data from over 9,000 patients have been stored in the cloud. The
availability, agility, computational power, high uptime, and streaming data pipelines allow for
large retrospective analyses as well as the opportunity to implement real-time prediction of criti-
cal events with machine learning algorithms. Critical events can be accessed by applying keyword
search in the natural language data, annotated by the treating team. Besides, the cloud environ-
ment offers storage of institutional data enabling evaluation of healthcare. The combined data
and features of cloud environments offer support for predictive algorithm development and im-

plementation, healthcare evaluation, and improved individual patient care.



Introduction

Continuous monitoring of vital parameters and machine settings contributes to the
timely adjustment of treatment and support settings, enhancing understanding of com-
plex cases in the intensive care unit (ICU)'*°. Advances in technological development,
particularly exchange and usage of data, play an important role in intensive care medicine

40128 " Large intensive care databases, containing high-frequency monitor data, have

the potential to identify trends, predict complications, and suggest treatment options®®.
Additionally, integrating these data with electronic medical record (EMR) systems could
provide a solid foundation for further understanding and improvement of intensive care
The stored data enable retrospective analysis, providing insight into diagnosis, progres-
sion, and underlying (patho)physiology of disease. Besides improving daily individual-
ized clinical practice, such data also contribute to training algorithms to predict dete-
rioration of patients and support clinical decision-making, ultimately leading to more

personalized and effective care plans®*¢%73,

However, such data, especially high-frequency continuous signals, require substan-
tial storage space. Therefore, a concrete data management pipeline is required to store
and facilitate optimal use of the obtained data. Structured data management, including
sufficient data infrastructure, is often lacking and remains a barrier for the optimal use

of data in research as well as in clinical practice.

In this paper, we will showcase a structured data management pipeline, using cloud
server-based data warehousing. Data collected in the ICU will be stored and structured
in a cloud-based data warehouse that is able to effectively address the limitations and
challenges faced by traditional on-premise data warehouses in terms of scalability, cost
efficiency, performance, and agility®. The feasibility of the presented pipeline will be
assessed by giving an overview of all available data and use cases in the Amsterdam
University Medical Centre (Amsterdam UMC), Amsterdam, The Netherlands. Addition-
ally, important challenges will be discussed in terms of privacy, safety, legal issues, and

environmental impact.

DATA PIPELINE FOR ICU MONITORING
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Methods

In the Amsterdam UMC, we developed and implemented a data pipeline linking data
collection in the ICU to controlled end-user access, see Figure 2.1. Raw data from various
sources in the ICU serves as the input of the pipeline. In the pipeline, an on-premise
data warehouse enables storage and integration of vast amounts of data from various
sources'’*. Subsequently, the data are transmitted into the cloud-based data warehouse,

from where the end-user can query data for retrospective analysis.

&
E

Figure 2.1: Graphic representation of the data pipeline in the ICU of the Amsterdam UMC; from ICU patient to
end-user. High-frequency timeseries (monitor) data from the ICU bed is collected in the local data warehouse. The
monitor data is subsequently assembled in the cloud environment. The patient information data is directly
collected from the EMR and stored into the cloud environment and is pseudonymised by default.

(0

o

r

Data at the ICU
Since June 2021, the ICU of the Amsterdam UMC, has stored high-frequency contin-

uous timeseries signals. All admitted ICU patients received intensive monitoring of the
vital parameters during ICU stay. Data are stored within the Philips data warehouse
(PDW), which is a relational database, ensuring a structured arrangement. The PDW
establishes a connection between the data and a unique identifier for efficient manage-
ment and retrieval. In addition to high-frequency timeseries, other unstructured clinical

parameters such as image data and natural language data from the EMR are stored.

On-premise data warehouse

The ICU monitors are connected to the on-premise PDW, enabling direct data ex-
traction. This structuring is desirable for both clinical utilization and research purposes.
While PDW efficiently handles various data types, including strings, binary large ob-
jects, and numbers, streamlined data extraction for complex queries presents certain
challenges. Moreover, traditional data warehousing structures may not be optimized
for computational purposes. To address these challenges, we have utilized cloud envi-

ronments as a solution and to enhance overall capabilities. High-frequency monitor data

CHAPTER 2



from the PDW is transited into the cloud environment. The PDW subsequently follows
a data retention policy where information is disposed after a period of two years. Data
from the EMR, such as demographic information, medical history, and lab results are

directly transited from the EMR into the cloud environment.

Cloud environment

A cloud environment is a versatile service facilitating data storage, analysis, busi-
ness intelligence and cloud computation, operating on remote data servers. Managed
by third-party providers, these virtual servers offer secure access via either public or
private network connections. At Amsterdam UMC, we use Snowflake Inc (Bozeman,
Montana, US) with a private network, bypassing the public internet to minimize the risk

of unauthorized access or data interception.

This cloud environment allows end-users to control the data flow and perform cus-
tom data extractions using SQL-like syntax. In addition to patient data, the cloud en-
vironment also facilitates the storage of institutional data, thus enabling analysis of a

healthcare institution’s administrative and financial information.

The data is stored within the cloud environment as a raw full copy, including noise
and artifacts. The use of streaming data pipelines permits the near-instantaneous trans-
fer of this data to the cloud environment, enabling real-time monitoring capabilities. In
combination with the natural language data from the EMR clinicians and researchers are
able to conduct targeted searches for specific events within the dataset. This allows for
the identification of specific events, from which time-related data can be extracted and
used in data queries. Integration of these time elements enhances the analysis of trends,
correlations, and patterns within the patient data. Furthermore, there is a central ex-
traction point to control all data operations such as uploading, processing and querying
within one secure environment, reducing the need for data transfers and data copies
across systems. Data is not stored in this extraction point, but serves only as a tempo-
rary location to perform these operations. By minimizing unnecessary data movement,

the risk of data leakage is reduced.

Evaluation

The feasibility of the pipeline was evaluated across two domains: clinical practice and
research. Within the healthcare domain, we highlighted the utilization of data in cloud
environments to gain insight in the quality of healthcare and explained the role of these

data in understanding current protocols and suggesting improvements.

DATA PIPELINE FOR ICU MONITORING
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To evaluate the applicability of cloud environments for research, we performed a
data query of patients who suffered from a cardiac arrest during their ICU stay. These
queried data could be used to develop an algorithm to predict cardiac arrest. To extract
these data, we performed a keyword search in the natural language data of the EMR
to select patients who suffered from a cardiac arrest in the ICU. We used the follow-
ing keywords: ZTHCA” (in hospital cardiac arrest), “arrest”, "botboor” (bone drill), "CPR”
(cardiopulmonary resuscitation), "ROSC” (return of spontaneous circulation), "VF” (ven-
tricle fibrillation), and "PEA” (pulseless electrical activity). We subsequently excluded
cases where cardiac arrest occurred outside the ICU using the keyword: "OHCA” (out
of hospital cardiac arrest). Patient identifiers were collected with comprehensive inclu-
sion and exclusion word combinations and added to the list upon detecting one or more
keyword hits in the EMR. To validate this method, we manually screened daily ICU ad-
mission from December 2022 to June 2023 for cardiac arrest cases and compared them

to the keyword-based patient selection list from the corresponding period.

Results

Summary of available data

The ICU of the Amsterdam UMC, location AMC, equipped with 50 beds, managed
a total of 9716 ICU admissions from June 2021 until June 2023. All monitored high-
frequency timeseries data stored in the cloud environment, are presented in Figure 2.2.
This visualization provides insight in the amount of data that is collected per admission

per signal, and the number of patients for which the signal is recorded.

Table 2.1 shows the distribution of all available data per signal, in total and per individ-
ual patient admission, currently stored in the cloud environment. The dataset consists of
rows representing 5.12 seconds of timeseries data, distinguished by distinct wave identi-
fiers corresponding to monitored signals within individual patient admissions. For each
wave identifier, we counted the number of rows connected to this identifier and were
able to determine the distribution per signal. Wave identifiers with less than 60 min-
utes of data (or less than 703 rows) were excluded from analysis. In most of these cases,
no physiological signal was recorded, suggesting that the sensor was already active but
not connected to the patient. In the results, arterial blood pressure (ABP) was the most
recorded signal, with a total recording time of 343489 hours with a median duration
of 17 hours (IQR: 6.9 — 49.8) and mean duration of 51 hours (SD: 98.8) per patient, and
only 0.0028% of data excluded. Electrocardiogram (ECG) signals across various leads

showed median durations ranging from 7.5 to 18.1 hours and mean durations from 18.4

CHAPTER 2
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Figure 2.2: Box plots of available ICU monitor data for each individual signal, calculated as a percentage of the
total ICU stay time and averaged across the patient population for which the signal was available in the dataset.
The number of patients contributing to each signal is denoted as ‘n".

ABP Arterial blood pressure; ECG-leads: I, II, I, V1-V6, aVR, aVL and aVF; AWF, Airway Flow; AWV, Airway Volume;
AWP, Airway Pressure; Resp, Respiratory Impedance; EEG, Electroencephalogram; ICP, Intracranial Pressure; CVP,
Central Venous Pressure.

to 30.4 hours, with exclusion rates ranging from 0.0047% to 0.0077%. Additionally, sig-
nals such as airway flow (AWF) and airway volume (AWV) exhibited median durations
of 11.1 hours and 60.6 hours, respectively, and mean durations of 45.1 hours and 114.9

hours.

The unique patient identifier, corresponding to one patient admission, enables users
to aggregate all signals recorded during that admission. These identifiers enable data
queries of individual patients and selection of a patient population for research purposes.
Due to the high computational power and scalability of cloud servers, large data queries

and other high data volumes are handled efficiently.

DATA PIPELINE FOR ICU MONITORING
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Table 2.1: Overview of available data in the ICU, collected from June 2021 until March 2023. The total hours
represent the total amount of data per signal. The median and mean are averaged over the number of patients of
which the signal was recorded. The percentage of excluded signal is presented in the last column.

Signal Totalhours  Median (Q1-Q3) Mean(SD)  Excluded (%)

ABP 343,489 17.0 (6.9-49.8) 514 (98.8) 0.0028
ECG

I 62,319 75 (2.5-30.5) 304 (57.5) 0.0047
I 182,153 77 (3.3-20.0) 23.0 (51.8) 0.0062
Il 59,941 13.8 (3.3-52.9) 497 (88.6) 0.0029
V1 103,112 10.8 (52-20.3) 184 (26.1) 0.0077
V2 167,339 175 (91-30.8) 28.3 (40.6) 0.0050
V3 165,990 175 (9.3-30.7) 282 (40.2) 0.0050
Vé 165,034 175 (9.0-30.4) 281 (40.3) 0.0051
V5 166,289 17.3 (91-30.6) 281(39.9) 0.0051
V6 165,576 17.6 (9.2-30.6) 281(399) 0.0051
avR 135,198 77 (34-199) 20.9 (39.5) 0.0068
avL 1475 154 (6.3-32.0) 254 (27.6) 0.0056
avF 2,937 1811 (73-38.9) 291 (30.5) 0.0049
AWF 2,298 11 (2.8-52.9) 451 (65.3) 0.0032
AWV 16,091 60.6 (15.9-136.1) 1149 (154.7) 0.0012
AWP 17,681 454 (10.8-123.4) 931 (1301) 0.0015
Resp 632,813 19.6 (71-60.8) 70.3 (163.5) 0.0020
EEG 3,009 1545 (93.6-1771) 1672 (126.8) 0.0090
ICP 10,908 476 (18.2-158.6)  92.4(108.2) 0.0015
CvpP 158,930 141 (6.44-35.0) 35.9 (65.1) 0.0040

ABP arterial blood pressure; PLETH, plethysmogram; ECG, electrocardiography; AWF, airway flow; AWV, airway
volume; Resp, respiratory impedance; EEG, electroencephalography; ICP, intracranial pressure; CVP, central venous
pressure.

Healthcare evaluation

Furthermore, the obtained data allow for retrospective analysis of the quality of the
existing protocols in the ICU. For instance, the intracranial pressure (ICP) is often mon-
itored in traumatic brain injury patients and should not rise above a preset value, com-

monly around 20 - 22 mmHg?**!

. The collected data can be used retrospectively to
compute the time a patient was exposed to elevated ICP levels and thereby the adequacy
of interventions can be assessed. Subsequently, comparison between length of elevated
ICP levels and patient outcomes, the protocol can be assessed on its effectiveness and

improved if necessary.

From a logistical perspective, cloud environments offer a pathway for assessing ICU
bed occupancy. Such an analysis can yield valuable insights into staff workload and

establish potential correlations in bed occupation across different medical centers within
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the region. Furthermore, this approach can aid in determining optimal bed allocation

for incoming ICU patients.

Research evaluation

The manual screening of cardiac arrests in the ICU over the period between Decem-
ber 2022 to June 2023, resulted in 25 recorded cardiac arrests in the ICU and is considered
as the ground truth. However, applying keyword search in the EMR over the same pe-
riod resulted in more patient identifiers, see Table 2.2. This overview also includes the
number of overlapping patient identifiers with the manual search per keyword. Com-
bining all keywords and excluding patients with "OHCA’ resulted in 665 unique patient
identifiers, including the 25 manually screened identifiers. However, this methodology
is insufficient for exclusive patient population selection, as it excludes patients with car-
diac arrest in the ICU with an initial out of hospital cardiac arrest (OHCA). Additionally,
since medical history is often included in the medical notes, created during current ad-
mission, selected patient identifiers associated with a previous history of cardiac arrest

are potentially false positive.

Table 2.2: A summarized overview of patient identifiers retrieved from natural language data from the period
December 2022 to June 2023. The initial count encompasses all identifiers using the corresponding keyword. After
excluding identifiers containing ‘OHCA’ in the data, the subsequent count is specified in the second column. The
third column denotes the count of identifiers corresponding to the 25 manually screened ICU cardiac arrest cases.
Matching was conducted prior to excluding ‘OHCA’ identifiers from the dataset.

Keyword Tot.al nu‘mber' of After exclusion of !Vlatcljing
patient identifiers (n)  ‘OHCA’ (n) identifiers (n)

IHCA 49 43 14
Arrest 172 152 13
Botboor 5 4 1

CPR 30 27 5

ROSC 121 81 19

VF 117 92 il

PEA 60 39 14
OHCA 103 0 8

IHCA, in hospital cardiac arrest; Botboor, bone drill; CPR, cardiopulmonary resuscitation; ROSC, return of
spontaneous circulation; VF, ventricular fibrillation; PEA, pulseless electrical activity; OHCA, out of hospital cardiac
arrest.

Privacy and safety

The monitoring and collection of the patients’ vital parameters is standard clinical
practice. Conventionally, the data of all patients admitted to the ICU is stored in the
cloud environment and available for clinical and research purposes. Before any data
is used for research purposes, patients or their legal representative will be informed

on the potential use of their data in research initiatives. An opt out procedure is in
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place, allowing patients or their representatives to object to the use of their data at any
time, both during and after ICU admission. Currently, researchers are responsible for

manually excluding these patients from analyses.

To further ensure patient privacy and compliance with relevant regulations, no iden-
tifiable personal information is stored in the cloud. Moreover, Amsterdam UMC con-
ducted a risk analysis and established a detailed agreement with Snowflake outlining
measures for General Data Protection Regulation (GDPR) compliance, breach liabilities,
third-party damage claims handling, protocols for audit reporting and timely leak noti-

fications.

In Snowflake, a data governance layer with numerous tools is deployed to preserve the
security, availability, and quality of the data. An important feature is role-based access
control: different roles can be assigned with specific authorities and are controlled and
centralised at the I'T department of the Amsterdam UMC. These roles can be designed
for specific tasks using filters for anonymization, data masking, and encryption. These
roles can only be assigned to users who are affiliated with the Amsterdam UMC and are
exclusively accessible through multifactor authentication. An additional safeguard to
ensure data security entails implementation of dual encryption keys. These keys are in
possession of the Amsterdam UMC and the cloud service provider and must be unlocked

simultaneously to enable data transmission between both entities.

Discussion

The aim of this paper was to outline a method for optimizing the storage and us-
age of data in data-dense environments such as the ICU for both clinical and scientific
applications. The proposed data infrastructure, implemented at the Amsterdam UMC,
effectively organises, stores, and manages large amounts of data, enabling retrospective
analyses that may contribute to better understanding of a clinically relevant research
question or an individual clinical setting. Beyond patient data, available institutional
data enable assessment of the quality of healthcare institutions, including the evalu-
ation of patient outcomes, adherence to clinical protocols, infection rates, medication
errors, and readmission rates. Additionally, cloud environments enable the combina-
tion of large amounts of data with the computational power, the high uptime, and the
streaming data pipelines. The reliability and availability of these services provide the
opportunity for real-time data driven Al applications in the ICU setting, including pre-
dictive algorithms that could potentially set off an alarm in case a clinical event is pre-

dicted and might facilitate prevention of these events by proactive treatment. Therefore,
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it is essential to minimise latency, which is a customizable feature, to ensure immediate
data processing and transmission. However, the implementation of such technologies

requires further research and validation.

Research applications

Data extraction from the cloud environment, as illustrated by our research focusing
on cardiac arrest prediction in the ICU, presents challenges. Researchers are constrained
to prospective manual screening of all patients in the ICU, since there is no automated
event registration incorporated in the cloud environment and keyword search resulted
in excessive false positives. The current proof of concept will benefit from an accurate
event registration by enabling research on very specific events and patient populations.
To improve the accuracy of patient selection, we recommend enhancing or automating
the registration of critical events in the ICU or extending this approach throughout a
hospital stay. In the case of cardiac arrest, this could involve monitoring the adminis-
tration of adrenalin at a dose of 1 mg, as these high doses are exclusively provided for
treatment during resuscitation. However, because of the urgent nature of cardiac arrest,
drug administration is often not prioritised, and event registration is not initially de-
ployed in cloud environments, serving merely as a platform for data storage and cloud
computation purposes. Therefore, additional event registration must be implemented to

optimise the use of cloud environments for research and clinical purposes.

Researchers are not exclusively assigned to the use of keyword search to obtain the
data. Data in the cloud environment can be selected based on multiple characteristics
such as the type of signal and timestamp. However, such a broad data query would
obtain data irrelevant to our scope. Therefore, the data manager or the Institutional

Review Board should not approve such queries without a thorough research plan.

The research purpose in this example aligns with research focusing on prevention of
diseases with the available data in the ICU. The available monitoring data allow training
and validation of machine learning based algorithms followed by real-time deployment
in the ICU. Real-time application of these algorithms involves processing large volumes
of data, which demands significant computational resources. Cloud environments sup-
port this by providing the necessary computational power and enabling scalability, en-
suring that resources are allocated as needed, thereby optimizing costs. The vast amount
of data combined with the computational power of the cloud environments enable the
application of predictive algorithms using artificial intelligence. A recent study by Sun
et al. have demonstrated integrated systems for multimodal data acquisition and anal-
ysis in the ICU, which shows the potential for such data-driven prediction applications
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in clinical settings™®’. However, the practicality of employing these models requires

further investigation.
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Safety and security

Currently, most hospitals rely on local infrastructures with on-premise servers and
have therefore more control over their local networks and can adopt a preferred security
strategy. The introduction of cloud environments is a new development and therefore
brings uncertainty in terms of data security and transparency®”. Storage of patient data
’in the cloud’ often requires the involvement of a third party which means that the hos-
pital has less control over the data storage process. However, all layers in the pipeline
are fully designed to meet the specific requirements of the Amsterdam UMC. While third
parties provide the tools for a secure environment, the institution retains control over
the design and customization of the system. In this paper, the third-party provider was
selected based on its strong security measures, including private networking and role-
based access controls. These features make this one of the safest approaches for storing
large amounts of data. Additionally, third party providers specialise in data security and
high-performance cloud storage and computing. They typically have more resources
than the Amsterdam UMC, not just in terms of budget but also in the capacity, availabil-
ity, and reliability of servers and its management, ensuring a higher level of security and
performance. Agreements are established regarding data storage location, accessibility,

and sharing.

Legal reflections on cloud transitioning

Cloud-based healthcare and research applications require careful consideration of,
and compliance with, complex (and currently evolving) legal, and regulatory frame-

works'%®

. These include national and international data protection regulations, such
as the GDPR in the European Union'®” and similar legislation in many other jurisdic-
tions'®®. The GDPR, for example, governs processing of personal data, including the col-
lection, storage, and use of health-related information. In addition, the forthcoming EU
Artificial Intelligence (AI) Act establishes a legal framework governing the development
and deployment of Al systems, including stringent requirements for certain applications

deemed to be “high-risk” (a category that will include certain healthcare applications)'’.

Amsterdam UMC has established protocols to ensure the secure handling of patient
data, restricting access to authorised medical staff and maintaining accountability through
logged and audited activities. The hosting servers are physically located in The Nether-
lands, ensuring compliance with GDPR data residency requirements in the EU. Snowflake
was chosen based on a thorough evaluation of several criteria, including its robust se-
curity measures, scalability, flexibility, and ability to align with the institute’s strict data

management protocols.
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To protect patient privacy, the anonymization and de-identification of data are carried
out following standardised procedures that ensure compliance with GDPR regulations.
This process involves replacing identifiable information with coded representations, en-
suring that all shared data is anonymised by default. The keys for pseudonymization are
securely managed to maintain strict control over re-identification, permitted only under

authorised circumstances.

Before formalizing agreements with Snowflake, all legal aspects were thoroughly re-
viewed and, if required, revised by the legal department and privacy officers. A com-
prehensive risk analysis ensured that the architecture complies with the GDPR require-

ments, legally binding Snowflake to Amsterdam UMC’s strict standards.

Local laws and ethical codes regulating the provision of healthcare further compli-
cate the landscape. For example, in the Netherlands, 7:453 of the civil code states that
“the health-care provider must act as a good health-care provider,” which creates an obli-
gation for the health-care provider to provide good care”. By extension, any changes
to the healthcare system should ultimately benefit the welfare of patients in one way
or another. As the transition to cloud-based environments is considered, whether this

transition contributes to good care, should be assessed.

In addition to legal compliance, cloud-based clinical decision-making require broader
ethical considerations, including implications for patient privacy, autonomy, and in-
formed consent. Additional research (e.g., into the extent to which patients are aware
of how data about them is used, protected, and with whom it is shared) and best prac-
tice development in this area is required (e.g., obtaining informed consent in the age of
cloud-based computing and artificial intelligence). These legal and ethical complexities
necessitate a collaborative approach (e.g., between institutions, healthcare providers,
and researchers) that should ultimately balance patient welfare, privacy, and informed
consent with innovation and the tremendous potential of cloud-based clinical decision-

making to improve patient care.

Environmental impact

Cloud environments offer optimal data storage and the potential for reduced envi-
ronmental impact through approaches such as data mutation and time travel. For ex-
ample, data mutation involves the creation of new data instances instead of modifying
existing data directly, conserving space, and maintaining data integrity by minimizing
duplication'®. Time travel complements this by enabling users to access historical data
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need to maintain readily available medical data may lead healthcare institutions to com-
bine cloud-based storage with local backups, a dual storage approach that could result

in higher energy consumption due to use of redundant systems.

In summary, this paper demonstrates a successful proof of concept for utilising cloud
environment solutions for the efficient storage and management of ICU data, particu-
larly high-frequency monitor data. However, its potential should be further expanded
for optimal use of the cloud environment. Expanding the capabilities to include auto-
mated event registration would optimise retrospective analysis on the data, enhancing
the utility of the data for both research and clinical evaluation. This expansion could
lead to real-time data driven clinical decision-making applications, which is supported
by cloud environments. Furthermore, institutions are encouraged to perform a thorough
risk analysis before finalizing agreements with the cloud environment provider. In the
future, extending the use of cloud systems to multiple departments and healthcare na-
tionwide could enhance our understanding of individual patients, patient populations

and healthcare overall.
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Rotational thromboelastometry (ROTEM) is widely used for point-of-care coagulation testing to
reduce blood transfusions. Accurate interpretation of ROTEM data is crucial and requires substan-
tial training. This study investigates the inter- and intrarater reliability of ROTEM interpretation
among experts and compares their interpretations with a ROTEM-guided algorithm. This study
was conducted at Amsterdam University Medical Center and included 90 cardiac surgery patients.
ROTEM data were collected at four surgical stages: before induction, after aortic declamping, post-
coagulation correction, and within two hours of ICU admission. An international panel of seven
cardiovascular anesthesiologists and one intensivist interpreted the data. Interrater reliability was
assessed using Fleiss’ kappa for binary decisions and the simple matching coefficient (SMC) for
multiple-choice questions. Intrarater reliability with the ROTEM-guided algorithm were also eval-
uated. 343 ROTEM measurements were analyzed. The interrater reliability for binary decisions
was substantial to almost perfect, except after declamping (Fleiss’ kappa = 0.34). The SMC for de-
termining type of abnormality and interventions ranged from good to excellent across all ROTEM
measuring moments (SMC = 0.75). Intrarater reliability was almost perfect for binary questions
(ICC = 0.81) and showed excellent agreement for multiple-choice questions. Comparing expert
recommendations with the algorithm resulted in an average SMC of 0.70 indicating differences in
intervention recommendations, with experts frequently recommending fibrinogen and protamine
over the algorithm’s suggestions of plasma and PCC. This study demonstrates high inter- and
intrarater reliability in ROTEM interpretation among trained professionals in cardiac surgery,
with almost perfect agreement on abnormalities and interventions. However, differences between
expert evaluations and the ROTEM-guided algorithm underscore the need for advanced clinical
decision-making tools. Future efforts should focus on developing personalized, data-driven algo-

rithms without predefined cut-off values to improve accuracy and patient outcomes.



Introduction

Viscoelastic hemostatic assays (VHA) are available for point of care coagulation test-
ing and rotational thromboelastometry (ROTEM) is one of the most commonly used
techniques'®’. ROTEM is commonly deployed in various clinical scenarios including car-
diac surgery. Interpretation and recommendations for intervention based on ROTEM-
guided algorithms have resulted in reduced blood transfusion and improved cost effec-
tiveness®7:41:9%195:183 These potential benefits depend on the interpretation of ROTEM
data, a process that requires training and education, accompanied with a significant

learning curve’’-177:178,

Despite the successful implementation and validation of ROTEM in clinical practice,
studies on the reliability and consistency of actual clinical interpretation of ROTEM,
or VHA in general, are lacking. Misinterpretation of ROTEM data may lead to loss of
the aforementioned advantages. Accurate interpretation of ROTEM relies on multiple
aspects including technical and interpretation training, logistics, interdisciplinary com-
munication and collaboration®. Therefore, it is important to assess the reliability among
health care professionals to ensure consistent and accurate results, which are critical for
patient safety and effective clinical decision-making. As users undergo comprehensive
training and are supported with established algorithms in assessing ROTEM>*°, we
hypothesize that trained professionals would show a good interrater reliability and an
excellent intrarater reliability.

The primary aim of the present study was to determine the interrater reliability of
trained experts, consisting of cardiovascular anesthesiologists and an intensivist, in in-
terpreting ROTEM in patients undergoing cardiac surgery. Additionally, we aimed to
assess the intrarater reliability of ROTEM interpretation and the agreement between

expert interpretations and ROTEM-guided algorithm interpretations.
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Methods

Study design

This study describes a pre-planned sub-study of a currently ongoing single center,
prospective cohort study (VHALID study) approved by the institutional review board
of the Amsterdam University Medical Center (NL75922.018.20). The present study was
conducted at the Amsterdam University Medical Center, location AMC, Amsterdam, The
Netherlands and recruited patients from May 24, 2021, to September 1, 2022. Written
informed consent was obtained prior to study measurements, conducted according to

the Declaration of Helsinki.

Study outcomes

The primary outcome of this study was the interrater reliability of the interpretation
of ROTEM data from cardiac surgery patients among a panel of experts. More specifi-
cally, we assessed the consistency in determining the presence and identification of an

abnormality, the necessity for intervention, and the suitable type of intervention.

Secondary outcomes were the intrarater reliability of the interpretation of experts,
and the agreement between the interpretation of experts and the ROTEM-guided algo-

rithm by Gérlinger et al.>*

, a widely used algorithm in the interpretation of ROTEM
data in cardiac surgery. This algorithm is structured to optimize hemostatic interven-
tions based on real-time ROTEM analysis. ROTEM parameters are use as input to the
algorithm and based on fixed cutoff values, treatment may be initiated. The details of

the applied algorithm on the ROTEM data is presented in Supplementary Figure S3.1.

Expert panel

ROTEM data were assessed by an international panel of trained professionals (here-
inafter “the experts”) consisting of seven cardiovascular anesthesiologists and one inten-
sivist, based in Austria, Denmark, Germany and The Netherlands. Their expertise was
based on years of experience, education and scientific activities. A detailed overview of

the descriptive statistics is provided in Supplementary Table S3.1.

Patient population

Patients > 18 years old undergoing elective cardiac surgery with cardiopulmonary by-
pass were eligible. Patients with hereditary coagulation disorders, failed blood sample
collection, contraindication to blood sample collection, and Jehovah’s Witnesses, were

excluded. We included 90 patients as part of a subanalysis within the ongoing VHALID
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study. Given the extensive data and the ongoing patient recruitment, this sample size
was deemed sufficient for a subanalysis to provide preliminary insights into the reliabil-
ity of ROTEM interpretations.

Study procedures

Patients were treated according to standard of care as stated in the hospital protocol,
under general anesthesia and with cardiopulmonary bypass. All patients received an
arterial catheter in the radial artery for monitoring, and to draw blood for ROTEM mea-
surements throughout the surgery and ICU admission. Four arterial blood samples were
prospectively collected at pre-specified moments: before induction (ROTEM;,quction)s
after aortic declamping and before heparin reversal with protamine (ROTEMyeciamp).
post-coagulation correction (ROTEM oqguiation), and within two hours of ICU admission
(ROTEMy), as shown in Figure 3.1. The samples were analyzed using the ROTEM
sigma device within one hour after collection. The data was periodically downloaded
from the device and stored on the local server of the Amsterdam UMC. For each ROTEM

analysis, relevant clinical information concerning the surgical procedure was documented.

Key parameters of interest encompassed the degree of bleeding according to the anes-
thesiologist, the type and quantities of administered coagulation products, and any al-
terations in activated clotting time (ACT) after coagulation product administration. Fur-
thermore, relevant clinical information on the patient and surgery were recorded con-
taining demographic characteristics on the patient, medical history, including medica-

tion use and coagulation disorders.
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Figure 3.1: Timeline of data collection during surgery (OR) and during ICU admission with designated moments of
ROTEM measurements. The dashed line in ‘correction of coagulation’ in the ICU indicated a potential intervention.

ICU, intensive care unit; OR, operating room; ROTEM, rotational thromboelastometry.
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Data collection

The ROTEM data were graphically represented for each measurement (see Supple-
mentary Figure S3.2). The ROTEM data were converted into a ROTEM tracing (TEMogram)
with numeric parameters, as originally shown on the ROTEM sigma device. Experts ac-
cessed these data through an individualized database on the data management platform
Castor Electronic Data Captures, comprising ROTEM measurements, patient’s history,
and critical clinical information during surgery. This information encompassed the clin-
ician’s assessment of bleeding (categorized as ‘expected’, ‘slightly more than expected’,
or ‘excessive’), time and amount of blood product administration, time of blood draw
for the ROTEM measurement, activated clotting time value, details on the use of an-
tithrombotic and coagulation medications during surgery, including dosage, type, and
administration timing, and thoracic drain production in the ICU. Experts were asked to
identify whether the ROTEM measurement was normal, and if not, to identify the type of
abnormality, selecting one or more options from: thrombocytopenia, coagulation factor
deficit, fibrinogen deficit, heparin effect, and hyperfibrinolysis. Subsequently, they were
asked whether they would recommend an intervention (or anticipate to intervene after
cardiopulmonary bypass based on ROTEMyeciamyp), and if so, to recommend an appro-
priate intervention, selecting one or more options from: antithrombin III, desmopressin,
fibrinogen concentrate, plasma transfusion, protamine, (four factor) prothrombin com-
plex concentrate (PCC), tranexamic acid, platelet transfusion, aprotinin, factor XIII, rFac-
tor VIIa. The ROTEM measurements were provided per patient in chronological order,
reflecting the surgical timeline. This allowed the experts to construct a comprehensive
picture of the procedure, incorporating subsequent ROTEM result to better inform their

assessment.

Each expert evaluated 100 patients, among which 10 were presented twice without
informing the experts. Consequently, the dataset comprised 90 unique patients. The 10
duplicated cases were identical for all experts to ensure consistency in the evaluation and
minimize any additional variability among the cases, thereby enhancing the reliability of
the assessment. The data were provided sequentially in batches of ten cases each, with
experts beginning with different batch of cases to mitigate any potential learning bias.
All experts received the double patients as the last batch. The intensivist only assessed
the ROTEM measurements performed in the ICU.

Statistical analysis

Descriptive statistics of patient characteristics were presented as median with in-

terquartile range (IQR), or as a mean with standard deviation (SD) when normally dis-
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tributed. Normality of distribution was assessed visually using histograms and Q-Q

plots.

Assessing the interrater reliability of binary and multiple-choice questions required
differing approaches. The free marginal multirater Fleiss’ kappa'®’ was computed for
binary questions regarding both the identification of the presence of a problem, and
whether an intervention was recommended at each ROTEM measuring moment. The
strength of agreement, described by Landis and Koch®!, was used to interpret the Fleiss’
kappa statistic as poor (<0.00), slight (0.00 - 0.20), fair (0.21 — 0.40), moderate (0.41 —

0.60), substantial (0.61 — 0.80) and almost perfect (0.81 — 1.00).

For multiple-choice questions, the simple matching coefficient (SMC) was calculated
as the number of matching attributes divided by the total number of attributes. The
attributes represent the types of abnormality and intervention options. Two separate
analyses were conducted for each multiple-choice question. First, the total number of
attributes was adjusted based on options that were selected at least once across all given
responses per ROTEM measuring moment. Second, adjustments were made to reflect

responses specific to each individual patient for each ROTEM measuring moment.

Since these questions were follow-up questions, the number of answers depended on
the answer to the previous question. Therefore, to evaluate agreement on identifying ab-
normality types and recommending interventions, at least two experts were required to
have identified an abnormality or recommended intervention, respectively. The SMC of
the multiple-choice questions was assessed in measurements where at least four or more
experts observed an abnormality or decided to recommend intervention for the respec-
tive preceding questions. In a sensitivity analysis, we assessed the impact of different
minimal required number of expert thresholds, ranging from two to six. The results are
shown in Supplemental Table S3.2. Agreement levels were assessed as poor if below

0.75, good if exceeding 0.75 and excellent above 0.9.

Intrarater reliability was assessed using the intraclass correlation coefficient (ICC)
for binary questions and the SMC for multiple-choice questions. To determine experts’
agreement with the ROTEM-guided algorithm, we compared intervention recommenda-
tions of the experts with recommendations resulting from the algorithm. The algorithm,
implemented in computer code, provided recommendations only after heparin-reversal,
focusing on the ROTEM_4guiation Measuring moment. Cohen’s kappa was used to com-
pare whether intervention was recommended, and the SMC for the type of intervention.
For the SMC, only patients where the algorithm would recommend intervention were

included. Since the algorithm does not distinguish between (four factor) PCC or plasma

ROTEM INTERPRETATION IN CARDIAC SURGERY

39



40

when CTgxrgp > 80 s and A5pprep = 9 mm, we combined these options. Thus, when
an expert recommended either (four factor) PCC or plasma, it was considered a match

with the algorithm recommendation suggesting both options.

Lastly, we performed an exploratory post-hoc analysis to examine the impact of

patient-dependent factors on the variance in overall reliability across patients.

Data processing and analyses were performed in Python (version 3.9), and the Stan-
dards for Reporting Diagnostic accuracy studies (STARD) guidelines were used for re-

porting our results.

Results

Data collection

Analyses were performed on measurements of 90 patients, with 12 patients missing
one or more ROTEM measuring moments due to practical or technical issues. Conse-
quently, 343 unique ROTEM measuring moments were evaluated. Demographic char-
acteristics of the included patients are presented in Table 3.1, the duplicate patients (or

intrarater population) are presented in Supplementary Table S3.3.

Table 3.1: Patient characteristics of included patients.

Variable Patient population
Number 90
Age, mean (SD) 64 (14)
Sex, male, n (%) 63 (70)
Height (cm), mean (SD) 1772 (9.9)
Weight (kg), mean (SD) 811 (14.5)
BMI, mean (SD) 25.8 (3.8)
ASA classification, n (%)
2 9(10.3)
3 71(81.6)
4 7(8.0)
Type of surgery, n (%)
CABG 20 (22.7)
MVR/MVP 18 (20.5)
AVR/AVP 18 (20.5)
Bentall 13 (14.8)
Elephant trunk 6(6.8)
Other 13 (14.8)
Re-operation, n (%) 12 (13.6)

ASA classification = American Society of Anesthesiologists physical status classification system; AVR = Aortic Valve
Replacement; AVP = Aortic Valve Plasty; Bentall = Valve and Root Replacement; CABG = Coronary Artery Bypass
Grafting; Elephant trunk = Aortic Arch Replacement; MVP = Mitral Valve Plasty; MVR = Mitral Valve Replacement;
VSRR = Valve Sparing Root Replacement.
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Figure 3.2: Distribution of observed abnormalities and recommended interventions for each ROTEM measuring
moment. Per subplot, only patients in which abnormality was observed or intervention was recommended were
included and expressed as n per ROTEM. ROTEM, rotational thromboelastometry.
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Figure 3.2 illustrates the proportion of observed abnormalities and recommended in-
tervention relative to the total number of data points in each ROTEM measuring mo-
ment. At ROTEM;,quction, hyperfibrinolysis (36.4%) and fibrinogen deficit (23.4%) were
the most observed abnormalities, and tranexamic acid (64.5%) was frequently recom-
mended. Assessment of ROTEMyecjqmp Was characterized by a high incidence of co-
agulation factor deficit (60.6%), and recommendations frequently included fibrinogen
concentrate (44.4%) and PCC (31.6%). In ROTEMagulation, fibrinogen deficit (35.5%) and
heparin effect (34.6%) were most observed, with fibrinogen concentrate (43.0%) and pro-
tamine (34.1%) as the most frequently recommended interventions. The ROTEM; ¢y pri-
marily showed heparin effect (57.9%) and protamine administration (57.3%) as primary
recommended intervention. Antithrombin III (0 - 1.5%) and desmopressin (0 — 0.5%)

were recommended sporadically across the four ROTEM measuring moments.

Interrater reliability

The interrater reliability to all questions per ROTEM measuring moment is shown
in Table 3.2. Strength of agreement on the binary questions, presence of abnormality
and need for intervention, ranged from Fleiss’ kappa 0.57 to 0.84, reflecting moderate
to almost perfect agreement in all ROTEM measuring moments, except for the pres-
ence of abnormality after declamping where, with a Fleiss’ kappa of 0.39 (0.37 - 0.40), a
fair agreement was found. Experts showed high agreement in determining the type of

abnormality and intervention, with SMC ranging from 0.83 to 0.92.

The observed abnormalities during the phases of surgery were associated with spe-
cific intervention recommendations. A detailed overview is provided in Supplementary
Table S3.4.

Table 3.2: Interrater reliability of assessment of normality, type of abnormality, recommendation to intervene and
type of intervention per ROTEM measuring moment.

Normal Type of Intervention Type of
("Yes” or "No”) abnormality ("Yes” or "No") Intervention
Fleiss' kappa Fleiss’ kappa
(95% Cl) SMC (n) (95% Cl) SMC (n)
ROTEMinguction 0.71(0.69-0.72) 0.86 (10) 0.84 (0.83-0.86) -(0)
ROTEMgeclamp 0.39 (0.37-0.40) 0.83(23) 0.61(0.59-0.62) 0.86 (10)
ROTEM coagulation 0.62 (0.61-0.63) 0.88 (29) 0.70 (0.69-0.71) 0.92 (14)
ROTEMcy 0.68 (0.66-0.70) 0.91(50) 0.57 (0.54-0.59) 0.92 (21)

The scores are represented with free marginal multirater Fleiss’ kappa and SMC. Type of abnormality and
intervention were depending on the number of observed abnormalities and recommendations to intervene, and is
represented with "n”. At least four experts must have observed abnormality or recommended intervention to be
included in the analysis of type of abnormality or type of intervention, respectively.
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Intrarater reliability

The intrarater reliability for all questions per ROTEM measuring moment are shown
in Table 3.3. Almost perfect agreement was shown in assessment of abnormality, except
in ROTEMyeciamp, and substantial to almost perfect agreement in necessity for interven-
tion, except at ROTEM;,gycrion- Experts showed excellent intrarater reliability in deter-

mining the type of abnormality and intervention across all ROTEM measuring moments.

Table 3.3: Intrarater reliability of assessment of normality, type of abnormality, recommendation to intervene and
type of intervention per ROTEM measuring moment.

Normal Type of Intervention Type of
("Yes” or "No") abnormality ("Yes” or "No”") Intervention
ICC ICC
(95% CI) SMC (n) (95% Cl) SMC (n)
ROTEMinquction 0.85 (0.64-0.96) 0.97 (10) 019 (-0.89-0.77) 0.99 (10)
ROTEMeciamp 0.40 (-0.39-0.83) 0.91(10) 0.78 (0.47-0.93) 0.94 (10)
ROTEMoagutation 0.87 (0.69-0.96) 0.93 (10) 0.88 (0.72-0.97) 0.95 (10)
ROTEMcy 0.94 (0.86-0.98) 0.91(10) 0.82 (0.59-0.95) 0.96 (10)

The scores are represented with the ICC and SMC. All patients across all ROTEM measuring moments were included
in analysis when for each patient at least one expert observed abnormality and would recommend intervention.

To compare expert interpretations with the algorithm, 88 data points from the
ROTEM_oagulation measuring moment were analyzed, resulting in 602 expert recommen-
dations and 88 algorithm recommendations. Strength of agreement on the need for in-
tervention was fair, with a Cohen’s kappa of 0.22 (0.12 - 0.32). The algorithm would
recommend intervention in 25% of the cases, compared to 20% by experts. The SMC
for the type of intervention was 0.70, reflecting poor agreement between experts and
the algorithm. Figure 3.3 compares the recommended interventions between the experts
and the algorithm. While experts most often advised administration of fibrinogen (n=58,
9.6%) and protamine (n=46, 7.6%), the algorithm recommended plasma (n=14, 15.6%), PCC
(n=14, 15.6%) and tranexamic acid (n=9, 10.6%).

The exploratory analysis, to examine patient-dependent factors on overall reliability,
identified that pulmonary history with COPD and re-operative surgery were significant
factors influencing the presence of abnormalities. COPD was associated with lower re-
liability, while re-operative surgery improved reliability. Additionally, factors such as
age, medical history (e.g., heart failure and atrial fibrillation), medication use (e.g., di-
uretics, COX inhibitors, statins), and undergoing mitral valve repair were significant in
determining the necessity for intervention. Specifically, age, atrial fibrillation, and the
use of diuretics and COX inhibitors were associated with increase reliability, whereas
heart failure, statin use, and undergoing mitral valve repair were linked to a decreased

in reliability.
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Figure 3.3: Distributions of recommended intervention based on experts and the algorithm. The interventions are
based on the ROTEM measurement after correction of coagulation. The recommendations are expressed as
percentage of the total number of observations. ROTEM, rotational thromboelastometry.

Discussion

The primary aim of this study was to determine the interrater reliability of trained
experts on the interpretation of ROTEM in patients undergoing cardiac surgery. The in-
terrater reliability in assessing abnormalities across ROTEM measuring moments varied
significantly, with Fleiss’ kappa values from 0.39 to 0.71, indicating different levels of
agreement among experts, particularly after declamping. In contrast, interrater reliabil-
ity on necessity for intervention demonstrated greater consistency, with Fleiss’ kappa
values from 0.57 to 0.84 across different ROTEM measuring moments. Experts demon-
strated high agreement on the type of abnormality and intervention. These findings
expose the challenges in consistently interpreting ROTEM data in the cardiac surgery

setting.

The intrarater reliability showed almost perfect ICC values for the binary questions,
except for abnormality assessment after declamping and necessity for intervention at
baseline, and high SMC values in assessing type of abnormality and intervention. Over-
all, experts showed consistent interpretation across all ROTEM measuring moments.
Agreement between experts and the algorithm was fair in determining the necessity for

intervention and poor when recommending the type of intervention.
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At induction, ROTEM data showed few abnormalities since this study includes a
healthy population in terms of coagulopathy. Subsequently, few interventions were
recommended, except for administration of tranexamic acid to reduce intraoperative
bleeding risk'”"®. After cardiopulmonary bypass, fibrinogen deficit, heparin effect and
coagulation factor deficit are most observed, and most commonly treated with fibrino-
gen concentrate, protamine, and no intervention, respectively. The cause of these co-
agulopathies is multifactorial, but are commonly associated with the use of cardiopul-
monary bypass'®>. Heparin effect is frequently observed in the ICU, suggesting in-
complete heparin reversal directly after cardiopulmonary bypass. Although protocols
suggest a certain protamine-to-heparin ratio, the appropriate amount of protamine is
depending on heparin decay during cardiopulmonary bypass, hemodilution, and hy-
pothermia®. Therefore, the postoperative ROTEM measurement provides valuable in-

formation on heparin reversal.

For the analysis of type of intervention, we excluded options aprotinin, factor XIII,
rFactor VIla, since these options were never selected by experts. This decision is sub-
stantiated by the inability to estimate Factor XIII and rFactor VIla levels using thromboe-

56,177

lastometry , making their administration primarily a clinical decision. Aprotinin,

associated with serious end-organ damage'’’, was also not considered.

The reliability of ROTEM measurements has been assessed in piglets using the delta
device, demonstrating high intraclass correlation'’’. ROTEM sigma, which is compara-

ble in performance'*’

, also benefits from high agreement on the interpretation between
trained professionals. This consensus, combined with consistent interpretation, reduces
variability in treatment, leading to more effective management of bleeding and clotting

disorders, improved transfusion protocols, and optimized patient outcomes'®*1%:174,

ROTEM-guided algorithms in cardiac surgery are widely accepted and validated in

clinical trials”%.

However, our findings showed inconsistencies with expert panel
interpretations. While some algorithms incorporate clinical parameters, such as drug
history and level of bleeding”!, most primarily depend on ROTEM parameters, often ne-
glecting clinical data'?. This poor agreement is an important finding, as it underscores
the algorithm’s potential shortcomings in clinical settings. Accurate decision-making
appears to be dependent on information about the clinical setting, amount of bleeding,

and patient characteristics.

For instance, our data showed that recommendation of platelet transfusion exceeded
the observed incidence of thrombocytopenia which is likely caused by preoperative ad-

ministration of platelet inhibitors, which the algorithm did not account for**. Such dis-
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crepancies lead to poor agreement and raises concerns about patient safety and out-
comes. Inaccurate interpretation could lead to insufficient or inappropriate treatment
strategies. Therefore, current algorithms should exclusively be applied as support tools,
rather than as decisive decision-makers. Furthermore, these findings suggest that such

algorithms can be improved towards more decisive clinical decision-making tools.

The ongoing parent study (VHALID) will focus on the development of data-driven
diagnostic and treatment algorithms by incorporating ROTEM data with clinical and
demographical parameters. Instead of empirically set thresholds, future studies should
focus on machine learning techniques for the training and validation of such algorithms.
Expert assessment of underlying problems and preferred interventions based on ROTEM
results can reliably be used as input for the development of machine learning-based in-
terpretation and decision support of ROTEM measurements. This approach could en-
hance the precision and consistency of clinical decisions, ultimately leading to improved

patient outcomes.

Determining the reliability of ROTEM interpretation among experts is crucial for
standardizing coagulation assessment and enhancing clinical decision-making. Accu-
rate interpretation of ROTEM can lead to more effective management of bleeding and
clotting disorders, improved transfusion protocols, and optimized patient outcomes. Our
findings reveal that highly trained experts, who implement ROTEM on a daily basis in
clinical practice, showed high levels of agreement. In contrast, less experienced users
may rely more heavily on treatment algorithms, which can influence treatment deci-
sions, and contribute to practice variation. We hypothesize that this variation, caused
by differing levels of expertise, could negatively impact patient outcomes, underlining
the necessity for clinical decision support in interpreting ROTEM data. The impact of
different interpretations of ROTEM data on patient outcomes, however, has yet to be
explored. Future clinical trials (for example those employing clinical decision-making
tools) should focus on assessing the impact of variability in interpretation of ROTEM

data on patient outcomes.

Strengthening user perceptions and understanding of ROTEM-guided hemostatic re-
suscitation, as explored in recent qualitative studies*’, could further improve consistency
and confidence in clinical applications. Moreover, the development of basic principles
and guidelines for ROTEM-guided therapy, particularly for fibrinogen replacement**,
provides valuable educational resources that could enhance interpretation reliability

across different levels of expertise.
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Strengths and Limitations

This study is the first to systematically assess the interrater reliability of experienced
experts in interpreting ROTEM data, providing strong evidence of their consistent and
reliable assessments. The strong reliability between expert highlights their worth com-
pared to algorithm and indicates that decision supporting algorithms require adoption

of clinical factors that influence expert assessment.

Furthermore, this study involves a large patient cohort, resulting in numerous obser-
vations by the expert panel. The substantial number of observations and small confi-
dence intervals underline that this analysis was robustly powered. While we employed
a heterogeneous expert panel, both in terms of country of residence and medical center
dependent protocols, the strong agreement suggests that expertise is paramount for the
interpretation of ROTEM rather than relying on protocols. Furthermore, this study in-
corporated a prospective dataset, resulting in comprehensive data for the interpretation
of ROTEM data.

Limitations in the study include the retrospective presentation of data to the expert
panel, which inherently lacked full clinical context and discarded factors during ongoing
surgery. While the label tool was designed based on the input and desires of the expert
panel to align with relevant protocols and clinical parameters, the absence of complete
clinical context remains a limitation. Furthermore, the diverse backgrounds of the ex-
pert panel and varying practice patterns across institutions could have introduced vari-
ability in the assessments. However, the high interrater reliability suggests that these
differences did not significantly impact the results. Emergence of a clinical situation is
an important factor in complicating the interpretation of ROTEM*’, and could not be
addressed. A further limitation was that we exclusively measured elective patients, ex-
cluding trauma patients, where coagulopathies, and thus deviating ROTEM profiles, are
very common’”/%!*8_ Lastly, the methodology involved presenting patients in batches,
mitigating learning bias but leading to varying expertise levels and data familiarity to

the data points. This could have impacted assessments and introduced bias.

Conclusion

Interpretation of ROTEM data in cardiac surgery showed high interrater reliability
among trained professionals. Once the experts observed an abnormality or indicated
that intervention was necessary, agreement on the type of abnormality and intervention
was almost perfect. While well-trained experts may not require algorithmic assistance,

less experienced clinicians may benefit from such tools to enhance their interpretation
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of ROTEM data. However, the ROTEM-guided algorithm showed reduced agreement
when compared to trained experts. This emphasizes the necessity for optimizing clin-
ical decision-making tools to support automated interpretation of ROTEM data, facili-
tating individualized care. This study shows that experts assessments of ROTEM data
can serve as the ground truth input for future model development, where incorporation
of clinical context is deemed critical for accurate interpretation. Future development
should prioritize the integration of clinical information, allowing for more personalized
approaches to patient care. Ultimately, such evidence-based support aims to improve

patient outcome by enhancing clinical decision-making.
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Bleeding complications during cardiac surgery significantly impact patient outcomes, making ac-
curate coagulation monitoring crucial. Rotational thromboelastometry (ROTEM) provides critical
insights into patient coagulation status, but its interpretation is complex and requires training.
Current ROTEM-guided algorithms lack integration with patient-specific clinical data. We hy-
pothesized that incorporating clinical parameters with ROTEM data would improve abnormality
detection compared to traditional threshold-based approaches. We prospectively collected data
from 190 elective cardiac surgery patients between May 2021 and September 2023. ROTEM mea-
surements were obtained at three pre-specified moments, resulting in 534 valid measurements.
A panel of eight labeled coagulation abnormalities. Machine learning models incorporating clin-
ical parameters and ROTEM data from the first 10 minutes were developed using nested cross-
validation. The primary outcome was abnormality detection performance measured by area under
the receiver operating characteristic curve (AUROC). The clinical model achieved an AUROC of
0.82 (95% CI: 0.79-0.86) compared to 0.61 (95% CI: 0.56-0.66) for the baseline demographic model.
The model demonstrated strong calibration (slope=1.16, intercept=-0.06) and superior net benefit
in decision curve analysis across all probability thresholds. Key predictors included CT INTEM
and CT EXTEM, with CT EXTEM values of 66-73s in normal cases versus 85-101s in abnormal
cases. The number needed to assess was 7.14, indicating one additional correct classification per
seven assessments beyond random chance. The clinically informed model reliably detects ROTEM
abnormalities with strong performance and high explainability, outperforming traditional ap-
proaches. This tool provides personalized coagulation assessment by integrating clinical context

with ROTEM parameters, potentially improving coagulation management in cardiac surgery.



Introduction

Bleeding complications are among the most common and serious challenges in car-
diac surgery, contributing significantly to patient morbidity and mortality*’. Addressing
these complications requires targeted coagulation management strategies and precise

diagnostic tools!!%100:181

. Point-of-care (POC) coagulation testing is widely applied to
minimize bleeding complications, with viscoelastic hemostatic assays such as rotational
thromboelastometry (ROTEM) providing critical insights into a patients’ coagulation
profile?%!7-180 " Correct interpretation of ROTEM generally enables accurate diagnosis
and effective and timely treatment of detected abnormalities'®*. However, interpreta-
tion of ROTEM analyses can be challenging due to their complexity and the need to

recognize subtle deviations, requiring training and education®”-"*7-17%,

Several ROTEM-guided decision-support algorithms for cardiac surgery have been
developed**°*, Aside from variations between these algorithms, most institutions ad-
ditionally incorporate their own customized protocols, leading to differences in strate-
gies between hospitals®"'*°. While ROTEM-guided algorithms have been widely adopted,
they often lack integration with patient-specific clinical data such as demographic in-
formation, medical history, and procedural variables. These data could provide critical
insights into identifying abnormalities and risk factors for bleeding but are currently

overlooked!®80,

Patient-specific and procedural factors such as age, comorbidities, surgical complex-
ity, and pre-existing coagulation disorders significantly influence bleeding risk in cardiac
surgery“*. This underscores the need for a clinically informed approach that combines
ROTEM analyses with clinical data to optimize coagulation management strategies dur-

ing cardiac surgery, ultimately resulting in improved patient outcomes.

The main goal of this study was to develop a clinically informed diagnostic model

that incorporates clinical data and ROTEM data to assess coagulation abnormalities in
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adult patients undergoing cardiac surgery, with a focus on real-time applicability. Addi-
tionally, we assessed the added value of incorporating ROTEM tracing data resulting in
a more complex model. Furthermore, we explored the development of a model to guide
treatment initiation for detected abnormalities, and compared the performance of that

model with an existing ROTEM-guided algorithm.

Materials and Methods

Source of data

This study is part of an ongoing prospective single-center study registered at the
Overview of Medical Research in the Netherlands (OMON) in March 2021 (ID: NL-
OMONS50862). The study was approved by the Medical Ethics Committee of Amsterdam
UMC (NL75922.018.20) and conducted at the Amsterdam UMC, location AMC. Elective
cardiac surgery patients were recruited from May 2021 to September 2023. The study ad-
hered to the Declaration of Helsinki, and all participants provided written informed con-

sent. We followed the TRIPOD+AI guidelines for designing and reporting this study>”.

Participants

Patients undergoing elective cardiac surgery with cardiopulmonary bypass were in-
cluded. Exclusion criteria encompassed age < 18 years, hereditary coagulation disorders,
contraindication to blood sample collection, and refusal of blood products. ROTEM data

were annotated by trained experts.

Objectives

The primary outcome was to evaluate the performance of the clinically informed di-
agnostic model (’clinical model’), trained on clinical context and conventional ROTEM
parameters, provided in clinical reports, typically available within the first 10 minutes
of measurement to support real-time clinical decision-making. Secondary outcomes in-
cluded evaluating the additional predictive value of ROTEM tracing curves (TEMogram)
by comparing the clinical model to a combined model integrating ROTEM parameters,
clinical, and TEMogram data (TEMogram model’). Furthermore, we evaluated the per-
formance of an ’intervention model’ designed to detect the need for intervention when
abnormalities were identified, and compared its performance to the ROTEM-guided car-
diovascular algorithm developed by Gorlinger et al.”*, detailed in Supplementary Figure
S3.1.
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Data collection
ROTEM data were collected using the ROTEM Sigma (TEM innovations GmbH, Mu-

nich, Germany). Arterial blood samples were collected at pre-specified moments: after
aortic declamping and before heparin reversal with protamine (ROTEMgecigm)), after co-
agulation correction and prior to closure of the sternum (ROTEMoqgulation), and within
two hours of ICU admission (ROTEM;y;). Conventional ROTEM parameters were ex-
tracted from the first 10 minutes of each test and used in the primary analysis. Clinical
and procedural data, including bleeding assessment (categorized as expected, slightly
more than expected or excessive by the attending anesthesiologist), administered coag-
ulation products, activated clotting time (ACT), and medical history, were recorded by

a trained researcher.

For our secondary objectives, we collected both ROTEM parameters as well as TEMogram

data which was recorded over a period of up to 60 minutes at a sampling frequency of
0.32 Hz (i.e. data were sampled every 3.13 seconds). Each time point includes amplitude
values across different ROTEM channels, capturing the continuous progression of clot

firmness.

Labelling

A panel of seven cardiac anesthesiologists and one intensivist labelled the dataset
(details in Supplementary Table S4.1). The first 90 patients were independently labelled
by all experts to assess ROTEM interpretation reliability (Part 1). Experts determined
coagulation abnormalities and intervention needs based on patient data, surgery sta-
tus, and ROTEM results. Coagulation abnormalities were defined as ROTEM deviations
that were unexpected given the surgical phase and procedure, as determined by expert
consensus. Details on this process and results are described in our earlier work'?!. Sup-
plementary Table S4.2 outlines the information available to the experts at each ROTEM

measuring moment.

In Part 2 (samples 91 through 190), each case was reviewed by two randomly assigned
experts, with disagreements resolved by a third. Cases requiring a third review were
considered inconsistent. In Part 1, cases with >20% disagreement were also classified as
inconsistent. Label consistency, its relationship with presence of abnormality, and model
performance were analyzed (Supplementary Table S4.3). Despite variability in clinical
practices, the expert panel demonstrated a high degree of agreement in interpreting
ROTEM data within the clinical context'?!, providing a reliable standard for labelling
the dataset.

CLINICALLY INFORMED ROTEM DIAGNOSTICS

55



56

Parametrization

The final dataset included clinical, procedural and ROTEM parameters (Supplemen-
tary Table S4.4). ROTEM data from four channels INTEM, EXTEM, HEPTEM, FIBTEM)
were combined with clinical parameters for model development. Each channel con-
tributed 29 parameters, except FIBTEM, which included 27. An overview can be found
in Supplementary Table S4.4. The dataset included ROTEM data from the three pre-

specified moments, with the measuring moment incorporated as a numerical feature.

Model outcome

Initially, a baseline model was trained using three demographic parameters (age, type
of surgery, and sex), to establish a reference for model performance. The clinical model
incorporated all relevant demographic characteristics and ROTEM parameters derived
within 10 minutes. For our secondary objective, we incorporated ROTEM parameters
and TEMogram data collected over the full length of each measurement, alongside rele-
vant clinical context into the dataset. This stepwise addition of data allowed us to assess

the predictive information provided by the TEMogram.

Lastly, we aimed to detect the necessity for intervention. While intervention is gen-
erally associated with observed abnormality, not all abnormalities lead to intervention.
To ensure our analysis focused on relevant cases, we excluded measurements without

observed abnormalities as labelled by the expert panel.

Model and hyperparameter tuning

An automated pipeline was developed for data refinement, model training, and val-
idation. Pre-processing included imputation, Synthetic Minority Oversampling Tech-
nique (SMOTE), standardization, and feature pre-selection. SMOTE was used to balance
the class distribution by generating samples for the minority class during the training
process. Principal component analysis (PCA) was optionally applied for dimensionality
reduction as part of the optimization process, where different configurations of prepro-

cessing techniques and models were tested.

The pipeline incorporated support vector machine (SVM), logistic regression, ran-
dom forest, Gaussian naive Bayes, k-nearest neighbors, decision tree, extreme gradient
boosting (XGBoost), and multilayer perceptron (MLP) classifiers. XGBoost is a tree-
based ensemble method well suited for structured clinical data, while MLP is a type of

artificial neural network capable of capturing complex nonlinear relationships.

To interpret model behavior, we used Shapley Additive exPlanations (SHAP) values,
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which quantify the contribution of each feature to the outputs across the dataset'’*. This
allowed for the identification of the features that contributed most consistently to the

model’s output.

Missing data

Missing data in clinical parameters incidentally occurred due to failures in data col-
lection. Additionally, missing or incomplete ROTEM measurements were attributed by
unavailability of the ROTEM sigma device or other practical, technical, or clinical issues.
Features with more than 25% missing values were removed to maintain data quality. For
incomplete TEMograms, padding with zeros was applied to ensure uniform feature vec-

tor sizes for model input.

Statistical analysis methods

Descriptive statistics were presented as mean with standard deviation (SD) or median
(first—third quartile), depending on the distribution. Nested cross-validation ensured un-

biased performance evaluation'?®!7?

, using five-fold outer cross-validation for general-
ization and three-fold inner cross-validation for hyperparameter tuning. The pipeline
was optimized by maximizing the Area Under the Receiver Operating Characteristic

curve (AUROC).

Classification probabilities were bootstrapped (1000 samples) and model performance
was subsequently expressed using AUROC, sensitivity, specificity, positive predictive
value (PPV), negative predictive value (NPV), and F1-score (harmonic mean of PPV and
specificity). Calibration was assessed using calibration curves, and decision curve analy-
sis was performed to assess clinical applicability by balancing the advantage of correctly
identified abnormalities against the potential harm of false positives across different
probability thresholds'”.

Clinical utility was further explained by calculating the number needed to assess,

an adaptation of the number needed to treat concept®*

, representing the number of as-
sessments required for the model to correctly classify one additional case beyond naive
guessing. Accuracy was estimated using sensitivity, specificity, and class distribution,

while the no information rate was determined based on the majority class proportion.

For our secondary objectives, the clinical model, was compared to the model trained
on additional TEMogram data. The intervention model was developed similarly, and fi-
nally compared with the ROTEM-guided cardiovascular algorithm of Gérlinger et al.”*.

Therefore, we focused on data points from the ROTEMoqgyiarion Measuring moment, as
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this algorithm is specifically designed for measurements performed after heparin rever-
sal. The ROTEM-guided algorithm provides a type of intervention as output rather than
a binary decision on the necessity for intervention. For consistency, we classified any

output recommending any intervention as positive.

Model development and evaluation were performed in Python (version 3.9), including

libraries pandas (v1.3.3), numpy (v1.21.0), and sci-kit learn (v1.3.0).

Results

Data of 190 patients were included for analysis, providing a total of 534 valid mea-
surements, with 184, 185 and 165 distributed across ROTEM gecigm p, ROTEM cogguiation and
ROTEM;¢y, respectively. Demographic characteristics of the included patients are pre-
sented in Table 4.1. The population was predominantly of the male sex (75.8%) with an
average age of 65 years (SD = 13). Most patients underwent replacement or repair of the
aortic valve (22.5%). The distribution of classes across the ROTEM measuring moments
is presented in Supplementary Table S4.5, which highlights the imbalances in assess-
ments of abnormality and recommendations for intervention. An overview of observed
abnormalities and recommended intervention types across the ROTEM measuring mo-

ments are presented in Supplementary Table S4.6.

Primary model performance

As a starting point for further model improvement, the baseline model was developed.
The pipeline included a random forest classifier and was able to detect abnormalities
with an AUROC of 0.61 (0.56 — 0.66). The best performing pipeline based on addition of
the remaining parameters and ROTEM data, consisted of oversampling method SMOTE,
standardization, selection of 102 highest ranked features, and finally a random forest
classifier. Although PCA was tested during model optimization, it was not included in
the final pipeline. This pipeline, for the clinical model, resulted in an AUROC of 0.82
(0.79 - 0.86). Table 4.2 provides an overview of the model performance using multiple

metrics.

The calibration curve converged around the ’perfect fit’ (slope = 1.16, intercept = -
0.06), indicating a well calibrated model and is displayed in Figure 4.1a. The decision
curve analysis is presented in Figure 4.1b and showed a superior net benefit compared to
the reference strategies (diagnose ’all’ or ‘'none’ as abnormal). Additionally, the number
needed to assess was 7.14, derived from the computed accuracy (0.77) and no information
rate (0.63), indicating that the model provides one additional correct classification for

every seven assessments.
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Table 4.1: Patient characteristics of included patients.

Variable Patient Population
Number 190
Age, mean (SD) 65 (13)
Sex, male, n (%) 135 (75.8)
Height (cm), mean (SD) 1777 (10.2)
Weight (kg), mean (SD) 83.0 (15.2)
BMI, mean (SD) 26.4 (4.3)
ASA classification, n (%)
2 17 (92)
3 146 (78.1)
4 4(27)
Missing 23 (12.2)
Type of surgery, n (%)
AVR/AVP 42(22.5)
Bentall 39 (209)
CABG 38 (20.3)
MVR/MVP 28 (15.0)
Aortic arch surgery 9 (4.8)
Other 31(16.6)
Re-operation, n (%) 26 (13.9)

ASA = American Society of Anaesthesiologists physical status classification system; CABG = Coronary
Artery Bypass Grafting; AVR = Aortic Valve Replacement; AVP = Aortic Valve Plasty; MVR = Mitral Valve
Replacement; MVP = Mitral Valve Plasty; VSRR = Valve Sparing Root Replacement; Bentall = Valve and
Root Replacement.

Table 4.2: Performance metrics of the 'clinical model’ for detecting abnormalities.

AUROC Sensitivity  Specificity PPV NPV F1

0.82 0.85 0.58 0.77 0.69 0.81
(0.79-0.86) (0.81-0.89) (0.56-0.61) (0.76-0.80)  (0.64-0.77)  (0.78-0.84)

AUROC, Area Under the Receiver Operating Characteristic curve; Sens., sensitivity; Spec., specificity; PPV, positive
predictive value; NPV, negative predictive value.

The most important features are represented in SHAP values and are presented in
Figure 4.2. Clotting times (CT) from the INTEM and EXTEM, and MAXVT (time to
Maximum Velocity (MAXV - maximum of the first derivative of the curve) from the
EXTEM have a high impact on detection of abnormalities. The CT EXTEM in the normal
group was 66 — 73s (25th — 75th percentile), while in the abnormal group, it was 85 — 101s.
SHAP analysis revealed low CT INTEM values were associated with a lower probability
of abnormality, while higher CT INTEM values had a relatively neutral contribution to

model predictions, with SHAP values clustering around baseline.

In addition to ROTEM parameters, patient and procedural information including kid-

ney disease history, drain production in the ICU, only available for ROTEM ¢y mea-
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Figure 4.1: a) Calibration curve of the random forest classifier for the detection of abnormality. b) Decision curve of
the random forest classifier for the detection of abnormality.

The "treat all” and "treat none” lines represent reference strategies in decision curve analysis and do not
correspond to actual clinical interventions. “treat all” assumes that all cases are classified as abnormal, and “treat
none” assumes no abnormalities are detected.

suring moment, and history of hypertension are highly relevant in the decision-making
process, as determined by their SHAP contributions. Optimized hyperparameters in all
final pipelines and model error rates per abnormality type are provided in are detailed

in Supplementary Tables S4.7 and S4.8, respectively.

Secondary outcomes

After adding TEMogram tracings to the dataset (133 were padded due to incomplete
data), XGBoost classifier was most effective achieving an AUROC of 0.83 (0.82 — 0.84).
The results of the cross-validation are shown in Table 4.3. Furthermore, the decision
curve of this exploratory model is available in Figure 4.1b for comparison with our clin-
ical model. The TEMogram model did not outperform the clinical model, but rather

provides a comparable performance across evaluation metrics.

Table 4.3: Performance metrics of the 'TEMogram model for detecting abnormalities.

AUROC Sensitivity  Specificity PPV NPV F1

0.83 0.80 0.74 0.65 0.87 0.72
(0.82-0.84)  (0.76-0.84)  (0.72-0.77)  (0.64-0.66)  (0.84-0.89)  (0.70-0.73)

AUROC, Area Under the Receiver Operating Characteristic curve; PPV, positive predictive value; NPV, negative
predictive value.
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Figure 4.2: Model explainability expressed in SHAP values for the detection of abnormalities in ROTEM data, based
on the random forest classifier. Red data points indicate a (relatively) high value of the corresponding feature,
while blue data points indicate a low value. Data points on the right side of the central baseline contribute to a
higher probability on the detection of abnormality, and vice versa.

CT, clotting time; MAXVT, time to maximum velocity; AUC, area under the curve; MAXV, maximum clot velocity; G,
shear modulus strength; CFR, clot formation rate; ACF, actual clot firmness; ARn, AUC from CT to n minutes; MCF,
maximum clot firmness.
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For the intervention model, 198 data points remained after excluding those where no
abnormalities were observed by the experts. The best performing model was the logistic
regression classifier, and resulted in an AUROC of 0.71. Further performance metrics are

presented in Supplementary Table S4.9.

A total of 52 data points from ROTEM ogguiarion Were used in the analysis for the
comparison of the intervention model with the ROTEM-guided algorithm. 26 of the
patients required intervention according the expert panel. Based on these data points,
the intervention model obtained an Fi-score of 0.71 as opposed to 0.54 of the ROTEM-
guided algorithm.

Discussion

In this study, we developed a clinically informed diagnostic model to assess abnor-
malities in ROTEM data for adult cardiac surgery patients. The clinical model obtained
an AUROC-score of 0.82 and demonstrated strong calibration, indicating that predicted
probabilities closely relate to observed probabilities. Decision curve analysis demon-
strates a clear net benefit compared to reference strategies, suggesting that the model
may offer additional value in identifying abnormalities while minimizing unnecessary

changes in coagulation management strategies.

Importantly, the strength of the clinical model lies in fully exploiting ROTEM mea-
surements by incorporating parameters that are not always routinely considered by ex-
perts, ultimately offering valuable insights for clinical decision-making. The number
needed to assess of 7.14 indicates that the model correctly classifies one additional correct
case for every seven assessments compared to a naive baseline approach (e.g. random

classification), highlighting the diagnostic efficiency of the model.

Besides accurate diagnosis, the model provides a high level of explainability by in-
tegrating comprehensive input data and of SHAP values. In our clinical model, CT of
both EXTEM and INTEM channel appeared to be important predictors, which are also
frequently used in ROTEM-guided algorithms. Additionally, lower CT INTEM values
can have differing effects depending on their interaction with other features. This in-

teraction enables the clinical model to generate more nuanced predictions.

For instance, low CT INTEM combined with high maximal clotting firmness (MCF)
and increased amplitude after 10 and 20 minutes (A10 and A20, respectively), may indi-
cate an abnormal condition (e.g. hypercoagulable state) in the clinical model, whereas
low CT INTEM with normal MCF suggests a normal condition®®. This highlights that
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relying on ROTEM threshold alone is insufficient for clinical decision-making. Addi-
tionally, deviations from normal values after cardiac surgery may be influenced by fac-

tors like hemodilution or anticoagulation and do not automatically suggest coagulopa-
thy!22164

Low CT EXTEM values were strongly predictive of normal ROTEM results in the clin-
ical model, while high values often indicated abnormalities that could initiate plasma
transfusion or prothrombin complex concentrate administration'’®. Medical history of
kidney disease emerged as an important factor, though the binary nature of this feature,
without distinguishing between specific disorders, prevented detailed analysis of specific
disorders. Chronic kidney disease (CKD) is known to be associated with hypercoagu-
lability, which may be reflected in ROTEM data’. Furthermore, renal dysfunction often
leads to impaired erythropoiesis and preoperative anemia, making renal insufficiency a
well-documented risk factor for blood transfusion in cardiac surgery™", possibly intro-

ducing a confounding factor.

While SHAP visualization highlights the most influential parameters on average,
other features may still provide relevant information in individual cases, including a
broad set of clinical variables not routinely considered in standard ROTEM interpreta-

tion.

In the recent editorial by Milewski et al., the challenges of interpreting ROTEM data
were highlighted, particularly the limitations of threshold-based algorithms'®. Current
ROTEM analysis relies on predefined thresholds, but several existing threshold-based al-

gorithms demonstrate considerable variability>*°%12415!

, and optimal thresholds remain
unclear'®”3. Our study addresses these challenges by exploring a clinically informed
approach that moves beyond traditional threshold-based algorithms, that may offer an

alternative, method of analysing ROTEM data.

Incorporating TEMogram did not improve model performance across evaluation met-
rics. Although the TEMogram model did not outperform the clinical model, it provided
comparable performance, suggesting that the temporal data might be useful but is not
yet fully optimized for the current task. Future research should explore whether incor-
porating temporal patterns could enhance performance. However, complex approaches
often reduce explainability. Our aim was to develop an approach that supports clini-
cians in decision-making, using SHAP values to enable explanation of the decisions and
guide clinicians toward informed decisions by highlighting key parameters, encouraging
them to consider both the model’s decision and the underlying information. In addition

to providing global insights into feature importance, SHAP can also support individual
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predictions by revealing how features interact and contribute to a specific outcome.

The presence of abnormality in ROTEM parameters alone should not directly initiate
intervention®®. In fact, our data showed that only 42% of the observed abnormalities
resulted in treatment, based on expert decision. The intervention model was trained
using the same parameters as those used for abnormality detection but with fewer data
points, obtaining an AUROC of 0.73. This model seems to reflect expert decision pat-
terns more closely than threshold-based approaches limited to ROTEM parameter devi-
ations. Further improvement could support the coagulation management strategy even
further. However, we believe that the ability to rule out coagulation abnormalities based
on ROTEM data is the most important step. When an abnormality is detected, the deviat-
ing parameters highlighted by the model may support clinicians in interpreting complex

ROTEM data and contribute to a more informed coagulation management strategy.

Strengths and limitations

The clinical decision-support tool offers a personalized approach to optimize coagula-
tion management in cardiac surgery. Unlike threshold-based algorithms, this approach
considers a combination of ROTEM and clinical parameters to expose abnormalities.
Besides merely providing assistance with the decision-making, the support tool is ex-
plainable, offering targeted feedback on specific areas of the input data, based on SHAP
values that reveal the most influential predictors on a decision, which is a major strength

of the described approach.

Development of explainable and transparent algorithms is important in clinical prac-
tice, but usually comes at cost of predictive performance'’’. In our clinical model, we
presented a highly explainable model, and were still able to achieve sufficient predictive

performance.

Another strength is that the labels were provided by a European-based international
expert panel with extensive experience across two major parent specialties. Given the
absence of a definitive gold standard for ROTEM interpretation, expert consensus was
considered as the most reliable source. The high agreement among labels suggest that
both the labels and, consequently, our model’s output, are representative and broadly
applicable. While treatment protocols may vary between institutions, our main objective
was to develop a diagnostic model to identify coagulation abnormalities, independent of
local treatment strategies. This approach provides a foundation for clinical decision-

making that can be adapted to different institutions.

Limitations include that the study population consisted of elective, predominantly
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male, cardiac surgery patients. Urgent surgery such as acute aortic dissection, often

92,125 were not included in the dataset. Conse-

resulting in coagulopathies and bleeding
quently, our dataset and clinical model are currently applicable only to elective cardiac
surgery. Additionally, certain abnormalities were rare or absent in this cohort, and the

error rate varied across types of abnormalities.

Furthermore, no pre hoc sample size calculation was performed, as there is no ac-
cepted rule to compute the required sample size for machine learning models'>°®. The
dataset of 534 data points (from 190 patients) was considered sufficient for model devel-
opment and internal validation based on observed performance. However, the interven-
tion model was trained on a smaller subset of 198 data points, resulting in an increased
risk of overfitting. Nonetheless, expanding the dataset to include emergency and trauma

patients could improve generalizability across broader range of cardiac surgery.

Another limitation of this study is that ROTEM may not capture all factors affect-
ing bleeding, potentially leading to false positives. By incorporating both ROTEM and
clinical parameters, the model aims to mitigate such false positives by providing a more

comprehensive and clinically informed context for its predictions.

Future perspectives

Automated detection of abnormalities in ROTEM data could be implemented to guide,
and potentially improve, coagulation management strategy in cardiac surgery. Future
trials should assess whether implementing this tool leads to improved personalized coag-
ulation strategies. Besides, qualitative research could explore clinician experiences with
the clinical decision-support. Positive feedback could lead to the additional implementa-
tion of the intervention model, with potential expansion to classify specific abnormality
types and recommended interventions. While the model reflects expert decision more
closely than the reference, its performance suggests room for improvement. Increasing
the dataset, especially for extremer and rarer cases, may help improve these outcomes

and enhance its clinical value.

In conclusion, the clinical model effectively detects abnormalities in ROTEM data
in cardiac surgery patients, demonstrating strong performance and high explainability.
However, the data were collected from a single institution, and the findings remain lim-
ited to the current dataset. Furthermore, the model outperforms current ROTEM-guided
algorithms, highlighting the importance of clinical and procedural information for the
interpretation of ROTEM data. These parameters also enable a personalized approach

and a more informed decision.

CLINICALLY INFORMED ROTEM DIAGNOSTICS

65



Prediction of post induction hemodynamic instability using machine

learning on waveform morphology

Sijm H. Noteboom, Eline Kho, Johan T.M. Tol, Rogier V. Immink, Lotte E. Terwindt,

Ward H. van der Ven, Jimmy Schenk, Alexander PJ. Vlaar, Bjorn J.P. van der Ster, Denise P. Veelo

Submitted






Post-induction hypotension (PIH) following anesthesia induction increases perioperative compli-
cations and is currently managed reactively. Proactive prediction could improve patient outcomes
by enabling timely interventions. Therefore, we aimed to develop a predictive algorithm for PTH
using blood pressure waveform analysis in patients undergoing elective non-cardiac surgery. This
prospective single-center observational study included 585 adult patients at Amsterdam Univer-
sity Medical Center. Continuous non-invasive blood pressure data were collected using ClearSight
finger cuffs from two minutes to one minute before induction. PIH was defined as hemodynamic
instability using an automated classification model based on expert-labeled definitions. Multiple
morphological, statistical, and physiological features were extracted from isolated BP waveforms
and combined with demographic characteristics. These data were used in a comprehensive ma-
chine learning pipeline and evaluated using nested cross-validation with hyperparameter opti-
mization. The optimal predictive model achieved an AUC of 0.73 (95% CI: 0.69-0.76), positive pre-
dictive value of 0.33 (0.30-0.36), and negative predictive value of 0.89 (0.88-0.91). Decision curve
analysis demonstrated clinical utility within threshold probabilities of 0.05-0.25. The most impor-
tant predictor was mean systolic-to-diastolic phase area ratio, followed by frequency variability
parameters, suggesting that beat-to-beat cardiovascular inconsistency indicates reduced hemody-
namic reserve during induction. The developed machine learning model successfully predicts PIH
with moderate accuracy, demonstrating particular utility for ruling out PIH given its high neg-
ative predictive value. Arterial waveform features effectively capture cardiovascular dynamics
associated with hemodynamic instability, potentially offering advantages over traditional blood
pressure thresholds. The identification of key predictors provides insights into PIH pathophysiol-

ogy and supports the clinical potential of waveform-based prediction models.



Introduction

Post induction hypotension (PIH) can occur after the induction of anesthesia and
is often a result of the hemodynamic effect of administered anesthetic agents®>'**. The
severity of this effect, also influenced by other independent variables, determines whether
PIH will occur®®'%?. A timely treatment of PIH is important, as it has been associated
with increased peri- and postoperative complications, and is currently done in a reac-
tive manner”’. Arguably, a proactive approach aimed at preventing PIH may be more

effective in mitigating these risks.

There is a need to predict PIH, as various research groups have attempted this using
various data modalities, including ultrasound, patient information, arterial blood pres-
sure waveform analysis, demographic data, and intraoperative medication™’%83-9496
However, despite promising initial results, these methods are often limited by retrospec-
tive designs, reliance on specialized measurements or parameters, unclear definition of
PIH, and a focus on specific patient populations, restricting their generalizability. Fur-
thermore, research identified several risk factor for PIH and include high age, presence
of diabetes mellitus type II, degree of hypertension at arrival in the operating room, and
dose of propofol®’#19%16> * Additionally, waveform morphology offers valuable insights

into cardiovascular status’, offering critical information for predicting PIH™'%°.

The main objective of this prospective observational study is to develop a predictive
algorithm based on blood pressure waveform analysis to predict emergence of PTH. The
algorithm integrates features extracted from non-invasive blood pressure waveforms
and demographic data, and its performance will be evaluated using predefined thresh-
olds.
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Methods

This was a prospective single-center study conducted at the Amsterdam University
Medical Centers (Amsterdam UMC), involving adult patients undergoing elective non-
cardiac surgery between January 2019 and July 2022. The study was registered at the
Netherlands Trial Register (NL7810) and received ethical approval from the Institutional
Ethics Committee (ref: NL 6748.018.18). Written informed consent was obtained from
all participants prior to enrolment. Exclusion criteria included inability to measure non-
invasive blood pressures, cardiac arrhythmias. We followed the Transparent Reporting
of a multivariable prediction model for Individual Prognosis Or Diagnosis (TRIPOD+AI)

guidelines for designing and reporting this study>”.

Objectives
The primary objective of the study was to develop a model to predict PIH defined

as hemodynamic instability, using BP waveform features. First, we build a model using
blood pressure waveform features and demographic information. Next, we evaluated
predictive performance using only BP waveform features, excluding demographic data.

Additionally, model performance was determined when PIH defined as MAP < 65 mmHg.

Data collection

Continuous non-invasive blood pressure (BP) data were obtained with a ClearSight
finger cuff (Edwards Lifesciences, Irvine, CA, USA). The device contains an algorithm
that automatically derives beat-to-beat variables, including cardiac output (CO) and
stroke volume (SV)’®. Included measurements started after arrival at the operating the-
atre and lasted until end of surgery. During measurements, the administration, timing,
and dosing of medication was annotated by a trained researcher and securely stored in
an electronic case report form. A total of 800 patients was deemed sufficient for the

development of the described model.

Definitions and model outcome

Prediction of PIH is a binary prediction task and each patient received a label based

1.3°, This classification model was

on the automated classification model by Kho et a
trained on BP trends and behavior using expert-labeled definitions to identify PIH, de-
fined as hemodynamic instability. Hemodynamic instability was determined through
visual differentiation by the experts and can be automatically distinguished from irrele-
vant decreases in pressure or normotension by the model. The classification was based

on blood pressure data 5 minutes prior to and 15 minutes after induction. Induction was

CHAPTER 5



marked at the time of the first anesthetic administration. For the secondary objective,

PIH was defined as MAP < 65 mmHg for at least one consecutive minute.

Data preparation

For the prediction model, we used BP data from the two minutes to one minute before
induction, along with patient characteristics from the electronic medical record, and in-
formation on whether the patient received vasoactive medication. For the duration of
anesthesia induction, researchers observed and recorded all hemodynamically relevant
events in the operating theatre, including the type, dose, and administration speed of va-
soactive medications. Patient characteristics were obtained from the electronic medical
record. Individual BP waveforms were isolated using a beat detection algorithm, mod-

192

ified from Zong et al.””*, which identifies BP waveform onset. Multiple morphological,

statistical and physiological features were extracted from the isolated waveforms.

The features were subsequently summarized over the whole window into statistical
parameters. For each feature, the mean, max, min, median, standard deviation, 25th and
75th quantile, variance, skewness, kurtosis, entropy, and delta between the mean of the
first 20 values and last 20 values were computed. Additionally, demographic features
including age, weight, height, BMI, medical history (cardiovascular, pulmonary, and
metabolic), antihypertensive medication, BP values (ward, holding, and pre-induction),

and time of surgery were added to the feature set and were used as input to the model.

Missing data

Patients were excluded from analyses when PIH could not be classified by the clas-

180, Unrealistic BP values and data recorded when the heart reference

sification mode
system (HRS) was misaligned (35 cm deviation from start) were also excluded. Fur-
thermore, patients with less than at least one interval with 20 consecutive valid beats
within the window prior to induction were also excluded. Valid beats were identified by
calculating rolling averages within a window size of 10 beats for both the systolic peak
(SAP) and the inter-beat interval (IBI). These rolling averages were then used to establish
dynamic thresholds. Beats exceeding the upper or lower threshold in either parameter,

defined as a 50% deviation from the corresponding rolling average, were excluded.

Model and hyperparameter tuning

Categorical data including sex, medical history and medication use were encoded
numerically for input to the model. Numerical features including age, weight, height,

BMLI, time of surgery (rounded to hours), and BP values were directly used as input to
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the model. Furthermore, extracted waveform features were added to the input of our

pipeline.

The pipeline was developed to automate hyperparameter tuning by systematically
evaluate multiple parameter combinations to identify the optimal configuration for the
model. It evaluates each combination by splitting the data into training and validation
sets, calculating performance for a predefined metric, and selecting the configuration
with the highest performance. Seven processing steps and seven classifiers were tested
to find the best performing pipeline. As most pre-processing steps were optional, re-
moval of low variance features and features with more than 25% missing values were
always used. The optional steps include imputation, over- and under sampling to ad-
dress class imbalance, standardization to ensure features are on the same scale, and
pre-selection of the most dependent features using feature selection and dimensional-
ity reduction using principal component analysis (PCA). The classifiers integrated into
the pipeline included support vector machine (SVM), logistic regression, random for-
est, gaussian naive bayes, k-nearest neighbors, decision tree, extreme gradient boosting

(XGBoost), and multilayer perceptron (MLP).

Model performance was evaluated using nested cross validation with five folds in the

outer loop, and three in the inner looplz"’173

. The explained variance of PCA compo-
nents was analyzed to determine the number of components required to retain 95% of
the total variance. To interpret the predictions of the model, SHapley Additive exPlana-
tions (SHAP) values were calculated for the principal components. These SHAP values
were then back-projected to the original feature space using the principal component
loadings, weighted by the explained variance. To improve interpretability, a signed nat-
ural logarithmic transformation was applied to the back-projected SHAP values. Using
the dot product, the importances of the original features were derived by back projecting

SHAP values from the principal components to the original feature space.

Statistical analysis

Descriptive data were presented as median with interquartile range (IQR), or as mean

with standard deviation (SD) when normally distributed.

The pipeline was optimized and refitted on the Area Under the receiver Operating
characteristic curve (AUROC). Model performance of the best pipeline was expressed
based on 1000 sample bootstrapping with replacement to obtain non-parametric repre-
sentation. Scoring metrics included AUROC, sensitivity, specificity, positive predictive

value (PPV), negative predictive value (NPV), and F1-score (harmonic mean of PPV and
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specificity). Additionally, calibration curves with slope and intercept were created. Be-
sides discriminative metrics, decision curve (net benefit) analysis was performed to as-
sess the clinical utility of the predictive model to predict PIH. Decision curves compare
the net benefit of the model to two default strategies: treating all patients as having
high risk on PIH (’treat all’), and treating no patients as having high risk ('treat none’)
across a range of threshold probabilities. This analyzes the ability of the model to cor-
rectly predict PIH while considering the trade-off with the potential harm caused by

false positives, which could initiate unnecessary treatment'’>,

For our secondary outcome, we applied the same methodology and pipeline for train-
ing the algorithm based on waveform features alone. Furthermore, we applied the same
performance metrics to compare the ability of the model to predict PIH based on the two
different definitions: hemodynamic instability and MAP < 65 mmHg. Data processing,
model development and evaluation were performed in Python (version 3.9), including

libraries pandas (version 1.3.3), numpy (version 1.21.0), sci-kit learn (version 1.3.0)

Role of funders

The funding sources had no role in the design of the study, data collection, analysis,

interpretation, writing of the manuscript, or the decision to submit it for publication.

Results

Patient characteristics of the 585 patients included in this study are summarized in
Table 5.1. The population was evenly distributed by sex (50% male), with a mean age of 56
years (SD = 16.1). The majority of patients had an American Society of Anesthesiologist
(ASA) classification of II (50%). Additionally, 34% of the population had a history of
hypertension. In total 118 patients had PIH defined as hemodynamic instability, and
189 patients had PIH defined as MAP < 65 mmHg. There was overlap between these
groups, with 66% of patients in the hemodynamic instability cohort also having MAP
< 65 mmHg, while 41% of those with MAP < 65 mmHg also experienced hemodynamic
instability.
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Table 5.1: Patient characteristics

Hemodynamically

Hemodynamically

Variable Total (n=585) Stable (n=467) Unstable (n=118) p-value
Sex, male (%) 295 (50%) 233 (50%) 62 (53%) 0.680
Age, years 56 (16.1) 54 (16.4) 64 (12.0) <0.001
Weight, kg 80.9 (16.0) 81.6 (16.2) 781 (14.8) 0.026
Height, cm 174.6 (10.3) 174.8 (10.5) 1741 (9.8) 0.513
Body mass index, kg-m2 2571[23.5-291] 257 [23.6-29.3] 25.5[23.2-28.2] 0.095
ASA class
| 116 (20%) 98 (21%) 18 (15%) 0196
[l 290 (50%) 226 (48%) 64 (54%) 0.259
Il 172 (29%) 136 (29%) 36 (31%) 0.821
v 7 (1%) 7 (1%) 0 (0%) 0.355
History of
Hypertension 198 (34%) 149 (32%) 49 (462%) 0.062
Diabetes Mellitus type Il 64 (11%) 45 (10%) 19 (16%) 0.065
Atrial fibrillation 27 (5%) 20 (4%) 7 (6%) 0.605
COPD 30 (5%) 19 (4%) 11 (8%) 0.038
Type of surgery 0.326
Vascular 90 (15%) 75 (16%) 15 (13%) 0.475
Orthopaedic 88 (15%) 71 (15%) 17 (14%) 0.886
Gastrointestinal 72 (12%) 49 (11%) 23 (19%) 0.037
Urological 70 (12%) 56 (12%) 14 (12%) 0.974
Gynaecological 70 (12%) 59 (13%) 11 (9%) 0.427
Ear, nose, throat 31(5%) 27 (6%) 4 (3%) 0.293
Neurological 23 (3%) 17 (4%) 6 (5%) 0423
Plastic 2(0%) 2(0%) 0 (0%) 1.0
Other 139 (24%) M (24%) 28 (25%)
Preoperative medication
ACE inhibitor 73 (12%) 59 (13%) 14 (12%) 0.944
Angiotensin Il receptor blocker 69 (12%) 49 (11%) 20 (17%) 0.075
Beta blocker 96 (16%) 75 (16%) 21 (18%) 0.752
Calcium channel antagonist 103 (18%) 81 (17%) 22 (19%) 0.845
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Performance of each model with optimal configuration.

Table 5.2
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Prediction of PIH

Per classifier, the best configuration with performance is presented in Table 5.2. The
best performing pipelines consisted of oversampling method Synthetic Minority Over-
sampling Technique (SMOTE), standardization to ensure each continuous feature has
mean of zero and standard deviation of one, a feature selection of the 50 best features, a
PCA to select 20 components, and finally a logistic regression classifier. This pipeline ob-
tained a model performance with an AUROC of 0.73 (0.69 — 0.76), sensitivity of 0.72 (0.68
- 0.77), specificity of 0.61(0.59 — 0.64), PPV of 0.33 (0.30 - 0.36), NPV of 0.89 (0.88 - 0.91),
and a F1-score of 0.45 (0.41 — 0.49). The receiver operating characteristic (ROC)-curve
is presented in Figure Figure 5.1a. The calibration of the pipeline is presented in Figure
Figure 5.1b and has an intercept of -0.19 (-0.49 - 0.10), and a slope of 0.82 (0.23 — 1.41).
Furthermore, as shown in the decision curve (Figure Figure 5.1c), the model outperforms
‘treat all” and ’treat none’ strategies within a threshold probability range of 0.05 to 0.25.
Outside this range, the net benefit of the model is similar to the ’treat none’ strategy,
suggesting limited utility in settings where the clinician adopt higher risk thresholds for

intervention.

Additional analyses were conducted to demonstrate the results of the PCA and the
contribution of individual features to model prediction. Nine principal components were
required to explain 95% of the total cumulative variance. To assess feature contributions,
the dot product between the original data and the principal component matrix was com-
puted, providing insight into the influence of individual features on each component.
Furthermore, SHAP values were then back-projected to the original feature space by
multiplying them with the scaled principal component matrix, where each principal
component was weighted by the square root of its corresponding explained variance.
The analysis allowed for the interpretation of feature importance, as shown in Figure
5.2.

Secondary outcomes

When applying only BP waveform features, the best performing pipeline on the data
set consisted of oversampling method SMOTE, feature selection of the best 30 features,
and finally a gaussian naive bayes classifier. The model obtained an AUROC of 0.68 (0.64
- 0.73), sensitivity of 0.67 (0.59 — 0.72), specificity of 0.64 (0.58 — 0.71), PPV of 0.34 (0.28
- 0.39), NPV of 0.88 (0.85 — 0.90), and F1-score of 0.44 (0.39 — 0.51).

For the prediction of PIH defined as MAP < 65 mmHg, we applied the same method-

ology as before, using both BP waveform features and patient characteristics. The best
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pipeline included SMOTE, the 50 best features were selected and were directly used as
input to a gaussian naive bayes classifier. The model obtained an AUROC of 0.61 (0.57 —
0.64), sensitivity of 0.76 (0.72 — 0.8), specificity of 0.38 (0.33 — 0.43), PPV of 0.38 (0.36 —
0.41), NPV of 0.76 (0.74 — 0.80), and F1-score of 0.51 (0.49 — 0.54).

Discussion

The main objective of this study was to develop an algorithm to predict PIH using BP
waveform analysis and demographic information. The optimized pipeline achieved an
AUROC of 0.73 with sensitivity of 0.72 (0.66 — 0.80) and specificity of 0.61. The low PPV
of 0.33 (0.30 - 0.36) highlights the high number of false positives, while the NPV of 0.89
(0.88 — 0.91) demonstrates the utility of the model in ruling out PIH.

Previous studies have explored various approaches to predict PIH using hemody-
namic parameters. Kendale et al. achieved an AUROC of 0.74 using supervised ma-
chine learning algorithms®*. Zhou et al. reported an AUROC of 0.865 using an XGBoost
model'”!. However, their study population consisted of critically ill patients, and aimed
to predict hypotension post intubation, rather than post induction. Furthermore, clin-
ical and demographic variables were used as input, but detailed information on their
dataset is not provided. Kang et al. obtained an AUROC of 0.84 using a random forest
classifier with electronic medical record features, though limited to patients undergoing
laparoscopic cholecystectomy’’. Chen et al. reported an AUROC of 0.74, using clini-
cal variables’’. Importantly, these studies focused on predicting PIH defined by specific
blood pressure thresholds, whereas our study aimed to predict post-induction hemody-

namic instabilty, which may involve a broader range of cardiovascular responses.

Calibration analysis resulted in a negative intercept, indicating an overall underes-
timation of PIH, and a slope smaller than one, indicating that predicted probabilities
are too extreme, with high probabilities overestimated and low probabilities underesti-
mated'”". However, confidence intervals overlapped with ideal values, suggesting these
deviations may not be statistically significant. External validation may help clarify these

findings to confirm the generalizability of these findings.

The imbalance in PPV and NPV partly reflects the class imbalance in the dataset,
with approximately 20% positive cases. While we addressed this imbalance in training
using SMOTE, testing was conducted on the original data distribution to ensure realistic
evaluation. However, the class imbalance in the test data affects PPV and NPV, as a

high proportion of negatives cases increases correct negative predictions but reduces
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the precision for the minority class’. The low PPV indicates a high false positive rate,

which could lead to unnecessary treatment risk.

Our model identified the mean systolic to diastolic phase area as the strongest predic-
tor of PIH, showing a bimodal distribution where both high and low values contributed
substantially. This feature is influenced by multiple physiological factors including car-
diac output, vascular resistance, arterial stiffness, heart rate (HR), stroke volume (SV),
contractility, afterload, arterial compliance, and the dynamics of the aortic valve and
peripheral vascular resistance. While the multifactorial characteristics of this feature is
difficult to comprehend, it appears to be important for understanding hemodynamic sta-
bility following induction. The significant contribution of frequency variability param-
eters in our model suggests that beat-to-beat inconsistency in cardiovascular properties
may indicate reduced hemodynamic reserve and limited compensatory capacity during

induction!*00-77,106

. Additionally, the predictive value of blood flow metrics and To-
tal Peripheral Resistance (TPR)-to-Compliance ratio highlights the complex interaction
between cardiac output, peripheral resistance, and arterial compliance in maintaining

blood pressure during induction.

Importantly, the SHAP analysis was back-projected from the feature space matrix
after PCA transformation, which complicates the interpretation of feature importance.
Model comparison showed that the logistic regression model achieved the highest AU-
ROC (0.73), followed by SVC, Gaussian naive bayes, and MLP (0.71). The similar per-
formance across these different algorithms suggests that relationships between hemo-
dynamic parameters and PIH in the current dataset may be largely captured by linear
associations, with modest additional benefit from more complex models. Given the com-
plex physiological relationships between the hemodynamic parameters, complex mod-
els could be expected to have more predictive power’”. Further research should explore
more extensively the relationships between these hemodynamic features and their asso-
ciation with future PIH. Additionally, while more complex models could potentially lead
to improved model performance, the size of our dataset may have been inappropriate to

support highly complex models.

In our secondary analysis, excluding demographic characteristics showed only a slight
performance decrease, suggesting demographic data may have limited independent con-
tribution. While demographic characteristics provide explicit clinical information, we
hypothesize that their physiological influence may already be reflected in the BP wave-

17,188

form data , as many of these characteristics influence cardiovascular properties cap-

tured by waveform features. For instance, age affects arterial compliance and stiffness,

which is captured in BP waveforms’>!14,
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Changing the definition of PIH to MAP < 65 mmHg resulted in decreased model per-
formance. A fixed threshold may lead to less precise classification by grouping all hy-
potension types into a single category, overlooking physiological differences, such as

transient drops during anesthetic induction versus sustained drops due to other patho-

physiological mechanisms. Waveform features inherently capture cardiovascular changes,

making prediction more accurate for PIH defined as hemodynamic instability.

Strengths and limitations

Unlike most attempt to predict PIH, this study was a prospective data collection study,
minimizing bias and confounding, and enabling standardized variable recording. An-
other strength is the nuanced definition of PIH and comparison of model performance
across different definitions, highlighting that arterial BP waveforms align more effec-
tively with hemodynamic instability than conventional MAP thresholds. Given the vari-
ability and debate in PIH definitions'®’%'7¢_this study showed potential of hemodynamic
instability as alternative to better reflect physiological mechanisms. However, the clin-

ical utility of PIH defined as hemodynamic instability requires further investigation.

A limitation of this study is the absence of a predefined sample size calculation, as
no established method exists for determining the necessary sample size for machine

learning models'*%°

. Additionally, there was also a major class imbalance in the data.
Although effectively addressed, ideally, predictive models should be developed using the
original dataset without using artificial sampling techniques as this better ensures the

integrity of the data and more reliable model output.

Future perspectives

Future work should prioritize dataset expansion and enrichment before exploring
more complex modeling approaches. Our findings, where logistic regression performed
comparably to sophisticated algorithms, suggest that data limitations are the primary
bottleneck rather than model complexity. Research priorities should include increasing
sample size, particularly for PTH cases, and enriching feature sets to better capture phys-
iological complexity. Subsequently, additive value of timeseries data must be explored to
uncover hidden patterns in cardiovascular dynamics. Throughout these advancements,
maintaining explainability remains crucial for clinical implementation, as interpretable

results are essential for clinical decision-making.

In conclusion, this study developed a machine learning model to predict PIH using
BP waveforms and demographic data, offering model able to rule out PIH based on high

NPV. The identification of systolic to diastolic phase area ratio and frequency variability
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as key predictors provides valuable insights into the underlying physiological mecha-
nism of PIH. Despite similar performance to previous studies, our findings suggest that
arterial waveform features may better capture the dynamic cardiovascular changes as-

sociated with hemodynamic instability.
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Figure 5.1: a) Receiver operating characteristics (ROC) curve of the pipeline to predict PIH defined as hemodynamic
instability. b) Calibration curve of the pipeline to predict PIH defined as hemodynamic instability. c) Decision
curve analysis for the prediction of PIH defined as hemodynamic instability. The green line represents the net
benefit of the model across a range of threshold probabilities, the red line the ‘treat all’ strategy, and the blue line
the ‘treat none’ strategy.

The "treat all” and "treat none” lines represent reference strategies in decision curve analysis and do not
correspond to actual clinical interventions. “treat all” assumes that all cases are classified as PIH events, and
“treat none” assumes no PIH events are detected.
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points indicate a (relatively) high value of the corresponding feature, while blue data points indicate a low value.
Data points on the right side of the central baseline contribute to a higher probability on the prediction of PIH,

Figure 5.2: SHAP-values indicating importance of each feature, derived from principal components. Red data
while data points on the left side contribute to the prediction of no-PIH.
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Clinical decision-making is a critical domain where technological innovation intersects
with medical expertise to form the backbone of effective healthcare. Data-driven in-
sights have the potential to guide medical staff toward more precise diagnoses, person-
alized treatments, and ultimately improved healthcare quality®'*?. However, while pre-
dictive algorithms require technical advancement, their development demands careful
integration of diverse data sources, accurate validation methodologies, and substantial
clinical knowledge to ensure both computational discriminative performance and clini-

cal relevance.

The evolution of data-driven healthcare encompasses a complex pipeline extending
from raw data collection through model deployment and continuous refinement. This
process requires robust data infrastructures with high security standards, sufficient com-
putational capacity, ethical considerations, and legal compliance. Critical components
include comprehensive data management systems, precise annotation protocols, featur-
ization techniques, and advanced model development approaches. Throughout this the-
sis, we describe this complete pipeline within the context of critical care, detailing our
implementation of a cloud environment for managing high-frequency monitor time-
series data collected in the ICU, our systematic approach to data annotation, and the
development of two data-driven clinical decision-making models. Beyond initial model
development, clinical efficacy must be demonstrated through randomized controlled tri-
als, with particular emphasis on ensuring that end-users understand the model purpose
and facilitating accurate interpretation of predictions. Successful large-scale implemen-
tation ultimately depends on maintaining robust data infrastructure that enables con-

tinuous algorithmic refinement and real-time adaptation to evolving clinical contexts.

Pipeline

The data pipeline detailed in Chapter 2 has been operational for several years. While
data collection and storage protocols have been successfully implemented, the integra-
tion of real-time decision-making remains an important next step. Future studies should
evaluate both the effectiveness as the feasibility of this platform in clinical settings. Fur-
thermore, the platform could be used for further improvements of data management on

a large scale.

Data-driven healthcare presents challenges in the process of data collection, primarily
due to the necessity for large, heterogeneous datasets. Variability in data sources arises
not only from differences in patient demographics and clinical protocols but also from
the lack of enforced data standardization across monitoring equipment from different

manufacturers, leading to heterogeneity in data formats and quality*’. This heterogene-
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ity suggests two potential approaches for model development. First, distribution of un-
trained pipeline architectures with predefined hyperparameters and weights, allowing
individual institutions to train models specific to their patient populations. The institu-
tional models would potentially differ from each other, but are more optimized to their
own patient population, machine settings, and hospital environment. However, such an
approach would be more susceptible to outliers that do not fit within the typical patient
population. Alternatively, cloud environments infrastructures could enable the devel-
opment of national or international databases that are accessible to researchers across
institutions. This collaborative approach would facilitate the training of models on di-
verse patient populations, resulting in more generalizable solutions that perform well
across different hospitals, patient demographics, and clinical contexts. Cloud environ-
ments offer secure, scalable infrastructures, which are essential for managing datasets
across multiple institutions. A promising intermediate approach is federated learning,
which enables collaborative model training across institutions without requiring cen-
tralized data sharing. In federated learning frameworks, each participating institution
trains models locally on their own data, while only sharing model parameters. This ap-
proach combines the generalizability benefits of multi-institutional collaboration with
enhanced data privacy and reduced regulatory burden, as sensitive patient data never
leaves the institution®. While the technological aspects for cloud-based solutions have
evolved sufficiently'?!, the implementation of such systems faces significant challenges
in the regulatory domain. Specifically, traditional data sharing across institutions would
require careful revisions of legal frameworks and likely necessitate governmental in-
volvement to establish standardized protocols for data governance and sharing agree-
ments. In addition to these regulatory challenges, reliance on a small number of domi-
nant global cloud providers may introduce vulnerabilities, particularly in the context of
geopolitical tensions'??. Such dependencies have raised concerns over data sovereignty
and long-term accessibility, increasing interest in developing regionally controlled in-
frastructures, such as European-based cloud services, to ensure secure and independent

operation of critical health data platforms.

Data quality

Another challenge in large-scale datasets is the quality and reliability of data annota-
tions®’, described in Chapter 3. While mislabeled data does not necessarily compromise
model performance, the tolerance for errors is limited. The benefits of substantially in-
creasing dataset size may outweigh the performance impact compared to minor annota-
tion inconsistencies®. However, maintaining a reasonable annotation accuracy remains

critical, also when increasing the dataset size. In this dissertation, this challenge is ad-
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dressed through a precise constructed annotation process. Utilizing a small dataset with
an experienced expert panel, reliable annotations were achieved. To expand the dataset
while preserving annotation quality, different approaches should be considered since
the described retrospective annotation process is time-consuming, even for the small
dataset. ROTEM assessments in cardiac surgery are routinely performed, with experi-
enced clinicians interpreting the measurement intraoperatively. Prospective data anno-
tation offers significant advantages, primarily by capturing the complete clinical context
that has proven to be challenging to reconstruct retrospectively'*!. During surgical pro-
cedures, clinicians inherently analyze relevant complex physiological data, providing
immediate and comprehensive interpretations, thereby eliminating the need for subse-
quent retrospective annotation. In context of data-driven clinical decision-making, such
prospective annotation approaches should be systematically integrated to facilitate the
development of high-quality, large-scale datasets. This can be achieved by systematically
integrating the annotation into clinical workflows via parallel registration mechanisms
at the bedside, enabling direct recording of essential information. ROTEM interpreta-
tions should be documented in real time alongside full clinical context. This approach
allows for direct assessment of clinical decisions, the chosen interventions, and their

impact on patient outcomes, thereby improving dataset quality and clinical insight.

Clinical decision-making

Building upon annotation approaches, this dissertation presents two types of clinical
decision-making tools. Chapter 4 introduces a diagnostic model for ROTEM assessment
that serves as a clinical decision support system, working alongside clinician expertise
rather than override clinical judgment. This approach deliberately preserves the role
of human judgment while providing structured guidance on relevant parameters and
features for diagnosis. The ROTEM diagnostic tool acts as a supportive framework, use-
ful across all experience levels, guiding clinicians to identify key diagnostic parameters
while maintaining their own interpretation in the decision-making process. Beyond
improving diagnostic accuracy, this approach enables systematic investigation of un-
explored ROTEM parameters, potentially advancing our fundamental understanding of

the coagulation cascade.

Chapter 5 explores a predictive algorithm that generates automated predictions. While
the diagnostic support tool builds primarily on established clinical parameters, the pre-
dictive algorithm analyzes complex waveform patterns that often exceed expert clinical
assessment. Despite using explanatory techniques like SHAP values'””, the decision-

making process remains partially opaque, particularly when predictions rely on subtle
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temporal variations in waveform morphology that do not directly correspond to intu-
itive clinical correlation. Although the potential for preventing hypotensive episodes
through proactive hemodynamic management promises substantial improvements in
patient outcomes®, the opaqueness of the model presents ethical considerations be-
tween improved clinical performance and the principles of medical accountability that
require clinicians to understand and validate their decision-making processes. A valu-
able next step toward optimizing personalized patient care involves fully autonomous
closed-loop systems that continuously adjust drug administration based on real-time
physiological feedback, promising precision in hemodynamic control, thereby reducing

variability in blood pressure and minimizing human error®*!3%161,

Both algorithms demonstrate capabilities that may contribute to workload reduction
in clinical settings. The ROTEM diagnostic support system provides algorithmic assis-
tance for interpreting complex coagulation patterns. This type of decision support may
help clinicians manage decisions more efficiently during perioperative care. The hy-
potension prediction model offers the capacity to shift from reactive to proactive hemo-
dynamic monitoring. By providing predictive alarms, such systems could potentially
provide timely intervention to prevent dangerously low blood pressure levels rather than
treat them. Clinical decision support tools advance objectivity and reproducibility and
can help redistribute cognitive and physical demands, potentially allowing healthcare
providers to focus their expertise on the most complex aspects of patient care such as
diagnosing difficult or atypical cases, managing complex treatment plans, interpreting

ambiguous clinical data, and making ethical decisions.

Clinical implementation

The promising and hopeful nature of this approach, however, is not yet fully reflected
in clinical daily practice'®”. On the contrary, it faces considerable criticism and numer-
ous technological challenges. Some of these challenges, including the capacity of current
systems and the development and validation of algorithms, have been addressed in this
dissertation. Nevertheless, more profound challenges remain before unhindered imple-

mentation can be realized.

Beyond mere technical performance metrics, the implementation of data-driven clini-
cal decision support systems raises fundamental ethical questions. One of these concerns
is the principle of patient autonomy and informed consent that becomes particularly
complex when recommendations influence clinical decisions. Patients have the funda-
mental right to understand how these systems contribute to their care and the option

to opt out of assisted, or even fully automated, decision-making. This raises complex
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questions about whether and how patients should be able to provide informed consent.
Medical accountability is important in this ethical issue, as clinicians must maintain re-
sponsibility for decisions influenced by algorithmic recommendations. However, the
emphasis should be placed on robust validation and demonstrated clinical benefit rather
than complete algorithmic transparency. Nevertheless, developing interpretable models
that can highlight key predictors remains valuable for maintaining clinical understand-

ing and trust in these systems.

Furthermore, algorithmic bias presents a significant ethical challenge, particularly
when training datasets that fail to represent diverse patient populations. Algorithms
trained on inequities in the dataset may amplify these imbalances. For instance, if train-
ing data predominantly represents certain demographic groups, the resulting algorithms
may perform poorly on underrepresented populations, potentially amplifying existing
differences in healthcare outcomes*®. This concern is particularly relevant for both mod-
els presented in this dissertation, as both were developed using data from specific insti-

tutional settings.

Another important challenge that must be addressed is the problem of associative
inference. Often overlooked, the distinction between associative and causal inference

remains a critical concern in clinical applications'*!

. Many machine learning algorithms
rely on statistical associations, which can be misleading if interpreted as causal relation-
ships resulting in adverse risk when used to guide clinical decision-making. Diagnosis
and treatment decisions inherently require a clear understanding of cause and effect’.
When clinical reasoning is deranged, and the underlying causal pathway remains un-
examined, treating associative predictors rather than causal predictors could result in
unnecessary and ineffective, or even harmful, interventions, directly contradicting the
fundamental medical principle of the Hippocratic oath: "First, do no harm”. This limita-
tion arises from the difference between machine learning’s probabilistic inference and
the deterministic nature of clinical reasoning. Clinical reasoning guides biological sys-
tems that have complex feedback loops that pure statistical approaches might misinter-
pret. Consequently, this highlights the need for careful interpretation of algorithmic
outputs and transparent methodologies that prioritize understanding of physiological

mechanisms over pure predictive performance®”.

Interpretation of machine learning algorithms starts with the correct use of perfor-
mance metrics, as different metrics can lead to different interpretations of the same
model. Inappropriate usage could even lead to optimistic model performance, prema-

ture implementation, and potentially harmful misconceptions about the true efficiency
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of the model**. Given that different discriminative metrics used throughout this dis-
sertation may influence clinical interpretation, it is recommended to employ a compre-
hensive evaluation framework that combines multiple complementary metrics'’. This
should include traditional discrimination measures and metrics that directly address
clinical utility such as positive and negative predictive values, calibration assessments,
and decision curve analyses''>°%72175 The choice of metrics should be dependent on
the specific clinical context, considering factors such as disease prevalence, the relative
costs of false positives versus false negatives, and the intended application. However,
the utility of such evaluation requires methodologically appropriate metric selection by
researchers, adequate training of clinicians, and decision support systems that translate
complex statistical outcomes into clinically actionable insights, and continuous monitor-
ing of model performance after deployment to detect and address potential degradation

over time.

Beyond the challenges regarding implementation and interpretation, there are also
broader practical challenges related to the implementation of algorithms in real-world
clinical environments. These include issues like clinician adoption, workflow integra-
tion, and ensuring constant algorithm performance in dynamic clinical contexts. Suc-
cessful implementation of data-driven decision-making tools demands a robust infras-
tructure that is capable of real-time data integration from various sources. Further-
more, the infrastructure should support the continuous optimization and training of
algorithms, ensuring that updates and changes in the dynamic clinical environment are
seamlessly incorporated®’. This is important to minimize the risk of becoming outdated,
inconsistencies, and loss of valuable insights. Similar infrastructures, as described in

Chapter 2, have demonstrated the applicability of these features within their systems®’.

Future perspectives

This dissertation makes several key contributions to both theory and practice in clini-
cal decision support. Theoretically, it advances our understanding of how multiple levels
of decision support can be integrated while maintaining clinical interpretability. Practi-
cally, it demonstrates scalable solutions through the implementation of a data manage-
ment platform, a diagnostic model for ROTEM assessment, and a predictive algorithm
for post induction hypotension management. The data management platform serves as a
foundation for real-time clinical decision-making and large-scale data integration, while
the ROTEM tool enhances diagnostic accuracy without overriding clinician expertise. In
contrast, the predictive algorithm enables proactive interventions by identifying subtle

waveform patterns beyond human recognition. Together, these contributions offer a
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framework for improving clinical workflows, optimizing patient care, and supporting

the broader adoption of algorithmic decision-making in healthcare.

By introducing algorithm decision support into clinical practice, this work extends
beyond technical implementation to fundamentally reshape medical workflows and pro-
fessional responsibilities. While computational techniques have rapidly transformed do-
mains such as finance, governments, and legal affairs'?, healthcare maintains a more
reserved attitude. The presented pipeline demonstrates promising technical capabilities
but also raises critical challenges in clinical integration. Algorithmic diagnostic tools,
such as automated ROTEM analysis, challenge traditional clinical authority when their
outcomes differ from experienced clinicians’ assessments, making it essential to estab-
lish strict protocols that define the hierarchy between human expertise and algorithmic
outcomes. These responsibilities are particularly important in predictive algorithms.
When the algorithm predicts a certain event with high probability, specific clinical pro-
tocols must clearly outline responses, assign responsibilities, and ensure proper docu-

mentation, particularly when attending clinical staff deviate from recommendations.

Our annotation process highlighted these complexities, as even experienced clini-
cians sometimes disagreed on interpretation. Similarly, the validation approach had to
balance statistical performance metrics with real-world clinical utility; a high accuracy
score means little if clinicians find the model outcome difficult to interpret or integrate
recommendations into their workflow. These methodological choices reflect efforts to
create tools that improve rather than disrupt clinical practice, though any introduction
of automated decision support inevitably changes team dynamics and decision-making

processes.

Looking forward, the successful integration of data-driven decision support in health-
care requires careful attention to both technical and social aspects of implementation.
Future research should focus on prospective validation of these approaches, particularly
examining their impact on clinical outcomes and practical team dynamics. As health-
care continues its digital transformation, maintaining a balance between technological
innovation, clinical expertise, and personalized patient care will be crucial for realizing
the potential of data-driven clinical decision-making while preserving the fundamental

human aspects of patient care.
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Data-driven clinical decision-making has gained interest in modern healthcare, offer-
ing the potential to automate routine tasks, improve diagnostic accuracy, and ultimately
enhance patient outcomes through faster and more precise treatment recommendations.
However, the translation from bedside data collection to fully implemented clinical ap-
plications requires a comprehensive pipeline that addresses multiple technical, clinical,
and regulatory challenges. This dissertation describes the foundational steps in develop-
ing such a pipeline, focusing on the critical early phases from data acquisition through
initial validation of clinical applications. While the complete pathway to clinical imple-
mentation involves additional steps including extensive external validation, regulatory
approval, and addressing legal and ethical challenges, this work establishes the essen-
tial foundation for data-driven algorithm development in perioperative medicine. This
research demonstrates a systematic approach to transforming clinical data into explain-
able, clinically relevant decision-support tools through a structured pipeline encompass-
ing data infrastructure, annotation processes, feature engineering, and initial clinical

validation.

Chapter 2 establishes the foundational infrastructure for data-driven healthcare by
implementing a cloud-based data pipeline in the intensive care unit. Over two years,
data from more than 9,000 patients were successfully collected and stored in a cloud
environment, demonstrating the feasibility and advantages of transitioning from tradi-
tional on-premise solutions. This infrastructure enables scalable, secure, and efficient
data collection and storage. Furthermore, the pipeline supports both real-time applica-
tions and retrospective research, facilitating future integration of predictive algorithms
into clinical workflows. This work explores cloud environment strengths while over-
coming limitations of traditional data storage systems, creating a robust foundation for

subsequent algorithm development and implementation.

Chapter 3 focuses on the critical data annotation process using rotational thromboe-
lastographic (ROTEM) data from 90 cardiac surgery patients across four surgical stages.
An international expert panel of cardiovascular anesthesiologists and intensivists in-
terpreted 343 ROTEM measurements, with reliability analysis revealing substantial to
almost perfect interrater agreement for binary decisions and excellent agreement for
multiple-choice questions. The study demonstrated high inter- and intrarater reliabil-
ity among trained professionals, validating the quality of expert annotations. However,
notable differences emerged between expert recommendations and existing ROTEM-
guided algorithms, highlighting the need for more sophisticated clinical decision-making

tools.
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Chapters 4 and 5 present the clinical applications of the developed data-driven frame-
work, demonstrating its utility in two distinct perioperative scenarios: coagulation man-
agement during cardiac surgery and prediction of hemodynamic instability during anes-
thesia induction. Both chapters showcase the translation of machine learning approaches
into clinically relevant decision-support tools with high explainability and demonstrated
clinical utility. In chapter 4, the validated annotations from chapter 3 were used to de-
velop a clinically informed diagnostic model for ROTEM abnormality detection. Using
data from 190 patients at three pre-specified surgical moments, a comprehensive ma-
chine learning pipeline was developed that achieved an AUC of 0.82 (95% CI: 0.80-0.87).
The model demonstrated clinical utility through decision curve analysis, showing higher
net benefit than treat-all or treat-none strategies. SHAP analysis identified CT INTEM
and CT EXTEM as the most important parameters for abnormality detection, provid-
ing explainable insights that enable clinicians to make informed decisions. This work
directly addresses the aim of developing a clinically informed diagnostic model to opti-
mize coagulation management strategies in perioperative settings. Chapter 5 explores
the predictive capabilities of blood pressure waveform morphology for post-induction
hypotension (PTH) in 585 patients undergoing elective non-cardiac surgery. Continuous
non-invasive blood pressure data were collected in the critical period before anesthe-
sia induction. The developed machine learning model achieved an AUC of 0.73 (95%
CI: 0.69-0.76) with a notably high negative predictive value of 0.89, making it particu-
larly valuable for ruling out PIH. The most important predictor identified was the mean
systolic-to-diastolic phase area ratio, followed by frequency variability parameters, sug-
gesting that beat-to-beat cardiovascular inconsistency indicates reduced hemodynamic
reserve. This work fulfills the final aim by demonstrating the predictive value of blood

pressure waveform morphology for future PIH events.
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Datagedreven klinische besluitvorming wint steeds meer terrein in de moderne gezond-

heidszorg en biedt mogelijkheden om klinische routinetaken te automatiseren, diagnos-
tische nauwkeurigheid te verbeteren en uiteindelijk patiéntuitkomsten te optimaliseren
door snellere en preciezere behandelingsadviezen. De vertaling van databeheer aan het
bed naar volledig geimplementeerde klinische toepassingen vereist echter een uitge-
breide ontwikkelingslijn die verschillende technische, klinische en juridische uitdagin-
gen aan het licht brengt. Dit proefschrift beschrijft de fundamentele stappen bij het
ontwikkelen van een dergelijke ontwikkelingslijn, waarbij de focus ligt op de cruciale
vroege fasen van dataverwerving tot evaluatie van klinische toepassingen. Hoewel het
volledige traject naar klinische implementatie aanvullende stappen vereist zoals externe
validatie, en het verwerken van juridische en ethische uitdagingen, legt dit onderzoek
de essentiéle basis voor de ontwikkeling van datagedreven algoritmen in de perioper-
atieve geneeskunde. Het onderzoek beschrijft een systematische benadering voor het
transformeren van klinische data naar uitlegbare, klinisch relevante beslissingsonders-
teunende hulpmiddelen door middel van een gestructureerde ontwikkelingslijn die data-
infrastructuur, annotatieprocessen, feature engineering en initiéle klinische validatie

omvat.

Hoofdstuk 2 vestigt de fundamentele infrastructuur voor datagedreven gezondheid-
szorg door het implementeren van een cloudgebaseerde datapijplijn op de intensive care.
Gedurende twee jaar werden data van meer dan 9.000 patiénten succesvol verzameld en
opgeslagen in een cloudomgeving, wat de haalbaarheid en voordelen van de overgang
van traditionele lokale oplossingen aantoont. Deze infrastructuur maakt schaalbare,
veilige en efficiénte datacollectie en -opslag mogelijk. Daarnaast ondersteunt de pijplijn
zowel real-time toepassingen als retrospectief onderzoek, wat toekomstige integratie
van voorspellende algoritmen in klinische praktijk faciliteert. Dit werk verkent de sterke
punten van cloudomgevingen terwijl het de beperkingen van traditionele dataopslagsys-
temen overwint, waardoor een robuuste basis wordt gelegd voor verdere algoritme-

ontwikkeling en implementatie.

Hoofdstuk 3 richt zich op het data-annotatieproces met behulp van (rotational throm-
boelastographic) ROTEM data van 90 hartchirurgiepatiénten tijdens vier operatiefasen.
Een internationaal expertpanel van cardiovasculaire anesthesiologen en intensivisten
analyseerde 343 ROTEM-metingen, waarbij betrouwbaarheidsanalyse aanzienlijke tot
bijna perfecte interbeoordelaarsovereenkomst voor binaire beslissingen en uitstekende
overeenkomst voor meerkeuzevragen toonde. Het onderzoek demonstreerde hoge inter-
en intrabeoordelaarsbetrouwbaarheid onder getrainde professionals, wat de kwaliteit

van de annotaties valideerde. Er kwamen echter opmerkelijke verschillen naar voren
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tussen expertaanbevelingen en bestaande ROTEM-geleide algoritmen, wat de noodzaak

voor meer geavanceerde klinische beslissingsondersteunende hulpmiddelen benadrukt.

Hoofdstukken 4 en 5 presenteren de klinische toepassingen van ontwikkelde datage-
dreven modellen in twee verschillende perioperatieve scenario’s: coagulatiemanage-
ment tijdens hartchirurgie en voorspelling van hemodynamische instabiliteit tijdens
anesthesie-inductie. Beide hoofdstukken tonen de vertaling van geavanceerde machine
learning benaderingen naar klinisch relevante beslissingsondersteunende hulpmiddelen
met hoge uitlegbaarheid en bewezen klinisch nut. In hoofdstuk 4 werden de gevalideerde
annotaties uit hoofdstuk 3 gebruikt om een klinisch geinformeerd diagnostisch model
te ontwikkelen voor ROTEM-afwijkingsdetectie. Met data van 190 patiénten op drie
vooraf gespecificeerde operatiemomenten werd een uitgebreide machine learning pij-
plijn ontwikkeld die een AUC van 0.83 (95% CI: 0.80-0.87) behaalde met adequate kali-
bratie. Het model toonde klinische relevantie door middel van besluit curve analyse,
waarbij het een hoger netto voordeel vertoonde dan behandel-alle of behandel-geen
strategieén. SHAP-analyse identificeerde CT INTEM en CT EXTEM als de belangrijk-
ste parameters voor detectie van afwijkingen, wat uitlegbare inzichten biedt die clinici
in staat stellen geinformeerde beslissingen te nemen. Dit werk draagt bij aan de doel-
stelling om een klinisch geinformeerd diagnostisch model te ontwikkelen voor het op-
timaliseren van coagulatiemanagement strategieén in perioperatieve situaties. Hoofd-
stuk 5 onderzoekt de voorspellende mogelijkheden van bloeddrukgolfvormmorfologie
voor post-inductiehypotensie (PIH) bij 585 patiénten die electieve niet-hartchirurgie on-
dergingen. Continue non-invasieve bloeddrukdata werden verzameld in de kritieke pe-
riode voor anesthesie inductie. Het ontwikkelde machine learning model behaalde een
AUC van 0.73 (95% CI: 0.69-0.76) met een hoge negatief voorspellende waarde van 0.89,
wat het waardevol maakt voor het uitsluiten van PIH. De belangrijkste voorspeller bleek
de gemiddelde systolische-naar-diastolische fasegebied verhouding te zijn, gevolgd door
frequentievariabiliteitsparameters, wat suggereert dat slag-tot-slag cardiovasculaire in-
consistentie duidt op verminderde hemodynamische reserve. Dit werk vervult de laat-
ste doelstelling door de voorspellende waarde van bloeddrukgolfvormmorfologie voor

toekomstige PIH aan te tonen.
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ROTEM parameters
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Figure $3.1: ROTEM-guided algorithm to determine intervention based on parameters from ROTEMcoguiation
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Figure $3.2: Example of a re-constructed 4-channel ROTEM® from the extracted raw data as

presented to the experts.
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Table S3.1: Expert panel demographic characteristics

Variable Value
Number 8
Age, mean (range) 50 (41 - 61)
Primary specialty
« Anesthesiologist 7
- Intensivist 3
Parent specialty
- Anesthesiologist 7
- Internist 1
Country of specialty training
« The Netherlands 4
« Germany 2
- Austria 1
- Denmark 1
Current (or last) employment
Country
> The Netherlands 5
= Germany 1
o Austria 1
o Denmark 1
Type hospital
o University 5
> General 2
Years since graduation, mean (range) 234 (14 - 33)
Years clinical experience with ROTEM, mean 16.3 (8 - 25)

(range)
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Table S3.2: Overview of the simple matching coefficients based on the minimal number of required experts
observing an abnormality or recommending intervention.

Observers included Type of abnormality Type of coagulant
Population (n)  Patient(n)  Population (n)  Patient (n)
ROTEMinduction
2 0.89 (25) 0.78 (25) 0.85 (10) 0.75 (10)
3 0.89 (19) 0.77 (19) 1.00 (1) 1.00 (1)
4 0.86 (10) 0.73 (10) -(0) -(0)
5 0.80 (4) 0.62 (4) -(0) -(0)
6 0.80 (4) 0.62 (4) -(0) -(0)
ROTEMdeclamp
2 0.86 (62) 0.77 (65) 0.87 (28) 0.70 (28)
3 0.85 (41) 0.76 (41) 0.87 (15) 0.69 (15)
4 0.83(23) 0.73 (23) 0.86 (10) 0.69 (10)
5 0.76 (10) 0.63 (10) 0.86 (7) 071(7)
6 0.80 (7) 0.69 (7) 0.88 (2) 0.77 (2)
ROTEM:uagulation
2 0.88 (49) 0.75 (49) 0.92 (28) 0.79 (28)
3 0.88 (40) 0.75 (40) 0.92 (19) 0.80 (19)
4 0.88 (29) 0.75 (29) 092 (14) 0.82 (14)
5 0.87 (25) 0.75 (25) 0.93 (8) 0.85 (8)
6 0.86 (20) 0.72 (20) 0.95 (7) 0.87 (7)
ROTEM,¢y
2 0.91(59) 0.82 (59) 0.92 (45) 0.77 (45)
3 0.91(55) 0.82 (55) 092 (33) 0.78 (33)
4 0.91(50) 0.82 (50) 0.92 (21) 0.77 (21)
5 0.91 (44) 0.82 (44) 0.92 (18) 0.77 (18)
6 0.92 (38) 0.82 (38) 0.90 (9) 0.73 (9)

The number of included attributes based on population level compared to patient level is presented. The number
of data points included in the analysis is represented with n. Missing values are indicated as “-".
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Table S3.3: Patient characteristics of included patients. Left column describes the total patient population, and
the right column describes the duplicate patients for intrarater reliability assessment.

Demographics Interrater population  Intrarater population
Number 90 10
Age, mean (SD) 64 (14) 65.7 (19.3)
Sex, male, n (%) 63 (70) 9 (90)
Height (cm), mean (SD) 1772 (99) 179.7 (73)
Weight (kg), mean (SD) 811 (14.5) 84.73 (12.6)
BMI, mean (SD) 258 (3.8) 26.2 (31)
ASA classification, n (%)

2 9(10.3) 2(20)

3 71(81.6) 7 (70)

& 7(8.0) 1(10)
Type of surgery, n (%)

CABG 20 (22.7) 4 (40)

MVR/MVP 18 (20.5) 1(10)

AVR/AVP 18 (20.5) 1(10)

Bentall 13 (14.8) 1(10)

Elephant trunk 6(6.8) 2 (20)

Other 13 (14.8) 1(10)
Re-operation, no, n (%) 12 (14.8) 1(10)

ASA classification, American Society of Anesthesiologists physical status classification system; AVR, Aortic Valve
Replacement; AVR, Aortic Valve Plasty; Bentall, Valve and Root Replacement; CABG, Coronary Artery Bypass Grafting;
Elephant trunk, Aortic Arch Replacement; MVR. Mitral Valve Plasty; MVR, Mitral Valve Replacement; VSRR, Valve
Sparing Root Replacement.
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Table S3.4: Relationship between observed normality and proposed intervention per measurement.
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ROTEM parameters |

Y

A5, < 35mm or
CT,,, > 600s or Yes Tranexamic acid |
ML = 15%
No
Y
ACTpro!amme > ACT e T2 Y
& i>| Protamine |
CT,/CT,,-ratio = 1.25
No
Y
A5, <30mm
& Yes Fibrinogen |
A5, <9mm
No
y
A5, <30mm
& Yes Platelets |
A5,; = 9mm
No
Y
CT,, > 80s
& £>| PCC or Plasma |
A5; = 9mm
No
Y
Yes
CT, &CT, ., > 280s Plasma |

Figure S4.1: ROTEM-guided algorithm to determine intervention based on parameters from ROTEM.oqguiation:
adapted from Gorlinger et al. Applicability of this algorithm may vary across institutions due to differences in the
availability of ROTEM parameters.
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Table S4.1: Expert panel demographic characteristics

Variable Value
Number 8
Age, mean (range) 52 (41 - 67)
Primary specialty
« Anesthesiologist 7
- Intensivist
Parent specialty
- Anesthesiologist 7
- Internist 1
Country of specialty training
« The Netherlands 4
« Germany 2
- Austria 1
- Denmark 1
Current (or last) employment
Country
> The Netherlands 5
= Germany 1
o Austria 1
> Denmark 1
Type hospital
o University 5
> General 2
Years since graduation, mean (range) 255 (14 = 40)
Years clinical experience with ROTEM, mean 174 (8 - 25)
(range)

This table summarizes the demographics of the participating experts in our study. Due to the relatively low number
of experts (N=8), we presented the data using range to provide a straightforward representation of the data.
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Table S4.2: Overview of information available to the experts.

Demographics expert panel

General info - Age
- Type of surgery
- Weight (kg)
- Height (cm)
- Current medication(s)
- Stop current medication(s), prior to surgery (hours)

ROTEMgectamp - Administered products before ROTEM
- Dose of tranexamic acid before *CPB (mg)
- Dose of heparin before CPB (I.U.)
- Level of bleeding according physician at the OR before ROTEM

ROTEMcoaguiation - Administered products before ROTEM
- Level of bleeding according physician at the OR before ROTEM
- **ACT value after protamine administration

ROTEMcy - Time of ROTEM after ICU arrival
- Intervention within two hours after ICU arrival
- Drain production until ROTEM (mL)
CPB, cardiopulmonary bypass; ACT, activated clotting time. Available ROTEM parameters per channel included:

clotting time (CT), clot formation time (CFT), alpha angle, amplitude at 5 and 10 minutes after CT (A5 and A10),
maximum clot firmness (MCF), maximum lysis (ML).

Table S4.3: Distribution of consistent and inconsistent expert labels across normal and abnormal ROTEM
measurements, including corresponding model detection (correct vs. incorrect) of the clinical model within each
subgroup.

Consistent  Inconsistent  Total

Normal 253 83 336
Abnormal 152 46 198
Total 408 126 534
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Table S4.4: Detailed overview of all clinical, procedural and ROTEM parameters in the final dataset.

Parameter

Details

Clinical and procedural parameters

Age

Sex

Height

Weight

BMI

BSA

ASA score

Type of surgery

Re-operative surgery
Antihypertensives

Anticoagulants

Cholesterol-lowering
drugs

Platelet aggregation in-
hib.

Hours since discontinua-
tion

Cardiovascular history

Respiratory history
Gastrointestinal history
Neurological history
Metabolic history

Renal history
Oncological history
Rheumatologic/CVD
Congenital coagulopathy
>10% weight loss in 6 mo
Smoking history

Drug use history

Alcohol history

Bleeding (anesthesiolo-
gist)

Drain production ICU

years

Male / Female
cm

kg

kg/m?

mZ
[MIN{IAY

CABG / AVR or AVP / MVR or MVP / TVR or TVP / VSRR / Aortic arch /
PEARS / Myxoma resection / ASD / VSD closure

Yes / No

None / ACE inhibitors / Alpha-blockers / ARBs / Beta-blockers / Cal-
cium antagonists / Diuretics / Other

None / Platelet inhibitors / DOACs / VKA / LMWH / Other
None / Statins / Ezetimibe / Other

None / ADP receptor inhibitors / COX inhibitors

None / Hypertension / CAD / Heart failure / AF / Pacemaker or ICD /
(T)EVAR / CABG / Valve replacement / Bentall / Other

None / Asthma / COPD / Pulmonary embolism / Other

None / IBD / Liver disease / Other

None / CVA or TIA / Parkinson’s disease / Other

None / Type | diabetes / Type Il diabetes / Hypercholesterolemia /
Hypothyroidism / Hyperthyroidism

None / Chronic renal insufficiency / Kidney transplantation / Other
Yes / No

Yes / No

Yes / No

Yes / No

Unknown / Yes-former / Yes—current / No

Unknown / Yes-former / Yes—current / No

Unknown / Yes-former / Yes—current / No

Expected / Slightly more / Excessive (ROTEMgec(amp, ROTEMcoag ONLy)

mL (ROTEM,cy only)

Continued on next page
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Table S4.4 continued

Parameter Details

ROTEM parameters (all four channels: IN, EX, FIB, HEP)

CcT Clotting time (s) - time from start until initiation of clotting
A0S Amplitude (mm) at 5 min after CT

A10 Amplitude (mm) at 10 min after CT

A20 Amplitude (mm) at 20 min after CT

A25 Amplitude (mm) at 25 min after CT

A30 Amplitude (mm) at 30 min after CT

CFT Clot formation time (s) - initiation until 20 mm firmness
MCF Maximum clot firmness (mm)

MCFT Maximum clot firmness time (s) - start until MCF
ALPHA Alpha angle (°) - tangent through 2 mm point
LI30 Lysis at 30 min after CT (%)

L145 Lysis at 45 min after CT (%)

LI60 Lysis at 60 min after CT (%)

ML Maximum clot lysis (%)

CFR Clot formation rate (°)

CLR Clot lysis rate (°)

AROS Area under curve (mm?2) CT to 5 min

AR10 Area under curve (mm?) CT to 10 min

AR15 Area under curve (mm?) CT to 15 min

AR20 Area under curve (mm?) CT to 20 min

AR25 Area under curve (mm?) CT to 25 min

AR30 Area under curve (mm?) CT to 30 min

MCE Maximum clot elasticity (dynes/cm?)

ACF Actual clot firmness (mm)

G Shear Modulus Strength

TPI Thrombodynamic Potential Index

MAXV Maximum clot velocity (mm/min)

MAXVT Time to Maximum Velocity (s)

AUC Area under curve (mm?)

VKA, vitamin K antagonists; CVD, collagen vascular disease; IN, INTEM; EX, EXTEM; FIB, FIBTEM;
HEP, HEPTEM.

Table S4.5: Class balance of the labels across ROTEM measuring moments based on expert observations.

Measuring Total Abnormalities  Interventions

moment measurements  (n, % oftotal)  (n, % of abnormalities)
ROTEMgectamp 184 69 (38%) 32 (46%)

ROTEM cosguiation 185 52 (28%) 26 (50%)
ROTEMqy 165 77 (47%) 25 (32%)

Total 534 198 (37%) 83 (42%)
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Table S4.6: Incidence of types of abnormality and types of intervention recommendations according to the expert

panel.

ROTEMdeclamp ROTEMcoagulation RoTEMICU
Abnormalities 67 52 79
Thrombocytopenia 5 3 1
Coagulation factor deficit 21 i 19
Fibrinogen deficit 17 14 13
Heparin effect 0 23 46
Hyperfibrinolysis 0 0 0
No clinically relevant abnormality 35 5 4
Interventions 28 26 28
Antithrombin 111 0 0 0
Aprotinin 0 0 0
Desmopressin 0 0 0
Factor Xl 0 0 0
rFactor Vila 0 0 0
Fibrinogen 4 1 2
Plasma transfusion 2 2 0
(Four factor) PCC* 1 0 0
Tranexamic acid 0 0 0
Protamine 0 2 0
Thrombocytes 0 0 0
No predefined intervention selected 21 21 26
*PCC, prothrombin complex concentrate.
Table S4.7: Performance metrics of all classifiers in the optimized pipeline.
Classifier AUC Sens. Spec. PPV NPV F1
XGBoOSE 0.82 0.80 0.74 0.65 0.87 0.72
(0.83-0.84) (0.76-0.84) (0.72-0.76) (0.64-0.66) (0.84-0.89) (0.70-0.73)
LogReg 0.77 0.66 0.74 0.60 0.79 0.63
(0.74-0.81) (0.61-0.71)  (0.68-0.79)  (0.55-0.66)  (0.75-0.82)  (0.58-0.69)
MLP 0.75 0.66 0.73 0.59 0.78 0.62
(0.71-0.79) (0.61-0.71) (0.68-0.77) (0.54-0.63) (0.75-0.81) (0.58-0.66)
DecTree 0.71 0.68 0.66 0.55 0.78 0.60
(0.66-0.76)  (0.59-0.77)  (0.56-0.74)  (0.51-0.61)  (0.74-0.83)  (0.55-0.65)
SUM 0.70 017 0.99 0.90 0.67 0.28
(0.65-0.76) (015-0.19) (0.971.0) (0.78-1.0) (0.66-0.67) (0.25-0.31)
GNB 0.70 0.49 0.78 0.57 0.73 0.53
(0.67-0.73)  (045-0.52)  (0.76-0.81)  (0.53-0.62)  (0.71-0.74)  (0.49-0.57)
KNN 0.68 0.62 0.67 0.53 0.75 0.57
(0.64-0.72) (0.59-0.64) (0.63-0.71) (0.50-0.55) (0.74-0.76) (0.55-0.58)
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Table S4.8: Model error rates of the clinical model per type of observed abnormality.

ROTEM category Misclassified (n) Totalcases(n)  Model error rate (%)
Thrombocytopenia 2 9 222
Coagulation factor deficit M 51 21.6
Fibrinogen deficit 12 44 273

Heparin effect 18 79 22.8
Hyperfibrinolysis 0 0 -

Not specified 6 15 40.0

No abnormality (i.e. normal) 86 336 25.6

Total 135 534 253

Table S4.9: Performance metrics of the intervention model for detecting necessity for intervention.

AUROC Sensitivity  Specificity PPV NPV F1

0.73 0.64 0.70 0.60 0.73 0.61
(0.62-0.80)  (0.53-0.73)  (0.64-0.75)  (0.57-0.63)  (0.69-0.77)  (0.54-0.66)

AUROC, Area Under the Receiver Operating Characteristic curve; PPV, positive predictive value; NPV, negative
predictive value.
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Het promotietraject was grotendeels een feest, maar ging onvermijdelijk gepaard met weer-
stand en mislukkingen. Hoewel deze momenten op zichzelf minder plezierig waren, zijn ze er om
wijzer en beter te worden. Ik was, en ben, gelukkig omringd door steunpilaren waarop ik kon
terugvallen, inhoudelijk, procesmatig of simpelweg een uitlaatklep na het einde van een werkdag.
De hieronder genoemde personen hebben ieder op hun eigen manier bijgedragen aan het tot stand
komen van dit proefschrift. Deze steun kwam bovenal van de mensen met wie ik dit traject heb
doorlopen, in het bijzonder van degenen die het onderzoek inhoudelijk hebben gevormd: het pro-
motieteam.

Aan het promotieteam, dank voor jullie begeleiding, geduld en vertrouwen gedurende dit tra-
ject. Alexander en Denise, geen project schrikt jullie af, en er wordt altijd een oplossing gezocht
(al dan niet gevonden). Dank voor het enthousiasme, de aansporingen om weer licht aan het eind
van de tunnel te zien, en ervoor te zorgen dat de klinische relevantie nooit uit het oog wordt ver-
loren. De nodige bijsturingen en waardevolle analyses waren van essentieel belang om het traject
op koers te houden. Bjorn, veel dank voor alles wat ik van je heb mogen leren op het gebied van
onderzoek en het ontleden van klinische data. Ik genoten van jouw brede interesses en eigen pro-
jecten, die jouw technologische nieuwsgierigheid weerspiegelen en inspirerend werken. Clarisa,
thank you for your valuable insights and for being part of the final, and most tedious, stage of this
journey.

Aan de overige post-docs van de onderzoeksgroep, Eline en Jimmy: hoewel niet direct be-
trokken bij de begeleiding van dit proefschrift, heb ik veel aan jullie te danken. Jullie hebben
ontzettend veel tijd met mij besteed aan het eindeloos analyseren van de data, het nogmaals over-
denken van de methode en de manuscripten van waardevolle feedback voorzien. Het was een
ontzettend leerzaam proces, waarvoor dank.

Collega-onderzoekers van de anesthesie en de IC, ik kijk terug op een waanzinnige tijd. Zoals
gezegd voelt het onderzoek soms alsof je er alleen voor staat, maar jullie brachten saamhorigheid
en relativering, waardoor het toch voelde als een een project waaraan we samen werkten. De
verplichte koffiemomenten om 10 uur, waar je toch echt dagelijks bij wilde zijn, de vele borrels en
feestjes, en de buitenlandse ervaringen in de vorm van wintersport en congressen maken het een
tijd om niet snel te vergeten.

Beste paranimfen, Midas en Tom, wat een voorrecht om zo lang met jullie in het AUMC
rondgelopen te hebben, maar nog veel beter, daarbuiten. Ik kan me weinig dagen heugen waarop
er niet iets te lachen viel, of het nu ging om blunders in gesprekken, haperingen op televisie, of
de onvermijdelijke dosis zelfspot en overdrijvingen. Kortom, alles genomen met een flinke korrel
zout. De herinneringen zal ik blijven koesteren: van Valkenburg tot Lissabon en van Zell am See
tot in de Galgenwaard. Ontzettend bedankt, en op nog veel moois dat komen gaat.

Mijn vrienden, op wie ik met grote regelmaat kan terugvallen. Met ogenschijnlijk de minste
directe impact op de inhoud van dit proefschrift is het dankzij jullie dat er altijd iets was om
naar uit te kijken na een lange dag of misschien wel week. Dat is voor mij op zichzelf al eeuwige
dankbaarheid waard. Ik prijs mezelf gelukkig met deze vrienden, die al jaar en dag openstaan voor
vertier, (kook-)projecten, nieuwe uitdagingen en sportsessies, en die elkaar daarbij ook graag flink
op de kast jagen.

Lieve schoonfamilie, dank voor de ontvangst met open armen en de gastvrijheid. Ik kijk uit
naar de vele projecten die nog volgen, in de keuken en in de tuin. Lieve ouders, dank voor de
fijne plek die jullie voor mijn zus en mij hebben gecreéerd. Dank voor de interesse, de wijze raad,
de kulpraat en alle aandacht die wij hebben mogen ontvangen. Hiervoor ben ik jullie eeuwig
dankbaar. Lieve Betsy, ook jou dank ik voor alle fijne tijd, de soms oordelende opmerkingen die
mij hier en daar terecht bijstuurden, en de frequente bezoekjes in Utrecht. Aan de rest van de
familie: dank voor alle interesse, reflectie en relativering.
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Lieve Femke, dank je wel. Voor alles. Al jouw hulp, steun, vrolijkheid en vanzelfsprekende
bereidheid om er te zijn, zowel binnen als buiten dit traject, is mij enorm dierbaar. Je leert me
te genieten van kleinere momenten en maakt iedere dag weer eentje om naar uit te kijken. We
hebben het goed, en ik kijk uit naar alles wat ons te wachten staat.
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